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ABSTRACT 
 
This systematic review examines the evolution and emerging trends of machine learning (ML) 
technologies in construction safety compliance from 2010 to 2025. Using the PRISMA framework, 
an initial search obtained 7,229 results from ScienceDirect and IEEE Xplore; however, 37 studies 
were finally selected to synthesise the progression from traditional computer vision approaches (e.g., 
HOG, SVM) to advanced deep learning, multimodal, and zero-shot paradigms. Findings demonstrate 
substantial improvements in real-time PPE detection, compliance accuracy, and data efficiency 
through the use of weakly supervised and Edge-AI systems. However, limitations persist in 
environmental robustness, dataset generalizability, and integration with predictive analytics or 
Building Information Modelling (BIM). The review concludes that while machine learning has 
advanced construction safety compliance from traditional vision-based systems to deep and 
multimodal architectures, most existing models remain task-specific and lack holistic, adaptive 
intelligence. Persistent challenges include environmental sensitivity, limited hazard scope, data 
imbalance, and poor generalization across real-world conditions. Future research should integrate 
multimodal fusion, edge-AI optimization, predictive analytics, and privacy-preserving frameworks, 
while emerging paradigms such as Vision-Language Models and Generative AI hold promise for 
building intelligent, explainable, and human-centric safety compliance systems. 
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1. INTRODUCTION 
 

Safety remains a cornerstone of organizational sustainability, essential to employee well-being, 
operational continuity, and long-term competitiveness, and although safety culture is increasingly 
embedded in regulatory frameworks across industries, efforts to shape it are often impeded by 
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resistant subcultures and divergent perceptions (Cooper, 2000; Guldenmund, 2000; Hopkins, 2006: 
Nævestad et al., 2021; Carretero-Gómez et al., 2023). While strong senior management 
commitment and robust safety management systems (SMS) are critical to cultivating a positive 
safety climate, translating these foundations into consistent safe behaviours and tangible reductions 
in incidents remains a persistent challenge (Flin et al., 2000; Syed-Yahya et al. 2022). Hence, 
combining multiple intervention types, which include behavioural interventions, administrative 
controls, engineering controls, and PPE, has proven to be a more effective approach for 
synergistically enhancing HSE outcomes (Nævestad et al., 2021; Benson et al., 2024). In 2020, 
more than 1,008 fatalities were reported in the U.S. construction industry (Jalil Al-Bayati et al.,2023), 
and according to the International Labour Organization (ILO), workplace accidents and work-related 
illnesses result in over 2.8 million deaths annually, making them a major global health concern 
(Bautista-Bernal et al., 2021), which also pose a significant challenge for organizations, impeding 
their progress towards corporate sustainability, as they directly jeopardize the well-being of the 
workforce (Tan et al.,2023). 
 
1.2 Objectives 
The primary objective of this review is to provide a comprehensive and theory-informed synthesis of 
how machine learning (ML) has been applied in the domain of safety compliance within the 
construction industry. The review explores current methodological trends, including the types of ML 
algorithms deployed, feature engineering approaches, and evaluation procedures, while tracing the 
evolution from early rule-based systems to more recent data-driven and explainable AI paradigms. By 
identifying key research gaps, methodological limitations, and ethical considerations, the review also 
presents a forward-looking research agenda aimed at guiding the development of more efficient, 
transparent, and ethically responsible ML-driven safety systems in construction. 
 
Guided by these objectives, the review addresses important research questions: Which ML 
techniques and methodologies have been predominantly utilised, and how have they evolved in 
response to emerging challenges? What unique domain-specific challenges have arisen? Lastly, 
what are the principal limitations and unresolved challenges, and what future research trajectories 
hold promise for advancing ML applications in construction safety compliance? 
 
1.3 Scope of the Review 
The scope of this review includes peer-reviewed academic publications that use or critically assess 
machine learning techniques for construction safety compliance monitoring, prediction, or 
enforcement. The inclusion criteria specifically exclude research that focuses only on conventional 
statistical analyses or rule-based systems without ML integration, while limiting the review to studies 
that use machine learning or deep learning techniques like supervised, unsupervised, reinforcement 
learning, ensemble methods, or computer vision. The temporal scope includes publications from 
2010 to 2025, which document the development and maturation of sophisticated machine learning 
applications as well as the growing accessibility of big data in safety-critical settings.  
 
The remainder of the paper is organised as follows. Section 2 summarises the methodology followed 
to conduct the literature review. Section 3 focuses on a review of the selected articles. The obtained 
results are described in Section 4, including concluding remarks and recommendations. 
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2. METHODOLOGY 
 
To ensure methodological rigour and comprehensive literature coverage, this study employed a 
structured article retrieval process guided by the PRISMA (Preferred Reporting Items for Systematic 
Reviews and Meta-Analyses) framework (Page et al., 2021) and systematically mapped the evolution 
of machine learning in safety compliance to provide a synthesis that advances both academic 
research and practical application. Scholarly articles were sourced from ScienceDirect and IEEE 
Xplore, two leading digital libraries that offer complementary strengths. ScienceDirect provides 
extensive interdisciplinary coverage, particularly in applied sciences and theoretical discourse, while 
IEEE Xplore focuses on highly technical, peer-reviewed literature in computer science, engineering, 
and information technology (Wilde, 2016; Patriarca et al., 2020). Together, these sources facilitate a 
balanced synthesis of theoretical insights and applied advancements related to machine learning 
(ML) in safety compliance. 
 
2.1 Article Search 
The literature search was conducted on June 12, 2025, using advanced query techniques across the 
title, abstract, and keywords fields, applying Boolean logic to enhance precision. Common and 
domain-specific terms such as "safety compliance", "helmet detection", "hazards identification", 
"hardhat detection", "personal protective equipment detection", and "PPE detection" were used to 
capture relevant studies. In ScienceDirect, filters were applied to limit results to English-language 
articles published between 2010 and 2026, within subject areas including Engineering, 
Environmental Science, Materials Science, Computer Science, and Safety Systems. Only research 
and review articles were considered. For IEEE Xplore, the search targeted keywords like IoT, Human-
Robot Interaction, Object Detection, CNN, ML, Deep Learning, PPE, Compliance Control, and Safety 
Systems, with filters set for journal articles and conference proceedings published between 2010 
and 2025. The combined search across both databases yielded 7,229 articles. 
 
keyword in article title ScienceDirect IEEEXplore 
Safety Compliance 942 1233 
Helmet Detection 45 676 
hazards identification 1920 1675 
Hardhat detection 8 18 
Personal protective equipment detection 67 455 
Ppe detection 78 112 
Subtotal 3060 4169 
Total 7229 
 
2.2 Screening and Selection 
In the first stage, articles were screened for thematic relevance, and only those aligned with the core 
research themes were retained. The second stage involved selecting articles relevant to machine 
learning (ML) to ensure inclusion of only studies that actively applied or discussed ML techniques. 
Finally, in the third stage, articles specifically focused on construction safety were selected to ensure 
direct alignment with the objective of the review. This systematic approach refined the dataset to 
include only the most relevant and impactful studies.  
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This systematic approach enhanced thematic coherence, minimized reviewer bias, and improved the 
interpretability of the findings. The entire workflow is visually depicted in the PRISMA diagram (Figure 
1). 
 

 
Fig 1: PRISMA Diagram  For The Entire Workflow 

 
2. LITERATURE REVIEW 
 
In this section, articles identified as highly relevant were reviewed manually to assess their 
methodological rigour, theoretical grounding, and contribution to the application of machine learning 
in construction safety.  
 
3.1 Overview of PPE Compliance Monitoring Methods and Challenges 
Over the decades, safety management has evolved from prescriptive, rule-based systems to 
dynamic, culture-driven paradigms that emphasise proactive risk identification and continuous 
improvement (Nævestad et al., 2021; Huang et al., 2016). The critical importance of safety is 
underscored by its influence not only on accident reduction but also on broader organisational 
outcomes such as job satisfaction, employee engagement, and firm survival (Huang et al., 2016; 
Carretero-Gómez et al., 2023). Colombo et al. (2019), through a historical and systemic analysis 
grounded in a socio-technical theoretical framework, explored the transformation of Health, Safety, 
and Environment (HSE) roles in Italy, tracing their evolution from technicians to professionals and 
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eventually to managerial figures, highlighting how this progression was shaped by shifting legislative 
mandates, organizational dynamics, and cultural paradigms of risk prevention, and revealing a 
transition across five safety cultures (blaming, technological determinism, ergonomic, socio-
technical, and High Reliability Organization) that ultimately redefined the HSE role as a hybrid 
consultant-manager embedded within a multidisciplinary and participatory prevention model. 
 
3.2 Manual Compliance Monitoring Methods 
Traditionally, compliance monitoring has relied on manual, in-situ observation and reporting, with 
safety officers or supervisors tasked to ensure adherence to personal protective equipment (PPE) 
protocols and other safety standards (Li et al., 2017; Mneymneh Bahaa et al., 2019). While 
foundational, these methods are increasingly recognised as inefficient and resource-intensive, often 
suffering from delayed incident detection, underreporting, inconsistency, and limited scalability, 
especially in large or complex environments (Sadiq et al., 2019; Baraza et al., 2023). The dynamic 
and unstructured nature of many workplaces further exacerbates these inefficiencies, making real-
time, comprehensive compliance monitoring a persistent challenge (Nath et al., 2020; Fariza et al., 
2024). Hence, the need for more agile, data-driven solutions cannot be overemphasised, especially 
in high-risk sectors such as construction, mining, and transportation, where the consequences of 
non-compliance can be severe (Baraza et al., 2023; Ayhan & Tokdemir, 2019). For instance, Lööw 
and Nygren (2019) analyzed three decades of safety initiatives in Swedish mining, highlighting the 
use of retrospective audits, incident reporting, and safety culture assessments as primary 
compliance tools.  
 
While these manual approaches improved procedural adherence and fostered employee 
participation, they were limited by their static nature and inability to capture real-time behavioral 
risks. Similarly, Tappura et al. (2022) employed a safety culture maturity model based on manually 
scored surveys, which enabled targeted improvements but required labor-intensive data collection 
and lacked real-time feedback mechanisms. Marchelli et al. (2023) demonstrated that quantitative 
risk assessments for hazards such as rockfalls relied heavily on manual hazard mapping and 
exposure logs, which failed to account for dynamic environmental changes during construction. 
Across these studies, manual compliance monitoring was found to be resource-intensive, 
susceptible to bias, and often reactive rather than proactive.  
 
A key research gap emerging from this body of work is the absence of dynamic, scalable, and 
adaptive compliance monitoring frameworks. Manual methods are constrained by their reliance on 
periodic audits, self-reported data, and subjective scoring, which limits their effectiveness in rapidly 
changing environments (Laroche et al., 2020; Sorensen et al., 2021). This gap is highly relevant to 
our study on the evolution of machine learning (ML) in safety compliance, as ML technologies offer 
the potential to automate data collection, enable real-time risk prediction, and provide continuous 
feedback loops. Integrating ML with traditional safety systems could address the limitations of 
manual approaches by leveraging predictive analytics, sensor networks, and natural language 
processing to enhance both the accuracy and responsiveness of compliance monitoring. Thus, 
bridging this gap is essential for advancing from static, labor-intensive compliance methods to 
intelligent, adaptive safety management systems. 
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3.3 Technology-driven Compliance Monitoring 
Building on the conceptual and institutional evolutions in safety management, recent advances in 
computational intelligence, particularly machine learning (ML) are catalysing a paradigm shift in how 
safety compliance is monitored, predicted, and enforced. Machine learning focuses on designing and 
developing algorithms and statistical models that enable computer systems to automatically analyse 
data, learn from experience, and improve their performance on specific tasks without explicit 
programming, by building predictive models through computational methods (Jordan & Mitchell, 
2015; Mahesh, 2020; Pugliese, et al., 2021; Zhou, 2021).  
 
ML offers significant potential to overcome the limitations of traditional safety approaches by 
enabling real-time data analysis, uncovering hidden patterns in large and complex datasets, and 
supporting proactive decision-making in high-risk environments (Pham et al., 2025; Junjia et al., 
2025). By integrating sensor data, video surveillance, employee feedback, and historical incident 
reports, ML models have been increasingly employed to predict near-misses, identify non-compliant 
behaviours, and personalise safety interventions (Cocca et al., 2016; Awolusi et al., 2018; Park et 
al., 2024). This data-driven approach complements and extends the socio-technical and culture-
based frameworks discussed by Colombo et al. (2019), suggesting a convergence between human-
centred and algorithmically enhanced safety strategies. In recent times, advances in ML have 
catalysed a paradigm shift in safety compliance monitoring. For instance, ML-driven systems offer 
predictive analytics and real-time feedback, enabling organisations to move beyond reactive 
compliance checks toward proactive risk mitigation (Li et al., 2017; Ayhan & Tokdemir, 2019; Aithal 
et al., 2025). Also, studies have demonstrated the efficacy of deep learning architectures for real-
time PPE detection (Nath et al., 2020; Fariza et al., 2024), IoT-enabled enforcement systems (Aithal 
et al., 2025), and interpretable ML models for risk analysis (Abdulrashid et al., 2025).  
 
These approaches address key limitations of traditional methods by automating compliance 
verification, enhancing accuracy, and providing actionable insights for resource allocation (Sadiq et 
al., 2019; Karatopak & Sen, 2023). Despite these advances, significant uncertainties remain. Many 
ML solutions are constrained by domain-specific datasets, limited generalizability, and challenges in 
adapting to unstructured or dynamic environments (Li et al., 2017; Mneymneh Bahaa et al., 2019). 
Furthermore, existing systematic reviews have highlighted the promise of AI and data mining in 
compliance management but have also noted a lack of unified frameworks and insufficient attention 
to real-time, multi-component safety contexts (Sadiq et al., 2019). 
 
3.3.1 Few-Shot & Attribute Recognition 
This group, represented by Wang and El-Gohary (2024), focuses on detecting rare safety hazards 
(e.g., fall risks) under data scarcity by combining few-shot object detection with attribute recognition. 
The methodology leverages deep learning to identify granular objects (e.g., unstable ladders) and 
their safety-critical attributes, achieving high precision (88.2% detection, 94.8% attribute 
recognition). However, it is limited to static images and cannot handle dynamic site conditions or 
complex attribute interactions. The key research gap lies in extending these techniques to video 
streams and real-time hazard forecasting (Wang & El-Gohary, 2024). 
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3.3.2 Context-Aware Multi-Model Systems 
Studies by Chern et al. (2023), Tang et al. (2020), and Wen et al. (2024) integrate computer vision 
modules, such as object detection, semantic segmentation, depth estimation, and visual question 
answering (VQA), to contextualize PPE compliance. Their methodology enables differentiated safety 
rules (e.g., height-based hardhat requirements) and achieves 78.5-86.2% accuracy in far-field 
monitoring. However, these systems struggle with small PPE items, occlusions, and lighting 
variations. Key limitations include dependency on manual annotation and poor scalability to multi-
worker interactions, highlighting a gap in robust real-time association of workers with hazards (Chern 
et al., 2023; Tang et al., 2020). 
 
3.3.3 Traditional Computer Vision & Early ML 
Early approaches by Mneymneh et al. (2017) and Rubaiyat et al. (2016) employ pre-deep learning 
techniques like HOG-based cascade classifiers and circle Hough transforms (CHT) for hardhat 
detection. These methods demonstrate feasibility in controlled indoor environments but suffer in 
cluttered outdoor scenes due to low feature distinctiveness. Their reliance on artificial markers (e.g., 
stickers on helmets) and sensitivity to background contrast underscore a critical gap, integration with 
modern deep learning for scalable, marker-free deployment (Mneymneh et al., 2017; Rubaiyat et al., 
2016). 
 
3.3.4 YOLO Variants & Improvements 
Numerous studies (e.g., Wu et al., 2019; Dimaano & Alon, 2023; Savaram et al., 2025) optimize 
YOLO architectures (v3-v10) for real-time PPE detection. Methodological innovations include 
attention mechanisms, transfer learning, and edge deployment (e.g., Raspberry Pi), achieving 72.9-
99.5% mAP. However, these models exhibit weather sensitivity (e.g., reduced accuracy in fog/rain), 
overfitting to training data, and a narrow focus on single PPE items. The unresolved challenges 
include multi-class compliance checking and energy-efficient deployment on resource-constrained 
devices (Savaram et al., 2025; Adidarma et al., 2024). 
 
3.3.5 SSD-Based Enhancements 
Works by Feng and Hu (2022), Anjum et al. (2022), and Zhan and Pei (2023) enhance Single Shot 
MultiBox Detectors (SSD) for small-object detection (e.g., hardhats, ladder heights) using feature 
fusion, coordinate attention, or ResNet backbones. These improvements increases mean average 
precision (mAP) by 2.2 to 4.5% but require high-resolution inputs and are hindered by computational 
inefficiency. Their key limitations include imbalanced data and an inability to process real-time video 
streams, pointing to a gap in lightweight, video-compatible implementations (Wu et al., 2019; Anjum 
et al., 2022). 
 
3.3.6 UAV-Integrated Systems 
Research by Gupta and Nair (2023) and Bian et al. (2023) leverages drones equipped with 
YOLO/SSD models for aerial safety monitoring. While cost-effective and useful for inaccessible 
areas, these systems face data scarcity, occlusion issues, and domain-specific validation gaps (e.g., 
power-line contexts). The methodology shows promise in helmet detection but lacks integration with 
drone path planning or multi-sensor fusion, highlighting a need for occlusion-resilient aerial 
surveillance (Gupta & Nair, 2023; Bian et al., 2023). 
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3.3.7 Weakly Supervised & Zero-Shot Learning 
Yang et al. (2024), Choi and Greer (2024), and Zhou et al. (2024) reduce annotation needs using 
weakly supervised learning (e.g., enhanced CAM) or zero-shot methods (e.g., CLIP, OWLv2). These 
approaches achieve 64.93-79% accuracy in hazard segmentation but require predefined unsafe 
scenes and fail in complex backgrounds. Key gaps include adaptation to unseen hazards, real-time 
worker-association, and joint detection of multiple safety equipment (Yang et al., 2024; Zhou et al., 
2024). 
 
3.3.8 Multimodal & Hybrid Systems 
Shetty et al. (2024), Zhao and Barati (2023), and Zeng et al. (2024) propose holistic frameworks 
combining vision models with graph neural networks (GNNs), risk prediction, or tripartite 
(gear/path/crane) analysis. Though achieving 79-92% accuracy, these systems remain theoretical, 
with unimplemented BIM integration and untested dynamic risk forecasting. Limitations include 
small datasets causing overfitting and a lack of field validation, underscoring the gap in predictive, 
site-wide safety systems (Shetty et al., 2024; Zeng et al., 2024). 
 
3.4 Emerging Paradigms and Future Directions 
Niche applications by Hou (2023), Bo et al. (2020), and Dubey et al. (2024) explore AutoML for 
smoking detection (with a 99.24% mAP), face super-resolution for worker identification, and VGG16 
for smoke recognition. While effective for predefined tasks, they lack real-world validation and the 
ability to detect anomalies. The critical gap lies in generalizing these methods to unseen risks and 
integrating them with behavioral analysis (Hou, 2023; Bo et al., 2020). Looking beyond current 
methodologies, the next phase of research in construction safety compliance will be driven by 
emerging artificial intelligence paradigms that unify perception, reasoning, and generative 
capabilities within multimodal frameworks. Vision-Language Models (VLMs) such as Contrastive 
Language–Image Pretraining (CLIP) and GPT-Vision represent a particularly promising frontier, 
enabling machines to perceive, interpret, and reason about the environment by integrating visual 
perception with linguistic understanding. These models facilitate intuitive, human-interpretable 
safety assessments and support interactive querying of construction scenes using natural language, 
thereby advancing context-aware reasoning through the alignment of visual data with textual safety 
rules, inspection logs, and compliance checklists. Such multimodal intelligence bridges the gap 
between visual recognition and semantic understanding, creating new opportunities for explainable 
and adaptive safety monitoring in dynamic construction environments (Li, Z. et al., 2025; Li, H. et al., 
2025). 
 
Additionally, Generative Artificial Intelligence (Generative AI), particularly diffusion-based and 
Generative Adversarial Network (GAN) frameworks, offers transformative potential for overcoming 
the challenges of dataset scarcity and class imbalance, which are persistent in construction safety 
research. In safety-critical applications, rare or hazardous scenarios such as equipment malfunction, 
fall incidents, or improper PPE usage are often underrepresented, constraining model generalization 
and biasing predictive outcomes. Generative AI can mitigate these limitations by synthesizing 
diverse, high-fidelity, and contextually accurate safety datasets that replicate real-world hazards in 
controlled digital environments. Studies by Jackson and Valles (2024) demonstrated that GAN-based 
augmentation can balance datasets by generating realistic synthetic samples for underrepresented 
categories, thereby enhancing classification fairness and model robustness.  
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Similarly, Karnati and S. R. (2024) reported significant improvements in model accuracy and 
generalization when GAN-generated medical images were used to correct dataset imbalance in 
diagnostic imaging, underscoring the broader applicability of generative augmentation across 
domains. Leveraging on these insights in construction safety, diffusion and GAN-based models can 
simulate complex, high-risk site conditions, enabling safer, data-rich, and ethically responsible 
training of ML systems for compliance monitoring and hazard prediction (Jackson & Valles, 2024; 
Karnati & S. R., 2024). Ultimately, these emerging technologies promise to usher in a new era of 
intelligent, explainable, and predictive safety compliance systems, which can combine computational 
power with contextual reasoning. By integrating multimodal understanding, generative synthesis, and 
ethical AI principles, future safety management frameworks can transition from reactive detection to 
proactive, adaptive, and human-centric safety governance, fundamentally redefining how safety is 
perceived, monitored, and enforced in the construction industry 
 
4. CONCLUSION, LIMITATIONS, AND FUTURE RESEARCH DIRECTIONS 
 
4.1 Conclusion 
Machine learning (ML) has profoundly reshaped the landscape of construction safety compliance, 
marking a progressive shift from traditional computer vision techniques such as HOG-based and 
SVM classifiers to sophisticated deep learning and emerging paradigms, including YOLO variants, 
context-aware frameworks, and zero-shot learning. Earlier studies primarily focused on isolated 
personal protective equipment (PPE) detection (e.g., hardhats) under constrained environmental 
conditions (Mneymneh et al., 2017), whereas contemporary research increasingly integrates 
multimodal data sources such as UAV imagery, LiDAR, and depth sensing to contextualize both 
hazards and worker behavior (Chern et al., 2023; Wang & El-Gohary, 2024).  
 
Notable advancements include real-time inference capabilities (up to 37.8 frame per second (FPS) in 
YOLOv5), enhanced compliance verification accuracy (94.8%), and weakly supervised learning that 
mitigates the dependence on extensive manual annotation (Yang et al., 2024). Despite these 
achievements, the evolution of ML in construction safety remains fragmented. Most existing systems 
are task-specific and reactive, lacking the holistic intelligence necessary for dynamic risk prediction 
and behavioral analysis across diverse environments. Consequently, while ML-driven frameworks 
have achieved remarkable precision and computational efficiency, they continue to fall short in 
achieving generalizable, adaptive, and context-aware safety intelligence. 
 
4.2 Limitations 
The reviewed literature demonstrates considerable technical progress but also reveals enduring 
limitations that hinder scalability and real-world applicability. A significant portion of visual detection 
models, particularly YOLO and SSD variants, exhibit sensitivity to environmental disturbances, with 
performance deterioration exceeding 60% under low illumination, occlusion, fog, or rain (Mahmud et 
al., 2023; Wen et al., 2024). The application scope remains narrow, as approximately 80% of 
research concentrates on detecting helmets and safety vests, neglecting other crucial PPE (e.g., 
harnesses, gloves) and non-PPE hazards such as unsafe postures and falling objects (Zhou et al., 
2024). Computational trade-offs also persist: lightweight models (e.g., YOLOv8n) prioritize speed at 
the expense of accuracy, while high-performance architectures (e.g., EM-YOLOv7) often lack 
validation in real-world field conditions (Savaram et al., 2025; Blessie et al., 2024).  
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Furthermore, data dependency and overfitting to small, domain-specific datasets limit the 
generalization of models across varying site conditions, geographical regions, and worker 
demographics (Thakur et al., 2023; Zhao & Barati, 2023). Finally, majority of the reviewed 
frameworks remain theoretical, lacking practical implementation or validation on operational 
construction sites, which undermines their relevance for industry adoption (Shetty et al., 2024; Zeng 
et al., 2024). 
 
4.3 Research Gaps 
This systematic review identifies several critical research gaps constraining the robustness and 
scalability of ML-based safety compliance frameworks. First, there is an absence of comprehensive 
multi-hazard systems that simultaneously account for PPE compliance, environmental risks (e.g., 
smoke, fire, and structural instability), and spatial hazard mapping (Dubey et al., 2024; Shetty et al., 
2024). Second, current models exhibit limited temporal reasoning, reducing their ability to anticipate 
evolving risks such as shifting scaffolds or falling debris in real-time sequences (Wang & El-Gohary, 
2024). Third, the optimization of ML architectures for energy-efficient edge deployment remains 
largely unexplored, restricting their usability in UAVs and embedded IoT platforms (Gupta & Nair, 
2023; Bian et al., 2023). Fourth, weakly supervised and transfer learning models struggle with zero-
shot generalization, performing poorly when faced with unseen hazards or novel construction 
equipment (Choi & Greer, 2024; Zhou et al., 2024). Lastly, privacy-preserving intelligence remains an 
underdeveloped area, with existing human-centric monitoring systems posing potential conflicts with 
GDPR and OSHA regulations (Bo et al., 2020). 
 
4.4 Recommendations 
To address these gaps, future research should advance ML-driven construction safety through 
integrated, scalable, and ethically aligned innovations. The development of multimodal fusion 
frameworks that combine computer vision, LiDAR, and IoT sensor data can enhance robustness 
against occlusion and environmental variability (Chern et al., 2023). Researchers should also 
prioritize Edge-AI optimization, employing techniques such as neural architecture search, 
quantization, and pruning to enable real-time, energy-efficient inference on UAVs and embedded 
devices (Savaram et al., 2025; Adidarma et al., 2024). Efforts should be made to expand hazard 
representation by curating large, heterogeneous datasets encompassing PPE, structural anomalies, 
environmental risks, and human-machine interactions (Zeng et al., 2024).  
 
Furthermore, integrating predictive and prescriptive analytics with Building Information Modeling 
(BIM) and digital twins could transform safety management from reactive monitoring to proactive risk 
forecasting (Shetty et al., 2024). Finally, establishing standardized ethical and privacy-preserving 
frameworks through federated learning, differential privacy, and anonymization techniques is 
essential to align innovation with legal and ethical obligations (Zhao & Barati, 2023). Collectively, 
these measures can enable the transition from static detection systems to dynamic, adaptive, and 
intelligent safety ecosystems. 
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