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Enhancing Sustainability and 
Construction Safety Research in 
the Era of Artificial Intelligence
Construction remains one of the most hazardous global industries, with worker fatalities 
occurring approximately every 99 min. However, safety is intrinsically linked to broader 
project performance; a truly safe construction site is hazard free, organized, and efficient, 
thereby minimizing waste and resource depletion. In response, a growing body of research 
has explored the use of advanced technologies, such as machine learning, robotics, wear
able, and immersive visualization, to synergize safety improvements with sustainable build
ing practices. In this article, we systematically review 165 peer-reviewed articles in the era 
of artificial intelligence (AI) that capture how technologies have evolved to address the 
dual imperatives of safety and sustainability in response to technology-driven transforma
tion. To analyze this inflection, the article develops a four-domain taxonomy spanning AI, 
visualization, surveillance, navigation and collaboration, and wearable technology each 
mapped against both earlier and recent research studies. Crucially, we highlight emerging 
dual-utility applications, such as the use of “green digital twins” for real-time lighting 
optimization and UAVs for building envelope energy auditing. By mapping this transition, 
this article provides a grounded perspective on current capabilities, identifies research 
practice gaps, and supports informed decision-making for the implementation of future- 
integrated safety and sustainability technologies. The insights derived are aimed at sup
porting researchers, technology developers, and industry professionals to guide future 
integration of advanced, sustainable construction safety practices. Our review identifies 
recurring themes in the recent studies, including the integration of real-time sensing, 
multimodal data fusion, and user-centered system design. It also highlights unresolved 
challenges related to cross-project generalizability and long-term field adoption. By offer
ing this structured analysis, the review aims to contribute a domain-wise benchmark of 
progress, capturing the recent technological inflection in construction safety and sustain
ability, and outlining future opportunities to support researchers, technology developers, 
and industry professionals. [DOI: 10.1115/1.4071434]
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1 Introduction
Construction has long been recognized as a physically demanding 

and inherently hazardous industry. Despite decades of regulatory 
enforcement [1], worker training programs [2,3], and improvements 
in safety management practices [4], the sector continues to face 
persistently high rates of injury and death. In 2023 alone, a 
worker died every 99 min in the United States from a construction- 
related incident, a statistic that has improved only marginally in 
recent years [5,6]. A closer look reveals the four main causes as 

falls, electrocutions, object struck incidents, and caught-in/ 
between hazards, accounting for nearly 60% of these deaths [7,8].

Termed the “fatal four”, the aforementioned hazards have 
remained consistent over time. As a result, the construction indus
try has seen the rapid evolution of the technologies surrounding 
hazard identification [9]. These persistent “fatal four” hazards 
underscore the need for innovative approaches potentially driven 
by technology [10] to break the plateau in safety improvements. 
However, the fatal four hazards extend beyond just physical 
harm to the workers, and they also challenge the industry’s 
broader commitment to sustainability [11,12]. In the context of 
modern “sustainable buildings and cities,” the definition of sustain
ability has evolved beyond carbon footprints and energy efficiency 
to encompass social sustainability, the “S” in the environmental, 
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social, and governance (ESG) framework, as protecting the work
force is a critical component of preserving human capital [13]. Fur
thermore, unsafe sites directly contribute to project delays, rework, 
and material damage, all of which increase a project’s embodied 
carbon and energy waste. A project cannot be considered truly sus
tainable if it achieves energy efficiency at the cost of the health and 
safety of its builders. Therefore, reducing worksite fatalities is not 
just a regulatory obligation, but a prerequisite for sustainable urban 
development. During the past decade, and especially since 2020, 
researchers have increasingly adopted emerging technologies 
[14–19], leading to a surge in innovation aimed at proactive 
hazard mitigation. We refer to this accelerated shift as a technolog
ical inflection point—one that closely aligns with the larger disrup
tion caused by the COVID-19 pandemic [20]. As construction sites 
experienced shutdowns, labor shortages and supply chain delays, 
and traditional safety strategies, relying on manual supervision, 
in-person audits, and reactive reporting proved insufficient 
[21–25]. In response, the industry accelerated the exploration and 
adoption of digital tools that could support remote monitoring, 
enhance situational awareness, and enable adaptive safety practices 
[26–29].

The recent technological inflection point (post-2020) facilitated 
more than just remote monitoring; it enabled the broader adoption 
of “lean construction” principles [18]. With the increased use of 
digital tools, the industry began shifting toward addressing two 
problems simultaneously: physical waste and site clutter [30]. 
This shift demonstrated that efficient sites are inherently safer 
and more sustainable.

On the other hand, the industry also witnessed the rapid rise in 
large language models: GPT-4 [31], Gemini [32], Llama 3 [33], 
a factor that also catalyzed a wave of technological experimenta
tion and adoption. This catalyst followed the expansion in capabil
ities of artificial intelligence (AI) systems: to understand, generate, 
and interpret natural language, and these models opened new 
opportunities for integrating diverse approaches into safety work
flows. This advancement did not occur in isolation: it comple
mented and accelerated parallel developments across other 
domains. Applications such as machine learning models for the 
prediction of safety risks [34–36], immersive augmented reality 
(AR)/virtual reality (VR) platforms for training and visualization 
[37,38], drones and autonomous robotics for site monitoring in 
real time [39–41], and wearable biosensors for physiological and 

behavioral monitoring [42–44] became increasingly prominent. 
Many of these solutions were initially designed for fields such as 
healthcare or manufacturing, but were rapidly adapted and repur
posed for construction use cases [19].

This convergence of urgent operational needs and emerging 
technologies created a unique opportunity that is still reshaping 
the direction of construction safety research. Rather than incremen
tal improvements, the recent period marked a substantial broaden
ing in both the number of studies and the diversity of technological 
solutions being investigated. To better understand this shift, we 
quantify the surge in safety-focused publications and explore 
their implications in the methodology (Sec. 2).

The proposed taxonomy, presented in Fig. 1, organizes this liter
ature into four core domains: AI, visualization, surveillance, navi
gation, and collaboration (SNC), and wearable technology. Each 
domain reflects a distinct dimension of safety technology develop
ment, ranging from real-time multimodal fusion to user-based beha
vior tracking while illustrating broader trends in deployment 
context and user interaction. The classification emerges from an 
inductive analysis of the construction safety technology literature 
and reflects the clustering of research efforts across distinct techno
logical domains. While reviewing 165 peer-reviewed studies, clear 
patterns emerged in terms of the underlying technological founda
tions and safety outcomes. Based on these recurring patterns, the 
following taxonomy (Fig. 1) was developed, where each of the 
four categories represents a fundamentally different mode of 
sensing, interpreting, or responding to hazards. Since many recent 
systems are inherently hybrid, it is important to note that the pro
posed taxonomy is function oriented. For example, a UAV 
equipped with computer vision (CV) and linked to a digital twin 
(DT) spans the AI, SNC, and Visualization domains simulta
neously. In such cases, we classify the study based on its primary 
functional contribution to construction safety (e.g., aerial monitor
ing under SNC versus data-driven hazard prediction under AI 
versus immersive visualization under Visualization). This approach 
captures the dominant research intent of each study while acknowl
edging cross-domain convergence, which we discuss as a key 
emerging trend throughout the review. 

(1) AI: Studies in this domain share a common focus on compu
tational interpretation of safety-related data, particularly 
computer vision and machine learning. These technologies 

Fig. 1 Taxonomy of our construction safety technologies: four core domains and thematic 
subfields
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form a unified cluster because they use algorithmic inference 
often from images, videos, or historical data to detect haz
ardous conditions, predict risks, and optimize resource allo
cation. The methodological foundations across these studies 
(data-driven modeling, pattern recognition, supervised 
learning) make AI a distinct category that is capable of 
addressing both physical safety hazards and operational 
inefficiencies.

(2) Visualization Technologies: A second cluster revolves 
around technologies whose primary purpose is to enhance 
human understanding of the construction environment. Aug
mented reality, virtual reality, digital twins, and building 
information modeling (BIM) all support situational aware
ness through visual representation. Despite varied hardware 
and software implementations, they share the functional 
goal of transforming raw information into immersive or 
interpretable visual forms that support training, risk antici
pation, and lifecycle management. These tools visualize 
complex data and enable decision-making that enhances 
both worker safety and the long-term sustainability of build
ing operations.

(3) SNC: Drones, robotics, and autonomous navigation tools 
form a third domain characterized by physical mobility 
and spatial awareness. These systems perform real-time 
site monitoring, environmental scanning, structural inspec
tion, and physical interaction with the environment. This 
is different from the AI and Visualization domain, as the 
theme here is spatial intelligence: the ability to perceive, 
map, and act efficiently within dynamic site conditions to 
mitigate human exposure to dangerous situations.

(4) Wearable Technologies: The final category, wearables, 
emerged from the literature focusing on worker-centric 
sensing. These studies share an emphasis on physiological 
data, ergonomics, biometrics, and behavioral monitoring. 
Wearable sensors operate at the level of the individual 
worker rather than the environment, focusing on the social 
aspect of sustainability by preserving human capital. This 
makes this domain fundamentally different in purpose, shift
ing the focus to long-term health and retention of the 
workforce.

Although our initial interest centered on investigating the 
increase in publication volume, our review findings suggest a 
deeper transformation. The increase in research was not only quan
titative; it marked a qualitative change in how safety technologies 
are designed, evaluated, and implemented. Notably, our analysis 
revealed that recent advancements across all four domains reflect 
a shared trajectory—technologies have increasingly shifted from 
static, fragmented solutions toward real-time responsiveness, user- 
centered design, and intelligent integration as we describe in the 
following sections.

Across the four domains, recent studies show an increasing 
emphasis on real-time integration, field validation, and cross- 
functional applications. Recent review articles have provided 
valuable information on the role of emerging technologies in con
struction safety, but exhibit distinct limitations in scope, methodol
ogy, and focus. For example, Elenany et al. [30] conducted a 
systematic review of automation technologies for construction 
safety that focused primarily on tools such as robotics, VR, BIM, 
and AI, but without a detailed analysis of how these technologies 
have evolved in the recent period. Seo and Yoon [18] used topic 
modeling to identify emerging research clusters in smart construc
tion safety, including AI-driven monitoring and Internet-of-thing 
(IoT) integration in order to improve construction safety, effi
ciency, and sustainability. Conversely, sustainability research 
often isolates environmental performance from site safety. For 
instance, Oraz and Sözer [45] provided a comprehensive assess
ment of energy efficiency in campus buildings. They developed a 
color-grading scale to support decision-making for energy retrofits. 
While such studies are vital for the environmental aspect of ESG 

focusing on Heating, Ventilation, and Air Conditioning (HVAC) 
optimization and renewable integration, they typically exclude 
the social aspect of worker safety during the retrofitting process. 
Newaz et al. [46] offered a critical review of safety behavior tech
nologies, focusing primarily on the feasibility and limitations of 
tools such as VR, eye tracking, and real-time positioning, which 
characterize construction safety behavior. Su et al. [13] conducted 
a bibliometric study on occupational safety and health risk assess
ment technologies, identifying research trends and gaps.

Several prior syntheses have provided important, technology- 
specific reviews that have shaped the industry. For example, Li 
et al. [47] critically reviewed VR/AR applications for construction 
safety and highlighted design and usability barriers for immersive 
training; Seo et al. [48] surveyed computer vision techniques for 
safety and health monitoring, emphasizing core vision algorithms 
and practical challenges such as occlusion and lighting; and Ahn 
et al. [49] summarized wearable sensing applications, drawing 
attention to sensor ergonomics, data quality, and deployment 
hurdles. These domain-focused reviews provide deep and useful 
accounts of specific technologies, but they predate the recent 
wave of multimodal integration and AI-driven, real-time systems 
that increasingly combine sensing, analytics, and sustainable 
approaches into unified solutions. Our review builds on this prior 
work by synthesizing findings across these technology areas by 
explicitly mapping how recent advances (through November 
2025) converge into four functional domains such as AI, Visualiza
tion, Surveillance/Navigation/Collaboration, and Wearables. We 
adopt a cross domain, function-oriented taxonomy (Fig. 1), and 
link domain-specific weaknesses to targeted, evidence-based 
research. Our article is an attempt to benchmark the technological 
inflection point (post-2020) of safety and sustainable systems and 
their emergence. This review is also an attempt to expand on the 
earlier, single-domain reviews and point out their remaining criti
cal gaps. Before diving into the review, we summarize the 
current categories in our taxonomy and discuss their weaknesses.

1.1 Artificial Intelligence for Safety Monitoring. Existing 
AI-based safety systems continue to show strong potential for auto
mated hazard recognition, behavior classification, and predictive 
analytics especially leveraging large volumes of unstructured 
data (video, images, sensor feeds) that would overwhelm manual 
oversight. For example, Alateeq et al. [50] demonstrated how 
deep learning models can reliably detect a variety of site hazards 
using only vision data. Multitask frameworks such as “Multi 
Task Intelligent Monitoring of Construction Safety Based on Com
puter Vision” employ advanced object detection, segmentation, 
pose estimation, and tracking (e.g., via YOLOv8) to provide real- 
time, multifaceted safety monitoring from personal protective 
equipment (PPE) detection to unsafe behavior tracking [51]. Cru
cially, this computational power enables a dual-benefit approach 
as the same computer vision algorithms used to identify safety 
hazards (e.g., debris blocking a path) can now simultaneously iden
tify operational inefficiencies (e.g., material waste or idling equip
ment). By optimizing site logistics to prevent accidents, these AI 
systems inadvertently support “lean construction” principles, 
reducing the project’s environmental footprint through minimized 
rework and resource wastage. A recent review of AI in construction 
safety notes a growing shift beyond pure vision to include text, 
audio, and multimodal data sources expanding the feasibility for 
predictive risk detection across more diverse contexts [52]. Never
theless, significant weaknesses persist. Many AI-based studies 
remain heavily reliant on visual data (camera/image), which 
remains problematic in low visibility, occluded, or highly cluttered 
construction environments [53]. The same review finds that 
nonvision modalities (e.g., audio, environmental sensors) remain 
underutilized [52]. This limitation is particularly critical for sus
tainability, as AI systems cannot effectively monitor nonvisual 
hazards such as noise pollution, air quality, or energy waste. More
over, few systems have been validated in long-term, large-scale, 
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real-world deployments raising questions about generalizability 
across different sites, contractors, and environmental conditions 
[54]. These constraints limit the scalability, robustness, and trust
worthiness of AI-based systems when applied to the holistic mon
itoring of safe and sustainable construction environments.

1.2 Visualization, Simulation, and Immersive Training 
Technologies. Immersive and extended reality (XR) technologies 
including VR and AR introduce simulated training platforms. The 
immersive trend is attracting growing interest for safety training, 
hazard awareness, and preconstruction visualization in the con
struction industry. For instance, Seo et al. demonstrated that incor
porating interactive learning elements into immersive VR safety 
training significantly enhances personal learning performance 
and intrinsic motivation compared to passive training methods 
[55]. This domain also serves as the strongest bridge between 
safety and sustainability. Such immersive training allows 
workers to rehearse hazardous scenarios in a controlled environ
ment, potentially improving hazard recognition and compliance 
before workers step into real-world hazardous conditions.

However, limitations remain, where VR/AR training studies are 
conducted under controlled, simplified conditions, with limited 
fidelity to the complex, dynamic nature of real construction sites 
[54]. The gap between simulation and real-world site variability 
(layout changes, lighting, unpredictable hazards) reduces the valid
ity of these training outcomes. There is still limited empirical 
evidence demonstrating long-term retention of safety behaviors, 
transfer of training to actual onsite safety improvement, and 
reduction in real accidents following immersive training [54]. Addi
tionally, integrating live site data (e.g., from IoT sensors, drones, 
real-time structural changes) into XR environments remains rare, 
limiting the potential for real-time site aware simulation [54,56].

1.3 Surveillance, Sensing, and Site-Monitoring 
Technologies. The use of drones, camera networks, LiDAR, and 
other environmental sensors remains a key strategy for improving 
situational awareness on dynamic construction sites. A recent 
review of UAV (drone) usage in construction safety monitoring 
highlights how drones can rapidly capture site-wide spatial data 
and detect hazards from aerial perspectives that are difficult to 
monitor manually [57]. These surveillance tools are also increas
ingly becoming a part of proactively identifying structural irregu
larities and thermal leaks, hence supporting the goal of “lean 
construction” in reducing material waste and rework. An interest
ing take here is the frameworks integrating all sorts of AI technol
ogies—IoT sensors, environmental monitoring, and computer 
vision to detect hazards, unauthorized access, or unsafe site condi
tions and resource optimization proactively [56].

Despite these advantages, deployment limitations still remain. 
Real-world site conditions such as occlusion, dynamic obstacles, 
changing layouts, and weather often degrade sensor performance 
[54]. Integration of heterogeneous sensing modalities (visual, 
environmental, positional) remains technically challenging, 
complicating fusion of data streams and robust hazard detection. 
Furthermore, issues such as privacy, data governance, worker 
acceptance, and cost hinder large-scale adoption in practice [54].

1.4 Wearable Technologies for Worker-Centered Safety. 
Wearable sensing devices (WSDs) (e.g., smart helmets, vests 
with sensors, inertial measurement units (IMUs), physiological 
monitors) are increasingly studied as tools to monitor worker 
health, posture, fatigue, stress, ergonomic risk, and other 
individual-level safety metrics. A recent review systematically 
explains how wearables have been used to track physiological 
responses (heart rate, stress, attention), ergonomic posture, and 
fatigue offering personalized, real-time data streams complemen
tary to environment-level monitoring [58]. Furthermore, Awolusi 
et al. reviewed the integration of the IoTs with wearable devices, 

identifying key application areas such as physiological tracking 
and environmental sensing to enhance construction safety monitor
ing and preempt accidents [59]. Therefore, we observe that by tran
sitioning from reactive injury management to proactive health 
preservation, this example highlights the importance of the social 
pillar of ESG criteria.

However, persistent challenges hinder the system’s widespread 
adoption. Awolusi et al. identified several technical limitations: 
short battery life, discomfort when worn with standard PPE, 
limited durability in harsh construction environments, and lack of 
ruggedized design (for dust, water, or extreme temperature expo
sure), which reduces practicality for real-world, long-term use 
[59]. Moreover, many of the studies remain small scale, using pro
totypes rather than large, diverse worker populations [58]. Adop
tion barriers also include cost, concerns about data privacy and 
surveillance, and low worker acceptance, indicating that wearables 
are still perceived as intrusive and burdensome rather than protec
tive [49].

To summarize the article’s original contribution, this review 
focuses on recent advancements in safety technologies capturing 
the rapid acceleration in AI, sensing, and automation research up 
to November 2025. The review utilizes a function-oriented taxon
omy that synthesizes more than 100 peer-reviewed studies into four 
technological domains: (1) AI and predictive analytics, (2) visual
ization and immersive systems, (3) SNC, and (4) wearable and 
physiological sensing. This cross-domain taxonomy enables the 
identification of converging technological patterns, which we 
note as follows: multimodal data fusion, real-time hazard interpre
tation, and user-centered system design. These patterns have not 
been noted in prior domain-specific reviews of VR/AR, computer 
vision, or wearables. By analyzing both the strengths and unre
solved weaknesses across these domains, the review attempts to 
benchmark the transformative perspective on how construction 
safety technologies are evolving.

1.5 Our Contributions. Our article makes the following key 
contributions to construction safety research. First, it synthesizes 
previously fragmented work across the four domains: AI, visuali
zation, SNC, and wearable technology. Earlier reviews (prior to 
2020) (e.g., studies by Li et al. [47]; Seo et al. [48]; Ahn et al. 
[49]) examined these technologies in isolation, limiting cross- 
domain insight. In contrast, this review discusses recent examples 
of how these domains interact and converge, while summarizing 
the patterns noted in the example studies. Second, the article intro
duces a comparative benchmarking approach that evaluates recent 
research studies against review studies discussing limitations. We 
examine the constraints such as weak field validation, limited gen
eralizability, fragmented data, and inadequate real-time perfor
mance as the common theme over the four categories. The 
comparative approach reveals cumulative patterns in technological 
evolution and also helps identify meaningful advancements and 
persisting challenges. Third, the review offers domain-specific 
assessments for each technology category. We demonstrate 
advancements through example studies and gaps noted in prior 
reviews. We note how these advancements have addressed the 
gaps and structural areas for improvement and for further research.

This article finally proposes targeted research directions (sum
marized in discussions) grounded in the limitations identified 
throughout the comparative review process. Through its integrated 
synthesis, historical benchmarking, updated trend analysis, and 
evidence-based recommendations, the review attempts to provide 
practical guidance for researchers and practitioners in the construc
tion industry. The technological trends across the four domains, AI, 
visualization, SNC, and wearable technology, are assessed on five 
criteria: application scope, integration and convergence, field 
deployment readiness, outcomes, and limitations. The recommen
dations include improving model generalizability, addressing 
privacy and governance, and bridging the gap between safety mon
itoring and sustainable building practices. Next, Secs. 2 and 3–6 
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present the detailed methodology and summarize the review, 
respectively. Finally, Secs. 7 and 8 discuss and summarize poten
tial future research directions in construction safety and sustain
ability, respectively.

2 Review Methodology
To explore our central hypothesis that the technological inflec

tion not only increased research volume but also catalyzed a qual
itative shift in construction safety technologies, we adopted a 
hybrid review methodology. This approach integrates quantitative 
bibliometric analysis, thematic clustering, and domain-specific 
benchmarking across 165 peer-reviewed recent studies (as shown 
in Table 1).

2.1 Data Collection and Inclusion Criteria. We conducted a 
comprehensive bibliometric search in four major academic data
bases: Web of Science Core Collection, Scopus, IEEE Xplore, 
and the ASCE Library. These platforms were selected to ensure 
disciplinary coverage that spans civil engineering, computing, 
safety innovation, and sustainable construction. To avoid prema
ture filtering of the results, we used the general topic term “con
struction safety.” Our article focuses on studies published 
between 2020 and 2025, to capture the recent period identified in 
Sec. 1 as a technological inflection point. The initial query returned 
23,787 records from four major academic databases: WOS 
(15,640), Scopus (660), IEEE Xplore (4642), and ASCE Library 
(2845). We then applied a multistage screening protocol (Fig. 2), 
following the Preferred Reporting Items for Systematic Reviews 
and Meta Analysis (PRISMA) [60] guidelines and adapted best 
practices from the systematic review. The initial filter restricted 
records by geographic scope (worldwide), language (English), 
and subject categories relevant to construction safety, resulting in 
678 articles. The first round of screening excluded 294 articles 
based on duplicate entries, inaccessible full text, or lack of rele
vance. To explicitly address the convergence of safety and environ
mental goals, we conducted a concurrent supplementary search 
combining “construction safety” with keywords such as “sustain
ability,” “energy efficiency,” and “ESG.” This yielded a distinct 
set of 100 sustainability-focused articles, which were merged 
with the 284 general safety articles retained from the initial screen
ing, producing a combined intermediate pool of 384 articles 
(n = 284 + 100). These 384 articles were used for the bibliometric 
trend analysis in Fig. 3, with Figs. 3(a) and 3(b), illustrating the 
sustainability-focused and general safety subsets, respectively. 
Subsequently, the second round removed 219 articles based on a 

relative, field-aware screening approach informed by established 
bibliometric methodology.

Albarrán et al. [61] demonstrated that a single fixed citation 
threshold can inadequately capture research impact due to the 
skewed and time-dependent nature of citation distributions. To cal
ibrate a threshold, we consulted the Google Scholar Top Publica
tions ranking for civil engineering [62], which reports h5-index 
values (i.e., the h-index over a rolling 5-year window) for the 
leading venues in the field. Even the lowest-ranked journal in the 
top 20 holds an h5-index of 52, which corresponds to roughly 10 
citations per year. Accordingly, we adopted a year-adjusted base
line of approximately ten citations for earlier papers (2020– 
2022), which was relaxed for more recent publications (2023– 
2025) to account for shorter citation accrual windows. We also 
considered the impact factor and standing of the publishing 
venue as a secondary quality indicator. This final filtration 
removed lower-impact studies, yielding the final set of 165 articles 
(149 general safety + 16 sustainability) for the qualitative review.

To manage the large volume of results, we applied a region filter, 
focusing on studies conducted in the United States. We acknowl
edge that this geographical focus may introduce bias; construction 
safety regulations, workforce demographics, labor practices, and 
technology adoption rates vary significantly across jurisdictions. 
Similarly, in the second screening round, we excluded papers 
with very low citation counts as a pragmatic measure to prioritize 
the influential work. We recognize that this criterion might inadver
tently omit very recent (2025) high-quality papers that have not yet 
accrued citations. To mitigate this, we retained any conceptually 
novel papers. While these inclusion criteria inherently bias the 
review toward more established or mainstream topics, we justify 
them as necessary trade-offs to manage scope while still capturing 
high-impact research in the field. To reflect the interdisciplinary 
nature of the recent research, we mapped each study to one or 
more subject categories ranging from civil engineering and con
struction technology to artificial intelligence, remote sensing, and 
cybernetics (Table 2). This broad mapping supports our hypothesis 
that safety innovation increasingly draws from cross-functional 
and computational disciplines. Finally, to explicitly address the 
convergence of safety and environmental goals, we performed a 
supplementary targeted search; Table 3 summarizes the 16 addi
tional studies selected through this process, categorizing them by 
their technological domain and their specific contribution to 
sustainability.

2.2 Quantitative Analysis: Recent Trends. To assess the 
trajectory of recent research, we examined the volume of published 
articles and citation performance by year. Figure 3 presents a dual 
perspective on this evolution. Figure 3(b) illustrates the sustained 
growth in general construction safety research, confirming the 
broad technological adoption in the field. Figure 3(a) highlights 
the emergence of the “safety-sustainability,” revealing a distinct 
upward trend in studies that integrate safety with environmental 
goals post-2020. The citation count demonstrates significant 
momentum, with numerous studies (since 2023) already gaining 
early attention, signaling the academic and industrial demand for 
integrated, technology-driven solutions.

2.3 Qualitative Analysis: Domain Identification and 
Taxonomy Formation. So far we saw the bibliometric trends, 
and we then performed a structured manual review during screen
ing phase 2 to categorize the final 165 studies into four key techno
logical domains. This classification was not based on predefined 
categories, but instead emerged through a conceptual grouping of 
studies based on their technological characteristics, safety func
tions, and application contexts. We examined paper titles, 
abstracts, and keyword fields (Fig. 4) to identify common patterns 
in focus areas, safety enhancement mechanisms, and integration 
methods. Rather than imposing predefined categories, we relied 
on themes that are derived organically based on conceptual and 

Table 1 Distribution of selected papers by journal (final 
screened distribution, n= 165)

No. of papers Journal title

57 Automation in Construction
20 Journal of Computing in Civil Engineering
11 Buildings
7 Frontiers in Built Environment
5 Journal of Information Technology in Construction
5 Practice Periodical on Structural Design and Construction
3 Construction Innovation (England)
3 Journal of Building Engineering
2 Canadian Journal of Civil Engineering
2 CivilEng
2 IEEE Transactions on Visualization & Computer Graphics
2 Information Sciences
2 International Journal of Civil Engineering
3 Sustainability
41 Others with 1 paper each
165 Total
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linguistic similarity. This approach mirrors previous domain-level 
review strategies in the construction safety literature [47]. This 
classification revealed four dominant domains in recent construc
tion safety research: AI, visualization technologies (including 
AR/VR and digital twins), SNC, and wearables and human-centric 
systems. Table 2 summarizes the generalized subject categories 
used in our screening. As noted in Sec. 1, each study was classified 
based on its primary functional contribution to safety. Studies 
involving multiple technology types (e.g., drone-based computer 
vision integrated with BIM) were assigned to the domain reflecting 
their dominant safety function, while their cross-domain character
istics are discussed as part of the convergence trends identified in 
this review.

2.4 Comparative Benchmarking With Timeline 
Literature. To assess how recent studies have seen advancement 
in the field, we utilized “2020–2025” as our review timeline. We 
state this period as our technological inflection point. For each 
domain, we identify limitations noted in earlier work (e.g., lack 
of field validation, poor scalability) and evaluate the extent to 
which recent innovations address the safe and sustainable vision. 

This benchmarking approach follows a gap-oriented framework, 
to emphasize cumulative improvements between technologies.

It enables us to track whether recent research has advanced 
toward more adaptive, validated, and integrated safety systems 
and also if they are more resource efficient and environmentally 
responsible. The results of this analysis are presented in Secs. 3–
6, where each domain is discussed using the following structure. 

• A summary of the early development of the domain and appli
cations in construction safety.

• Identification of previous limitations based on the prior 
review literature.

• A synthesis of how recent studies addressed these limitations 
through technological innovation, empirical validation, and 
real-world implementation.

3 Artificial Intelligence
The recent period has witnessed an unprecedented expansion of 

AI applications in construction safety. This is driven by advances 
in machine learning, computer vision, natural language process
ing, and multimodal integration. AI is no longer confined to 

Fig. 2 PRISMA flowchart used to refine and curate the final collection of 165 peer-reviewed 
recent construction safety studies (2020–2025). The intermediate screening pool (n= 384) con
sists of 284 general safety articles retained from the initial search and 100 sustainability- 
focused articles added from the supplementary search. From this combined pool, 219 articles 
were excluded to yield the final 165 records.
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isolated, lab-scale prototypes; instead, it is increasingly embedded 
in real-time safety (Fig. 5) and sustainability workflows. Recent 
literature defines this convergence as “automated sustainable con
struction engineering management”, where AI enables dynamic 
risk prediction and proactive hazard detection while simulta
neously optimizing resource usage and carbon footprints [65]. 
This section maps the key technological trends that have 
emerged in safety AI research, highlighting how machine learn
ing, computer vision, and cognitive modeling are transforming 
safety management into a data-driven and anticipatory and 
resource-efficient process.

3.1 Machine Learning. The construction industry’s applica
tion of AI in safety dates back to expert systems such as How 
Safe in the 1980s. In the early 2010s, machine learning in construc
tion safety was limited by isolated datasets, lack of real-time feed
back, and minimal field application. Abioye et al. [66] identified 
key limitations in AI and machine learning (ML) safety systems, 
including breach of security, talent shortage, high costs, and lack 
of proper connectivity onsite. We analyze studies and observe if 
these challenges have been addressed and how they emerged, 
one that took advantage of large datasets, multimodal fusion, and 
real-time deployment to bring AI to active construction sites. 

Fig. 3 (a) Bibliometric analysis of research trends (2020–2025). Safety-sustainability focus: annual distribution of the primary 
supplementary search illustrating the surge in sustainability and safety interest (100). (b) General construction safety: annual 
publication volume of construction safety (n= 384) prior to final exclusion, capturing the broad technological inflection point 
in the field.
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This section traces the progression of research across key themes: 
real-time detection, predictive modeling, human-centered safety, 
robotics, infrastructure monitoring, and multimodal integration.

3.1.1 Real-Time Hazard Detection and Compliance 
Monitoring. To address the lack of real-time integration noted in 
recent studies, we observe applications of ML for active monitor
ing of PPE compliance and site safety conditions. An example of a 
YOLOv3-based system demonstrates the automated detection of 
the use of a hardhat and vest [64]. Other frameworks classify 
audio and video data for recognition of activity and equipment 
[67–69]. Other sets of studies show that enhanced distance tracking 
and sensor fusion frameworks further strengthen site-wide compli
ance and proximity monitoring [70,71]. We note automated image 
captioning and safety documentation as an approach to reduce 
reporting delays and human bias [72,73], while robust detection 
models improve visual performance in complex lighting [74].

3.1.2 Predictive Risk Modeling. Earlier risk analysis lacked 
adaptability and often relied on static checklists [66]. Recently, 
ML systems have shifted the field from reactive assessment to pro
active prediction by leveraging large-scale text, audio, and project 
datasets. The extraction of leading indicators from structured and 
unstructured reports [75], prediction of project-level risk attributes 
[76], and hazard classification using graph databases and Natural 
Language Processing (NLP) techniques [77,78] provided a scalable 
and consistent pipeline for prediction. Crucially, these predictive 
capabilities are now being integrated with BIM to create “smart 
construction” schedules. For example, Pan and Zhang [79] demon
strated a BIM data mining integrated digital twin framework that 
uses IoT data and process mining to forecast bottlenecks and opti
mize resource allocation in real time. By anticipating potential 
delays and risks, such integrated AI-BIM systems not only 
prevent accidents but also reduce cost overruns and material 
waste, directly contributing to lean construction goals. These 
methods not only automate risk identification but also reveal 

latent trends and contextual patterns that conventional rule-based 
systems could not capture. Cognitive modeling approaches now 
use event sequence inference [80], new mathematical operators 
for decision-making under uncertainty [81], and biometric predic
tors derived from wearables [82], thus expanding the predictive 
risk analytics beyond surface-level site conditions. ML approaches 
now capture underlying behavioral and physiological precursors to 
accidents. Studies have also shown emerging interpretable models, 
such as local linear forests [83], semantic hazard descriptors using 
Text convolutional neural network (CNN) [84], and automated 
computer vision pipelines [85], which improve model transpar
ency. This enables safety managers to understand why the system 
predicts specific risks. Together, these advances transition predic
tive modeling tasks from a checklist-driven process into a 
dynamic, data-driven process that is capable of anticipating 
hazards, personalizing warnings, and supporting real-time 
decision-making.

3.1.3 Ergonomic Safety and Human-Centered Systems. A 
study by Guo et al. [86] noted a lack of motion-based safety infor
mation. Recent systems address this gap by integrating ML with 
wearable and nonintrusive sensing to monitor real-time human 
behavior and ergonomic risk factors. Models using long short- 
term memory (LSTM) and CNN architectures are used to classify 
complex motion patterns with high temporal fidelity [87–89]. This 
enables automated identification of posture anomalies and unsafe 
movements [90] that previously required manual observation.

The shift is also seen in wearable devices that can predict free 
fall detection using Wi-Fi signal distortion [91], addressing persis
tent limitations in sensor fatigue, cost, and user compliance. Simi
larly, models in physiological state prediction use respiratory 
sensors [92] and multimodal electromyography (EMG)/IMU 
fusion for activity recognition [93], extending safety systems 
toward holistic human state estimation. These examples help 
demonstrate the move of ergonomic safety from periodic assess
ment to continuous monitoring that adapts to individual workers 
and dynamic site conditions.

3.1.4 Robotics and Autonomous Systems. Early reviews in this 
subcategory highlighted limited robotic integration and narrow 
focus on equipment such as tower cranes [94]. Recent develop
ments expand the role of ML in robotics for safety-aware autonomy 
and human–robot collaboration. Developments in modeling trust 
now support a safer deployment of co-robots working alongside 
human crews [95], while predictive modeling of human movement 
enables robots to plan safe, collision-free paths [80]. These 
advances represent a shift from isolated robotic systems to 
shared workspaces where perception, prediction, and communica
tion enable collaborative safety management.

3.1.5 Infrastructure and Equipment Monitoring. Traditional 
safety systems often overlook broader infrastructure performance 
[96]. Therefore, recent research integrates ML into lifecycle mon
itoring systems, enhancing the reliability of safety operations. ML 
techniques validate the structural health in real time [97,98], while 
vision image labeling via BIM [99] improves detection in visually 
degraded environments. Beyond safety, these monitoring systems 
are increasingly used for “Green AI” applications. For example, 
AI-driven structural health monitoring can now track carbon 

Table 2 Generalized subject categories used for screening 
(Construction safety)

Subject category Record count %

Civil engineering 540 79.646
Construction building technology 311 45.870
Computer science—interdisciplinary 
applications

51 7.522

Computer science—information systems 29 4.277
Computer science—artificial intelligence 35 5.162
Remote sensing 9 1.327
Statistics and probability 5 0.737
Computer science—software engineering 15 2.212
Automation and control systems 37 5.457
Computer science—theory and methods 6 0.884
Robotics 11 1.622
Computer science—hardware and architecture 7 1.032
Computer science—cybernetics 2 0.294

Note: The total record count exceeds the number of screened papers 
(n = 678) because individual papers are frequently classified under 
multiple subject categories in the Web of Science database.

Table 3 Distribution of supplementary sustainability-focused studies added to the review (n= 16) inclusive of the 165 final count 

Domain No. of papers Key sustainability themes addressed

AI 3 Waste reduction, rework prediction, smart schedule optimization
Visualization 5 LCA integration, energy efficiency, proactive governance, human–robot collaboration
SNC 5 Thermal envelope inspection, automated waste management, smart vision for safety and energy
Wearables 3 Social sustainability, occupational health management, personalized environmental monitoring
Total 16

020802-8 / Vol. 7, MAY 2026                                                                                               Transactions of the ASME



footprints and energy efficiency in real time, ensuring that build
ings remain not only safe for occupants but also environmentally 
optimized throughout their lifecycle [65]. There is the example 
of bridge deck degradation where the prediction model is trained 
on historical data [96] to support long-term risk management and 
maintenance planning. This is a perfect example of linking safety 
monitoring with asset integrity for the first time.

3.1.6 Multimodal Integration and Cognitive Modeling. Early 
reviews noted fragmented applications and weak contextual infer
ence [100] in this category. Recent ML systems integrate vision, 
BIM, sensor streams, and text into cohesive multimodal frame
works that are capable of reasoning across heterogeneous data 
sources. Vision-to-NLP systems map hazards to regulatory require
ments [101], while leading indicators are predicted using project 
statistics [102]. An example of cognitive risk perception modeling 
using a functional near-infrared spectroscopy brain activity [103] 
introduces a new dimension in understanding how workers inter
pret site hazards. While another example of using sensor biomecha
nical hybrid models enhances back injury prevention through 
personalized risk assessment [104]. These multimodal approaches 
mark a major step toward context-aware, safety systems that are 
capable of learning site norms, and providing adaptive warnings.

3.1.7 Artificial Intelligence for Sustainable Resource 
Optimization and Waste Reduction. An emerging domain is the 
application of AI to predict and prevent rework, a major source 
of both safety hazards and environmental waste. Rework in green 
building projects is often caused by design variability and 
complex material specifications. Recent research demonstrates 
that machine learning models, specifically gradient boosting and 
random forest algorithms, can predict rework occurrences with 
up to 97% accuracy [105]. Crucially, rework is caused by safety 
accidents, and quality failure is a primary driver of carbon 
increases, as it necessitates the amount of material production, 
transport, and installation. By identifying high-risk activities 
early, these models allow managers to intervene before errors 
occur. This “prevention through prediction” approach serves a 
dual purpose: it reduces the physical hazards associated with 
re-doing work and minimizes the material waste and embodied 
carbon associated with rework, thereby supporting the economic 
and environmental pillars of green building initiatives.

3.2 Computer Vision. Early CV applications in construction 
safety were often constrained by their limited ability to process 
dynamic environments, manage large-scale visual data, and 
deliver robust real-time detection [86,100]. Xu et al. [100] empha
sized these limitations, noting challenges in scene complexity, con
textual awareness, and reliable visual tracking. Recent 
developments have significantly addressed these gaps, as seen in 
the following themes: real-time hazard detection, synthetic data 
and simulation, ergonomic analysis, and compliance monitoring.

3.2.1 Real-Time Hazard Detection and Localization. Earlier 
work before 2020 struggled with reliability in identifying hazards 
in real time [48]. Since then, several recent studies have taken dif
ferent approaches to work around this limitation. One example con
nects a semantic model and CV outputs with ontology to improve 
fall-from-height hazard detection [106]. Another research uses 
real-time simultaneous localization and mapping-based frame
works, which helped the systems handle both static and moving 
site conditions more effectively [107]. Even though we notice 
varying levels of success in the aforementioned studies, they still 
introduce context-aware vision-based systems that can dynami
cally detect threats to safety.

3.2.2 Synthetic Data and Simulation for Safety Training and 
Recognition. A frequent issue in limitations under this category 
is the lack of annotated data and the time required to label it 
[100]. Recent studies approached this differently by using synthetic 
data, which turned out to be a practical workaround for model 
training. Research shows using synthetic pipelines to convert 3D 
virtual assets into 2D pose sequences, allowing models to learn 
fall-related hazards even when only a few real examples are avail
able [108,109]. Although these synthetic setups vary in quality, 
they still offer scalable training without depending entirely on real- 
world annotations.

3.2.3 Ergonomic Analysis and Posture Detection. The inabil
ity to monitor ergonomic hazards in earlier systems [49] has been 
addressed by visual assessment of posture. A monocular vision 
system allows for nonintrusive biomechanical analysis in 
modular construction [110], and models of human-object interac
tion enable automatic violation inference [111]. These approaches 
advance the monitoring of physical behavior and safety-critical 
actions in real time.

3.2.4 Automated Safety Compliance and Spatial Monitoring. 
Earlier challenges with contextual accuracy and limited automation 
[86] have been addressed in several different ways. Some systems 
rely on direct visual compliance checks, for example, an applica
tion of hand-signal recognition for crane operations shows a 
remarkable accuracy above 93% even when lighting or back
grounds vary [112]. Another work links the IDC4D approach 
with 4D BIM information and CV models to flag situations when 
workers enter restricted or hazardous zones [113]. Several teams 
have also explored variations of real-time monitoring: 
pose-anchored PPE checks [114], gesture-based compliance cues 
[115], and video systems that help improve safety assessments 
based on compliance checks and the specific site environment 
[116]. The aforementioned research shows examples of recent 
CV developments that address the limitations outlined by Guo 
et al. [86]. At the same time, Xu et al. [100] also provide supporting 
evidence that CV models benefit from improved validation strate
gies, especially when scenes or tasks change between projects. 
Work in real-time detection [106,107,117], simulation and 

Fig. 4 Word cloud visualizations derived from the titles of the screened 165 construction safety papers. (Left) Title-level word 
cloud from construction safety papers. (Right) Title-level word cloud from sustainable papers.
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synthetic data pipelines [108,109], ergonomic and posture-oriented 
analysis [110,111], and a wide set of compliance-monitoring tools 
[112–116] point toward a maturing and increasingly scalable direc
tion for CV-based safety management.

3.2.5 Vision for Waste and Energy Monitoring. While early 
computer vision applications in construction were predominantly 
designed for hazard detection [50], recent scholarship indicates a 
functional expansion toward sustainable site management. 

Fig. 5 Summary of emerging AI-based approaches in construction safety: (a) BCIs for remote safety interventions 
(adapted from the study by Liu et al. [63]) and (b) computer vision posture recognition methods (adapted from the study 
by Nath et al. [64]).
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Modern vision-based frameworks are increasingly capable of mul
titasking; they can simultaneously monitor safety compliance and 
identify operational inefficiencies, such as material waste or 
idling machinery, thereby directly supporting the principles of 
lean construction [51].

A critical area of advancement is the automation of construction 
and demolition (C&D) waste management. Visual recognition 
algorithms are now being integrated with robotic systems to auto
mate the segregation of site debris. For instance, recent research 
developed a robotic system capable of visually distinguishing 
between hazardous materials and recyclables [118]. This approach 
not only enhances the purity of recycled material streams but also 
mitigates the health risks associated with manual sorting. Further
more, vision-enabled AR systems have been deployed to facilitate 
human–robot collaboration in waste processing, allowing operators 
to remotely identify and label complex waste types—such as dis
tinguishing treated wood from plastics—without physical exposure 
to the sorting line [119].

Beyond waste, computer vision is becoming a vital tool for 
energy auditing and envelope inspection. The fusion of visual 
data with UAV infrared thermography (UAV-IRT) allows for the 
rapid, noninvasive detection of thermal anomalies, insulation fail
ures, and moisture entrapment in high-rise structures [120]. This 
capability supports targeted retrofitting efforts to reduce opera
tional energy waste while eliminating the need for workers to 
access dangerous heights for inspection. In indoor environments, 
vision systems have been integrated with digital twins to track 
occupant movement in real time; studies demonstrated that this 
method could optimize lighting controls to reduce energy con
sumption by 79% while ensuring adequate illumination for safety 
[121]. These applications suggest that visual data are evolving 
from a tool for strict safety surveillance into a dual-purpose mech
anism for lifecycle sustainability and carbon footprint reduction.

4 Visualization
The use of VR in construction sites began in the early 2000s, 

when Messner and Horman [122] explored the use of VR models 
to enhance design visualization. AR followed shortly after, with 
Webster et al. [123] examining AR’s potential to overlay virtual 
images on real-world construction contexts. A 2018 review by Li 
et al. [47] emphasized the emerging role of AR and VR in the iden
tification and planning of hazards and safety, but also noted signif
icant limitations in the design of user interfaces and integration 
with project management systems. Similarly, DT applications 
remained mostly static before 2020, with limited real-time integra
tion and use in dynamic field environments [124,125]. Recent 
advancements, however, have expanded the scope of visualization 
technologies beyond safety alone, increasingly leveraging them to 
visualize energy performance, embodied carbon, and lifecycle sus
tainability metrics.

4.1 Augmented Reality. Construction safety studies under 
AR published before 2020 were often limited by finite integration 
with existing tools and usability challenges [47]. We found exam
ples of recent research focusing on overcoming these limitations 
through improved BIM integration, mobile deployment, and real- 
time visualization.

An example worth mentioning is a BIM and AR-integrated 
system that enables mobile inspections and real-time updates 
using risk data captured on smartphones [126]. This suggests an 
advanced integration system that improves safety planning. 
Termed as a mobile projective augmented reality system, the 
method eliminates the need for wearable hardware by employing 
a camera projector unit that delivers centimeter-level projection 
[127].

Crucially, AR is emerging as a key enabler for “human–robot 
collaboration” (HRC) in sustainable waste management. Chen 
et al. [119] developed an AR-enabled sorting system where 

workers can remotely identify construction waste types (e.g., plas
tics versus wood) for robotic arms to sort. This system improves 
sorting accuracy by 15% directly enhancing material recycling 
rates, while keeping human workers physically distant from haz
ardous conveyor belts. This dual-benefit application demonstrates 
AR’s potential to bridge the gap between circular economy goals 
and occupational health.

Recent work has also advanced the efficiency of the XR pipeline. 
For example, the GenXR model [128] reduces the BIM to XR data 
transfer time by up to 66.7%, supporting streamlined workflows 
across VR, AR, and mixed reality (MR) platforms. Additional 
AR applications include the integration of HoloLens into the pro
duction strategy process, allowing users to visualize 3D BIM 
data to enhance collaboration and planning during construction. 
This approach has shown measurable improvements in usability 
and decision-making within healthcare construction projects. AR 
has also demonstrated accuracy improvements in precision- 
sensitive tasks such as wood fastening, where it helps visualize 
construction details to meet industry standards [129]. These 
advancements are visually summarized in Fig. 6, which illustrates 
the AR-based visualization of mechanical, electrical, and plumbing 
(MEP) systems, safety-enhancing VR environments, and immer
sive digital twin sets. Collectively, these studies demonstrate that 
AR has evolved from an experimental visualization aid to a field- 
ready technology integrated with BIM and construction manage
ment processes. These advances address pre-2020 limitations in 
system integration, field usability, and real-time visualization 
[47], marking a notable shift in how AR supports decision-making 
and site safety planning in modern construction environments.

4.2 Virtual Reality. VR applications before 2020 were often 
limited by low immersive experience, generic training content, and 
a lack of integration of behavioral or physiological feedback [47]. 
While reviewing the set of VR studies, we noted four core themes: 
personalized training, physiological sensing, VR BIM integration, 
and behavior modeling.

Personalized Training: Newer approaches dynamically adapt 
VR training content to individual user needs [132]. An example 
demonstrates how adjustments in the scenario’s complexity in 
real time produce higher posttraining scores compared to static 
platforms [133]. Together, these studies exhibit improvement in 
immersion and retention, a limitation noted by Li et al. [47].

Physiological Feedback Integration: A number of newer VR 
studies have begun incorporating biometric inputs such as electro
encephalography (EEG), EMG, and IMU data to track stress, cog
nitive load, and posture during simulated tasks [134,135]. This 
extra layer of feedback helps the system adjust to the user in real 
time, something earlier VR setups struggled to do.

VR BIM Integration: VR platforms are also being linked with 
BIM models to improve realism and reliability in safety planning 
scenarios [136]. This approach allows spatial layouts to be repro
duced accurately, and it keeps training modules aligned with any 
digital design changes. Studies report that this combination 
improves both immersion and interoperability [137], two areas 
where older systems often fell short.

Behavior Modeling and Evaluation: Recent studies have also 
evaluated how training impacts real-world behavior, using beha
vioral tracking (eye, body, gestures) and biometric data (heart 
rate, facial expressions). This is done in an effort to track 
changes in hazard recognition and safety response [135,138]. 
The insights generated from this tracking help refine training and 
design a response to the earlier recommendations [47]. Together, 
VR-based safety training after 2020 shows itself to be a more 
responsive, personalized, and cognitively grounded tool. With 
advances in immersion, feedback, and behavioral alignment, 
modern VR systems directly address the limitations prior to 2020 
outlined by Li et al. [47] and now occupy a central role in construc
tion safety education.
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4.3 Digital Twins and 3D Modeling. The applications of 
DTs and 3D modeling in construction safety prior to 2020 were 
largely static. In practice, limited real-time integration and opera
tional relevance [124,125] were common issues. DT implementa
tions often lacked dynamic data feedback, and 3D models 
remained isolated from active job site processes. We see how 
recent studies have advanced in both the technologies through real- 
time monitoring, predictive risk modeling, and immersive learning.

Digital Twins: Recent research has strengthened DT integration 
with cyber physical systems (CPS), IoT, and machine learning. 
This has helped enhance safety through real-time monitoring and 
provided data-driven control.

An example of CPS DT-integrated framework for building oper
ation provides support through continuous tracking and automated 
risk detection [139]. Furthermore, digital twins are evolving into 
“green digital twins.” Tan et al. [121] proposed a digital twin- 
driven lighting system that combines computer vision with 
dynamic BIM. By tracking occupant movement in real time, the 
system optimizes lighting energy consumption by 79% (sustain
ability) while ensuring adequate illumination for visual comfort 
and safety. While reviewing, we noticed synergies between BIM, 
AI, IoT, and CPS, and this was also seen in a review paper that 
calls for underexplored safety in domains such as transportation 
and operation [140]. On the other hand, DTs have been applied 
on heat-prone construction sites, demonstrating how live weather 
data can be fused with digital site models [141]. We noted this 
as a proactive heat risk mitigation.

3D Modeling: Recent work addresses the static nature of tradi
tional 3D models by improving their dynamism, computational 
efficiency, and utility in real-time settings. Methods focusing on 
point cloud reconstruction show significant gains in density and 
loop closure robustness, improving hazard detection and spatial 
monitoring accuracy [142]. Monocular camera-based 3D recon
struction techniques also enhance the separation of dynamic and 
static elements, reducing computation costs while improving 
frame rates [143]. In educational contexts, immersive 3D and 
360 deg videos have been used to increase engagement and reten
tion in safety-related construction training [144].

Together, these advances demonstrate a notable evolution in DT 
and 3D modeling technologies. By improving real-time respon
siveness, integrating sensor-driven data, and supporting immersive 
safety learning, these tools have progressed from static representa
tions to dynamic systems that directly support proactive construc
tion safety management.

4.4 Building Information Modeling. Before 2020, BIM was 
recognized for its potential to improve planning and coordination 
in the Architecture, Engineering, and Construction (AEC) industry, 
but its integration into safety workflows remained limited. The key 
challenges identified in previous reviews include interoperability 
issues, regulatory uncertainty, and insufficient training [145,146]. 
Recent research has aimed to address these limitations by embed
ding BIM in real-time site monitoring, training, and safety 
decision-making.

Real-time Hazard Monitoring and Site Coordination: BIM has 
been increasingly used for proactive safety monitoring through 
4D visualization and dynamic task coordination. An example of 
one framework combines BIM with real-time collision detection 
and animation of crane safety to visualize operational risks 
[147]. This trend is also seen in another study where integration 
of indoor positioning systems and IMUs with BIM is done to 
track worker movements and obtain location-based hazard notifica
tions [148]. These kinds of advances support real-time safety 
assessments and address the earlier lack of live data integration.

Sustainability Integration (BIM-LCA): The integration of BIM 
with life cycle assessment (LCA) is a crucial development area 
[149]. Chen et al. [150] reviewed advancements in BIM-LCA inte
gration, highlighting how automated data exchange (e.g., via 
Industry Foundation Classes (IFC) or plugins) allows for precise 
carbon footprint tracking. This capability makes BIM into a sus
tainability tool that enables safety managers to visualize not only 
physical hazards but also environmental “hotspots” in the construc
tion process.

Immersive Simulation and Safety Training: Several BIM studies 
incorporate training environments to simulate real-world safety 
events. For instance, unity-based simulations use BIM models to 

Fig. 6 (a) Augmented reality (AR) application allowing users to visualize MEP systems hidden above ceilings through an iPad 
(Adapted from the study by Liao et al. [130]). (b) Virtual reality (VR) training scenarios showing an environment with hazard sce
narios overlaid. (c) Digital twin setups illustrating a robotic operation environment. (d) A corresponding immersive VR training 
environment (both adapted from the study by Wang et al. [131]).
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recreate scaffolding failure and evacuation scenarios, improving 
hazard recognition and emergency response training [151]. There
fore, the need for intuitive scenario-driven training tools that have 
previously been missing in BIM-centered safety planning is 
addressed.

Regulatory Support and Risk Coordination: Risk coordination is 
seen across a lot of studies where advances in frameworks tackle 
the challenge of regulatory limitations by incorporating safety 
guidelines and incident data into BIM workflows. Chong et al. 
[152] propose a unified BIM-AI platform that shifts safety manage
ment from compliance to intelligence. By combining spatial data 
with AI probabilistic models, the system quantifies interdependen
cies among structural, environmental, and human risks, supporting 
the social sustainability goal of preserving human capital. A 
notable approach evaluates construction activities and assigns 
hazard scores using OSHA and NIOSH datasets [153]. This 
effort is one of the many examples that fill the gap in the manage
ment of overlapping work zones.

Organizational Adoption and Workforce-Specific Applications: 
Beyond technical innovations, recent studies explore the human 
and organizational dimensions of BIM adoption. Managerial 
frameworks factors like autonomy, career growth, and task 
clarity [154], combined with guided validated practices improve 
site layout and safety outcomes [155]. Another study highlights 
culturally specific safety research. Recurring fall risks among His
panic workers are often due to noncompliance with PPE and 
improper ladder use [156]. A leadership research highlights how 
constructive traits, such as communication and reliability, 
enhance collaboration in BIM-centered teams [157].

In this section, we review recent BIM research and observe tran
sitions from static modeling to dynamic, field-integrated safety 
planning. This transition in BIM improves real-time hazard detec
tion, immersive safety training, and policy-based coordination 
addressing the barriers to interoperability, workforce training, and 
regulatory support [145,146]. We note the increasing continuous 
potential of BIM that shifts toward a support tool for proactive 
safety, lifecycle sustainability, and collaborative construction 
management.

5 Surveillance, Navigation, and Collaboration
5.1 Drones. The adoption of drones in construction began to 

gain traction around 2014, when Gheisari et al. [158,159] intro
duced early applications of unmanned aerial systems (UAS) for 
site inspections and safety documentation. Although promising, 
the then drone research faced several criticisms: limited autono
mous navigation, lack of seamless real-time data integration, and 
weak interface design that hindered usability [160].

Surveillance: Recent drone developments are popularly used for 
intelligent aerial surveillance [161]. These AI-integrated systems 
detect safety violations such as mapping unsafe zones and trigger
ing real-time alerts [162–165]. Attempts controlled experiments 
demonstrate the effectiveness of drones for debris detection, 
hazard zoning, and site-wide heat mapping [166]. These advances 
clearly help close the gap in continuous real-time risk detection.

Navigation: To overcome earlier limitations in autonomous 
control and navigation, emerging simulation-based frameworks 
now support safe flight planning and training. Rakha and Goro
detsky [167] highlight the shift toward fully automated building 
inspection procedures using UAS, which significantly reduces 
the time and risk associated with manual inspections. Furthermore, 
Liang et al. [168] identified advancements in UAV path planning 
that enable more precise monitoring of dynamic construction envi
ronments, ensuring reliable data capture even in cluttered sites. 
Through operator guidelines, drone control protocols, and simula
tion benchmarks, the system ensures reliability and usability [169– 
171]. These efforts make for a more confident and effective deploy
ment especially in variable site conditions.

Collaboration: A newer approach of VR-based drone training 
environments supports safer drone–human interactions while 

maintaining operational awareness [172]. These systems use 
immersive interfaces to teach workers behaviors and safety rules. 
An excerpt in Fig. 7 demonstrates this through various training 
modes conceptual instruction, scenario-driven exercises, and site- 
wide monitoring simulations. A further study into operator beha
vior and simulations of drone response shows improved perception 
of hazards and operational proficiency [172,173].

Sustainability and Energy Efficiency: Beyond safety, drones are 
increasingly used for building performance evaluation. A recent 
review of UAV-IRT highlights their ability to perform rapid, effi
cient thermal inspections of building envelopes. By identifying 
thermal anomalies, moisture entrapment, and insulation failures, 
these UAV systems allow for targeted retrofitting, contributing to 
the sustainability goal of reducing operational energy waste 
[120]. This application exemplifies the safety sustainability used 
in UAV applications to inspect high-rise envelopes and eliminates 
the need for workers to work at heights while ensuring the build
ing’s thermal integrity.

In general, drone research has transitioned from mere experi
mental tools to autonomous, safety-oriented, and eco-efficient 
agents. By addressing earlier concerns about navigation, real-time 
data integration, and human drone interaction, drones are now seen 
to play a proactive role in surveillance, navigation, and collabora
tion across construction safety.

5.2. Robotics. An early example of construction robotics 
emerged in the 1980s, with the development of a robotic fireproof
ing sprayer by Shimizu Corporation that applied a coating to steel 
girders for extended hours [174]. Despite early success, robotics 
faced the most challenges: unstructured work environments, high 
costs, limited autonomy, safety risks, and a lack of human–robot 
interaction (HRI) design [94]. Recent advancements show remark
able progress in key topics relevant to SNC.

Collaboration: Addressing the limited capability of HRI and 
associated trust concerns, we focus on recent studies on brain–com
puter interfaces (BCIs), cognitive adaptation, and shared task coor
dination. Robots have incorporated EEG signals from human 
workers to adapt actions in real time [63,175]. Learning from 
demonstration techniques enables robots to generalize 
quasi-repetitive tasks in unstructured environments [176], while 
conceptual HRI taxonomies improve trust and ergonomic align
ment [177]. Digital twin systems also bridge the gap with human 
strategy and robotic execution through immersive VR interfaces 
[178]. There are also several reinforcement learning examples 
that optimize co-robotic ergonomic support [179], and Generative 
Adversarial Network (GAN) based cognitive load tracking. This 
approach allows robots to adapt according to worker stress [180]. 
These collective developments are some examples that overcome 
previous issues related to robotic unpredictability, manual controls, 
and low human acceptance.

Robotics for Sustainability (Waste Sorting): A critical emerging 
application is the use of robotics for onsite waste management. 
Chen et al. [118] developed a robot specifically for automatic 
waste sorting on construction sites. By automating the segregation 
of hazardous and recyclable materials, this system addresses two 
critical goals: it removes workers from the dangerous task of 
manual sorting and ensures higher recycling rates by reducing con
tamination in waste streams.

Surveillance and Smart Infrastructure: Some novel robotics 
platforms actively detect transient hazards like falls in indoor envi
ronments [181]. While collision risks are also proactively predicted 
using deep learning and UAV-integrated frameworks [182].

Navigation and Training: We have seen the use of VR-based 
training above, and it is also seen here to enhance familiarity and 
trust in robotic systems. Interactive simulations improve operator 
confidence, situational awareness, and real-world task transfer 
[183]. In addition, VR-based collaborative tasks also support real- 
time trust modeling in HRC by psychophysiological feedback 
[184]. Recent advances in robotics have seen development from 
single-purpose automation tasks to intelligent collaborative 
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agents. These systems thus overcome previous challenges in adapt
ability, ergonomics, and cognitive integration [94], and are now 
supporting predictive hazard detection, responsive task execution, 
and dynamic interaction with human colleagues.

6 Wearable Technology
The concept of wearable safety technologies in construction has 

been investigated since the early 2000s, with research such as 
Thorpe et al. [185] facilitating the link between point-of-production 
workers and corporate Information and Communications Technol
ogy (ICT) systems. These early efforts established the groundwork 
for modern wearable sensors that monitor worker behavior and 
physiological metrics in real time. Reviews such as those by 
Awolusi et al. [186] highlight the potential of wearables to 
improve safety through real-time monitoring and physiological 
monitoring. However, limitations with wearable technology were 
often faced with low-field validation, accuracy concerns in 
dynamic settings, worker adoption, and limited integration with 
safety frameworks. Recent studies have shifted the narrative from 
simple injury prevention to social sustainability. By continuously 
monitoring worker health and well-being, wearables are now seen 
as essential tools for preserving human capital, the industry’s sus
tainable resource. We see how recent studies have since made 
major strides in addressing these gaps, particularly in the domains 
of worker behavior, ergonomics, and real-time cognitive sensing.

6.1 Worker Behavior and Ergonomics. A notable example 
of the use of bluetooth low energy–based positioning systems 
has been seen to deliver high-precision alerts to prevent struck- 
by incidents. They combine the angle-of-arrival tracking with 
wearable wristbands [187]. Hybrid systems also enhance tracking 
accuracy by fusing computer vision with Radio-Frequency Identi
fication (RFID), enabling precise 3D localization of workers in 
high-risk zones [188]. These examples are a part of the collective 
studies that help resolve earlier issues with the cumbersome 
cable and inaccurate field positioning. Construction sites have 
seen unsafe behaviors and their detection has improved signifi
cantly with AI-enhanced video analytics. Attention-based neural 
networks such as OP-Net enable high accuracy identification of 
unsafe acts in real-world environments [189], while LSTM-based 
prediction models help anticipate environment-aware mobility 
paths and potential collisions [190]. These advances directly 
address previous concerns about missing behavioral cues in 
complex site environments [4,191].

6.2 Managing Risk for Social Sustainability. The integra
tion of occupational health and safety management systems 
(OHSMS) is now recognized as a critical driver for sustainable 
industry growth. Kineber et al. [12] conducted a systematic 
review demonstrating that the benefits of OHSMS extend beyond 
accident reduction; they include improved safety culture, reduced 

Fig. 7 Training modes include (a) conceptual instruction, (b) scenario-driven exercises, and 
(c) site-wide monitoring simulations (adapted from the study by Cheng et al. [172]).
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absenteeism, and enhanced project efficiency. By systematically 
identifying and controlling risks, construction firms can comply 
with regulatory requirements while simultaneously fostering a 
“safety climate” that values human capital. Bourahla et al. [11] 
further emphasize that managing Occupational Health and Safety 
(OHS) risks is a pathway to social sustainability. Their review iden
tifies that nontechnical risks such as human behavior, lack of train
ing, and poor communication are dominant factors in construction 
accidents. Wearable technologies address these “soft” risks by pro
viding data-driven insights into worker behavior and fatigue levels. 
For instance, wearables can detect when a worker is entering a high- 
risk zone or exhibiting signs of heat stress, allowing for immediate 
administrative interventions that protect the worker’s long-term 
health and livelihood. This proactive management ensures that the 
infrastructure we build promotes social well-being for those who 
build it. As one would expect, wearables are also used to study 
the cognitive and ergonomic effects of stimuli on workers. 
VR-based simulations test whether ambient sound filtering 
improves operator focus [192], while other studies examine how 
proximity to drones influences worker stress and attentiveness 
[193]. Empowerment-focused research evaluates the relation of 
wearable and digital tools to participation and communication in 
safety [194,195]. There have also been advances in simulation 
models that predict responsibility in fall incidents based on beha
vioral data [196]. An inertial sensor-based system identifies 
loss-of-balance events to detect slippery zones with high recall pre
cision results [197]. On the practical side, onsite assessment tools 
have also emerged for evaluating worker safety under time and 
skill constraints [198].

We acknowledge that one of the most essential challenges of 
wearable—user acceptance still remains a critical focus. Studies 
that have built conceptual models from field surveys point 
toward the importance of ergonomics, trust, and data privacy on 
mobile devices [199]. Beyond acceptance, continuous physiologi
cal and behavioral monitoring raises broader ethical concerns. 
Technologies such as EEG-based cognitive sensing, wearable bio
sensors, and real-time location tracking collect highly personal 
data, yet frameworks governing data ownership, storage duration, 
third-party access, and worker consent remain largely undefined 
in the construction domain. Without transparent data governance 
policies, workers may perceive monitoring systems as employer 
surveillance rather than safety tools, potentially undermining the 
social sustainability goals that these technologies are designed to 
support. A study introduces tracking of EEG-based cognitive func
tions to demonstrate the adaptability of field-ready neurosensing 
equipment [200]. Another study introduces tactile vests and belts 
that offer haptic feedback to warn of nearby equipment in visually 
or acoustically constrained environments [201].

These developments are visually represented in Figs. 8 and 9, 
which illustrate biosensor-driven risk classification and tactile feed
back systems designed to enhance hazard awareness. In a conclud
ing article, Panahi [202] explores the concept of personalized 
sustainability, where traditional systems that monitor the site as a 
whole, personalized sustainability focuses on the individual’s inter
action with their immediate environment. In short, recent wearable 
technology research has seen expansion that is far beyond basic 
activity tracking. Through the integration of real-time behavioral 
monitoring, ergonomic modeling, hazard anticipation, and cogni
tive assessment, wearable systems now serve as essential tools for 
proactive and personalized construction safety management. The 
aforementioned advances help address the earlier noted gaps in 
data accuracy, behavior integration, environmental adaptability, 
and user trust.

6.3 Health Monitoring and Human Capital 
Sustainability. Construction health-related research focused pri
marily on general wellness topics such as occupational stress and 
nutrition. However, as Nwaogu et al. [203] observed, construction 
health monitoring systems often lacked integration with real-time 

physiological tracking, mental health metrics, and field-ready 
implementation strategies. Their review identified key challenges: 
(1) physiological monitoring, (2) the mental health effects of shift 
work were underexplored, and (3) health technologies lacked adop
tion due to cost, usability, and training barriers.

Recent studies have made important strides in addressing these 
issues. For example, Ghafoori et al. [204] developed a deep learn
ing system that predicts heart rate using wearable sensor data and 
CNN-LSTM algorithms, helping detect early signs of overexertion. 
This addresses the challenge associated with real-time physiologi
cal tracking. Similarly, Zhou et al. [205] applied topic modeling to 
a large corpus of construction safety literature, showing how new 
methods can move beyond citation network bias to surface actual 
health-related trends over time. Recent reviews also emphasize 
the importance of physiological monitoring in long-term sustain
ability of the workforce. Nnaji and Karakhan [206] argue that 
WSDs are pivotal for mitigating work-related musculoskeletal dis
orders, a leading cause of early retirement and workforce depletion. 
By proactively monitoring physical strain and fatigue, WSDs help 
extend the working life of skilled laborers, thereby supporting the 
economic sustainability of the construction industry. Mental health 
monitoring has also improved as seen in the study by Kumar Singh 
et al. [207], where they conducted a field study with 1400 workers. 
The study showed that misaligned sleep cycles due to irregular 
work schedules significantly affected mental and physical well- 
being. Their results therefore reinforce the need for organizational 
interventions, a gap noted in the earlier review.

From an implementation perspective, barriers to adopting this 
technology have also been examined. Nnaji and Karakhan [206] 
surveyed 102 construction professionals and highlighted why the 
adoption of health technologies lags: cost, lack of training, and 
perceived value. A broader review of wearable technologies 
[208] points to solutions such as centralized data management 
and ergonomically designed devices to improve usability and 
lower costs. Building on this, Yadav et al. [209] identified five 
practical design principles for worker-friendly wearables: 
weather resistance, battery life, traceability, comfort, and social 
acceptability.

As a result, we note emerging systems are now tracking a wide 
range of vitals, heart rate, temperature, breathing rate, and muscu
lar load, using off-the-shelf wearables. For example, Pillsbury et al. 
[210] found that fitter workers had lower physiological stress on 
different tasks, underscoring the value of personalized data in 
work allocation and injury prevention. To date, we see recent 
research in health monitoring has moved from static wellness 
metrics to dynamic, real-time physiological monitoring and 
mental health management. These examples in advance respond 
directly to the gaps described by Nwaogu et al. [203] and align 
with the broader goals of social sustainability by treating worker 
health as a renewable resource that must be protected. Together, 
they demonstrate a growing focus on proactive, data-driven 
worker health systems, bringing the industry closer to a holistic 
model of construction safety and sustainability.

7 Discussion
The review critically examined technological advances in four 

domains AI, visualization, SNC, and wearable technology, high
lighting the “technological inflection” point. The analysis demon
strated a transition from isolated tools in the prototype stage to 
integrated, adaptive, and context-aware safety systems that 
address safety hazards and sustainability goals.

7.1 Safety Sustainability. AI technologies, which were his
torically constrained by limited real-time capabilities, like incon
sistent data, and poor interpretability, have seen several studies 
with substantial developments serving a dual purpose. Recent AI 
approaches now enable proactive hazard detection, while the 
same predictive analytics are being leveraged for resource 
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optimization. For example, BIM-integrated digital twin frame
works that use data mining to predict process bottlenecks not 
only prevent safety risks associated with scheduling failures but 
also significantly reduce material waste and embodied carbon [79].

Visualization Technologies: Visualization technologies, which 
include AR, VR, DT, and BIM, evolved from static, isolated 
models to immersive, real-time, and integrated platforms such as 
“green digital twins.” Recent advances have significantly improved 
user experience and practicality. The integration included studies 
using AR and VR systems, with BIM, physiological feedback as 
approaches to improve hazard recognition and energy perfor
mance. The integration of BIM with LCA tools is another 
notable example that visualizes both physical risks (e.g., clashes) 
and environmental “hotspots” (e.g., carbon-intensive activities) in 
real time [121,150]. Technologies using digital twins advanced 
predictive monitoring by improving continuous data integration. 
BIM has increasingly become an active safety management tool 
supporting real-time hazard identification.

SNC Technologies: Drones and robotic technologies under the 
SNC domain have overcome earlier challenges of autonomy, 
real-time data integration, and human–machine interaction. 
Drone systems now support continuous AI-enhanced site moni
toring, which is an autonomous navigation to predict hazards 
that includes thermal envelope inspection and energy auditing. 
Similarly, robotics has seen much improvement in integrating 
brain–computer interfaces, immersive training, as well as adopt
ing the “green robotics” application, such as onsite waste 
sorting.

Wearable Technologies: Advances in this category have 
addressed prior limitations in field validation, user adoption, and 
behavioral integration by shifting the focus to social sustainability. 
The recent innovations now provide workers with accurate real- 
time tracking, ergonomic monitoring, cognitive sensing, and 
health assessments essentially preserving the human capital. We 
noted studies that align wearables with ESG goals, ensuring the 
management of workforce health as a renewable resource.

Fig. 8 Overview of a wearable biosensor system for assessing construction workers’ perceived risks. Physiological signals 
including electrodermal activity (EDA), photoplethysmography, and skin temperature are collected via wristband sensors. 
Note: EDL refers to electrodermal level (the tonic component of EDA) and EDR refers to electrodermal response (the phasic com
ponent of EDA). (Adapted from the study by Lee et al. [82].)
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7.2 Future Research Directions. Future work in construction 
safety technologies should directly address the main gaps identified 
across the four domains. Most AI models still rely on limited data
sets and thus fail to generalize across common tasks. A potential 
research direction would involve shared benchmarks and testing 
systems under construction site conditions with dynamic condi
tions, such as multiple sites and varying weather conditions. In 
addition, as AI models become more complex, their own computa
tional energy consumption rises. We encourage more studies to 
explore “green AI” architectures that minimize the carbon footprint 
of training large safety models.

AR, VR, and digital twins face significant challenges regarding 
long-term usability. Factors such as high costs and limited fit with 
daily site routines are barriers. Studies analyzing long-term field 
evaluations and cost–benefit analyses could provide more insights 
into improving them. In the SNC domain, drones and robots still 
struggle in cluttered or unpredictable environments. Therefore, 
research and experiments on combining multiple sensor types and 
clearer communication standards are some directions to address it. 
Wearable technologies have progressed in monitoring movement, 
stress, and behavior, but workers still face issues related to discom
fort and accuracy loss over time. Research on more data on ergonom
ics, varied approaches to improve personalized sustainability 
monitoring, and privacy will help enable worker trust, adaptability, 

and career longevity. More broadly, ethical considerations around 
data privacy and surveillance apply across all four domains, not 
only wearables. AI-driven video analytics and computer vision 
systems continuously capture worker behavior; drone-based moni
toring records site-wide activity from aerial perspectives; and VR/ 
AR training platforms may collect biometric responses such as eye 
tracking and heart rate. As these technologies become more perva
sive, the absence of standardized data governance frameworks that 
address data minimization, and informed consent, represents a signif
icant barrier to responsible adoption. Future research should adopt 
privacy-by-design principles and ensure that monitoring systems 
empower workers rather than subject them to unchecked surveil
lance. Furthermore, we identify a critical link that extends these find
ings from the construction site to the city scale. As data from AI, 
visualization, SNC, and wearables becomes more granular, it pre
sents an untapped opportunity for Urban Governance and Policy. 
Future implementations should investigate how site-level safety 
data, such as noise pollution, air quality, and waste metrics, can 
inform municipal “Smart City” frameworks and adaptive building 
codes. This integration effectively bridges the gap between microle
vel occupational safety and macrolevel sustainable infrastructure 
planning. While the technological trends identified in this review 
reflect developments observed primarily within the US construction 
industry, practices in other regions and economic contexts remains 

Fig. 9 A wearable tactile feedback system designed to enhance hazard perception for construction workers. The device 
uses vibration motors integrated into a vest or belt to provide immediate physical alerts, effectively warning workers of 
nearby equipment or collision hazards even in noisy or visually restricted environments. (Adapted from the study by 
Sakhakarmi et al. [201].)
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an open question. Regions with different safety enforcement capac
ities, labor structures, or digital infrastructure may experience differ
ent adoption trajectories. Future reviews should incorporate 
comparisons of multiple regions to assess the generalizability of 
these findings.

7.3 Implications for Building Codes and Regulatory 
Evolution. The technologies reviewed across the four domains 
have significant implications for the evolution of building codes 
and construction safety regulations. Historically, codes such as 
the International Building Code (IBC) [211], OSHA [212] regula
tions have been reactive, but the influx of real-time data from AI, 
visualization, and wearables presents a new opportunity for proac
tive, evidence-based regulation [213].

In the AI domain, automated hazard detection and predictive risk 
models are now capable of performing continuous compliance ver
ification, a function traditionally limited to periodic manual inspec
tions. As these technologies mature, they promise to streamline 
code enforcement workflows, enabling safer and more consistent 
auditing frequencies [152].

Visualization technologies like BIM are already facilitating auto
mated code checking against IBC provisions, utilizing large lan
guage models to semi-automate verification against complex 
regulations [214,215]. Furthermore, digital twins are evolving 
into living compliance records that document operational safety 
and energy performance throughout a building’s entire lifecycle 
[216,217].

In the SNC domain, drone-based inspections are gaining recog
nition in revised protocols for high-rise and postdisaster assess
ments, offering a safer alternative to manual methods [218]. As 
UAV regulations align with evolving Federal Aviation Administra
tion (FAA) guidelines [219], these autonomous systems are likely 
to become standard fixtures in code enforcement procedures. 
Wearable technologies are providing continuous physiological 
data, such as heat stress and fatigue metrics, which are essential 
for refining occupational safety standards [220]. This real-time evi
dence could directly inform future revisions to OSHA’s [212] heat 
illness prevention guidelines and work-rest cycle regulations.

Collectively, these advancements suggest a paradigm shift 
toward dynamic, performance-based standards. Future research 
should investigate how this site-level data can feed into adaptive 
frameworks, allowing codes to evolve from static documents into 
responsive systems reflecting real-time conditions.

8 Conclusion
We systematically reviewed technologies in construction safety 

over the period (2020–2025) and summarized their transition. 
These transitions were based on the following perspectives: com
paring the recent advances with the limitations of earlier studies 
and noting how these advancements addressed the earlier 

limitations. The technologies that were once isolated observed 
notable developments into more integrated, adaptive, and sustain
ability-aware safety systems. We examined 165 peer-reviewed 
studies and organized them into four core domains: AI, visualiza
tion (AR/VR, digital twins, BIM), SNC, and wearable technology. 
We discussed each domain’s characteristics, integration, safety 
enhancement mechanisms, and its applicability in the field. Collec
tively, we summarized their contributions—in enhancing risk 
anticipation, site-wide situational awareness, and the enhancement 
of cognitive and environmental safety. We noted that these safety 
improvements also support broader sustainability goals by lower
ing lifecycle impacts, reducing inefficient practices, and enabling 
data-driven resource use.

The first domain contained AI technologies that observed more 
studies that improved the system’s interpretability, predictive mod
eling, and workflow integration. This was seen as a huge contrast to 
earlier black-box–based studies. AI models now serve a dual 
purpose—predicting safety risks while simultaneously optimizing 
resource allocation to minimize material waste and rework.

Technologies under visualization were once identified as static 
and fragmented, but now can be seen with more efforts in studies 
focusing on better immersive experience, scenario-based training, 
and the integration of LCA tools. While BIM has also moved 
into a sustainability engine capable of visualizing embodied 
carbon and energy performance hotspots.

Third, the studies utilizing surveillance systems, such as drones 
and collaborative robots, shifted approaches toward interactive and 
safe agents. Recent applications include drones for predictive site 
intelligence and human–machine collaboration—thermal envelope 
inspection and robots for automated waste sorting.

Finally, wearable technologies shifted approaches from merely 
being used for posture and motion monitoring to supporting 
social sustainability. We saw more examples, and applications on 
stress detection, behavioral guidance, ergonomic-informed deci
sions, and workforce health preservation, aligning with broader 
ESG and safety objectives.

Therefore, these recent studies across four domains marked a 
massive progress toward proactive, integrated, and safe- 
sustainable systems. We summarize our findings in Table 4, for 
each domain. These findings came from several examples of 
studies that demonstrated how each domain addressed the 
common limitations in the pre-2020 literature. Collectively, each 
domain adopted developments that focused on real-time sensing, 
multimodal data fusion, and safety-efficiency design principles. 
Through this, we conclude that researchers, practitioners, and 
industry partners have rapidly moved beyond traditional technolo
gies to practices that would have been difficult to anticipate in con
struction 5 years ago. This shift suggests that the field has entered a 
stage in which construction safety systems operate with a level of 
intelligence and integration that drive both human and environ
mental well-being.

Table 4 Rationale for classification of recent literature into four reviewed domains 

Domain Representative keywords Key safety contributions Sustainability implications

AI Detection, prediction, 
classification, deep learning, 
algorithm, waste reduction

ML-based hazard detection, PPE 
recognition, risk prediction models

Resource optimization: reduces material waste and 
rework through predictive accuracy; supports lean 
construction principles

Visualization BIM, VR, AR, simulation, 3D, 
digital twin, LCA

Safety training via VR/AR, risk 
overlays, design-time hazard 
simulation, energy performance

Lifecycle management: tracking of carbon and energy 
performance; facilitates “green digital twins” for 
environmental auditing

SNC Robot, drone, camera, 
monitoring, interaction, 
navigation, thermal inspection

UAV inspections, robotic site 
mapping, human–robot 
collaboration

Environmental supervision: automates hazardous 
tasks (e.g., waste sorting) to improve recycling purity; 
detects thermal leaks and energy loss

Wearables and 
human-centric 
systems

Sensor, fatigue, biosignal, 
wearable, health, ergonomics, 
social sustainability

Smart PPE, stress detection, 
physiological signal processing, 
long-term workforce health

Social sustainability: preserves human capital by 
monitoring long-term health; supports ESG goals by 
ensuring safe, equitable, and sustainable working 
conditions
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