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ABSTRACT

This paper systematically reviews image-based analysis in the construction industry, examining 136 articles
through 2023. The findings reveal a marked increase in the use of machine learning (ML), deep learning
(DL), and reinforcement learning (RL) models, which utilize image and video data to enhance worker
safety, monitor construction progress, and improve project management. The study identifies a significant
shift towards integrating real and synthetic data, enhancing model robustness. It also highlights the rising
adoption of data-sharing practices, with an increase in publicly available datasets. However, the review
highlights underexplored areas such as synthetic data use and advanced privacy-preserving methods. These
gaps suggest opportunities for further research to leverage technology more effectively in the construction
sector.

1 INTRODUCTION

Nowadays, different data types are extensively used in various sections of the construction industry, such
as sustainability (Golazad et al. 2024), materials (Mohammadi and Ramezanianpour 2023), resilience
(Golazad et al. 2022), automation (Cheng et al. 2017), safety (Lee et al. 2020), and more. The widespread
accessibility of point-and-shoot, time-lapse, and smartphone cameras has dramatically expanded the volume
of photos taken daily on construction sites. Numerous photography documentation services have recently
emerged, providing stakeholders with visual records of the constructed projects (Han and Golparvar-Fard
2014). Additionally, the emergence of new aerial robotics companies is now offering frequent delivery of
aerial photographs depicting as-built conditions (Yang et al. 2015).

Recent advancements in computer vision and techniques for learning from images have enabled
computers to interpret images and video content autonomously. Due to the ease of image acquisition and
widespread availability, these methods have garnered interest from scholars across various fields. Presently,
many researchers are exploring sophisticated image-based techniques within the construction industry.
These applications aim to enhance safety for construction workers, track the progress of activities, facilitate
project management, and assess structural damages for structural health monitoring and rehabilitation
purposes (Mostafa and Hegazy 2021).

Image-based analysis has the potential to significantly improve safety on construction sites. The
complexity of construction activities, characterized by the dynamic interaction between workers, equipment,
space, materials, and environmental factors, frequently puts those involved at risk of injury or even fatality.
In the United States, in 2018, the construction sector accounted for 7% of all non-fatal injuries and 14%
of deaths in the workplace (Statistics 2017). An estimated 80% of these incidents are linked to workers’
behavior, including not using protective equipment like helmets and safety harnesses, being hit by vehicles
or equipment, and maintaining unsafe postures (Li et al. 2015). Thus, effective monitoring of construction
sites to constrain dangerous behavior is crucial. However, traditional monitoring methods must be revised
as they rely heavily on direct human observation and manual data collection.

The image-based analysis could also improve construction project productivity management and activity
progress monitoring. Half of all construction projects are reported to experience delays, and sixty percent
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exceed their initial budget estimates (Han et al. 2018). A key factor in these shortcomings is the ineffective
monitoring and reporting of progress, contributing to poor management and decision-making (Changali
et al. 2015). Utilizing image-based techniques could offer insights into the numerous activities on a
construction site by capturing the progress of work, observing the behavior of workers and equipment, and
assessing productivity levels. This enables project managers to identify where the construction schedule
lags and make more informed, timely decisions to advance the project (Mostafa and Hegazy 2021).

The image-based analysis extends beyond the construction phase into the post-construction period. All
infrastructure elements must be monitored to confirm their structural usability. Regular monitoring after the
completion of construction is vital for informed decision-making and the efficient allocation of resources
towards the structure’s maintenance, rehabilitation, and enhancement.

Considering these observations, it becomes evident that the intersection of image-based analysis and
construction offers a productive ground for innovation. As we handle the challenges of modern construction
projects, the importance of technology, like advanced imaging and analysis, is undeniable. By utilizing
the power of these technologies, stakeholders can gain outstanding insights into project dynamics, thereby
enhancing decision-making processes, safety protocols, and operational efficiency. This study seeks to
contribute to this evolving landscape by systematically reviewing recent advancements, identifying gaps in
current research, and highlighting areas for future investigation. In this review, we will explore publication
and data trends, the use of synthetic data, and consider methods related to storage, sharing, and privacy that
were discussed in related studies. With a focus on practical applications and the potential for technological
integration, the research presented aims to pave the way for safer, more efficient, and technologically
enriched construction environments.

To contextualize current work within the broader scope of simulation, it is essential to highlight the
intersection of image-based analysis, machine learning (ML), deep learning (DL), and reinforcement learning
(RL) models with simulation methodologies. While the primary focus is on the construction industry, the
advanced computational techniques and data analysis methods reviewed have broad applicability across
multiple simulation domains. These include manufacturing, logistics, risk analysis, and general applications.
The methodologies discussed, such as synthetic data generation and privacy-preserving techniques, align with
showcasing cutting-edge research and practical applications in simulation. The current review contributes
valuable insights that can enhance simulation practices and decision-making processes in various industries
by bridging the gap between visual data analysis and simulation.

2 RESEARCH METHODOLOGY

This research utilized Scopus, a detailed abstract and citation resource, to locate relevant studies. Chosen
for its wide-ranging journal inclusivity, superior keyword search tools, and comprehensive citation analysis
features, Scopus stood out as the preferred database (Falagas et al. 2008). The research parameters
included a search for specific keywords: ("Construction") AND ("Machine Learning" OR "Deep Learning"
OR "Reinforcement Learning"). Executed within the Scopus environment, the search targeted titles,
abstracts, and keywords of articles to identify pertinent research employing ML, DL, or RL strategies to
develop models based on data related to construction. Figure 1 shows the steps for selecting the related
papers.

The initial search produced 10,953 articles. Then, the study focused on those published by the end of
2023 for further examination. The top ten journals that were most pertinent to construction were identified
to narrow the selection, which reduced the list to 522 articles for a more detailed review. During the next
phase, a manual inspection was carried out to discard articles not directly linked to construction based on
their titles. The subsequent phase entailed a thorough assessment of the remaining articles’ methodologies,
case studies, and abstracts to verify they satisfied three key criteria:

1. Utilization of data specifically from the field of construction engineering and management.
2. Application of ML, DL, or RL approaches for model training with construction-related data.
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Figure 1: Review conducted systematically using the PRISMA approach.
3. Incorporation of video frames or images for model training.

This strict selection process allowed us to pinpoint articles that effectively demonstrate using ML,
DL, or RL techniques within construction. After the first two criteria were applied, 404 articles remained.
These were then evaluated against the third criterion, ultimately leading to the selection of 136 articles
considered most relevant to the objectives of this review.

All the selected 136 papers are from the top ten journals within this field of research. These journals were
selected from the initial search findings, prioritizing their Cite and SJR scores. Automation in Construction
emerged as the primary contributor to this research area, accounting for 80 papers. Following closely, the
Journal of Computing in Civil Engineering and the Journal of Construction Engineering and Management
contributed 15 and 14 papers, respectively. Notably, the International Journal of Construction Management
did not publish any papers that fulfilled the third selection criterion. The 2022 SJR and CiteScore values
for these journals are detailed in Table 1.
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Table 1: Overview of chosen journals, their input to the research, and their Cite Score and SJR Score for
the year 2022.

Journal No. of papers | CiteScore | SJR Score
Automation in Construction 80 16.7 2.443
Journal of Computing in Civil Engineering 15 12.1 1.349
Journal of Construction Engineering and Management 14 8 1.152
Computer-Aided Civil and Infrastructure Engineering 13 16.9 2.962
Construction Innovation 5 6 0.719
Journal of Building Engineering 4 8.3 1.232
Engineering, Construction and Architectural Management 3 7 0.927
Journal of Information Technology in Construction 1 5.6 0.594
Building and Environment 1 11.3 1.584
International Journal of Construction Management 0 7.1 0.914

3 SCIENTOMETRIC ANALYSIS
3.1 Publication Trend

Figure 2 provides a trend analysis of the frequency of articles within the construction field that have utilized
image or video data to train ML, DL, and RL models. The recorded data is from 2010, which shows the
emergence of such articles in selected journals, while previous years lack any entries in this field. From
this starting point, engagement with these data types was minimal and infrequent, as evidenced by a single
article per year for 2010, 2012, and consecutively from 2015 to 2017.

A gradual interest was observed in 2018, as indicated by an increase to four articles. This interest
escalated markedly in 2019, with the frequency of articles rising to ten. The following years witnessed
a more noticeable surge, with article frequencies reaching 20, 32, 34, and 31 for 2020, 2021, 2022, and
2023, respectively. The significant growth in publication numbers signifies an expanding recognition of the
value that image and video data contribute to advancing the construction field through various modeling
techniques. This pattern may reflect broader technological progress trends, enhanced data access, and a
growing incorporation of complex analysis methods within the sector. The modest reduction in 2023 might
indicate a consolidation phase following intense expansion or a potential redirection of research interests.
These data underscore the progressive integration of visual data analysis in construction, which has become
integral to developing intelligent models within the industry.

3.2 Raw Data Type

Figure 3 presents a compilation of raw data types from which the selected studies extracted the video
frames and images. It is important to note that due to our selection criteria, which excluded papers not
utilizing video or image data, our analysis is inherently focused on studies that employ these types of
data. Consequently, the findings in this section reflect trends within this specific subset of literature. The
dominant data type identified is "Image," with a frequency of 71, indicating that static visual information is
considerably employed in the domain’s analytical tasks. "Video" data follows with 41 instances, signifying
the importance of temporal data in modeling dynamic environments or processes. The combined use of
"Image" and "Video" data, observed in 10 articles, reflects an integrated approach to visual analytics.
Furthermore, "Image" combined with "Building Information Modeling (BIM)" data is represented in two
instances, suggesting an intersection of visual data with detailed construction models. Similarly, "Image"
coupled with "Tabular" data and "Image" combined with "Text" data, each reported in two instances, indicate
a multimodal approach where visual data is augmented with structured and textual datasets. "Sensor Data,"
also observed in two instances, underscores the application of quantitative metrics. Unique combinations,
each reported once, such as "RGB-D Image, BIM," "Image, Point Cloud, BIM," "Image, Point Cloud," and
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Figure 2: Yearly trends in the publication of construction field articles utilizing visual data for ML, DL,
or RL models.

"RGB-D Image," highlight the incorporation of depth sensing and 3D spatial analysis into construction-
related research. Lastly, singular instances of "Image Sequence" and "Tabular, Vector Graphics" data
usage reflect niche applications in sequence analysis and the integration of structured data with graphical
representations, respectively. This distribution of data types illustrates a diverse set of methodological
preferences, and research focuses on applying ML, DL, and RL models within the construction industry.

3.3 Data Size Trend

Figure 4 enumerates the average image and video frame data size employed in articles within the construction
industry for training ML, DL, and RL models. A gradual increase in data size is discernible from 2010,
starting with 281 units, to 560 units in 2015, suggesting an early phase of moderate growth. A noteworthy
expansion is observed in the following years, with 2017 marking an increase to 1610 units. A significant
escalation in data size is apparent in 2018, with a recorded average size of over 35 thousand units, potentially
reflecting advancements in data collection and processing capabilities. The subsequent year, 2019, witnessed
a slight reduction to around 22 thousand units. 2020 marked a decrease to 15 thousand units, followed
by an increase in 2021 to 28 thousand units, implying variable but substantial data utilization trends. The
year 2022 exhibited a decrease to about ten thousand units, which could be indicative of various factors,
including optimizations in data usage or changes in modeling techniques. In contrast, 2023 witnessed
a remarkable surge to 67,320 units, the largest in the observed period, potentially signaling enhanced
computational capabilities and the increasing complexity of models requiring more extensive training
datasets. These fluctuations underscore the dynamic nature of data employment in construction-related
research, highlighting the field’s evolving technical demands and methodological shifts over the identified
span.
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Figure 3: Distribution of raw data types in the selected publications.

3.4 Synthetic Data

Figure 5 presents the distribution of data types utilized in construction field research articles from the
year 2020 onward, focusing on the deployment of real, synthetic, and a combination of both data types
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Figure 4: Average data size in construction research articles utilizing visual data for ML, DL, or RL models.
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for training. Most articles, 86.0%, have utilized real data, 117 instances. This preference for real data
underscores the sector’s inclination toward empirical research that relies on actual on-site images or videos.

The use of both real and synthetic data is represented in 17 articles, corresponding to 12.5% of the
total, suggesting an integrative approach that employs the strengths of empirical accuracy and the control
provided by synthetic environments (e.g., (Zheng et al. 2020; Jeong et al. 2023)). Synthetic data alone
accounts for only 1.5% of the data usage, with two instances reflecting its novel presence in the literature
(e.g., (Hou et al. 2020)). This minimal reliance on synthetic data could be attributed to the complexity of
accurately simulating construction environments or a current emphasis on real-world data applications. It
depicts a research landscape where real data is predominant, with an emerging but still limited incorporation
of synthetic data. Integrating both data types in several articles could signify a growing trend toward hybrid
approaches that balance real-world context benefits and simulated scenarios’ versatility. The data suggests
that while real data remains the cornerstone of research in this domain, there is recognition of the value
synthetic data can add to model robustness and training efficacy.

Figure 5: Proportion of construction research articles using real, synthetic, and combined visual data for
ML, DL, or RL model training.

Figure 6 analyzes the frequency of studies that used synthetic data, starting from 2020, when such data
application in scholarly publications was first recorded. No prior usage of synthetic data in this context
and among the selected papers is documented before that year. From its start in 2020, with four entries
(e.g., (Hou et al. 2020)), the application of synthetic data shows variability over the following years. The
year 2021 shows a decline to three instances of synthetic data application (e.g., (Torres Calderon et al.
2021)), followed by a slight increase to five in 2022 (e.g., (Lee et al. 2022)). In 2023, there is a noticeable
increase to seven instances (e.g., (Wang et al. 2023)), suggesting a renewed interest or an improvement in
synthetic data generation techniques that make it more viable for research purposes. This trend may indicate
a cautious yet growing exploration of synthetic data’s potential in the construction field for model training.
The fluctuations in frequency reflect the research community’s experimental engagement with synthetic
datasets, which can offer controlled conditions for model training, albeit without the full complexity and
unpredictability of real-world data. The initial uptake, followed by fluctuations, could be attributed to the
experimental nature of incorporating synthetic data into construction-related ML, DL, and RL research,
alongside developing and refining methods to generate and utilize such data effectively.

3.5 Data Sharing

Figure 7 outlines the distribution of articles explicitly mentioning their image or video frame data’s
availability for public access or upon request. The analysis spans from 2019, marking the onset of data
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Figure 6: Frequency of using synthetic visual data in construction field research articles.

sharing within the reviewed publications, with no prior records of such practices. In 2019, a modest
beginning was noted, with four articles indicating data availability (e.g., (Li et al. 2019)), signifying an
initial adoption of open data practices in construction research. A noticeable decrease is observed in 2020,
with only two articles mentioning accessible datasets (e.g., (Nath et al. 2020)), which could be attributed
to various factors, including possible shifts in research priorities or data-sharing policies. Subsequently,
in 2021, the frequency of articles with available data increased to eight, indicating a revival and potential
growth in recognition of the importance of data sharing (e.g., (Shen et al. 2021)). This trend is sustained in
2022, with the number remaining steady at eight, suggesting a stabilization of data-sharing practices among
researchers (e.g., (Zhang and Ge 2022)). The year 2023 shows a further increase to nine articles (e.g.,
(Hong et al. 2023)), culminating in 31 out of 136 papers. This progression reflects a growing commitment
to open science and transparency within the construction research community, enabling replication studies
and furthering advancements by allowing other researchers to build upon accessible datasets. The increase
illustrates a broader trend toward democratizing data and collaborative research practices.
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Figure 7: Frequency of articles providing publicly accessible data or availability upon request.
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3.6 Data Privacy

Out of 136 papers reviewed, five papers specifically address privacy measures, signifying a developing but
notable awareness of privacy in the field. One paper has taken the step of blurring human faces within
datasets to ensure individual privacy (Xiao and Kang 2021), while another has extended this approach by
blurring company logos (Duan et al. 2022). These measures indicate a targeted strategy to anonymize
sensitive visual identifiers. Another article reports the removal of metadata, the absence of geographical
information, and secured Department of Transportation (DOT) permission to further the privacy-preserving
agenda (Bianchi and Hebdon 2022). This indicates a multi-layered approach to privacy, where various
attributes that could lead to identifying subjects or locations are meticulously obscured or omitted. An
advanced privacy-preserving technique is mentioned in one paper, utilizing federated learning coupled with
homomorphic encryption (Li et al. 2021). This indicates a sophisticated approach to collaborative model
training without compromising data security, suggesting a move towards more technologically advanced
privacy solutions. Lastly, a focus on decentralized learning through permissioned blockchain is discussed
in one paper, showcasing an innovative approach to maintaining data integrity and privacy in distributed
research environments (Li et al. 2023).

These papers underscore a trend towards incorporating privacy-preserving techniques in construction
field research, reflecting an approach to the ethical challenges posed by using potentially sensitive image
and video data in model training.

3.7 Data Storage

Within the 136 papers reviewed, a minority of five papers specify the data storage methods utilized for their
datasets. One paper mentions using cloud storage (Rahimian et al. 2020), which suggests adopting scalable,
remotely accessible storage solutions. Another paper’s utilization of Google Drive highlights a reliance
on commercial cloud services known for user-friendliness and widespread accessibility (Ekanayake et al.
2022). This might be chosen for convenience or to facilitate collaboration. The storage of data in XML
files in the PASCAL VOC format by one paper suggests an emphasis on a standardized data annotation
format that facilitates data sharing and interoperability in computer vision applications (Fang et al. 2018).
Lastly, GitHub, a platform typically associated with source code management, is mentioned in two papers
(Bianchi and Hebdon 2022; Zhang and Ge 2022) as a means of storing data. This may reflect a trend
towards open-source practices and data sharing alongside code for reproducibility.

These papers, though limited in number, display a variety of data storage methods, each with its
considerations and implications for accessibility, standardization, and collaboration. The diverse storage
solutions adopted point to differing priorities and potential constraints faced by researchers in the field.

4 CONCLUSION

This paper has systematically reviewed the current state of image-based analysis within the construction
industry, highlighting its significant contributions to enhancing safety, monitoring progress, and facilitating
project management. This study has meticulously examined relevant literature and identified key trends,
methodologies, and data usage patterns that underscore the growing integration of ML, DL, and RL models
in construction research. The analysis reveals a marked increase in the application of these technologies,
driven by the accessibility of image and video data and the continuous advancements in computational
methods.

One of the notable findings of this research is the predominant use of real data. However, a trend
towards incorporating synthetic and combined data types is emerging. This shift indicates a growing
recognition of synthetic data’s value, especially in scenarios where real data is scarce or difficult to obtain.
Moreover, the study has highlighted the importance of data sharing practices, privacy considerations, and
the diverse methods employed for data storage, which contribute to the advancement of open science and
ethical research methodologies in the construction domain.
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Several limitations should be noted. Due to the selection criteria, which excluded papers not utilizing
video or image data, the conclusions are inherently focused on studies employing these data types. This
may result in an overrepresentation of findings related to visual data and potentially overlook significant
contributions from studies using other data types. The review includes articles published up to the end of
2023. Although efforts were made to include recent studies, the fast-evolving nature of technology in this
field means that very recent developments may still need to be fully captured. Scopus was used as the
primary database for locating relevant studies. While Scopus is comprehensive, other databases such as
Web of Science or Google Scholar may contain additional pertinent articles not included in this review.

Future reviews should consider including studies that utilize non-visual data types to provide a more
comprehensive understanding of the field. This can help identify trends and advancements in other
construction-related machine-learning research areas. Conducting longitudinal studies that track the evolu-
tion of technology and its applications over extended periods can provide deeper insights into long-term trends
and impacts. Further research should explore the potential of synthetic data in construction. Developing
sophisticated synthetic data generation techniques and validating their effectiveness in real-world scenarios
can enhance the robustness of ML models. More research is needed on advanced privacy-preserving
techniques like federated learning and blockchain. These methods can help address ethical concerns related
to data privacy and security. Integrating insights from other disciplines, such as computer science, data
science, and civil engineering, can foster innovative solutions and methodologies in construction-related
machine learning research.

Image-based analysis in construction has shown considerable potential to transform traditional practices,
making construction sites safer and more efficient. As the field continues to evolve, it is crucial for future
research to address the identified gaps, explore the integration of emerging technologies, and promote a
culture of openness and collaboration. By doing so, the construction industry can utilize the capabilities
of image-based analysis to meet the challenges of the 21st century and beyond.
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