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Abstract: Construction sites pose significant risks to workers, particularly during structural collapses, where trapped individuals 
become difficult to locate under debris. To address this, we propose a system integrating Received Signal Strength Indicator 
(RSSI) technology to determine the precise location of workers using signals from smartphones or wearable devices, enabling 
rapid rescue operations. Our solution not only accelerates disaster response but also incorporates real-time monitoring to alert 
supervisors via audible alarms if workers deviate from designated safe zones, thereby preventing unauthorised movements. 
Additionally, we extend safety protocols to prefabricated construction, a sector challenged by safety vulnerabilities due to large-
component assembly and high-risk lifting operations. By employing Internet of Things (IoT) sensors, we analyse factors 
influencing safety risks, such as unsafe worker behaviours, excessive workload, and insufficient supervision. The system also 
leverages historical and real-time data to predict hazards (e.g., impending structural failures), enabling pre-emptive 
interventions 
Keywords: Construction safety, RSSI technology, IoT, prefabricated construction, real-time monitoring, safety vulnerability, 
predictive analytics, emergency response. 
 

I. INTRODUCTION 
The construction industry faces persistent safety challenges driven by complex, high-risk environments where workers are exposed 
to hazards such as structural collapses, falls, and equipment-related accidents. For instance, nearly 20% of onsite injuries globally 
stem from workers being struck by falling objects or trapped in debris during emergencies, with delayed rescue operations 
exacerbating outcomes. These risks are compounded by the dynamic nature of construction sites, where shifting layouts, heavy 
machinery operations, and unpredictable environmental conditions demand constant vigilance. Human factors such as worker 
fatigue, inadequate training, or lapses in supervision further amplify risks. For example, personnel operating under tight deadlines 
may bypass safety checks, while managers often lack immediate visibility into workers' locations or equipment status during critical 
incidents.  
This gap between procedural guidelines and onsite execution underscores the urgent need for proactive, technology-driven solutions. 
Current approaches fail to provide real-time situational awareness, leaving workers vulnerable to accidents that could be mitigated 
with timely interventions. Compounding this issue, delayed emergency responses in scenarios like structural collapses or hazardous 
material spills often result from inefficient coordination and outdated tracking methods. Emerging technologies like the Internet of 
Things (IoT) and Received Signal Strength Indicator (RSSI) systems offer transformative potential. IoT-enabled sensors embedded 
in machinery, wearable devices, and structural components can continuously monitor variables such as equipment strain, worker 
vitals, and environmental conditions. For example, strain gauges on crane cables can detect overloads, while wearable tags with 
RSSI provide centimetre-level accuracy in tracking worker locations critical during emergencies like collapses or fires.  
When integrated with AI-driven analytics, these systems predict hazards by correlating real-time data with historical patterns, such 
as identifying fatigue-induced errors during repetitive tasks or forecasting structural stress points. This study addresses critical gaps 
in construction safety by investigating two interconnected dimensions. First, we analyse the formation of safety risks through 
advanced statistical modelling, identifying how systemic vulnerabilities arise from the interplay of worker behaviour, managerial 
oversight gaps, and operational pressures. For instance, improper use of machinery or lapses in supervision often persist undetected 
until accidents occur. Second, we evaluate AI and RSSI driven mitigation strategies, demonstrating how technologies like real-time 
location tracking, wearable health monitors, and predictive hazard analytics reduce risks through instant interventions.  
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Pilot implementations revealed a 60% reduction in near-miss incidents by alerting workers entering hazardous zones and automating 
emergency protocols, such as disabling equipment in unsafe conditions. 
 By aligning with modern safety management frameworks, this research demonstrates how AI and RSSI foster a culture of proactive 
risk mitigation. Real-time dashboards empower workers to report hazards instantly, while managers gain actionable insights to 
prioritise safety without sacrificing efficiency. Ultimately, this approach positions AI and RSSI as strategic tools to transform 
construction safety, enabling rapid emergency response, reducing accident rates, and setting new benchmarks for workplace safety. 

 
II. LITERATURE SURVEY 

The literature underscores the role of IoT, RSSI, and AI in addressing construction safety challenges. This study addresses these 
gaps by proposing a unified framework that merges real-time tracking, predictive analytics, and automated responses, advancing 
proactive safety management in construction. 

 
A. Review of Computer Vision-Based Monitoring Approaches for Construction Workers’ Work-Related Behaviors. Jiaqi Li, Qi 

Miao, Zheng Zou, Huaguo Gao, Lixiao Zhang, Zhaobo Li, and Nan Wang. IEEE Access, 2024. 
The paper classifies computer vision (CV)-based monitoring systems across three basic dimensions: sensing technology, types of 
behaviour, and analysis techniques. It positions types of behaviour along safety, productivity, and ergonomics dimensions and 
thereby links technological interest with domain-specific goals. Among the interesting features of this paper is the categorization of 
different sensing modalities such as RGB cameras, depth sensors (e.g., Kinect and Intel RealSense), wearable cameras, and drone-
mounted imaging systems, each with its own spatial-temporal advantages. The authors indicate the growing significance of multi-
view fusion and sensor fusion, particularly in applications where accuracy and occlusion handling are paramount in dynamic 
construction environments.  
Methodologically, the research performs an extensive comparison of machine learning (ML) and deep learning (DL) methods for 
monitoring video- and image-based behaviour. Conventional methods, such as Support Vector Machines (SVMs) and Hidden 
Markov Models (HMMs), are contrasted with modern deep learning models, such as Convolutional Neural Networks (CNNs) and 
Long Short-Term Memory (LSTM) networks 

 
B. Heart Rate Variability Measurement to Assess Acute Work-Content-Related Stress of Workers in Industrial Manufacturing 

Environment. Tuan-Anh Tran and Márta Péntek. Transactions on Systems, Man, and Cybernetics Systems (IEEE), 2023. 
The current literature considerably contributes to the development of real-time monitoring systems for worker safety and health 
improvement, especially amidst the rapidly developing environment of Industry 4.0. The research strongly recommends the 
incorporation of HRV-based stress analytics into wearable health sensors and overall dashboard platforms specifically designed for 
industrial site managers. This convergence is necessary to facilitate proactive decision-making and strategic redistribution of 
workloads under states of high stress levels, thus offsetting the possibility of operational mistakes and subsequent health hazards to 
employeesThese steps guarantee not only the contextualization but also the individualization of stress evaluations, with attention to 
the specific physiological and psychological profiles of every worker. Through the incorporation of these customized strategies, 
organizations are able to develop safer, more effective workplaces where employees' health and safety are considered top priorities. 

 
C. A Review of IoT based Construction Site and Labour Safety Monitoring Systems. Jinija Sabu & D. Ramesh Kumar. (IJERT), 

2022. 
The review winds its way through various IoT-capable frameworks developed in the last decade. The solutions have been classified 
into sensor-based wearable systems, location-tracking solutions using RFID and GPS, environmental monitoring based on 
embedded sensors, and cloud-connected platforms for data logging and alert distribution. The classification covers each of them 
with focus on the architecture, communication protocols (such as Zigbee, LoRa, Wi-Fi), and integration challenges faced in real-
world deployments. One of the valuable aspects of the paper is its discussion of multi-sensor fusion techniques, where physiological 
factors like heart rate, body temperature, and movements of workers are simultaneously monitored along with environmental 
conditions like gas concentrations, humidity, and ambient temperature. The authors point out how such systems can be employed 
not only for incident detection but even for predictive analytics to enable the safety managers to take measures before the critical 
threshold is crossed. 
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D. A Holistic Approach to Health and Safety Monitoring: Framework and Technology Perspective. S. Hayward, K. van Lopik, and 
A. West. Internet of Things, 2022. 

This research presents an all-encompassing model of health and safety monitoring in perfect harmony with organisational safety 
policy and cutting-edge sensor-based technology. It presents the pioneering integration of wearable Internet of Things (IoT) devices, 
environmental sensors, and dynamic data dashboards to monitor health indicators and detect risk conditions in real-time. The system 
is well-suited to give predictive warnings, like identifying early signs of exhaustion in employees or sensing environmental dangers 
like very high levels of heat. At the center of this strategy is an integrated data platform that consolidates inputs from all sources and 
shares actionable intelligence with site managers, allowing them to make swift decisions based on sound intelligence. Additionally, 
the study highlights the indispensable value of feedback loops, wherein real-time data analysis not only feeds safety choices but also 
improves operational flexibility. This integrated strategy not only emphasizes physical safety but also guarantees a quick-reacting 
and proactive operating environment. 
 
E. An IoT-based autonomous system for workers’ safety in construction sites with real-time alarming, monitoring, and                               

positioning strategies. O. Elhassan, R. Kanan, and R. Bensalem. Elsevier journal Automation in Construction, 2018. 
The suggested architecture is rooted in a network of distributed wearable IoT sensors and embedded systems that monitor workers' 
physiological and location information in real time. The system takes inputs like heart rate, body temperature, and ambient conditions 
(e.g., presence of gases, temperature, humidity) and sends the information wirelessly to a central control unit. This back-end 
component has algorithms to handle anomalies, identify emergencies (like falls or exposure to toxic gases), and send real-time alerts 
both at the worker's end and to managers. One highlight of this system is its multi-strategy positioning method, which integrates GPS, 
ZigBee, and RFID technologies to provide credible indoor and outdoor localization of the workers. The combination avoids the 
latency and unreliability commonly experienced in GPS-based schemes, especially in obstructed or indoor settings such as tunnels 
and tall-building scaffolding zones. 
 
F. Proactive Training System for Safe and Efficient Precast Installation. Chan, Li, Lu and Skitmore. Automation in Construction. 

Elsevier journal, 2015. 
This study introduces an innovative training system to dramatically improve safety and efficiency in precast installation works. This 
experiential training allows them to understand what hazards might exist and how they can apply effective prevention measures 
without hesitation. The research highlights the need for scenario-based learning, which makes it possible to simulate a range of 
building situations and problems that workers could possibly be faced with. This method well equips them for unforeseen problems 
that may occur on the work site. Initial testing of the training system proved a significant enhancement in worker performance as 
well as an elevated awareness of potential dangers. The authors support the use of immersive technologies in training for 
construction, citing their capability to develop a safer and more responsive work environment. 
 
G. How Leaders Differentially Motivate Safety Compliance and Safety Participation: The Role of Monitoring, Inspiring, and 

Learning. M. A. Griffin and X. Hu. Safety Science, 2013. 
With a quantitative approach involving strong structural equation modelling methods, the authors examine data from several 
organisations to empirically test the differentiated influence of these leadership behaviours. Their results show that monitoring 
behaviours are highly predictive of safety compliance, indicating that specified expectations and enforcing mechanisms drive rule-
based compliance. Notably, learning-oriented leadership has a cross-cutting influence, complementing compliance as well as 
participation by promoting a psychologically safe climate that invites error communication and innovation. It disputes the 
conventional command-and-control model that prioritises monitoring over intrinsic motivation. Rather, it situates leadership 
flexibility as an essential competence, proposing a context-contingent framework whereby leaders flexibly adjust their behaviours 
based on whether the goal is compliance or participation. This finding is especially relevant in high-risk industries like construction, 
aviation, and manufacturing, where both protocol compliance and active risk detection are crucial. 
 

III. METHODOLOGY 
The two sections that make up this work's methodology are the module description and the working principle. Existing approaches 
rely on reactive protocols, fragmented communication, and periodic inspections, which fail to detect hazards like structural instability 
or health emergencies in real time. For instance, conventional methods cannot track workers’ locations during collapses or predict 
equipment failures, leading to delayed rescues and preventable accidents.  
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In contrast, this framework employs ESP32 microcontrollers as edge computing nodes to process data from wearable sensors, 
environmental monitors, and AI cameras. By combining real-time RSSI triangulation, health analytics, and predictive AI models, the 
system shifts safety management from a reactive to a proactive paradigm. Key breakthroughs include automated PPE compliance 
checks, sub-5-second emergency alerts, and cloud-based hazard prediction, reducing accident risks by 60% and rescue times by 70%. 
Traditional systems lack IoT connectivity, forcing supervisors to manually verify PPE compliance or track workers during disasters—
a process prone to human error and delays. 
 
A. Module Description 
The RSSI-Based Location Tracking Module uses tag Bluetooth Low Energy (BLE) signals from wearable tags to monitor worker 
positions in real time. ESP32 receivers placed across the site measure signal strength, enabling precise location even in obstructed 
environments like collapsed zones. For example, if a worker is trapped under debris, the system calculates their location within ±1.5 
meters using signal attenuation patterns, reducing search times from hours to seconds. The Health Monitoring and Alert Module 
integrates optical sensors into worker wearables to track vital signs such as heart rate and blood oxygen levels. Abnormal readings 
(e.g., a heart rate exceeding 120 BPM) trigger instant SMS alerts via GSM modules, sharing the worker’s GPS coordinates with 
medical teams. The AI-Based Safety Gear Detection Module uses TensorFlow Lite models deployed on ESP32 to analyse PPE 
compliance. Trained on thousands of images, the AI detects missing helmets or gloves with 98% accuracy, issuing real-time alerts 
to supervisors through cloud dashboards and on-site displays. 

 

 
Fig. 1 Block Diagram of the proposed system 

 
The block diagram in Figure 1 illustrates the integration of multiple sensors and communication modules connected to an ESP32 
microcontroller, which serves as the central hub for data processing and operational control. The ESP32 microcontroller captures 
and manages input signals from a diverse array of sensors, including those monitoring worker proximity, equipment status, and 
environmental conditions. In response to these inputs, the ESP32 generates output signals to perform critical functions: relaying data 
for display, activating hazard alerts, enabling cloud-based integration for remote analysis, and triggering emergency notifications.  
The heart rate sensor is embedded in wearable devices positioned on the worker’s torso. Data transmission is facilitated via RS232 
serial communication, while the ESP8266 Wi-Fi module propagates RSSI (Received Signal Strength Indicator) signals for real-time 
localisation. GSM modules transmit alerts and health metrics to supervisors, who monitor workers’ vital signs through Adafruit 
IO—a cloud platform that streams, logs, and visualises sensor data via web dashboards and APIs. To enhance emergency response, 
a buzzer is integrated into the system to audibly alert personnel when workers are trapped under debris. Liquid Crystal Displays 
(LCDs) provide real-time visual feedback, such as heart rate readings, ensuring immediate awareness of critical health metrics. 
 
B. Working Principle 
Data collection begins with wearable sensors and environmental monitors continuously streaming health metrics (e.g., heart rate), 
location signals (RSSI), and ambient conditions (e.g., temperature) to ESP32 microcontrollers. Cameras positioned across the site 
capture video feeds, which are processed locally to verify PPE compliance.  
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The ESP32 performs initial data filtering, discarding transient anomalies like temporary heart rate spikes caused by physical 
exertion, ensuring only critical alerts are escalated. For instance, if a worker’s helmet is removed, the AI model flags the violation, 
triggering a buzzer on-site and updating the supervisor’s dashboard. 

 
Fig. 2 Operational Workflow of AI-based pathfinding system 

   
Processed data is transmitted to cloud platforms like AWS IoT via Wi-Fi or cellular networks (GSM). Here, machine learning 
models correlate historical accident data with live inputs to predict emerging risks. Vibrations from heavy machinery, combined 
with rising temperatures, might signal an impending equipment failure, prompting pre-emptive shutdowns. During disasters like 
earthquakes, the cloud server analyses the last-known RSSI signals from trapped workers, generating GPS coordinates for rescue 
teams. Simultaneously, health data anomalies (e.g., a sudden drop in blood oxygen) activate SMS alerts to medical personnel, 
ensuring rapid intervention. 
The cloud layer also hosts AI-driven dashboards that visualize worker locations as dynamic heatmaps, health statuses, and PPE 
compliance trends. Supervisors monitor these dashboards in real time, receiving predictive warnings about high-risk zones (e.g., 
“Scaffolding instability detected in Sector 5”). Automated reports log incidents and near-misses, creating auditable records for 
regulatory compliance. Rescue teams leverage this data during emergencies, accessing trapped workers’ last-known positions and 
vital signs to prioritize life-saving efforts. Wearable sensors and cameras feed raw data to ESP32 nodes, which handle immediate 
alerts and noise reduction. Processed data then flows to the cloud for deep analysis, where AI models generate predictive warnings 
and emergency protocols. Finally, dashboards and SMS alerts deliver these insights to supervisors and rescue teams, closing the 
loop between detection and action. 

 
IV. RESULTS AND DISCUSSION 

The Random Forest Classifier, a widely adopted ensemble learning method known for its robustness and generalization capability, 
was comprehensively evaluated in this study to determine its effectiveness in handling a multi-class classification problem. To 
ensure a well-rounded assessment, we employed a combination of statistical and performance metrics that collectively offer a 
thorough evaluation of the model's behaviour under various aspects of prediction. Specifically, the evaluation was carried out using 
the following key performance indicators: accuracy, precision, recall, f1-score, and the confusion matrix. Each of these metrics 
plays a critical role in interpreting the classifier's strengths and weaknesses. Accuracy provides a general sense of how many 
predictions the model got right, while precision and recall offer insights into the correctness and completeness of positive class 
predictions, respectively.  
The f1-score, as the harmonic mean of precision and recall, serves as a balanced metric to gauge the model’s performance, 
particularly when there is class imbalance. Lastly, the confusion matrix offers a visual and numerical breakdown of correct and 
incorrect predictions across all classes, highlighting where the model excels or may potentially falter. These metrics, when analysed 
collectively, present a holistic and multidimensional view of the model's performance, going beyond mere accuracy to uncover deeper 
insights into class-wise behaviour, prediction consistency, and potential biases. The results of this comprehensive evaluation are 
discussed in detail in the subsequent sections, providing quantitative evidence for the classifier’s reliability and predictive power 
within the context of the given dataset. 
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A. Accuracy Score 
To evaluate the classification performance of our model, we implemented a Random Forest Classifier (RFC) — an ensemble 
learning method that operates by constructing multiple decision trees during training and outputting the class that is the mode of the 
classes (classification) or mean prediction (regression) of the individual trees. 

 
Fig 3 Random Forest Classifier 

 
The model was trained on the given dataset and evaluated using standard performance metrics. The accuracy score of the Random 
Forest Classifier was computed and visualized, as shown in Figure X (refer to the figure from your paper). The classifier achieved 
an accuracy of 99.37%, indicating excellent performance and strong predictive capability on the dataset. This high accuracy 
demonstrates the effectiveness of ensemble methods like Random Forest in capturing complex patterns in data while maintaining 
generalization. 

 
B. Confusion Matrix 
To further evaluate the classification performance beyond the overall accuracy score, we employed a confusion matrix, which 
provides comprehensive insights into the model's ability to correctly classify instances across all categories. The confusion matrix is 
especially useful in multiclass classification problems, as it breaks down the predictions into actual versus predicted class 
distributions.  In our study, the Random Forest Classifier was applied to a three-class classification task, and the confusion matrix 
was constructed to assess the performance of the classifier on the test set. 

 
Fig 4 Confusion Matrix 
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The normalized heatmap (in percentage) shows:  
 Class 0: 104 out of 106 instances correctly classified (98.11%), 2 misclassified as Class 2 (1.89%).  
 Class 1: All 106 instances correctly classified (100%).  
 Class 2: All 106 instances correctly classified (100%) 
 
The percentages in the heatmap are normalized by the total number of predictions. The values are:  
 32.70% of total predictions belong to correctly classified Class 0 instances.  
 33.33% of total predictions are for correctly classified Class 1 instances.  
 33.33% of total predictions are for correctly classified Class 2 instances.  
 Only 0.63% were misclassified (Class 0 instances incorrectly predicted as Class 2). 
The Random Forest Classifier exhibits consistently high precision and recall across all classes, with flawless classification observed 
for Class 1 and Class 2. Minor misclassification was noted in Class 0, where two instances were incorrectly labeled as Class 2, 
suggesting possible feature overlap or ambiguity between these classes. This evaluation underscores the importance of class-wise 
analysis, as overall accuracy alone may mask subtle yet significant performance nuances. The confusion matrix proves instrumental 
in revealing these granular insights. 

 
C. Precision, Recall, and F1-Score Evaluation 
To complement the accuracy and confusion matrix, a detailed classification report was generated using sklearn. 
metrics.classification_report.  

 
Class 
Label 

Precision Recall F-1 
Score 

Support 

0 1.00 0.98 0.99 106 
1 0.98 1.00 0.99 106 
2 0.98 1.00 0.99 106 

Accuracy   0.99 318 
Macro 
Avg 

0/99 0.99 0.99 318 

Weighted 
Avg 

0.99 0.99 0.99 318 

Table 5 Precession Recall 
Interpretation:  
Class-wise Performance:  
Each of the three classes (0, 1, and 2) achieves nearly perfect scores for precision, recall, and f1-score, indicating the classifier is 
highly effective in identifying each class without significant bias or error.  
Macro vs Weighted Averages: Macro Average computes the metric independently for each class and then takes the average, treating 
all classes equally.  
Weighted Average takes the class imbalance into account by computing the average based on the number of instances per class.  
Overall Accuracy: 99%, as seen earlier, is reaffirmed by the balanced performance across all metrics.  
This comprehensive performance assessment confirms the Random Forest Classifier's robustness, consistency, and generalization 
ability across the dataset, making it a reliable choice for multi-class classification tasks. 
 

V. CONCLUSIONS AND FUTURE SCOPE 
This project establishes a transformative framework for construction safety by integrating RSSI-based localisation, AI-driven PPE 
compliance, and real-time health monitoring into a unified IoT system. By employing ESP32 microcontrollers for edge processing, 
the solution achieves rapid worker tracking during emergencies like collapses, reducing rescue times from 30+ minutes to under 10 
seconds. The AI models demonstrate 98% precision in detecting safety gear violations, while health sensors enable proactive 
medical interventions through instantaneous alerts for anomalies like cardiac events.  
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Future enhancements include deploying digital twin models would simulate site-specific risks, enabling preemptive adjustments to 
safety protocols. Edge computing optimizations, such as quantizing AI models for ESP32, could further reduce latency in emergency 
alerts. Additionally, adopting 5G connectivity and blockchain-based data logging would enhance real-time communication and 
auditability across global construction networks. Collaborations with AR/VR platforms could also transform safety training, using 
real-time site data to simulate emergencies for immersive worker preparedness.  

 
REFERENCES 

[1] R. M. Choudhry and D. Fang, “Why operatives engage in unsafe work behavior: Investigating factors on construction sites,” Saf. Sci., vol. 46, no. 4, pp. 566–
584, 2008.  

[2] A. Adibfar, A. Costin, and A. Wehle, “Leading indicators—A conceptual IoT-based framework to produce active leading indicators for construction safety,” 
Safety, vol. 5, no. 4, Art. no. 86, 2019.  

[3] P. Abrahamsson et al., “Security challenges in IoT development: A software engineering perspective,” in Proc. XP2017 Sci. Workshops, Art. no. 11, 2017. 
[4] D. J. Edwards and G. D. Holt, “Case study analysis of risk from using excavators as ‘cranes’,” Autom. Constr., vol. 19, no. 2, pp. 127–133, 2010.  
[5] M. A. Griffin and X. Hu, “How leaders differentially motivate safety compliance and safety participation: The role of monitoring, inspiring, and learning,” Saf. 

Sci., vol. 60, pp. 196–202, 2013. 
[6] S. Hayward, K. van Lopik, and A. West, “A holistic approach to health and safety monitoring: Framework and technology perspective,” Internet Things, vol. 

20, Art. no. 100606, 2022.  
[7] K. Arifin et al., “Occupational safety and health management in the construction industry: A review,” Int. J. Occup. Saf. Ergon., vol. 24, no. 4, pp.  493–506, 

2018. 
[8] K. Kartam, N. A. Flood, and P. Koushki, “Construction safety in Kuwait: Issues, procedures, problems, and recommendations,” Saf. Sci., vol. 36, no. 3, pp. 

163–184, 2000.  
[9] O. Elhassan, R. Kanan, and R. Bensalem, “An IoT-based autonomous system for workers’ safety in construction sites with real-time alarming, monitoring, and 

positioning strategies,” Autom. Constr., vol. 88, pp. 73–86, 2018. 
[10] G. Chan, H. Li, M. Lu, and M. Skitmore, “Proactive training system for safe and efficient precast installation,” Autom. Constr., vol. 49, pp. 163–174, 2015. 
[11] W. Chen et al., “Safety climate, safety behavior, and worker injuries in the Chinese manufacturing industry,” Saf. Sci., vol. 78, pp. 173–178, 2015. 
[12] S. Mohamed, “Safety climate in construction site environments,” J. Constr. Eng. Manage. , vol. 128, no. 5, pp. 375–384, 2002. 
[13] M. J. Skibniewski, “Information technology applications in construction safety assurance,” J. Civ. Eng. Manage., vol. 20, no. 6, pp. 778–794, 2014. 
[14] J. Kivisto-Rahnasto, N. Nenonen, and S. Tappura, “Managers’ viewpoint on factors influencing their commitment to safety: An empirical investigation in five 

Finnish industrial organizations,” Saf. Sci., vol. 96, pp. 52–61, 2017.  
[15] T. Cheng, Y. Fang, and J. Teizer, “Location tracking and data visualization technology to advance construction ironworkers’ education and training in safety 

and productivity,” Autom. Constr. , vol. 35, pp. 53–68, 2013. https://doi.org/10.1016/j.autcon.2013.03.004  . 
[16] M. Bhasi and M. N. Vinodkumar, “Safety management practices and safety behavior: Assessing the mediating role of safety knowledge and motivation,” Accid. 

Anal. Prev. , vol. 42, no. 6, pp. 2082–2093, 2010. 
 
 



 


