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systems, thereby enhancing quality standards and sustainable practices in the AEC industry.
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1. Introduction

The construction sector faces persistent challenges that directly affect project success. Each project
involves unique personnel, equipment, logistics, and site conditions, while factors such as cost variations
and economic fluctuations further complicate planning and execution. These uncertainties often lead to
overspending, schedule delays, and disputes among stakeholders [1]. Moreover, project data are frequently
collected manually and stored in decentralized, non-digital formats. Conventional management practices
still depend heavily on the project manager’s experience, resulting in decisions that are often based on

incomplete or delayed information [2].
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To overcome these inefficiencies, Al has emerged as a promising tool for enhancing data-driven
decision-making in construction. Al-based Decision Support Systems (DSS) have improved productivity
and safety in several industries, but their integration into the AEC sector remains limited and slower than
in other domains [3]. Within the AEC context, the application of Al to construction defect management a
critical determinant of quality and cost performance represents an emerging area of research.

This study investigates the current state of Al applications in the AEC industry with a specific focus
on construction defect management. It critically examines how Al contributes to defect identification,
classification, and management, while exploring its broader advantages, limitations, and implementation
challenges. The objectives of this study are to examine the existing literature on the causes and conventional
detection methods of construction defects, to assess the potential of Al-based approaches for improving
defect management, and to develop a conceptual framework for integrating Al into proactive defect
management strategies. To address these objectives, the study focuses three key research questions: What
are the predominant Al techniques applied for defect detection and management in construction? How do
Al-based methods compare with conventional approaches in terms of accuracy, efficiency, and practicality?
what are the main challenges, barriers, and opportunities for implementing Al-driven Construction Defect
Identification Systems (CDIS) in practice?

The AEC industry is currently undergoing digital transformation, with Al increasingly supporting
functions such as cost estimation, scheduling, and safety monitoring. However, its potential in defect
management remains underutilized. Construction defects contribute significantly to project delays, cost
overruns, and reduced quality. Conventional inspection methods—such as visual assessments and manual
documentation—are time-consuming, reactive, and prone to human error. In contrast, Al techniques,
particularly those based on machine learning, computer vision, and natural language processing, enable
early detection and classification of defects, offering greater precision and efficiency [4].

Automation of field inspections and real-time monitoring through AI can significantly enhance
quality control and streamline communication among stakeholders. Yet, current project management
systems often lack the integration necessary to effectively track and manage defects. In practice, defects
may occur both before and after handover [5]. While pre-handover defects lead to hidden rework costs,
post-handover defects can damage contractor reputation and client relationships [6]. Despite these
consequences, defect identification in most projects continues to rely on traditional, experience-based
methods rather than intelligent, predictive systems.

Existing literature on Al in construction remains fragmented, with limited studies focusing
exclusively on defect management. Few works offer comprehensive comparisons between traditional and
Al-based defect detection techniques, and even fewer combine bibliometric analysis with qualitative

synthesis. Furthermore, the integration of stakeholder perspectives, real-time data, and Al tools for
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proactive defect prevention remains largely unexplored.

By addressing these gaps, this study provides both academic and practical contributions to the
understanding of AI’s role in improving quality management in construction. It synthesizes research trends,
highlights key barriers and enablers, and proposes a roadmap for future research and industrial
implementation. Ultimately, this work emphasizes the potential of Al to transform conventional, reactive
approaches to defect management into intelligent, data-driven systems—enhancing productivity, safety,

and the overall quality of construction projects.

2. Literature Review

The construction industry is undergoing a slow yet steady digital transformation. Among the
technological advancements, Artificial Intelligence (Al) has emerged as a transformative force capable of
redefining how construction projects are planned, executed, and maintained. This literature review
examines the increasing role of Al in the construction sector, highlighting both its benefits and limitations.
It begins with an overview of Al's applications in construction and proceeds to discuss the recognized
advantages, prevailing barriers, and implementation challenges. The section concludes with a discussion of

construction defects—a critical area where Al applications can have tangible impacts.

2.1. Use of Artificial Intelligence in the Construction Sector

Construction companies have access to more structured data thanks to Al technology, enabling them
to make decisions more quickly, intelligently, and thoroughly. However, its adoption remains limited.
Construction management is still in its early stages of development and is utilizing Al at a significantly
slower rate than other industries [7]. Al applications have accelerated in recent years, driven by "Industry
4.0," and possess all the necessary components to serve as the foundation for effective digital initiatives in
the AEC sector[8]. In the construction phase, every project is distinct, requiring unique, project-specific
work often described as bespoke. To produce high-quality outputs that enable a quicker, more flexible, and
less expensive construction project, process optimization is crucial. Similar to Industry 4.0, which refines
automation and process optimization, Construction 4.0 is centered on the idea of creating smart construction
sites, utilizing simulations and virtual data storage for optimal delivery and process simplification, as well
as large-scale production [9]. These ideas help construction companies organize and compare data from
various project stages, as well as data from end users after the project is completed. According to MGI [10],
by 2030, Al is expected to be worth $13 trillion to the global economy, representing a 16% increase over
the total global GDP in 2018. While there are many definitions of Al, the EU Commission appointed the
High-Level Expert Group (HLEG) to define Al as "software (and possibly also hardware) systems designed
by humans that, given a complex goal, act in the physical or digital dimension by perceiving their

environment through data acquisition, interpreting the collected structured or unstructured data, reasoning
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on the knowledge, or processing the information, derived from this data and deciding the best action(s) to
take to achieve the given goal" [11, 12].

Researchers have contributed to applying Al and its related domains to address challenges unique to
the construction industry over the past few decades. For example, machine learning has been applied to risk
prediction, supply chain and logistics process optimization, cost estimation, and health and safety
monitoring, among other applications [13]. Early risk detection refers to the proactive identification of
potential issues or threats before they escalate into significant problems during a construction project [ 14].
Traditional methods often rely on periodic site inspections, checklists, or expert judgments, which may fail
to capture emerging risks in real time. In contrast, Machine Learning (ML) enables dynamic, data-driven
detection by continuously analyzing construction data and identifying patterns associated with past risk
occurrences. Robotics has been utilized in off-site assembly, construction material handling, plant
operations, equipment management, site monitoring, and performance evaluation [15]. Moreover,
knowledge-based systems have been utilized for evaluating sustainability, risk, and waste management, as
well as dispute resolution and tender evaluation [16]. Despite this, the construction sector remains among
the least digitally advanced globally, and it continues to face challenges in embracing artificial intelligence
and other digital technologies. The following sections discuss the benefits, barriers, and challenges

associated with the adoption of Al in the AEC sector.

2.2. Benefits of Artificial Intelligence Adoption in the Architectural Engineering and Construction

Sector

Numerous benefits have been previously highlighted in the literature; however, most of these benefits

originated from the academic and research perspectives (Figure 1) [17-19].

Automation

Risk mitigation

High efficiency

Benefits of AI in AEC

Digitization

Figure 1. Benefits of Al adoption in the AEC sector
Project management becomes more objective and technically automated through the use of Al. Al-

based solutions help address some drawbacks of traditional construction management, which is more
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biased, subjective, and inconsistent because it relies on manual observation and operation. Al can monitor,
detect, assess, and forecast potential hazards in terms of cost, quality, safety, and efficiency across teams
and work areas—even in situations where there is considerable uncertainty. To improve the smoothness
and efficiency of the construction process, Al techniques are heavily utilized in optimization challenges
[20].

The digitization of the construction industry has been driven by Building Information Modeling
(BIM), which provides a wealth of information about the entire project lifecycle, extending far beyond 3D
modeling. Al and BIM can work together to streamline information digitization in intelligent AEC
processes. Although these benefits have increased interest in the AEC industry, the majority of research is
derived from Research and Development (R&D) initiatives. As the potential of technologies like BIM and
Al in the AEC sector is being explored through such initiatives, these advancements have not yet been fully
adopted and integrated into the industry's daily practices. The current spread of Al applications in the sector
remains underexplored. Thus, to illustrate deployment margins and future strategic objectives for increased
penetration of digital technologies, this study presents an exploratory examination of existing Al usage in
the construction industry [21].

Lastly, research on Al applications, potentials, benefits, and trends is the primary focus of recent
literature. However, assessing the benefits or barriers acknowledged by construction specialists is lacking.

The long-term application of Al in the construction sector depends on these elements.

2.3. Challenges in Deploying Artificial Intelligence in the Architectural Engineering and

Construction Sector

The study identified several barriers that prevent Al from being widely adopted in AEC. This part
examined four issues that resulted from the barriers: the lack of case studies or standards, the cost-benefit
analysis, the data quality challenge, and the shortage of experienced personnel with Al skills [22, 23].
Figure 2 illustrates the challenges associated with Al adoption in the AEC sector.

Lack of experienced personnel
with AI skills

Data-quality challenge
Challenges in deploying

Al in AEC

Cost-benefit comparison

Absence of norms or case studies

Figure 2. Challenges of Al adoption in the AEC sector.
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2.3.1. Lack of Experienced Personnel with Artificial Intelligence Skills

According to predictions, Al will gradually transform economies, reshape global economic structures,
and become a vital tool for helping companies meet their goals and improve key performance indicators.
Therefore, in the coming years, it is expected that there will be a sharp increase in demand for workers with
Al training, according to Forbes [24]. There are policies in place in many developed economies worldwide,
most notably in the United States and the European Union, to encourage the adoption of Al technology
[25].

Although more academic institutions are offering courses in Al and machine learning, it will take
some time for the industry to meet the demand for workers with this knowledge. Talented machine-learning
engineers are in high demand, making it harder to recruit suitable candidates and necessitating more staff
retraining. Governments may provide their workforce a competitive advantage by promoting the
development of individuals with advanced computing and analytical skills and ensuring their availability.
Industry and academia should collaborate to create apprenticeship programs that enable students to
transition between multiple organizations and gain experience with Al applications across various sectors
and job functions, as Al education requires practical experience [26]. Employers need to be able to use

academic experts to impart their knowledge to students.

2.3.2. Data Quality Challenge

Data quality is the degree to which a dataset is suitable for the particular purpose of machine learning
applications. For the successful application of machine learning to real-world scenarios, high-quality data
is significantly more important than the quantity of data [27]. Although data quality is crucial for training
machine learning systems, it is much more crucial for guaranteeing the reliability of the applications'
decisions. When data is collected from more sources and becomes more unstructured, the quality of the
data declines. Machine learning requires structured data; however, more data is being generated in
unstructured formats (such as text, video, and image data), which conventional data-management
technologies cannot handle. Real-time machine learning systems will need to be able to identify and process
unstructured data. Companies should establish a data-quality assessment process to provide quality
measurements, collect fresh data, review data quality, remove inaccurate data from the training dataset, and
examine the trade-off between gains and costs associated with quality assurance. The majority of
approaches in the twelve key data-quality assessment models involve objective measurements or a mix of
analytics and subjective measurements. Total Data Quality Management (TDQM) is one of the most
prominent frameworks [28].

In the past, images or time series data were digitally copied. It is not easy to use current data arbitrarily
for (R&D) with commercialization goals or intended for specialized professional fields due to copyrights

and privacy regulations, and intellectual property protections. It is necessary to have a method for
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individually validating each dataset after it is acquired. While a program is available to automate this
process, it is not yet complete; therefore, human participation is required at every stage [28]. Studies have
indicated that enhancing the precision of AI models necessitates the participation of a refinement manager
and workers with training who possess a scholarly understanding of the development domain. Furthermore,
an adequate data-quality approach must include data improved by individuals with professional

development education rather than the general public.

2.3.3. Cost-Benefit Comparison

Al technologies in the construction sector offer clear advantages, such as improved productivity,
enhanced safety, and reduced errors. However, these benefits often require a substantial initial investment,
particularly in technologies such as robotics and automation systems [29]. As a result, construction firms
must assess where Al can deliver the most immediate and measurable value. Investments should be guided
by a well-defined business case, focusing on areas that align with the company's current level of digital
maturity and operational priorities. Without a clear understanding of Return on Investment (ROI) or
tangible cost savings, organizations risk inefficient allocation of time and resources, which can lead to
dissatisfaction and a loss of momentum [29]. Smaller firms and subcontractors, which form a significant
part of the construction industry, may find these technologies cost-prohibitive in the short term [29].
Therefore, it becomes essential to evaluate Al solutions not only in terms of their potential but also in terms
of their scalability and ongoing operational costs. Encouragingly, as Al technologies continue to mature
and gain broader adoption, their costs are expected to decrease, making them more accessible to smaller
players in the industry [30]. In conclusion, a strategic, ROI-focused approach is essential when investing
in Al. By targeting high-impact, easily implementable applications, construction firms can ensure

sustainable adoption and long-term cost benefits.

2.3.4. Absence of Norms or Case Studies

Every disruptive technology reshapes society, often necessitating some form of regulation. The first
obstacle in selecting the optimal legal structure for artificial intelligence is assessing its social implications.
The other is to keep pace with the rapid development of artificial intelligence. The intricacy, independence,
capacity for self-learning, and widespread use of Al in various industries are additional barriers. These
features require a qualified interdisciplinary ability for policymaking that is both flexible (capable of
envisioning frameworks that, while enforceable, can be modified over time) and informed (able to
comprehend technology and anticipate consequences). Structured data and industry standards are also
essential elements for improved interoperability. This suggests that people and technology may be able to
integrate information, enabling the extraction of more valuable knowledge. Across sectors, comparable

information formats are used to achieve consistency, repeatability, and predictability. This will result in
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real efficiency gains for businesses, and the data architecture for the linked future will be ready [31].

2.4. Construction defect

A defect is a malfunction or weakness that affects how a building performs, meets user needs, or both.
It can appear in the building's structure, fabric, services, or other amenities [30]. Construction defects are
widespread and frequently arise during construction projects, especially in those with poor workmanship
and inadequate project management on the construction site. A construction defect is one of the most
significant issues in the construction sector that could lower a building's worth. The earlier a defect is
identified during the construction process, the easier it is to complete the project within the planned timeline
and enhance structural stability. This helps to prevent or reduce errors in subsequent work. Whether a
building issue is the result of poor design, use of the wrong materials, or poor craftsmanship can only be
determined by an expert, such as an engineer or architect.

Existing studies have primarily focused on developing standalone defect detection algorithms or
reviewing general Al applications in construction. There is no comprehensive synthesis that systematically
compares traditional and Al-based methods for construction defect identification. Furthermore, there is
limited integration of bibliometric analysis with qualitative assessment to reveal publication trends,
methodological evolution, and performance benchmarking. The absence of research frameworks that
incorporate real-time data, stakeholder perspectives, and predictive Al models highlights a critical gap in

achieving proactive defect management.

3. Methodology

This study adopts a mixed systematic—bibliometric review approach to comprehensively analyze
Artificial Intelligence (Al) applications in construction defect management. The Scopus database was
selected for its broad coverage of peer-reviewed publications, using two keyword sets—“Construction
Defect Identification System” and “Construction Defect Identification System AND Artificial Intelligence”
to retrieve relevant studies published between 2020 and 2024 in the engineering and construction domains.
Only English-language journal and conference papers directly addressing Al or digital technologies in
defect detection, classification, or management were included, while duplicates, editorials, and unrelated
studies were excluded. Bibliometric data were organized and analyzed in microsoft excel to assess
publication trends, country distribution, and subject areas. Qualitative synthesis was performed to interpret
the findings and identify dominant methods, benefits, and gaps. To ensure accuracy, data extraction and
analysis were independently verified by two reviewers, with discrepancies resolved through consensus and
replication of the search process to confirm reliability. The adopted methodological framework, illustrated
in Figure 3, integrates bibliometric mapping with systematic review principles to evaluate, synthesize, and

contextualize Al-driven construction defect identification research.
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Figure 3. Sequential process flow of the study

4. Result and Discussion

The search for Set A keywords has identified 90 publications in the domain, whereas it limits to only
3 when Al and CDIS are searched (Figure 4). The analysis of documents retrieved from the Scopus database
on the study of defect identification systems reveals that the majority of research has been concentrated in
the field of Engineering, which accounts for 60% of the total publications. This dominance underscores the
critical importance of defect detection in engineering applications, where safety, performance, and
regulatory compliance are paramount (Figure 5). Meanwhile, both Decision Sciences and Social Sciences
contribute 3% each, indicating a smaller but notable interest in the managerial, organizational, and societal
aspects associated with defect identification systems. Overall, this distribution suggests that while technical

disciplines dominate research in this area, interdisciplinary perspectives are gradually gaining attention.
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Figure 6 displays a chart of documents published by year. The survey was conducted over a period
of five years, from 2020 to the present. The incremental rise in the number of documents indicates a positive
approach towards this research area, as 10 documents were published in 2020, and by 2024, this number

had increased to 26.
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Figure 7. Statistical analysis of data based on country-wise publications for Set A

Figure 7 displays a chart of documents published by country. It is observed that most research
originates from China, with 41 published documents, followed by the United Kingdom with eight
documents. In India, the construction defect identification system requires greater attention, as only two
documents have been published to date.

The survey is then initiated with a selection of keywords, broadly defined as "Construction Defect
Identification system AND AL" The group of these keywords is referred to as Set B. It is observed that the
highest number of documents was subsequently conducted using broader keywords, i.e., "Construction
Defect Identification System AND AI", which are from the engineering sector, accounting for 34%. Next
to engineering is the 'computer science ' stream with 22%. Further study is confined to documents from the
engineering sector alone. The survey was conducted over a period of five years, from 2020 to the present.
The only document was published in 2022, 2023, and 2024. It is observed that the research is initiated by
China, Hong Kong, and Vietnam, with one publication. In India, the topic of construction defect

identification systems remains a research priority, as no documents have been published to date.

4.1. Detection of Construction Defects: Observed Methods and Effectiveness
The study demonstrated the most efficient methods of minimizing the defect, such as increasing
workmanship quality, accepting responsibility, holding frequent progress meetings, choosing high-quality

materials, employing modern construction techniques, improving the ability to read and understand
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drawings, adhering to specifications, proper inspection, improving quality control, and improving oversight
in the inspection. These flaws are caused by several factors, including human errors [32]. Figure 8 illustrates
various methods for defect detection.

( 2

Defect detection methods

\{
| 1 1 1
| ] ] ] |
X-ray Ultrasonic pulse Infrared Unmanned
Sensors
tomography velocity thermography aerial vehicle

Figure 8. Diagrammatic representation of available methods for defect detection

The used methods have emerged as a common yet advanced technique for defect detection. Every
method has its advantages and disadvantages. To gain a clear understanding, details of each method are
summarized in Table 1 below.

Table 1. Summary of advantages and disadvantages of defect classification methods

Sr. No. Method Advantages Disadvantages Reference
1 X-ray tomography  Very rapid, easy to handle, It can be applied for experimental purposes only  [33]
and cost-effective
2 Ultrasonic pulse Fast and more accurate The test is performed manually and requires the  [34]
velocity results careful attention of experienced technicians.
3 Infrared Determines and quantifies It must be done in a radiation- and weather-safe ~ [35]
thermography near-surface flaws environment.
Training and knowledge are a must.
4 Sensors Provide real-time data, their Cost, susceptibility to interference and damage, [36]
precision, and accuracy and limited lifespan.
5 Unmanned Aerial ~ Small enough to fly over the It cannot be used for curved edges. For irregular  [37]
Vehicle areas where humans cannot shapes not applicable
possibly reach.

4.2. Observed Techniques for Classifying Construction Defects

To raise the level of automation of asset condition inspection, researchers have recently experimented
with a range of soft computing and machine learning-based detection approaches. Figure 9 illustrates
various methods for defect classification.

A larger family of Machine Learning (ML) techniques based on Artificial Neural Networks (ANN)

and representation learning includes Deep Learning (DL). DL algorithms use multiple layers to
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progressively extract higher-level features from raw data input, such as in image processing. DL algorithms
break down complex hierarchies into simpler ones. Convolutional Neural Networks (CNNs), a subset of
deep learning techniques, are typically employed to address fundamental issues, including segmentation,
object identification, classification, and localization. Feature extraction/detection using filters is performed

in the first part of the CNN, and image classification is carried out in the second part of the CNN [38].

|

Defect classification techniques

] ]

Machine learning Deep learning

Figure 9. Methods for defect classification.

The most straightforward kind of neural network is the Perceptron. This single-layer neural
network has just one input layer and one output layer. By joining many perceptrons together, one can
construct a multi-layer neural network with one input and one output, and numerous intermediate
layers, also known as hidden layers [9]. The deeper the neural network (hence the name "deep neural
network"), the more hidden layers it has [38]. A neural network's input layer typically has the same
number of nodes as features contained in the input data. For instance, the number of nodes in our input
layer is 3x224x224, as our inputs are pictures with three channels (Red, Green, and Blue) and 224x224
pixels [9]. On the other hand, the neural network setup determines the number of nodes in the output

layer [38].

4.3. Observed Mediums for Sharing Inspected Data

Building-defect data are handled during the inspection by noting inspections into a paper-based
or digital checklist. The traditional method for on-site inspections relies heavily on physical labor,
which raises the possibility of errors, inaccuracies, or data loss before, during, or after the inspection.
Additionally, setting up the inspection and compiling post-inspection data requires a substantial amount
of time when using traditional defect management approaches. A more effective information exchange
medium is needed to increase productivity and reduce unnecessary delays and rework caused by
mnaccurate information transfer between three-dimensional and two-dimensional contexts, as well as
misreading of plans and drawings [39]. Figure 10 illustrates the various mediums used for exchanging

information on construction sites.
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Information exchange mediums
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. q Internet of things . e
information system modelling application

Figure 10. Mediums used for the exchange of information on construction sites.

None of the suggested methods performs as effectively as they do in ideal conditions, and the optimal
approach depends on the circumstances (such as whether the situation is indoors or outdoors, the type of
structure, the available budget, and the required accuracy, among others). Therefore, an overarching
strategy cannot be universally applied to the objectives mentioned above. A few research projects on indoor
progress tracking offer only limited automation. Either manually assigning data or manually comparing the
as-planned and as-built models is needed by the user [39]. According to recent global research studies, the
use of intelligent technologies and related new technologies is crucial for enhancing quality control in
residential building construction. However, the industry's inability to adopt these technologies is primarily
due to financial constraints. Long-term research focuses on utilizing affordable, innovative technology-

enabled platforms for effective quality control in the construction of residential building structures [40].

4.4. Summary of the Most Cited Research on Non-Al-Based and Al-Based Defect Identification
Systems

This section provides a summary of papers related to defect identification in various structures, both

with and without the use of Al It primarily demonstrates the identification and rectification of defects using

manual methods, as well as with the aid of Al It summarizes the techniques investigated by various authors

under both non-Al and Al-based approaches. This section covers the major types of civil structures, their

defects, defect identification methods, and how these methods work.

4.4.1. Defect Identification Without Al

For defect identification, methods like manual inspection, operational modal analysis, grey
correlation analysis, rebound hammer tests, and moisture content measurements, Unmanned Aerial
Vehicles (UAV), Non-Destructive Testing (NDT), laser vision, BIM with Radio Frequency Identification
(RFID) are used. In all these methods, a major requirement is human involvement. In the traditional
construction method, defects are identified primarily through manual inspection. It takes around 120
minutes to supervise any average residential building. There are also some limitations to manual inspection
in high-rise buildings. The following table 2 provides a summary of various conventional methods of defect

identification implemented in highly cited research papers[36, 40].
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Table 2. Summary of papers related to non-Al-based defect identification methods for a variety of structures.

Sr. No Structure Defects focused Method used Summary Accuracy

1 Dam Material handling, Grey The study investigates the identification and assessment of factors 86.81%
batch metering, correlation impacting defects in dam concrete production systems (CPS) using
pneumatic, and analysis grey correlation analysis. In dam projects, these systems are
stirring system (2015) essential for guaranteeing the effectiveness and quality of concrete
faults production. Material handling, batch measuring, pneumatic, and

stirring system defects are the four primary classes into which the
study divides defects. These are then further divided into 22
subcategories according to the location and form of the defect.

The complex nature of CPS operations—which include feeding,
batching, mixing, and discharging—is highlighted by the study.
Better troubleshooting and maintenance techniques are made
possible by the use of the grey correlation analysis approach, which
establishes links between different components that contribute to
system problems. The results are intended to enhance CPS's
dependability and effectiveness in major concrete dam projects [41].

2 Bridge Strand failure, Operational ~ This study examines the application of Operational Modal Analysis 97%
cracking, and loss Modal (OMA) to assess the structural integrity and dynamic behavior of
of prestress Analysis scaled prestressed concrete (PC) beams, which are commonly used

(2019) as typical decks for girder bridges. Through variations in modal
parameters, such as natural frequencies and mode shapes, under
various test conditions, the study aims to identify damage, including
strand failure, cracking, and loss of prestress. The findings indicate
that whereas localized damage, such as strand rupture, causes
notable changes in modal frequencies, mild cracking at service load
levels does not significantly affect them. This study highlights
OMA's potential as a tool for structural health monitoring and
predictive maintenance in bridge engineering, facilitating efficient
damage diagnosis and risk reduction in civil infrastructure [42].

3 Low Rise Structural defects, Manual The research explains the typical defects found in load-bearing wall

Buildings such as cracks due inspection systems and their impact on the structural and functional
to settlement, (2020) performance of low-rise buildings. It divides problems into two
uneven loading, categories: non-structural defects, such as water seepage, plaster
delamination, and paint failures, and structural defects, including

and thermal i .
. settlement cracks, unequal loading, and thermal expansion. These

expansion, and . . . .
issues are often linked to poor construction methods, inadequate
non—struc.tural design, and exposure to the elements. To prevent these problems, the
defects, like water study emphasizes the importance of thorough inspections, selecting
seepage, plaster suitable materials, and adhering to construction standards. It also
delamination, and emphasizes the importance of routine maintenance on low-rise
paint failures. buildings to ensure their longevity, safety, and aesthetic appeal [43].

4 Commer Water pooling, Rebound The study examines the common issues with flat roofs, including 96.67%

cial structural hammer tests leaks resulting from inadequate drainage and waterproofing, water
Buildings deterioration, and and moisture pooling, and structural damage. These defects can lower customer

leakage

content
measurements
(2022)

comfort and property value, increase maintenance expenses, and
compromise a building's structural integrity. To resolve these flaws
and mitigate their functional and economic impacts, the study
emphasizes the importance of prompt inspections and preventive
measures.

Five Malaysian commercial buildings with flat roofs are the subject
of case studies as part of the research methodology. The condition
of the roofs was assessed using non-destructive testing techniques,
including moisture content readings and rebound hammer tests. To
effectively address the issues, the report also recommends
remediation strategies, such as improved waterproofing and routine
maintenance [44].
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5 Road Surface Unmanned The study outlines a process for employing Unmanned Aerial 90%

irregularities, Aerial Vehicles (UAVs) to monitor road conditions in mining areas. The
wear, and damage Vehicles study's main objective is to assess and track the state of mining truck
(2022) haul routes using photogrammetric data collected by unmanned
aerial vehicles. The technique guarantees a more precise evaluation
of road characteristics, such as surface imperfections, wear, and
corrosion by matching the recorded data with the truck's path's
major curve. By providing timely and accurate information about
the road's condition, this method minimizes vehicle wear and tear,
reduces operating costs, and enhances the efficiency of road
maintenance. Road monitoring in challenging mining areas can be
accomplished in a non-invasive, economical, and scalable manner
by integrating UAV photogrammetry [36].

6 Heritage Cracks, Visual The study focuses on a thorough examination of the tools and 80%
masonry deformations, and inspections,  techniques used to detect and track degradation in historic brick
structures material non- buildings. Visual inspections, non-destructive testing (NDT),

degradation destructive structural health monitoring (SHM), and cutting-edge approaches
testing (NDT), like digital imaging and machine learning are among the
structural conventional and contemporary techniques highlighted in the
health review. It addresses the challenges of balancing structural safety
monitoring with historical integrity. The study emphasizes the importance of
(SHM), and  integrating cutting-edge technologies with historical conservation
advanced principles to detect cracks, deformations, and material degradation.
methods The study aims to enhance long-term management plans, refine
learning monitoring systems, and inform conservation efforts for culturally
(2022) significant masonry structures by synthesizing existing data [45].

7 Weld Cracks, porosity, Laser vision The research presents a laser vision-based technique for accurately 97.1%

surface  and undercuts (2022) identifying and locating weld surface defects. High-resolution
pictures of weld surfaces are taken using laser scanning equipment,
and these are subsequently examined using sophisticated image
processing and flaw identification algorithms. The technique is
highly accurate in detecting a variety of weld flaws, including
undercuts, porosity, and cracks. The method ensures accurate flaw
localization by integrating automated systems with laser vision,
enabling more efficient quality control in welding operations. In
industrial manufacturing, this technique promotes increased safety
and dependability while enhancing efficiency and reducing
inspection time [46].

8 Construct Comprehensive Building The study introduces a method that enhances construction quality 89.6%
ion overview of the Information  inspection by integrating Radio Frequency Identification (RFID)
process  construction Modeling technology with Building Information Modeling (BIM). The system

process, helping to (BIM) with  aims to enhance the effectiveness, precision, and transparency of the

All(Mate ensure that Radio construction project quality control process. The method enables the

. materials and Frequency detection and real-time monitoring of construction progress by
rial) . . . . . oy .

methods comply  Identification integrating RFID tags into building materials and components. To

with design (RFID) provide a comprehensive view of the building's construction process

specifications (2022) and ensure that the materials and techniques used meet design

requirements, BIM serves as a digital representation of the structure,
linked to RFID data. The article covers the design concepts of the
integrated system, its application in building projects, and its
capacity to automate inspections, reduce human error, and enhance
decision-making. RFID and BIM, when combined, hold significant
promise for enhancing construction quality control by increasing the
precision, data-driven nature, and efficiency of inspections [47].
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9 High-rise Waterproofing Manual This research emphasizes the significance of effective
building inspection waterproofing systems in preserving the structural integrity of tall
(2023) buildings and preventing water-related damage. Construction flaws,

poor workmanship, and inadequate joint and window sealing are
common sources of leaks. It highlights the adverse effects of water
seepage, including weakened structures and increased maintenance
costs. The paper describes several waterproofing techniques,
including sheet membranes, cementitious coatings, and epoxy-
based systems, highlighting their applicability in specific
circumstances. Common obstacles to successful waterproofing
include issues such as a shortage of qualified labor, poor material
selection, and cost-cutting measures in building. To mitigate these
problems, the authors recommend utilizing expert waterproofing
specialists, high-quality materials, and meticulous planning and
execution. Long-term durability can be assured, and waterproofing
solutions can be improved with an approach that incorporates
modern decision-making frameworks [15].

Figure 11 compares the accuracies of various defect detection methods across different applications.

Laser vision and Operational Modal Analysis achieved the highest accuracies, at 97.10% and 97%

respectively, followed closely by rebound hammer tests and moisture content measurements at 96.67%.

BIM with RFID demonstrated strong performance at 89.60%, while grey correlation analysis and UAV-

based inspections yielded slightly lower accuracies of 86.81% and 90%, respectively. Visual inspections

combined with NDT, SHM, and advanced methods had the lowest accuracy in the set, at 80%, indicating

that Al- and sensor-based techniques generally outperform traditional methods.

Grey correlation analysis
100.00%
90.00%

Building Information Modeling
(BIM) with Radio Frequency
Identification (RFID)

Operational Modal Analysis

Rebound hammer tests and

Laser vision .
moisture content measurements

Visual inspections, non-
destructive testing (NDT), o
structural health monitoring Unmanned Aerial Vehicles
(SHM), and advanced methods
learning

Figure 11. Accuracies of Non-Al-based methods.
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4.4.2. Al in CDIS

To raise the level of automation of asset condition inspection, researchers have recently experimented
with a range of soft computing and machine learning-based detection approaches. A larger family of ML
techniques based on Artificial Neural Networks (ANN) and representation learning includes Deep Learning
(DL). DL algorithms utilize multiple layers to progressively extract higher-level features from raw data,
such as in image processing. DL algorithms break down complex hierarchies into simpler ones. CNNs, a
subset of deep learning techniques, are typically employed to address fundamental issues, including
segmentation, object identification, classification, and localization. Feature extraction/detection using
filters is performed in the first part of the CNN, and image classification is carried out in the second part of
the CNN [48]. Table 3 provides a summary of various Al-based approaches to defect identification

implemented in highly cited research papers.

Table 3. Summary of papers related to Al-based defect identification methods for a variety of structures.

Sr.No Structure Defects focused Method used Summary Accuracy
1 Concrete Crack detection pre-trained The research emphasizes that transfer learning may automate crack CNN-
structures convolutional  detection, lower expenses, and increase infrastructure longevity. 99%
neural network Additionally, it lays the foundation for the development of gy
(CNN) sophisticated monitoring systems that utilize automation 5o,
architectures— technologies and high-resolution sensors to enhance structural
VGGI6, safety and reliability. For the specific position, four pre-trained
AlexNet, convolutional neural network (CNN) architectures were utilized:

ResNet18, and DenseNet-161, ResNet-18, AlexNet, and VGG-16. Because of
DenseNet161(2 their proven performance in image recognition tasks, these models
022) were selected.

The study achieved excellent accuracy in crack detection while
reducing the requirement for large, domain-specific datasets by
utilizing transfer learning, a process that adapts previously trained
models for new tasks. This method reduced reliance on human
inspections and saved time by streamlining the process of
identifying structural flaws. The VGG16 model proved to be the
most successful of the examined models, providing a reliable
method for categorizing and analyzing cracks and other surface
irregularities [38]

2 Undergro Cracks, potholes, Computer The study focuses on using computer vision techniques to identify 61.29%
und and other surface  vision (2022) and assess defects in underground parking lots. In particular, it
Parking  issues in the automatically detects surface problems in the parking lot
Lots parking lot environment, such as cracks and potholes, using an image object-

environment. detection algorithm. The model analyses photos taken by cameras

positioned across the parking lot using deep learning methods,
specifically convolutional neural networks (CNNs). By enabling
more effective, automated problem identification, reducing the
need for human labor, and providing prompt, precise assessments
to enhance safety and maintenance planning in underground
parking facilities, the proposed system aims to expedite the
maintenance process. The article also addresses the challenges of
using image-based detection in such settings, including lighting
and visual clutter, and provides solutions to enhance accuracy and
reliability [49].
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Tunnel

Cracks, spalling,
and deformations

Drones
equipped with
Edge-Al
technology
(2018)

This study proposes a state-of-the-art method for utilizing drones 98.58%

equipped with edge Al technology to inspect tunnel surfaces in
real-time. Without transferring large amounts of data to distant
servers, the device utilizes onboard Al processing to analyze high-
resolution photos and identify surface defects, including cracks,
spalling, and deformations. In challenging environments, such as
tunnels, this method ensures accuracy while enhancing inspection
speed and efficiency. Drone utilization reduces physical labour and
inspection time while enabling safe and economic data collection.
The study demonstrates how real-time, autonomous surface
evaluations, made possible by combining Edge-Al with drones, can
completely transform infrastructure maintenance [50].

4

Railway Cracks

track

Deep learning
and image
processing
techniques
(2019)

This study explains how to utilize deep learning and image
processing techniques to detect and diagnose cracks on rail
surfaces. To precisely identify cracks of various sizes and
orientations, the method involves capturing images of rail surfaces
and processing them using sophisticated algorithms, such as
convolutional neural networks (CNNs). The study demonstrates
the effectiveness of deep learning in overcoming obstacles,
including surface imperfections, noise, and varying illumination
conditions. By automating the inspection process, this approach
enhances rail safety by enabling prompt maintenance and
preventing potential breakdowns, while also improving detection
accuracy and reducing manual labor [51].

99%

Newly

Construction

Construct defects, poor

ed

design, inadequate

Apartment materials, or

S

maintenance
issues.

Natural
language
processing
(2022)

The study utilizes sophisticated text mining and semantic network
analysis tools to investigate the reasons for occupant dissatisfaction
in new apartment buildings. To pinpoint major sources of
discontent, such as poor design, subpar materials, construction
errors, or maintenance issues, the study analyzes resident
comments and grievances. Through the use of natural language
processing, the study uncovers significant linkages and patterns in
textual data, offering insights into the residents' top concerns. The
results aim to support developers, architects, and legislators in
enhancing the overall quality of life in newly constructed
apartments by addressing occupant demands more effectively and
improving building quality and design [52].

87.88%

6

Bridge
Pier

Cracks, corrosion,
or structural
damage on the
surfaces of bridge
piers

crawling robot,
equipped with
advanced
sensors and
imaging
capabilities
(2024)

The research explains an innovative method that utilizes a robotic
crawling device to detect and segment defects on underwater
bridge piers. It suggests a deep learning-based approach designed
for underwater settings, where lighting and visibility are major
obstacles. The system utilizes instance segmentation techniques to
identify and diagnose defects on the surface of bridge piers,
including corrosion, cracks, or structural issues. With its
sophisticated sensors and imaging capabilities, the crawling robot
guarantees accurate navigation and inspection. In addition to
providing thorough evaluations for maintenance and repair
planning, this technique enhances the precision and effectiveness
of underwater structural examinations, potentially reducing the
need for physical intervention and associated risks [53].

79.8%

The results (Figure 12) indicate that modern Al-driven methods, including pre-trained CNN

architectures, drones equipped with edge Al technology, and deep learning image processing techniques,

achieved a defect detection accuracy of around 100%. Natural language processing and crawling robots

equipped with advanced sensors also demonstrated high performance, with accuracies ranging from 90%

to 95%. In contrast, RNN architectures and conventional computer vision methods achieved comparatively

lower accuracies, ranging from approximately 50% to 65%, highlighting the superior precision of advanced
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Al-based approaches.

pre-trained convolutional neural
network (CNN) architectures—
VGG16, AlexNet, ResNet18, and
DenseNet161

crawling robot, equipped with RNN architectures—VGG16,
advanced sensors and imaging AlexNet, ResNet18, and
DenseNet161

capabilities

Natural language processing Computer vision

Drones equipped with Edge-Al
technology (2018)

Deep learning and image
processing techniques

Figure 12. Accuracies of Al-based methods of defect identification.

From the comparison of defect detection methods across various structures, it is evident that advanced

sensing and automated inspection technologies generally yield higher and more consistent accuracy than

manual or purely visual inspections.

Pre-trained
SN C t Deep learning | b
i omputer Crawling robots
Al/Tech ar?\véz:;:res vision with and image Edge-Al- |N atural with adgvanced
Method Used ResNet. deep learning processing EERe e sensors and
. drones pocesing HSO8S
AlexNet, CNNs (CNNs) imaging
DenseNet)
( ) (" Detects ) ( ) ) ( ) SR
High crack multiple Detects Real-time Identifies Safe
detection defects cracks under defef:t hidden inspection in
accuracy (cracks, varied detection, quality underwater
— Strengths (>90%), potholes), orientations, covers large issues from and
reduced — reduces improves WS aneas resident - hazardous
need for manual safety, quickly, feedback, conditions,
retraining, inspections, reduces reduces uncovers comprehens
time savings adaptable to manual physical systemic ive data
in inspection lighting work labor and problems capture
\_ variations ) L ) L costs ) -~
— ) —_— . —
. Accuracy ( ) ( )
I\/!ay require affected by Requnres qune . Dependent .
high-quality — high- operation in on quality High
Limitations image data; lighting and rgsolt{tlon confined and volume equipment
7| / Challenges || model L elutter; || imaging; | | spaces can || of textual || cost; may
adaptation requires performanc be feedback; (g e
still needed g00d e depends challenging; language specialized
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| J | J | J
__ -~ ~———

Figure 13. Strengths and limitations of Al-based defect identification methods.
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As discussed in the earlier sections, construction defects can arise at any stage of the project. Design
defects are mostly solved with BIM. Post-handover defects are identified using techniques such as image
processing. Defects in the under-construction stage still need to be addressed. It is accomplished using UAV
technology, but it is not feasible for every project. Although Al technology is time-saving, it requires a
significantly higher initial investment compared to traditional methods. Additionally, training people takes
time and money, necessitating the need for integration of technology with traditional methods.

In order to increase the feasibility, effectiveness, and general quality of building projects, this study
evaluates the current status of research on Al-based Construction Defect Identification Systems (CDIS).
The work starts with an analysis of the advantages and difficulties of Al in the AEC industry, guided by
the structured research approach described in the study framework. This is followed by a bibliometric
survey that maps the extent of research using specific keyword sets. In the era of Industry 4.0, digital
technologies that facilitate automation, boost productivity, increase safety, and lessen environmental effect
are being adopted by construction enterprises more and more. However, stakeholders such as contractors,
operators, owners, and suppliers can no longer afford to approach Al as an optional tool due to the enormous
volumes of data generated throughout a building's lifecycle [54]. The literature review stage looks into
recent and advanced defect management systems, defect detection techniques, classification strategies, and
information sharing platforms. While an enormous amount of work has been done on defect identification,
classification and early-stage prediction have received very less attention, indicating a large research gap,
according to a review of frequently cited literature. The conversation focuses on the potential advantages
of Al as well as its adoption hurdles, such as practicality, affordability, and the absence of a universal model
that can recognize, categorize, and convey any flaw in building. The comparison demonstrates that while
CNN-based techniques provide excellent detection accuracy, these techniques rely on high-quality picture
data and ideal imaging conditions. Edge-Al drones save money and labor by enabling quick, wide-area
flaw identification. Despite their high setup costs and difficulties flying in tight locations, drones continue
to show excellent accuracy in identifying defects. Deep learning-based image processing shows excellent
accuracy in fault detection when the weather and illumination are right. Tools for natural language
processing (NLP) can reveal latent quality problems in textual feedback, but how well they work depends
on the quantity, caliber, and variety of the data. Although they are expensive, crawling robotic systems are
excellent at examining dangerous or submerged locations and provide thorough data collection. Al-driven
and sensor-based approaches continuously beat conventional inspection methods in terms of flaw
identification accuracy across both analyses. Accuracy levels at or over 97% were attained using pre-trained
CNN architectures, Edge-Al drones, deep learning/image processing, and laser vision, proving the
resilience of automated, data-driven methods. On the other hand, conventional and semi-manual methods

like grey correlation analysis (86.81%) and visual inspections using NDT/SHM (80%) shown reduced
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reliability, especially under challenging real-world circumstances. Particularly for large-scale, real-time
monitoring, domain-specific solutions like BIM combined with RFID (89.60%) and UAV photogrammetry
(90%) also demonstrated strong performance. These findings demonstrate how combining Al with specific
sensing technologies can close the gap between field applicability and laboratory accuracy, establishing a
new standard for accuracy and efficiency in the detection of building defects.

Creating integrated, multimodal systems that incorporate computer vision, natural language
processing, and robotics to offer thorough and real-time monitoring is the key to the future of Al-based
detection of defects in the construction industry. In order to handle a variety of defect types, different
building situations, and many structural categories without requiring a great deal of retraining, efforts
should be directed toward developing universal, flexible models. While lowering latency and operating
expenses, developments in Edge-Al and IoT integration may allow for continuous, on-site inspection with
little assistance from humans. In order to promote acceptance in small- and medium-sized projects,
inspection hardware must also be made smaller and more affordable. Technologies that integrate digital
modeling (BIM), automated data processing (machine learning, correlation analysis), and high-resolution
sensing (e.g., laser vision, UAVs) perform better than manual and solely visual methods. To guarantee high
accuracy and operational efficiency in a variety of construction contexts, future defect detection systems
should place a high priority on automation, multi-sensor data integration, and real-time analytics. By using
predictive analytics in conjunction with BIM for early-stage defect detection, stakeholders may be able to
resolve problems before they become more serious, improving safety and cost effectiveness. The viability,
scalability, and ROI of Al-driven Construction Defect Identification Systems will ultimately depend on

extensive pilot research and practical validations.

5. Conclusion

Al has demonstrated a great deal of promise to transform AEC defect management. According to this
study, Al-based approaches outperform conventional inspection methods in terms of accuracy and
efficiency, particularly CNNs, deep learning, and Edge-Al drones. However, obstacles including exorbitant
expenses, a lack of experience, and problems with data quality prevent widespread
implementation.Proactive, real-time defect management can be made possible by combining Al with digital
tools like BIM and IoT. Future research should concentrate on creating affordable, flexible Al models that
are verified by practical uses. Al-driven solutions have the potential to greatly improve construction quality,
lower rework, and support sustainable project delivery by bridging the gap between technology and

practice.
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