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Abstract

With the gradual rise of automation and human–robot collaboration (HRC), artificial intel-
ligence (AI) is expected to significantly change the construction industry by automating
design and decision-making processes, thus improving both productivity and safety. De-
spite the growing research trends in AI and HRC, no study has synthesized the existing
studies of AI in HRC in the construction industry. This paper aims to conduct a review of
AI in HRC in construction and summarize the current mainstream topics, research gaps,
and future research directions. A scoping review and science mapping analysis were used
to explore extant literature in the studied domain and conduct keyword co-occurrence
analysis, respectively. In this study, 210 relevant articles were retrieved from the Scopus
database from 1993 to July 2025. The results revealed five main clusters regarding the
co-occurrence of keywords. Four mainstream research topics were discussed, including
(1) AI techniques and applications, (2) the use of extended reality (XR) in HRC, (3) the
challenges of HRC, and (4) the application of HRC in the architecture, engineering, and
construction (AEC) sector. Moreover, this study provided a detailed summary of research
gaps and future research directions. These findings offer researchers and practitioners a
deeper understanding of AI applications in HRC for construction case studies and serve as
actionable directions to advance this field.

Keywords: artificial intelligence; human–robot collaboration; construction industry; scoping
review; scientometric analysis

1. Introduction
The concept of human–robot collaboration (HRC) in the construction industry has

attracted increasing attention from researchers and practitioners worldwide for many years.
It has been extensively studied due to its benefits of enabling generalized robots to quickly
adapt to the complex and dynamic construction environment [1]. HRC refers to a coupled
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dynamical system that involves interaction between humans, robots, and the environ-
ment to accomplish a task [2]. The construction industry is traditionally characterized as
being labor-intensive, involving multi-disciplinary stakeholders, with low productivity
and frequent occurrences of injuries or accidents [3]. According to the data collected by
Eurostat, in 2022, across the entire European Union, nearly a quarter of fatal workplace
accidents occurred in the construction industry. For every 100,000 employed individuals,
there were 1506 non-fatal accidents and 2.10 fatal accidents [4]. In the European Union, the
two types of injuries that were particularly common in 2022 were wounds and superficial
injuries (accounting for 27.6% of the total) and dislocations, sprains, and strains (25.5%) [4].
Unlike HRC in other fields, such as the manufacturing industry, which focuses on efficient
optimization of automation, the construction industry focuses on the integration of hu-
man skills and machine intelligence to improve productivity and address safety issues [1].
Specifically, HRC aims to increase construction productivity through seamless team dy-
namics and effective collaboration to deal with unpredictable uncertainties in construction
activities [5]. For example, HRC can improve productivity and safety by coordinating a
robotic system with human skills, thereby reducing physically repetitive and dangerous
construction activities. In addition, it can significantly mitigate the challenges posed by
changes in robot dynamic planning and task execution [6].

Artificial intelligence (AI) can be defined as a technological system that simulates
and extends human intelligent behavior through processes such as perception, learning,
reasoning, and decision-making [7]. AI techniques have been studied in the existing
literature in various aspects [8–13]. For instance, Voulodimos et al. [8] reviewed deep
learning (DL) techniques such as convolutional neural networks, deep Boltzmann machines,
and deep belief networks, and provided their history, advantages, and disadvantages.
Mirzaei et al. [9] conducted a comprehensive review of machine learning (ML) 3D point
cloud data processing in architecture and infrastructure applications. Ohri and Kumar [14]
summarized the self-supervised learning schemes based on deep neural networks and
computer vision tasks. They reported that these methods are more helpful than supervised
learning techniques in performing downstream computer vision tasks such as image
classification, object detection, and image segmentation because they allow the network
to learn from deep visual features. Hamilton et al. [15] also explored neuro-symbolic
AI (NeSy) in natural language processing (NLP), finding that systems that compile logic
into neural networks can meet most NeSy goals with lower computational costs and
higher performance.

Intelligent robots have been implemented in various construction activities such as
site preparation, removing hazardous waste, coating structural elements, and others [16,17].
Despite the usefulness of intelligent robots, they rarely achieve significant productivity due
to construction projects’ uniqueness, complexity, and multidisciplinary stakeholders [18].
Moreover, the dynamic nature of the construction environment can affect the deployment
of intelligent robots on sites [19]. Therefore, in contrast to traditional intelligent robots,
the construction industry could implement HRC, where a task is collaboratively shared
and completed between humans and robots within an environment [3]. For example,
construction workers can participate in task decision-making and planning, while robots
conduct repetitive, demanding activities. AI enabling HRC is not only useful for path
planning, task assessment, and algorithm optimization, but also enhances robot intelligence
and autonomous decision-making. For example, AI can enhance HRC to possess perceptual
intelligence, enabling robots to navigate dynamic environments while human cognitive
and action intelligence can be achieved through computer vision, process mining, and
expert systems [20].
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Existing research has also conducted detailed reviews and empirical analyses of the
challenges of HRC application in construction. Zhang et al. [1] summarized the existing
literature on HRC for on-site construction. They discussed cutting-edge technologies for
potential HRC applications, including adaptive programming, communication methods,
physical interaction interfaces, HRC management, and safety issues. Fu et al. [21] reviewed
the application of HRC in modular construction manufacturing (MCM), highlighting how
HRC can enhance productivity and flexibility in MCM processes. Rodrigues et al. [22] de-
veloped a multidimensional taxonomy to understand and categorize complex interactions
between humans and robots in construction, focusing on three key dimensions: team, task,
and environment. In the context of Construction 5.0, Marinelli [23] conducted a literature
review and bibliometric analysis of HRC in construction, highlighting their challenges and
future directions. Their study also summarized the digital development in the construction
field during Industry 4.0 and proposed prospects for HRC in Construction 5.0. Other re-
views of AI applications in construction have been conducted. Borboni et al. [24] conducted
a systematic review of AI in collaborative robots for industrial applications, providing
various difficulties and future directions for current robots. Pan and Zhang [25] conducted
a scientometric and qualitative analysis of AI in construction engineering and management,
identifying six key future directions. Regona et al. [26] reviewed the application of AI in the
planning, design, and construction phases of the construction project life cycle, identifying
the adoption challenges and opportunities of AI.

It is noteworthy that existing research has focused on the challenges of HRC appli-
cation or the adoption of AI in construction. These studies have discussed the historical
development, status, future directions, and challenges of HRC or AI in the era of Con-
struction 5.0. While there has been a growing interest in either AI or HRC applications
in construction, previous research has predominantly focused on individual challenges
without reviewing HRC concepts in construction from the perspective of AI techniques.
The unique contribution of this research is to conduct a review of AI in HRC in construction,
offering insightful challenges of HRC, AI techniques, and other HRC applications (e.g.,
cognitive and physical knowledge) in construction. It adopted a scoping review and science
mapping analysis to synthesize and identify mainstream topics, research gaps, and future
research directions for AI in HRC applications in construction. The adopted method seeks
to provide inclusive perspectives on emerging issues that address a key research question:
“What are the mainstream topics, research gaps, and future research directions of AI in
HRC in construction?”.

Therefore, this paper aims to conduct a state-of-the-art review of AI in HRC in the
construction industry. The specific research objectives include (1) examining annual re-
search publication trends and conducting a keyword co-occurrence analysis; (2) identifying
mainstream research topics on AI in HRC in construction; and (3) discussing research gaps
and recommending future research directions on AI in HRC in construction.

2. Research Methods
To achieve the stated research objectives, this paper adopted a scoping review and

science mapping analysis to identify relevant articles from the Scopus database and to
generate scientific knowledge data, respectively. The adopted method—scoping review and
science mapping analysis—consists of six steps. The scoping review follows the Preferred
Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines [27]. It
consists of (1) search strategy; (2) literature screening; (3) selection process; and (4) includ-
sion, data extraction, and quality assessment. These processes provided detailed insights
into identifying, selecting, and evaluating relevant articles in the studied domain. In addi-
tion, the science mapping analysis was mainly based on the VOSviewer version 1.6.20. It
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consisted of two additional steps, namely (5) a scientometric analysis and (6) a qualitative
discussion. The science mapping analysis helped to reveal the keyword co-occurrence
analysis and mainstream research topics. An overview of the research method is shown in
Figure 1.

 

Figure 1. Overview of the research methods.

2.1. Search Strategy

The first step is to obtain a preliminary set of documents through a keyword search in
the Scopus database. The Scopus database was chosen because it is widely regarded as a
comprehensive and reliable database with reputable peer-reviewed journals published by
several publishers [28]. Also, the indexing process within the Scopus database is faster and
easier to understand than in other databases [29]. The search was conducted in July 2025.
Without applying any “date range”, the following keywords were used for the search: (AI
OR artificial intelligence) AND (HRC OR human–robot collaboration OR man-machine
interaction OR human-computer interaction). This initial search yielded 758 documents.

2.2. Literature Screening

In the second step, the documents were further screened according to specific criteria.
These include subject area (engineering), document type (conference papers and articles),
source type (conference proceedings and journals), publication stage (final), and language
(English). Since this paper focuses on AI in HRC in construction, only articles from the
“engineering” discipline were selected. Due to the recency of the studied topic, the number
of journal articles currently published was not sufficient for a comprehensive review. There-
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fore, conference papers were also included. Finally, to ensure accuracy and authenticity,
only articles in their final stage were considered. As such, the full search string for Scopus
was: (TITLE-ABS-KEY (AI OR artificial intelligence) AND TITLE-ABS-KEY (HRC OR
human–robot collaboration OR man-machine interaction OR human-computer interaction)
AND (LIMIT-TO (SUBJAREA, “ENGI”)) AND (LIMIT-TO (DOCTYPE, “cp”) OR LIMIT-TO
(DOCTYPE, “ar”)) AND (LIMIT-TO (SRCTYPE, “p”) OR LIMIT-TO (SRCTYPE, “j”)) AND
(LIMIT-TO (PUBSTAGE, “final”)) AND (LIMIT-TO (LANGUAGE, “English”)). After the
screening process, a total of 329 articles were retained.

2.3. Selection Process

Two independent reviewers, BP and MFAA, carefully read the title, abstract, and full
text of 329 articles based on the eligibility criteria set in this study. Any disagreements
were resolved through consensus. The eligibility criteria were designed to exclude articles
(1) that were mistakenly identified and, therefore, not related to “engineering” or published
in a journal or conference proceeding (e.g., Wu et al. [30] was mistakenly identified because
it was not published in a peer-reviewed journal); (2) that had no accessible full text;
(3) that were not related to AI, HRC, or construction—and, therefore, were completely
out of scope [31]—and (4) whose content was partially related to the studied domain. For
example, articles that mentioned AI or HRC but whose application domain was agriculture,
healthcare, space engineering, etc. (e.g., Chu et al. [32] only discussed the applications
in the medical field). Finally, a total of 211 articles were considered to be eligible for a
detailed review.

2.4. Included, Data Extraction, and Quality Assessment

The included articles were further reviewed to extract relevant information (i.e., publi-
cation year, author, title, publication type, method, etc) after conducting a quality assess-
ment. Like previous studies [33,34], a quality assessment checklist consisting of 10 questions
was used to assess the objective, study design, method, and data collection of the 210 arti-
cles. Articles that passed 70 to 100% of the quality assessment checklist were considered for
further evaluation in this study.

2.5. Scientometric Analysis

After the scoping review, 210 articles were used as input variables for the scientometric
analysis. There are many commonly used bibliometric research software packages [35].
The VOSviewer software was selected because it can help reveal current trends, fundamen-
tals, and research hotspots [34,36]. It indicates correlation by providing a distance-based
bibliometric grid visualization. In this paper, the keyword co-occurrence analysis was the
only scientometric analysis that was conducted.

2.6. Qualitative Discussion

The final step is the qualitative discussion, which aims to conduct a further and
more detailed review of the 210 selected articles, involving discussion of concepts, themes,
developments, and findings. In addition, this paper discusses the research gaps and future
research directions for the application of AI in HRC in construction.

3. Results
3.1. Annual Publication Trend of Articles

The bibliographic data of the included articles were analyzed according to the year
of publication. The annual publication trend of the 210 articles was analyzed from 1993
to July 2025, as shown in Figure 2. Before 2016, the number of related articles published
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was relatively stable, with a maximum of seven articles per year. This may be due to
the lower levels of AI development and industrialization during those years. Since 2016,
the number of published articles has sharply increased, a fact that may be due to the
emergence of Industry 4.0, the significant development of AI, and the recent trend of digital
transformation in construction. An increasing number of scholars are paying attention to
AI and HRC, with construction emerging as an area urgently requiring transformation. The
number of articles published from 2018 to 2023 has fluctuated, which may be influenced by
factors such as economic stability and the COVID-19 pandemic. However, it still shows
an upward trend. The number of publications in 2024 was the highest, with a total of
27 articles, representing an increase of 68.75% compared to the previous year. At this point,
there were only 10 published papers on the application of AI and HRC in construction
in July 2025, but it is predicted that this number will increase significantly in the second
half of the year. In summary, research on AI and HRC in construction has been a popular
topic in recent years, and it is expected that the number of related studies will continue to
increase in the coming years.

Figure 2. Annual publication trend of articles related to AI in HRC in construction.

3.2. Keyword Co-Occurrence Analysis

This analysis uses keywords as nodes in a network to illustrate the relationships
between different keywords in the literature to show the composition and structure of
knowledge in the studied field. In VOSviewer, “author keyword” is used as the analysis
unit. From a total of 896 keywords, the minimum occurrence of keywords was set to five,
resulting in 23 keywords. Keywords that have similar meanings were combined (e.g.,
human–robot interaction and human–robot collaboration). After eliminating keywords
with repeated semantics, 16 keywords were finally obtained. Table 1 provides a quantitative
summary of keyword co-occurrence analysis. It can be observed that the topic “human-
computer interaction” has the highest occurrence frequency, with 55 instances, and also
has the second-highest average citation count, 19.44. The “intelligent robot” ranks first,
with an average citation count of 24.33. The terms “augmented reality” and “intelligent
manufacturing” appear only seven and six times, respectively, but they both have the
highest average normalized citation count, at 1.95. The average publication year of “robot
learning” is nearly 2025, indicating that this keyword represents the most cutting-edge
current research direction. The four clusters derived from Table 1 are explained as follows:
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1. Cluster 1 (AI techniques in robotic systems)—The development of AI techniques
(e.g., DL, ML, and NLP) is an important driver of robotic systems. The application
of DL can effectively improve the performance of service robots [37]. The applica-
tion of ML and other AI techniques is crucial for robot gesture recognition, which
facilitates communication between humans and robots [38]. Natural communication
and language understanding play a significant role in the development of robots
and human–machine communication [39]. A typical scenario is that large language
models (LLMs) are also being utilized for voice communication to perform general
tasks [40].

2. Cluster 2 (Extended reality (XR) in HRC applications)—Augmented reality (AR)
and mixed reality (MR) are often closely related technologies in the context of HRC.
Employees can use glasses with MR and AR capabilities to respond appropriately
to scanned components and perform necessary maintenance [41]. A classification
visualization scheme based on MR and AR technology can reduce the cognitive
burden on robots [42]. The integration of VR and AR systems in terms of perception-
decision-making-control can achieve real-time process optimization [43].

3. Cluster 3 (HRC in construction safety)—Safety is a key research concern of HRC.
Mohammadi Amin et al. [44] developed a visual perception system to help robots
recognize human behavior and increase the safety of dynamic changes. Different HRI
models also increase the safety of autonomous vehicles and have a positive impact on
road safety [45].

4. Cluster 4 (Human perceptions in HRC applications)—Trust between humans and
robots is the key to ensuring the safety of HRC. The summary of the trust factors and
advanced trust models helps humans to enhance the level of trust with robots [46].
It was reported that participants have a significant decrease in trust in autonomous
systems when dealing with real-world consequences [47]. Zhang and Yang [48] found
that robots with physical human-like appearance were perceived as having lower
levels of anthropomorphism and intelligence. Furthermore, the design of interaction
functions on robots did not significantly increase these perceptions.

Table 1. Quantitative summary of the keyword analysis of AI in HRC in construction.

Keywords Cluster Occurrences Average
Publication Year Links Average

Citations
Average Normalized

Citations
Total Link
Strength

Artificial intelligence 1 32 2020 13 17.25 1.41 51
Human–robot

interaction 3 55 2018 15 19.44 1.08 45

Intelligent robots 4 15 2023 14 24.33 1.43 38
Collaborative robots 4 12 2024 9 2.83 0.58 23

Industrial robots 4 8 2024 11 0.38 0.15 23
Robot learning 1 5 2025 12 2 0.50 19

Machine learning 1 14 2020 10 5 0.41 19
Large language model 1 6 2024 12 6.33 1.40 17

Robotics 1 11 2019 8 8.73 1.37 17
Virtual reality 2 7 2023 8 11.43 1.15 15

Smart manufacturing 1 6 2024 11 9.83 1.95 14
Trust 3 7 2021 7 3.29 0.79 13

Social robots 1 6 2019 8 9.33 0.46 13
Augmented reality 2 7 2022 7 15.71 1.95 10
Computer vision 1 5 2024 7 3 0.56 7

3.3. Countries/Regions Co-Occurrence Analysis

After setting the minimum number of documents for each country to five and the
minimum citation to five, 14 out of 41 countries met this threshold. Figure 3 shows a
network of co-occurrence analysis for these 14 countries/regions. The countries/regions
shown in Figure 3 are divided into several nodes. It was found that the United States,
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Japan, China, Germany, and the United Kingdom are among the top five countries/regions
in the research field.

Figure 3. Network of countries/regions co-occurrence analysis.

Table 2 summarizes the contributions of various countries/regions to the application
of AI and HRC in construction. Among them, the United States has the most relevant
articles, with 66 publications and the highest citation count of 1397. It has close relationships
with other countries and is at the forefront of theory or application in this field. Japan
ranks second with 23 articles. Next, countries/regions such as China (20 articles), Germany
(17 articles), and the United Kingdom (15 articles) have also made significant contributions
to the number of published articles. From this, we can infer that economically developed
countries/regions have more relevant articles than relatively developing countries/regions,
indicating that developed countries/regions pay more attention to research on AI and HRC
technologies in construction.

Table 2. Quantitative summary of countries/regions co-occurrence analysis.

Country Documents Citations Norm. Citations Total Link Strength

United States 66 1397 73.59 11
Italy 13 65 12.57 9
Spain 9 124 8.66 9

United Kingdom 15 160 10.15 7
China 20 80 20.39 6
Japan 23 273 14.26 5

Denmark 6 41 6.17 5
Germany 17 170 10.07 4

Greece 6 55 7.76 3
Turkey 7 68 3.90 3

Switzerland 5 204 11.15 2
South Korea 8 92 9.06 2

France 6 79 3.27 1
Canada 7 50 5.11 1

4. Discussion
4.1. Mainstream Topics of Articles

Figure 4 presents the mainstream topics of the included articles. As shown in Figure 4,
the articles were categorized into four main aspects: 49 articles focused on AI techniques
and applications (23%), 14 articles focused on the use of extended reality (XR) in HRC
(7%), 27 articles were related to the challenges of HRC (13%), and 120 articles focused on
the application of HRC in architecture, engineering, and construction (AEC) (57%). Of
the articles on AI, only four articles are reviews, and the remaining articles all provide
AI-based solutions to specific problems. Approximately half of the XR articles present
reviews of existing work or visions of future potential, and the other half were about
related technologies. Regarding the challenge section, only seven articles address specific
technologies, and the rest are technical issues facing HRC applications. Lastly, in the HRC
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articles, different HRC models and schemes are introduced, while also emphasizing the
importance of using HRC technology and integrating AI into AEC research problems.

Figure 4. Mainstream topics of AI in HRC in construction.

4.1.1. AI Techniques and Applications

A total of 49 articles focused on AI techniques such as ML, DL, NLP, and others.
Only two articles reviewed existing literature, and the other articles introduced how AI
techniques could be applied in HRC.

1. Machine learning (ML)
ML is a major branch of AI techniques. It enables computers to make predictions or
decisions about new data by learning patterns and features from data using algorithms.
The most popular type of ML algorithm discussed in the articles is neural networks
(NN). This computational technique, inspired by biological nervous systems, mimics
how the human brain processes information. Of the 16 articles discussing ML, seven
dealt with the use of different types of NN, including traditional NN and artificial
neural networks (ANN). For example, Zhang et al. [49] collected facial motions
through a facial motion unit analyser to provide data input to the feedforward NN.
Supervised ML algorithms (e.g., random forest (RF), support vector machine (SVM),
K-nearest neighbor (KNN), etc), reinforcement learning, and transfer learning were
applied in previous HRC studies to develop HRI models or frameworks. For example,
Sugiyama et al. [50] used a model based on RF to estimate the response obligation in
human-computer multi-party dialogue. The experiment shows that, compared with
the traditional methods, this model reduces the false response rate to 17.3%, a decrease
of 21% from the baseline, and increases the F1 score by 9.2%. Wang et al. [51] used
KNN to build a real-time framework for human intention estimation and cooperative
motion planning of robotic manipulators. Liu et al. [16] proposed a physiological
HRC framework to enhance safety during construction tasks based on ML algorithms.

2. Deep learning (DL)
DL is a subfield of ML that relies primarily on the structure of NNs. DL models
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can automatically learn complex representations from large datasets without the
need to manually extract features. The most frequently discussed DL model in the
included articles was convolutional neural networks (CNNs). Other topics such
as image semantic analysis, agent model, and active learning were also discussed.
CNN has strong learning and data processing abilities; therefore, it is mostly used
to solve problems in complex situations or to improve the interaction and enhance
the ability of HRC. For example, CNNs were used to improve the accuracy and
real-time performance of gesture recognition in complex environments [52]. Their
research employed stacked convolutional layers and an improved bottleneck block for
feature extraction. Compared to traditional models, its efficiency increased by 54%,
and in the 3D space capture experiment, the success rate reached 98.5%. CNN was
also used to support HRI frameworks and improve the perception level of HRC [44].
Garcia et al. [53] developed an HRC framework based on CNN to sense and predict
collaborative workspace and human behavior captured from RGB camera data for
decision-making on an assembly process. For other DL models, Toda and Kubota [54]
used spiking neural networks (SNNs) with high energy consumption properties
combined with time series location data of people and objects to estimate human
behavior. Guinot et al. [55] used a variable long short-term memory (LSTM) of the
recurrent neural network (RNN) model to analyze and learn subtle cues in human
movement. The experiment showed that the success rate for the wiping task was 93%,
for the grasping and placing task it was 90%, and for the combined task it was 79%.
In industrial settings, on assembly lines, it is possible to reduce worker distraction
by 40%. Image semantic analysis enriched with knowledge-level spatial information
was used to assist robots in making navigation choices [56] or verbal and gesture
interactions [57].

3. Natural language processing (NLP)
NLP aims to enable computers to understand, interpret, and generate human lan-
guage, covering several techniques from basic string processing to complex semantic
understanding and generation. In the included articles, NLP is mainly used as a
foundational method to form a system or environment. Examples include natural,
humanized conversation environments driven by NLP that embed dialogue strategies
into the generation of human–machine dialogue strategies [58], and agile integrated
approaches to HMI and knowledge management [59]. In addition, the Transformer
architecture is also widely applied in NLP. Schirmer et al. [60] integrated a transformer-
based NLP model for safety hazard identification during assembly steps through a
decision-making process by human safety experts. In recent years, LLMs have devel-
oped rapidly. Ranasinghe et al. [40] developed a voice interaction framework based
on LLMs, which helps robots collaborate. Research based on GPT-4o has proposed a
dual-agent LLM framework. Compared with the traditional single-agent framework,
the error detection rate has increased by 93.5%, and the task completion rate has
increased by 141.7%.

4. Fuzzy techniques
Fuzzy logic is a type of logic system that deals with uncertainty and fuzzy concepts.
It is widely used in natural language description, uncertainty in human decision-
making process, and modeling of complex systems. For example, fuzzy logic was
combined with robotics to propose a damping controller that improves the safety
of HRC [61]. For instance, by combining fuzzy logic with robotics technology, a
damping controller was proposed, which enhanced the safety of HRC [61]. Under the
condition of a sudden load increase, the speed overshoot decreased by 42%, and the
power fluctuation range was reduced to ±2.3W. However, there is still a delay in the
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high-speed task. Jiang and Wang [62] proposed a fuzzy logic controller to design a
human decision-making model that encompasses psychological risk effects involving
tasks between humans and robots.

4.1.2. The Use of Extended Reality (XR) in HRC

There were 14 articles on XR, mainly covering AR, Virtual Reality (VR), MR, and
other aspects. The level of interest in these topics was relatively evenly distributed across
the articles. Symmetric reality (SR) was less studied and could be a new direction for
further studies.

1. Augmented reality (AR)
By superimposing virtual information into the visual presentation of the real world,
AR creates a rich and deep interactive environment for users. In the included articles,
AR was combined with AI and other technologies for HRC applications [63] and to
enhance the flexibility and adaptability of operating systems [64].

2. Virtual reality (VR)
VR creates a completely virtual environment where users are fully immersed in this
computer-generated world via a head-mounted display (HMD). In the included
articles, VR was mainly used to assist in the recognition of realistic robots [65] and to
improve the working ability (operational capacity) and efficiency of robots [66].

3. Mixed reality (MR)
MR technology is a combination of VR and AR which not only superimposes virtual
images on the user’s real environment, but which can also interact with the real world.
In the included papers, MR is mainly applied to assisted robot interaction [67] and the
construction and verification of hybrid map frameworks [42]. This MR environment
that integrates virtual and real elements can achieve bidirectional interactive control
between physical robots and virtual avatars, ensuring the safety and traceability of
multimodal interaction [43].

4. Symmetric reality (SR)
SR is a relatively new concept in the field of XR, which explores a more balanced
way of HRC, which is neither completely dominated by the real world nor the virtual
world. Instead, it emphasizes balance and symmetry between the two realms. Among
the included articles, there is only one study on SR, focusing on the analysis of task
definition. In the SR application, the robot is seen as a virtual agent with the same
status in the physical environment. As such, HRC in SR is a process of equivalent
interaction between two virtual and physical environments [68].

4.1.3. Challenges of HRC

Based on the included articles, this paper identified four key challenges of HRC
applications, namely, trust, safety, ethics, and fairness.

1. Trust
The issue of trust is a key challenge affecting technology acceptance and the effec-
tiveness of cooperation. Research on trust issues accounts for more than half of the
27 articles on the challenges of HRC. Trust between HRC is multifaceted, covering
everything from design and emotion to generational differences and methodological
considerations. The degree of trust generated by users based on perception may affect
the shape design of humanoid robots [48]. St-Onge et al. [69] designed a reverse inter-
face for robots to act as real controllers in HRC through experiments. For emotions,
Guo et al. [70] explored how human trust in robots can be improved by designing
robots to actively reason and respond to human emotions and trust levels in shared
tasks. Robb et al. [71] reported on different generations’ perceptions of robotics and
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AI, pointing out the subtle nature of trust between different age groups. Research
has shown that trust is a key component to the acceptance and effective use of AI
and HRC systems, and future studies are needed. Parron et al. [72] developed a
database to calculate and analyze the relationship between robot performance factors
and human trust levels.

2. Safety
Safety issues ensure the welfare of workers’ lives, the implementation of technology,
and the progress of projects. Technological advances are important in ensuring the
safety of modern production systems, with a focus on control safety measures and
physical robotic assistance to protect human workers in complex manufacturing
environments. Islam and Lughmani [73] investigated the strategies to improve the
safety of cyber-physical production systems (CPPS), highlighting the potential risks
involved. Cen et al. [74] proposed a framework for mobile robotic arms designed to
assist human workers, addressing a range of safety concerns by providing robotic
support that can adapt to dynamic industrial environments. Beyond that, attempts
to give robots human-like senses are effective. Perception modules based on vision
and touch can largely measure the distance between humans and robots and adjust
the speed of robots. Mohammadi Amin et al. [44] developed a vision-based system
to detect intentional and accidental interactions between humans and robots, which
can improve safety and the robot’s perception of human intentions. Islam et al. [75]
have developed a flexible connection decision-making framework for Cyber-Physical
systems, which is capable of responding promptly to dynamic changes and resisting
sudden dangers.

3. Ethics
Ethical issues are not only about the application of technology but also about social
norms, principles, and values. Morality and ethics can affect the public’s trust and
acceptance of HRC. Consequently, several articles have explored various dimensions
of ethics. For example, Komatsu [76] revealed the moral responsibility of AI devel-
opers and the public’s expectations of AI for ethical decision-making by comparing
how people with different responsibilities in a task judge moral error. Lewis and
Minior [77] discussed multiple forms of ethical deliberation based on ontology, which
have played a role in studying the ethical and social implications of HRC. Metzler and
Lewis [78] highlighted the role of personal morality and religious beliefs in shaping
the social integration of robots. However, at the same time, there are still many ethical
challenges associated with AI. For instance, Dajani, et al. [79] pointed out that in the
HRC, machines might obtain supervisory rights, leading to excessive collection of
personal data and threatening privacy rights and autonomy. Algorithmic bias may
be embedded in robot learning systems, leading to discriminatory decisions, and the
existing legal framework is difficult to clearly define liability [80].

4. Fairness
The decisions, behaviors, and interactions of AI systems need to ensure that they are
fair to all users and free from bias and discrimination. Claure et al. [81] encouraged
researchers to use existing theories, practices, and formalized equity indicators to
promote fairness in HRC and transparency in AI. Londono et al. [80] proposed a
framework for classifying the sources of bias and the resulting types of discrimina-
tion. They also studied scenarios of unfair outcomes and strategies for mitigating
these situations.
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4.1.4. Application of Human–Robot Collaboration (HRC) in Architecture, Engineering, and
Construction (AEC) Sector

In this study, 120 articles were reported on HRC applications within AEC. Figure 5
illustrates the distribution of research articles into six HRC applications in the AEC sector.
They include system, framework, platform, screen, index, and solution.

Figure 5. Number of articles on HRC applications in AEC.

1. System
In HRC, the system refers to the overall computing environment where users interact,
which can include hardware, software, user interfaces, and underlying supporting
technologies. In this paper, HRC-related systems have a high diversity and depth,
reflecting the characteristics of interdisciplinary integration in this field. For example,
Podpora et al. [82] designed a custom Internet of Things (IoT) subsystem to obtain
information before the actual interaction occurs. Othman and Yang [83] outlined
the HRC system to solve the collaborative interaction requirements of humans and
robots in intelligent manufacturing. Jaroonsorn et al. [84] proposed a robot control
system for collaborative object-handling tasks. Liang et al. [85] proposed a digital twin
(DT) framework that can simulate and optimize human–machine collaboration on
building construction sites in real time. The digital binary-based system proposed by
Lee et al. [86] enabled dynamic robots to rapidly perform adaptive task assignments in
construction environments. Ryu et al. [87] combined bionics and dynamics to develop
a humanoid robot system that enables robots to carry out more accurate path planning
in complex built environments.

2. Framework
Frameworks typically guide the collection of theories, methods, and tools that are
used to design, implement, and evaluate interactions between users and computer
systems. The articles can be categorized based on the following types of frameworks.
(1) Operation and control framework. Wang and Zhu [88] proposed a visual-based
framework to capture and interpret the gestures of construction workers. (2) Cogni-
tive and learning frameworks. Shukla et al. [89] developed a robot framework that
uses graph data to encapsulate knowledge structure and realizes new task learning
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through knowledge transfer. (3) Theory and application development framework.
Breazeal et al. [90] proposed a theoretical framework based on joint intention theory
and cooperative discourse theory that allows humans to use speech, gesture, and
expression cues to cooperate with humanoid robots to complete joint tasks. Peltason
and Wrede [91] combined insights from dialogue modeling with software engineering
requirements for robotic systems to propose a generalized framework that can be
applied to new scenarios. Scibilia et al. [92] developed an ANN framework that helps
robots predict human intentions during collaborative operations.

3. Platform
A Platform usually refers to the hardware and/or software environment that supports
the running of software applications. Platforms typically provide a set of tools,
services, and standards that enable developers and users to build, run, and interact
with the environment. In the included articles, platforms can be divided into the
following types. (1) Robot platform: robotic solutions for assisting HRC and personal
care [93]. (2) Digital cloud platform: it communicates through a 5G network, transmits
mechanical parameters and construction instructions of unmanned bulldozers, and
achieves ultra-low-delay earth-moving monitoring [94]. (3) HRI platform: a platform
that enables HRC in industrial tasks [58] (4) Database: constructing a conversational
corpus [95].

4. Interface
An HRC interface is a medium between a user and a computer or machine to facilitate
effective communication and interaction. Some of the included articles focused on new
HRC operating interfaces, such as user interfaces for autonomous vehicles [96], and
intelligent human–machine interfaces that recognize human gestures and hand/arm
movements [97]. Construction workers can use a manual interface to control the force
to guide the robot to install the glass [98]. Other studies focus on technical aspects,
such as fusing information on and around video windows [99].

5. Index
In the field of HRC, it is very important to evaluate the quality of robotic systems
and interactions. These metrics help researchers and developers quantify and eval-
uate robot performance, the effectiveness of interactions, and user experience and
satisfaction. The articles include research related to metric development [100,101],
collation [102], and overview [103]. Park et al. [104] expanded the TAM-IDT model,
improved the understanding of architects on the intention to use HRC, and found the
tendency of perceived usefulness and perceived ease of use.

6. Solution
Some of the included articles focused on technologies, methods, systems, or proce-
dures designed to solve specific problems or needs, which are collectively referred
to as solutions. These solutions include but are not limited to (1) HRC technologies
and methods [41]; (2) robot control and intent expression (e.g., knowledge transfer
and robot control [105]); (3) interactive perception and cognition (e.g., joint atten-
tion and non-verbal cues [106]); and (4) communication and comprehension (e.g.,
Communication-based Discourse understanding model [107]). In the construction
sector, collaborative robots are widely used to replace workers performing dangerous
tasks. Xu et al. [108] used semi-autonomous robots for high-altitude drilling and
ceiling drywall installation in project management.

4.2. Research Gaps of AI in HRC in Construction

With the gradual application of AI techniques in HRC in construction, the problems
caused by different technologies and the integration of several advanced technologies can
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be revealed. For example, the robustness of AI systems is often insufficient. The planning
and execution of AI techniques are not always compatible with industrial paradigms.
Hidden ethical issues need to be considered when using AI, and the initiative of robots
under the auspices of AI still needs improvement. Figure 6 summarizes the main research
gaps of AI in HRC in construction.

Figure 6. Research gaps of AI in HRC in construction. Note: AI = Artificial Intelligence;
HRC = Human–Robot Collaboration; XR = Extended Reality.

4.2.1. Problems Related to AI Applications

AI provides several key advantages and innovations to enhance the performance of
HRC, which greatly improves the user experience and interaction efficiency. However,
several challenges remain in the application of AI. The application of AI requires innovative
approaches to address current limitations. The current research methods mainly rely on
large datasets but lack the integration of domain knowledge and human expertise with deep
learning models, and the generalization ability remains questionable [109]. For instance,
when an operator suddenly requests the robot to grasp a tool that is not included in the
training data, the system can detect it, but with limited accuracy [110]. This indicates
that AI performs inconsistently when facing unforeseen objects in HRC. AI has limited
autonomy enhancement for robots. Solutions to applicable problems have been extensively
studied, but the implementation of a truly autonomous robot remains an issue that opens
exciting possibilities for future research [111]. Future studies should also explore how the
robustness of the system could be addressed. For example, meta-reinforcement learning
and improving learning strategies through data can reduce the need for interaction and
cognitive load training [112]. It is necessary to consider the integration of cognition to
adapt the capabilities of HRC, and solutions for different scenarios [63]. Several crucial
research questions require further investigation:

1. How can domain knowledge and human expertise be systematically integrated into
AI models to compensate for limited training data?

2. How can AI-driven robots achieve context-aware decision-making without constant
human intervention?

3. How can meta-learning strategies generalize robustness across diverse HRC scenarios
without task-specific retraining?

4. What standardized frameworks or modular designs would enable scalable, interoper-
able AI systems for HRC across industries?

4.2.2. Limitations of Extended Reality (XR)

The XR field is experiencing significant growth and development and is often cross-
applied with AI and HRC fields [63,66]. However, there are still some limitations in the
application of XR, which hinder its wide application. For example, flexibility in the plan-
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ning and execution of most applications should be combined with industrial safety, and
the assessment of risks should be updated and improved promptly. However, the risk
assessment procedures currently used in the industry struggle to keep up with the flexibility
of the new paradigm [64]. Real-time optimization and reverse control are challenging to
implement. In the actual assembly environment, if the index scores are not satisfactory, the
module needs to be re-planned and analyzed. This iterative optimization requires frequent
switching between the virtual and physical systems, which may cause the assembly process
to be interrupted and affect the overall efficiency [43]. Limited hardware computing, partic-
ularly GPUs in AR devices, restricts the ability to render high-quality, large-volume data
for calculations and simulations. Although performance can be improved by optimising
the model and reducing the capacity data [65], computing power still affects the quality
and speed of data processing. With the advancement of AI and HRC, some new areas, such
as SR, are proposed. Because the absolute independence of the virtual agent has never been
created, its hidden problems, such as ethical issues, should be anticipated and addressed
proactively [68]. As a new field, SR has many technical challenges, but its concept has
bright prospects. Several crucial research questions require further investigation:

1. How can real-time risk-monitoring systems be designed to align with the flexibility of
industrial XR applications?

2. What hardware innovations (e.g., edge computing, neuromorphic chips) could over-
come GPU bottlenecks in AR/VR devices?

3. How should interdisciplinary guidelines (e.g., ethics-by-design for virtual agents) be
structured to preempt emergent risks?

4.2.3. New Challenges for HRC

In Section 4.1.3, we categorized the challenges into four perspectives: trust, safety,
ethics, and fairness. They solve different problems and promote the development of
different fields, but at the same time, there are still some shortcomings. For trust, researchers
have developed different models or used new AI techniques such as the online application
of extreme learning machine (ELM) models to process facial expressions [70], or the use
of a ChatGPT 3.5 robot assistant to judge negative comments [113]. Gualtieri et al. [114]
developed a preliminary design guideline for cognitive ergonomics using a seven-step
approach. The number of participants in the expert survey was relatively small (N = 108),
which might have an impact on the generalizability of the results in terms of statistics. More
considerations and samples are needed for future research. To address these problems,
future research should include a wide range of settings and actors [47], improve the
accuracy of communication [113], and increase datasets [48]. In the included articles,
AI technologies such as ML are often used as frameworks to solve safety problems [73].
However, there is a need for more innovative frameworks to provide comprehensive
solutions. Researchers should use new technologies such as cloud-based systems and
semantic systems to enhance system functionality and customization [73], or systems that
can integrate multiple functional modules [74]. In ethical philosophy, religious belief is often
regarded as an important factor affecting moral behavior and values. As a new technology,
users’ acceptance of HRC would be affected by the differences in religious beliefs [78].
Therefore, the development and application of related services should still consider the issue
of ethical differences and applicability. In addition to the AI framework, interdisciplinary
norms are also necessary. For instance, the collaborative formulation of norms from
disciplines such as law and medicine can establish implementable fairness standards and
ethical guidelines [79,80]. Several crucial research questions require further investigation:

1. What methodologies (e.g., synthetic data augmentation, active learning) can optimize
sample efficiency while ensuring model generalizability across diverse HRC scenarios?
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2. How can modular design principles enable frameworks to evolve with emerging
technologies (e.g., quantum computing, embodied AI)?

3. What cross-cultural ethical benchmarks (e.g., region-specific value hierarchies) should
guide HRC design to mitigate religious or ideological biases?

4.2.4. Research Gaps in HRC

With the increasing maturity of different technologies, HRC has been gradually applied
to different scenarios, but some studies have also identified the limitations of its current
development. The commonly used facial recognition technology requires a large amount
of work, and the efficiency of the robot is not guaranteed at present. Val-Calvo et al. [115]
suggested that improving the robot’s autonomy requires a fundamental restructuring of
the approach to this problem. In addition, the knowledge modules of robots are still
relatively segmented, and one of the future directions of HRC is combining different kinds
of knowledge to make it skilled and qualified to help humans complete collaborative
tasks. This could involve combining cognitive and physical knowledge [116] or integrating
physical knowledge with a mathematical background [87]. With the increasingly close
interaction between AI and HRC, high-quality data integration is the core of this field. This
allows ML algorithms to learn from many user interactions and explore new areas [117].
However, in the research from waste to creative robot design, Gkournelos et al. [118] found
that under the influence of economic assessment and various interference factors such as
dust and vibration in the industrial environment, there are multiple obstacles from the
laboratory prototype to actual application. Furthermore, fusion technology may become
an important way to solve problems in this field [119]. At present, most robots based on
NLP still have difficulty understanding the logic and human intention of complex tasks,
and robots are weak in integrating different types of knowledge [116]. SR technology has
broad prospects but still faces many challenges, such as technical complexity and data
processing [68]. For the construction scene with high personnel density and complex work,
safety is also the focus of attention. For example, the occurrence of accidents caused by
high-frequency interaction between workers and robots is a persistent problem [120]. It
is difficult for agents to interpret and act with the currently designed programs. With the
development of new technologies, ethics has also become a mainstream issue that needs to
be addressed. Several crucial research questions require further investigation:

1. How can adaptive control algorithms be designed to dynamically balance speed and
precision in human–robot collaborative environments?

2. How should knowledge representation frameworks (e.g., ontologies, graph databases)
be standardized to enable interoperability across diverse robotic systems?

3. Where can domain-specific, ethically sourced datasets (e.g., construction sites, health-
care) be systematically curated to reflect real-world HRC complexities?

4.3. Future Research Directions for AI in HRC in Construction

Through keyword co-occurrence analysis, qualitative discussion of mainstream topics,
and research gaps, Figure 7 proposes a research framework for future research directions of
AI in HRC in construction. Notably, these research trends have some intersections rather
than independence. For example, a data library of interaction patterns and components, as
well as multi-modal interactions, can improve the user experience of seamless integration
of real and virtual environments. The future of AI in HRC in construction can be foreseen
in several directions, including:

1. Improve future robots’ understanding of human intentions and needs through AI
technologies (e.g., NLP and improved perception systems).
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2. Equip robots with more advanced learning algorithms to enable them to learn from
experience and optimize their performance by allowing automatic adjustment of
behavioral strategies in response to changing tasks and new operating environments.

3. Integrate advanced security protocols and ethical decision-making frameworks for
supervising robot behavior.

4. Develop an interdisciplinary development framework for HRC systems to help de-
velop humane, safer, and ethical cooperative robots to adapt to the rapidly changing
construction environment.

5. Implement strict ethical standards and review mechanisms to establish and improve
the transparency, reliability, and consistency of HRC systems.

6. Use of XR technologies to simulate construction tasks for planning and training,
problem identification, and optimizing HRC strategies.

7. Use of SR to promote the integration of physical space and virtual space, and develop
intelligent building systems that allow users to perceive and operate virtual elements
in physical space, such as viewing building models through AR to facilitate planning
and layout.

8. Wearable devices can be used to monitor the user’s physiological state and robot
systems in real time, where the operation of the robot is to adapt to the user’s current
health state and stress level.

9. Integrate different types of technologies such as IoT, big data, and cloud computing to
enable functions such as task management, data analytics, and resource optimization.

Figure 7. Future research trends of AI in HRC in construction. Note: AI = Artificial Intelligence;
HRC = Human–Robot Collaboration; AEC = Architecture, Engineering, and Construction.

5. Conclusions
This paper presents a review of AI in HRC in construction and identifies the main-

stream topics, research gaps, and future research trends. By searching articles from 1993 to
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July 2025, 210 articles were retrieved from the Scopus database. The adopted method com-
bined a scoping review and science mapping analysis. The results found four mainstream
topics including AI techniques and applications, the use of XR in HRC, the challenges of
HRC, and the application of HRC in the AEC. Moreover, four main research gaps were
summarized. They include (1) problems related to AI applications, (2) limitations of XR,
(3) new challenges for HRC, and (4) research gaps of HRC. Based on the research gaps,
this paper summarizes the future research directions related to AI in HRC in construction.
The findings of this would help researchers and construction practitioners understand how
AI and HRC would impact construction resources and processes. The following section
discusses the theoretical and practical contributions of the research as well as its limitations.

5.1. Contribution to Theory

This study conducts a review on the application of AI in HRC in the construction
industry, aiming to discuss current research topics, identify research gaps, and recommend
future research directions. Although existing literature has extensively explored the techni-
cal realization of HRC and the independent application of AI, there is a lack of in-depth
analysis of the collaborative mechanisms of AI-enabled HRC in construction scenarios,
especially on how to balance human decision-making and machine autonomy in dynamic
construction environments. Through keyword co-occurrence analysis, country/region
co-occurrence analysis, and qualitative discussion, this study identified four mainstream
research topics and constructed a framework for future research directions. This study
depicts the evolution of the research focus and reveals how different AI technologies, such
as ML, DL, NLP, and fuzzy logic, are integrated into the HRC system. This comprehen-
sive methodological approach not only highlights the transparency and reliability of the
included articles but also captures the interdisciplinary connections, thereby providing
support for the panoramic presentation of AI-driven HRC research. With the support
of advanced technologies, it will promote the paradigm shift of construction HRC from
instrumental assistance to cognitive collaboration, solving more related problems.

5.2. Contribution to Practice

The study adopted a combined approach of scoping review and science mapping
analysis on the application of AI in HRC in the construction industry. The results of this
review provide in-depth insights for construction stakeholders to understand the most
advanced AI technologies used in human–robot collaborative construction tasks, laying a
reference for the development of the next generation of intelligent construction systems.
For example, the analysis of keywords and countries provides a reference guide for other
scholars to conduct similar literature searches in this research field. The main research
themes identified offer valuable insights for practitioners and scholars to discover more
practical applications of using AI in human–machine interaction tasks. Additionally, the
proposed future research directions enable researchers to address current research gaps,
expand research development, and contribute to the existing body of knowledge. Finally,
since AI technology can be widely applied in various scenarios, this review provides an
opportunity to explore the proposed research directions.

5.3. Limitations of the Study

As with other reviews, this paper has some limitations. First, it excludes the most
recent studies from July 2025 and beyond, and most of the included articles were published
in conference and journal sources; thus, it may impact the reported results in this study.
Therefore, future reviews should consider other sources (e.g., book chapters, trade journals)
and recently published articles. Secondly, since the sample articles were limited to the
engineering field, the results may not be generalized to other fields. Future reviews should
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consider expanding the scope to various fields and databases, thus providing a more
comprehensive study. Lastly, this paper only considered relevant journal and conference
articles retrieved from the Scopus database. As such, there may be limited sources that
could affect the number of included articles. Consequently, future studies could consider
other databases such as Web of Science, IEEE Xplore, and others.

Author Contributions: Conceptualization, M.F.A.-A. and B.P.; methodology, M.F.A.-A.; software, B.P.
and M.F.A.-A.; validation, B.P.; formal analysis, B.P. and M.F.A.-A.; investigation, B.P. and M.F.A.-A.;
resources, B.P. and M.F.A.-A.; data curation, B.P. and M.F.A.-A.; writing—original draft preparation,
B.P.; writing—review and editing, B.P., M.F.A.-A., B.M., E.B., E.N.A.A. and Z.W.; visualization,
B.P., M.F.A.-A., B.M., E.B., E.N.A.A. and Z.W.; supervision, M.F.A.-A., B.M., E.N.A.A. and Z.W.;
project administration, M.F.A.-A. All authors have read and agreed to the published version of
the manuscript.

Funding: This research received no external funding.

Data Availability Statement: All data analyzed during this study are available from the correspond-
ing author upon reasonable request.

Acknowledgments: The authors are grateful to the Department of Civil Engineering, Aston Uni-
versity, UK, for supporting this research. The authors are also grateful to the Editor and reviewers
for their comments to improve the quality of this paper. This paper forms part of the first author’s
research project where similar research backgrounds but different scopes and/or analyses may have
been published.

Conflicts of Interest: The authors declare no conflicts of interest.

References
1. Zhang, M.; Xu, R.; Wu, H.; Pan, J.; Luo, X. Human–robot collaboration for on-site construction. Autom. Constr. 2023, 150, 104812.

[CrossRef]
2. Bauer, A.; Wollherr, D.; Buss, M. Human–robot collaboration: A survey. Int. J. Humanoid Robot. 2008, 5, 47–66. [CrossRef]
3. Wei, H.H.; Zhang, Y.; Sun, X.; Chen, J.; Li, S. Intelligent robots and human-robot collaboration in the construction industry: A

review. J. Intell. Constr. 2023, 1, 1–12. [CrossRef]
4. ec.europa.eu. (n.d.) Accidents at Work Statistics. Available online: https://ec.europa.eu/eurostat/statistics-explained/index.

php?title=Accidents_at_work_statistics#Incidence_rates (accessed on 1 January 2020).
5. Tomori, M.; Ogunseiju, O.; Nnaji, C. A Review of Human-robotics interactions in the construction industry. In Proceedings of the

Construction Research Congress, Des Moines, IA, USA, 20–23 March 2024; pp. 903–912. [CrossRef]
6. Ahsan, S.; El-Hamalawi, A.; Bouchlaghem, D.; Ahmad, S. Mobile technologies for improved collaboration on construction sites.

Archit. Eng. Des. Manag. 2007, 3, 257–272. [CrossRef]
7. Simmons, A.B.; Chappell, S.G. Artificial intelligence-definition and practice. IEEE J. Ocean. Eng. 1988, 13, 14–42. [CrossRef]
8. Voulodimos, A.; Doulamis, N.; Doulamis, A.; Protopapadakis, E. Deep learning for computer vision: A brief review. Comput.

Intell. Neurosci. 2018, 2018, 7068349. [CrossRef]
9. Mirzaei, K.; Arashpour, M.; Asadi, E.; Masoumi, H.; Bai, Y.; Behnood, A. 3D point cloud data processing with machine learning

for construction and infrastructure applications: A comprehensive review. Adv. Eng. Inform. 2022, 51, 101501. [CrossRef]
10. Fernandes, L.L.D.A.; Costa, D.B. A conceptual model for measuring the maturity of an Intelligent Construction Environment.

Archit. Eng. Des. Manag. 2024, 20, 1403–1426. [CrossRef]
11. Li, Y.; Antwi-Afari, M.F.; Anwer, S.; Mehmood, I.; Umer, W.; Mohandes, S.R.; Wuni, I.Y.; Abdul-Rahman, M.; Li, H. Artificial

intelligence in net-zero carbon emissions for sustainable building projects: A systematic literature and science mapping review.
Buildings 2024, 14, 2752. [CrossRef]

12. Wang, J.; Antwi-Afari, M.F.; Tezel, A.; Antwi-Afari, P.; Kasim, T. Artificial Intelligence in Cloud Computing technology in the
Construction industry: A bibliometric and systematic review. J. Inf. Technol. Constr. 2024, 29, 480–502. [CrossRef]

13. Zhang, X.; Antwi-Afari, M.F.; Zhang, Y.; Xing, X. The impact of artificial intelligence on organizational justice and project
performance: A systematic literature and science mapping review. Buildings 2024, 14, 259. [CrossRef]

14. Ohri, K.; Kumar, M. Review on self-supervised image recognition using deep neural networks. Knowl.-Based Syst. 2021, 224,
107090. [CrossRef]

https://doi.org/10.1016/j.autcon.2023.104812
https://doi.org/10.1142/S0219843608001303
https://doi.org/10.26599/JIC.2023.9180002
https://ec.europa.eu/eurostat/statistics-explained/index.php?title=Accidents_at_work_statistics#Incidence_rates
https://ec.europa.eu/eurostat/statistics-explained/index.php?title=Accidents_at_work_statistics#Incidence_rates
https://doi.org/10.1061/9780784485262.092
https://doi.org/10.1080/17452007.2007.9684647
https://doi.org/10.1109/48.551
https://doi.org/10.1155/2018/7068349
https://doi.org/10.1016/j.aei.2021.101501
https://doi.org/10.1080/17452007.2024.2364693
https://doi.org/10.3390/buildings14092752
https://doi.org/10.36680/j.itcon.2024.022
https://doi.org/10.3390/buildings14010259
https://doi.org/10.1016/j.knosys.2021.107090


Buildings 2025, 15, 3060 21 of 25
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