
ABSTRACT 

JEELANI, IDRIS. Improving Safety Performance in Construction Using Visual Data Analytics 

and Virtual Reality. (Under the direction of Dr. Alex Albert & Dr. Kevin Han). 

 

High injury rates are a prevalent issue in the global construction industry. In fact, previous efforts 

have established that construction workers are roughly five times more likely to be injured than 

their counterparts in other industries. One reason for such poor performance is that workers often 

fail to recognize and manage a large number of safety hazards in dynamic construction 

environments. When safety hazards remain unrecognized and unmanaged, workplace accidents 

and injuries become more likely. Therefore, improving hazard recognition and hazard management 

in the construction industry is fundamental to improving safety in construction workplaces. 

While few research efforts have focused on understanding factors that influence hazard 

recognition levels (e.g., safety training, safety climate levels, etc.) there is still an insufficient 

understanding of why workers fail to recognize safety hazards in construction workplaces. Such 

an understanding will enhance our ability to design more robust interventions to tackle the issue 

of poor hazard recognition. Moreover, while there have been significant technological 

advancements in recent years, the construction industry lags behind other industries in adopting 

these solutions for construction safety applications. Accordingly, the objective of the current 

research was (1) understand why workers fail to recognize safety hazards, and (2) develop 

countermeasures that target poor hazard recognition and management levels.  

The first objective was accomplished by examining construction hazard recognition as an 

everyday visual search task – similar to an individual searching for a product in a supermarket or 

a radiologist examining a radiograph for tissue abnormalities –  as part of an experimental effort. 

More specifically, the research used eye-tracking technology to examine the relationship between 



visual search patterns adopted by workers and the resulting performance levels (i.e., hazard 

recognition performance). The results revealed that several quantifiable visual search patterns are 

predictive of hazard recognition performance. Accordingly, the research suggested that weakness 

in visual search patterns during hazard recognition efforts can adversely affect hazard recognition 

and the resulting safety performance. The new knowledge generated from the experiment was then 

adopted to develop a computer-vision based algorithm to capture visual search patterns in real 

workplaces on a larger scale using wearable eye-tracking devices. 

Having accomplished the first objective, the next objective was to develop interventions 

that can promote hazard recognition performance. As part of this effort, two independent 

interventions were developed. The first intervention was a personalized training solution which 

leveraged 3D stereo-panoramic and virtual environment elements to offer a hyper-realistic and 

immersive training experience. The intervention integrated various training experiences to 

promote hazard recognition and management.  An experimental effort focusing on the evaluation 

of the training suggested that the introduction of the intervention resulted in superior hazard 

recognition and hazard management performance. 

Despite the promise of the personalized training intervention, training efforts may not be 

sufficient to ensure the recognition of all safety hazards – particularly because of the variety of 

human factors that can influence performance. Therefore, the second intervention focused on 

developing an artificial intelligence based solution to augment human hazard recognition 

performance. More specifically, the system uses computer vision algorithms along with a wearable 

camera to localize workers and notify workers and managers when in the proximity of hazardous 

conditions or objects in real-time. The system was testing in indoor and outdoor environments and 



the results revealed an accuracy of 96% in detecting worker proximity to static and dynamic 

hazards. 

The findings and the intervention developed as part of this research effort can be leveraged 

to improve hazard recognition and hazard management in the construction industry. Such efforts 

will be beneficial in reducing workplace injuries and improving safety performance in the 

construction industry. 
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CHAPTER 1 INTRODUCTION 
 

1. OBSERVED PROBLEM 

On average, roughly one fatality is reported every nine minutes from the global construction 

industry (Lingard 2013a).  In the United States, approximately 900 fatal and over 200,000 non-

fatal injuries are experienced in construction workplaces every year (BLS 2016). In fact, 

construction workplaces are responsible for more than 21% of the occupational fatalities, while 

only employing less than 6% of the workforce. Not surprisingly, the Center for Construction 

Research and Training (CPWR) estimates that a construction worker is 75% likely to suffer a 

disabling injury in a 45-year career in the construction industry (Schwatka and Rosecrance 2016).  

Apart from the humanitarian concerns, the annual cost of these injuries exceeds $48 billion 

in the United States (Ahmed et al. 2006). In addition, these injuries can result in higher Experience 

Modification Rates (EMR), which can spiral into higher operating costs and lower profit margins. 

In fact, such costs have threatened the competitiveness, the survival, and the sustainability of 

construction businesses (Jaselskis et al. 1996).  

To overcome these adverse outcomes, several safety management techniques are adopted 

in practices. Most of these efforts rely on the ability of construction workers and professionals to 

recognize and manage safety hazards. Failure to either recognize or manage safety hazards can 

substantially increase the likelihood of accidents and workplace injuries as illustrated by Figure 

1.1. On the other hand, when safety hazards are recognized and managed, injuries and accidents 

become unlikely. 
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Figure 1.1: Typical Safety Management Process 

 

Unfortunately, recent research suggests that both workers and construction professionals 

fail to recognize a large number of safety hazards in typical workplaces (Fleming 2008). For 

example, Albert et al. (2014a) and Jeelani et al. (2017a) found that construction workers recognize 

less than 50% of safety hazards in construction workplaces. Likewise, Carter and Smith (2006) 

found that up to 33.5% of safety hazards remain unrecognized in several projects in the UK. 

Similar findings from Australia (Bahn 2013) confirm that novice workers fail to recognize 

approximately 50% of safety hazards in their work environment. Such unrecognized hazards can 

expose workers to unanticipated safety risks that can potentially lead to catastrophic accidents.  

Apart from hazard recognition, a large number of injuries can also be attributed to poor 

hazard management practices. For example, even when safety hazards are sufficiently recognized, 

suboptimal hazard management techniques are routinely adopted (National Institute for 

Occupational Safety and Health). On the other hand, if hazard are nor recognized, it also likely 

that proper hazard management techniques will not be adopted. 
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Given that hazard recognition and management is fundamental to accident and injury 

prevention, research focusing on improving hazard recognition and hazard management is 

fundamental. Accordingly, an understanding of why workers often fail to recognize safety hazards 

during hazard recognition efforts is necessary. In addition, new interventions to tackle the issue of 

poor hazard recognition and hazard management is necessary.  

2. RESEARCH GOALS, OBJECTIVES, AND CONTRIBUTIONS 

The overall goal of the current research is to generate new knowledge that will be useful 

to improving safety performance, hazard recognition, and hazard management in the construction 

industry. To achieve this goal, the research included in this dissertation focused on two specific 

research objectives: (1) understanding why construction hazards remain unrecognized and 

unmanaged, and (2) develop evidence-based interventions to address poor hazard recognition, 

hazard management, and safety performance. The two objectives are accomplished through four 

individual studies highlighted in Figure 1.2. The first two studies seek to address Objective 1, 

whereas, Studies 3 and 4 along with Study 2 advance knowledge towards achieving Objective 2. 

 

Figure 1.2: Research Summary 
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Study 1: Examining Construction Hazard Recognition as a visual search process 

The first study focuses on examining hazard recognition as a common visual search task – 

similar to an individual searching for a product in a supermarket, a radiologist examining a 

radiograph for tissue abnormalities, or a security personnel screening baggage at an airport 

terminal. The study used eye-tracking technology to understand how workers examine 

construction environments during hazard recognition activities, and whether such search patterns 

are associated with hazard recognition levels. The findings identified several quantifiable visual 

search patterns that are predictive of hazard recognition performance. The findings will be useful 

to diagnose and remedy visual search weaknesses demonstrated by workers (i.e., human factors) 

that are associated with poor hazard recognition levels. The knowledge from this study can be used 

to improve both visual search patterns demonstrated by workers and the resulting hazard 

recognition performance. 

Study 2: Developing Vision-based Framework for Automated Eye Tracking Analysis 

Study 1 demonstrated that how workers examine the work environment is predictive of 

hazard recognition performance. Therefore, if large-scale data is gathered regarding how workers 

allocate their attention in real work environments, this information can be strategically used to 

improve safety performance. For example, using this large-scale data, remedial measures that 

address hazards that do not repeatedly receive attention from the workforce can be undertaken. 

To capture such large-scale data, this study developed a computer vision-based approach 

that can localize workers and automatically locate their fixation points, collected using a wearable 

eye tracker, on a 3D point cloud. This data can then be used to analyze their viewing behavior and 

compute their attention distribution during regular work operations.  This approach will automate 

and scale up personalized safety monitoring and training. 
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The proposed approach was validated through two case studies involving multiple 

participants that participated in hazard recognition efforts in real construction workplaces. The 

study represents a novel approach for mapping gaze fixations collected in real-world environments 

when the subjects are moving relative to their visual environment. 

Study 3: Developing Virtual Reality and Stereo-panoramic Environments for Safety 

Training 

To address poor hazard recognition and hazard management within construction workplaces, an 

immersive hyper-realistic environment was developed for training purposes. The environment 

uses stereoscopic 360 images and videos to enhance realism and immersion, while also preventing 

any exposure to real physical hazards. The primary advantage of the training environment is that 

it provides a realistic training environment that overcomes realism weaknesses associated with 

traditional virtual training environments found in construction literature.  

The training experiences are also designed to maximize skill development using elements 

such as personalized performance assessment and feedback, visual cues to promote systematic 

hazard search, hazard management training using the hierarchy of controls, re-creation of incidents 

using accident simulations, and collaborative virtual site walkthroughs. 

After development, the designed immersive training environment was tested with 56 

participants. The results indicate 39% improvement in hazard recognition and a 41% improvement 

in hazard management performance.  

Study 4: Development of Vision-based Automated Worker Localization & Real-Time 

Hazard Detection System for Construction 

Because most hazard recognition and hazard management efforts are currently performed by 

humans (i.e., construction workers and professionals), the previous studies focused on 
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understanding and improving the ability of construction personnel in high-risk environments. 

However, with recent advancements in technology, new interventions to augment human abilities 

can be developed and implemented to address industry challenges. This is particularly important 

given that more than 70% of safety incidents reported from construction workplaces are known to 

be causally related to human error and weaknesses. 

The focus of this study was to develop an AI-based intervention to assist workers and 

managers in hazard recognition and hazard management. More specifically, this study involved 

the development of an AI-based application, which localizes workers and detects safety hazards 

to generate real-time data and warnings to workers and safety managers. The system can also 

generate large-scale data that captures the safety behaviors of workers and will assist with the 

recording of near-miss incidents. 

Apart from hazard detection, the system can be extended to overcome the limitations of 

study 2 in analyzing eye-tracking data of workers in real-time. This can be beneficial in automating 

and scaling up personalized training and monitoring solutions. 

3. DISSERTATION FORMAT 

This dissertation is organized in the form of four journal articles. Therefore, each of the subsequent 

chapters contains their own abstract, motivation and background, theoretical and practical 

contributions, research methods, conclusions. Chapter 2 discusses study 1 that examines the 

process of hazard recognition as a visual search task. Chapter 3 presents study 2 that focusses on 

developing a vision-based framework for analyzing eye-tracking data. Chapter 4 of this 

dissertation presents study 3 that details the development and testing of virtual and stereo-

panoramic environments for safety training. Chapter 5 discusses study 4 that focusses on the 

development of an AI-based system that augments worker performance in hazard detection. 
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Finally, chapter 6 summarizes the research and discusses the theoretical and practical contributions 

of the work presented in the dissertation. It also discusses potential future work that can be pursued 

by extending the work presented in this dissertation.   
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CHAPTER 2: Examining Construction Hazard Recognition as a 

visual search process1 
 

 

ABSTRACT 

Poor hazard recognition is a widespread issue in the construction industry. When construction 

hazards remain unrecognized, workers are more likely to indulge in unsafe behavior, experience 

unanticipated hazard exposure, and suffer catastrophic injuries. To improve our understanding of 

why construction hazards remain unrecognized, the current study examined hazard recognition as 

an everyday visual search task – similar to an individual searching for a product in a supermarket, 

a radiologist examining a radiograph for tissue abnormalities, or a security personnel screening 

baggage at an airport terminal. More specifically, the research used eye-tracking technology to 

examine the relationship between visual search patterns adopted by workers while participating in 

a hazard recognition activity and the resulting performance levels (i.e., hazard recognition 

performance). The research also focused on testing the effects of introducing a recently developed 

personalized training intervention on visual search patterns adopted by workers – and the 

subsequent hazard recognition performance. Visual search patterns examined in the study included 

search duration, fixation count, fixation spatial density and others identified from past research. 

For example, workers who spent more time examining the workplace for safety hazards (i.e., 

search duration) recognized a larger proportion of hazards. Likewise, workers that devoted higher 

levels of attention through a larger number of fixations (i.e., fixation count) and longer fixation 

durations (i.e., fixation time), and those that distributed their visual attention more broadly across 

                                                 
1 The chapter is published as a journal article in ASCE’s Journal of Construction Engineering 

and Management titled “Are Visual Search Patterns Predictive of Hazard Recognition 

Performance? Empirical Investigation Using Eye-Tracking Technology 

https://ascelibrary.org/doi/pdf/10.1061/%28ASCE%29CO.1943-7862.0001589
https://ascelibrary.org/doi/pdf/10.1061/%28ASCE%29CO.1943-7862.0001589
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the work area (i.e., fixation spatial density) demonstrated superior performance. The findings also 

suggest that the adoption of personalized intervention can lead to improvements in visual search 

patterns and hazard recognition performance among workers. The present research will be useful 

to diagnose and remedy search weaknesses demonstrated by workers (i.e., human factors) that are 

associated with poor hazard recognition levels.  

Keywords: Construction Safety, Hazard Recognition, Hazard Identification, Eye-tracking, Visual 

Search, Safety Training, Personalized Training, Occupational Safety, Human Factors 

1. INTRODUCTION 

Millions of workers are employed in the global construction industry. These workers are 

exposed to a multitude of safety hazards on a daily basis and suffer a disproportionate number of 

injuries. In fact, the global construction industry reports over 60,000 fatal injuries and many more 

non-fatal injuries every year (Lingard 2013). In the United States, the construction industry 

reported more than 991 fatal injuries and 200,000 non-fatal injuries in 2016 (Bureau of Labor 

Statistics 2017).  Moreover, across industries, the United States construction industry has been 

responsible for the most number of fatal injuries since 2014 (Bureau of Labor Statistics 2017). 

Apart from the pain, suffering, and distress, these injuries impose a considerable economic 

burden on workers, their families, and their employers. In fact, estimates suggest that the annual 

cost of these injuries exceed $48 billion in the United States (Ahmed et al. 2006). In several cases, 

the cost of these incidents threatens the sustainability and profitability of construction businesses 

and the livelihood of many workers (Zou and Sunindijo 2015).  

Because of the serious implications, scholars and practitioners have devoted much effort 

and time towards understanding injury prevention techniques. Among others, the importance of 

proper hazard recognition is universally accepted in the research and practicing community. In 
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fact, hazard recognition is generally regarded as the first and most fundamental element of any 

injury prevention program as shown in Figure 2.1 (Albert et al. 2014; Carter and Smith 2006). 

When construction hazards are effectively recognized and managed, injuries become unlikely. 

However, when hazards remain either unrecognized or unmanaged, catastrophic and unanticipated 

injuries can follow. Therefore, hazard recognition is fundamental to preventing injuries.  

 

 

Figure 2.1: Significance of construction hazard recognition in injury prevention 

 

Unfortunately, evidence suggests that a large number of safety hazards remain 

unrecognized in construction workplaces. In fact, estimates suggest that up to 57% of hazards may 

remain unrecognized (Albert et al. 2014; Bahn 2013; Carter and Smith 2006; Perlman et al. 2014). 

More importantly, Haslam et al. (2005) demonstrated that up to 45% of construction injuries can 

be attributed to hazard recognition and assessment failures. 

To improve hazard recognition levels, a number of interventions (e.g., job-hazard analysis, 

safety training, and safety checklists) have been adopted in practice (Li et al. 2015; Rozenfeld et 

al. 2010). However, desirable levels of hazard recognition have not been achieved due to 

weaknesses in traditional interventions (Jeelani et al. 2016a). In fact, recent research has 

demonstrated that several interventions are designed without a proper understanding of the hazard 
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recognition process (Rozenfeld et al. 2010). For example, very little is known about effective 

search processes workers can adopt while examining a workplace for potential safety hazards. 

Because hazard recognition is largely a visual search task, the current study examined 

hazard recognition as an everyday visual search task – similar to an individual searching for a 

product in a supermarket (Graham and Jeffery 2011), a radiologist examining a radiograph for 

cancerous tissues (Nodine and Kundel 1987), or a security personnel screening baggage at an 

airport terminal (Biggs and Mitroff 2015). More specifically, using eye-tracking technology, the 

objective of the study was to identify visual search patterns that are predictive of superior 

performance during hazard recognition activities. In other words, the study aimed to understand 

visual search patterns adopted by workers as they examine work environments for potential 

hazards – and identify search patterns that are associated with superior performance. Eye tracking 

technology was used for this purpose because of its ability to directly capture eye movement data 

to assess visual search patterns during any visual search activity (e.g., hazard recognition) 

(Holmqvist et al. 2011).  

The research involved identifying metrics that capture visual search patterns from existing 

literature, predefining hypotheses to assess the predictive power of visual search patterns, and 

empirically testing the hypotheses using controlled experimental methods. 

2. BACKGROUND 

2.1. Hazard Recognition and Safety Training Interventions 

To prevent workplace injuries, construction workers must first recognize relevant safety 

hazards and adopt responsive injury prevention techniques (Carter and Smith 2006). When safety 

hazards are not recognized, workers are more likely to indulge in unsafe behavior, experience 

unanticipated hazard exposure, and suffer catastrophic injuries (Albert et al. 2014). On the other 
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hand, when safety hazards are recognized, workers are more likely to avoid hazard exposure, adopt 

effective safety measures, and prevent workplace injuries. 

Therefore, to improve hazard recognition levels, methods such as job-hazard analyses 

(JHA) and safety checklists are traditionally adopted (Rozenfeld et al. 2010). However, the 

adoption of these methods has not translated to desirable levels of performance (Albert et al. 2014; 

Bahn 2013; Carter and Smith 2006; Perlman et al. 2014). This is largely because of weaknesses 

associated with these methods that have been examined in detail in previous research (Jeelani et 

al. 2016). 

For example, job-hazard analyses (JHA) assume that workers are innately able to predict 

future working conditions and relevant safety hazards (Rozenfeld et al. 2010). However, past 

research has demonstrated that workers often struggle with making accurate predictions – 

particularly in dynamic and rapidly changing work environments (Borys 2012). More importantly, 

these methods assume that workers are naturally skilled at identifying safety hazards after the 

planned tasks are identified (Fleming 2009). However, research has shown that even experienced 

workers fail to recognize a large number of safety hazards – even in the absence of any task-

relevant uncertainty (Albert et al. 2014; Bahn 2013; Carter and Smith 2006; Perlman et al. 2014). 

Another useful intervention that is widely adopted is safety training programs (Li et al. 

2015). These training programs generally focus on transferring knowledge that is useful for hazard 

recognition and hazard management. However, the widespread use of poor training practices, 

unengaging training methods, and the transient nature of the workforce have deterred performance 

improvements (Namian et al. 2016; Wang et al. 2010; Wilkins 2011). More importantly, traditional 

training programs are not designed with a proper understanding of why workers fail to recognize 

safety hazards (i.e., visual search processes associated with superior hazard recognition) (Jeelani 
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et al. 2016a). Consequently, while training programs may improve safety knowledge among 

workers, they are not designed to maximize hazard recognition performance. 

Because of the above-discussed issues and weaknesses, workers fail to recognize a large 

number of safety hazards in construction workplaces. For example, studies from the United States 

reported that workers fail to recognize over 40% of safety hazards (Albert et al. 2014). Similarly, 

studies from the United Kingdom, Australia, and Israel reported that up to 57% of hazards may 

remain unrecognized in representative workplaces (Bahn 2013; Carter and Smith 2006; Perlman 

et al. 2014). Such unrecognized safety hazards increase the likelihood of injuries and catastrophic 

safety incidents (Albert et al. 2014; Carter and Smith 2006). 

Therefore, to improve safety performance, research must focus on examining why 

construction hazards remain unrecognized (Jeelani et al. 2016a). While a few studies have recently 

focused on developing new hazard recognition interventions (e.g. Albert et al. 2013; Jeelani et al. 

2016b; Li et al. 2015; Perlman et al. 2014), much remains unknown about how workers examine 

construction workplaces during hazard recognition operations. Such knowledge will be 

fundamental to developing new interventions to maximize hazard recognition performance and 

safety outcomes. 

2.2. Visual Search Operations and Eye Tracking Technology 

All humans engage in common visual search operations on a daily basis. For example, an 

individual may search for a misplaced key, a shopper may search for a particular product in a 

supermarket, or an individual may search for a friend in a crowd (Graham and Jeffery 2011). 

Examples of visual search operations are also common in occupational settings – such as when a 

security personnel scans baggage at an airport terminal (Biggs and Mitroff 2015), a radiologist 

examines radiographs for cancerous tissues (Nodine and Kundel 1987), or a bridge inspector 
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examines bridge components for structural deficiencies (Estes and Frangopol 2003). In many of 

these occupational examples, the failure to accurately detect a target can lead to catastrophic and 

disastrous outcomes.  

Like the above-discussed examples, the processes of identifying safety hazards in 

construction workplaces is largely a visual search task (Jeelani et al. 2016b). More specifically, 

workers are required to examine the workplace and identify safety hazards that can potentially 

impose harm – while ignoring other irrelevant and non-hazardous distractors. However, there is a 

dearth of research that examines construction hazard recognition as a visual search task – although 

a few attempts have been made in recent years (Dzeng et al. 2016; Hasanzadeh et al. 2017; Jeelani 

et al. 2016b). 

To reliably examine visual search patterns, researchers have begun using eye-tracking 

technology that can objectively track eye-movements during visual search operations. For 

example, eye-tracking technology has been used to assess if potential customers pay attention to 

marketing advertisements (Lohse 1997), if drivers allocate attention to roadway safety signage 

(Konstantopoulos et al. 2012), and whether aircraft pilots devote attention to hazardous targets 

during flight operations (Sarter et al. 2007). 

Few studies have used eye-tracking technology for visual search applications in 

construction. For example, eye tracking research has been used to assess the visual attractiveness 

of building features (Yousefi et al. 2015), capture visual search patterns of construction workers 

during hazard recognition activities (Dzeng et al. 2016; Hasanzadeh et al. 2017; Jeelani et al. 

2016b), and evaluate how construction workers extract information from traditional construction 

drawings (Alruwaythi et al. 2017). 
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However, much remains unknown regarding visual search patterns that are predictive of 

superior hazard recognition performance (Jeelani et al. 2016b). An understanding of these 

relationships can be useful to diagnose visual search deficiencies associated with poor hazard 

recognition levels. In addition, this information can be used to assess the effectiveness of targeted 

interventions in improving visual search patterns and construction hazard recognition. 

3. RESEARCH OBJECTIVES AND EXPECTED CONTRIBUTIONS 

3.1. Objective 1: Effect of visual search patterns on hazard recognition performance 

As already discussed, poor hazard recognition is a widespread issue that requires 

immediate attention. Therefore, the objective of the research was to generate new knowledge by 

examining construction hazard recognition as a visual search task. More specifically, because 

construction hazard recognition is largely a visual search task, the objective of the study was to 

evaluate whether visual search patterns adopted by workers are predictive of hazard recognition 

levels. Accordingly, the study tested the following hypothesis: 

Hypothesis 1: Visual search patterns adopted by construction workers will be predictive 

of hazard recognition levels. 

In the study, hazard recognition performance was measured using construction case images 

captured from real projects – as will be described in detail in the research methods section. Visual 

search patterns were measured using several metrics identified from past literature.  

To evaluate if visual search patterns are predictive of hazard recognition performance, 

regression analyses were adopted as will be discussed in more detail in the data analysis approach 

section. In the analysis, the visual search metrics were individually used as predictor variables. It 

is, however, important to note that the objective of the study was not to predict hazard recognition 

performance using the visual search metrics. Rather, the objective was to evaluate whether the 
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individual visual search metrics provide any useful information that can improve our ability to 

predict hazard recognition performance. In other words, the objective was to evaluate whether the 

visual search metrics provided any predictive utility by increasing the explained variability in 

hazard recognition performance when included in the regression model. 

The following sections describe the examined visual search metrics briefly to provide the 

necessary context. 

Search Duration: Most construction workplaces expose workers to a number of safety 

hazards that can potentially cause harm. Therefore, workers are generally expected to identify all 

hazards and adopt appropriate hazard management techniques (Albert et al. 2014; Carter and Smith 

2006). However, past research has shown that a large number of workers prematurely terminate 

their visual search process after a few generic hazards are identified – even if additional hazards 

may remain unrecognized (Fleming 2009). For example, Jeelani et al. (2016a) demonstrated that 

workers often terminate the hazard search process after a few general and mundane hazards such 

as debris on walkways (i.e., trip potential), leading edges (i.e., fall potential), and pinch points (i.e., 

caught in potential) are identified. Others may terminate the hazard recognition process, even if 

certain hazards remain unrecognized, simply because of their inability to identify additional 

hazards.  Therefore, it was expected that search duration – defined as the amount of time a worker 

spends scanning the workplace to identify potential hazards (Maltz and Shinar 1999) – will be 

predictive of hazard recognition performance. 

Fixation Count: When an individual participates in any visual search activity, two forms 

of behaviors are observed: fixations and saccades (Holmqvist et al. 2011). Fixations occur when 

the pupil is stationary, and the individual is focusing attention on a particular location, stimuli, or 

object. This form of behavior is generally associated with attention, visual processing, and 



 

17 

 

information absorption (Holmqvist et al. 2011). On the other hand, saccades occur when an 

individual quickly shifts between fixations or points of attention (i.e., rapid pupil movement) 

during which limited information is absorbed. Because hazard recognition involves allocating 

attention and visual processing of safety hazards, it was expected that the number of fixations – 

defined as the fixation count – will influence performance. More specifically, it was expected that 

a larger number of fixations (i.e., fixation count) will be associated with superior performance.  

Fixation Time: Because fixations are important for visual processing and information 

acquisition, the total amount of time spent fixating is also expected to be important for hazard 

recognition (Holmqvist et al. 2011). Therefore, similar to the number of fixations, it was expected 

that fixation time – which is defined as the total amount of time spent fixating on a particular 

location, stimuli, or object during a visual search activity – will be predictive of hazard recognition 

levels. 

Mean Fixation Duration: Mean fixation duration, also commonly known as the average 

fixation duration, is the average fixation time across all fixations that occur during a visual search 

task (Shic et al. 2008). It can simply be calculated as the ratio between the sum of time spent in 

fixations (i.e., fixation time) and the fixation count as shown in Equation 1. This metric is 

representative of the average amount of time an individual spends focusing attention on a particular 

location, stimuli, or object. Higher mean fixation durations are generally associated with higher 

levels of attention, visual processing, and mental exertion during a visual search task (Shic et al. 

2008). Therefore, if the mean fixation duration is found to be predictive and positively related with 

hazard recognition levels, it will signify that higher (i.e., above average) levels of attention, visual 

processing, and mental exertion is necessary for effective hazard recognition. 

𝑀𝑒𝑎𝑛 𝐹𝑖𝑥𝑎𝑡𝑖𝑜𝑛 𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛 =  
𝐹𝑖𝑥𝑎𝑡𝑖𝑜𝑛 𝑇𝑖𝑚𝑒

𝐹𝑖𝑥𝑎𝑡𝑖𝑜𝑛 𝐶𝑜𝑢𝑛𝑡
                                                             (1) 
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Fixation Spatial Density: As discussed earlier, construction workplaces generally include 

a number of safety hazards. These hazards are usually dispersed across multiple locations in the 

work area. In other words, safety hazards are generally spatially distributed within the work 

environment in different locations. Therefore, to effectively recognize all safety hazards, workers 

are required to scan multiple locations within the work environment. Selective attention to a 

limited number of locations during a hazard recognition activity, as demonstrated in past research, 

can result in poor hazard recognition levels (Jeelani et al. 2016a). 

A metric that can capture the distribution of attention across multiple locations is called the 

fixation spatial density (Sharafi et al. 2015). This metric is measured by segregating the entire 

work area into subareas using a grid system as shown in Figure 2.2. The fixation spatial density is 

then calculated as the ratio between the number of cells that received at least one fixation and the 

total number of cells that are representative of the entire area as shown in Equation 1. 

 

Figure 2.2: Fixation Spatial Density illustration 

 

𝑆𝑝𝑎𝑡𝑖𝑎𝑙 𝐹𝑖𝑥𝑎𝑡𝑖𝑜𝑛 𝐷𝑒𝑛𝑠𝑖𝑡𝑦 =  
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑒𝑙𝑙𝑠 𝑡ℎ𝑎𝑡 𝑟𝑒𝑐𝑖𝑒𝑣𝑒𝑑 𝑎𝑡 𝑙𝑒𝑎𝑠𝑡 𝑜𝑛𝑒 𝑓𝑖𝑥𝑎𝑡𝑖𝑜𝑛

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑒𝑙𝑙𝑠
               (2) 
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For illustration purposes, Figure 2.2 presents a construction case image overlaid with a grid 

system that includes 1248 cells. If fixations (represented by the blue dots) are observed in 156 of 

the 1248 cells during a hazard recognition search activity, then the fixation spatial density will be 

equal to 12.5% (i.e., 156 x 100 / 1248). In other words, attention was devoted to 12.5% of the cells 

present in the image. To measure the fixation spatial density with a higher level of granularity, the 

construction case images in the current study were subdivided into 2304 cells – each encompassing 

30 x 30 pixels. 

Fixation Count Ratio: Similar to the fixation count metric discussed above, it is possible 

to compute the number of fixations on a particular area, location, or stimuli relative to the total 

number of fixations. This is generally done by defining Areas of Interest (AOIs) that encompass 

the areas upon which fixations must be examined – and assessing the relative number of fixations 

within and outside the AOIs as shown in Equation 3 (O’Hagan and Sasamoto 2016). 

𝐹𝑖𝑥𝑎𝑡𝑖𝑜𝑛 𝐶𝑜𝑢𝑛𝑡 𝑅𝑎𝑡𝑖𝑜 =  
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑓𝑖𝑥𝑎𝑡𝑖𝑜𝑛𝑠 𝑤𝑖𝑡ℎ𝑖𝑛 𝐴𝑂𝐼𝑠

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑓𝑖𝑥𝑎𝑡𝑖𝑜𝑛𝑠
                                                             (3) 

For construction hazard recognition, multiple AOIs can be defined around areas, equipment, or 

stimuli that are depictive of safety hazards – upon which attention is necessary for effective hazard 

recognition. An illustrative example is shown in Figure 2.3 where AOIs were defined to encompass 

safety hazards that were identified by an expert panel in a previous study (Albert et al. 2013).  
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Figure 2.3: Defining Areas of Interest (AOIs) for case images 

 

In the current study, AOIs were defined around hazardous areas, locations, or stimuli using 

a clearance margin of 5° (i.e., area around hazards) for each construction case image. This 

clearance margin was defined based on the accuracy of the eye tracking device (Eye-Tech VT3) 

that was planned to be used in the study as recommended by Orquine et al. (2016). The AOIs were 

defined for each case image after consulting 3 construction safety professionals with a cumulate 

experience of over 62 years. 

If the fixation count ratio is found to be predictive of hazard recognition performance – this 

will suggest that workers who selectively focus on hazardous areas (defined by the AOIs) over 

other areas (i.e., non-hazardous) demonstrate superior performance. On the other hand, if fixation 

count ratio is not predictive of hazard recognition performance – then, this will suggest that the 

distribution of attention to both hazardous and non-hazardous areas are important for effective 

hazard recognition.  
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Fixation Time Ratio: Like fixation count ratio, fixation time ratio is the relative fixation 

time within AOIs (Isaacowitz et al. 2006). It is calculated as the ratio between the amount of time 

spent in fixations within and outside the AOIs during a search operation as shown in Equation 4.  

𝐹𝑖𝑥𝑎𝑡𝑖𝑜𝑛 𝐶𝑜𝑢𝑛𝑡 𝑅𝑎𝑡𝑖𝑜 =  
𝐴𝑚𝑜𝑢𝑛𝑡 𝑜𝑓 𝑡𝑖𝑚𝑒 𝑠𝑝𝑒𝑛𝑡 𝑖𝑛 𝑓𝑖𝑥𝑎𝑡𝑖𝑜𝑛𝑠 𝑤𝑖𝑡ℎ𝑖𝑛 𝐴𝑂𝐼𝑠

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑓𝑖𝑥𝑎𝑡𝑖𝑜𝑛𝑠
                                 (4) 

Similar to the interpretation of the fixation count ratio, if fixation time ratio is found to significantly 

predict hazard recognition performance – the finding will suggest that the time spent examining 

hazardous areas over non-hazardous areas predict superior performance. On the other hand, if 

fixation time is not predictive of performance – the finding will suggest that the distribution of 

fixation time to hazardous and non-hazardous areas are important for effective hazard recognition. 

Saccade Velocity: As mentioned earlier, saccades are rapid eye movements between 

fixations or points of attention (Holmqvist et al. 2011). Therefore saccades are essential for 

bringing areas that are outside the focal area into focus or our attention – and is central to 

navigating the visual world. Saccade velocity, on the other hand, is a measure of this rate of eye 

movement – where higher velocities represent quicker eye movements between points of attention.  

Saccade velocity is usually measured as the average number of pixels across which the 

eyes move or transverse per unit time (e.g., seconds) during a visual search operation. Past research 

has found evidence to suggest that saccade velocity is correlated with several other constructs. For 

example, Di Stasi et. (2013) found that low saccade velocities are indicative of low arousal and 

low engagement levels during a visual search task. Similarly, low saccade velocities have been 

found to be associated with fatigue and lethargy (Di Stasi et al. 2014). Therefore, the effect of 

saccade velocity on hazard recognition was also examined.  

It is important to note that the scope of the study was not to maximize the accuracy with 

which hazard recognition performance is predicted using the visual search metrics. Rather, as an 
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exploratory study, the goal was limited to assessing whether the individual visual search metrics 

are predictive of hazard recognition performance in accordance with the predefined hypotheses. 

3.2. Objective 2: Effect of a personalized training intervention on visual search patterns 

and hazard recognition performance 

To further investigate the role of visual search patterns in hazard recognition, the study also 

examined whether the visual search patterns adopted by workers can be improved by a 

personalized intervention that was recently developed and tested (Jeelani et al. 2016b) – and 

whether such improvements will translate to higher hazard recognition levels. More specifically, 

the goal was to assess whether the improvement in hazard recognition levels achieved in a previous 

study, where an intervention was developed and tested, is attributable to changes (i.e., 

improvements) in visual search patterns. Accordingly, the study tested the following hypothesis: 

Hypothesis 2: The introduction of the personalized training intervention will improve (i.e., 

change) visual search patterns adopted by workers, and this improvement will translate to 

superior hazard recognition performance.  

The intervention is discussed in detail in Jeelani et al. (2016b), but the following sections 

present a brief overview of the intervention along with discussions on the core training elements 

included in the intervention to provide context. 

Personalized training interventions that are tailored to the learning needs of individual 

trainees are increasingly becoming popular. Such interventions are being adopted in various 

domains including healthcare, education, and aviation, and is quickly replacing the traditional one-

size-fits-all training approach (Lin et al. 2014). Apart from superior training outcomes, 

personalized training interventions have been shown to yield higher return-on-investment, and 

reduce unnecessary and redundant instruction (Hannum 2009). 



 

23 

 

To improve hazard recognition levels, Jeelani et al. (2016b) developed and tested the first 

personalized training intervention in the construction context. The training intervention 

incorporated important elements known to improve stimuli and threat detection from domains 

including the military, aviation, and medicine. The following sections present the core elements of 

the intervention. 

Visual Cues for Systematic Hazard Search: During hazard recognition activities, 

construction workers generally examine the workplace in an unstructured and haphazard manner 

– i.e., without a systematic strategy for efficient hazard search (Jeelani et al. 2016b). In these cases, 

workers generally rely on cognitive shortcuts called heuristics that can be affected by several biases 

(e.g., recency bias, availability bias, etc.) that can lead to unrecognized safety hazards (Albert et 

al. 2014). Replacing these unstructured search approaches with more efficient and structured 

search strategies have resulted in improved performance in various domains including the military, 

medicine, and construction (Albert et al. 2013; Nickles et al. 2003). To systematically guide the 

visual search process, Jeelani et al. (2016b) provided mental schemas (i.e., aids) to workers based 

on the Haddon’s energy release theory – which states that an undesirable exposure to harmful 

energy sources can result in injuries. More specifically, workers were provided with 10 energy 

sources including gravity (e.g., falling objects and trip potential), motion (e.g., vehicular traffic), 

electrical (e.g., power lines), pressure (e.g., pressurized piping),  and temperature (e.g., ignition 

sources) to aid systematic hazard search. 

Personalized Hazard Recognition Performance Feedback: Personalized performance 

feedback has been successfully adopted in education and training literature to improve learning, 

motivation, and performance (Linderbaum and Levy 2010). Past research has shown that feedback 

can clarify performance expectations, communicate areas needing improvement, and trigger the 



 

24 

 

desire to improve (Mory 2004). Therefore, Jeelani et al. (2016b) assessed the hazard recognition 

performance of workers prior to the intervention using construction case images (see Figure 2.3 

for example) captured from projects in the United States. For each case image, in the intervention 

session, the feedback was provided on (1) hazards that were successfully recognized, and (2) 

hazards that were not recognized during the hazard recognition activity. The feedback was 

provided based on a list of pre-identified safety hazards (see Figure 2.3 for example) that was 

identified by an expert panel of safety professionals (Albert et al. 2013). 

Personalized Eye-Tracking Visual Attention Feedback: Eye-tracking technology can 

provide an objective measure of (1) stimuli that received attention, and (2) stimuli that did not 

receive attention during a visual search activity. This information can be visualized effectively 

using visual attention maps as shown in Figure 2.4. Using such visual maps that were captured in 

the pre-intervention phase, Jeelani et al. (2016b) prompted workers to examine the construction 

case images and assess (1) hazard stimuli that received attention and were subsequently identified 

(i.e., recognized), (2) hazard stimuli that did not receive attention and were not subsequently 

identified (search error), and (3) hazard stimuli that appeared to have receive attention (i.e., fixated) 

but were not identified (detection error). Such a retrospective visualization of an individual’s 

search performance was used to trigger self-reflection and improvement. 
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Figure 2.4: Example visual attention map for personalized training 

 

Metacognitive Prompts to Facilitate Self-Diagnosis and Correction: Metacognition is the 

reflective introspection of one’s own mental and cognitive processes to identify performance 

weakness and strengths (Flavell 1979). Such metacognitive activity has been shown to trigger 

adaptive self-regulatory measures to overcome observed deficits. As part of the intervention, 

Jeelani et al. (2016b) presented workers with 13 metacognitive prompts to assist workers self-

diagnose underlying reasons why they may have not recognized certain hazards in the pre-

intervention phase. Examples of metacognitive prompts included: (1) the hazard was not relevant 

to the primary task being performed, (2) the hazard was not visually perceivable or was obscure in 

the workplace, and (3) the hazard imposed low levels of safety risk to be regarded as dangerous. 

After the self-diagnosis was performed, the workers were asked to reflect on strategies that they 

can adopt to improve subsequent performance. 
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4. RESEARCH METHODS 

To accomplish the research objectives, a convenient sample of 23 construction workers were first 

recruited from 7 projects in the Southeastern United States. The workers included carpenters (5), 

electricians (2), heating, ventilation, and air conditioning (HVAC) contractors (2), painters (4), 

drywall installers (2), mechanical contractors (2), concrete workers (3), landscapers (2), and a 

helper (1) from residential (10), commercial (7), and industrial projects (6). The age of the workers 

ranged from 20 to 51 years, with a mean experience of approximately 10 years in the construction 

industry.  After recruitment, the study was conducted in three sequential phases as described 

below. 

4.1. Phase I: Pre-intervention Hazard Recognition Activity 

The objective of the first phase was to gather data to test hypothesis 1. Therefore, the 

workers were asked to participate in a hazard recognition activity while their visual search patterns 

were captured using an eye tracking device. 

The hazard recognition activity used construction case images that were captured from real 

projects in the United States. The case images were gathered by a panel of 17 safety professionals 

representing Construction Industry Institute (CII) member organizations in a previous study and 

represented a variety of operations including welding, grinding, pile-laying, excavation work, and 

others (Albert et al. 2013). After the case images were gathered, the expert panel pre-identified the 

safety hazards present in each of the case images through brainstorming sessions. An example case 

image with the pre-identified safety hazards is shown in Figure 2.3. Figure 2.2 and 2.4 are other 

representative case images used in the study. Each case image included at least 8 safety hazards. 

In the current study, a random set of 6 construction case images from an initial set of 24 

were used to assess performance in the pre-intervention phase. More specifically, the participating 
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workers were seated before a 17” computer monitor that displayed the construction case images, 

and the workers were tasked with identifying all safety hazards in each of the case images verbally. 

The computer was also equipped with an EyeTech VT3 remote eye tracker that captured visual 

search (i.e., eye-movements) data using the open source OGAMA 5.0 software package during the 

hazard recognition activity. After the data were gathered for all participating workers, the data was 

exported into Matlab, and the visual search pattern metrics described earlier (i.e., search duration, 

fixation count, etc.) were computed for each case image as described earlier. The measure of the 

visual search metric (e.g., search duration) for each participating worker was then calculated as the 

average metric across the 6 examined case images.  

The hazard recognition performance of the participating workers for each case image (𝐻𝑅) 

was calculated as the proportion of hazards identified (expressed as a percentage) using Equation 

5. The overall hazard recognition performance of each participating worker (𝐻𝑅𝑖) was calculated 

as the average performance across the 6 case images in the pre-intervention phase. 

𝐻𝑅 =
𝐻𝑅𝑤𝑜𝑟𝑘𝑒𝑟

𝐻𝑅𝑡𝑜𝑡𝑎𝑙

 × 100                                                                                                                     (5) 

 

Where 𝐻𝑅𝑤𝑜𝑟𝑘𝑒𝑟  represents the total number of hazards identified by the worker in a specific construction 

case image; and 𝐻𝑅𝑡𝑜𝑡𝑎𝑙  represents the total number of unique hazards identified by the expert panel and 

all participating worker for the same case image. 

 

4.2. Phase II: Introduction of the Personalized Training Intervention 

In the second phase, the personalized intervention developed by Jeelani et al. (2016b) was 

introduced on a one-on-one basis to the participating workers. First, the workers were introduced 

to the visual cues to aid systematic hazard search and recognition. Next, using annotated case 

images (see Figure 2.3 for an example), the workers were provided with feedback on the hazards 

that they successfully recognized and those that they did not recognize in the pre-intervention 

phase.  The workers were then asked to examine their visual attention maps (see Figure 2.3 for an 
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example) from the pre-intervention phase; and evaluate (1) hazard stimuli that received attention 

(i.e., fixated) and were subsequently identified (i.e., recognized), (2) hazard stimuli that did not 

receive attention and were not subsequently identified (search error), and (3) hazard stimuli that 

appeared to have receive attention but were not identified (detection error). Finally, the 

metacognitive prompts were used to assist workers self-diagnose underlying reasons why specific 

hazards were not recognized in the pre-intervention phase. The workers also reflected and 

discussed particular remedial search strategies they can adopt to improve future performance. For 

example, one worker mentioned that he plans to do a more thorough job of examining the work 

area – particularly by paying closer attention to non-task related hazards. 

4.3 Phase III: Post-Intervention Hazard Recognition Activity 

After the intervention was introduced, the final phase focused on gathering post-

intervention data that was necessary to test Hypothesis II. The data collection approach followed 

the same procedure as discussed in Phase I. The procedure involved replication of the hazard 

recognition activity – as was performed in the pre-intervention phase – using a different set of 6 

construction case images. More specifically, the case images were selected randomly from the 

remaining 18 construction case images after excluding the ones used in the pre-intervention phase. 

The visual search pattern metrics and the hazard recognition performance were measured using 

the same approach discussed in Phase I. 

5. DATA ANALYSIS APPROACH 

The data analysis was conducted in two separate stages. Stage I focused on testing hypothesis 1 

and Stage II focused on testing hypothesis 2. The data analysis strategy is discussed in detail below: 
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5.1.Stage I: Effect of visual search patterns on hazard recognition performance (Objective 

1) 

To test whether visual search patterns (i.e., during a hazard recognition activity) are 

predictive of hazard recognition performance, mathematical regression models were tested. In the 

models, the visual search metrics corresponding to each worker (𝑉𝑆𝑖) served as the predictor 

variable and hazard recognition performance of each worker (𝐻𝑅𝑖) served as the predicted variable 

as shown in Equation 6. Because the study examined eight visual search metrics (e.g. search 

duration, fixation count, etc.), the analysis involved testing eight separate regression models. 

𝐻𝑅𝑖 = 𝑚 + 𝑥𝑉𝑆𝑖 + 𝜀1                                                                                                                                          (6) 

 

Where, 𝐻𝑅𝑖 is the hazard recognition performance of worker i, 𝑚 is the intercept of the regression model, 

𝑉𝑆𝑖 is the visual search metric (e.g. search duration, fixation count, etc.) for worker i, 𝑥 is the regression 

coefficient of the visual search metric, and 𝜀1 is the error in the estimation of the hazard recognition 

performance for worker i. 

 

5.2.Stage II: Effect of a personalized intervention on visual search patterns and hazard 

recognition performance (Objective 2) 

In the previous study involving the development and testing of the personalized 

intervention, Jeelani et al. (2016b) demonstrated that the introduction of the intervention 

improved hazard recognition levels. This relationship is schematically represented in Figure 2.5 

and mathematically expressed as Equation 7. As can be seen, c represents the effect of the 

intervention on hazard recognition performance. In other words, c is the change in hazard 

recognition performance (i.e., 𝐻𝑅2𝑖 − 𝐻𝑅1𝑖) across the study participants after the intervention 

was introduced. 

 

Figure 2.5: Results from previous research: Effect of the intervention on hazard 

recognition performance. 

Pre-intervention / 

Post intervention 

Hazard Recognition 

Performance (HR) 
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𝐻𝑅2𝑖 − 𝐻𝑅1𝑖 = 𝑐 + 𝜀2                                                                                                                                           (7)    
 

Where, 𝐻𝑅2𝑖 is the hazard recognition performance of worker i after the intervention was introduced, 𝐻𝑅1𝑖 

is the hazard recognition performance of worker i before the intervention was introduced – which is 

equivalent to 𝐻𝑅𝑖 in Equation 6, c is the observed change or improvement (i.e., average across study 

participants) in hazard recognition performance, and 𝜀2 is the error in the estimation of the improvement 

for worker i. 

 

In the current study, hypothesis 2 predicted that the improvement in hazard recognition 

performance in the previous study may be attributable (i.e., partially or completely) to changes in 

visual search patterns as shown in Figure 2.5. Accordingly, hypothesis 2 predicted that the 

introduction of the personalized intervention will improve visual search patterns (a) adopted by 

workers, which will, in turn, translate to superior hazard recognition performance (b). 

 

 

Figure 2.6: Proposed hypothesis 2 – Role of visual search patterns in improving hazard 

recognition performance 

 

 

Figure 2.6 shows two paths through which the intervention can affect hazard recognition 

performance. The first pathway is called the indirect effect (ab) where the effect of the intervention 

on hazard recognition performance is translated through changes in visual search patterns. On the 

other hand, the intervention may also directly affect hazard recognition levels (c’) – which 

excludes the effect of the intervention through visual search pattern (ab) changes  (i.e., 𝑐′ = 𝑐 − 𝑎𝑏).  

In Figure 2.6, visual search patterns only depend on whether the intervention is introduced 

or not. Therefore, similar to Equation 7, the effect of the intervention on visual search patterns can 

be mathematically expressed using Equation 8. As can be seen, a represents the effect of the 
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intervention on visual search patterns. In other words, a is representative of the change in visual 

search patterns (i.e., 𝑉𝑆2𝑖 −  𝑉𝑆1𝑖) after the intervention is introduced (i.e., change between pre-

intervention and post-intervention). 

𝑉𝑆2𝑖 − 𝑉𝑆1𝑖 = 𝑎 + 𝜀3                                                                                                                           (8) 

 

Where, 𝑉𝑆2𝑖 is the visual search pattern of worker i after the intervention is introduced, 𝑉𝑆1𝑖 is the visual 

search pattern of worker i before the intervention is introduced – which is equivalent to 𝑉𝑆𝑖 in Equation 6, 

a  is the average change  in visual search patterns across all the participants, and 𝜀3 is the error in the 

estimation of the change for worker i. 

 

The effect of the condition (i.e., pre-intervention or post-intervention) on hazard recognition 

performance – through visual search patterns – can be expressed using the two independent 

equations presented as Equation 9 and Equation 10 (Judd et al. 2001). As can be seen, the hazard 

recognition performance in the pre-intervention phase (𝐻𝑅1𝑖) is dependent on the visual search 

patterns before the intervention is introduced (𝑉𝑆1𝑖). Similarly, the hazard recognition performance 

in the post-intervention phase (𝐻𝑅2𝑖) is dependent on the visual search patterns after the 

intervention is introduced (𝑉𝑆2𝑖). 

𝐻𝑅1𝑖 = 𝑔1 + 𝑗1𝑉𝑆1𝑖 + 𝜀4                                                                                                                                       (9) 

𝐻𝑅2𝑖 = 𝑔2 + 𝑗2𝑉𝑆2𝑖 + 𝜀5                                                                                                                                      (10) 

Where, 𝐻𝑅1𝑖 is the hazard recognition performance of worker i before the intervention is introduced, 𝐻𝑅2𝑖 

is the hazard recognition performance of worker i after the intervention is introduced, 𝑉𝑆1𝑖 is the visual 

search pattern of worker i before the intervention is introduced, 𝑉𝑆2𝑖 is the visual search pattern of worker 

i after the intervention is introduced, 𝑔1 and 𝑔2 are the intercepts of the regression model, 𝑗1 and 𝑗2 are the 

regression coefficient of the visual search metric in the respective models, and 𝜀4 and 𝜀5 are the error 

estimates for the respective regression models. 

 

Therefore, the effect of the change in condition (i.e., intervention introduction) on hazard 

recognition performance can be expressed as the difference between Equations 10 and 9 as shown 

in Equation 11. Equation 11 can be further rewritten in the form of a traditional regression equation 

as shown in Equation 12  as demonstrated by Judd et al. (2001) and Montoya and Hayes (2017). 

In Equation 12, b represents the effect of the change in visual search patterns (𝑉𝑆2𝑖− 𝑉𝑆1𝑖) on hazard 
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recognition performance under the two conditions (i.e., pre-intervention and post-intervention) as 

show in Figure 2.6. On the other hand, c’ is the direct effect of the intervention that remains after 

accounting for the indirect effect as shown in Figure 2.6. 

𝐻𝑅2𝑖 − 𝐻𝑅1𝑖 = 𝑔2 − 𝑔1 + 𝑗2𝑉𝑆2𝑖 −  𝑗1𝑉𝑆1𝑖 + 𝜀5 − 𝜀4                                                                                 (11) 

𝐻𝑅2𝑖 −  𝐻𝑅1𝑖 = 𝑐′ + 𝑏(𝑉𝑆2𝑖− 𝑉𝑆1𝑖) + 𝑏2[(𝑉𝑆2𝑖+ 𝑉𝑆1𝑖) − (𝑉𝑆2+ 𝑉𝑆1)] +  𝜀6                                     (12) 

Where, 𝐻𝑅2𝑖, 𝐻𝑅1𝑖, 𝑉𝑆2𝑖, and 𝑉𝑆1𝑖 are as described in Equation 9 and 10, 𝑐′ =  𝑔2 −  𝑔1 +  𝑏2 (𝑉𝑆2+ 𝑉𝑆1)  which is 

the intercept and the direct effect as shown in Figure 2.6, 𝑏 =  𝑗2 + 𝑗1 2⁄  which is the effect of the change in visual 

search patterns on hazard recognition performance as shown in Figure 2.6,  𝑏2 =  𝑗2 −  𝑗1 2⁄ ,  𝑉𝑆2+ 𝑉𝑆1 is the mean 

of the sum of 𝑉𝑆2𝑖 and 𝑉𝑆2𝑖 for all workers, and 𝜀6 =  𝜀5 −  𝜀4. 
 

Therefore, to estimate the model parameters (i.e., a, b, and c’) shown in Figure 2.6, the 

parameters in Equation 8 and 12 must be estimated. More specifically, the estimation of the two 

models will be sufficient to determine a and b that is necessary to estimate the indirect effect ( ab) 

and c’ which is the direct effect. The total effect (c) which is the sum of the direct and the indirect 

effect can be calculated using Equation 13 (Montoya and Hayes 2017). Alternatively, c can be 

estimated as the difference in hazard recognition performance between the two conditions (i.e., 

pre-intervention and post-intervention) using Equation 7. 

𝑐 = 𝑐′ + 𝑎𝑏                                                                                                                                                              (13) 

The estimation of the parameter a (Equation 8 & Figure 2.6) was accomplished by 

comparing the visual search patterns between the two conditions using a one sample t-test (Null 

hypothesis: 𝑉𝑆2𝑖 −  𝑉𝑆1𝑖 = 0; Alternate hypothesis: 𝑉𝑆2𝑖 − 𝑉𝑆1𝑖 ≠ 0 ). On the other hand, c’ and b were 

estimated by regressing the independent variables [i.e., (𝑉𝑆1𝑖− 𝑉𝑆1𝑖) and (𝑉𝑆1𝑖+ 𝑉𝑆1𝑖) − (𝑉𝑆1+ 𝑉𝑆1)] 

in Equation 12 on the dependent variable (𝐻𝑅2𝑖 − 𝐻𝑅1𝑖). Finally, the significance of the indirect 

effect (ab) was tested using the bootstrapping method with 10,000 resamples as recommend in 

Montoya and Hayes (Montoya and Hayes 2017). Because the bootstrapping approach does not 
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make any assumptions about the shape of the sampling distribution, the results will be robust to 

any deviations in the underlying assumptions for regression analysis (Wood 2005). 

6. RESULTS AND DISCUSSIONS 

Table 2.1 presents the means and standard deviations of all the variables examined in the study. 

As can be seen, the participating workers identified less than 37% of the hazards in the pre-

intervention phase. However, after the intervention was introduced, their performance exceeded 

71%. Several other variables demonstrated a similar pattern. For example, prior to the introduction 

of the intervention, the workers terminated the hazard recognition activity or search process after 

14.61 seconds on average. However, after the intervention was introduced, the workers spent over 

40 seconds examining the case images for safety hazards. A few variables including fixation count 

ratio, fixation time ratio, and saccade velocity demonstrated a small reduction in the post-

intervention phase. The following sections discuss the results of the hypothesis testing. 

Table 2.1: Means and Standard Deviations for Pre-intervention and Post-intervention 

Variable 
 

 Pre-intervention  Post-intervention  Change 
Variable Mean SD  Mean SD  

Hazard Recognition Performance (%) 36.42 7.99  71.63 10.52  35.21 

Search Duration (sec.) 14.61 5.46  40.11 9.06  25.5 

Fixation Count (nos.) 46.25 23.44  116.13 27.806  69.88 

Fixation Time (sec.) 10.88 5.36  29.04 7.07  18.16 

Mean Fixation Duration (sec.) 244.57 17.08  250.47 23.49  5.9 

Fixation Spatial Density (%) 3.22 1.51  7.69 1.81  4.47 

Fixation Count Ratio 0.22 0.06  0.21 0.04  -0.01 

Fixation Time Ratio 0.23 0.07  0.22 0.04  -0.01 

Saccade Velocity (px./sec.) 4.23 1.31  3.6 1.02  -0.63 
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6.1.Stage I: Effect of visual search patterns of hazard recognition performance (Objective 

1) 

Table 2.2 presents the results examining whether visual search patterns are predictive of 

hazard recognition levels. As discussed earlier, the data analysis involved the estimation of the 

regression model shown in Equation 6 using each of the visual search metrics.  

Table 2.2: Effect of Visual Search Patterns on Hazard Recognition Performance 

 

Predictors 

Coefficient 

/ Effect 

Standard 

Error 
t-value p-value LLCI ULCI 

Visual Search Metric: Search Duration 

Constant     (m) 24.360 4.107 5.932 <0.05 15.820 32.900 

Search Duration (sec.)     (x) 0.826 0.264 3.127 <0.05 0.271 1.375 

Visual Search  Metric: Fixation Count 

Constant     (m) 26.179 2.924 8.952 <0.05 20.097 32.260 

Fixation Count (nos.)     (x) 0.221 0.057 3.908 <0.05 0.104 0.339 

Visual Search  Metric: Fixation Time 

Constant     (m) 26.109 3.034 8.604 <0.05 19.798 32.419 

Fixation Time (sec.)     (x) 0.948 0.251 3.772 <0.05 0.425 1.470 

Visual Search  Metric: Mean Fixation Duration 

Constant     (m) 8.055 14.583 0.552 0.587 -22.272 -22.272 

Mean Fixation Duration (sec. 10-3)     

(x) 0.116 0.059 1.956 0.064 -0.007 -0.007 

Visual Search  Metric: Fixation Spatial Density 

Constant     (m) 25.319 3.108 8.146 <0.05 18.855 31.783 

Fixation Spatial Density (%)     (x) 3.448 0.878 3.929 <0.05 1.623 5.272 

Visual Search  Metric: Fixation Count Ratio 

Constant     (m) 40.127 6.298 6.372 <0.05 27.030 53.225 

 Fixation Count Ratio   (x) -17.161 28.074 -0.611 0.548 -75.544 41.221 

Visual Search  Metric: Fixation Time Ratio 

Constant     (m) 38.882 6.004 6.476 <0.05 26.395 51.369 

Fixation Time Ratio   (x) -10.749 25.133 -0.428 0.673 -63.015 41.517 

Visual Search  Metric: Saccade Velocity 

Constant     (m) 22.423 4.976 4.507 <0.05 12.045 32.806 

Saccade Velocity (px/sec.)     (x) 3.191 1.125 2.836 0.010 0.844 5.538 

 

As can be seen, search duration, fixation count, fixation time, and fixation spatial density 

were significantly predictive of hazard recognition levels (i.e., p < 0.05). For example, with every 

unit increase in search duration (i.e., increase by 1 second), workers were able to identify an 

additional 0.826% of hazards. A worker with an average search duration of 14.61 seconds in the 

pre-intervention phase (see Table 2.1) can be expected to recognize only 36.43% of hazards [i.e., 
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24.36 + 0.826(14.61)]. On the other hand, a worker whose search duration is 20.07 seconds (i.e., 

higher than the average by one standard deviation: 14.61 + 7.99) is expected to recognize 

approximately 41% [i.e., 24.36 + 0.826(20.07)] of hazards. Therefore, the results suggest that 

workers who spend more time examining the workplace for safety hazards will recognize a larger 

proportion of safety hazards. 

Similarly, higher levels of visual attention and processing measured using fixation counts 

and fixation time were associated with higher levels of hazard recognition (i.e., p < 0.05). More 

specifically, for every additional fixation, workers recognized an additional 0.221% of hazards. 

Likewise, an additional second of fixation time translated to a 0.948% increase in hazard 

recognition levels. 

In the same manner, higher hazard recognition levels can be expected when the fixation 

spatial density is higher (i.e., p < 0.05) – which is a measure of the spread of visual attention across 

the work area. More specifically, when spatial fixation density increases by 1%, hazard recognition 

levels can be expected to increase by 3.448%.   

Finally, the results also suggest that saccade velocity (i.e., p = 0.01) which is indicative of 

arousal levels and engagement levels (Di Stasi et al. 2013) also predicted hazard recognition 

performance. More specifically, higher saccade velocities were associated with superior 

performance. However, the remaining visual search metrics examined in the study did not 

significantly predict hazard recognition levels. 

After the regression models were estimated, the normality of the residuals were 

independently tested for each model using the Anderson-Darling test. In each case, the p-value 

associated with the test statistic exceeded 0.05 suggesting that the normality assumption was 

justified. Likewise, the examination of the plots between the (1) residuals and the predicted value, 



 

36 

 

and (2) the residuals and the visual search metrics suggested that the assumption of the 

homogeneity of error variance and linearity were reasonable in each case. 

In summary, visual search patterns such as search duration, fixation count, fixation time, 

and fixation spatial density were predictive of hazard recognition levels. More specifically, 

workers who spend more time examining the workplace for safety hazards (i.e., search duration), 

who allocate higher levels of attention and visual processing (i.e., fixation count and fixation time), 

and who spread the visual attention more broadly across the workplace (i.e., fixation spatial 

density) will demonstrate superior hazard recognition performance. Therefore, the results provide 

support in favor of hypothesis 1 suggesting that visual search patterns are predictive of hazard 

recognition performance. However, three other measures of attention and visual processing 

including fixation count ratio, fixation time ratio, and mean fixation duration were not predictive 

of hazard recognition performance. 

6.2.Stage II: Effect of a personalized training intervention on visual search patterns and 

hazard recognition performance (Objective 2) 

To test hypothesis 2, the mathematical models expressed as Equation 8 and 12 were estimated to 

obtain a, b, and c’ as shown in Figure 2.6. The results of the analysis are presented in Table 2.3 

and 2.4. 
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Table 2.3: Effect of the intervention and changes in visual search patterns on hazard 

recognition performance 

  Model Predictor  

Coefficient 

/ Effect 

Standard 

Error 

t-

value 

p-

value LLCI ULCI 

Visual Search Metric: Search Duration 

 Eq. 8 Constant / Intervention     (a) 25.505 2.538 10.051 <0.05 20.242 30.768 

 
Eq. 12 

Constant / Intervention     (c') 9.236 5.545 1.666 0.111 -2.331 20.803 

  

Search Duration change (sec.)     

(b) 
1.018 0.201 5.055 <0.05 0.598 1.438 

Visual Search  Metric: Fixation Count 

 Eq. 8 Constant / Intervention     (a) 69.882 7.127 9.806 <0.05 55.102 84.663 

 
Eq. 12 

Constant / Intervention     (c') 14.816 5.254 2.820 0.011 3.855 25.776 

  

Fixation Count change (nos.)     

(b) 
0.292 0.068 4.290 <0.05 0.150 0.434 

Visual Search  Metric: Fixation Time 

 Eq. 8 Constant / Intervention     (a) 18.158 1.626 11.167 <0.05 14.786 21.531 

 
Eq. 12 

Constant / Intervention     (c') 13.671 6.454 2.118 0.047 0.207 27.135 

  

Fixation Time change (sec.)     

(b) 
1.186 0.330 3.598 <0.05 0.498 1.874 

Visual Search  Metric: Mean Fixation Duration 

 Eq. 8 Constant / Intervention     (a) 5.913 5.994 0.986 0.335 -6.519 18.346 

 
Eq. 12 

Constant / Intervention     (c') 34.940 2.969 11.769 <0.05 28.746 41.133 

  

Mean Fixation Duration change 

(sec. 10-3)     (b) 
0.045 0.105 0.430 0.672 -0.173 0.263 

Visual Search  Metric: Fixation Spatial Density 

 Eq. 8 Constant / Intervention     (a) 4.466 0.463 9.646 <0.05 3.506 5.427 

 
Eq. 12 

Constant / Intervention     (c') 14.864 5.131 2.897 <0.05 4.160 25.568 

  

Fixation Spatial Density change 

(%)     (b) 
4.555 1.037 4.394 <0.05 2.392 6.717 

Visual Search  Metric: Fixation Count Ratio 

 Eq. 8 Constant / Intervention     (a) -0.004 0.018 -0.245 0.809 -0.041 0.032 

 
Eq. 12 

Constant / Intervention     (c') 35.254 3.131 11.260 <0.05 28.722 41.785 

  

Relative Fixation Count in AOI 

change    (b) 
11.120 42.260 0.263 0.795 

-

77.040 
99.279 

Visual Search  Metric: Fixation Time Ratio 

 Eq. 8 Constant / Intervention     (a) -0.013 0.019 -0.673 0.508 -0.053 0.027 

 
Eq. 12 

Constant / Intervention     (c') 35.265 3.161 11.157 <0.05 28.671 41.859 

  

Relative Fixation Time in AOI 

change      (b) 
4.586 38.001 0.121 0.905 

-

74.689 
83.861 

Visual Search  Metric: Saccade Velocity 

 Eq. 8 Constant / Intervention     (a) -0.633 0.184 -3.451 0.002 -1.015 -0.252 

 
Eq. 12 

Constant / Intervention     (c') 34.191 3.069 11.141 <0.05 27.767 40.615 

  

Saccade Velocity change 

(px../sec.)     (b) 
-2.366 3.046 -0.777 0.447 -8.743 4.010 

Note: LLCI & ULCI  =  Lower and upper limit confidence intervals, respectively 
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Table 2.4: Indirect effect through changes in visual search patterns 

Visual Search Pattern 

Indirect 

Effect 

Standard 

Error 
LLCI ULCI 

Search Duration (sec.)     (ab) 25.96 5.613 14.832 36.953 

Fixation Count (nos.)     (ab) 20.39 5.549 10.341 32.374 

Fixation Time (sec.)     (ab) 21.53 7.405 9.823 38.996 

Mean Fixation Duration (sec.)     (ab) 0.27 0.989 -2.018 2.203 

Fixation Spatial Density (%)     (ab) 20.34 5.485 10.188 31.777 

Fixation Count Ratio     (ab) -0.05 0.734 -1.647 1.493 

Fixation Time Ratio      (ab) -0.06 0.939 -1.963 2.139 

Saccade Velocity (px./sec.)     (ab) 1.50 1.781 -1.842 5.341 

Note: LLCI & ULCI  =  Lower and upper limit confidence intervals, respectively 
 

As shown in Table 2.3, after the intervention was introduced, the search duration increased 

by 25.505 seconds. This is also equivalent to the difference in search duration between the pre-

intervention (i.e., 36.43 seconds) and the post-intervention (i.e., 71.63 seconds) phases as shown 

in Table 2.1. The associated p-value (i.e., p < 0.05) suggests that the difference in search duration 

between the two phases is statistically significant. 

The estimation of Equation 12 using search duration as the predictor variable yielded b = 

1.018 and c’ = 9.236 as shown in Table 2.3. Using this information, the indirect effect of the 

intervention through the change in search duration (see Figure 2.6) can be calculated as the product 

of a and b – which is equal to 25.96% as shown in Table 2.4. In other words, the introduction of 

the intervention resulted in an increase in search duration by 25.505 seconds, which in turn 

improved hazard recognition by 25.96% on average.  

On the other hand, the direct effect of the intervention on hazard recognition (i.e., c’) 

suggests the intervention improved hazard recognition levels by 9.236% – after excluding the 

effect of search duration. Therefore, the total effect (i.e., c) of the intervention through search 

duration (ab) and independent of search duration (i.e., c’) can be calculated using Equation 13 

which is equal to 35.21% (i.e., 9.236 + 25.969). This is equivalent to the difference in hazard 
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recognition performance between the pre-intervention (i.e., 36.42%) and post-intervention 

(71.62%) phase estimated using Equation 7 as shown in Table 2.1. 

The 95% confidence interval associated with the indirect effect through search duration 

(see Table 2.4) estimated using the bootstrapping method excludes zero as a potential value for the 

indirect effect. Therefore, the results suggest that the indirect effect is positive and statistically 

significant. In other words, the results support hypothesis 2 when search duration was included as 

the visual search metric. 

Like search duration, the indirect effect was positive and statistically significant for fixation 

count, fixation time and fixation spatial density (i.e., the 95% confidence interval did not include 

zero) as shown in Table 2.4. More specifically, the indirect effect of fixation count, fixation time, 

and fixation spatial density translated to improvements in hazard recognition by 29.39%, 31.534%, 

and 20.341% respectively. However, the indirect effect of the remaining visual search patterns 

(e.g., fixation count ratio and fixation time ratio) did not significantly affect hazard recognition 

levels – as the confidence intervals included zero as a potential value for the indirect effect.  

Overall, the results from stage II provided support for hypothesis 2. More specifically the 

results showed that the intervention will affect visual search patterns (i.e., search duration, fixation 

count, etc.) adopted by workers, which will in turn translate to superior hazard recognition 

performance. 

7. IMPLICATIONS OF STUDY FINDINGS 

The findings of this research contribute to the body of safety literature, and have important 

implications for theory and practice. First, the study found evidence suggesting that visual search 

patterns adopted by workers are predictive of hazard recognition performance. This knowledge 

can be strategically used by employers and trainers to improve hazard recognition levels in the 
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construction industry. For example, the findings can be used to diagnose underlying reasons why 

workers may fail to recognize certain hazards (e.g., inefficient search strategy, poor metacognitive 

monitoring). In addition, personalized training interventions – similar to the one discussed in this 

article – can be improved by strategically assessing the visual search patterns adopted by individual 

workers and customizing training experiences to target observed search weaknesses. Such efforts 

can substantially improve safety performance and reduce injury likelihood. 

Second, the research provides evidence suggesting that training interventions can improve 

visual search patterns adopted by workers which can, in turn, translate to superior hazard 

recognition performance. The research also illustrates that the intervention developed by Jeelani 

et al. (2016b), if adopted, will improve both visual search patterns and hazard recognition levels 

among construction workers. 

Third, the research findings identified new factors that affect hazard recognition levels. For 

example, the study demonstrated that human factors such as the amount of time a worker devotes 

to examining the workplace, the degree of attention and visual processing allocated to hazard 

recognition activities, and the spread of visual attention during hazard search operations can all 

affect hazard recognition levels. These findings question the adequacy of traditional training 

practices that only focus on transferring safety knowledge – while ignoring other human factors 

that can affect performance. Therefore, new interventions and practices that are cognizant of such 

human factors that impact performance must be developed, adopted, and tested. For example, 

employers, as part of their training efforts can create awareness among workers about the issues 

associated with the premature termination of the hazard recognition process. They may also 

encourage workers to adopt metacognitive strategies to avoid the premature termination of the 

hazard recognition process in the workplace. Likewise, training may also focus on encouraging 
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workers to broadly distribute their attention to avoid selective attention to only certain areas in the 

workplace. Employers can also alter job-hazard analyses templates to include guidelines and 

metacognitive prompts that encourage workers to spend sufficient time, be more attentive,  and 

spread their visual attention to all work areas – whether related to the task being undertaken or not 

– during hazard recognition activities. In addition, It is also important that employers and 

contractors provide sufficient time for hazard recognition activities (e.g., pre-task safety meeting) 

and encourage their workers to devote higher levels of attention during such efforts. Fourth, 

employers and trainers can adopt the approach described in this article to test the efficiency of their 

own training programs. In addition, employers, trainers, and researchers can propose and test their 

own innovative training solutions and test the effectiveness of these solutions in improving both 

visual search patterns and hazard recognition levels.  

Finally, as new technologies such as mobile eye-tracking glasses and augmented reality 

become more accessible and affordable, employers can adopt such technologies to assess and 

augment workers’ real-time performance during actual work operations. For example, employers 

can gather large-scale data to identify hazard types that do not receive sufficient attention and 

communicate this to the workers. In addition, employers can proactively prompt workers when 

they fail to allocate attention to safety hazards that can impose imminent danger. The current 

research can serve as a foundation for such future efforts. 

8. STUDY LIMITATIONS AND RECOMMENDED FUTURE RESEARCH 

Despite the strengths and contributions of the study, the current study has limitations that can be 

addressed in future research. First, in the current study, construction case images captured from 

real projects were used to assess hazard recognition performance. However, these case images do 

not sufficiently portray the dynamic nature of actual construction operations. Nonetheless, past 
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research has demonstrated a strong correlation between performance measured using case images 

and in actual workplaces. The use of construction case images also offered several other 

advantages that enhanced research control, validity, and the ethical treatment of study participants. 

For example, the case images provided a standardized approach to measure the relative 

performance of workers – where their performance was assessed using a finite number of pre-

selected and pre-evaluated case images. In addition, the use of the pre-selected case images ensured 

that the experiment included a diverse set of work operations including welding, grinding, pipe-

laying, crane rigging, and others – which may not have been possible in a finite number of 

participating workplaces. More importantly, the use of case images ensured the ethical treatment 

of study participants where actual exposure to safety hazards was avoided for research purposes. 

Future efforts may replicate the study in real work environments, after addressing ethical and 

logistic concerns, where visual search patterns are captured using mobile eye-tracking glasses. 

Second, the scope of the current study was limited to assessing whether the individual 

predefined visual search metrics were predictive of hazard recognition performance. The objective 

was not to maximize the accuracy of the prediction of hazard recognition performance – using the 

examined visual search metrics. Such an effort will require the inclusion of multiple predictor 

variables in the models (i.e., multiple linear regression) which will require additional study 

participants to reduce the likelihood of Type II errors. Future efforts can focus on addressing this 

question with the appropriate sample size to achieve desirable levels of statistical power. 

Third, a limited number of visual search metrics and only one intervention was examined 

as part of the current study. As the literature on visual search patterns and safety interventions are 

growing rapidly, future efforts may focus on evaluating the effect of additional visual search 
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metrics and new interventions on hazard recognition performance. Such research can be 

fundamental in addressing the issue of poor safety performance in construction workplaces. 

9. CONCLUSION 

A large number of safety hazards remain unrecognized in construction workplaces (Albert 

et al. 2014; Bahn 2013; Carter and Smith 2006; Perlman et al. 2014). These hazards expose 

workers to unanticipated safety risk that can result in injuries, accidents, and property damage. To 

prevent such safety incident, safety professionals and industry practitioners have adopted various 

interventions. However, desirable levels of hazard recognition have not been achieved (Albert et 

al. 2014; Bahn 2013; Carter and Smith 2006; Perlman et al. 2014). 

To advance knowledge on why safety hazards remain unrecognized, the current study 

examined construction hazard recognition as a visual search task. More specifically, the study 

examined whether visual search patterns adopted by workers will affect hazard recognition 

performance. The study was reliably conducted by leveraging the strengths of eye-tracking 

technology. 

The study found that the amount of time workers devote to examining the workplace (i.e., 

search duration), the level of attention allocated to the hazard recognition activity (i.e., fixation 

count and fixation time), and the visual spread of attention during the hazard search operations 

(i.e, fixation spatial density) can affect hazard recognition levels. In addition, the study revealed 

that the adoption of the intervention proposed by Jeelani et al. (2016b) can improve visual search 

patterns adopted by workers, and this improvement can translate to superior hazard recognition 

performance. The study findings have important implications for both theory and practice. The 

research findings can strategically be used to identify training needs, improve training programs, 

and enhance safety performance. 
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Chapter 3: Developing a Vision-based Framework for Automated 

Eye Tracking Analysis2 
 

ABSTRACT  

Research has shown that a large proportion of hazards remain unrecognized, which expose 

construction workers to unanticipated safety risks. Recent studies have also found that a strong 

correlation exists between viewing patterns of workers, captured using eye-tracking devices, and 

their hazard recognition performance. Therefore, it is important to analyze the viewing patterns of 

workers to gain a better understanding of their hazard recognition performance.  From the training 

standpoint, scan paths and attention maps, generated using eye-tracking methods, can be used 

effectively to provide personalized and focused feedback to workers. Such feedback is used to 

communicate the search process deficiency to workers in order to trigger self-reflection and 

subsequently improve their hazard recognition performance. This paper proposes a computer 

vision-based method that tracks workers on a construction site and automatically locates their 

fixation points, collected using a wearable eye-tracker, on a 3D point cloud. This data is then used 

to analyze their viewing behavior and compute their attention distribution. The presented case 

studies validate the proposed method. 

Keywords: Hazard Recognition; Construction Safety; 3D-reconstruction; Eye-tracking; 

Computer Vision; Personalized Training 

 

 

                                                 
2 The chapter is published in Elsevier’s Automation in Construction titled “Automating and 

scaling personalized safety training using eye-tracking data” 

https://www.sciencedirect.com/science/article/pii/S0926580517309226
https://www.sciencedirect.com/science/article/pii/S0926580517309226
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1. INTRODUCTION 

Despite efforts to improve safety performance, fatal and non-fatal injury rates in construction are 

still alarmingly high.  In the United States, the construction industry accounts for approximately 

16% of all occupational fatalities, while employing less than 6% of the workforce (Bureau of Labor 

Statistics, 2016). Worldwide, more than 60,000 workers lose their lives on construction sites every 

year (Lingard 2013a). Over the years, the construction industry has been motivated to improve 

safety enforcement, training, and monitoring, which has resulted in significant improvements. 

However, desirable levels of safety performance are yet to be attained. Apart from the loss of 

human lives, construction accidents can also have an economic impact on companies, adversely 

affecting their profit margins (Namian et al. 2016b). Waehrer et al. (Waehrer et al. 2007) estimate 

that the cost of injuries exceeds $11.6 billion every year in the U.S.  

To address this issue, researchers have attempted to identify the precursors of construction 

accidents (Abdelhamid and Everett 2000; Mitropoulos et al. 2005; Rajendran et al. 2009).  Among 

others, workers’ inability to detect hazards in dynamic and rapidly changing work environment 

(Albert et al. 2014a; Carter and Smith 2006; Jeelani et al. 2017a) has gained significant attention.  

Recognizing hazards is the primary step in effective safety management as illustrated in figure 3.1. 

When hazards remain unrecognized, the possibility of accidents increases substantially.  In fact, 

Haslam et al. (Haslam et al. 2005) found that more than 42% of accidents involve worker-related 

factors including inadequate hazard recognition skill. Moreover, recent findings have 

demonstrated that a disproportionate number of construction hazards remain unrecognized in 

construction environments (Bahn 2013; Carter and Smith 2006). 
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Figure 3.1: Safety management process 

 

While researchers and practitioners have developed several training methods to improve 

hazard recognition, much of this effort has proceeded with the assumption that poor hazard 

recognition is mainly due to lack of knowledge. However, hazard recognition, is a visual search 

process is governed by the psychological principles (as given in Feature integration theory 

(Treisman and Gelade 1980) or Guided search model (Krummenacher and Muller 2006)) and, 

therefore, is prone to human limitations. Jeelani et al. (Jeelani et al. 2017b) identified 13 causal 

factors for poor hazard recognition levels among workers. Several of the causal factors were 

associated with how workers examine the environment for safety hazards and how their visual 

attention is distributed over the scene. 

Jeelani et al. and Dzeng et al. (Dzeng et al. 2016; Jeelani et al. 2017c) found a significant 

correlation between viewing patterns of workers and their hazard recognition performance. 

Hasanzadeh et al. (Hasanzadeh et al. 2017) concluded that attention distribution of workers who 

detect more hazards was significantly different than those who detect less number of hazards.  
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Further, Asadi et al. (Asadi et al. 2017) also found a close relationship between the amount of time 

participant spent looking at hazard and the number of hazards identified correctly. Hence, it is very 

important to study and analyze the viewing pattern of workers in order to understand what 

constitutes a good hazard search – a search that results in better hazard recognition performance. 

From the training standpoint, scan paths and attention maps can be used very effectively to provide 

personalized feedback to workers, by communicating search process deficiency to trigger self-

reflection (Jeelani et al. 2017a; Tien et al. 2014a). Although performance feedback alone (i.e., a 

hazard that were recognized or not recognized) is useful, data from eye-tracking can provide 

additional information on why certain hazards remained unrecognized. For example, eye-tracking 

can show that a worker did not recognize a hazard because they did not pay attention or did not 

fixate on the hazard (i.e., search error). Alternatively, the worker may have fixated on particular 

hazards but may not have recognized them as hazards (i.e., detection error). The workers may also 

prematurely terminate the hazard search process after a handful number of hazards are recognized. 

Although the above studies (Asadi et al. 2017; Dzeng et al. 2016; Hasanzadeh et al. 2017; 

Jeelani et al. 2017c) provide valuable insights about viewing patterns of construction workers and 

its impact on their hazard recognition performance, all of them examined hazard recognition using 

static images captured from construction workplaces. While beneficial, static images cannot 

capture the true dynamic nature of construction sites.  They present fixed perspective views to the 

workers without the flexibility of moving around and observing the scene from different locations 

or orientations. As such, photographs do not represent the workers’ viewpoints but rather 

represents the viewpoint of the photographer. Even if multiple photographs from a finite number 

of orientations and perspectives are obtained with additional effort, they still cannot cover all 

possible ways a worker may view a real scene. Hence, important information, which workers can 
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derive while viewing a real scene, may not be available when photographs are used.  As a result 

of this disconnect, the performance of workers during the experiment may not be reflective of their 

performance in real construction environments and can result in incorrect assessments and non-

representative viewing behavior.  

Advancements in computer vision and wearable eye-tracking technology enable capturing 

and analyzing workers' actual views/perspective. An examination of the viewing patterns of 

workers in real work environments is expected to offer more benefits with superior validity.   One 

way to achieve this objective is to record scan paths and fixation data of workers while they work, 

using a wearable eye-tracking device and later examine the data for each worker manually. 

Unfortunately, such an approach will be time-consuming, tedious and prone to human errors, 

which can result in inaccurate assessments and inefficient feedback. However, computer vision 

techniques can potentially automate, and thereby, scale the process of recording and analyzing 

eye-tracking data for a large number of workers.  

Therefore, this study proposes the development of a novel computer vision-based system 

that can automatically analyze the eye-tracking data of workers and provide useful information 

about workers’ visual search behaviors. This system can potentially automate and scale up 

personalized training for improving hazard recognition. Workers wear eye-tracking glasses that 

capture videos and eye movement data while they move in a construction site. The construction 

site is mapped in a 3D space and workers are localized in this space. Using the localized positions 

of the workers and the fixation data from the eye-tracking glasses, each worker’s viewing behavior 

(i.e., attention distribution, fixation points, etc.) is recorded and analyzed automatically. The 

system is also used to predict the detectability of various hazards in a construction work 

environment. 



 

49 

 

The proposed system can be used to autonomously generate and provide personalized 

feedback to workers and safety managers for training purposes. It also generates the data to identify 

potential hazards that are more likely to remain unrecognized, which will assist the safety 

managers to proactively adopt remedial measures. The proposed work was tested and validated in 

two active construction sites. 

2. BACKGROUND 

2.1 Technology in Construction Safety 

Development in technology has influenced every domain of construction including safety.  

Skibniewski (Skibniewski 2014) has summarized the use of information technology for 

construction safety assurance over the past few years.  Visualization technology has been shown 

to improve safety management by assisting construction professionals in safety training (Jalaei 

and Jrade 2014), job hazard analysis (Wang et al. 2015) and safety monitoring(Guo et al. 2014; Li 

et al. 2012). Similarly, different sensor-based technologies are also getting attention owing to their 

potential applications in safety management (Chae and Yoshida 2010; Yang et al. 2011). 

Technology has also played a part in improving safety by automating different construction tasks 

(Chu et al. 2009, 2013). 

2.2 Hazard Recognition and Training 

Heinrich et al. (Heinrich 1931) argue that unsafe conditions and unsafe acts are two direct 

causes of accidents. Therefore, identifying such acts and conditions is the first step in taking 

corrective actions to eliminate them and prevent accidents (Seo et al. 2015). The construction 

industry employs various hazard recognition methods and training interventions. These include 

predictive methods such as Job Hazard Analysis (JHA), pre-task safety planning, and task demand 

analysis (Albert et al. 2014a; Mitropoulos and Namboodiri 2011; Rozenfeld et al. 2010); and 
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retrospective methods, such as safety checklists that include hazards gathered from past injury 

experiences to prevent future reoccurrences. 

To overcome the issue of poor hazard recognition, the construction industry invests large 

amounts of resources in training the workforce to efficiently recognize and control hazards 

(Namian et al. 2016a). However, studies have demonstrated that workers lack hazard recognition 

skills despite having received an ample amount of safety training (Perlman et al. 2014). One of the 

reasons for the suboptimal outcome of training interventions is that they largely ignore specific 

challenges that workers experience during the hazard recognition process (Jeelani et al. 2017b). 

The causes of poor hazard recognition performance are traditionally linked to lack of 

essential safety knowledge and skills (Haslam et al. 2005). As such, most of the training 

interventions are designed to transfer more knowledge to the workers. However, a recent study 

(Jeelani et al. 2017b) identified 13 factors that affect hazard recognition, of which, the lack of 

knowledge is associated with only a few factors.  Low-risk perception, selective attention to certain 

types of hazards or certain work areas, visually unperceivable hazards, etc. were identified as some 

of the factors that impede thorough hazard recognition. Safety training program designed with the 

understanding of these impediments have been shown to significantly improve the hazard 

recognition ability of workers (Jeelani et al. 2017a). 

2.3 Visual Search & Eye-tracking 

Visual search is defined as a perceptual task that involves scanning of the visual 

environment for particular objects or features (the targets) among other objects or features (the 

distractors) (Treisman and Gelade 1980). On a construction site, workers scan their work 

environment to detect and identify objects or conditions that can potentially cause accidents. 

Therefore, hazard recognition can essentially be viewed as a multiple target visual search process 
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where hazards are the targets. Human visual search is influenced by several factors, such as age 

differences (Humphrey and Kramer 1997; Madden et al. 2004), professional experience, the 

similarity in targets and distractors (Guest and Lamberts 2011), and the type of search being 

conducted (Treisman and Gelade 1980). As such, studying visual search is an essential tool to 

investigate attention distribution, cognition and perception.  

The eye-tracking technology is one of the most effective tools that are available for 

monitoring and analyzing a subject’s visual search. Yarbus (Yarbus 1967) demonstrates through a 

series of experiments that the subject’s attention is directed to the point where their eyes are 

focused. Hence, eye-tracking provides an objective measure of stimuli that receive attention during 

visual search activities by analyzing eye movements. It has found applications in aviation, 

medicine, transportation, and education (Steelman et al. 2011; Tien et al. 2014b).  An eye-tracker 

is a device that records and tracks the positions of the pupils, mapping the subject’s focus of 

attention on their field of view (gaze) (Duchowski 2002). The use of cameras to analyze the gaze 

behavior dates back to 1950 (Fitts et al. 1950). Since then, the eye-tracking technology has evolved 

and new tools (e.g., potable eye-trackers and wearable eye-tracking devices) have been developed, 

which enable eye motion studies in real-world environments. 

Visual search processes, such as hazard recognition, depend on hidden mental processes 

and stored tacit schemas that vary across individuals. These mental processes are largely 

inaccessible to trainers and often to workers themselves that are involved in the hazard recognition 

activity (Bojko 2013). The eye-tracking technology substantially enhances our ability to acquire 

and understand, otherwise inaccessible, cognitive processes using eye movement data.  

The two most common types of eye movements when viewing stimuli are fixations and 

saccades. A fixation is a period when the eyes are more or less still and the gaze is focused on a 
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single point in the visual environment. A saccade shows rapid movements between the fixations 

that take the eyes from one object of interest to the next. The visual information useful for 

perceptual and cognitive analysis of the scene is acquired during the fixations (Yarbus 1967), and 

under normal circumstances is not acquired during a saccade (Shepherd et al. 1986). How a user’s 

attention is distributed in a given region can be described by evaluating the spread of attention 

allocation, duration of fixations, number of fixations, and distribution of points of fixation. 

2.3 Computer Vision in Construction 

Computer vision has found a wide variety of applications in robotics (Bayro-Corrochano 

2010), medicine (Ayache 1995), surveillance (Jones et al. 2012), transportation (Coifman et al. 

1998), and many others. In construction, computer vision has drawn attention because of its 

applicability in automated and continuous monitoring of construction sites (Asadi and Kevin 2017; 

Han et al. 2015; Han and Golparvar-Fard 2017a). Computer vision techniques have several 

operational and technical advantages over other sensing techniques such as RFID, GPS, and UWB. 

It can provide the information related to one’s position and movement with limited sensory data 

(Brilakis et al. 2011; Shahandashti et al. 2011). Therefore, computer vision has been applied to 

various areas of construction such as progress monitoring (Golparvar-Fard et al. 2009) productivity 

analysis, defect detection, and automated documentation (Czerniawski et al. 2016; Golparvar-Fard 

et al. 2015; Gong and Caldas 2011; Han and Golparvar-Fard 2015, 2017a; b). Although its use has 

been limited in construction safety, computer vision has a huge potential to replace or augment the 

conventional field-based safety monitoring tools (Seo et al. 2015). The use of computer vision 

techniques in construction can be grouped into three categories:  
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2.3.1 3D Scene Reconstruction 

Reconstructing a scene involves mainly two steps: sparse (Snavely et al. 2006; 

“VisualSFM : A Visual Structure from Motion System” n.d.) and dense (Goesele et al. 2007) 

reconstruction. For the former step, features in a set of images are found (as known as feature 

detection) and corresponding features among the images are matched (also known as feature 

matching) (Lowe 2004). Then the camera poses and 3D points are estimated and optimized 

(Lourakis et al. 2004). Through this process, locations of objects (or any entity) and cameras within 

the scene can be estimated, which leads to various applications for construction (e.g., as-built 

visual data and as-planned BIM comparison for progress monitoring (Han et al. 2015; Han and 

Golparvar-Fard 2015)).  

2.3.2 Object Recognition 

Object recognition is about detecting a particular object of interest or types of objects (i.e., 

segmentation) from visual data (i.e., images, videos, and 3D point clouds). Object recognition has 

been used to detect construction equipment and workers on a construction site (Chi et al. 2009) 

which can be used to automate safety and productivity monitoring (Gheisari and Esmaeili 2017; 

Irizarry and Costa 2016). Du et al. (Du et al. 2011) demonstrated an automated system that uses 

images to detect whether or not a worker is wearing a hard hat. Similarly, studies have focused on 

detecting equipment and vehicles from images for a vision based monitoring system (Brilakis et 

al. 2011; Salah et al. 2017). Object detection and machine learning have also been used to compute 

blind spots for different construction equipment  (Ray and Teizer 2016), which helps in the 

progress towards intelligent and autonomous construction environments (Kuenzel et al. 2016). 
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2.3.3 Object Tracking 

Object tracking involves detection of project entities and tracking their movement within 

a construction site from 2D images and videos. For example, Chi et al. (Chi et al. 2009) 

demonstrated an image-based safety assessment system using automated spatial safety risk 

identification of earthmoving and surface mining activities.  Similarly, Teizer and Vela (Teizer 

and Vela 2009) and Park & Brilakis (Park and Brilakis 2016) developed a system to track personnel 

using video cameras.  Gong and Caldas (Gong and Caldas 2011) used object recognition, tracking, 

and contextual reasoning-based video interpretation to assist in productivity analysis of 

construction operations. 

3. OBJECTIVE AND POINT OF DEPARTURE 

The main objective of this study is to develop and test an automated system that records 

the gaze behavior of workers on a construction site and analyze it to determine their visual attention 

distribution and hazard detection performance. The key steps are: 

1) 3D reconstruction of construction site using walkthrough videos 

2) Localizing workers and their fixation points in a 3D point cloud using feature detection 

and matching 

3) Analyzing the gaze behaviors to determine attention distribution of workers, with respect 

to predefined hazards 

4) Compute various visual search metrics that define individual viewing patterns and hazard 

detectability, to be used for further analysis or feedback generation. 

This study represents the first effort to combine eye-tracking technology and computer 

vision techniques to develop and test a prototype system that automates and scales up eye-tracking 

data analysis to be used in personalized hazard recognition training. The study seeks to advance 
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theoretical and practical knowledge related to improving hazard recognition levels within 

construction and the use of computer vision techniques and eye-tracking technology to automate 

the analysis of eye tracking in real environments. The study also represents the first framework for 

real-world mapping of fixations when subjects are moving with respect to their visual 

environment. 

4. METHOD 

The experiment was completed in two phases as shown in figure 3.2 below. 

 

 

 Figure 3.2: Method overview 

 

4.1 Pre-processing Phase 

This phase consists of obtaining images of a construction site and creating a 3D point cloud 

using these images.  The objective is to pre-identify hazardous areas and annotate their locations 

on these initial set of images. These annotated areas serve as our Areas of Interest (AOIs).  The 

pre-processing phase consists of following steps. 
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4.1.1 Camera Calibration 

The camera calibration consists of estimating the parameters of the lens and the image 

sensor of a camera. The parameters used for calibration in this study consist of intrinsic parameters 

namely focal length (fx, fy), the principal point (cx, cy) and the radial distortion coefficient (r). These 

parameters are used to correct for lens distortion and determine the locations of the camera in the 

scene (Zisserman and Hartley 2003).  

4.1.2 Obtaining Initial Set of Images 

A walkthrough video of the site is obtained using the camera built in the eye-tracking 

glasses. Multiple trajectories are followed while shooting the video to ensure that objects are 

captured from different angles and distances. The extracted image frames serve as the initial set to 

be annotated and reconstructed as a 3D point cloud. 

4.1.3 SIFT Feature Extraction & 3D-Reconstruction 

The purpose of this step is to extract features, from the initial set of images that would be 

used to compute pairwise matching and subsequent computation of homography matrices. The 

features are detected and extracted from these images using Scale Invariant Feature Transform 

(SIFT) algorithm (Lowe 2004).  SIFT transforms an image into a large number of feature vectors. 

These feature vectors are invariant to translation, scaling, and rotation and partially to illumination 

changes and local geometric distortion. SIFT features are used to find corresponding matches 

between the images in the initial set. Using these matches,  Structure-from-Motion (SfM) (Wu 

2013) generates a sparse 3D point cloud of a scene. The corresponding features matches are also 

stored to be used in next step (also in the testing phase) for calculating the homography matrices. 

 

 



 

57 

 

4.1.4 Annotating AOIs 

In this step, the hazards of interest are identified by safety managers and annotated on the 

initial set of images as AOIs. The safety hazards are marked using rectangular bounding boxes. 

The bounding boxes are parameterized by 𝑋𝑚𝑖𝑛, 𝑌𝑚𝑖𝑛, 𝑋𝑚𝑎𝑥, and 𝑌𝑚𝑎𝑥, which define upper-left 

and lower-right corners of the bounding box. Annotating thousands of images manually is very 

cumbersome and impractical. Hence, the process of annotation is partially automated. The safety 

manager manually annotates (draws the bounding boxes) some images, where hazards are clearly 

and completely visible. At least one image per hazard needs to be manually annotated. After 

manual annotation, the locations of the bounding boxes can be computed in the rest of the images 

automatically using computer vision algorithms, as explained below. 

Since the images extracted from a video sequence, there is a large number of matching 

features or 2D to 2D correspondences (𝑥𝑖 → 𝑥𝑖
′ ) between the images.  Hence, if the bounding box 

is annotated in one image, the bounding box parameters could easily be calculated for the other 

neighboring images using affine transformation (Zisserman and Hartley 2003). For example, the 

two images (A and B) in figure 3.3 are from the same video sequence and differ from each other 

in scale and rotation. If we manually define the bounding box in image A in terms of 𝑋𝑚𝑖𝑛, 𝑌𝑚𝑖𝑛; 

and 𝑋𝑚𝑎𝑥, 𝑌𝑚𝑎𝑥, we can obtain the homography matrix H between the two images using the 

corresponding matches that are obtained in the previous step, using the following equation: 

𝒙𝒊
′ = 𝑯𝒙𝒊  Eq. (1) 

where 𝑥𝑖  =  [𝑥𝑖  𝑦𝑖  𝑤𝑖]𝑇and 𝑥′𝑖  =  [𝑥′𝑖  𝑦′𝑖  𝑤′𝑖]𝑇  are the point correspondences that are obtained through pairwise 

feature matching between two images. 

 
A dot product of H and [𝑥; 𝑦] would give the corresponding point [𝑥′; 𝑦′] in Image B.  

Hence, all bounding box parameters (𝑋𝑚𝑖𝑛, 𝑌𝑚𝑖𝑛, 𝑋𝑚𝑎𝑥, and 𝑌𝑚𝑎𝑥) can be calculated for Image B. 
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Figure 3.3: Bounding box computation using H Matrix 

 

Using this method, bounding boxes are required to be drawn manually only for a few 

keyframes and are calculated for all the neighboring images (of those keyframes) using an H 

matrices 

4.2 Testing Phase 

The objective of this phase is to collect the eye-tracking data while the subject moves 

around the construction site and to localize the subject and their gaze positions at regular time 

intervals using the model developed in the previous phase. Subsequently, we check whether the 

localized gaze position is within any of the predefined AOIs.  This is used to calculate how many 

times and for how long the subject fixates on each AOI. This data is ultimately used to determine 

subject’s attention distribution on the construction site and calculate the detection likelihood score 

for each AOI.  The testing phase consists of following steps. 

4.2.1 Data Collection 

Two types of data are collected in the testing phase: 1) the test images that represent first-

person view (FPV) of each subject, which is used to localize workers, and 2) the eye-tracking data 

that is used to compute the gaze positions of workers throughout their walkthrough, mapping their 

attention distribution. 

Image A Image B 
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4.2.1.1 Obtaining test images 

This step marks the beginning of the testing phase. Workers perform their daily tasks on a 

job site while wearing eye-tracking glasses. The eye-tracking device is equipped with a high 

definition scene camera mounted in front, that captures the subject’s field of view and records it 

as the FPV. (The same camera is used to obtain the walkthrough videos discussed in the pre-

processing phase.) The image frames are extracted from the recorded videos and serve as the test-

set images for each participant.  

4.2.1.2 Obtaining gaze location for each frame 

The eye movements are captured by the wearable eye-tracking glasses. It uses a technique 

called Corneal Reflection Technique (Morimoto and Mimica 2005) to obtain the centre and 

direction of eye gaze. This is accomplished using infrared illuminators that illuminate the pupils 

and sensors that read the reflected beams.  

4.2.2 Data Processing 

The data collected during the testing phase is processed to localize the workers and their 

gaze locations with respect to the locations of AOIs defined in the pre-processing phase. This is 

used to map a subject’s visual attention distribution and calculate the detection likelihood for 

different hazards. Figure 3.4 illustrates an overview of the data processing steps. 

 
Figure 3.4: Data processing for the computing detection likelihood score and attention 

distribution 
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4.2.2.1 Localizing workers  

This is one of the most critical steps in the entire process and is the most time-consuming. 

In this step, the test images are matched with the initial set of images to find the best match for 

each test image.  The test images are added to the point cloud (obtained in pre-processing phase) 

and SIFT features of the test images are extracted and matched with those of the initial set.  The 

objective of this step is to find, for each test image, a corresponding image from the initial set, 

which has maximum matching features with it. The known camera location of the matched initial-

set image gives us the approximate location of the subject at the time when the test image was 

taken. Since we have a continuous stream of the test images, we can obtain the worker’s locations 

every 0.04 seconds, if the video is recorded at 25 frames per second (fps). The following arrays 

are sequentially computed to localize the workers. 

Matches: An 𝑁 × 4  array stores the number of matching features for each match, where 

𝑁 is the product of the number of the images in the initial set and the number of the test images. 

Each match is given a unique id. As shown in table 3.1, the array stores the match id, initial-set 

image number, test image number, and the number of matching features between the two. 

Matched Points: “matched_pt” is a three-dimensional array that stores the coordinates of 

matched features for each match. The coordinates of corresponding points (matching features) for 

each match (indexed using match_id) are stored as x1, y1; x2, y2 for initial-set image and test image 

respectively. These points are used to calculate H matrix between matched images. 

Best Matches: For each test image, the corresponding image from the initial set is 

obtained that has the most number of matches with it. This is done by selecting the row from the 

matches array with the maximum number of matches for that test image. For example, in table 

3.1, the best match for test image #10003 is initial image #109 with 88 matched points. These 
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best matches are stored in an 𝑀 × 3  array named “best_matches” where 𝑀 is the number of test 

images.  

Table 3.1:  Excerpt from “Matches” array 

match_id num_matches initial_img_no test_img_no 

1 15 127 1003 

2 25 135 1003 

3 88 109 1003 

4 98 158 1004 

5 10 111 1004 

… … … … 

 
 

4.2.2.2 Obtaining gaze position for each frame 

After completing the previous step, we have, for each test image, the best corresponding 

image from the initial set. The objective of this step is to obtain the gaze position of a worker in 

each testing image and locate its position on the corresponding initial image, for which the AOIs 

are already defined.  The eye-tracking glasses are used to record subject’s eye motions to determine 

their gaze position at every instant. (e.g., A gaze position (𝑥, 𝑦)𝑡 is the location where the person’s 

gaze is focused at time 𝑡). The eye-tracking data stream contains gaze positions for a worker at 

every 0.01 seconds. Using the timestamps, the gaze positions corresponding to each test image are 

extracted and transformed to the coordinate system that was used to define the AOIs. 

4.2.2.3 Transforming gaze position  

From above two steps, we have a gaze position for each test image and from step 4.2.2.1, 

we have, for each test image, the corresponding image from the initial set, for which the AOIs are 

predefined. Hence, the final step is to check whether the gaze location is within any of the AOIs 

or not. If it is, we count the fixation for that AOI and measure the duration of fixation using 

timestamps.  However, before we do that, we need to do one final transformation. Although the 

matched images are the best matches, they are not the perfect matches. In other words, there are 
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scale, translation and rotational differences between the test image and its corresponding image 

from the initial set. Hence we need to compute the homography matrix (H) for each match and 

transform the gaze position in the test image (𝑥, 𝑦) to its corresponding point (𝑥′, 𝑦′) on the initial 

set and then check if (𝑥′, 𝑦′) is within any of the bounding box or not (see figure 3.5).  To compute 

H between two images, we use the matched features between the images as corresponding points 

and follow the same procedure that is described in section 4.1.4. 

4.2.2.4 Obtaining viewing pattern with respect to pre-identified hazards 

Once we obtain the transformed gaze position (𝑥′, 𝑦′), we check if it is within any of the 

predefined AOIs.  To recall, each AOI is defined as rectangular bounding box with bounding box 

parameters - 𝑋𝑚𝑖𝑛, 𝑌𝑚𝑖𝑛, 𝑋𝑚𝑎𝑥, and 𝑌𝑚𝑎𝑥 that define upper-left and lower-right corners. Hence, 

following condition is checked:  

𝑋` >  𝑋𝑚𝑖𝑛 𝑨𝑵𝑫 𝑥` <  𝑋𝑚𝑎𝑥  𝑨𝑵𝑫  𝑦` >  𝑌𝑚𝑖𝑛 𝑨𝑵𝑫 𝑦` <  𝑌𝑚𝑎𝑥  

If the condition is met, it means the gaze position is within the AOI defined by the bounding 

box at that time. For example, in figure 3.5 the condition will be met for the bounding box 

parameters of the blue AOI, indicating that the fixation point (x’, y’) is within blue AOI. 

Since the average fixation duration in a visual search process is about 180 - 275 ms (Rayner 

and Castelhano 2007), the conditions must remain true for at least six consecutive frames to be 

counted as a fixation (at 25 FPS, 6 frames ~ 240 ms). In that case, the fixation is counted for that 

particular AOI and the duration of that fixation is measured by calculating the difference between 

the first timestamp where the condition was met and the last timestamp before the check fails. 
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Figure 3.5: Localizing gaze position with respect to AOIs 

 

4.2.3 Data Analysis & Feedback Generation 

Finally, the feedback is prepared in two forms- the personalized feedback for the worker 

& feedback for safety managers regarding the hazards at the work site. 

4.2.3.1 The personalized feedback 

For each subject, the personalized feedback is generated with respect to their attention 

distribution. By calculating the number of fixations and duration of fixations, we can compute 

various metrics that define a person’s viewing pattern. These are: 

a) Dwell Time: The dwell time for each AOI is calculated as the sum of fixation durations on 

that AOI for each participant. The varying dwell times on different AOIs represent how 

participant’s visual attention was distributed over the scene.  Dwell time for jth AOI is 

computed as: 

𝐷𝑇𝑗  = ∑ (𝐸(𝑓𝑖𝑗) − 𝑆(𝑓𝑖𝑗))𝑛
𝑖=1  Eq. (2) 

 

Where; 𝐷𝑇𝑗  is the dwell time for jth AOI, E and S are the end time and start time for ith fixation (𝑓𝑖) on jth AOI 
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b) Fixation Counts (FC): It represents the number of distinct objects/areas where a participant 

has devoted their visual attention. The number of fixations is indicative of the importance 

or “noticeability” of objects/ areas (Fitts et al. 1950; Poole and Ball 2005) 

 

c) Fixation Time (FT): Fixation time is the time spent by each participant in fixating on 

different objects or areas. It represents the amount of visual attention paid by participants 

in a given scene. It is calculated as 

𝐹𝑇 = ∑ (𝐸(𝑓𝑖) − 𝑆(𝑓𝑖))𝑛
𝑖=1   Eq. (3) 

Where; E and S are the end time and start time for ith fixation (𝑓𝑖) 

 

d) Mean Fixation Duration (MFD): It is the sum of the durations of all fixations divided by 

the number of fixations (Bednarik and Tukiainen 2006; Busjahn et al. 2011). This metric 

represents time spent by the participants focusing on individual objects. It is calculated as 

 

𝑀𝐹𝐷 =  
𝐹𝑇

𝐹𝐶
  Eq. (4) 

e) Visual Attention Index (VAI): It indicates the proportion of the time that was spent in 

obtaining information from the scene (fixating on objects) relative to the time spent in 

saccades. As no valuable information is processed during saccades, a smaller ratio indicates 

that participants spend more time searching and less time processing and comprehending 

targets [69,70]. Visual Attention Index (VAI) is calculated as the ratio of fixation time to 

trial duration.   

𝑉𝐴𝐼 =  
𝐹𝑇

𝑇𝑟𝑖𝑎𝑙 𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛
 Eq. (5) 
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f) Ratio of On-Target: All-target Fixation Time (ROAFT): It is the sum of durations of 

fixation on AOI, divided by the total duration of all fixations for the scene (Area of 

Glance or AOG). This metric indicates the amount of visual attention devoted the hazards 

relative to the total attention devoted to the scene. 

It is computed as 

𝑅𝑂𝐴𝐹𝑇 =
∑ (𝐸(𝑓𝑖)−𝑆(𝑓𝑖))𝑖𝑛 𝐴𝑂𝐼𝑛

𝑖=1

∑ (𝐸(𝑓𝑗)−𝑆(𝑓𝑗))𝑛
𝑗=1  𝑖𝑛 𝐴𝑂𝐺

  Eq. (6) 

Where; E and S are the end time and start time for ith fixation (𝑓𝑖) in AOI and jth fixation in AOG in 

numerator and denominator respectively. i & j are the numbers of fixations in AOI and overall scene 

(AOG) respectively. 

 

4.2.3.2 Detection likelihood of hazards:  

In order for an object to be detected, it has to receive some visual attention.  However, not 

all objects in our field of view receive equal attention. While some objects are visually more 

attractive because of their physical appearance or contextual significance, others may not. Not 

surprisingly, the objects or areas that attract more attention are more likely to be detected. The 

detection likelihood score indicates the amount of attention attracted by a hazard and in turn 

reflects the likelihood of it being detected. The detection likelihood score for a hazard is calculated 

using equation 7. Higher the detection likelihood score, greater the chance of hazard being detected 

in the work zone. 

𝐷𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛 𝐿𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 𝑆𝑐𝑜𝑟𝑒 𝑆𝑗 =
∑   

𝐷𝑖𝑗

𝑇𝑖

𝑛
𝑖=0

𝑛
  Eq. (7) 

where Sj = detection likelihood score for jth hazard; 𝐷𝑖𝑗  is the dwell time for hazard j for participant i;  𝑇𝑖 =, Trial 

duration for participant i, n = total number of participants; and j = number of hazards.  
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5. EXPERIMENTAL SETUP 

The system was tested and validated with six participants in two different construction 

sites. The first test site was a portion of a road widening construction project in Raleigh, North 

Carolina (Site A).  The second site was central utility plant construction project, at North Carolina 

State University (Site B). They were chosen because of their different nature, which offered 

different visual environments for validating the system. The goal of the experiment was to 

automatically record and analyze the attention distribution of the participants with respect to the 

predefined hazards, while they move around the construction sites wearing eye-tracking glasses, 

and validating this data with manually obtained attention distribution metrics. 

5.1 Pre-processing Phase 

The method described in section 4.1 was followed in the following sequence 

5.1.1 Camera Calibration 

A wearable eye-tracking device, Tobii Glasses 2, has a high definition camera (see figure 

3.6) which was used to record videos that are processed during pre-processing and testing phases. 

A typical calibration board with the dimensions of 1330 mm × 931 mm and 133 mm squares was 

used. The results of the calibration are summarized in Table 3.2. The mean re-projection error 

(MRE) is the average distance between key points detected in an image and their corresponding 

points that are re-projected on the same image using the estimated camera parameters. 
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Figure 3.6: Components of Tobii Glasses 2  

 

Table 3.2: Calibration results 

fx fy cx cy r MRE 

1217.8  1198.3  987.51  624.1702 0.0182 0.5584 

 

5.1.2 Obtaining Initial Set of Images  

The selected portions of the sites were captured in a video recorded with 25 frames per 

second (fps) and 2 megapixel-resolution. The length of walkthrough videos for site A was for 102 

seconds and 2,512 frames were extracted.  For site B, 4562 image frames were extracted from a 

183 seconds walkthrough video. 

5.1.3 SIFT Feature & 3D Reconstruction  

Feature detection and matching and 3D reconstruction are performed using VisualSFM (Wu 2013). 

The pairwise matching was performed using NVIDIA 1080 GTX GPU and the correspondences 
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were stored to be used in the following step. The processing time was 23.5 hours and 41 hours for 

site A and B respectively. 

5.1.4 Annotating AOIs 

A safety expert panel of five members, with research and industry experience in the field 

of construction safety, pre-identified the hazards in two construction sites. The pre-identified 

hazards were manually annotated on 50 and 75 images for site A and B respectively, by two 

graduate researchers.  

For the purpose of this study, five hazards were selected on the construction site A and four 

hazards were selected for site B. The hazards are shown in figure 3.7a & 3.7b and the details for 

each hazard are listed in table 3.3. The AOIs represent the bounding box around a hazard or any 

other object that is of interest to researchers or safety managers. The AOIs selected here are only 

for the demonstration purposes to show how different metrics can be calculated. In the actual 

implementation of the system, there might be several AOIs, which might include non-hazards as 

well, if we want to analyze the attentional distribution with respect to such areas.  

 

Figure 3.7 (a): Predefined hazards in Site A 
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Figure 3.7 (b): Predefined hazards in Site B 

 

Table 3.3: Hazard descriptions 

Test 

Site 

Hazard id Description 

A 

Ha1 Trip hazard: The foot of Barrier (a steel bar) is bent up and 

unprotected.  

Ha2 Electrical hazard: Live and unprotected electric cables are without a 

proper conduit. 

Ha3 Trip hazard: A pipe is protruding out of the ground by at least 4 

inches.  

Ha4 Chemical hazard: An unmarked bucket containing some unknown 

chemical fluid is left open on site. The lid is missing. 

Ha5 Electric hazard: Electric junction box is live and active in the work 

zone.  

B 

Hb1 Pressure hazard: Compressed gas cylinder, inadequately restrained,  

is left in the work zone 

Hb2 Trip hazard: Unused hydraulic jack is lying on the floor 

Hb3 Mechanical/ Motion hazard: Forklift is in operation in the active 

work zone 

Hb4 Electrical hazard: Lot of open live electric wires are running while 

work is being carried out in the vicinity. 

 

These hazards were annotated using rectangular bounding boxes. The bounding boxes were 

calculated using the method described in 4.1.4 for the initial set of images and stored in a 4𝑀 ×  𝑁 
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array, where 𝑁 =  number of images and 𝑀 =  number of hazards. Table 3.4 shows a part of 

this array. For each of the bounding boxes, we have four columns storing𝑋𝑚𝑖𝑛, 𝑌𝑚𝑖𝑛, 𝑋𝑚𝑎𝑥, and 

𝑌𝑚𝑎𝑥  (‘-’ means that the AOI is not visible in that frame. )  

Table 3.4: AOI defined by four parameters of bounding boxes 

Image 

# 

AOI: Ha1 AOI: Ha2 … 

X1min Y1min X1max Y1max X2min Y2min X2max Y2max 

... 

001 5.32 2.85 5.32 2.85 - - - - 

002 4.37 3.38 4.37 3.38 4.37 3.38 4.37 3.38 

003 - - - - 2.18 1.25 2.18 1.25 

004 - - - - 5.32 2.85 5.32 2.85 

005 2.18 1.25 2.18 1.25 - - - - 

 

5.2 Testing Phase: 

5.2.1 Data Collection 

Three participants were asked to move within each construction site while wearing a pair of Tobii 

glasses 2, which recorded their walkthrough videos in FPV. The recording started when they 

entered the construction site and ended when they completed the walkthrough. The image frames 

from the recorded videos were used as the test images. table 3.5 summarizes the data collected for 

the participants. 
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Table 3.5: Data Collected for each participant 

Test 

Site 

Participant Occupation Past 

Safety 

Training 

Calibration 

Time 

Trial 

Duration 

No. of Image 

frames 

collected 

A 

Participant 

_A1 

Student Yes 11 Sec 14.51 Sec 363 

Participant 

_A2 

Construction 

Professional 

Yes 9 Sec 18.25 Sec 456 

Participant 

_A3 

Student No 12 Sec 14.01 Sec 351 

B 

      

Participant 

_B1 

Student Yes 10 Sec 49 Sec 1244 

Participant 

_B2 

Student No 7 Sec 40 Sec 1001 

 Participant 

_B3 

Student No 8 Sec 42 Sec 1062 

 

The eye movements were captured using Tobii Glasses 2 equipped with a binocular eye-

tracking device with the sampling rate of 100 Hz, the visual angle of 82° horizontal & 52° vertical, 

and the field of view of 90°. The data is stored in the recording unit that is connected to the glasses 

via an HDMI connection.  

The raw data was exported in a JavaScript Object Notation (JSON) file (see figure 3.8) that 

contains data rows for pupil center (pc), pupil diameter (pd), gaze position in 2D (gp) and 3D 

(gp3), and gaze direction (gd). Each JSON row consists of a timestamp (ts) that allows us to sync 

our data and a flag variable s that flags “(i.e., s= 1) if there is any error during recording, in which 

case the corresponding row for that timestamp is rejected.  
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Figure 3.8: Excerpt from the exported raw data from eye-tracking 

 

5.2.2 Data Processing 

The SIFT features were extracted from test images using VisualSFM. The processing times using 

Nvidia 1080 GPU were as follows: 

 

Table 3.6: Processing times for feature extraction and matching 

 

Test 

Site 

Participant Video Length 

(in Sec) 

No. Of 

Image 

frames 

Processing 

Time 

(in hours) 

A 

Participant _A1 14.5 363 

37.5 Participant _A2 18.25 456 

Participant _A3 14.01 351 

 

B 

    

Participant _B1 49 1244 

79.5 Participant _B2 40 1001 

 Participant _B3 42 1062 

 

Using these features, corresponding matches were obtained between each of the test images 

and the initial set of images. These matches were processed to find the best match for each test 

image. Figure 3.9 shows an excerpt of the text file from VisualSFM (Wu 2013) and the types of 

information that is used in this study.  
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Figure 3.9: Excerpt from exported matches 

 

This text file was processed to formulate matches, matched_pt, and best_matches that are 

described in section 4.2.2.1 to localize the participants. 

JSON files, as illustrated in section 5.2.1.2, are parsed and the data rows containing gp are 

extracted. “gp” is a point on the image plane where the gaze is projected. Using the timestamps, 

the data was synced with the frame rate of walkthrough videos and gaze_pos for each test image 

(i.e., for each frame of walkthrough video) was extracted. 

5.2.3  Data Analysis & Feedback Generation 

5.2.3.1 The personalized feedback 

The number of fixations and the duration of each fixation was computed using the 

procedure detailed in 4.2.4. Based on this, various visual search metrics that define participant’s 

viewing pattern were computed as described in 4.2.5. Table 3.7 shows the metrics calculated for 

each participant. 
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Table 3.7: Visual search metrics computed by the system based on fixations 

 
Test 

Site 

Part_id Trial 

Duration 

(ms) 

DT1 

(ms) 

DT2 

(ms) 

DT3 

(ms) 

DT4 

(ms) 

DT5 

(ms) 

FC FT 

(ms) 

MFD VAI ROAFT 

A P_A1 14510 684 0 0 1650 0 28 6993 249.7 0.48 0.333 

A P_A2 18250 900 235 257 1148 1270 33 8212 248.8 0.45 0.464 

A P_A3 14010 489 0 720 1723 987 23 5744 249.7 0.41 0.682 

B P_B1 49381 1295 1806 2600 2072 - 97 25237 259.1 0.51 0.308 

B P_B2 40022 1494 1250 1764 0 - 88 22008 250.7 0.55 0.205 

B P_B3 42210 0 1008 2072 1012 - 80 20856 260.5 0.49 0.196 

 

The results indicate that participant A1 spent 14.51 seconds searching for hazards before 

terminating his search, and noticed only H1 (the trip hazard) and H4 (the chemical in a bucket). 

He did not pay attention (dwell time = 0) to electrical hazards (H2 and H5) and another trip hazard 

(H3). The participant focussed on 28 distinct objects/areas and spent 48.2 % of search duration in 

fixating on objects (see VAI) with a mean fixation duration (MFD) of 249 ms. Relative to non-

hazards, participant A1 spent 33% of his fixation time on AOIs (see ROAFT).  These metrics 

provide useful information about the visual search pattern of this participant. For example, the 

results show that out of 14510 ms of search duration, participant spent only 6993ms (FT) on 

obtaining information from the scene, that is, more than half of the time was spent on searching 

(or in saccades) during which no any meaningful visual information was obtained or processed. 

The results also indicate that this participant focused only on primary work zone and consequently 

remained unaware of safety hazards that were in the surrounding area (H2 and H4). 

Comparatively, participant A3 focused on all hazards and spent 51% of his search time on 

fixations or in obtaining and processing visual information. The ROAFT of 0.682 suggests a high 

level of accuracy in visual search with 68% of his fixation time being on target. Compared to this, 

participant B3 had only 19% on target fixations and had the highest mean fixation duration (MFD) 

of 260ms. The higher mean fixation duration is often associated with confusion and difficulty in 



 

75 

 

obtaining information, which could be one of the reasons for low accuracy in his visual search. 

Similar feedback is generated for other participants as well which provides more insight into their 

search behaviors and can be used for personalized training.  

5.2.3.2 Detection Likelihood of Hazards 

The detection likelihood score was calculated for each pre-identified hazards in test sites 

A & B using equation 7. The results are as follows 

Table 3.8: Detection likelihood of hazards obtained from the system 

Test 

Site 

  AOI Fixation 

Count 

Total Dwell 

time (ms) 

Detection likelihood 

Score 

A 

  Ha1 8 2073 0.043 

  Ha2 1 235 0.004 

  Ha3 4 970 0.021 

  Ha4 17 4521 0.100 

  Ha5 8 2257 0.046 

       

B 

  Hb1 11 

16 

25 

1 

2789 0.063 

  Hb2 16 1354 0.091 

  Hb3 25 6436 0.145 

  Hb4 12 3084 0.066 

 

Table 3.8 compares the visual attention attracted by different hazards. For example, Ha4, 

the bucket containing chemicals, was fixated 17 times by three participants with the total dwell 

time of 4521 ms.   Compared to that, hazard Ha2 (electric cables) attracted attention for less than 

0.04% of the search duration on average. Similarly, in site B, Hb3 (forklift) attracted most of the 

attention whereas Hb1 (compressed gas cylinder) attracted the least attention. This suggests that 

hazards related to the chemical bucket in site A and forklift in site B are more likely to be 

recognized by future workers and hazards related to electric cables in site A and compressed gas 

cylinder in site B are more likely to be missed by the workers. 
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6.0 VALIDATION 

Finally, the system was validated on two fronts- 1) accuracy of visual attention distribution 

obtained from the system and 2) applicability of the detection likelihood score in predicting the 

detectability of hazards. Since all metrics are derived from number and duration of fixations, to 

validate the system, the dwell times calculated by the system, (sum of all fixation durations on an 

AOI) were compared with the manually calculated dwell times for all AOIs.  

To validate the detection likelihood score, post-experimental interviews were used to 

compute the actual recognition score of each hazard, which was compared with the detection 

likelihood score obtained from the system. The results are as follows. 

6.1 Attention Distribution of Participants 

Table 3.5 above shows the dwell times obtained from the system for six participants.  To 

validate the results, the dwell times were manually computed and compared with the dwell times 

obtained from the system. The live video recorded using Tobii’s API, overlays participants’ point 

of fixation on their FPV (see figure 3.10). Since the videos were recorded at 25 fps, each frame 

corresponds to a 40 ms duration.  As mentioned in Section 5.2.2.4, the fixation duration during a 

visual search is about 240ms. Hence, gaze fixated at the same location for a set of consecutive six 

frames was accepted as one fixation. The fixation count for each AOI (number of fixations within 

AOI) was obtained by manually counting the number of sets where fixation was within AOI for 

six consecutive frames.  
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Figure 3.10: Video frame of FPV with fixation overlay recorded using Tobii’s recording 

software 

 

To calculate the dwell time for each hazard for a subject, the fixation count for that hazard 

was multiplied by the mean fixation duration for that subject.  The mean fixation duration was 

obtained from the raw data exported using Tobii’s API.   

𝐷𝑖𝑗 = 𝐹𝐶𝑖𝑗  𝑋 𝑀𝐹𝐷𝑖  Eq. (7) 

Where  𝐷𝑖𝑗  is the Dwell time (in ms) for hazard j for subject i;  

𝐹𝐶𝑖𝑗 is the fixation count for hazard j for subject i = number of sets where fixation is within Hj for 

6 consecutive frames; 

𝑀𝐹𝐷𝑖  is the mean fixation duration (in ms) for subject i. 

 

Table 3.9 below shows the dwell times calculated manually.  

Table 3.9: Dwell times on AOIs calculated manually 

 

Participant 

(i) MFD 
H1 H2 H3 H4 H5 

FC  D FC D  FC D  FC D  FC  D  

A1 235 2 470 0 0 0 0 6 1410 0 0 

A2 248 3 744 1 248 1 248 4 992 4 992 

A3 242 1 242 0 0 2 484 6 1452 3 726 

            

B1 259.1 4 1036 7 1813.7 11 2850 9 2331 - - 

B2 250.7 7 1754 6 1504.2 6 1504 0 0 - - 

B3 260.5 1 260 4 1042 9 2344 4 1042  - -  

 

The dwell times calculated manually are compared with the dwell times obtained from 

the system (as shown in Figure 3.11). The deviation ranges from 91 ms to 203 ms. 
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Figure 3.11: Comparison of dwell times: System vs Manual 

6.2 Detection Likelihood of Hazards 

To validate the applicability of detection likelihood score, participants were asked to report 

the hazards they recognized in the test site after the experiment. The post-experimental interview 

revealed that in test site 1, one of the three participants recognized Ha1 and Ha5. Ha4 was 

identified by all three participants whereas none of the participants identified Ha2 and Ha3. In test 
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site 2, all three participants recognized Hb3, two recognized Hb2 correctly and Hb1 & Hb2 were 

recognized by only one participant.  

Based on this, the recognition score (Ri) was calculated for each hazard as  

 

𝑅𝑖 =
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑛𝑡𝑠 𝑟𝑒𝑐𝑜𝑔𝑛𝑖𝑧𝑖𝑛𝑔 𝐻𝑎𝑧𝑎𝑟𝑑 (𝑖)

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑎𝑟𝑡𝑖𝑝𝑎𝑛𝑡𝑠
  Eq. (8) 

Figure 3.12 below shows the comparison of detection likelihood scores obtained from the 

system (section 5.2.3.2) and recognition scores computed manually using equation 8 above. As it 

can be seen from the figure, the variation in the detection likelihood scores is highly correlated 

with the variation in hazard recognition. 

  

Figure 3.12: Detection likelihood score obtained from system V/s Actual recognition score 

7. STUDY IMPLICATIONS  

The recorded viewing behavior and attention distribution can be used to provide 

personalized and focused feedback to the workers and help them understand their deficiencies. For 

example, participant A1 failed to recognize all electrical hazards.  Moreover, he detected hazards 

in the primary work area but failed to notice hazards that were relevant, but outside the current 
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work area. The focused feedback can help this participant understand his specific deficiencies and 

shortcomings that need to be overcome to improve his hazard recognition performance.  

The use of computer vision technique has helped to automate the analysis of eye-tracking 

data, which enables us to analyze the viewing behavior of workers on a much larger scale.  

Studying viewing behavior of a large number of workers will help us understand the common 

patterns in the attention distribution.  This information can be useful in designing efficient safety 

measures and training. Furthermore, the large data can also help us understand the relationship 

between viewing behavior and hazard recognition. In other words, comparing visual attention of 

workers who detect more hazards with workers who detect fewer hazards will help us understand 

what constitutes a “good hazard search”. This will be very helpful in designing training strategies 

that will help improve hazard recognition performance of workers by improving their hazard 

search. 

Moreover, the detection likelihood score of various hazards can help us predict the hazards 

that are more likely to be missed on a construction site and the hazards that have a high probability 

of being detected. For example, Figure 3.13 shows the detection likelihood score of different 

hazards in test site A. As the figure suggests, the electrical cables under the pole are most likely to 

be ignored. Hence, we might need to take some extra precautions to make sure workers are aware 

of its presence.  

 

Figure 3.13: Detection likelihood score of different hazards 
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8. LIMITATIONS & FUTURE WORKS 

While this study paves a way for combining the use of eye-tracking and computer vision 

in construction safety, it had certain limitations. Due to the small test sites, the trial durations are 

much shorter than what workers would have in a real construction site. The test sites were kept 

small to limit the number of image frames for reconstruction and testing. A 15-second trial 

produces about 375 images that are matched, pairwise, with 2512 and 4500 initial- set images for 

test sites A and B respectively. The processing times for this pairwise matching was more than 20 

hours and 45 hours for test sites A & B respectively, despite the use of GPUs. One possible solution 

could have been limiting the number of image frames by downsampling the frame extraction (that 

is extracting one representative frame for every 5-6 video frames). However, that would increase 

the chance of miss-identifying shorter fixations as saccades and result in the incorrect mapping of 

attention distribution; therefore, it is not recommended. In future, the processing times can be 

significantly reduced by customizing pair-wise matching to selectively match images from initial 

set to test set and avoid the same set- matching that is unnecessary for our method. Further, 

implementing Simultaneous Localization and Mapping (SLAM) would not only improve the 

processing times but could also make the process real-time.  

9.  CONCLUSIONS 

The study represents the first research effort to automate the analysis of eye-tracking data 

for safety training and safety design purposes. The proposed system tracks workers’ gaze position 

using wearable eye-tracking glasses and uses this eye-tracking data to map workers attention 

distribution. This is subsequently used to generate personalized feedback for training.  The system 

uses various techniques like SfM for 3D reconstruction and SIFT feature mapping for localizing 

workers and their gaze position. The system also generates data to measure the likelihood of 
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detection of different hazards.  The detection likelihood scores of different hazards (or areas on 

construction site) can help us design safety measures and enhance our safety training. The results 

of the study would be of interest to practicing professionals who are interested in adopting eye-

tracking in training targeted to improve hazard recognition performance. The study also paves way 

for future efforts in combining computer vision techniques and eye-tracking in construction safety. 
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Chapter 4: Development of Virtual Reality and Stereo-panoramic 

Environments for Construction Safety Training 

 

 

ABSTRACT 

Past research has demonstrated that workers and construction professionals are generally not 

proficient in recognizing and managing safety hazards. Although valuable, traditional training 

experiences have not sufficiently addressed the issue of poor hazard recognition and management 

in construction. One of the most significant limitations of such programs is the lack of skill 

assessment and effective feedback, which is fundamental to learning. Since hazard recognition and 

management are cognitive skills that depend on attention, visual examination and decision-

making, performance assessment and feedback in an environment that is realistic and 

representative of actual working conditions are important. Therefore, this paper demonstrates the 

development of a robust, realistic and immersive environment to deliver the personalized safety-

training program. This study combines the benefits of using a virtual environment and realistic 

environments created using stereo 360° videos for providing training, assessing performance, and 

generating feedback. The training strategy is experimentally tested with 53 participants and the 

results present a 39% improvement in hazard recognition and a 41% improvement in hazard 

management performance.  

Keywords: Construction Safety, Safety Training, Hazard Recognition, Personalized Training, 

Virtual Reality, Stereo Panoramic Environment 
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1. INTRODUCTION 

The US Bureau of Labor Statistics (Bureau of Labor Statistics 2017) reported over 900 fatal and 

200,000 non-fatal injuries in construction in 2016. Worldwide, 60,000 fatal injuries are reported 

in construction every year, which translates to one in every nine minutes (Lingard 2013b). Despite 

a 37% decrease since 2006, the fatality rate in construction is still the highest among US industries 

and accounts for more than 20% of all occupational fatalities in the country (BLS 2016).  Unlike 

other industries, construction operations are generally carried out in temporary, dynamic, and 

rapidly changing settings. Since the elimination of all workplace hazards is not always possible, 

safety management becomes particularly important. Accordingly, (1) hazards need to be first 

detected and recognized and (2) efficient hazard management strategies need to be put in place to 

avoid outcomes that may result in accidents or injuries. Unfortunately, research has indicated that 

several hazards remain unrecognized or poorly managed in construction workplaces, which can 

cause undesirable accidents (Namian et al. 2016a). In fact, studies from around the world (Albert 

and Hallowell 2012; Bahn 2013; Carter and Smith 2006; Jeelani et al. 2017a) have reported that 

about 50% of hazards remain unrecognized in construction work environments. Since no 

countermeasures are taken against such unrecognized hazards, workers are often exposed to 

unanticipated safety risk.  

1.1 Limitations of the Current State of Practice  

To improve safety performance, several training programs have been developed for 

workers and construction professionals. Although valuable, they have not completely addressed 

the issue of poor safety performance in construction (Haslam et al. 2005; Perlman et al. 2014).  

The failure of training efforts to achieve the optimal outcome can largely be attributed to the 

adoption of poor training practices and delivery methods (Demirkesen and Arditi 2015). Most of 
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the traditional training methods involve passive lecture-based (or videos/demonstrations) 

knowledge transfer, where sufficient worker engagement is not achieved (Namian et al. 2016b). 

Such unengaging training practices do not sufficiently capture the interest of trainees (Burke et al. 

2006; Haslam et al. 2005) and fail to foster learning, which is essential for effective training. In 

fact, Haslam et al. (Haslam et al. 2005) argued that the use of unengaging training methods can 

instil negative attitudes among workers to safety issues, which can result in poor safety 

performance. Moreover, most traditional training programs adopt a one-size-fits-all approach, 

where the same instructional training is provided to all workers irrespective of individual learning 

needs and weaknesses.  

1.2 Potential Solution and Challenges 

To improve training effectiveness, recent efforts (Jeelani et al. 2017a, 2018a) have focused 

on personalizing training solutions where the learning needs of particular trainees are assessed and 

training experiences are customized accordingly to maximize training outcomes. The first step in 

such training strategies is to assess the performance of trainees to identify their strengths and 

weaknesses, which is necessary to provide them with targeted and personalized feedback.  The 

ideal approach would be to assess performance and provide training in real environments that 

allows trainees to witness real hazards. For example, Wilkins (Wilkins 2011) suggested that ‘there 

may be a case for delivering less training in an artificial classroom environment and more in the 

workplace, where the practical ramifications of a failure to adhere to safety regulations are more 

immediately apparent’ (p. 1023).  However, it is dangerous to conduct hazard management 

training in actual construction environments where trainees are exposed to real hazards.  This issue 

is not unique to construction but quite common in fields that have complex and dynamic 
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environments where a crisis can occur unexpectedly and put human life at risk (Lele 2013; Rizzo 

et al. 2005). 

To improve training experiences, past efforts have used photographs and videos to capture 

the performance of the trainees (Albert et al. 2014b; Jeelani et al. 2017a). Although beneficial, the 

two-dimensional images or videos offer only a single perspective view to the trainees without the 

flexibility of moving around and observing the scene as they would in real construction 

workplaces. Hence, a lot of information that trainees can retrieve while viewing a real scene, are 

not available to them during these training experiences, creating a disconnect between the training 

environment and the real work environment.  Therefore, the performance of trainees during 

training may not be a true representation of their performance in real construction environments. 

This may result in an inaccurate assessment of their learning needs, which is fundamental to 

effective feedback.  

Although virtual environments are often used for such scenarios, developing highly 

realistic virtual construction environments is time-consuming and costly with the current 

technology. Hence, virtual environments used in construction training often have to trade off 

fidelity for cost and time. This results in the development of overly simplistic virtual environments 

that may be very different from true construction operations (E.g., Figure 4.1). Although such 

models are beneficial in providing instructional training, they are generally ineffective in assessing 

the performance of the trainees.    



 

87 

 

 

Figure 4.1: Typical Virtual Training Environment (left) & Real Construction Site 

Environment (right) 
 

1.3 Point of Departure and Objective 

To observe performance that reflects the real world performance, it is important for trainees to feel 

an emotional and cognitive presence in a virtual environment (Mantovani and Castelnuovo 2003). 

Most of the current VR training environments, which are built using virtual elements (Hadikusumo 

and Rowlinson 2002; Li et al. 2018; Park and Kim 2013; Sacks et al. 2013), cannot provide a high 

degree of realism that is needed for accurate performance assessment. To overcome this limitation, 

Jeelani et al. (Jeelani et al. 2017c) demonstrated the development of immersive and realistic virtual 

environments using 360o videos that are captured from real construction sites. This was followed 

by several similar training efforts (Eiris et al. 2018; Pham et al. 2018b; a).  

This research builds on the initial effort by Jeelani et al. (Jeelani et al. 2017c).  The 

objectives were to design and evaluate a personalized safety training protocol delivered using a 

robust, realistic, and immersive environment. Unlike earlier works (Eiris et al. 2018; Pham et al. 

2018b; a),  this study examines and demonstrates the use of stereo 360° videos (captured from real 

sites) in combination with virtual elements to develop immersive stereo panoramic environments 

- for delivering personalized safety training. A stereo panoramic environment is a virtual 

environment that provides users with a dynamic 360o view of a real construction site in 3D. This 

provides more immersion and a higher degree of realism, helping trainees to feel an emotional and 
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cognitive presence in the scene. Different training elements (i.e., visual cues, personalized 

feedback, accident simulations, hazard management training, virtual site walkthrough, etc.) were 

identified and implemented in the training strategy to target the hazard identification, risk 

assessment, and hazard management skills of construction professionals. The developed training 

strategy was empirically tested and its effectiveness in improving the hazard recognition and 

management skills of trainees was measured using before-after experimental studies.  

This study goes beyond the current VR training methods (including panoramic AR) in the 

following ways: 

1) This study combines the benefits of using a virtual environment for providing instructional 

training along with realistic environments (stereo panoramic scenes) for performance 

assessment and feedback. 

2) The training protocol includes several new and innovative training elements (i.e. accident 

simulations, guided hazard management sessions, virtual walkthroughs etc.) that are 

designed to improve the hazard recognition and hazard management abilities of the 

trainees. 

3) The effectiveness of training in improving hazard recognition and hazard management is 

measured using specific outcome variables.   

4) This study introduces the use of accident simulations for providing a realistic, yet safe 

experience to trainees, which can help improve risk perception levels. 

5) Unlike earlier studies, which use monocular 360° cameras (1 lens per direction), the 

scenes in this study are developed using stereo (2 lens per direction) 360° motion 

cameras, which not only capture the dynamic and audio-visual 360° views of a 

construction site but also the depth information, which is important for the 3D 
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experience. This greatly improves realism that is necessary for accurate performance 

assessment. 

2. BACKGROUND 

2.1 Personalized Training 

Different learners have different learning needs; hence, it is important to provide them with 

learning content and learning experiences in accordance with their individual needs (Cretu and 

Negovan 2012; Hou et al. 2017). Personalization of instruction and learning takes into account an 

individual trainee’s characteristics and needs, and flexible instructional approaches are adopted to 

customize the learning experience (Bautista 2012). Personalized training solutions are customized 

training programs that are tailored to the needs of individual trainees or learners (Dorobat et al. 

2010).  

Researchers in the fields of educational psychology and vocational training have strongly 

advocated personalization of training experiences over traditional instruction (Austin 2000; 

Bautista 2012; Cretu and Negovan 2012; Dorobat et al. 2010). However, personalization of safety 

training in construction has largely been an unexplored area, especially in the area of leveraging 

VR technology to analyze individual behaviors of human workers and professionals. In fact, a 

recent study (Jeelani et al. 2017a), developed and tested the first personalized hazard recognition 

training strategy for construction workers.  

2.2 Significance of Immersion & Realism for Training Outcome 

The sense of presence plays an important role in training effects (Slater and Steed 2000). 

A trainee should feel emotionally and cognitively present in the simulated environment 

(Mantovani and Castelnuovo 2003) in order for their performance to be reflective of the real 

performance. This is achieved by suspending disbelief by providing an immersive set up that offers 
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a first-person experience to the trainees (Romano and Brna 2001). The imagery must occupy the 

trainee’s entire field of vision to provide an immersive experience (Psotka 1995). This can be 

achieved by using head-mounted displays (HMD) that present the scene on small screens placed 

near the eyes of the viewer. We can also use Cave Automatic Virtual Environments (CAVE), 

which present the scene on three or more large projection screens that surround the trainee (Brooks 

1999). The Key features of immersive environments include 1) three-dimensional imaging, 2) the 

ability to interact actively with the virtual environment, and 3) visual and auditory feedback 

(Mantovani and Castelnuovo 2003). These features give the user a feeling of being part of the 

simulated environment and experiencing it firsthand. 

The immersive virtual environments have predominantly been used for training in domains 

such as aviation, defense and medicine.  Flight simulators have been used for a long time to train 

pilots without putting them in any actual risk (Baarspul 1990; Hays et al. 1992). Medical research 

and education have pioneered the use of virtual environments for training professionals without 

risking the lives of actual patients. These efforts have predominantly focused on robotic surgery, 

colonoscopy and arthroscopy simulators (Ayache 1995; Powers and Emmelkamp 2008; Riener 

and Harders 2012; Robitaille et al. 2017; Satava 1997). For defense applications, immersive 

environments have been used to train the military personnel without subjecting them to any actual 

risk (Lele 2013; Livingston et al. 2019; Rizzo et al. 2005; Satava 1997).  Researchers are merging 

VR with other simulation methods to provide maximum realism in training for complex situations 

that are difficult to replicate in practice. For example, (Lee et al. 2007) demonstrated an immersive 

virtual environment where disaster response teams are trained in a realistic environment as 

experienced in the real scenario.  
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2.3 Virtual Reality (VR) for Construction Safety Training 

The use of VR in safety training is gaining popularity in construction. In the domain of 

construction safety, several applications have been developed for hazard identification for 

designers, site workers with different trades, students, safety managers, and others. These include 

Design-for-Safety-Process (DFSP) system (Hadikusumo and Rowlinson 2002), System for 

Augmented Virtuality Environments (SAVEs) (Albert et al. 2014a), Cave Automatic Virtual 

Environments (CAVEs) (Perlman et al. 2014), Visualized Safety Management System (VSMS) 

(Park and Kim 2013), and others. In their study, Lin et al. (Lin et al. 2011)  concluded that VR/AR 

motivates learning and supports skill development. Similarly, Le et al. (Le et al. 2015) proposed 

an online social VR system framework that includes role-playing, dialogic learning, and social 

interaction for construction safety and health education. VR has also been used in safety 

inspections. For example by Yeh et al. (Yeh et al. 2012) developed a system that allows inspectors 

to automatically retrieve the related safety information relevant to any location at the site in an AR 

display.  While these training programs have their advantages, most of VR training environments 

developed in these studies are built using virtual elements and cannot provide a high degree of 

realism that is needed for accurate performance assessment. To overcome this limitation, a recent 

effort (Jeelani et al. 2017c), proposed the use of 360° images to develop immersive environments 

that offered better realism. While virtual environments built using 360° panoramas offers more 

realism and are better for performance assessment, such environments are not as effective as virtual 

environments ( which can be fully customized) for providing instructional training.  The current 

study combines the benefits of the two (360° imagery and virtual elements) and enhances the 

environment used previously (Jeelani et al. 2017c) by using stereo panoramic videos to capture 
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the dynamic nature of construction sites and combining several new training elements aimed to 

improve the hazard recognition and management skills of construction professionals.  

3. ENVIRONMENT DEVELOPMENT 

Two types of virtual environments were developed in this study as discussed below. Stereo 

panoramic environments were constructed using 3D 360◦ videos captured from real construction 

sites as detailed in Section 3.1.  These were used to evaluate the performance of trainees accurately 

and for proving personalized feedback during training.  

Apart from this, a virtual construction site was also constructed using 3D Computer Aided 

Design (CAD) models of construction buildings, which were enhanced by adding various virtual 

elements and dynamic audio-visual effects, as explained in Section 3.2. This was used to deliver 

various elements of instructional training explained in more detail in Section 4.2. 

Figure 4.2 presents two types of training environments that were developed in this study.   

 

Figure 4.2: Development of Immersive Training Environments 
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3.1 Stereo Panoramic Environments for Assessing Performance 

Construction activities were recorded at two active construction sites using a stereo-360°-

camera rig. The camera consisted of eight HD cameras (two in each direction) and a microphone 

that capture stereo-360° views with background audio.  These videos in the fisheye format were 

first decoded in over-under equirectangular (or stereo-equirectangular) videos preserving the depth 

information. An over-under (also known as top-bottom or above-below) image is a common 

format for stereo images where a pair of images of the same scene is captured by two lenses of a 

stereo camera and placed one over the other, thus capturing the depth information. An 

equirectangular image is a format used to store panoramic imagery where a spherical 360o image 

is distorted into a flat rectangular image. In this study, the two panoramic videos (and images) 

from two sets of lenses were placed in over-under format after converting them into 

equirectangular videos-hence the term stereo-equirectangular.  

These stereo-equirectangular videos were then rendered using the game engine- Unity 3D 

(Unity® 2017) as a dynamic 360o environment rendered separately for each eye, which gives the 

stereoscopic or 3D effect to the scene. Stereoscopic depth perception results from our brain 

comparing small shifts of position, called discrepancies, between the left and right eye imagery. A 

first-person character was added to the unity scenes, which enabled trainees to navigate the scene 

as they would on a real construction site. A screenshot of one of such unity scenes is shown in 

Figure 4.3 as an example.  
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Figure 4.3: Stereo Panoramic Scene for Performance Assessment 

 

For this study, eight such scenes were constructed. Four scenes represented indoor 

construction environments comprising of several types of machinery, pressurized pipelines, 

electrical systems, medium-sized mobile equipment such as forklifts, and general construction 

debris. The remaining four represented typical outdoor construction environments consisting of 

material stockpiles, large equipment such as excavators and power generators, under-construction 

work, temporary structures, office trailers, etc. These eight scenes were carefully chosen from a 

pool of 13 stereo-panoramic videos captured from two construction sites. The criteria for choosing 

the scenes was to include a diverse set of hazards while also depicting realistic construction 

scenarios. For example, the scenes include common safety hazards that account for a 

disproportionate number of injuries that include falls, trips, struck-by, caught-in/between, and 

electrical incidents. 

Figure 4.4 shows image frames from these eight scenes.



 

95 

 

 

Figure 4.4: Image Frames from Some of the Training Scenes
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To evaluate the scenes, four construction experts were asked to pre-identify safety hazards in each 

scene and for each identified hazard, provide a strategy to manage or control that hazard. This 

information was used later to provide feedback (Section 4.2.1) and evaluate the performance of 

trainees as described in more detail in Section 5.2. 

3.2 Virtual Environment for Delivering Training  

A virtual construction site was built using 3D-CAD models of construction projects. These 

models were exported to Unity in film box (fbx) format and various virtual elements (i.e., 

construction equipment, temporary structures, tools, debris etc.) were added to enhance the models 

and to depict a real construction site. Finally, several effects (i.e., equipment motion, falling 

objects, background sound, dust, etc.) were added to the virtual site to increase realism. The virtual 

construction site comprised of five under-construction buildings with multiple tasks in progress, 

such as plumbing, electrical, and outdoor site work. This provided multiple indoor and outdoor 

settings that were needed for the training. Figure 4.5 shows some of the snapshots of the virtual 

construction site. The trainees explored this site and experienced different accident simulations, 

which were created using the Unity game engine. The simulations were designed such that a trainee 

could either witness an accident from a very close range view or experience a close-call (also 

referred as a near miss) (OSHA 2018). This is explained in more detail in Section 4.2.3. 
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Figure 4.5: Snapshots from the Virtual Construction Site 
 

3.3. Approach for Delivery 

Harders et al. (Riener and Harders 2012) argue that a training environment should feel real 

to the trainees, especially if actions involve decision-making that could lead to negative 

consequences in the real world.  To achieve such realism, it is important to immerse the trainees 

completely in the learning environment where irrelevant stimuli that are not part of the training 

experience are not in the field of view. While both head-mounted displays (HMD or commonly 

referred to as VR headsets) and Cave Automatic Virtual Environments (CAVEs) are effective in 

creating such immersion, HMDs are completely immersive and relatively inexpensive. Hence, this 

study adopted an HMD to render the immersive training environments.  

The virtual construction site (developed in 3.2) and different stereo-panoramic scenes 

(developed in 3.1) were integrated on a single platform built in Unity 3D game engine. User 



 

98 

 

controls have been built for trainees to navigate within and between scenes, and also from virtual 

site to any of the stereo-panoramic scenes (and vice versa). An Xbox controller was used for all 

movements within and between scenes. The entire platform is packaged as a single executable file 

that can be run on a windows based system. 

4.  DEVELOPMENT AND EVALUATION OF TRAINING PROTOCOL 

This section describes the development of a personalized training protocol that was 

delivered using the environments described in the preceding section and the measurement of its 

effectiveness by comparing the performance of participants using a before-after experimental 

design. The experiment consisted of three phases that are illustrated in Figure 4.6. These include 

A)  Evaluating baseline performance: In total, 53 participants were tasked with examining 

three stereo-panoramic construction scenes and identifying hazards in the scenes. Their hazard 

recognition and hazard management performance were quantitatively measured which 

represented their baseline performance. 

B-E) Providing the training experience: Each participant was then individually provided 

with a personalized training program developed in this study. Some training elements were 

provided in a VR environment using the virtual construction site developed in 3.2 and some were 

delivered outside of VR using audiovisual presentations or live instructions. 

F)  Reevaluating the performance to estimate training effects. After training, each 

participant was again tasked with examining three new stereo-panoramic construction scenes and 

identifying hazards in the scenes. Their hazard recognition and hazard management performance 

were quantitatively measured which represented their after-training performance which was 

compared with their baseline performance to estimate the effectiveness of training in improving 

their hazard recognition and management performance.
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Figure 4.6: Method Overview-Development and Evaluation of Training Protocol
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4.1 Baseline Performance Evaluation (Figure 4.6A) 

To evaluate the effectiveness of the training experience, the first step is to evaluate the 

baseline performance of the trainees.  Therefore, before the training, the trainees were asked to 

explore the three randomly selected stereo panoramic scenes developed in Section 3.1 in their VR 

headset and identify any safety hazard that they might encounter. Specifically, they were asked to 

navigate the scenes and verbally identify the hazards present in the work scenes. For the purpose 

of the activity, a hazard included any object or condition that can potentially cause injury or harm 

to any person present in the scene. Further, they were also asked to provide strategies to manage 

(i.e., avoid undesirable outcomes) each of the identified hazards to reduce the injury likelihood. 

Based on each trainee’s responses, their baseline performance in recognizing and managing safety 

hazards was computed. The hazard recognition and management performance of each trainee were 

assessed by computing two metrics as given below. 

1) Hazard Recognition Score (𝐻𝑅𝑆): Measures the hazard recognition ability of the trainee in 

a scene. 

2) Hazard Management Score (𝐻𝑀𝑆): Measures the trainees’ ability to manage the identified 

hazards. 

The metrics are explained in more detail in Section 5. The performance evaluation session was 

recorded and used later to provide feedback to the trainees as explained in Section 4.2.1. 

4.2 Personalized Training Protocol (Figure 4.6B-E) 

The objective of this phase was to deliver an effective training protocol to improve hazard 

recognition and management performance of trainees. The core elements were identified as part 

of the previous study by the authors (Jeelani et al. 2017a). These include (1) visual cues for 

systematic hazard recognition, (2) personalized hazard recognition performance feedback, and (3) 
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personalized visual attention feedback. These core elements are supplemented with new training 

elements, developed in this study, to enhance the effectiveness of the training further. The new 

elements include accident simulations, hazard management training, and guided virtual site 

walkthrough.  The individual training elements were then integrated to develop a standard 

repeatable training protocol (Figure 4.6 B-E). The training elements are explained in detail in 

following subsections. 

4.2.1 Feedback (Figure 4.6B) 

Feedback plays an important role in training.  It clarifies performance expectations and 

where trainees stand with respect to desired performance. In addition, it motivates trainees to 

reduce the gap between their expected and actual performance. Before training, as part of the 

baseline performance evaluation discussed in Section 4.1, participants were tasked with identifying 

hazards in three test scenes. Then feedback was provided to them in two steps. 

a) Performance Feedback 

All hazards present in the scenes that were pre-identified by a group of experts were 

revealed to the trainees using annotated images. For example, in one of the scenes shown in Figure 

4.7, the pre-identified hazards were as follows:  

1. Struck-by potential from moving equipment (i.e., telescopic boom lift) 

2. Struck-by potential from unrestrained steel pipe during transportation (i.e., tagline not 

being used) 

3. Struck-by potential from a crane that is backing up without a reverse alert system 

4. Trip-potential from clutter and debris in the workplace 

5. Fall-potential when working at heights 

6. Potential exposure to energized operational equipment 
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7. Trip-potential from stacked rebar stacked in front of the storage container entrance 

8. Trip-potential from dismantled air-conditioning ducts and other material stored in the 

work area 

 

Figure 4.7: Pre-identified Hazards in One of the Scenes 

 

The hazards not identified by the trainees were highlighted and provided as feedback to the 

individual participants. The feedback was provided with respect to (1) hazards that were correctly 

recognized and (2) hazards that were in the scene but were not recognized. The performance goal 

for each trainee was to identify all hazards present in the work environment. This feedback process 

was intended to help the trainees assess their performance with respect to the desired performance 

levels and understand their weaknesses in recognizing relevant hazards. 
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b) Process Feedback 

While performance feedback helps trainees identify weaknesses in hazard recognition 

performance, it does not provide any guidance on how performance can be improved (Earley et 

al. 1990). For example, feedback on the hazards that were not recognized is useful information 

which suggests that improvement is necessary. However, communicating the weaknesses in the 

hazard search process that a participant exhibits during the hazard recognition effort will provide 

considerably more information that the individual can use to improve performance. Here is an 

example of the feedback offered to one of the participants:  

“You are paying attention only to the primary work zone. Therefore you are missing 

hazards that are present in the surrounding areas that are not directly associated with the primary 

task in the scene.”(Jeelani et al. 2017b) 

In this training strategy, personalized feedback was provided to the trainees about their 

viewing pattern while they examined the scene for hazards. Specifically, feedback was provided 

on the following aspects: 

1) Time spent searching for hazards before moving on to the next scene: This helped some 

participants realize that they were missing hazards because they were prematurely 

terminating their search even if additional hazards were present in the scene (also known 

as premature termination of hazard search (Biggs et al. 2013)).  

2) Level of attention to areas/objects: Some trainees paid a lot of attention to the primary 

task being carried out while ignoring the surroundings that may also present additional 

hazards (i.e., selective attention). In such cases, although workers may recognize task-

relevant hazards, they often did not recognize hazards in the surrounding areas that 

workers may be exposed to.  
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3) Other search deficiencies that were characteristic of the search approach adopted during 

the hazard recognition process: Some participants focused more on a particular hazard 

type (such as fall and struck by) but paid little attention to other sources of hazards (e.g., 

radiations, chemicals, etc.) that were present in the scene.  

These search deficiencies were discussed with the trainees, which give them a better 

understanding of why they might be performing poorly. 

4.2.2 Hazard Management Training (Figure 4.6C) 

Once recognized, hazards need to be efficiently managed to avoid any undesirable accident 

arising from such hazards. Therefore, the hazard management training was provided to the trainees 

in two steps as follows. 

a)  Hazard Management Pyramid 

The hazard management pyramid or hierarchy of hazard control (NIOSH 2018) is widely 

accepted by the research and the practicing community. The pyramid depicts the relative 

effectiveness of various hazard management techniques (Figure 4.8). 

 

Figure 4.8: Hazard management pyramid (Adapted from NIOSH 2015) 
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According to the hazard management pyramid, the best approach is to eliminate the hazard 

source to prevent injury.  For example, if an electric cable that runs through a work area poses a 

safety risk to workers, the hazard can be eliminated by turning off the power while workers are 

working in that area or removing the cable from that place altogether.  However, it is not always 

possible to eliminate a hazard; in that case, we should try replacing the hazard with something that 

does not pose a safety risk. For example, replacing lead-based paints with non-lead paints reduces 

safety risk. The next line of defense is putting in engineering controls that isolate people from 

hazards without eliminating or replacing it. For example, placing fixed barricades or barriers near 

open excavations to prevent workers from going in that area. If that is also not possible, the next 

effective control measure is to change the ways workers perform their task in order to minimize 

the risk. A lockout/tagout program is an example of such administrative control. Alarms, sirens 

and warning signs are some of the other examples. Finally, if none of the above control strategies 

is possible (and most of the times in combination with other control measures), trainees are trained 

to use appropriate personal protective equipment such as hard hats, safety glasses, respirators, and 

so on. 

Trainees were taught that while hazards can be managed using multiple control strategies, 

they should always try to look for the most effective management strategy feasible for a hazard. If 

that is not possible due to practical concerns, only then should they move on to lesser effective 

hazard management strategies as the primary approach to reducing risk. The hazard management 

pyramid (shown in Figure 4.8) guides the trainees through this process and they were trained to 

follow this hierarchy when deciding the appropriate hazard management strategy for each hazard. 

To demonstrate the use of the hierarchy of hazard controls, an audiovisual presentation explaining 

the hazard management pyramid with construction-relevant examples was shown to trainees. As 
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part of the demonstration, the workers were encouraged to choose more effective hazard 

management strategies in accordance with the hierarchy of controls. An instructor was present 

during the process to provide clarifications or answer any questions that the trainees had. To further 

illustrate the use of the hierarchy of hazard controls, the trainees were provided personalized 

feedback based on their hazard management performance and how they could better manage the 

same hazards using more effective hazard controls. The following section explains this process in 

detail. 

b)  Hazard Management Feedback 

Before training, as part of the baseline performance evaluation discussed in Section 4.1, 

participants were tasked with proposing hazard management strategies for the scenarios depicted 

in the three test scenes that they explored.  As mentioned in Section 3.1, the scenes were pre-

evaluated by a panel of experts, who also gave the strategies to manage the hazards present in the 

scene. For example, for the scene shown in Figure 4.7, the following were the best hazard 

management strategies given by the experts. These are the strategies chosen from the pool of 

strategies given by the panel, where each strategy is the best one (highest in the pyramid and most 

effective), that is practically feasible for a specific hazard. 

1. Flagman and reverse alert system must be in place while the equipment (Telescopic 

boom lift) is in motion. (Engineering controls) 

2. Use rigging triangle with double choker hitch and a tagline to restrain and limit the swing 

of the transported pipe. (Administrative controls) 

3. Flagman and reverse alert system must be in place. (Engineering controls) 

4. Proper housekeeping must be ensured. Storing unnecessary material /equipment in the 

work area must be avoided (Elimination) 
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5. Use proper fall arrester system. Workers working on the telescopic boom lift must be 

tied-off (PPE) 

6. Place it along the periphery and not in the centre of the work area. (Engineering 

controls) 

7 & 8. Stack Rebar and other material in an organized and safe manner away from walkways 

and active work areas with appropriate barricades or caution tape. (Elimination) 

The experts’ hazard management list was shared with trainees for each scene and they were 

asked to compare it with their management strategies for each hazard. This feedback reinforces 

the learned concepts and helps trainees to understand how they should manage different hazards 

more effectively.   

4.2.3 Efficient Hazard Search and Recognition Training (Figure 4.6D)  

This part of the training protocol was aimed to train participants to conduct an efficient 

hazard search and understand the outcomes of different hazards. As shown in Figure 4.6 (D), it 

was delivered through a VR session using the virtual construction site developed in Section 3.2.  

It consists of two individual training elements as follows 

a) Visual Cues 

Construction workers and professionals largely depend on their visual sense to detect and 

identify hazards in their work environments. However, they do not follow any particular order or 

pattern to look for hazards and rather examine their work site randomly, hoping to find all hazards.  

Studies in visual perception (Biggs et al. 2013) argue that this type of haphazard search is 

ineffective and they are most likely to miss several hazards in their work environment. To train 

them to conduct a systematic hazard search is important to make sure they actively look for all 

types of hazards in their environment. Jeelani et al. (Jeelani et al. 2017a) used visual cues based 
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on the Haddon’s energy release theory (Haddon 1973) to trigger such a systematic hazard search.  

Based on this approach, trainees are provided with a taxonomy of energy sources that can cause 

harm as visual cues to guide the hazard recognition process (Figure 4.9). 

In this study, an interactive session was developed that provides systematic hazard search 

training to the trainees. The training element consists of 1) an audio-visual explanation of the 

Haddon’s energy source wheel 2) Construction relevant hazard examples for each energy source 

and 3) a VR demonstration of how to apply these visual cues to systematically search for hazards. 

In the demonstration, trainees were taught to conduct multiple rounds of hazard search based on 

different energy sources given in the visual cues with examples. For example, conduct a search for 

all gravity related hazards, and then conduct another round of hazard search for all motion-related 

hazards followed by electrical energy related hazards and so on. 

b) Accident Simulation 

Construction hazards range from common types such as fall and trip hazards or obvious 

electric hazards to more complex forms that are not easily recognized by workers and managers.  

For example, a worker may not associate a hazard with certain construction equipment or task if 

they are unaware of how it operates. Likewise, some workers underestimate the risk associated 

with some hazards because of lack of knowledge about the seriousness of the accident caused by 

that hazard. Furthermore, construction environments also contain some dormant hazards, which 

do not impose any imminent danger. Such hazards are often overlooked and ignored. However, 

the unexpected release of stored energy from these hazards can result in dramatic injury and 

illnesses. Common examples include rupture of high-pressure pipelines, cave-in’s, and hydraulic 

lines that often remain unrecognized because of their latent nature.  
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To take appropriate countermeasures, workers need to assess the risk correctly, which 

makes it important for them to understand the consequences of these hazards. However, these 

consequences cannot be demonstrated to the workers in real life without putting them at serious 

risk. While presentations, animations, videos etc. can be used to demonstrate such effects, they 

diminish the impact as the viewer watches it from a distance and is not part of the experience.  

Highly sophisticated VR renderings that are available with today’s technology make it 

possible for trainees to experience catastrophic accidents, examine rare conditions and witness 

complex procedures that are extremely difficult to demonstrate in the real world. Training with 

simulations has been shown to improve technical proficiency and shorten learning curves (Dawson 

et al. 2007; Seymour et al. 2002; Walsh Catharine et al. 2012). 

In this study, different accidents were simulated in a virtual environment. These include 

falling from heights, falling objects, fires resulting from different construction operations, 

equipment related accidents and other accidents related to hazards that are commonly ignored by 

the construction workers (e.g., biological hazards). Figure 4.9 shows some of the screenshots of 

these simulations. 
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Figure 4.9: Visual Cues and Accident Simulations 

 

 4.2.4 Virtual Site Walkthrough & Guided Hazard Management Session (Figure 4.6E) 

Once training is provided, it is useful to assess learning levels and evaluate if the newly 

communicated strategies and knowledge are adopted by the trainees. As part of the training, the 

instructor and the trainee engaged in a combined hazard management session, where same 

construction scene (one of the eight scenes developed in Section 3.1) was presented to them in 

their individual HMDs. The instructor and the trainee navigated through the scene and listed all 

the hazards they could find and how to best manage them. While the trainees were encouraged to 

apply the learned concepts in identifying and managing hazards, the instructor verbally 

communicated with them to guide them through the process. 

The virtual walkthrough not only helps trainees gauge their performance and understanding 

of the learned concepts but also gives them a chance to engage in a hazard recognition activity 

with the expert and receive instant feedback. For the instructor, it provided valuable information 
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about the effectiveness of the training and any improvements that might be needed for future 

training. 

4.3 Evaluation of Training Effectiveness (Figure 4.6F) 

The objective of this step was to determine if the training strategy resulted in any 

improvements in terms of hazard recognition and hazard management skill. To effectively test the 

hypothesis, authors decided to use a longitudinal repeated measures experiment that directly 

captures the change. In this experimental design, the same participant is evaluated before and after 

the training introduction, which efficiently controls for other extraneous factors such as education, 

experience, personal characteristics, and other factors that can potentially affect performance. 

Therefore, after providing the training, the participants were again asked to examine a different set 

of three stereo panoramic scenes and report relevant safety hazards and appropriate hazard 

management methods. Their performance was measured and compared with the baseline 

performance of trainees obtained in Section 4.1 to evaluate the effectiveness of the training.  This 

is explained in more detail in Section 5. 

5. DATA ANALYSIS 

5.1 Pre-Evaluation of Environment 

As mentioned in Section 3.1, each scene was shared with a panel of four construction 

experts who pre-identified the hazards and provided strategies to manage each hazard. Based on 

their input, the number of unique hazards identified by the expert panel for each scene was 

compiled. This number is referred to as theoretical hazard recognition index or 𝐻𝑅𝐼𝑡 in the text 

ahead. 

The experts also gave recommendations to manage each of the identified hazards. Based 

on their recommendations, each strategy was awarded an effectiveness score (𝐸) using the 
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hierarchy of controls pyramid shown in Figure 4.8. For example, if the hazard management 

strategy included the elimination of hazards, a score of 10 was awarded. On the other hand, if the 

response included a substitution strategy a score of 8 was awarded. Similarly, scores pertaining to 

other hazard management strategies are shown in Table 4.1: 

Table 4.1: Hazard Management Scores 

Hazard management Strategy E Score 

Elimination 10 

Substitution 8 

Engineering Control 6 

Administrative Control 4 

PPE 2 

 

Finally, the Theoretical Hazard Management Index (𝐻𝑀𝐼𝑡), which represents the best way 

(practically possible) to manage every hazard in the scene was calculated for each scene as 

 

𝐻𝑀𝐼𝑡,𝑖 = ∑ 𝐸𝑗𝑖
𝐽
𝑗=0    Eq. (1) 

Where; 

𝐻𝑀𝐼𝑡,𝑖 = the theoretical hazard management Index for the ith Scene 

𝐸𝑗𝑖= the effectiveness score for jth hazard in the ith scene 
𝑖 = scene number 

𝐽 = total Number of distinct hazards identified by the panel in ith scene 

 

Table 4.2 shows the theoretical hazard recognition and hazard management indices for the eight 

scenes used in the experiment. 
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Table 4.2: Theoretical Hazard Recognition Index and Hazard Management Index for 

Scenes 

Scene# (i) Type 𝑯𝑹𝑰𝒕 𝑯𝑴𝑰𝒕 

1 Outdoor 8 60 

2 Outdoor 8 54 

3 Outdoor 9 66 

4 Indoor 8 68 

5 Outdoor 8 66 

6 Indoor 7 50 

7 Indoor 7 48 

8 Indoor 9 64 

 

 

5.2 Performance Evaluation 

Before training, the baseline hazard recognition and hazard management scores were 

determined for each participant. These represent participants before-training scores. The baseline 

hazard recognition score was calculated using equation 2 given below. 

 

𝐻𝑅𝑆𝑘 =
1

3
. ∑

𝐻𝑖

𝐻𝑅𝐼𝑡,𝑖

3
𝑖=1         Eq. (2) 

 

Where ; 
𝐻𝑅𝑆𝑘  = the hazard recognition score for the kth participant 

𝐻𝑖= the number of hazards identified by participant in ith scene 

𝐻𝑅𝐼𝑡,𝑖 = the total number of identifiable hazards in the ith  scene 

 

To calculate the hazard management score, participants were also asked to explain how 

they would manage or control each identified hazard. The participants received the effectiveness 

score (𝐸) for each hazard they identified and managed, based on their management strategy for 

that hazard (using Table 4.1).  
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The hazard management score of a participant was calculated using equation 3 below.  

 

𝐻𝑀𝑆𝑘 =
1

3
∑

∑ 𝐸𝑗𝑖
𝐽
𝑗=0

𝐻𝑀𝐼𝑡,𝑖

3
𝑖=1                        Eq. (3) 

 

Where; 

𝐻𝑀𝑆𝑘  = the hazard management score for kth participant  
𝐸𝑗𝑖= the effectiveness score for jth hazard in ith scene 
𝐻𝑀𝐼𝑡,𝑖 = the theoretical hazard management index for ith Scene obtained using Eq. (1) 

𝐽 = number of distinct hazards identified by the participant in ith  scene 

 

After receiving the training, the participants were again tasked to identify and propose 

hazard management strategies for the three different scenes and their 𝐻𝑅𝑆 and 𝐻𝑀𝑆 were 

calculated in the same way as above. This represented their after training scores.  

A paired two-sample t-test was conducted to check the statistical significance of the 

improvement in hazard recognition (𝐻𝑅𝑆) and hazard management (𝐻𝑀𝑆). Given that the hazard 

recognition and hazard management scores were continuous and each of the participants were 

independent of each other, the normality of the data was assessed. The results of the Anderson–

Darling test suggested that the assumption of normality can be assumed (p >0.05) (see table 4.3 in 

results). 

6. RESULTS 

Table 4.3 summarizes the experimental results that indicate an average improvement of 

39% in hazard recognition and 44% improvement in hazard management, both results being 

statistically significant at 𝛼 = 0.01. 
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Table 4.3: Experimental Results 

N=53 Paired Differences Anderson-

Darling Test 

 
Pair Mean S.D 

Std. 

Error  
t-value p-value 

p-value  

(for AD test) 

Hazard 

Recognition 

𝐻𝑅𝑆𝑎𝑓𝑡𝑒𝑟 – 

𝐻𝑅𝑆𝑏𝑒𝑓𝑜𝑟𝑒 
0.387 0.140 0.019 20.02 <0.01 0.137 

Hazard 

Management 

𝐻𝑀𝑆𝑎𝑓𝑡𝑒𝑟 – 

𝐻𝑀𝑆𝑏𝑒𝑓𝑜𝑟𝑒 
0.442 0.124 0.016 26.10 <0.01 0.927 

 

Figure 4.10a shows the Hazard Recognition Scores (𝐻𝑅𝑆) of 53 participants before and 

after the training indicating a significant improvement in every participant and 10b shows the 

Hazard Management Scores (𝐻𝑀𝑆) for participants before and after receiving the training.  

 
Figure 4.10: Training Effectiveness: a) Hazard Recognition Score. b) Hazard Management 

Score 

 

 

7. DISCUSSION 

7.1. User Experience and Observations 

This paper demonstrates the development of personalized training strategy that is delivered 

using immersive environment using virtual elements and stereoscopic audio-visual data obtained 

from real construction sites. It was expected that trainees would perceive the immersive training 
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environment to be a sufficiently realistic simulation of a real construction environment to facilitate 

learning. The training outcomes and the responses to the post-experiment evaluations supported 

this expectation.  For example, one of the respondents reported, “Training helped me experience 

several types of construction activities, hazards, and accidents, which is not possible in a single 

real construction site.” Another participant reported, “It was like visiting a real construction site 

and watching the work being done in front of you. It was totally believable. The background sound 

made it feel very real.” Another trainee who works in the construction industry shared his plans 

of using this to train the workers at his site. He reported, “It was exciting to move from one 

construction site to a totally different one with a click of a button. Something that you can’t do in 

real life. I will try to use this to train workers at my site, not just for safety but for other skills as 

well.” 

Post-experiment interviews with the participants revealed that visualizing construction 

activities in a VR environment enhances understanding, which increased training efficiency. For 

example, one participant reported that before training she was only focusing on “things that could 

hurt her directly,” however, simulated accidents triggered a more careful analysis, which helped 

her identify other hazards that arise from different operations and could indirectly injure her or 

other workers working in the same environment. Other participant reported that experiencing a 

simulated accident helped him “understand how seemingly minor hazards can cause a chain 

reaction that can lead to a serious accident.” This particular trainee experienced a near miss 

simulation where a ladder tipped over and broke a live electric cable that was powering the 

temporary lighting. The exposed wire came in contact with water on the floor next to the trainee 

[virtual presence] and caused sparks. Similarly, most of the participants reported that visual cues 

helped them “broaden their scope of search” and helped them conduct “multiple rounds of hazard 
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search” that enabled them to identify more hazards including the less obvious ones, which they 

were not paying attention to before.  The hazard management pyramid provided them with a 

systematic framework for managing hazards and helped them think of better ways of managing 

the hazards. One of the participants reported that “before training only PPEs came to my mind to 

protect workers from hazards but the pyramid enabled me to first try to eliminate the hazards, 

which, surprisingly, was possible in many cases.” Likewise, performance feedback and guided 

hazard management session helped participants to assess their performance and gain practical 

experience in conducting an efficient hazard search. One of the participants reported, “Feedback 

helped me gauge my risk perception. Earlier several things seemed acceptable to me, but I learned 

about the potential risks posed by those seemingly safe objects/ conditions through feedback and 

guided [virtual] site walkthrough.”   

Owing to the reasons stated above and several others, the training was effective in 

improving the safety performance of participants. Specifically, we found that before training, 

participants were able to identify only 31% of hazards and used relatively less effective hazard 

management strategies such as PPEs or administrative controls, which is evident by the low hazard 

management score of 0.25. The average score was only 25% of the theoretical hazard management 

or best possible score. After training, the participants identified approximately 70% of hazards 

(38.7% increase - see Table 4.3) and their hazard management score improved by 44.2% (see Table 

4.3). It was observed that after training, participants were not only able to recognize more hazards 

but also used efficient strategies to manage those hazards. For example, before training the most 

common hazard management strategy was to provide PPEs to the workers or in some cases putting 

in some administrative control. However, after training participants were following a systematic 
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management strategy, where they first try to eliminate or substitute the hazards and only when that 

was not possible, move to the next management strategy in the hazard management pyramid.   

7.2. Role of Hazard Recognition in Hazard Management 

The improvement in the hazard management score was primarily due to participants being 

able to recognize more hazards. However, it was also expected that training would help participants 

to better assess the risks better and manage hazards more efficiently. To test this hypothesis, it was 

important to quantify what proportion of the 44.2% improvement in hazard management score was 

through improvement in hazard recognition performance, and what proportion was independent of 

hazard recognition performance.   A within-participant mediation analysis(Montoya and Hayes 

2017) was carried out to measure these individual effects. The results are shown in Table 4.4 below 

Table 4.4: Mediation Analysis Results 

Total effect of Training on Hazard Management Score 
 

Effect SE t df p LLCI ULCI 

Total effect1 0.442 0.017 26.103 52 <0.01 0.397 0.487 

Direct effect2 0.131 0.025 5.193 50 <0.01 0.063 0.198 

Indirect effect3 0.311 0.029 - - - 0.238 0.388 
1Total effect of Training on Hazard Management Score 
2Direct effect of Training on Hazard Management Score (Controlling for Hazard recognition) 
3Indirect Effect of Training on Hazard Management Score through Hazard Recognition (Bootstrapping) 

 

The results indicate that out of the 44% (0.442 - total effect in Table 4.4) improvement in 

hazard management score, 31% (0.311 - indirect effect in Table 4.4) was due to improvement in 

hazard recognition performance and 13% (0. 131 - direct effect in Table 4.4) increase was the 

direct effect of training (controlling for 𝐻𝑅𝑆). Both of these effects were statistically significant. 

This finding indicates that even though some improvement in hazard management score was due 

to participants being able to identify more hazards, the selection of efficient hazard management 

strategies was also significant to overall safety performance of participants. 
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7.3 Practical Applications 

Although the developed training protocol focused on improving hazard recognition and 

management skills of construction workers, the presented work can be applied to other domains 

as well.  The stereo-panoramic scenes and the virtual construction site (along with all accident 

simulations, visual cues) have been integrated on a user-friendly windows based application. This 

enables the use of the training protocol as a plug-and-play system with just basic computer 

knowledge. If the application is commercialized, it will have a functionality (in its GUI) to add or 

delete stereo-panoramic scenes, which will enable users to customize the performance evaluation 

step of the training protocol based on their training requirements.  This would require a stereo-360 

camera rig and basic computer skills. In addition, advanced users and researchers (with some 

image processing and C# scripting expertize) can use the framework presented in this study to 

develop their own immersive training and communication solutions and extend the application for 

other purposes, such as 3D visualization of complex building elements, task planning, site-to-

office and office-site-communication, remote virtual inspections etc.  

8. CONCLUSION 

Despite substantial efforts, fatal and non-fatal injury rates in construction remain 

significantly high. Research has suggested the need to improve the content and delivery of safety 

training provided to workers and professionals. This study proposed an approach to address both. 

To improve the training content, the proposed method integrated various innovative 

training elements to develop a robust and personalized training protocol aimed at improving hazard 

recognition and management skills of construction professionals and workers. These include visual 

cues for systematic hazard search, accident simulations for near-miss experience, personalized and 

focused feedback, virtual site walkthrough, and hazard management training. These training 
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elements were delivered in highly immersive environments that provide a realistic experience to 

the trainees. This is essential so that trainees can learn and practice efficient hazard recognition 

and management skills. 

The effectiveness of the developed training strategy was empirically tested using a before-

after experimental design with 53 participants. The results indicate that the immersive training 

experience was a sufficiently realistic simulation of a real construction site, which facilitated 

learning. The findings of the study showed that the participants on average were able to identify 

only 31% of hazards before training. However, they were able to recognize 70% of hazards after 

training. Moreover, the results also showed that the hazard management performance of 

participants improved by 44%. Both results were statistically significant.  Further, the post-

experiment interviews with the participants revealed that the training in virtual and stereo 

panoramic environments was highly engaging and provided them with a realistic experience of 

being in a real construction site.  

Although the current study has its strengths, there are a few limitations that should be 

addressed in future research. One of the significant limitations is that the long-term impacts of the 

training remain unknown. Specifically, even though there was an instantaneous improvement in 

hazard recognition and hazard management performance of the workers, it is challenging to 

determine whether that improvement will be sustained in the long term. While the authors believe 

that the training effects will persist as long as learned concepts are reinforced through continuous 

training, future studies focusing on the long-term effects of the training will be useful. In addition 

to this, the protocol required capturing stereo-panoramic videos with 3D-360 camera rigs. High-

resolution camera rigs that capture stereo-360 views are quite expensive and can add to the project 

cost. Future research efforts should focus on developing robust stitching and stereo matching 
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algorithms that will enable the use of off-the-shelf cameras for capturing stereo-panoramic videos 

and lower the cost of providing such training.  Finally, the study was conducted with civil 

engineering and construction management students and the results might vary when the training 

protocol is evaluated using construction workers. Future efforts should focus on implementing the 

training strategy with real construction workers and validate the effectiveness accordingly.  
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Chapter 5:   Development of Vision-based Automated Worker 

Localization & Real-Time Hazard Detection System for 

Construction 
 

 

ABSTRACT 

Hazard detection and recognition is a multi-component cognitive process that is affected by 

various human factors, such as attention, bias, risk tolerance that depend on an individual’s 

decision-making, attention, reaction time, and visual pursuit. As indicated by past research, 

workers often fail to recognize a significant proportion of hazards in construction environments, 

even after training. Therefore, there is a need for developing technology that assists workers and 

safety managers in identifying hazards in complex and dynamic construction environments. This 

study develops a framework for an automated system that detects hazardous conditions and objects 

in real-time to assist workers and managers. To achieve this objective, the following tasks were 

accomplished: 1) create a sparse global 3D map of a construction site; 2) track worker positions 

on this global map using real-time visual data that is collected using a wearable camera; 3) 

automatically detect the proximity of workers to static and dynamic hazards; and 4) alert workers 

(and/or safety manager) in real-time. The system consists of two independent pipelines that run in 

parallel. One uses the live video captured using a wearable camera to localize workers on a pre-

built global map and subsequently detect their proximity to pre-defined static hazards. The second 

pipeline also uses the same video and detects any dynamic hazards around the worker.  In addition, 

the system is also extended to analyze eye-tracking data to map construction workers attentional 

distribution to be used for automated and personalized safety monitoring and training. The system 

is tested in both indoor and outdoor construction environments. The results indicate 96% accuracy 

in detecting worker proximity to pre-defined static and dynamic hazards.  
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1. INTRODUCTION 

Worker safety has been a global concern in construction. The industry accounts for over 

30% of workplace fatalities while employing just over 7% of the global workforce (Newaz et al. 

2018). In 2016, the US Bureau of Labor Statistics reported over 900 fatal and 200,000 non-fatal 

injuries in construction. This represents over 21% of all occupational fatalities in the US (BLS 

2016). Unlike other industries, construction operations are carried out in dynamic and rapidly 

changing environments. This results in new hazards being introduced every day as the construction 

work proceeds, which makes a generalized hazard assessment almost impossible. Therefore, 

workers and supervisors are required to detect and correctly identify hazards in their work 

environment on a continual basis. Unfortunately, studies across the world have reported that a 

significant portion (roughly 50%) of hazards remain unrecognized (Albert et al. 2014b; Bahn 2013; 

Carter and Smith 2006; Jeelani et al. 2017c). These unrecognized hazards expose workers to 

unanticipated risks and potential injuries (Albert et al. 2014b).  

To improve the hazard recognition ability of workers, several training programs have been 

designed and delivered by researchers and practitioners (Albert et al. 2014a; Greuter et al. 2012; 

Mitropoulos 2003; Sacks et al. 2013). Although beneficial, these training methods have not been 

successful in achieving desirable levels of hazard recognition performance. In fact, studies report 

that only 10 – 15% of training investments translate into desirable outcomes in the workplace 

(Baldwin and Ford 1988; Cromwell and Kolb 2004). In fact, Li et al. (2012a) argued that a positive 

correlation between the adoption of traditional training methods and safety performance does not 

exist.  

Recent studies have demonstrated the advantages of personalized training strategies to 

improve hazard recognition among construction workers (Awolusi et al. 2018; Golovina et al. 
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2016; Jeelani et al. 2017a; Zhang et al. 2013). However, given a large number of workers compared 

to the number of safety managers and trainers, personalized training solutions that are tailored for 

individual workers can be unrealistic in practice.   

Even if the aforementioned challenge of personalized safety training is solved, workers can 

still miss some hazards.  For example, according to Jeelani et al. (2016) and Albert et al. (2014),  

despite significant improvement, workers still fail to recognize over 25% of hazards having 

received training. This is partly because hazard recognition is a visual search process that is 

affected by various human factors, such as attention, bias, risk tolerance, current physiological, 

and psychological states (Davis et al. 2004; Idris et al. 2019; de Koning et al. 2010; Krummenacher 

and Muller 2006; Wolfe and Horowitz 2017). Training alone cannot guarantee the detection of all 

hazards by human workers. 

Therefore, there is a need to augment worker performance in recognizing hazards using 

automation techniques. In other words, automation-based techniques can address some of the 

inherent weaknesses of workers (i.e., human factors) that have been demonstrated in previous 

research.  

2. OBJECTIVES AND POINT OF DEPARTURE 

This study aims to develop an automated worker localization and hazard detection system 

that augments worker performance in hazard detection. The system tracks the worker positions in 

real-time and warns them if they are in proximity to a static or dynamic hazard. To accomplish 

this goal two technical objectives are to be achieved – 1) locate worker in the site and, 2) detect 

hazards in their proximity. 
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2.1 Technical Objectives 

Worker Localization 

In order to detect the worker’s proximity to hazards, it is important to determine the 

worker’s position with respect to the hazard. While various techniques can be used to localize 

entities, there are several limitations in employing these techniques in construction, which are 

discussed in detail in the background section.  Owing to these limitations, camera-based 

localization methods (such as visual SLAM) are becoming increasingly popular. Visual SLAM 

(Simultaneous Localization and Mapping) method uses cameras to gather visual data (images) 

from an environment, create a 3D map of the environment, and localize the camera within that 

environment. This is cost-effective as it requires no additional infrastructure other than a camera.  

However, one of the major challenges of visual SLAM systems is drift. These methods 

incrementally estimate camera poses, and over time small errors accumulate, thereby, making the 

estimated location of the camera drift away from its actual positions (Yang et al. 2018).  

To address these challenges, the localization method in this paper proposes the following: 

(1) Re-localization within a previously built global map, enabling the system to detect a previously 

visited locations, which minimizes drift using techniques such as bundle adjustment and loop 

closure. This approach also helps the system to not lose track during fast camera movements, 

which is another limitation of current visual SLAM methods.  (2) Re-localization in a real-world 

coordinate system, which solves the scale issue in existing SLAM methods (Mur-Artal and Tardos 

2017) that uses a random scale to localize. This significantly enhances the usability of the proposed 

SLAM to be used as an efficient worker localization technique. 
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Hazard Detection 

Once the worker position is determined, the next step is to detect their proximity to hazards. 

Recent advances in deep learning enable detection of various objects of interest from images and 

video streams. However, there are two challenges in using these methods for hazard detection in 

construction: 1) lack of labelled data on construction hazards for training the neural network and, 

2) hazards without well-defined shapes and geometries (i.e., fall potential from slab cut outs, 

restricted work areas, excavation edges etc.) which are very difficult to be detected using object 

detection algorithms. 

In the proposed approach, the first challenge is mitigated by using transfer learning 

approach (Shin et al. 2016), that uses a network pre-trained on some classes as a starting point. 

The network is then re-trained to detect different classes of objects. This approach requires less 

training data as a lot of information that is learned by the network previously is retained and reused. 

The second challenge is overcome by marking the locations of hazards without well-defined 

geometry on the global map and localizing workers in real-time to check their proximity to any of 

these pre-identified hazard locations.  

2.2 Overview of the Proposed Framework 

This study develops two pipelines (object detection and worker localization) that are used 

in parallel in a single framework to detect hazardous objects and conditions around workers in 

real-time.  A vision-based framework is proposed to 

1. Create a global 3D map of a construction site 

2. Record first Person View (FPV) of workers as they move within the construction site 

3. Localize workers within that global map 

4. Detect worker proximity to pre-marked hazard locations 
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5. Detect hazardous objects around worker  

6. If the proximity of worker is within a threshold from the hazardous condition in step 3 or 

if any hazard object is detected in step 5, generate an alert for the worker and/or safety 

manager 

For visualization, the worker location and their FPV showing the detected hazards can be 

visualized in real-time using ROS visualization package (Rviz) and also recorded and saved to the 

disk after every 30 minutes for future analysis and training.  

3. BACKGROUND 

3.1 Sensor-based Localization Techniques 

To detect if a worker is near a hazard, the location of the worker has to be determined. 

Most localization techniques discussed in the literature use a transmitter that emits a signal and a 

sensor that reads the emitted signal and time-of-arrival of the signal to determine the location of 

the entity.  One of the earliest localization systems was based on the infrared communication 

between badges and sensors in the building that estimated the location of the badges (Want et al. 

1992). The Bat location system uses ultrasound signal transmitted by the target entity that is 

received by the receivers (Addlesee et al. 2001). The distance of the target object can be computed 

based on the elapsed times between pulse emission and reception (knowing the speed of sound in 

air).  Laser scanners have also been used to localize high-speed entities (i.e., mobile robots) 

(Lingemann et al. 2005). While these methods are effective, they come with a huge cost, which 

makes these techniques almost impractical to be employed in construction projects that are run 

under strict budget constraints. 

In addition, Global Positioning System (GPS) has also been used as a localization 

technique that uses a constellation of 24 satellites orbiting the earth (Farrell and Barth 1999). The 
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technique involves computing the time delay between transmission and reception of the GPS signal 

to measure the distance of entity from these satellites. We can then determine the location of the 

entity by triangulation. While this technique is efficient for outdoor localization, it performs poorly 

indoor environments as radio signals are blocked by buildings (Zhou and Shi 2009). Furthermore, 

the accuracy of GPS is about 4m (government commitment is < 7.8m) in the United States 

(Department of Defense 2008). While this level of accuracy is acceptable for larger entities, for 

worker localization (especially for detecting proximity to hazards), a 4 m error can be fatal.  

WLAN is another technique that has been used for localizing construction personnel and 

equipment (Behzadan et al. 2008; Smailagic and Kogan 2002). This technique uses WLAN devices 

as sensors and localizes the target object according to the signal strength information. This 

technique is inexpensive and has low power consumption (Zhou and Shi 2009). However, in 

under-construction buildings that do not have a Wi-Fi infrastructure yet, such techniques come 

with additional cost.  

RFID localization is similar to WLAN but uses the Radio Frequency (RF) signal strength 

instead of time-of-arrival of the signal, as an indicator of distance (Zhou and Shi 2009). RFID does 

not require the wired networks and RFID tags are portable, which makes it easier to implement. 

However, the range of these systems is limited and the signal is prone to interference (Park and 

Brilakis 2016). This can be overcome by using UWB. Compared to RFID, UWB can transmit data 

over large bandwidth which makes it less prone to interference (Park and Brilakis 2016). However 

such systems need a clear line of sight between sensor and transmitter, which is almost impossible 

to achieve in a construction site (Fontana 2004). Furthermore, the hardware requirements make 

such techniques very expensive (Li and Becerik-Gerber 2011). The other techniques include 

inertial navigation systems (INS) that use inertial measurement sensors such as accelerometers and 
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gyroscopes to estimate the location of the entity. Since the location of the entity is computed from 

acceleration measurement, the distance-proportional drifting error is quite large in INS-based 

systems (Jimenez et al. 2009). 

3.2 Image-based Localization 

In image-based localization, a camera is attached to the entity that is to be localized (e.g., 

a person or a robot) and the continuous images (referred to as query images) captured by this 

camera are used to estimate the location of the camera (hence the entity) (Asadi et al. 2019).   

In traditional image based-localization methods, the query image is matched with a large 

number of images in the database, whose locations have been pre-determined, to find the images 

that are most similar to the query image. Finally, the location of the query image can be determined 

relative to these matched images (Zhang and Kosecka 2007). These methods have limited 

accuracy.  To achieve a higher localization accuracy, recent efforts use 3D- reconstruction of the 

scene instead of the image database (Han and Golparvar-Fard 2015; Jeelani et al. 2018a; Sattler et 

al. 2011). These methods provide the orientation as well as the location of the camera, which 

results in accurate localization. However, such methods are computationally expensive and cannot 

be used in real-time. 

Simultaneous Localization and Mapping (SLAM) techniques estimate camera poses 

(orientation and location) of image sequences (or video) and map the environment, simultaneously 

in real-time (Asadi et al. 2018). These techniques use feature vocabularies to find matching 

features between consecutive image frames of a video stream to estimate the position and 

orientation of the camera (relative to the previous frame). The technique also uses the 

corresponding features of the consecutive images to map the environment as it runs. While these 

methods are very useful for real-time localization, they have two vital limitations. 1) The localized 
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positions are relative to one another and not to a global entity. That is, we cannot determine the 

position of the camera with respect to any pre-determined location on the ground because every 

time the SLAM is run, it starts with a different scale and coordinate system. 2) These techniques 

create their own map and cannot localize the camera (or entities) within a pre-created global map. 

This significantly limits their utility in determining worker positions on a global map where pre-

determined hazards are marked. 

3.3 Vision-based Object Detection 

Among others, object detection is one of the widely popular areas of computer vision has 

found significant applications in construction, particularly in supporting various automation 

efforts. Object detection enables us to recognize an object in an image and precisely estimate the 

location of the object in each image (Felzenszwalb et al. 2010). It provides valuable information 

for semantic understanding of the scene presented in the image (or video) (Zhao et al. 2019). The 

object detection problem consists of two steps-1) determining where the object is located in an 

image called object localization, and 2) which category does the object belong to, which is called 

the object classification (Zhao et al. 2019). Several object detection frameworks have been 

proposed. These can generally be divided into two categories. 1) Region proposal based object 

detection that generates region proposals at first and then classifies each proposal into different 

categories. These include R-CNN (Girshick et al. 2014), SPP-net (He et al. 2015), Fast R-CNN 

(Girshick 2015), Faster R-CNN (Ren et al. 2017), R-FCN (Dai 2016), FPN (Lin et al. 2017) and 

Mask R-CNN (He et al. 2017). 2) Classification based methods that consider object detection a 

regression problem and aim to classify and locate objects in a unified framework. These include 

MultiBox (Erhan et al. 2014), AttentionNet (Yoo et al. 2015), G-CNN (Najibi et al. 2016), YOLO 
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(Redmon 2016), SSD (Liu et al. 2016), YOLOv2 (Redmon and Farhadi 2017), DSSD (Shen et al. 

2017) and DSOD (Hinton et al. 2011). 

The requirements of this study were 1) real-time object detection and 2) precise boundary 

encapsulating the object of interest. While semantic segmentation that results in more accurate 

boundaries of the objects in the scene (Asadi et al. 2018), it is computationally intensive to be 

deployed in a real-time application. On the other hand, object detection frameworks such as YOLO 

(Redmon and Farhadi 2017; Redmon 2016) or faster R-CNN (Ren et al. 2017) have been shown 

to perform well in real-time, these aim at locating and classifying objects in an image, and labelling 

them with rectangular bounding boxes. This creates spurious edges and results in errors on 

overlapping instances (Shelhamer et al. 2017). Therefore such methods cannot precisely capture 

the object boundary which was one of the important requirements of the proposed system. 

Therefore, instance segmentation (Arnab and Torr 2017) which detects objects in an image 

and segmenting each instance (semantic segmentation (Dai et al. 2016), was an ideal framework 

for the proposed system. These two tasks are usually regarded as two independent processes. 

Mask-R-CNN (He et al. 2017) is of the state-of-the-art framework for instance segmentation. Mask 

RCNN approach builds on Faster R-CNN with a parallel mask generation network on detected 

Regions of Interest (ROI).  In this framework, the existing branches of faster R-CNN perform 

classification and bounding box regression. To this, an additional branch is added to perform pixel-

wise segmentation within the bonding box predicted by the existing branches of faster R-CNN. 

Mask R-CNN is a flexible and efficient framework for instance segmentation, which can be easily 

generalized to other tasks (Zhao et al. 2019). 
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4. SYSTEM ARCHITECTURE 

The system consists of three modules that are responsible for A) worker localization, B) 

semantic scene segmentation and C) hazard proximity detection as shown in Figure 1.  These three 

modules run as different nodes within the Robot Operating System (ROS) (ROS 2018) ecosystem. 

This helps in the smooth and synchronous flow of data among the different modules in real-time.  

 

Figure 5.1: Basic System Architecture 

The input for the system is a live stream of FPV of a worker, which is recorded using a 

monocular camera that can be mounted on a hard hat of the worker or on a pair of eye-tracking 

glasses. The FPV is live streamed using the Open Broadcaster Software (OBS) (Studio 2018)  

through Wi-Fi (or 3G or LTE connection of worker’s cell phone) to the ROS server.  The 

localization module (Module A) receives this video stream and obtains the camera location (i.e., 

the worker location) by localizing the image frames within a pre-built global map. The localization 

module publishes the location of workers (i.e., camera pose) and the image frame (referred as 

keyframe hereafter) of FPV; whenever the worker’s view changes (i.e. the worker changes their 

position)  

The semantic segmentation module (Module B) receives the published keyframes from 

Module A and uses a pre-trained model to detect and segment objects in the image. It publishes 

the class of the detected objects and their locations for each keyframe. The hazard detector module 

(Module C) receives the keyframe location from Module A and the segmented image from Module 
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B. The keyframe locations are used to detect worker proximity to any of the pre-identified locations 

of hazardous conditions (e.g., restricted work zones) and semantic information (i.e., the segmented 

image) is used to check if any of the detected objects belong to any hazard class. If the proximity 

of worker to any pre-identified location is less than a threshold or if any detected object belongs 

to a hazard class, the module generates an alert for the worker and/ or safety manager. 

5. SYSTEM DESCRIPTION 

As mentioned, the system consists of three modules, which are described in detail in this 

section. Figure 2 shows the different modules of the system and the transfer of data among them.  

5.1 Localization Module: 

As shown in Figure 2A, the module has two modes – the pre-processing mode (run once) 

and the real-time localization mode that runs every time a worker enters a site.  The localization 

module builds on an existing SLAM technique - ORB-SLAM. The proposed SLAM  saves a global 

map and the visual vocabulary, and subsequently re-localize the workers in this global map. The 

following sub-sections further detail the proposed approach. 
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Figure 5.2:  System Overview Showing Different Modules and Data Flow among Them
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Pre-processing Mode 

The objective of this mode is to create a global map of a construction site within which 

future localization of workers will occur. In this mode, a walkthrough video of a construction site 

is recorded and Oriented FAST and rotated BRIEF (ORB) features  (Rublee et al. 2011) are 

extracted from each image frame of this continuous video stream. (BRIEF-> Binary Robust 

Independent Elementary Features). These features are used to create a sparse point cloud of the 

environment. Using ORB SLAM pipeline (Mur-Artal and Tardos 2017) as a starting point, the 

proposed approach in this paper generates a custom Bag-of-Words visual vocabulary using the 

DBow2 library (Gálvez-López and Tardos 2012), which consists of the visual words comprising 

the local ORB features. The custom vocabulary is saved as a binary file and improves the tracking 

performance of SLAM in future runs. More importantly, the generated map is also saved to the 

disk at the end of the run. The global map file consists of the scale related variables, the keyframes, 

keyframe database, map and map points, which are serialized to the disk as a binary file using 

serialization feature of the Boost C++ libraries. 

Once the map is generated, the areas of interests (i.e. pre-identified hazardous areas) are 

marked on the global map. The x, y, and z coordinates of these areas (center) with textual hazard 

information are saved in a JavaScript Object Notation (JSON) file.  

To localize workers in real-world coordinates, the transformation matrix is computed using 

markers on the ground. Four markers are placed on the ground. One of the markers is assigned as 

the origin (0, h, 0) (h = the height of the marker) and coordinates of other markers are obtained 

using a total station, which represents the ground truth.  These markers are then identified on the 

global map and their map coordinates are obtained.  Using the real world coordinates of the 

markers and their corresponding map coordinates, a transformation matrix [A] is obtained. [A] is 
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a 4x4 matrix that is obtained by concatenation of translation, rotation and scale matrices (in that 

order) and is used to convert any point from the map to real-world coordinates, which helps in 

localization of workers in the real-world coordinate system.  The three elements of transformation 

Matrix are as follows 

[𝐴] = 𝑇 ∗ 𝑅 ∗ 𝑆 

  

Where, 𝑡𝑥,, 𝑡𝑦,, 𝑡𝑧, is the translation factors in 𝑥, 𝑦 𝑎𝑛𝑑 𝑧 directions 

R is 4 x 4 rotation matrix comprising of 

  

Where, θ is the angle of rotation of x, y and z-axis respectively 

 

Where, 𝑆𝑥,, 𝑆𝑦,, 𝑆𝑧, is the scaling factors in 𝑥, 𝑦 𝑎𝑛𝑑 𝑧 directions 

To check the accuracy of the transformation matrix, the map-distances between the markers 

are measured using cloud compare, converted to real-world distance and compared with the ground 

distances measured manually using a total station.  

Thus, the outputs of the pre-processing step are: 

1) A global map of the construction site as a binary file. 

2) A custom visual vocabulary saved as a binary file 
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3) Pre-identified hazard locations and information as a JSON file 

4) Transformation Matrix [A] 

Real-time Localization Mode 

This mode is used in the implementation of the system to localize workers in real time. The 

first-person view (FPV) of the workers is recorded using a camera mounted to their hard hats or 

the built-in camera of the eye tracking glasses. The camera is connected to the smartphone with 

Wi-Fi or LTE/3G connectivity, which broadcasts the live stream of the FPV using OBS studio. 

The live stream is received by the localization module of the ROS server that can be located on or 

off-site. 

The localization module loads the prebuilt global map and the custom vocabulary from 

their respective binary files and localizes the image frames (from live stream) within this global 

map.  The module extracts the ORB features from the image frames and represents each frame as 

BoW representation (using visual words from custom vocabulary), which makes the initialization 

(i.e., re-localization of the first frame) almost instantaneous. In the original ORB-SLAM (Mur-

Artal et al. 2015), since mapping occurs simultaneously with localization, fast movements can 

cause it to lose track if there are not enough matching features between the successive image 

frames. However, in the proposed method, since localization occurs within the pre-built map, there 

are always matching features for re-localization, which enables the system to not lose track. 

The localization occurs for every frame of the video stream but whenever the view of the 

worker changes (as worker moves), the image frame (denoted as keyframes hereafter) and its 

localized position are sent to the semantic segmentation module and the hazard detector module, 

respectively.  In this way, worker positions and their keyframes are continuously transmitted 

(“published” in ROS terminology) by the localization module. 
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5.2 Semantic Segmentation Module 

The objective of this module is to receive the keyframes from the localization module that 

capture workers’ surrounding environment and detect whether and which hazard is present (if any). 

This module also has two modes: 1) the pre-processing mode, where the system is trained to detect 

different hazard objects; and 2) inference mode, where the trained model is used detect a hazard 

object in a query image, compute a bounding box around the detected object and perform pixel-

wise segmentation within the bounding box to obtain a mask contouring the detected object. The 

semantic segmentation module is built on a recently developed instance segmentation network for 

construction environments (Jeelani et al. 2019). The network produces semantic segmentation map 

for images to understand the content of images and find target objects in real-time. This 

architecture was chosen over other methods as it is already trained on construction data, therefore 

requires less amount of data to re-train using transfer learning approach. 

It is to be noted that the object detection (without segmentation) could also be used in this 

framework. Since the proposed system can be extended to automate eye tracking analysis 

(discussed later), the authors decided to perform instance segmentation (segmentation within the 

bounding box) as well.  However, the same framework can be used with an object detection 

algorithm as well. 

The two modes are described in the subsequent subsections 

Pre-processing Mode 

In the pre-processing mode, the network is trained to detect various classes of hazard 

objects and perform segmentation within the detected bounding box, which provides the contour 

of the object of interest (hazards). Since the network is already trained on construction dataset 

(Jeelani et al. 2019), transfer learning (Dai et al. 2007) approach is used to retrain the network with 
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the new dataset for hazard detection. In transfer learning, the information learned by a network 

trained on a certain task is preserved and used as a starting point to train the same network to 

perform a different task. Specifically, the pre-trained weights of the network are frozen and only 

the header layers are re-trained with the new dataset.  

The new dataset consisting of images of different construction hazards are collected and 

labelled.  Each hazard is labelled as a separate class. The labelled data is augmented using several 

label preserving augmentation techniques such as random cropping, random color jittering, 

rotating and flipping. Tensorflow (Abadi et al. 2016) and Keras (Chollet 2015) frameworks are 

used in training. CUDA (Nickolls et al. 2008) and CuDNN (Chetlur et al. 2014) are also utilized 

for accelerating the computations. 

Inference Mode 

In this mode, the module receives the keyframe from the localization module and uses the 

trained model to perform instance segmentation. The keyframe captures the visual environment 

around the worker.   

The module generates (publishes) the final output image, the classes of detected objects 

and masks (segmented pixels) of different hazards that were detected in the image (if any).  The 

classes of the detected objects are sent to the hazard detection module. The segmented image and 

the masks of detected objects are currently retained. In the future, these will be sent to the 

visualization and eye-tracking analysis modules, respectively (See discussion section for more 

details). 
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5.3 Hazard Detection Module 

For Static Hazards 

As shown in Figure 2C, this module receives data from localization and detects the worker 

proximity to any static hazard. In a real-time implementation, the module first loads the pre-

identified static hazard locations that are generated in the pre-processing mode of the localization 

module. The localization module continuously sends the camera position (i.e., the worker 

locations) to the hazard detection module (black dashed arrow in Figure 2B and 2C). The 

transformation matrix is used to transform these points to a real-world coordinate system. The 

hazard detection module then computes the Euclidean distance between worker location and each 

of the pre-identified hazards.  If the distance is less than a set threshold for any of the pre-identified 

hazard, the module generates an alert.  

For Dynamic Hazards 

In addition, the hazard detection module also receives information from the semantic 

segmentation module about the class of the object detected by the semantic segmentation module. 

If the detected object (objects) belongs to any of the hazard classes, the module generates a warning 

for the workers and/or safety managers that include the type of hazard, the real-time location of 

the worker and the required safety precautions and other hazard-related information, which is pre-

defined for each hazard class. Currently, the alerts are generated and retained in the server. In the 

future, the alert will be communicated to the worker and/or safety manager in real-time via text 

notification on their mobile device. The warning can also be sent to the smart glasses or smart hard 

hats such as DaqriTM (Daqri.com 2019). 
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6. SYSTEM TESTING AND DEMONSTRATION 

A video that is linked here demonstrates the system Two case studies were designed to test 

the efficiency of the system:- one in an indoor construction environment and other in an outdoor 

environment. We tested the accuracy of the system in detecting worker proximity to six static 

hazards (pre-defined locations) and six dynamic hazards. 

A pair of Tobii eye-tracking glasses (Tobii 2019) with built-in HD camera was used to 

record multiple walkthrough videos of the test sites.  The images extracted from these videos were 

used to create global maps (3D point clouds) by running the localization module in the pre-

processing mode. These global maps are shown in Figure 4. The transformation matrix was 

computed using three markers for each site as explained in the pre-processing step of the 

localization module. Marker A (beginning of walkthrough) was assigned as the origin (0, 2, 0) and 

coordinates of other markers were computed using a total station. 

The six static hazards consisting of different restricted work areas were marked on the 

global map (Figure 3) and the coordinates saved in a JSON file. The six dynamic hazards included 

a mobile crane, forklift (indoor and outdoor), exposed reinforcement bars (multiple instances), 

electric cables, and welding and cutting equipment. 

https://www.youtube.com/watch?v=AUug1K4Umpc&feature=youtu.be
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Figure 5.3: Test Environment with Static Hazards (restricted work-zones). Top: Indoor 

Environment. Bottom:  Outdoor Environment 

 

For testing the effectiveness of the system in detecting dynamic hazards, Mask R-CNN (He 

et al. 2017) network, which was pre-trained on construction dataset in (Jeelani et al. 2019), was 

re-trained using transfer learning approach. The network consists of Resnet-101 (Xie et al. 2017) 

as a backbone network with 3 layered RPN (Ren et al. 2017) and 16 layers for Mask creation. 

During transfer learning the weights for all layers were frozen, except the 8 headers layers of 



   

143 

 

Resnet-101, three layers of RPN and 16 layers for mask creation. The network was trained for 100 

epochs and 120 steps per epoch.  

To test the system, three participants were asked to move within the sites (three times per 

site) following different paths each time. The participants were asked to wear a pair of Tobii 

glasses 2 that recorded their FPV while they moved within the site. This provided the input for the 

localization module of the proposed system that was run as explained in the system description 

section. The objective was to measure the accuracy of the system in detecting participants’ 

proximity to pre-defined static and dynamic hazards, which validated the localization and 

segmentation modules of the proposed system. 

The FPV was recorded at 25 fps and 1080p resolution. The localization module received 

the live stream and extracted ORB features from each image frame. These ORB features were used 

to represent the frames as BOW representation using the visual vocabulary built in the pre-

processing step. Based on the cosine distances between the query image frame vector and image 

vectors in the global map, the location of the camera (therefore the participant) was obtained as 

explained in localization module of the system description. The location of the participant was sent 

to hazard detection module for each keyframe. The Euclidian distance was measured between the 

participant location and pre-defined locations of the static hazards. If the distance was less than 

10m, the system generated an alert. 

Simultaneously, the keyframes were also sent to the semantic segmentation module to 

detect any dynamic hazard present in the vicinity of the participant. Using the trained model, the 

first part of the network (Resnet_101) generates feature maps for the key frame image. In the next 

step, the image is passed through the Region Proposal Network (RPN) to get the candidate regions 

for applying the segmentation. Figure 4a shows the initial predictions from RPN. Then, the 
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prediction is further enhanced by eliminating the bounding boxes which extend outside image 

boundaries and applying non-max suppression (Figure 4b).  The regions are then classified into 

one of the defined classes. For example in Figure 4c, out of about 1000 proposed regions, only 7 

are classified as machine. In the penultimate step, the region with the highest confidence is retained 

as the final bonding box detecting the object and its class (Figure 4d). Finally, the system performs 

pixel-wise segmentation within the final region to provide a mask encapsulated the object of 

interest (Figure 4e).  

 
Figure 5.4: (a) Initial RPN prediction (b), Refined bounding boxes (c) Classified bounding 

boxes (d) Final Bounding Box (e) Mask region within the Final Bounding Box 

 

The system was deployed for real-time application on an off-the-shelf laptop (serving as 

ROS server) with 6 GB DDR3 RAM, Intel Core i7-4710HQ quad-core Haswell processor, and 

NVIDIA GeForce GTX 960M. It ran the localization (real-time mode), semantic segmentation 

(inference mode) and hazard detection modules of the system in real-time. 

Results 

Each participant followed three random paths in each construction site that included at least 

one of the three static and at least one of the three dynamic hazards. Figure 5 below shows the 

computed trajectories for the outdoor test environment. 
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Figure 5.5: Participants’ Trajectories in Outdoor Test Environment (Top: Trajectories on sparse 

point cloud used in the system; Bottom: Trajectories overlaid on aerial image for visualization)  
 

Table 1 shows the results from the two test sites for static hazards.  In total, participants 

encountered 19 hazards in the indoor site and 23 hazards in outdoor sites. The system was able to 

correctly generate alerts in all 42 cases with no false alarms.  Since the localization module of the 

system is responsible for generating alerts for static hazards, the results validate that the 

localization module is able to localize the worker position with accurate precision.  
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Table 5.1: Accuracy of the System in Detecting Worker Proximity to Static Hazards  

Trial ID # of static hazards 

in the trajectory  

[GROUND 

TRUTH] 

# of accurate 

proximity alerts  

 (True positive) 

# of incorrect alerts  

(False positives) 

# of hazards 

missed 

(False negative) 

OUTDOOR 

Out_P1_trail_1  2 2 0 0 

Out_P1_trail_2  3 3 0 0 

Out_P1_trail_3  3 3 0 0 

Out_P2_trail_1  3 3 0 0 

Out_P2_trail_2  2 2 0 0 

Out_P2_trail_3  2 2 0 0 

Out_P3_trail_1  1 1 0 0 

Out_P3_trail_2  2 2 0 0 

Out_P3_trail_3  1 1 0 0 

INDOOR 

In_P1_trail_1  3 3 0 0 

In_P1_trail_2  3 3 0 0 

In_P1_trail_3  2 2 0 0 

In_P2_trail_1  3 3 0 0 

In_P2_trail_2  3 3 0 0 

In_P2_trail_3  2 2 0 0 

In_P3_trail_1  2 2 0 0 

O_P3_trail_2  1 1 0 0 

O_P3_trail_3  3 3 0 0 

 

Table 2 shows the results for the dynamic hazards. The semantic segmentation module of 

the system is used for detecting dynamic hazards. In total, participants encountered 21 dynamic 

hazards in the outdoor site and 19 hazards in indoor environment in their paths. The system 

correctly detected 19 (of 21) hazards in the indoor site and 17(of 19) hazards in the outdoor test 

environment. In two cases the semantic segmentation module failed to detect wires on the ground 

due to poor lighting conditions and in one case the system failed to detect the reinforcement bars 

lying on the ground. The system also generated three false alarms indicating a presence of dynamic 

hazards even though the subject was actually at a safe distance from the hazards (forklift and 

mobile crane).  
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Table 5.2: Accuracy of System in Detecting Worker Proximity to Dynamic Hazards 

Trial id # of static hazards 

in the trajectory  

[GROUND 

TRUTH] 

# of accurate 

proximity alerts  

 (Tue positive) 

# of incorrect alerts  

(False positives) 

# of hazards missed 

(False negative) 

OUTDOOR 

Out_P1_trail_1  3 3 0 0 

Out_P1_trail_2  3 3 0 0 

Out_P1_trail_3  3 3 0 0 

Out_P2_trail_1  2 2 0 0 

Out_P2_trail_2  3 2 0 1 

Out_P2_trail_3  3 1 0 2 

Out_P3_trail_1  1 1 1 0 

Out_P3_trail_2  1 1 0 0 

Out_P3_trail_3  2 2 0 0 

INDOOR 

In_P1_trail_1  2 2 0 0 

In_P1_trail_2  3 3 0 0 

In_P1_trail_3  3 3 0 0 

In_P2_trail_1  3 3 1 0 

In_P2_trail_2  2 1 0 1 

In_P2_trail_3  2 2 1 0 

In_P3_trail_1  1 1 0 0 

O_P3_trail_2  2 1 0 1 

O_P3_trail_3  1 1 0 0 

 

7. DISCUSSION 

The results indicate that the framework can be applied in construction sites to track workers 

in real-time and also warn them of potential hazards in their proximity. On average, the system 

detected the proximity to static and dynamic hazards with 96% accuracy. For both indoor and 

outdoor environments, the system generated alerts for 100% of the static hazards with no false 

positives (see Figure 6). However, the true positive rate (TPR) for dynamic hazards was 90% and 

95% in outdoor and indoor environments, with the false negative rate (FNR) of 10% and 5% 

respectively.  This can be improved in future by 1) increasing the training data, and 2) further 

optimizing the hyper-parameters.  The system also had 4.7% and 10.5% false positive rates in 

outdoor and indoor environments, which resulted in some false alarms. This can be improved by 

using stereo-cameras as discussed in the future works section. 
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Figure 5.6: Accuracy of the System in Determining Proximity to Hazards  

Even though the applications of the proposed framework are safety monitoring and real-

time alert system, the framework can be used for other applications that primarily require 

simultaneous tracking of entities (people, equipment etc.) and detecting objects in their path (e.g., 

autonomous navigation). Further, the localization pipeline of the system (as a stand-alone system) 

can be used for localizing other project entities such as vehicles, construction equipment etc. 

Similarly, the semantic segmentation pipe that detects dynamic hazards can also be used for other 

detection tasks (such as defect detection). More importantly, the system can overcome the current 

limitations in analyzing eye-tracking data of workers in real-time. This can be beneficial in 

automating and scaling up personalized training and monitoring solutions. The following section 

describes this application in more detail.  

Eye Tracking Analysis for Personalized Training and Monitoring  

Recent studies have shown a great potential for personalized training strategies to improve 

the hazard recognition performance of construction workers (Awolusi et al. 2018; Golovina et al. 
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2016; Jeelani et al. 2017a; Zhang et al. 2013). However, construction management is often 

characterized by one-to-many relationships (e.g., one manager/instructor with many workers), 

which makes personalized training solutions very challenging to implement. Therefore, it is 

important to automate and scale up personalized monitoring and training for improving hazard 

recognition levels. As the first step in this direction, (Jeelani et al. 2018b) presented a novel 

approach to automatically analyze eye-tracking data of workers and provide useful information 

about their visual search behaviors which can be used for personalized training and monitoring. 

The system localized workers (located the positions of workers) in a 3D map of a construction site 

and used wearable eye-tracker to map their gaze behavior and attentional distribution. However, 

the localization algorithm developed in the study was computationally expensive and could not be 

used in real-time.  

Studies (Hasanzadeh et al. 2017; Idris et al. 2019; Jeelani et al. 2017a) have found that a 

strong correlation exists between viewing patterns of workers, captured using eye-tracking 

devices, and their hazard recognition performance. Since there is no efficient tool to map gaze 

fixations of people when they are moving with respect to their visual environment, most of the 

past studies have relied on construction photographs to study workers’ viewing behavior. 

However, studying visual search patterns of workers while viewing a real environment is expected 

to provide a better understanding of the attentional distribution of workers and its impact on hazard 

recognition performance. This data, when collected on a large scale.  

The proposed system in this study can be used to effectively localize the worker’s gaze 

fixations in real-time and evaluate their visual attention behavior with respect to pre-defined areas 

and objects of interests. This is useful in automating and scaling up personalized safety monitoring 

and training. This can also help in studying visual attention behavior of workers on a large scale 
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which can be useful in strategizing effective training solutions and designing effective hazard 

recognition and management practices. The following section briefly explains the extension of the 

proposed system to perform automated and real-time eye tracking analysis. 

System Description 

Pre-processing 

The procedure described in the pre-processing sections of the localization module and 

semantic segmentation module is followed. This results in a global map with pre-identified hazard 

locations shown in Figure 5, and a trained Mask R-CNN model to be used for detecting dynamic 

objects. The network is trained to detect different objects of interests (such as hazards) with respect 

to which attentional distribution is to be determined. 

Obtaining data 

The eye movements are captured by the wearable eye-tracking glasses (e.g., Tobii glasses 

2) equipped with a binocular eye-tracking device with the sampling rate of 100 Hz. It uses a 

technique called Pupil Centre Corneal Reflection (PCCR) technique (Model and Eizenman 2012) 

to obtain the center and direction of eye gaze. This is accomplished using Infrared illuminators 

that illuminate the pupils and sensors that read the reflected beams to determine gaze position and 

direction. The eye-tracking data stream contains the gaze positions of participants at every 0.01 

seconds (Figure 7).  
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Figure 5.7: Excerpt from the exported raw data from eye tracking (Jeelani et al. 2018b) 

Mapping Fixations 

The objective is to obtain the gaze position for every frame of the FPV video for a 

participant, and localize their gaze position with respect to predefined areas or objects of interest. 

This data is ultimately used to determine the participant’s attention distribution and compute 

various metrics that define the participant’s viewing behavior. 

Using the timestamps (ts in Figure 7), the gaze position corresponding to each keyframe is 

extracted and subsequently checked if the gaze position is within any of the detected masks 

obtained from semantic segmentation module (see Figure 4e). Since the average fixation duration 

in a visual search process is about 180 - 275 ms, the conditions must remain true for at least six 

consecutive frames to be counted as a fixation (at 25 fps, 6 frames ~ 240 ms). In that case, the 

fixation is counted for that particular AOI and the duration of that fixation is measured by 

calculating the difference between the first time-stamp when the condition was met and the last 

time-stamp before the check fails. 

Computing Eye-tracking Metrics 

Once the location and duration of fixation are determined, various eye tracking metrics that 

define a person’s viewing pattern can be computed. These include Fixation Counts (FC) that 
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represents the number of distinct objects/areas where a participant has devoted his visual attention, 

dwell time that represents the amount of attention devoted to each area of interest and other visual 

search metrics defined in (Idris et al. 2019).   

8. LIMITATIONS AND FUTURE WORKS 

There are a few limitations that may be addressed in future research. The most significant 

limitation is the inability of the system to determine the subject’s distance from the dynamic 

hazards. Since the system detects dynamic hazards in workers view (image frame from FPV), any 

hazard visible in the frame, irrespective of the distance from the subject, triggers an alert. This 

results in some false alarms as seen in the results. (Note that the limitation only applies to dynamic 

hazards. For static hazards the system can accurately determine the distance of worker from 

hazard area). To avoid this, the future efforts should use stereo-cameras instead of monocular 

cameras to obtain the depth information from the FPV. This will allow the system to estimate the 

distance of the detected object and generate an alert only if the distance is less than a set threshold.  

The other limitation is that the system needs to be trained for each hazardous object present in the 

construction site. This initially requires significant time and effort. However, since the framework 

is based on the transfer learning approach, once the system is trained for a particular construction 

site, a lot of that information can be retained and used to retrain it for the next site. In future, a 

global vocabulary of common construction hazards can be built and a general model trained using 

that vocabulary. This general model can then be retrained using transfer learning approach for a 

few site-specific hazards, which will require less time and effort. 

9. CONCLUSION 

Workers often fail to recognize a significant portion of hazards in their environment. As a 

result, they are exposed to unanticipated safety risks. While training programs have been beneficial 
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in improving the hazard recognition skills of workers, training alone cannot guarantee detection of 

all hazards in the construction environment. Therefore, this study proposes the development of an 

automated worker localization and hazard detection system –“Extra eyes”. The prosed system 

consists of two parallel pipelines that localize a worker on a pre-built global map of a construction 

site and detects their proximity to any static and dynamic hazards. The proposed system uses the 

live video captured using a wearable camera to tracks the worker positions in real-time and warns 

them if they are in proximity to a static or dynamic hazard. The accuracy of the proposed system 

was evaluated using two case studies – one in an outdoor environment and other in an indoor 

construction environment. The results show that the system was able to detect worker proximity 

to all static hazards with no false positives However, the system’s accuracy in detecting dynamic 

hazards was just over 92%.  

In addition to hazard detection, the system can also generate large-scale data that captures 

the safety behaviors of workers and will assist with the recording of near-miss incidents. 

Furthermore, the system can be extended to overcome the challenges in analyzing eye-tracking 

data of workers in real-time. This can be beneficial in automating and scaling up personalized 

training and monitoring solutions. 
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Chapter 6: Conclusions & Future Works 

 

1. INTRODUCTION 

Construction is one of the most important industries employing millions of workers around 

the globe. Unfortunately, construction is also one of the most dangerous industries to work for.  

Every year more than 60,000 workers lose their lives on construction sites (Lingard 2013b). In the 

US, construction accounts for 21% of all occupational fatalities (Bureau of Labor Statistics 2017). 

In addition to the loss of life or physical and emotional distress, the cost of safety incidents 

adversely impacts project success and profit margins (Ahmed et al. 2006, Jaselskis 1996).  

The disproportionate injury rates in construction are largely because the construction 

activities are often carried out in dynamic and rapidly changing environments, which makes it 

challenging for workers and construction professionals to effectively recognize and manage safety 

hazards.  In fact, research around the world reports that about 40%-50% of hazards remain 

unrecognized in the construction environments, which expose construction workers to 

unanticipated risks. Even when the hazard is recognized, it is necessary to put in effective physical 

or procedural barriers to limit the workers’ exposure to hazard. Unfortunately, studies have shown 

that workers often lack the ability to effectively recognize and manage hazards. 

To advance knowledge and practice, the objectives of this research were to understand the 

reasons behind poor safety performance and develop evidence-based interventions to improve 

hazard recognition and hazard management levels in construction. 

The first part of the research (Chapters 2 and 3) was focused on enhancing our 

understanding of the process of hazard recognition to identify the factors that impact hazard 

recognition at the worker level. In this research hazard recognition was examined as an everyday 

visual search task – similar to an individual searching for a product in a supermarket (Graham and 
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Jeffery 2011), a radiologist examining a radiograph for cancerous tissues (Nodine and Kundel 

1987), or a security personnel screening baggage at an airport terminal (Biggs and Mitroff 2015). 

More specifically, using eye-tracking technology, the study aimed to understand visual search 

patterns adopted by workers as they examine work environments for potential hazards – and 

identify search patterns that are associated with superior performance. The work also required the 

development of a novel algorithm to map gaze fixations of workers when they are moving in a 

real-world environment, which would be beneficial in automating and scaling personalized 

training and monitoring efforts. 

The next part of the research (Chapters 4 & 5) focused on developing evidence-based 

interventions to improve hazard recognition and hazard management performance of workers. This 

included the development of immersive training environments using stereoscopic images and 

videos along with virtual elements. These environments were used to deliver novel and 

personalized training program that was effective in improving the hazard recognition and 

management performance of workers. As training alone cannot guarantee detection of all hazards 

in the construction environment, the final part of this research focused developing an automated 

worker localization and hazard detection system that augments worker performance in hazard 

detection. The system tracks the worker positions in real-time and warns them if they are in 

proximity to a static or dynamic hazard. 

2. THEORETICAL AND PRACTICAL RESEARCH CONTRIBUTIONS 

The findings of this research contribute to the body of safety literature and have important 

implications for theory and practice. Study 1 (Chapter 2) found evidence suggesting that visual 

search patterns adopted by workers are predictive of hazard recognition performance. This 

knowledge can be strategically used by employers and trainers to improve hazard recognition 
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levels in the construction industry. Second, the study provides evidence suggesting that training 

interventions can improve visual search patterns adopted by workers which can, in turn, translate 

to superior hazard recognition performance. Third, the research findings identified new factors that 

affect hazard recognition levels. For example, the study demonstrated that human factors such as 

the amount of time a worker devotes to examining the workplace, the degree of attention and visual 

processing allocated to hazard recognition activities, and the spread of visual attention during 

hazard search operations can all affect hazard recognition levels. These findings question the 

adequacy of traditional training practices that only focus on transferring safety knowledge – while 

ignoring other human factors that can affect performance. Therefore new interventions and 

practices that are cognizant of such human factors that impact performance must be developed, 

adopted, and tested. This research can serve as a foundation for such future efforts. 

Study 2 (Chapter 3) developed the first automated system to map gaze fixations of moving 

subjects. This helped to automate the analysis of eye-tracking data, which enables us to analyze 

the viewing behavior of workers on a much larger scale. This is useful for automating and scaling 

up of personalized safety training and monitoring, which is currently challenging to implement 

due to the one-to-many relationship between workers and safety managers (i.e., one 

manager/instructor with many workers). Studying viewing behavior of a large number of workers 

will also help us understand the common patterns in the attention distribution.  This information 

can be useful in designing efficient safety measures and training. Furthermore, large data can also 

help us understand the relationship between viewing behavior and hazard recognition. 

Study 3 (Chapter 4) demonstrated the use of stereo-panoramic images and videos along 

with virtual elements to develop highly realistic construction environments for assessing the 

performance of construction workers and providing them personalized hazard recognition and 
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management training. The study integrated various innovative training elements to develop a 

robust and personalized training protocol aimed at improving hazard recognition and management 

skills of construction professionals and workers. These include visual cues for systematic hazard 

search, accident simulations for near-miss experience, personalized and focused feedback, virtual 

site walkthrough, and hazard management training. The training protocol was tested and the results 

indicated 39% and 44% improvement in hazard recognition and hazard management skills of the 

participants respectively. Although the developed training protocol focused on improving hazard 

recognition and management skills of construction workers, the presented work can be applied to 

other domains as well.  The stereo-panoramic scenes and the virtual construction site (along with 

all accident simulations, visual cues) have been integrated on a user-friendly windows based 

application. This enables the use of the training protocol as a plug-and-play system with just basic 

computer knowledge. In addition, advanced users and researchers (with some image processing 

and C# scripting expertize) can use the framework presented in this study to develop their own 

immersive training and communication solutions and extend the application for other purposes, 

such as 3D visualization of complex building elements, task planning, site-to-office and office-

site-communication, remote virtual inspections etc. 

Study 4 (Chapter 5) presented the development of a novel integrated system that localizes 

workers on a construction site and detects their proximity to static and dynamic hazards. Unlike 

existing warning systems, the proposed system uses no sensors except a wearable camera. The 

system can be applied in construction sites to track workers in real-time and also warn them of 

potential hazards in their proximity. On average, the system detected the proximity to static and 

dynamic hazards with 96% accuracy. The system will augment human workers’ ability to detect 

and recognize hazards in their environment. The presented framework can also be used for other 
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applications that primarily require simultaneous tracking of entities (people, equipment etc.) and 

detecting objects in their path (e.g., autonomous navigation). Further, the localization pipeline of 

the system (as a stand-alone system) can be used for localizing other project entities such as 

vehicles, construction equipment etc. Similarly, the semantic segmentation pipe that detects 

dynamic hazards can also be used for other detection tasks (such as defect detection). More 

importantly, the system can overcome the current limitations in analyzing eye-tracking data of 

workers in real-time. This can be beneficial in automating and scaling up personalized training and 

monitoring solutions. 

3. FUTURE RESEARCH 

As the literature on human factors and safety interventions are growing rapidly, future 

efforts may focus on evaluating the effects of additional visual search metrics and other 

physiological and psychological factors on hazard recognition performance. Such research can be 

fundamental in addressing the issue of poor safety performance in construction workplaces. In 

addition, the work presented in this research can be extended beyond construction safety to 

examine the effects of viewing behavior may be studied on other aspects of worker performance 

(e.g., productivity, quality etc.). 

Future efforts canalso focus on studying the long-term impacts of the immersive training 

protocol developed in this research. While the authors believe that the training effects will persist 

as long as learned concepts are reinforced through continuous training, future studies focusing on 

the long-term effects of the training will be useful. In addition to this, the training protocol required 

capturing stereo-panoramic videos with 3D-360 camera rigs. High-resolution camera rigs that 

capture stereo-360 views are quite expensive and can add to the project cost. Future research efforts 

should focus on developing robust stitching and stereo matching algorithms that will enable the 
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use of off-the-shelf cameras for capturing stereo-panoramic videos and lower the cost of providing 

such training. 

The worker localization and hazard detection system developed in this research can be 

improved in future research efforts. The future efforts should use stereo-cameras instead of 

monocular cameras to obtain the depth information from the scene. This would overcome the 

current limitation of the system that results in occasional false alarms. Further, future efforts should 

focus on creating a global vocabulary of common construction hazards. This would make Extra-

Eyes easy to implement in any site with limited or no re-training. 

Finally, “To err is human”. While every effort should be taken to train the workers to 

detect, perceive and control hazards, there is no foolproof system of avoiding human error. 

Therefore, we must seek the help of technology to assist human workers in certain tasks to enhance 

their performance, and automate high-risk tasks in order to eliminate the need for putting human 

workers at risk. With the advancement in the field of computer vision and machine learning, 

computers have an amazing ability to be trained to perform various tasks, which they often perform 

very efficiently with minimal error.  For example, a vision based object detection system can be 

developed that uses images collected from a UAV to detect specific abnormalities in the roofs in 

real time. This would eliminate the need for humans to conduct a manual inspection of roofs, which 

exposes inspectors and workers to high risk very frequently. Similarly, other tasks that currently 

require human inspection can be automated as well.  
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