
 

 

 

 

 

 

 

 

 

 

Copyright 

by 

Seok Ho Chi 

2010 

 

 



The Dissertation Committee for Seok Ho Chi Certifies that this is the approved 
version of the following dissertation: 

 

 

MODELING OBJECT IDENTIFICATION AND TRACKING 

ERRORS ON AUTOMATED SPATIAL SAFETY ASSESSMENT OF 

EARTHMOVING OPERATIONS 

 

 

 

 

 
Committee: 
 

Carlos H. Caldas, Supervisor 

William J. O’Brien 

Cindy L. Menches 

Zhanmin Zhang 

Benjamin Kuipers 



MODELING OBJECT IDENTIFICATION AND TRACKING 

ERRORS ON AUTOMATED SPATIAL SAFETY ASSESSMENT OF 

EARTHMOVING OPERATIONS 

 

 

by 

Seok Ho Chi, B.E.; M.S.E. 

 

 

 

Dissertation 

Presented to the Faculty of the Graduate School of  

The University of Texas at Austin 

in Partial Fulfillment  

of the Requirements 

for the Degree of  

 

Doctor of Philosophy 

 

 

The University of Texas at Austin 

May 2010 

 



 

 

 

Dedication 

 

To my beloved wife, Gina 

사랑하는 아내 진아에게 

 

 

 

 

 



v 
 

 

 

 

 

Acknowledgements 

 

It is very delightful for me to complete one milestone and be at the beginning of a 

long journey of new scholarly life. First, I would like to express my sincere appreciation 

of my supervisor, Prof. Carlos H. Caldas. He strongly trusted and supported me in 

research, education, and decision making. I also deeply appreciate my committee 

members; Prof. William O’Brien, Prof. Cindy Menches, Prof. Zhanmin Zhang, and Prof. 

Benjamin Kuipers for insightful suggestions and the time we spent discussing my 

research. Special thanks to Dr. Mike Murphy at CTR for financial support and kind 

advice on my doctoral life. 

Thanks to CEPM colleagues, Korean Catholic church families, and friends in civil 

engineering. Special thanks to God and my beloved family; my mom, dad, father-in-law, 

mother-in-law in heaven looking down, grandmother, sisters, brothers-in-law, sister-in-

law, and sweet nephews and nieces for their love and support. 

I extend my deepest gratitude to my wife Gina and son Alex. Alex always made 

me happy and cheered me up. Biggest appreciation to Gina, without her endless love and 

support, this work would never have been possible. I would like to dedicate this 

dissertation to Gina. 



vi 
 

MODELING OBJECT IDENTIFICATION AND TRACKING 

ERRORS ON AUTOMATED SPATIAL SAFETY ASSESSMENT OF 

EARTHMOVING OPERATIONS 

 

Publication No._____________ 

 

 

Seok Ho Chi, Ph.D. 

The University of Texas at Austin, 2010 

 

Supervisor:  Carlos H. Caldas 

 

Recent research studies have been conducted for automating the safety assessment 

process in order to identify risks and safety hazards on a job site without human 

intervention. Regardless of the benefits of automated assessment, safety planners still 

face challenges selecting applicable devices, methods, and algorithms for safety 

assessment. This is due to the fact that (1) such devices, methods, and algorithms 

typically have measurement and processing errors, (2) construction operations and sites 

are unique and complex, and (3) the impact of the errors is different depending on 

workspaces. 

The primary objective of this research is to develop an error impact analysis 

method to model data collection and data processing errors caused by image-based 

devices and algorithms and to analyze the impact of the errors for spatial safety 

assessment of earthmoving and surface mining activities. The literature review revealed 
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the possible causes of accidents on earthmoving activities, investigated the spatial risk 

factors of these types of accident, and identified spatial data needs for safety assessment 

based on current safety regulations. Image-based data collection devices and algorithms 

for safety assessment were then evaluated. Analysis methods and rules for monitoring 

safety violations were also discussed. A testbed to model and simulate workspaces and 

related spatial safety violations was finally designed. Using the testbed, the impacts of 

image-based algorithm and device errors―more specifically, object identification and 

tracking errors―on the data collected and processed were investigated for the safety 

planning purpose. 

Field experiments assessed the feasibility of automated spatial data collection and 

analysis methods. Industrial project and safety experts verified the proposed safety rules 

and the testbed design. Computer simulations were conducted for testing the proposed 

testbed. The testbed was used to model several earthmoving operation scenarios, detect 

simulated safety violations using safety rules, and finally evaluate the impact of different 

object identification and tracking errors on the safety analyses. 

The result of this research could be used for improving site safety assessment and 

planning by assisting safety planners to understand workspaces and to evaluate errors 

related to the use of different image-based technologies for safety assessment of 

earthmoving and surface mining activities. 
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Chapter 1 Introduction 

 

1.1 BACKGROUND 

The Occupational Safety and Health Administration (OSHA) states that 

employers are responsible for providing workers with a safe working environment 

(Wilson and Koehn, 2000). Contractors should manage the safety of not only its own 

employees but also the employees of the various subcontractors involved in the project. 

Thus, contractors need to have sufficient knowledge of safety procedures in the working 

environments. Subcontractors are faced with the same responsibility; they should manage 

their employees and protect them from recognized hazards. Safety management includes 

the methods for controlling safety policies, procedures, and practices within construction 

projects. Safety management is usually a planning-stage activity, involving the 

investigation of potentially unsafe actions and conditions and preventing them on 

construction sites. 

In general, operation and maintenance manuals, as well as worker training and 

orientation are fundamental elements of safety management (Heberle, 1998; Reese and 

Eidson, 2006). These initiatives have played an important role for educating workers not 

only to achieve safer working environments but also to identify unsafe actions and 

conditions on sites. In research conducted by the Lincoln Nebraska Safety Council in 

1981, survey results from 143 national companies showed 52% more accidents occurred 
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when the company did not have an orientation program for new employees (Reese and 

Eidson, 2006). In addition, if the company did not perform safety training, about 60% 

more accidents happened, and no written safety instructions resulted in an over 100% 

increase in the rate of accidents on the job sites. Moreover, Toole (2002) warned that 

workers who have not been trained may not be able to recognize and avoid hazards 

associated with their work duties.  

Along with appropriate training, safety incentives are another good method for 

effective safety management. Safety incentives motivate employees to hold a more 

positive attitude toward their work so that safer performance is both encouraged and 

rewarded (Hinze and Wilson, 2000; Reese and Eidson, 2006). Goodrum and Gangwar 

(2004) discovered that positive worker motivation could be simulated by incentives and 

by companies having a safety incentive program had lower lost-time and reduced 

accident rates than companies without such programs.  

In addition to these general approaches, recent research has been performed to 

look for ways to improve the quality and effectiveness of safety management. Some 

researchers proposed zero-accident techniques to help owners and contractors accomplish 

zero-accident rates on their construction sites (Zero Accidents Task Force, 1993; Hinze 

and Wilson, 2000). They identified several high-impact safety techniques, such as pre-

project planning for safety, safety orientation and training, safety incentive programs, 

alcohol and substance abuse programs, and accident investigations. The researchers then 

conducted a survey to examine the changes made when these techniques were applied to 

construction projects. Moreover, Hinze (2006) emphasized the importance of pre-task 
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planning for sustainable safety improvement. The pre-task planning encouraged the crew 

to discuss the work to be performed and the hazards that were likely to be encountered 

during pre-task meetings. The crew is then able to modify its work plan to improve 

safety. MacCollum (2007) designed a hierarchical safety control matrix for evaluating 

safety designed to identify and prevent hazards. He suggested five steps for hazard 

identification and prevention in the matrix: eliminating the hazard, providing vigilance to 

prevent the hazard from appearing, providing safety factors to minimize the hazard, using 

redundancy oversight for a group of safeguards, and calculating a system’s ability to 

succeed. 

Furthermore, according to Gambatese and Hinze (1999), project designers can 

also have an impact on the safety practices encountered on the sites; these designers can 

influence construction worker safety through their design decisions. By including the 

consideration of worker safety in a project’s design phase, they may be able to improve 

on-site safety as well as to decrease costs in terms of lower contractors’ expenses 

stemming from reduced insurance rates. Gambatese et al. (2005) also showed that heavy-

equipment-related hazards such as being struck by equipment or being caught in 

accidents with it were able to be addressed by design choices prior to workers’ exposure 

to equipment on the job sites. In addition, Hinze et al. (2005) emphasized that the amount 

of manpower, the size of heavy equipment machinery, and the equipment fleet and layout 

should be properly designed and planned for in terms of improving safety. 

In an effort to improve safety management, Kartam (1997) developed a safety 

system and integrated a knowledge-intensive system for construction safety and for 
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health performance monitoring. This system identified general safety hazards and issues 

associated with broadly classified schedule activities. Carter and Smith (2006) introduced 

a model to assist engineers in producing method statements with higher levels of hazard 

identification. They utilized a central safety database containing information about 

construction tasks, hazards, and the inter-relationships among them. 

 

1.2 SAFETY ASSESSMENT FOR HEAVY EQUIPMENT OPERATION 

Construction sites are typically equipment-intensive and more than a thousand 

workers die every year in the United States due to heavy-equipment-related fatalities. The 

Bureau of Labor Statistics (BLS) in the United States analyzed primary and secondary 

sources of machinery-related fatalities, from 2003 to 2006, based on heavy equipment 

types (Table 1.1). They reported that 1,644 (34%) of the total 4,796 fatalities resulted 

from the operation of six common types of heavy equipment machinery: excavating 

machinery, loaders, road grading and surfacing machinery, cranes, trucks, and forklifts. 

 

Table 1.1 Fatalities summarized by heavy equipment types (BLS, 2003-2006) 

Year Total 
Fatali
-ties 

Excavating 
Machinery 

Loader Road
Grading/ 
Surfacing 
Machinery

Crane Truck Fork-
lift 

Total %

2003 1,131 65 22 12 30 221 29 379 34%
2004 1,234 56 21 26 40 254 26 423 34%
2005 1,192 59 14 29 33 266 33 434 36%
2006 1,239 65 17 21 27 261 17 408 33%
Total 4,796 245 74 88 130 1,002 105 1,644 34%
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Among many construction activities, earthmoving and surface mining are 

specifically heavy-machinery-intensive, because several pieces of heavy equipment are 

working simultaneously for loading, hauling, and dumping operations. The Mine Safety 

and Health Administration (MSHA) in the United States reported that more than 30% of 

the total fatalities in coal and metal/nonmetal mining were caused by heavy machinery 

from 2004 to 2008 (Table 1.2). 

Table 1.2 Heavy-machinery-related fatalities in mining activities (MSHA, 2009a) 

Year Total Fatalities Haulage 
Trucks

Other 
Machinery

Total % 

2004 56 16 15 31 55%
2005 58 26 11 37 64%
2006 73 16 7 23 32%
2007 67 12 11 23 34%
2008 52 15 13 28 54%
Total 306 85 57 142 46%

 

Given these statistics, many researchers have looked at positive ways to achieve a 

safer working environment by trying to identify risks and safety hazards on a job site. In 

general, job site safety has mostly been monitored and assessed based on manual 

inspections. Worksite supervisors, such as project managers, superintendents, safety 

managers or foremen investigate site hazards and report them to be either safe or unsafe 

using safety checklists (Figure 1.1). Besides on-site hazard inspections, all construction 

accidents need to be recorded and reported. According to safety regulations, all 

employers should keep records of workplace injuries and illnesses and report any work-

related deaths or hospitalizations of employees (29 Code of Federal Regulations 1904 
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“Recording and Reporting Occupational Injuries and Illness) (OSHA, 2008). Using report 

forms, the incident type, the level of injury and damage, and the probable causes of the 

accident can be tracked (Figure 1.2). 

 

 

Figure 1.1 Safety observation checklist (Salem et al., 2007) 

 

Figure 1.2 Report of incident/near-miss investigation form (Reese and Eidson, 2006) 
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Although such efforts have contributed to improving construction safety, they 

have relied highly on the observer’s competency in recognizing and measuring the 

acceptability or unacceptability of safety conditions (Ahmad and Gibb, 2004). In 

addition, such human observations are time-consuming, and it is almost impossible for 

observers to monitor site safety at all times; accidents are likely to arise suddenly.  

For these reasons, recent research studies have been conducted on automating the 

safety assessment process. Teizer et al. (2005) investigated three-dimensional sensing and 

modeling methods to detect and track construction resources, which had the potential to 

improve safety on job sites. Teizer and Vela (2009) also evaluated performances of 

different worker tracking algorithms using video cameras for surveillance purposes. 

Giretti et al. (2008) introduced an advanced safety management system to monitor 

positions of workers and heavy equipment in outdoor construction sites by utilizing 

Ultra-Wide Band (UWB) technology. Carbonari and Giretti (2009) also investigated 

worker tracking algorithms using UWB systems for preventing workers from being 

involved in hazardous situations. Chae and Kano (2005) analyzed the performance of 

RFID technology for detecting the location of laborers working on rolling shutter 

installation. Using the same technology, Chae (2009) also developed a personal warning 

system for preventing collision accidents between workers and heavy equipment.  
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1.3 PROBLEM STATEMENT 

Regardless of the benefits of automated monitoring and assessment, safety 

planners still face challenges selecting applicable devices, methods, and algorithms for 

safety assessment. This is due to the fact that (1) construction operations and sites are 

unique and complex, (2) such devices, methods, and algorithms typically have 

measurement and processing errors and (3) the impact of the errors is different depending 

on workspaces. For example, Teizer et al. (2005) indicated that the occupancy grid 

algorithm resulted in below 11% in positioning errors, 18-22% in dimension 

measurement errors, and about 5% in moving speed estimation errors. They also revealed 

limitations due to the short range coverage and the noisy outdoor performance of 3D 

imaging cameras. As another example, Teizer and Vela (2009) showed that several 

image-based tracking algorithms, including mean-shift and Baysian ones, used for worker 

tracking resulted in different tracking errors. Given these device, method, and algorithm 

errors, there is a need to develop methods to evaluate the impact of errors caused by 

algorithms and devices on the data collected and processed for safety assessment of 

specific construction operations. 
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1.4 RESEARCH OBJECTIVES 

The primary purpose of this research is to develop an error impact analysis 

method to model data collection and data processing errors caused by image-based 

devices and algorithms and to analyze the impact of the errors for spatial safety 

assessment of earthmoving and surface mining activities. The specific research objectives 

are the following: 

1. Determine the spatial data needs for automated safety assessment of 

earthmoving and surface mining activities. 

a. Investigate the risk factors on earthmoving and surface mining 

activities and determine the spatial data needed to automate the safety 

assessment processes. 

2. Investigate image-based devices and algorithms that can collect the data 

needed for spatial safety assessment and determine safety rules. 

a. Identify image-based data collection devices and algorithms that can 

model safety violations. 

b. Investigate methods to process spatial data in order to promote more 

informed and efficient safety decision making. 

3. Model image-based data collection and processing errors on spatial safety 

assessment of earthmoving operations. 

a. Design a testbed to model workspaces, to simulate equipment 

operations, and to detect related safety violations. 
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b. Analyze the impact of errors caused by image-based algorithms and 

devices on data collection and data processing. 

 

1.5 RESEARCH CONTRIBUTIONS 

The main contributions of this research include the following: 

1. Identification of the data needs for automated spatial safety assessment of 

earthmoving and surface mining activities. 

2. Investigation of image-based data collection devices and algorithms for spatial 

safety assessment of earthmoving and surface mining activities. 

3. Determination of safety rules that should be considered for spatial safety 

assessment. 

4. Design of a testbed to model workspaces, simulate heavy-equipment 

operations, evaluate safety-related violations, and analyze the impact of errors 

for selected image-based devices and algorithms. 

 

1.6 POTENTIAL IMPACT 

The results of this research can be used for improving site safety assessment and 

planning by assisting safety planners to understand workspaces and to evaluate errors 

related to the use of different image-based technologies for safety assessment of 

earthmoving and surface mining activities. 
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1.7 RESEARCH SCOPE AND LIMITATIONS 

The scope of this research is limited to earthmoving and surface mining activities, 

more specifically, loading, hauling and dumping operations. In addition, this research 

only considered image-based devices and algorithms for data collection and data 

processing, and the error analysis method was developed for an image-based safety 

assessment for planning purposes. Figure 1.3 illustrates the relationship between this 

research and other studies in the field. Most studies have focused on specific device and 

algorithm analysis and site implementation for safety risk identification. However, this 

research aims to propose an evaluation method during construction planning, explaining 

how different technologies impact the performance of safety risks identification. 

 

 

Figure 1.3 Research scope 

ERROR IMPACT ANALYSIS FOR SPATIAL SAFETY ASSESSMENT DURING 
CONSTRUCTION PLANNING
Model data collection and data processing errors
Evaluate how modeled errors impact the performance of safety risk identification

DEVICE AND ALGORITHM SELECTION
Evaluate the performances of different image-based data collection and processing 
devices and algorithms
Select most suitable device and algorithm for the project

REAL-TIME SAFETY RISK IDENTIFICATION
Install systems on a site
Monitor heavy equipment operations in real time
Detect safety risks contributing to accidents

EXISTING STUDIES

THIS RESEARCH
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1.8 RESEARCH METHODOLOGY 

The methodology for achieving the research objectives is summarized in Figure 

1.4. The course of this research begins with a literature review on the safety aspects of 

earthmoving and surface mining activities, including loading, hauling, and dumping 

operations. The literature review revealed the possible causes of accidents for each 

activity, investigated the risk factors of these types of accident, and identified spatial data 

needs for safety assessment based on current safety regulations. Once the literature 

review was completed, the task of analyzing image-based data collection and 

interpretation methods got under way. Image-based data collection devices and 

algorithms for safety assessment were evaluated. Analysis methods and rules for 

monitoring safety violations were also discussed. The next step was the design of a 

testbed to model and simulate workspaces as well as related safety violations. The impact 

of errors caused by image-based algorithms and devices on the data collected and 

processed for safety analyses was investigated. Computer simulations were conducted for 

testing the proposed testbed. Finally, conclusions and recommendations were derived 

from the research results.
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Figure 1.4 Research methodology

RESEARCH QUESTION
How to develop methods to evaluate the impact of errors caused by image-based 
algorithms and devices on the data collected and processed for safety assessment?

RESEARCH OBJECTIVES
Determine the spatial data needs for automated safety assessment
Investigate image-based devices and algorithms for collecting data needs 
Determine safety rules using the collected data for spatial safety assessment
Model data collection and processing errors on spatial safety assessment

LITERATURE REVIEW: IDENTIFICATION OF SPATIAL DATA NEEDS 
FOR AUTOMATED SAFETY ASSESSMENT
Examine possible causes of accidents on earthmoving operations
Investigate risk factors, safety regulations, and best practices
Identify spatial data needs for automated safety assessment

PROBLEM STATEMENT

TESTING AND RESULTS
Safety rule verification: Industrial standards and safety experts’ opinions
Testbed’s design verification: Safety experts’ opinions
Testbed’s performance testing: Simulation with various scenarios and different data 
accuracies, and sensitivity analysis of testbed results

CONCLUSIONS AND RECOMMENDATIONS

INVESTIGATION OF IMAGE-BASED DEVICES AND ALGORITHMS FOR 
COLLECTING IDENTIFIED DATA NEEDS

DESIGN OF AN ERROR IMAPCT ANALYSIS MODEL FOR SPATIAL 
SAFETY ASSESSMENT
Design a testbed to model workspaces and simulate earthmoving operations
Design a testbed to apply data collection and processing errors caused by image-based 
devices and algorithms as well as safety rules to detect safety risks
Analyze the impact of errors on the performance of safety risk identification

DETERMINATION OF SAFETY RULES USING THE COLLECTED DATA 
FOR SAFETY DECISION MAKING
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Chapter 2 Literature Review 

 

2.1 EARTHMOVING AND SURFACE MINING ACTIVITIES 

Earthmoving is engineering work that occurs through the moving of massive 

amounts of soil or unformed rock (Peurifoy and Schexnayder, 2002). Earthmoving is 

basically an operation in which material is removed from high spots and deposited in low 

spots for filling deficits or cutting excess material. The work of excavating, leveling, and 

piling up are considered to be earthmoving activities. Similarly, surface mining is an 

activity associated with mineral excavation and recovery carried out at the earth’s surface 

(NIOSH, 2001).  

In general, loading, hauling, and dumping are fundamental operations for 

earthmoving and surface mining. In an earthmoving project, material is loaded from a cut 

area, hauled to a dumping area such as a fill area or a soil stockpile, and dumped. In 

surface mining, material is loaded from a quarry, hauled away, and dumped into a 

crusher. The crushed material is then loaded again onto haulage trucks for commercial 

delivery. Figure 2.1 shows an example of the layout of the limestone quarry and its 

regular work routine. 

 



 15

 

Figure 2.1 Examples of surface mining activities 

 

2.2 ACCIDENTS IN EARTHMOVING AND SURFACE MINING ACTIVITIES 

As the first step for identifying the data needs for safety assessment, accident 

categories of earthmoving and surface mining activities were investigated. Figure 2.2 

shows common activities, including loading, hauling, and dumping operations, on either 

an earthmoving or surface mining project and classifies the possible accident types of 

each activity (NIOSH, 1998; MSHA, 1999; NIOSH, 2001; MSHA, 2001). 

 



 16

Earthmoving &
Surface Mining

ACTIVITIES

ACCIDENTS

LOAD HAUL DUMP OTHERS

Rolled over
Collision
Bounced or jarred
Pinned between
Contacted powerline
Others

Fell over road edge
Hung up on road edge
Rolled over
Collision
Bounced or jarred
Contacted powerline
Others

Fell over edge
Hung up on edge
Rolled over
Collision
Bounced or jarred
Contacted powerline
Others

 

Figure 2.2 Typical activities and accidents of earthmoving and surface mining 

 

According to the literature review (NIOSH, 1998; MSHA, 2001), the loading 

operation might cause “rolled over” (i.e., quarter rolls and other rolls on the same or a 

lower level), “collision” (i.e., collision with mobile equipment or other large stationary 

objects), “bounced or jarred” (i.e., a sudden release of energy that causes the machine to 

bounce or lurch forward or backward), “pinned between” (i.e., pinning between the 

bucket and frame of skid steer loaders or between the lift arms and frame), or “contacted 

power line” (i.e., contact with overhead power lines) accidents (MSHA, 1999; NIOSH, 

2001). Next, the hauling operations may cause “fell over road edge” (i.e., traveling over a 

road edge and falling down to rest at a lower level), “hung up on road edge” (i.e., 

traveling onto a road edge and getting stuck without falling over), “rolled over,” 

“collision,” “bounced or jarred,” or “contacted power line” accidents. The dumping 
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operations might cause “fell over the edge” (i.e., traveling through berms and falling over 

the edge), “hung up on edge,” “roll over,” “collision,” bounced or jarred,” or “contacted 

power line” accidents. 

 

2.3 RISK FACTORS OF ACCIDENTS 

Following the investigation of accident causes, risk factors contributing to 

accident potential were analyzed. Figure 2.3 shows an example of risk assessment 

diagrams on loading, hauling, and dumping operations. Heavy-machinery-related 

accidents and their risk factors were reviewed from the Mine Safety and Health 

Administration’s and National Institute of Occupational Safety and Health’s fatality 

investigation reports and operation safety handbooks (NIOSH, 2001; NIOSH, 2007; 

MSHA, 1999; MSHA, 2001; MSHA, 2009b; MSHA, 2009c). For example, a fatality 

report about a stuck-by accident between a surface driller and a flatbed truck in 2009 

indicated inadequate signs, limited visibility, high operation speed, workers’ carelessness, 

etc. as risk factors that resulted in the accident (MSHA, 2009c). Such risk factors 

identified were then categorized into three high-level risk factors: mechanical/hydraulic 

failures, operators’ errors, and poor operating conditions. 
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(a) Loading operation 

Figure 2.3 Risk assessment diagrams on loading, hauling, and dumping operations
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(b) Hauling operation 

Figure 2.3 continued
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(c) Dumping operation 

Figure 2.3 continued
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In general, mechanical or hydraulic failures such as defective brakes, carelessness 

of operators, excessive operation speeds, inadequate rules and signs, congested working 

areas, and poor ground surface conditions such as uneven ground and icy surface 

conditions can result in any kind of accident as shown in the risk factors depicted in 

Figure 2.3 (MSHA, 1999; NIOSH, 2001; MSHA, 2001; MSHA, 2009b). Poor site layout, 

curved roads, or large-scale heavy equipment machinery may create limited visibility, 

and accidents may happen at blind spots with limited visibility. Overloaded material can 

influence machine rollover, bouncing, or lurching. Power lines that are close enough to 

the ground can be hit by operating equipment. Operation-specifically, the undercutting of 

a material stockpile, that is, removing material from the base of the pile so that it 

compromises the stability of the pile, may result in instability of edge conditions in the 

loading and dumping operations. Such pile collapse can cause the rollover of machinery. 

Poor berm conditions or missing ones may cause “fell over edge,” “hung up on edge,” or 

“rolled over” accidents in hauling and dumping operations. A berm here has been defined 

as “a pile or mound of material intended to assist in preventing mobile equipment from 

traveling over the edge of a bank. Berms are normally used along the edge of haulage 

roads and dump sites” (NIOSH, 2001).  

Among the risk factors examined, the safety assessment processes presented in 

this dissertation deal with risk factors associated with operator errors since the other two 

categories, poor operating conditions and mechanical/hydraulic failure, lean more toward 

design and maintenance perspectives. As shown in the diagrams, specific risk factors 

causing operator errors include excessive operation speeds, limited visibility to objects, 



 22

access to unstable piles, ground, or edges, close access to berms, and traveling through 

berms or road edges. These risk factors can be categorized into three major risk factors: 

(1) excessive operation speeds, (2) dangerous access to the following areas; unstable 

piles, unstable ground, berms, road edges, etc., and (3) close proximity between objects. 

 

2.4 SAFETY REGULATIONS ON SELECTED RISK FACTORS 

To identify spatial data needs supporting automated safety assessment by 

detecting the identified safety risk factors, safety regulations and best practices on 

selected risk factors were reviewed first. The Mine Safety and Health Administration 

enforces the Mine Act and Title 30 of the Code of Federal Regulation (30 CFR) (MSHA, 

2008). The regulations showed that how they act for addressing risk factors. Table 2.1 

describes risk factors and related safety regulations. 
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Table 2.1 Risk factors and safety regulations (MSHA, 2008) 

No. Risk 
Factor 

Safety 
Regulation 

Content

1 High 
operation 
speed 

56/57.9100 The section requires, in part, that rules governing speed be 
established and followed at all times. 

56/57.9101 The section requires, in part, that equipment operating speeds be 
consistent with conditions of roadways, grades, clearance, 
visibility, traffic, and the type of equipment used. 

77.1607(c) The section requires that equipment operating speeds be prudent 
and consistent with conditions of roadway, grades, clearance, 
visibility, traffic, and the type of equipment used. 

2 Access to 
dangerous 
areas 

56/57.9000 The section defines a "berm" as a pile or mound of material 
along an elevated roadway capable of moderating or limiting the 
force of a vehicle in order to impede the vehicle's passage over 
the bank of the roadway. 

56/57.9300(a) The section requires that berms or guardrails be provided and 
maintained on the banks of roadways where a drop-off exists of 
sufficient grade or depth to cause a vehicle to overturn or 
endanger persons in equipment. 

77.1605(k) The section requires that berms or guards be provided on the 
outer bank of elevated roadways. 

56.3200 The section requires that ground conditions creating a hazard to 
persons shall be taken down or supported before other work or 
travel is permitted in the affected area. Until corrective work is 
completed, the area shall be posted with a warning against entry 
and, when left unattended, a barrier shall be installed to impede 
unauthorized entry. 

56.3430 The section requires that persons shall not work or travel 
between machinery or equipment and the highwall or bank 
where the machinery or equipment may hinder escape from falls 
or slides of the highwall or bank. 

56/57.9304(b) The section requires that, where there is evidence that the ground 
at a dumping location may fail to support the mobile equipment, 
loads be dumped a safe distance back from the edge of the 
unstable area of the bank. 

56/57.9306 The section requires, in part, that areas be conspicuously marked 
where restricted clearance creates a hazard to persons on mobile 
equipment. 

77/1600(c) The section requires, in part, that areas of haulage roads be 
conspicuously marked where clearance presents a hazard. 

77.1608(b) The section requires that, where the ground at a dumping place 
may fail to support the weight of a loaded dump truck, trucks be 
dumped a safe distance back from the edge of the bank. 

3 Close 
proximity 
between 
objects 

56/57.9305(a) The section requires that if truck spotters are used, they be in the 
clear while trucks are backing into dumping position or 
dumping. 

77.1607(a) The section requires that passing be limited to areas of adequate 
clearance and visibility, and vehicles follow at a safe distance. 
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2.5 BEST PRACTICES AND SPATIAL DATA NEEDS FOR SAFETY ASSESSMENT 

For each of the risk factors, best practices in terms of safety regulations were 

reviewed from the Mine Act and Title 30 of the Code of Federal Regulation (30 CFR) 

(MSHA, 2008), fatality investigation reports (NIOSH, 2007; MSHA, 2009b; MSHA, 

2009c), and earthmoving operation handbooks (MSHA, 1999; MSHA, 2001; NIOSH, 

2001) and data needs to support safety assessment were identified. Table 2.2 summarizes 

the mitigating risk factors, best practices, and data needs. 

Table 2.2 Best practices (MSHA, 1999; MSHA, 2001) and data needs 

No. Risk Factor Best practice Data need 
1 High 

operation 
speed 

Operators should follow the speed limits selected to keep 
the equipment operating within the capabilities of their 
braking systems. 

Moving speed

On curves, the speed must be limited to allow adequate 
traction. 

2 Access to 
dangerous 
areas 

Berms should give the driver a visual indication of the 
location of the roadway edge and the driver should operate 
the vehicle without contacting berms. 

Proximity to a 
road edge 

Operators should keep a vehicle back from the edge of the 
slope by a distance equal to at least the width of the berm. 
Operators should not attempt to dump over the edge of the 
pile. 

Proximity to a 
dumping edge 

Operators should back up perpendicular to the berm, not at 
an angle to the dumping edge. 
Operators should use the berm as a visual indicator only, 
do not use it or rely on it to stop the truck. 
The hazard area shall be posted with a warning against 
entry and, when left unattended, a barrier shall be installed 
to impede unauthorized entry. 

Proximity to 
dangerous areas (a 
hazard area, an 
area between 
machinery and 
highwall, and a 
unstable edge)

Work or travel between machinery or equipment and the 
highwall or bank shall be prohibited. 
Access to the unstable edge of the dumping area shall be 
restricted.  

3 Close 
proximity 
between 
objects 

Where vehicles appear to be following one another too 
closely, the stopping distance can be used for guidance on 
the distance that should be maintained between vehicles. 

Stopping distance, 
proximity to other 
vehicles 

Operators should check adequate clearance and visibility, 
especially to blind spots, before operation. 

Proximity to other 
objects 
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Table 2.2 showed that the fundamental spatial data needs supporting safety 

decision making include (1) moving speeds, (2) access (proximity) to dangerous areas, 

and (3) proximity to other objects and stopping distances. Examples of dangerous areas 

include road edges, dumping edges, specified hazard areas, areas near highwalls, and 

unstable edges of the dumping area.  

Such spatial data can be obtained using three-dimensional (3D) information about 

the job site components’ and equipments’ positions. The obtained data can be utilized as 

fundamental sources for safety assessment of earthmoving and surface mining activities, 

more specifically, loading, hauling, and dumping operations. 

Before acquiring these data, two pre-requisite steps need to be considered. First of 

all, “3D object tracking” is necessary because proximity and object speed can be 

estimated using three-dimensional information of object positions. Devices for 3D spatial 

data acquisition need to be analyzed and employed for object tracking. Second, “object 

identification” is also required since not only safety planners are easily able to understand 

workspaces with identified object information, but also safety rules are generally applied 

differently depending on object types. For example, if two haulage trucks are 

approaching each other, it might be a hazard situation. However, if a loader is 

approaching a dump truck for material loading, this situation might not be dangerous. In 

addition, different speed limits might be applied to different vehicle types. Also, an 

access authority to the dangerous area can be assigned only to specific equipment types. 

For these various reasons, object identification should precede safety assessment. 
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2.6 OBJECT IDENTIFICATION AND TRACKING FOR SAFETY IMPROVEMENT 

In construction industry, studies on the image-based object identification and 

tracking of on-site objects have become more crucial since they facilitate automating site 

monitoring processes by providing dynamic information of construction resources and 

activities. Specifically for construction safety, the image-based object identification and 

tracking studies have employed the state-of-the-art technologies and customized methods 

and algorithms for real-time safety applications.  

For example, Chi et al. (2008) proposed object tracking and path planning 

algorithms for safe equipment operation with automated crash avoidance features. Chi et 

al. (2009) also developed a methodology for object identification and tracking based on 

spatial modeling and image matching techniques. Using spatial data acquired by a high-

frame-rate range sensor, a work zone model was built, matched with objects from the 

database for identification, and tracked within an image sequence. Using the same device, 

Gonsalves and Teizer (2009) segmented construction workers from a video sequence and 

then modeled and tagged them to track their location. In addition, some researchers 

proposed the use of video cameras for monitoring and tracking objects. Teizer and Vela 

(2009) evaluated performances of different worker tracking algorithms using video 

cameras for surveillance purposes. Abeid et al. (2003) developed a computer-aided 

monitoring system, PHOTO-NET II, for construction project management and site 

surveillance. Shih et al. (2006) monitored a remote renovation site using a set of 

panoramic cameras and recorded images and videos for tracking work progress and site 
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resources. Leung et al. (2008) presented a real-time construction site monitoring system 

integrating a wireless network and video cameras. 

 

2.7 LITERATURE REVIEW SUMMARY 

The literature review examined possible causes of accidents for earthmoving 

operations and investigated specific accident risk factors: (1) excessive operation speeds, 

(2) dangerous access to the following areas; unstable piles, unstable ground, berms, and 

road edges, and (3) close proximity between objects. For each of the risk factors, best 

practices in terms of safety regulations identified spatial data needs for automated safety 

assessment. The data needs include the following: (1) moving speeds, (2) access 

(proximity) to dangerous areas, and (3) proximity to other objects and stopping distances. 

Because of these risk factors and data needs, the safety violations covered in this research 

are: speed limit violations, dangerous access violations, and close proximity violations.  
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Chapter 3 Investigation of Image-Based Data Collection Devices and 

Algorithms for Spatial Safety Assessment 

 

3.1 ANALYSIS OF DATA COLLECTION DEVICES 

The author reviewed image-based spatial data collection devices to find the most 

suitable one for this research. The evaluation criteria were established by considering the 

device’s capability for object identification and 3D tracking on construction sites. 

Selected criteria included frame rate, outdoor application capability, reliable reading 

range, object localization capability, and 3D modeling capability. Four types of device 

were reviewed: LADARs, flash LADARs, video cameras, and stereo vision cameras. 

Table 3.1 shows the specifications of the reviewed devices (Abeid et al., 2003; Teizer et 

al., 2005; Shih et al., 2006; Point Grey Research Inc., 2006-2007; Chi et al., 2009; 

CSEM, 2007; SICK Inc., 2007; Teizer and Castro-Lacouture, 2007; Leung et al., 2008; 

Sony Electronics Inc., 2008). 

Table 3.1 Comparison of data collection devices 

Devices Frame rate Outdoor 
application 

Reliable 
maximum 
reading range

Object
localization 

3D modeling

LADAR Slow (<1Hz) Yes Very long 
(>100m)

Yes Yes 

Flash LADAR Fast (>10Hz) No Short (<10m) Yes Yes 
Video camera Fast (>10Hz) Yes Long (>50m) No No 
Stereo vision 
camera 

Fast (>10Hz) Yes Long (>50m) Yes Yes 
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Among the listed devices, only the stereo vision camera satisfied all of the criteria 

for device selection; it provides a fast frame rate, feasibility for outdoor applications, long 

reading range, and the capability for both object localization and 3D modeling. Because 

of this fit with the criteria, the author decided to utilize stereo vision cameras for the 

research. 

 

3.1.1 Stereo Vision Cameras 

The “Bumblebee XB3,” one of research-prototyped stereo vision cameras, was 

employed in this research (Figure 3.1(a)). “Bumblebee XB3” is a three-sensor multi-

baseline (12cm and 24cm) stereo vision camera designed for improved flexibility and 

accuracy (Point Grey Research, Inc., 2007). It offers both 3D spatial information and 

1280x960 maximum resolution within a 70˚ horizontal field of view (Table 3.2). Its 

reliable maximum reading range is 75m with a measurement error rate of ±1m at 35m. 

The frame rate is 15 frames/sec, which is an acceptable one for real-time applications. 

   
(a)          (b) 

Figure 3.1 Stereo vision camera: (a) “Bumblebee XB3”, (b) distance measuring principle 
(Barnard and Fisher, 1982; Gokturk et al., 2007; Point Grey Research, Inc., 
2007) 
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Table 3.2 Specifications of Bumblebee XB3 (Point Grey Research, Inc., 2007) 

Specification Details 
Imaging sensor Three Sony ICX445 1/3" progressive scan CCD’s

1280x960 max pixels, 3.75µm square pixels
Baseline 12cm and 24cm
Lens focal length 3.8mm with 70° HFOV
A/D converter Analog Devices 12-bit analog-to-digital converter
Video data output 8 and 16-bit digital data
Frame rates 15, 7.5, 3.75, 1.875 FPS
Interfaces 2x9-pin IEEE-1394b for camera control and video data transmission

4 general-purpose digital input/output (GPIO) pins 
Voltage requirements 8-32V 
Power consumption Less than 4W
Gain Automatic/Manual/One-Push Gain modes

0dB to 24dB
Shutter Automatic/Manual/One-Push Gain modes

0.01ms to 66.63ms @15 FPS
Extended shutter modes
0.01ms to 7900(5200)ms @15 FPS

Trigger modes DCAM(1394-based Digital Camera Specification) v1.31  
Trigger Modes 0, 1, 3, and 14

Dimensions 276 x 36 x 41.8mm
Mass 505 grams
Camera specification IIDC(Instrumentation and Industrial Control Working Group) DCAM 

v1.31 
Operating temperature Commercial grade electronics rated from 0° to 45°C 
Storage temperature -30° to 60°C

 

How can the “Bumblebee XB3” measure distances among targets? First, the 

camera records two images simultaneously from the laterally-displaced lenses (Figure 

3.1(b)). Then, for each pixel in the left image, a corresponding pixel in the right image is 

sought. To find such corresponding pixels (ex. P1 and P2), the Sum of Absolute 

Differences (SAD) correlation method is used (Point Grey Research, Inc., 2003). This 

method selects a neighborhood of a given square size from the reference image, and then 

compares this neighborhood to a number of neighborhoods in the other image in order to 
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find the best match having the maximum likelihood of a correct response. After a 

correspondence between two images is established, the geometrical relationship (ex. A1 

and A2) of the triangle is determined using the geometry of the camera and the 

displacement between the images. Using triangle parameters, the height of the triangle 

can be calculated, and this height represents the distance to the target. The next section 

will discuss detailed image processing techniques for depth image acquisition. 

 

3.1.1.1 Image Pre-processing Techniques 

The Point Grey Research, Inc. provides a library called Triclops Stereo SDK 

(Software Development Kit) for C++ programming (Point Grey Research, Inc., 2003). 

This programming library offers flexible access to all stages in the image processing from 

raw data acquisition to final deliverables. In order to make raw data usable, the data 

should be filtered or transformed using proper image processing techniques since the raw 

images are generally distorted and noisy. This section will describe such image 

processing techniques to correct distortions in raw images and calculate distances of 

image pixels for generating depth images. 

Figure 3.2 illustrates overall pre-processing pipeline. As shown in the Figure 3.2, 

the raw image output from the camera is distorted. This raw image is transformed into the 

rectified image based on camera calibration and rectification processes. Then, this image 

provides the depth image using correlation stereo technique and a validation method. The 

detailed processes and terminologies will be explained in following sections. 
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Figure 3.2 Image pre-processing pipeline 

 

3.1.1.2 Rectified-image acquisition 

Image distortion means “a deviation from rectilinear projection, a projection in 

which straight lines in a scene remain straight in an image” (Fisher et al., 2005). Camera 

lenses often cause distortions in raw images. This effect alters an image from the ideal 

image while increasing or decreasing image magnification. Stereo vision cameras 

generally provide two differently-distorted raw images, and finding corresponding pixels 

from distorted images is difficult because of different coordinate systems of two images. 

Thus, the distorted raw images need to be corrected by image rectification using 

calibrated camera information. 

Camera calibration means the computation of intrinsic and extrinsic camera 

parameters for a pair of camera lenses (Fisher et al., 2005). Focal length or aspect ratio is 

a significant intrinsic parameter of the camera lens. Relative orientation such as rotation 
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and translation relating two camera lenses becomes an important extrinsic variable. 

Bumblebee XB3 is factory-calibrated for lens distortion and camera misalignments (Point 

Grey Research, Inc., 2006). Thus, calibration results are already stored on the camera and 

this information can be retrieved by using certain functions of programming library. Such 

calibrated camera information then produces transformation matrix that enables image 

alignment called rectification. 

Image rectification is “a transformation process used to project two stereo images 

onto a common image surface” (Fisher et al., 2005). It corrects distorted raw images into 

a standard coordinate system. As shown in the Figure 3.2, straight edges of the door 

appear curved in the raw image. Using the provided matrix resulted from camera 

calibration, rectification process modifies the raw images so that the rows of images 

digitized from horizontally displaced cameras are aligned, and similarly that the columns 

of images obtained from vertically displaced cameras are aligned (Point Grey Research, 

Inc., 2003). Finally, the vertical and horizontal pixel coordinates of corresponding points 

in two stereo images become equal through the rectification process (Fisher et al. 2005). 

 

3.1.1.3 Depth image acquisition 

Once two raw images are rectified, correspondence between two images needs to 

be investigated in order to provide depth information of the image. For each pixel in the 

right image, a corresponding pixel in the left image should be found for implementing 

triangulation principle. The correlation stereo function of programming library provided 
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by Point Grey Research, Inc. obtains such correspondence via the Sum of Absolute 

Differences (SAD) correlation method (Point Grey Research, Inc., 2003). This method 

selects a neighborhood of a given square size from the reference image (for every pixel in 

the image), and then compares this neighborhood to a number of neighborhoods in the 

other image in order to find the best match. For comparison of neighborhoods, the 

following equation is used: 
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where, x and y are row and column of the pixel. dmin and dmax are the minimum 

and the maximum disparities. A disparity means “the image distance shifted between 

corresponding points in stereo image pairs” (Fisher et al., 2005). Reducing the disparity 

range decreases the chance of a mismatching. Iright and Ileft represent a right image and left 

one. m is mask size. A correlation mask is a square neighborhood around the pixel, and 

the mask size controls the coarseness of features compared between images (Point Grey 

Research, Inc., 2003). If the mask size is larger, depth images become denser and 

smoother, but less accurate. On the other hand, the smaller mask produces more noisy 

depth images, but better precision. The programming function of the provided library 

allows matching between images to sub-pixel accuracy; that is to say, the function 

matches neighborhood at the level of resolution smaller than integer pixel coordinates 
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and the matching results of the neighboring pixels are within a fraction of a pixel such as 

0.2 of a pixel. 

After correspondence between two images is established, the distances from the 

cameras are determined based on the triangulation principle using displacement between 

images and geometry of the cameras (Point Grey Research, Inc., 2003). Before depth 

images are generated based on such distance measurement, the surface validation method 

removes noise resulted from mismatches in the correlation-based SAD method. Surface 

validation takes into account the attributes of feature mismatches: they are locally stable, 

but not large and not supported by surrounding surfaces; they have shape disparity 

discontinuities at all borders (Murray and Little, 2000). In other words, surface validation 

assumes that regions in the image must belong to a likely physical surface in the image. 

Based on this assumption, surface validation segments the image into connect regions, 

and suspects and removes any region, that is less than a given size, from the image. 

However, void pixels, which do not have distance information, are inevitable when pixels 

are less-textured or when objects are infinitely far away. 

 

3.1.1.4 Preliminary Test for Measurement Accuracy Checking 

For testing the camera’s distance measuring accuracy, (1) a target was placed at a 

certain distance (5, 10, 15, or 20cm) from the camera (Figure 3.3(a) and Figure 3.3(c)), 

(2) a distance between the target and the camera was measured from the depth image 

generated using Triclops SDK (Software Development Kit) (Point Grey Research, Inc., 
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2003) (Figure 3.3(b) and Figure 3.3(d)), and then (3) the measured distance was 

compared with the real distance. All measurements were relatively accurate with a ±5% 

error range (Table 3.3). 

 

   
(a)              (b)             (c)              (d) 

Figure 3.3 Basic distance measurement: (a), (c) target setting, (b), (d) depth image 

 

Table 3.3 Experimental results – basic distance measurement 

Experiment Real distance (m) Measurement (m) Measurement error (%)
Indoor 5 4.979 -0.42

10 10.080 0.80
15 15.623 4.15
20 20.434 2.17

Outdoor 5 4.966 -0.68
10 10.008 0.08
15 15.039 0.26
20 20.450 2.25
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3.2 ANALYSIS OF IMAGE-BASED OBJECT IDENTIFICATION AND TRACKING 

ALGORITHMS 

For transforming the acquired raw data into the data needed for safety assessment 

(moving speed and stopping distance, access to dangerous areas, and proximity to other 

objects), 3D object tracking and identification algorithms were investigated. “3D object 

tracking” is necessary because an object’s proximity and moving speed can be estimated 

using 3D information of object positions. “Object identification” is also required since 

safety rules are generally applied differently to different object types. For example, if two 

haulage trucks are approaching each other, it might be a hazard situation. However, if a 

loader is approaching a dump truck for material loading, this situation might not be 

dangerous. In addition, different speed limits need to be applied to different vehicle types. 

An access authority for the dangerous area can also be assigned only to specific 

equipment types. For these various reasons, object identification and tracking algorithms 

were employed to obtain the data needed for safety assessment. 

Using spatial data acquired by the stereo vision camera, object identification and 

tracking algorithms were analyzed, modified, and adapted for the purposes of this 

research. Much research has been conducted in the field of computer vision to develop 

robust object identification and tracking algorithms. The algorithms on existing studies 

(Collins et al., 2000; Collins et al., 2001; Stauffer and Grimson, 2000; Javed and Shah, 

2002; Bose and Grimson, 2003; Bose and Grimson, 2004; Bose, 2005; Hu et al., 2004; 

Lalonde et al., 2007; Shah et al., 2007) mainly follow three steps: (1) moving object 

detection, (2) object correspondence for tracking within an image sequence, and (3) 
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object classification, all of which provide the functional requirements of the proposed 

object identification method. Figure 3.4(a) shows a flowchart of the object identification 

and tracking process and Figure 3.4(b) illustrates an overview of the process. From the 

video stream (an image sequence), the stationary background regions are first subtracted 

and the dynamic foreground regions of moving objects are extracted based on the 

foreground detection and segmentation algorithm. Incomplete foreground regions with 

holes and disconnections are then reconstructed by applying morphological image 

processing and the foreground pixels are grouped into one region using the connected 

component algorithm so that the individual target region can be extracted. The connected 

regions now represent moving objects, and their correspondences are found for tracking 

within an image sequence. The object information including object shape and appearance 

is then put into classifiers and finally objects in the image are identified using the 

classifiers. The remaining sections will cover the detailed explanation on each process. 
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Moving Object Detection 
- Background subtraction 
- Morphological image processing 
- Region segmentation 

Object Correspondence for Tracking 
- Position of region centroid 
- Occupied area size in pixels 
- Aspect ratio (height/width) 

Object Classification 
- Four absolute features:  
 Aspect ratio, Height-normalized area size, 
 Percentage of occupancy of the bounding box, 
 Average color of area 
- Two classifiers: Normal Bayes classifier and neural network 

 
(a) 

Real Image

Background subtraction algorithm

Moving Object Detection

Object Segmentation Object Classification

Connected component algorithm Classifier with object database 

Correspondence for Tracking

Compare spatial characteristics of  
each object within images  

(b) 

Figure 3.4 Automated object identification and tracking: (a) flowchart of the process, (b) 
overview of the process 
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3.2.1 Moving Object Detection 

The first step, “moving object detection,” aims at segmenting the regions of 

motion corresponding to moving objects from the rest of an image (Hu et al., 2004); that 

is, this process extracts information about moving objects from the rest of the 

construction environment, which is designated as static (Stauffer and Grimson, 2000). 

For detecting moving regions, the background subtraction algorithm first needs to be 

implemented in order to eliminate the static regions (Stauffer and Grimson, 2000; Radke 

et al., 2005; Fisher et al., 2005; Lalonde et al., 2007). The goal of background subtraction 

is to determine which pixels belong in the background (the area of the scene behind an 

object or objects of interest – the static environment), and which pixels belong in the 

foreground (the area of the scene in which the object of interest lies – the moving 

environment). The value of each pixel is continuously updated over time, and these data 

are then used to update the background and foreground information depicted in the 

images. 

Although there are many innovative background subtraction algorithms, two 

algorithms were implemented and compared. The first algorithm is the improved adaptive 

background mixture algorithm developed by KaewTraKulPong and Bowden (2001). This 

algorithm uses an adaptive Gaussian mixture model for extracting moving objects from 

the background. The algorithm models each image pixel by a mixture of Gaussian 

distributions. Different Gaussians are assumed to represent different colors, and the 

colors which stay long and static represent colors from background. Using this algorithm, 

static objects tend to form one tight cluster with the static color distribution while 
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dynamic objects form wider clusters due to varying surface color reflection effects during 

the movement. 

The second algorithm is the foreground object detection and segmentation 

algorithm introduced by Li et al. (2003). This algorithm is theoretically designed for 

detecting both gradual and sudden environmental changes, and the algorithm 

distinguishes foreground from background by using the color information derived from 

image pixels. When a pixel is associated with a stationary background object, its colors 

remain stable at the same place within an image sequence. Using this information about 

the distinction between stationary and moving objects based on the stability of the pixels’ 

colors, the algorithm first filters static pixels out. Once the static pixels are removed, the 

algorithm then determines whether each moving pixel belongs to the background or the 

foreground by considering the color co-occurrences of sequential images. For example, 

pixels may be associated with moving background objects such as shaking trees. Even 

though the colors of the pixels are different since the hypothetical trees are moving, the 

color co-occurrences are similar since similar changes statistically happen at the same 

place within an image sequence. The algorithm labels such changes as sudden changes 

and relegates them to the background. Other moving pixels, pixels not from moving 

background objects, build the foreground, and these pixels are labeled as gradual 

changes. In this way, the algorithm effectively identifies both gradual and sudden 

changes in the background, and finally, it detects the foreground from the image as a 

whole, which contains both stationary and moving background objects. 
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For analyzing algorithm performance, videos were recorded from actual 

construction sites, and both algorithms were implemented. For implementation, Intel 

Open Source Computer Vision Library (OpenCV) (Intel Corporation, 2000) was 

employed and the functions “cvCreateGaussianBGModel” for the Gaussian mixture 

algorithm and “cvCreateFGDStat Model” for the foreground detection and segmentation 

algorithm were utilized. Figure 3.5 shows examples of the performance results of the 

subtraction algorithms. Figure 3.5(a) shows the original images for an operating backhoe 

(the top row) and a worker (the bottom row). The background subtraction result using the 

adaptive Gaussian mixture algorithm is shown in Figure 3.5(b) and the result using the 

foreground object detection and segmentation algorithm is shown in Figure 3.5(c). 

 
(a)    (b)    (c) 

Figure 3.5 Performance analysis of the background subtraction algorithm: (a) original 
image, (b) subtraction result – adaptive Gaussian mixture algorithm, (c) 
subtraction result – foreground object detection and segmentation algorithm 
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The number of foreground clusters representing objects (clusters with white pixels 

in Figure 3.5(b) and Figure 3.5(c)) of each image was recorded to determine algorithm 

accuracy. To do so, 1,171 image frames from different working situations (Figure 3.6) 

were examined. Since only one object —the backhoe, the loader, or the worker— 

appeared within the camera’s field of view, the number of clusters representing the object 

should theoretically be one. Table 3.4 summarizes results of algorithm analysis. 

 

   
(a)    (b)    (c) 

  
(d)    (e) 

Figure 3.6 Different working situations for background subtraction 
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Table 3.4 Performance of background subtraction algorithms 

 
Number of 

frame 
analyzed

Adaptive Gaussian 
mixture algorithm 

Foreground object 
detection and 

segmentation algorithm
a. Clusters – Backhoe 118 129.27 9.82
b. Clusters – Worker 617 124.23 5.49
c. Clusters – Loader 48 166.52 7.1
d. Clusters – Worker 76 91.87 4.83
e. Clusters – Loader 312 161.4 10.78
Total/Average 1,171 134.66 7.60

 

On average, more than 100 clusters were detected from each image when the 

adaptive Gaussian mixture algorithm was implemented. Such a rate of detection error 

might be caused because this algorithm was more sensitive to sudden condition changes 

in terms of lighting condition changes or object position changes such as shaking trees. 

Conversely, the foreground object detection and segmentation algorithm detected fewer 

than ten clusters on average since this algorithm is good at tracking of gradual and 

sudden changes. From the performance analysis, it was revealed that the second 

algorithm ―the foreground object detection and segmentation algorithm― is more 

applicable to actual construction sites, where a large number of uncertainties exist 

because of weather and light condition changes. 

However, even the selected algorithm resulted in the foreground region with 

several holes and disconnected parts as shown in Figure 3.5(c). This implementation 

result did not satisfy the author’s expectations. Thus, the author needed to investigate 

post-image-processing techniques for improving modeling accuracy. One such technique 

is morphological image processing. This technique offers advantages in terms of 
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reconstructing these kinds of incomplete regions by filling in holes or joining 

disconnected parts (Collins et al., 2000; Fisher et al., 2005). Morphological image 

processing is a technique that analyzes the spatial pattern of an image, and expands or 

reduces the image in order to improve image quality. There are two fundamental 

operations in morphological processing: erosion and dilation. Erosion processing is the 

operation of reducing a binary object with respect to the background. In general, a 3×3 

mask with the value “1,” which represents an occupied white pixel, is used for binary 

images. If pixel values of an image are equal to the mask values, the erosion operation 

assigns the value “1” in its results image. However, if any one pixel value is different 

from the mask value, the operation assigns the value “0” to it, which means a non-

occupied black pixel in the result image. In this way, the erosion processing expands the 

background and reduces the remaining parts of the image. This operation is good at 

filtering out any isolated object regions and separating incorrectly-connected regions that 

are only connected with a thin section. Conversely, dilation processing is the operation of 

expanding an object with respect to the background. A 3×3 mask with the value of “0” is 

used. If pixel values of an image are equal to the mask values, the dilation operation 

assigns the value “0” in its result image. But, if any one pixel value is different from the 

mask value, the operation assigns the value “1” to the result image. As a result, the 

dilation processing reduces the background and expands remaining parts of the image. 

This operation has advantages because it can fill in any small holes in the object regions 

and join close but disconnected regions. 
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Figure 3.7 shows examples of the implementation results of the morphological 

image processing, and Table 3.5 summarizes how the processing improved the 

background subtraction performance. The images were dilated twice and eroded once. 

 

 
(a)       (b) 

Figure 3.7 Implementation result of morphological image processing: (a) result before 
morphological processing, (b) result after morphological processing 

 

Table 3.5 Performance of morphological image processing 

 Before the Morphological
Image Processing 

After the Morphological
Image Processing 

a. Clusters – Backhoe 9.82 1.60
b. Clusters - Worker 5.49 2.97
c. Clusters – Loader 7.10 1.71
d. Clusters - Worker 4.83 2.22
e. Clusters - Loader 10.78 4.25
Average 7.60 2.55
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Figure 3.7(a) shows the foreground image before the morphological processing 

was applied. Figure 3.7(b) illustrates how the morphological processing improved the 

subtraction process. The relief view shows that the missing and disconnected parts of 

clusters were effectively reconstructed after the morphological processing. As shown in 

Table 3.5, fewer than three clusters were detected from the foreground image on average. 

Because of this improvement, the foreground detection and segmentation algorithm 

became more suitable for construction applications when it was combined with 

morphological image processing. 

After the background subtraction, the extracted foreground pixels needed to be 

grouped into regions according to the connected component algorithm for representing 

moving objects (Fisher et al., 2005; Samet and Tamminen, 1988). This algorithm joins 

neighboring pixels into regions by detecting unconnected regions in images. The 

algorithm assigns the first label for one foreground pixel and starts searching for 

occupied pixel positions from neighboring pixels in the foreground image (Shapiro and 

Stockman, 2002). If the occupied neighboring pixels exist, the algorithm assigns the 

current pixel label to them. The algorithm then keeps searching for another foreground 

pixel. If a newly found pixel does not have any label, the algorithm finds the neighbor’s 

label and assigns that same one to the pixel. If there are no labeled neighbors, the 

algorithm assigns a new label to the pixel as well as its neighbors and continues 

searching. In this way, the foreground pixels are grouped and labeled, and these labels 

represent different objects in the image (Figure 3.8). 
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Figure 3.8 Region segmentation by the connected component algorithm 

 

In summary, moving object detection includes two major processes: background 

subtraction and region segmentation. Background subtraction algorithms first generate a 

foreground image from moving pixels in the image, and then the incomplete foreground 

image is reconstructed using morphological image processing. Next, the pixels in the 

foreground image are grouped into regions based on the connected component algorithm, 

which represent moving objects in the image. The connected moving regions are now 

ready for object correspondence and classification. 

 

3.2.2 Object Correspondence for Tracking 

The second step, ‘object correspondence,’ aims at taking the segmented moving 

regions and matching them to find a corresponding region within an image sequence. For 

example, if there are three moving objects in the current image and only two objects in 

the previous one, the algorithm matches the two previously existing object regions within 

the two images and identifies the newly-apparent object in the current image. Such object 



 49

correspondence also offers advantages in terms of noise removal. For instance, if the size 

of the new object region is smaller than the pre-determined empirical threshold size, the 

region can be regarded as noise. Similarly, if an object region suddenly appears or 

disappears without a smooth flow of motion, then it can be designated as noise. 

To find the best corresponding region pair, regional characteristics such as shapes 

and appearances are generally compared. In this research, three object features were used 

for regional correspondence: position of region centroid, occupied area size in pixels, and 

aspect ratio (height/width). Position of region centroid was selected for checking 

temporal continuity with a smooth flow of motion; if an object moves smoothly, two 

positions of object centroids in two sequential frames should be close to each other. 

Conversely, if object positions are very far from each other, it is difficult to say that they 

are the same objects. Second, in order to find the size correspondence of an object, the 

occupied area size in pixels was chosen. If the sizes of two object regions are very 

different from each other within an image sequence, the two objects might, in fact, be 

different objects. Finally, the aspect ratio was picked for shape correspondence since the 

same object holds similar aspect ratio within an image sequence. The last two features 

were also compared with pre-determined minimum and maximum size thresholds for 

noise removal which involved removing blobs that were under or over critical sizes. 

For implementation, a simple approach based on a frame-to-frame matching cost 

function was used with the above three features: position of region centroid (p), occupied 

area size (s), and aspect ratio (r). The matching cost between a known object Oknown in the 
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previous image and a candidate moving region Ocandidate in the current image can be 

determined by the equation below. 

 

( )candidateknowncandidateknowncandidateknowncandidateknown rrssppfOOC −−−= ,,),(     (3.2) 

  

The matching regions are close enough in cost space, and a candidate moving 

region having the lowest matching cost is considered to be potential matches.  

All corresponding regions represent the trajectory of the moving object and the 

trajectory can be plotted on the map using provided 3D location information. Tracking 

algorithms extracted 3D x, y, z information of moving objects from the local field of 

view of the camera and transformed this local information into a global reference frame 

to plot the objects’ positions on the global map. An original camera position and the 

rotation matrix shown in Figure 3.9 were considered for coordinate transformation. G 

represents the global reference frame of the plane and B represents the local reference 

frame of the plane. 
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Figure 3.9 Rotation matrix for coordinate transformation (Kuipers, 2005) 

 

3.2.3 Object Classification 

The last step, ‘object classification,’ aims at classifying moving regions by using 

common shape, appearance, or motion (Stauffer and Grimson, 2000). The algorithm 

analyzes features of moving regions, inputs feature values into a classifier, and finally 

finds the best-matched object classes from the training data. In this research, class 

categories include workers and several types of heavy equipment machinery. Four main 

features were selected for classification: aspect ratio (height/width), height-normalized 

area size (occupied area size in pixels/centroid of the area height), percentage of 

occupancy of the bounding box (number of occupied pixels within the bounding box/the 

bounding box size), and the average gray-scaled color of the area. These features were 

selected since they were not affected by the apparent area size of the screen. An example 
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of an image’s size changing, for instance, would be if a worker approaches the camera 

position, causing the apparent area size to become larger within an image sequence. In 

this case, the area size at the nearer distance is larger than the size at the distance that is 

farther away. However, the aspect ratios of the worker (height/width) remain the same at 

both distances. Such absolute features are then input into a classifier to find the best-

matched object class.  

Two common classifiers (the normal Bayes and neural network classifiers) were 

analyzed in this research. The normal Bayes classifier (Fukunaga, 1990) is a simple 

classification method that assumes that the whole data distribution displays a Gaussian 

mixture, with one component per class. This method assumes that feature vectors from 

each class are normally distributed, but not necessarily independently distributed. (cf. a 

naïve Bayes classifier is based on applying Bayes’ theorem with strong independence 

assumptions (Tan et al., 2005). In simple terms, a naïve Bayes classifier assumes that a 

feature vector is unrelated to any other features.) From a sub set of the training data, the 

classification algorithm estimates mean values and covariance matrices between feature 

vectors for every class and then the estimated values are used to predict new unknown 

cases. In other words, the Bayes classifier computes the probability that one object region 

falls into a certain class, and the classifier determines the class that has the largest 

probability with minimum errors among all the classes based on the principle of 

maximum likelihood estimation, and it classifies the object region as being of the most 

likely class. 
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The other classifier, the neural network one (Rojas, 1996), is a standard three-

layer network which uses a back propagation algorithm for hierarchical learning. The 

multi-layer perceptrons (MLP) (Rojas, 1996), the most commonly used type of neural 

networks which maps sets of input data onto a set of appropriate output, consists of an 

input layer, output layer, and one or more hidden layers. Each layer of the MLP includes 

one or more neurons that are directionally linked with the neurons from the previous and 

the following layer.  

Each neuron takes the output values from several neurons in the previous layer on 

input and passes the response to several neurons in the next layer. The values retrieved 

from the previous layer are added with certain weights, which are individually 

determined for each neuron, and the sum is transformed using the activation function that 

may also be different for different neurons. In more detail, the training data first builds 

network decision rules. The input layer is then constructed by the feature vectors obtained 

from a newly-captured image. The input values are passed to the hidden layer and the 

outputs of the hidden layer are computed using the weights and the activation functions. 

The sizes of the input and output layers are determined from the training data 

(specifically, the number of input features and class types), and the number of hidden 

layers can be customized for optimizing classification results. The larger the number of 

hidden layers and the larger their sizes, the more potential network flexibility there is. In 

addition, the error on the training set could decrease slightly under these conditions. 
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3.3 IMPLEMENTATION EXAMPLES 

3.3.1 Object Identification 

For analyzing the performance of the method for object detection, identification 

and tracking, experiments were conducted on an actual construction site (Repository 

facility expansion project, J.J. Pickle Research Center, The University of Texas at 

Austin), where simple earthworks were performed. For the first step of the experiments, a 

training data set was built including three objects: a skid steer loader, a backhoe, and a 

worker (Figure 3.10). The training data consisted of four variables: (2D aspect ratio, 2D 

height-normalized area size, 2D percentage of occupancy of the bounding box, and 

average color of the area) obtained from multiple poses of the above mentioned moving 

objects. A total of 750 images (250 for each individual object) were used to build a final 

data set. The training data were then used to classify objects in testing images. 

 

 
                      (a)                (b)           (c) 

Figure 3.10 Classification models: (a) skid steer loader, (b) backhoe, (c) worker 
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Once the training data set was built, the proposed object identification algorithms 

were tested. First, the foreground regions were extracted based on the foreground 

detection and segmentation algorithm using morphological image processing. For 

implementation, OpenCV function “cvCreateFGDStatModel” and two morphological 

functions “cvErode” and “cvDilate” were utilized. Figure 3.11 shows examples of the 

implementation results using this background subtraction algorithm. The images were 

dilated twice and eroded once. Figure 3.11(a) shows the original images and Figure 

3.11(b) shows the foreground regions obtained from the images. In the top images, 

regions for three objects, including a loader, a backhoe and a worker, were correctly 

extracted. In the bottom images, reliable regions for two workers were obtained. 

  

 
(a)                      (b) 

Figure 3.11 Background subtraction results: (a) original images, (b) foreground images 
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After background subtraction, the foreground regions were grouped and 

corresponded with each object within an image sequence. To implement the connected 

component algorithm, an OpenCV function called “cvFloodFill,” which fills a connected 

component with a given color, was used. The calculated features of foreground regions 

were then inputted into one of two classifiers, which were constructed using the training 

data set, either into the normal Bayes classifier (Bayes) or the neural network. Using 

inputted variables, the classifier classified each object as a worker, a loader, or a backhoe. 

Figure 3.12 shows examples of the classification results for one moving object. 

 

 
           (a)                      (b)                     (c) 

Figure 3.12 Object tracking and identification: (a) worker, (b) loader, (c) backhoe 

 

Table 3.6 summarizes the performance results of different classifiers. “RSE” 

stands for a region segmentation error due to an incorrect foreground image from 

background subtraction (Figure 3.13(a)); “CE” means a classification error (Figure 

3.13(b)); and “FDE” represents a foreground detection error resulting from sudden light 

changes or camera instability (Figure 3.13(c)). In Figure 3.13(a), the body of the backhoe 

was broken into two pieces; one piece was classified as the backhoe, but the other small 
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piece was classified as the loader. In Figure 3.13(b), the loader was incorrectly classified 

as the backhoe. In Figure 3.13(c), no object was detected since the whole image frame 

moved and was extracted as the foreground due to sudden light changes or camera 

instability due to wind. 

Table 3.6 Performance analysis of object tracking and identification 

Classifier Object Total 
Images 

CE
Images

RSE
Images 

FDE 
Images

Bayes Human 485 (L) 0 (0.00%) (B) 0 (0.00%) 11 (2.27%) 2 (0.41%)
Loader 347 (H) 1 (0.29%) (B) 16 (4.61%) 6 (1.73%) 6 (1.73%)
Backhoe 450 (H) 2 (0.44%) (L) 24 (5.33%) 16 (3.56%) 1 (0.22%)
Total 1,282 3.35% 2.57% 0.70%

NN Human 485 (L) 0 (0.00%) (B) 0 (0.00%) 11 (2.27%) 2 (0.41%)
Loader 347 (H) 0 (0.00%) (B) 13 (3.75%) 6 (1.73%) 6 (1.73%)
Backhoe 450 (H) 10 

(2.22%)
(L) 27 (6.00%) 16 (3.56%) 1 (0.22%)

Total 1,282 3.90% 2.57% 0.70%
Processing time 1,282 images per 427 sec = 3 frame/sec

 

 
      (a)                       (b)                   (c) 

Figure 3.13 Object tracking and identification errors: (a) region segmentation errors, (b) 
classification errors, (c) foreground detection errors 

 

A total of 1,282 images were analyzed, and the classification method was 

processed three times per second. As shown in the table, the overall classification errors 
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of two classifiers were under 4% (Bayes: 3.35% and NN: 3.90%), which showed an 

acceptable rate of accuracy for the algorithms. However, note that the classification 

accuracy for a worker was much more precise than that for a loader or a backhoe. Such 

results seemed to stem from the shape similarities between a loader and a backhoe in 

certain object positions. 

The proposed object identification method also showed successful experimental 

results with multiple-object classifications (Figure 3.14). Multiple sets of objects 

including a loader and a worker (Figure 3.14(a)), a worker and a backhoe (Figure 

3.14(b)), and a worker, a loader, and a backhoe (Figure 3.14(c)) were correctly classified. 

However, the algorithms sometimes generated errors when two objects were occluded. 

Because of the 2D-based line-of-sight issues with video cameras, the front object 

sometimes hid part of an object behind it; that is to say, the algorithm failed to separate 

two different objects when they aligned along the same line-of-sight as the camera 

position.  

 

 
(a)                      (b)                      (c) 

Figure 3.14 Multiple-objects tracking and identification: (a) loader and worker, (b) 
worker and backhoe, (c) worker, loader, and backhoe 
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3.3.2 Object Identification and Tracking 

For the experiments on object identification and tracking, an actual hauling 

operation was monitored from the limestone quarry. Four kinds of objects were involved 

in the hauling operation; a wheel loader, a dump truck, a tractor truck, and a car (Figure 

3.15). The training data was constructed using spatial characteristics of these objects from 

multiple poses. A total of 600 images (150 for each individual object) were trained to 

build a final data set.  

  
(a)                       (b) 

  
(c)                       (d) 

Figure 3.15 Objects involved in experiments on the limestone quarry; (a) a wheel loader, 
(b) a dump truck, (c) a tractor truck, (d) a car 

 

3.3.2.1 Object identification on the limestone quarry  

Two classifiers (the normal Bayes and neural network classifiers) were employed, 

and the performances of these classifiers were investigated. From 1,211 images 
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processed, the total 975 objects appeared on the scene and were classified as a wheel 

loader, a dump truck, a tractor truck, or a car. Table 3.7 shows the detailed identification 

results. 

Among the total 975 classifications, the normal Bayes classifier correctly 

identified objects 827 times, which resulted in a rate of 84.82% of identification accuracy 

(15.18% identification error rate). However, the neural network correctly identified 

objects 948 times, which resulted in a rate of 97.23% of identification accuracy (2.77% 

identification error rate). The results showed that the normal Bayes classifier had 

limitations in terms of differentiating small objects with similar colors and shapes 

appearing far away from the camera position because this classifier determined the class 

that had the largest probability with minimum errors among all the classes. That is to say, 

although every class had a small rate of matching probability, the classifier selected one 

class from such unreliable candidates. However, the neural network identified a class 

more precisely with its 30 hidden layers, which contributed to more potential network 

flexibility. 

 

Table 3.7 Object identification results 

Trial 1 2 3 4 5 6 7 8 Total 
Number of Object Classified 117 67 60 121 98 207 215 90 975 
Normal Bayes Classifier 
Incorrect Classification 8 29 43 13 7 15 27 6 148 
Classification Accuracy (%) 93.16 56.72 28.33 89.26 92.86 92.75 87.44 93.33 84.82 
Neural Network 
Incorrect Classification 5 6 3 0 1 5 3 4 27 
Classification Accuracy (%) 95.73 91.04 95.00 100 98.98 97.58 98.60 95.56 97.23 
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3.3.2.2 Object tracking on the limestone quarry  

In the following phase of data collection, the tracking algorithm tracked haulage 

vehicles in a limestone quarry. The algorithm extracted 3D x, y, and z centroids of 

moving objects from the local field of view of the camera and transformed these local 

values into the global reference frame to plot some objects’ positions on the global map. 

The original camera position and the rotation matrix described in Section 2.2 were 

considered for coordinate conversion. In this experiment, conversion equations shown in 

Eq. 2.3 were used. 

 

                    when x  0,   

          X P  x z cos tan
z
x θ  

          Z Q  x z sin tan
z
x θ  

 

                    when x  0,   

                 X P  x z cos 
π
2 θ tan

x
z  

                                             Z Q  x z sin 
π
2 θ tan

x
z             Eq. 2.3  

 

here, x represents the local horizontal position and z represents the local vertical 

position (the distance from the camera). P and Q represent x and z positions of the 

camera. θ represents the rotation angle between the local reference frame and the global 
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reference frame. X and Z represent converted global positions. Figure 3.16(a) shows an 

image sequence of actual vehicle movements within the field of view of the camera (the 

local reference frame) and Figure 3.16(b) shows plotted trajectory of the object on the 

global map (the global reference frame). 

 

 
(a) 

 
(b) 

Figure 3.16 Original movement and trajectory of the tracked object: (a) Original 
movement of the tracked loader, (b) trajectory of the loader 

 
Figure 3.17 shows trajectory examples of the following tracked objects: (a) a 

wheel loader, and (b) a dump truck. As shown in the figure, tracking performance got 

worse at distances longer than 75m from the camera position, which was determined as a 

reliable maximum reading range of the Bumblebee XB3 by Point Grey Research. 
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(a) 

  
(b) 

Figure 3.17 Tracking results: (a) movement of a wheel loader, (b) movement of a dump 
truck 

 

A total of 10 individually-moving or simultaneously-moving vehicles (three 

wheel loaders, two dump trucks, four tractor trucks, and one car) were monitored and 

tracked. A total of 1,211 images were processed. Figure 3.18 shows tracking results 

within the 75m distance from the camera position. 
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(a)       (b) 

  
(c)       (d) 

Figure 3.18 Tracking results: (a) one wheel loader, (b) one dump truck, (c) one dump 
truck, (d) one wheel loader, (e) one tractor truck, (f) one car, (g) one tractor 
truck and one wheel loader, (h) two tractor trucks 
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(e)       (f) 

  
(g)       (h) 

Figure 3.18 continued 
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3.4 SUMMARY: ANALYSIS OF DATA COLLECTION DEVICES AND ALGORITHMS 

Field experiments clarified how the utilized image-based algorithms identified 

and tracked on-site moving objects. Stereo vision cameras provided three-dimensional 

workspace information at fast frame update rates. The camera produced precise position 

data within the shorter distance than 75m from the camera position. The image-based 

object identification and tracking algorithms then detected, clustered, classified, and 

tracked on-site moving objects. 

The conducted study showed that applied devices and algorithms produced 

measurement and processing errors. The error rates were different depending on 

construction operations, workspaces, and site conditions. Again, for these reasons, safety 

planners still face challenges identifying how those measurement and processing errors 

would impact the safety assessment performance. Thus, this reinforces the need to 

develop methods to evaluate the impact of object identification and tracking errors caused 

by image-based devices and algorithms on the data collected and processed for safety 

assessment of earthmoving and surface mining operations. 
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Chapter 4 Determination of Safety Rules for Automated Spatial Safety 

Assessment of Earthmoving Operations 

 

4.1 DETERMINATION OF SAFETY RULES FOR SPATIAL SAFETY RISK IDENTIFICATION 

Once the image-based object identification and tracking acquired the data 

required for automated safety assessment, safety rules using the collected data were 

determined for actual safety decision making. The literature review showed that the 

fundamental data needs for spatial safety assessment include (1) moving speeds, (2) 

access (proximity) to dangerous areas, and (3) proximity to other objects and stopping 

distances. From these three data needs, violation types to be monitored for safety 

assessment were identified. They contained (1) speed limit violations, (2) access 

violations to dangerous areas, and (3) close proximity violations between objects. This 

section will provide in-depth explanation on how determined safety rules are able to 

detect such violations of earthmoving and surface mining activities, more specifically, 

loading, hauling, and dumping operations. 

 

4.1.1 Safety Rules to Detect Speed Limit Violations 

The safety regulation enforces that equipment operating speeds be consistent with 

conditions of roadways, grades, clearance, visibility, traffic, and the type of equipment 

used, and the operators should follow the speed limits selected to keep the equipment 
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operating within the capabilities of their braking systems (MSHA, 1999; MSHA, 2001; 

MSHA, 2008). From the regulations, the safety rule for speed limit violation detection 

was designed as “a speed limit violation occurs when moving speed of the tracked object 

exceeds its speed limit.” This straightforward rule keeps monitoring the movement of on-

site workers and heavy equipment and monitors violations. 

 

4.1.2 Safety Rules to Detect Dangerous Access Violations 

In earthmoving and surface mining activities, the dangerous areas include 

specified hazard areas, areas near highwalls, trenches, holes, cracked ground, road edges 

for haulage trucks, dumping edges (berms) for dump trucks and unstable material piles. 

Besides the dangerous areas, a strategic area needs to be considered for more effective 

safety assessment. It contains (1) a material stockpile in which an access is authorized 

only for a loader performing material scooping and (2) a loading area in which close 

proximity is allowed when a loader approaches a truck for material loading. 

The safety rule for dangerous access violation detection was designed as “a 

dangerous access violation occurs when the tracked object enters predetermined 

prohibited areas.” The safety rule first marks dangerous or strategic areas and then 

monitors objects’ proximity to the areas. 
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4.1.3 Safety Rules to Detect Close Proximity Violations 

The object identification and tracking algorithms estimate proximity. It 

continuously tracks the 3D positions of heavy equipment machinery and workers, and it 

estimates the distances between objects. Now, there is a question of how to utilize this 

proximity information for detecting close proximity between objects. 

In order to design a safety rule for close proximity violation detection, industrial 

standards for automobile crash avoidance system were reviewed. Many automobile 

manufacturers including Honda, Toyota, Mercedes, Volvo, and so on, have developed 

and applied vehicle crash avoidance systems (Table 4.1) (Sugimoto and Sauer, 2005; 

Tokoro et al., 2007; Toyota Motor Europe, 2008; Distner et al., 2009; Bogenrieder et al., 

2009; Mobileye Technologies Limited, 2009).  

 

Table 4.1 Crash avoidance systems (Sugimoto and Sauer, 2005; Tokoro et al., 2007; 
Toyota Motor Europe, 2008; Distner et al., 2009; Bogenrieder et al., 2009; 
Mobileye Technologies Limited, 2009) 

Manufacturer Crash Avoidance System Monitoring Device 
Honda (Acura) Collision Mitigation Braking System Radar 
Toyota (Lexus) Advanced Pre-Crash Safety System Radar, Stereo Camera,  

Near-infrared projector 
Mercedes Pre-Safe System Radar 
Volvo Collision Warning with Auto Brake System 

City Safety System 
Radar, Stereo Camera 
LIDAR 

 
Manufacturers designed on-board monitoring systems to help predict collision 

accidents, making it possible to reduce collision damage or take preventive action to 

avoid a collision. As operation principles, the system first monitors vehicle speed and 
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steering angle, and detects the position, distance, and speed of any obstacle in front of the 

vehicle. The system then estimates a collision state with the vehicle or pedestrian ahead, 

taking into account the time to collision and the time to stop, which can be calculated by 

considering the inter-vehicular distance, the relative traveling speed, the motion vectors, 

and the braking system’s capability. If the system judges that a collision may occur, the 

system then gives a warning to the driver and automatically applies the brakes to reduce 

vehicle speed. For example, 2.7 seconds before the time of a potentially imminent crash 

the driver gets a warning, or if the calculated deceleration needed to stop the vehicle 

before a collision exceeds a certain level, the system warns a credible collision status. 

The rules used in the academic studies by Riaz et al. (2006) and Oloufa et al. 

(2003) followed similar standards as the automobile industry’s standards. They 

considered motion vectors and the stopping distance for close proximity detection. This 

safety rule was applied to the proposed research. Table 4.2 shows the comparison 

between car industry rules and the applied safety rule. 

  

Table 4.2 Comparison between car industry rules and the safety rule in this research 

 Safety rule in automobile industry Safety rule in this research 
Key features Inter-vehicular distance 

Vehicle/Obstacle speed 
Steering angle 

Proximity between vehicles 
Vehicle/Obstacle speed 
Motion direction 

Computation with 
features 

Time to collision 
Time to stop 

Distance to collision (Proximity) 
Distance to stop 
Motion vector proving an approaching 
status 

Warning situation Time to collision 
< Time to stop 

When an approaching status, 
Distance to collision (Proximity) 
< Distance to stop 
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In order to estimate the approaching status, the applied rule predicts the post 

distance after 0.2 seconds between vehicles using their motion vectors and then compares 

this distance with the current proximity. If this distance is smaller than the proximity, we 

can say both vehicles are approaching each other. The safety rule also assigns a safety 

margin that should surround heavy equipment machinery and then monitors other 

objects’ proximity as they approach this boundary. The size of any given safety margin 

can be determined by the stopping distance of the machinery, which is defined as the 

traveling distance from the instant the operator perceives a hazard and applies the brakes 

to the instant the machinery completely stops (CSG, Inc. 2008). This time period was 

calculated with the assumption that operators of average skill can fully stop the 

machinery within the stopping distance. The stopping distance (D) can be calculated by 

considering three components D1, D2, and D3 (MSHA, 1999). 

The first component of the stopping distance, D1, is “the distance that the vehicle 

travels during the time it takes for the driver to recognize that a stop is necessary and 

push on the brake pedal (MSHA, 1999).” This component accounts for the driver’s 

perception and reaction time, which will vary by individual and circumstance. This 

distance can be estimated using the following equation: 

 

D V DPRT               (Eq. 4.1) 

 

where, V0 is the velocity of the heavy equipment when stop is necessary, which 

can be estimated by considering the different positions of the object’s volume centroids 
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within an image sequence. DPRT is Driver Perception and Reaction Time in seconds, one 

second for operators of average skill as recommended by the Mine Safety and Health 

Administration (MSHA, 2007).  

The second component of the stopping distance, D2, is “the distance traveled in 

the time necessary for actuation of the braking system after the pedal is depressed 

(MSHA, 1999).” This lag time will vary depending on the size of truck and the braking 

system. This distance can be estimated using the following equation: 

 

D
V V

2 BSRT 

V V g g BSRT       (Eq. 4.2) 

 

where, V0 is the velocity of the heavy equipment when stop is necessary. Vb is the 

vehicle speed at end of brake system response time. BSRT is Brake System Response 

Time in seconds, and MSHA defined this time based on vehicle gross weight (Table 4.3) 

in the regulation “57.14101 Brakes” (MSHA, 1999). g is gravitational acceleration (9.81 

m/s2). geff is effective grade of road, expressed as a decimal, i.e. (%grade/100), which 

equals the actual grade minus the rolling resistance and considers downgrades as positive 

and upgrades as negative. 
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Table 4.3 Estimated brake system response time based on vehicle gross weight (MSHA, 

1999) 

Gross weight (lbs) 1 to 36k 36k to 70k 70k to 140k 140k to 
250k

250k to 
400k 

System response time 
(sec) 

0.5 1.0 1.5 2.0 2.25 

 

The third component of the stopping distance, D3, is “the distance that fully-

applied brakes need to bring the vehicle to stop (MSHA, 1999).” Assuming that the 

brakes are working properly, this distance depends on the speed of the vehicle when the 

brakes are applied, and on the vehicle’s deceleration rate, which depends on the amount 

of friction available either between the brake components or between the tires and the 

road surface material. This distance can be estimated using the following equation: 

 

D
V

2 g f g  

(Eq. 4.3) 

 

where, Vb is the vehicle speed at end of brake system response time. g is 

gravitational acceleration (9.81 m/s2) and geff is effective grade of road. f is the friction 

coefficient between the tires and the road. The Mine Safety and Health Administration 

(MSHA) defined typical values for the coefficient of friction between rubber tires and 

various road surfaces (Table 4.4) (MSHA, 1999). 
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Table 4.4 Coefficient of friction between rubber tires and various road surfaces (MSHA, 
1999) 

Material Dry Wet Material Dry Wet 
Concrete 0.90 0.60-0.80 Gravel road, firm 0.50-0.80 0.30-0.60
Clay 0.60-0.90 0.10-0.30 Gravel road, loose 0.20-0.40 0.30-0.50
Sand, loose 0.10-0.20 0.10-0.40 Snow, packed 0.10-0.40 0 
Quarry pit 0.65 - Ice 0 0 

 
Now, the question is how can the gross weight of the machinery be obtained? 

After the classification process, the safety rule is able to determine the gross weight of the 

classified object using a pre-determined database. For instance, if an object is classified 

as a backhoe, the process finds its weight from the database and assigns it as 25,000lbs. 

Using this weight, the system response time can be calculated. Figure 4.1 shows an 

overall pipeline for safety margin assignment. 

 

 

Figure 4.1 Safety margin assignment 
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4.2 VERIFICATION OF SAFETY RULES 

This research identified three spatial risk factors contributing to accidents in 

earthmoving and surface mining activities and determined safety rules to detect safety 

violations caused by the risk factors. The violation types included a speed limit violation, 

an access to dangerous areas, and a close proximity violation between heavy machinery. 

In order to verify identified risk factors and determined safety rules, interviews were 

conducted with industrial project and safety experts. Interviewees were selected from 

various construction domains including a general contractor, a sub-contractor (an 

excavating company), and a government agency (The Department of Transportation) 

(Table 4.5). Industrial experience of the interviewees varied from minimum 6 years to 

maximum 37 years (21 years on the average). Positions of the interviewees included a 

vice president, a project manager, a field superintendant, a safety director, and a 

construction manager. 

 

Table 4.5 Interview sample and list of interviewees 

Firm Business Segments Interviewees 
1 General contractor (Construction) Project manager 
2 General contractor (Construction) Project manager, Safety and health 

director 
3 Sub-contractor (Excavating and mining) Vice president, Field superintendant 
4 Government (Department of Transportation) Construction director, Construction 

administrator, Construction manager 

 
The interview questionnaire was prepared to listen to expert’s opinions on three 

different topics: a speed limit violation, an access to dangerous areas, and a close 
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proximity between heavy machinery. Appendix A illustrates the detailed interview guide 

for safety rule verification. The questionnaire was written straightforwardly to ask 

agreement on identified safety risk factors and to check importance and effectiveness of 

safety rules to detect identified risks. 

Table 4.6 summarizes the interview result with eight industrial experts. The 

detailed questionnaire is discussed in Appendix A. As shown in the table, all interviewees 

agreed that speed limit violations, access to dangerous areas, and close proximity 

between earthmoving equipment can result in accidents during earthmoving equipment 

operation. They also agreed that it is important to monitor (1) the speeds of earthmoving 

equipment to assure they are within the speed limit, (2) earthmoving equipment’s access 

to dangerous areas to assure they are within safety working environment, and (3) the 

stopping distance of earthmoving equipment to assure they have safe proximity with 

other earthmoving equipment. However, one interviewee neutrally answered on Question 

7. Although he agreed on the concept of the stopping distance application, he considered 

possible limitations which could arise during the practical utilization of the stopping 

distance equation on sites. In addition, interviewees also agreed and designated the 

following dangerous areas to be accessed (Question 3): highwalls, trenches, pits and 

holes, cracked and unstable ground, road edges, dumping edges, wet roads, narrow access 

choke point, temporary fixed objects and crowded areas with construction personnel. 
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Table 4.6 Interview results 

No. Question Strongly 
Agree 

Agree Neutral Disagree Strongly 
Disagree 

1 Speed limit violations can result in 
accidents during earthmoving 
equipment operation. 

7/8 1/8 0/8 0/8 0/8 

2 It is important to monitor the 
speeds of earthmoving equipment. 

7/8 1/8 0/8 0/8 0/8 

4 Access to dangerous areas can 
result in accidents during 
earthmoving equipment operation. 

6/8 2/8 0/8 0/8 0/8 

5 It is important to monitor 
earthmoving equipment’s access to 
dangerous areas. 

7/8 1/8 0/8 0/8 0/8 

6 Close proximity between 
earthmoving equipment can result 
in accident during operation. 

6/8 2/8 0/8 0/8 0/8 

7 It is important to monitor the 
stopping distance of earthmoving 
equipment. 

6/8 1/8 1/8 0/8 0/8 

 

4.3 SAFETY RISK IDENTIFICATION USING SAFETY RULES FOR LOADING, HAULING, AND 

DUMPING OPERATIONS 

4.3.1 Safety Risk Identification for Loading Operation 

A loader and a truck are both involved in a typical loading operation. The loader 

scoops material from the stockpile of soil or unformed rock and loads it onto the haulage 

truck. Since loading areas are generally congested with heavy machinery, different safety 

rules should be applied to different activity types. For example, if two haulage trucks are 

closely approaching each other, it might be considered a hazard situation. However, if a 

loader approaches a dump truck for material loading, it might not be dangerous. Also, an 

access to the material stockpile can be authorized only for a loader performing scooping 
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works. Because of these differing conditions, travel and working patterns of heavy 

machinery need to be investigated.  

Figure 4.2 shows an example of a typical loading zone for surface mining. In 

Figure 4.2, an area near a highwall is regarded as a dangerous working area. The safety 

risk identification method continuously tracks the movement of heavy machinery and 

estimates their proximity to other machinery as well as to pre-determined dangerous areas 

to facilitate safe decision-making. An area for an actual loading operation can be assigned 

either by manually plotting 3D positions of the area or measuring the time from the 

instant that the truck stops for loading to the instant that the truck starts hauling the load 

away. In this area, close proximity between a loader and a truck is allowed when the 

loader approaches the truck for material loading. 
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Figure 4.2 Safety risk identification for loading operations 
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4.3.2 Safety Risk Identification for Hauling Operation 

The safety risk identification method first tracks the machine’s moving speed, 

which is one of the most common risk factors in haulage-related accidents. As shown in 

Figure 4.3, the method first determines dangerous access areas near road edges, tracks 

proximity to these areas, and prevents the truck from traveling through the areas. In 

addition, the method sets a strategic spot near a road corner, a hill, or an intersection and 

calculates the proximity to the spot in order to help an operator have a clear sight 

distance. The method also estimates the proximity to other trucks and compares it with 

the calculated stopping distance for safe decision-making. Again, the stopping distance 

increases when the machinery moves faster and when the gross weight of heavy 

machinery increases, which results in more system response time for stopping. 
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Figure 4.3 Safety risk identification for hauling operations 
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4.3.3 Safety Risk Identification for Dumping Operation 

The most common fatal dump-point accidents involve trucks going over the edge 

of a pile. Thus, the safety risk identification method primarily focuses on the estimation 

of proximity to the berm near the pile edge (Figure 4.4). While the dump truck is backing 

up to the edge, the method estimates its proximity to the berm in order to prevent the 

truck from contacting the berm and potentially falling over it. The method also monitors 

proximity to other trucks to avoid collision between machinery. If an unstable ground or 

edge exists in the dumping area, the area can be marked as an access prohibited area and 

the proximity to this area can also be monitored. 
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Figure 4.4 Safety assessment for dumping operations 
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Chapter 5 Design of an Error Impact Analysis Testbed for Spatial 

Safety Assessment of Earthmoving Operations 

 

Using the safety rules and the safety risk identification method described in 

Chapter 4, a prototype simulation testbed was designed. The primary purpose of the 

testbed is to assist safety planners in understanding workspaces and to assess errors 

related to the use of different image-based technologies for safety planning decision 

making. The testbed first models virtual workspaces for earthmoving and surface mining 

activities and then simulates operations and related safety violations, such as speed limit 

violations, access violations to dangerous areas, and close proximity violations between 

heavy machinery. The testbed also models different object identification and tracking 

errors caused by image-based algorithms and devices as well as safety rules to detect 

safety risks. This testbed investigates the impact of errors on the performance of safety 

risk identification. This section will discuss the structure, the elements, and the functions 

of the testbed. 

 

5.1 TESTBED STRUCTURE 

The overview of the testbed structure is illustrated in Figure 5.1. Using spatial 

information of actual sites, a user can input a site map, relevant safety features such as an 

access-prohibited area or a safe material-loading area, heavy equipment types involved, 
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trajectory information of moving equipment, strategic camera positions, speed limits, and 

gross operating weights of the equipment into the testbed for safety violation detection. 

The testbed applies different object identification and tracking errors and then executes a 

simulation several times for each error rate. In a detailed explanation, 13 different error 

rates (0, 2, 4, 6, 8, 10, 12, 14, 16, 18, 20, 25, and 30%) are used for sensitivity analyses of 

both object tracking and identification accuracies. To apply different error rates to the 

original data, a random number generator is used. If a simulation is implemented 100 

times for each error rate, the testbed eventually runs the simulation 1,300 times for 

analyzing the impact of either tracking or identification accuracy. The testbed then 

outputs summary images and movie files. The testbed also summarizes safety-related 

violations using safety rules identified and analyzes performance. 
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Figure 5.1 Testbed structure 

 
The testbed codes were written using the C++ programming language in 

Microsoft Visual C++ 6.0. Intel Open Source Computer Vision Library (OpenCV) (Intel 

Corporation, 2000) was employed for image and video processing. A laptop computer 

(2.26 GHz Intel Core 2 Duo CPU and 1.98 GB of RAM) was used for testbed 

implementation. The testbed details will be discussed in remaining sections. 
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5.2 TESTBED DESIGN: INPUT DATA 

A user can first select a JPEG-format site map (Figure 5.2) and then use two 

software tools: an area selection tool and a trajectory build tool. Figure 5.3 shows the 

detailed input parameters of the testbed. 

 

 

Figure 5.2 Example of a site map 
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Figure 5.3 Input parameters of the testbed 
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input an area name, and the tool then generates a text file representing map specifications. 

Figure 5.4(a) shows a resulted text file of the tool. Once the user plots one location (a 

pixel of the map), the row and column values of the pixel are written into the text file. 

“DAA” represents a dangerous access area. “MP” stands for a material pile and “SLA” 

means a safe loading area. Figure 5.4(b) shows a map with specified areas. In Figure 5.4, 

a highwall area was assigned as a dangerous access area, a material stockpile and an 

unstable ground area were determined as discriminated access areas, and a safe material-

loading area was designated. In addition, a user can determine strategic camera positions 

as shown in Figure 5.4(b). In this model, the user located three camera positions for 

monitoring. 

 

   
     (a)                                (b) 

Figure 5.4 Area selection tool: (a) a result text file, (b) a map with specified areas 
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A user is then able to integrate a number of text files to create a virtual operation 

scenario. Figure 5.6(a) shows an integrated text file. By adding time information at the 

end of each line, only one vehicle appears at some time frames, but several vehicles 

appear simultaneously in some frames. For example, at 93 seconds (the first line in 

Figure 5(a)), only one truck (T1) appeared on the image. However, at 110 seconds (the 

last line in Figure 5.6(a)), two trucks (T1 and T2) appeared simultaneously. These 

combined trajectories construct a virtual simulation scenario. Figure 5.6(b) illustrates an 

example of a final simulation model with trajectory information. In this model, seven 

trucks and one loader were involved to simulate a loading operation. 

In summary, two software tools, the area selection tool and the trajectory build 

tool, generate text files describing safety-related area information and heavy machinery 

movement information. These files are then inputted to the testbed for constructing 

simulation scenarios. As shown in Figure 2, there are two more input variables. One is 

the speed limit of the site, which is used for monitoring speed limit violations. The other 

is gross operating weights of heavy equipment, which determines a stopping distance for 

monitoring a proximity violation. In this example, the speed limit was set as 20 mph 

(8.94 m/s). The truck’s gross weight was set between 140,000 and 250,000lbs, and the 

loader’s weight was set between 36,000 and 70,000lbs (CAT, 2009). 
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5.3 TESTBED DESIGN: INTERNAL PROCESSING 

Once safety-related area information and heavy machinery movement information 

construct simulation scenarios, the testbed runs a random error generator to modify 

original trajectory and classification information of heavy machinery with different 

tracking and identification errors. Again, the user can plot several sequential points to 

construct the trajectory of the heavy machinery involved. Each plotted point includes 

three different types of information: a heavy machinery type, the distance information of 

the point from the camera position, and the time information when the machinery locates 

at the point. As detailed explanation, a random tracking error generator first transforms 

the global x, y, and z values to the local coordinate using the designated camera position 

and the coordinate conversion matrix shown in Figure 3.9. The error generator then 

applies zero to 30% different tracking error rates to the local x, y, and z values and the 

revised values by the error are finally transformed back to the global frame. A random 

identification error generator similarly applies different identification error rates to heavy 

machinery information and modifies the original classification of the machinery.  

As an example, if the original x, y, and z values were 136.6m, 130.4m, and 1.5m, 

these global values were transformed to -30.8m, 4.7m, and 1.5m local values using the 

conversion matrix and the camera location. 10% tracking error (90% tracking accuracy) 

randomly changed the local x, y, and z values to values between -33.88m and -27.72m 

for the x value, 4.23m and 5.17m for the y value, and 1.35m and 1.65m for the z value. 

Similarly, a 20% tracking error rate (80% tracking accuracy) randomly changed local x, 

y, and z values to values between -36.96m and -24.64m for the x value, 3.76m and 5.64m 
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for the y value, and 1.2m and 1.8m for the z value. If a 20% identification error rate (80% 

identification accuracy) was applied, an actual truck was identified as a loader once out 

of five trials on the average. These local values were finally transformed back to the 

global values once the random error rate was applied. 

Figure 5.7 shows examples of the data modification results. Figure 5.7(a) shows 

how the different tracking error rate (10% and 30%) changed original x, y, and z values. 

The original global values 162.6m, 74.8m, and 1.5m at 0 sec changed to 163.32m, 80.8m, 

and 1.61m with the 10% tracking error, and they were changed to 164.14m, 75.98m, and 

1.94m with the 30% tracking error. Figure 5.7(b) shows data modification results with 

different identification error rates (10% and 30%). As shown in Figure 5.7(b), original 20 

trucks were identification as a loader twice with the 10% error rate and 6 times with the 

30% error rate. 
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alarms decreases with different time tolerance. More specifically, the zero-second time 

interval means frame-by-frame analysis. In order words, the testbed detects safety 

violations frame by frame. However, the five-second interval detects a violation if the 

violation has been continuously monitored during five seconds. Thus, such consideration 

would be expected to decrease the number of false alarms and increase the testbed 

efficiency by filtering noise out for practical testbed utilization. 

 

5.4 TESTBED DESIGN: OUTPUT DATA 

Figure 5.8 illustrates detailed testbed output parameters. The testbed basically 

outputs the final trajectory image (Figure 5.9) affected by different data errors and a 

movie file showing actual operations, movements of heavy machinery, and safety 

violations. The testbed also creates temperature-based frequency information of the 

tracked trajectory (Figure 5.10). In Figure 5.10, a trajectory of heavy machinery was 

colored from blue to red (blue, yellow, orange, and red) based on visiting frequency. A 

highly-visited area such as a main haulage road and a loading area became close to red 

and a lowly-visited area became close to blue. This information helps a user identify 

congested (high density) areas and free spaces for safety planning. 
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Figure 5.8 Output parameters of the testbed 

 

Moving Speed Limit 
Violations 
(Text format)
- Number of vehicle 
appearances on images
- Original number of speed 
limit violations with zero data 
errors
- Number of false alarms on 
speed limit violations VS Data 
accuracy
- Number of missed actual 
speed limit violations VS Data 
accuracy
- Average original speed of 
each vehicle

Access Violations to 
Dangerous Areas 
(Text format)
- Number of vehicle 
appearances on images
- Original number of access 
violations with zero data 
errors
- Number of false alarms on 
access violations VS Data 
accuracy
- Number of missed actual 
access violations VS Data 
accuracy
- Occupancy of dangerous 
areas (dangerous areas / total 
areas)

Output Images and Movies 
(Image and movie file format)
- Final image resulted
- Temperature-based 
frequency information of 
tracked trajectory
- Movie files showing actual 
movements and safety 
violations

Proximity Violations 
between Objects
(Text Format)
- Number of encounters 
between vehicles
- Original number of 
proximity violations with zero 
data errors
- Number of false alarms on 
proximity violations VS Data 
accuracy
- Number of missed actual 
proximity violations VS Data 
accuracy

*“Data accuracy” means
  “Object identification and tracking accuracies” Performance Analyses

- Accuracy (TP, TN)
- False alarm rate (FP)
- Missing detection rate (FN)

Safety
Features 

Trajectory 
Information 

Site Map 

Speed
Limits

Area Selection 
Tool

Trajectory Build 
Tool

Gross Weight
of Vehicle

Camera
Positions

TESTBED
Apply different object identification

and tracking errors

Random Error 
Generator

Safety Rules
Number of 
Simulations



 98

  
(a)       (b) 

  
(c)       (d) 

Figure 5.9 Final trajectories of objects affected by different tracking errors: (a) original 
trajectory with the zero tracking error, (b) trajectory with the 4% tracking 
error, (c) trajectory with the 10% tracking error, (d) trajectory with the 20% 
tracking error 
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Figure 5.10 Temperature-based frequency information of the tracked trajectory 

 

The testbed then estimates and counts safety-related violations based on safety 

rules, including speed limit violations, access violations to dangerous areas, and 

proximity violations between heavy pieces of machinery. First of all, the testbed monitors 

a speed limit violation. The speed limit violation occurs when the vehicle’s moving speed 

exceeds the predetermined speed limit. The testbed first counts the number of original 

speed limit violations with zero identification and tracking errors. Using this number, the 

testbed also counts the number of false alarms on speed violations and the number of 

missed original violations due to object identification and tracking errors. Also, the 

testbed calculates an average original speed of each vehicle.  

Theoretically, the worse an object’s tracking accuracy is, the more speed 

violations are expected to occur. Object identification accuracy would increase the speed 

violations only when different speed limits are assigned for different equipment types. By 
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counting the number of vehicles that appeared in the images, the testbed calculates the 

probability of false violation occurrence per each vehicle’s appearance versus object 

identification and tracking errors (Eq. 5.1 and Figure 5.11).  

 

Probability of False Speed Limit Violation Occurrence 

 
Number of False Speed Limit Violations

Number of Vehicle Appearances                                    Eq. 5.1  

 

 

Figure 5.11 Probability of false speed limit violation occurrence per each vehicle’s 
appearance versus tracking errors 
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the number of original access limit violations with zero identification and tracking errors. 

Using this number, the testbed also counts the number of false alarms on access 

violations and the number of missed original violations due to object identification and 

tracking errors. By counting the number of vehicles appearing in images, the testbed 

calculates the probability of false dangerous access violation occurrence per each 

vehicle’s appearance versus object identification and tracking errors (Eq. 5.2). 

 

Probability of False Dangerous Access Violation Occurrence

 
Number of False Access Violations

Number of Vehicle Appearances                                    Eq. 5.2  

 

Theoretically, when tracking errors become more prevalent, heavy machinery 

tends to break away from its original trajectory more; that is to say, if a large size of a 

dangerous area is designated near the original trajectory, the number of dangerous access 

violations is expected to increase. Object identification would affect the monitoring 

results only when different access authorities are assigned to different object types. For 

examples, a material stockpile is able to be allowed only for a loader to access, but not 

for a truck. The testbed also estimates the occupancy % of dangerous areas (dangerous 

areas in pixels / total areas in pixels) since this number may provide clues for the 

increments of access violations. Figure 5.12 shows an example graph with different 

tracking error rates. 
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Figure 5.12 Probability of false dangerous access violation occurrence per each vehicle’s 
appearance versus tracking errors 
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violation occurrence per each vehicles’ encounter versus object identification and 

tracking errors (Eq. 5.3). 

 

Probability of False Proximity Violation Occurrence

 
Number of False Proximity Violations

Number of Vehicles′ Encounters                                    Eq. 5.3  

 

Theoretically, while the tracking accuracy is getting worse, the vehicle’s speed 

tends to increase and the stopping distance becomes larger. Thus, more proximity 

violations are expected. The object identification accuracy would affect proximity 

violations as well. If a loader is identified as a heavy truck, the gross weight increases and 

the stopping distance increases as a result. However, if a heavy truck is identified as a 

loader, the weight decreases and the stopping distance also decreases. Figure 5.13 

illustrates an example graph with different tracking accuracies. 
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Figure 5.13 Probability of false proximity violation occurrence per each vehicle’s 
appearance versus tracking errors 
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The violation detection accuracy can be calculated using the equation below (Eq. 

5.4), and Figure 5.14 shows how violation detection accuracy is affected by different 

tracking errors. 

 

 Accuracy  
TP TN

Number of Vehicles′Appearance and Encounters          Eq. 5.4  

 

 

Figure 5.14 Violation detection accuracy with different tracking errors 
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False Alarm Rate  
FP

Number of Vehicles′Appearance and Encounters      Eq. 5.5  

 

 

Figure 5.15 False alarm rate versus different tracking errors 

 
Third, the missing detection rate can be calculated using the equation below (Eq. 

5.6), and Figure 5.16 shows how the rate is affected by different tracking errors. 
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Figure 5.16 Missing detection rate versus different tracking errors 

 
This chapter has discussed how the testbed was developed. The testbed structure 

as well as detailed input and output data and their functions have been explained. The 

testbed models virtual workspaces for earthmoving and surface mining activities and 
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proximity violations. The next chapter will discuss experiment and simulation results to 

test the designed testbed. 
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Chapter 6 Verification of Testbed Design and Sensitivity Analysis of 

Testbed Results 

 

The testbed, including the safety rules, the safety risk identification method and 

the modeling tool, was tested and the results are reported in this chapter. Interview with 

industrial safety experts was conducted to verify the testbed design. For testing testbed 

performance, various scenarios and different object identification and tracking accuracies 

were considered and sensitivity of the testbed results was analyzed. 

 

6.1 VERIFICATION OF TESTBED DESIGN 

In order to verify the testbed design, interviews were conducted with industrial 

project and safety experts. Interviewees were selected from various construction domains 

including a general contractor, a sub-contractor (an excavating company), and a 

government agency (The Department of Transportation). Industrial experience of the 

interviewees varied from minimum 6 years to maximum 37 years (21 years on the 

average). Positions of the interviewees included a vice president, a project manager, a 

field superintendant, a safety director, and a construction manager. 

The interview questionnaire was prepared to listen to expert’s opinions on input, 

internal processing, and output of the testbed design. Appendix B illustrates the detailed 
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interview guide for testbed design verification. Table 6.1 summarizes the interview result 

with eight industrial experts and the detailed questionnaire is discussed in Appendix B.  

 

Table 6.1 Interview results 

No. Question Strongly 
Agree 

Agree Neutral Disagree Strongly 
Disagree 

1 A safety person can understand 
workspaces and operations from 
the testbed figures. 

5/8 3/8 0/8 0/8 0/8 

3 The deteriorated trajectory 
information will impact the 
performance of safety risk 
detection. 

5/8 3/8 0/8 0/8 0/8 

4 The impact analysis is useful to 
assist safety planners to select 
applicable devices and methods for 
safety assessment. 

4/8 4/8 0/8 0/8 0/8 

  2% 4% 6% 8% 10% 12% 
2 Acceptable level of tracking errors 

for safety decision making 
8/8 6/8 6/8 2/8 2/8 0/8 

  1 2 3 4 5 
5 Acceptable device and algorithm 

combination 
8/8 6/8 1/8 1/8 0/8 

 

The testbed inputs a site map, access-prohibited areas, material stockpiles, loading 

areas, and specification and actual trajectory information of earthmoving equipment 

involved in the operations in order to simulate virtual earthmoving scenarios. The first 

question asked rationality of these testbed input data. The question asked if an expert was 

able to understand designed workspaces and operations. All interviewees were 

comfortable with designed scenarios and agreed that the scenarios would assist safety 

planners to design workspaces and to understand working environment efficiently. They 
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even recommended that those scenarios would be helpful not only to analyze safety risks 

but also improve overall operations, productivity and performance of employee education 

in traffic flow areas. 

The second and the third questions asked reliability of the testbed internal 

processing. The testbed applies different positioning errors caused by position tracking 

devices and algorithms. The interviewee agreed that the deteriorated trajectory 

information will impact the performance of safety risk detection such as speed limit 

violations, dangerous accesses, and close proximity. They agreed that applying different 

error rates to the trajectory information and analyzing the impact of the error are 

necessary to conduct safety assessment process. They trusted that higher tracking errors 

would result in higher risk of safety performance. 

The fourth and the fifth questions asked usefulness of the testbed output. The 

testbed analyzes how different errors related to the use of different technologies impact 

the violation detection performance. The questions provided a simple utilization example 

with different device and algorithm combinations. All interviewees agreed that the impact 

analysis of the testbed is useful to assist safety planners to select applicable devices and 

methods for safety assessment on the site. Most of the interviewees were comfortable to 

use device and algorithm combinations with higher level of accuracy than 90%. Thus, it 

could be an acceptable level of violation detection accuracy which can be utilized as 

reference values for device and algorithm selection processes. 
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6.2 SENSITIVITY ANALYSIS OF TESTBED RESULTS 

The simulation testbed aims at investigation of the impact of object identification 

and tracking errors caused by algorithms and devices on the data that was collected and 

processed for image-based safety violation detection. The testbed enables a user (a safety 

planner) to model virtual workspaces and simulate operations and related safety 

violations. Three different scenarios (two loading and one hauling scenarios) were 

constructed based on the ground truth that was actually monitored. The ground truth was 

built from the M. E. Ruby, Jr., limestone quarry located in Cedar Park, Texas, where 1.5 

million tons of materials are produced every year. Figure 6.1 shows the map of the site 

and its regular work routine. Limestone is loaded from the quarry, hauled away, and 

dumped into the crusher. The crushed limestone is then loaded onto conveyor trucks for 

commercial delivery. 

 

Figure 6.1 Work routine on limestone quarry 
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The testbed applied different object identification and tracking errors between 0% 

and 30% and executed a simulation 100 times for each error. Since a simulation was 

implemented 100 times for each error rate, the testbed eventually ran a simulation 1,300 

times for analyzing the impact of either tracking or identification accuracy. For the 

stopping distance calculation, 1 second driver’s perception and reaction time, 3% actual 

downgrade, 2% rolling resistance, 2 seconds brake system response time for trucks, 1 

second brake system response time for loaders, and 0.65 friction coefficient for quarry pit 

were utilized. 

 

6.2.1 Simulation Scenarios 

6.2.1.1 Simulation Scenario 1 

The first scenario was constructed to represent a loading operation. Seven trucks 

and one loader were involved in the operation. The loader scooped materials from the 

assigned material stockpile and loaded materials onto the delivery trucks. Figure 6.2 

shows the satellite map used for Scenario 1. The size of the original map was 811 (width) 

× 538 (height) with 436,319 pixels. A total of 1,591 images were processed; that is, a 

total of 2,068,300 images were processed through the 1,300-times simulations. A 

dangerous access area “DAA1” was predetermined near highwalls and “DAA2” was 

designated for unstable ground. A material pile (MP1) was also located, which was a 

dangerous access area only for a truck, not for a loader. A total of 94,988 pixels belonged 

to the dangerous areas, so the occupancy of the dangerous areas was 21.77%. Last, a safe 
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loading area (SLA1) was assigned near the material stockpile. Three cameras were 

positioned for monitoring. Figure 6.3 shows the result images of Scenario 1. 

 

 

Figure 6.2 Scenario 1 – Original map 
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(a) 

 
(b) 

Figure 6.3 Scenario 1 - Result images: (a) the final image with moving trajectories, (b) 
the temperature-based frequency information of the trajectory 

 



 115

6.2.1.2 Simulation Scenario 2 

The second scenario was built to represent another loading operation. Seven 

trucks and two loaders were involved in the operation. Figure 6.4 shows the satellite map 

used for Scenario 2. The size of the original map was 855 (width) × 493 (height) with 

421,515 pixels. A total of 1,542 images were processed; that is, a total of 2,004,600 

images were processed through the 1,300-times simulations. A dangerous access area 

“DAA1” was assigned near the material crusher, and “DAA2” was designated for 

unstable ground. Material piles (MP1, MP2, MP3, and MP4) were also located, which 

were the dangerous access areas only for a truck, not for a loader. Total of 130,457 pixels 

belonged to the dangerous areas, so the occupancy of the dangerous areas was 30.95%. 

Six cameras were positioned for monitoring. Figure 6.5 shows result images of Scenario 

2. 

 

 

Figure 6.4 Scenario 2 – Original map 
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(a) 

 
(b) 

Figure 6.5 Scenario 2 - Result images: (a) the final image with moving trajectories, (b) 
the temperature-based frequency information of the trajectory 

 

6.2.1.3 Simulation Scenario 3 

The third scenario was constructed to represent a hauling operation. Fourteen 

trucks were involved in the operation. The trucks traveled to the quarry entrance and 

traveled back to the exit. Figure 6.6 shows the satellite map used for Scenario 3. The size 
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of the original map was 1,114 (width) × 587 (height) with 653,918 pixels. A total of 

1,407 images were processed; that is, a total of 1,829,100 images were processed through 

the 1,500-times simulations. Dangerous access areas (DAA1, DAA2, DAA3, and DAA4) 

were assigned near road edges and highwalls, and “DAA5” was designated for unstable 

ground. Total of 476,413 pixels belonged to the dangerous areas, so the occupancy of the 

dangerous areas was 72.85%. Six cameras were positioned for monitoring. Figure 6.7 

shows result images of Scenario 3. 

 

 

Figure 6.6 Scenario 3 – Original map 
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(a) 

 
(b) 

Figure 6.7 Scenario 3 - Result images: (a) the final image with moving trajectories, (b) 
the temperature-based frequency information of the trajectory 

 

6.2.2 Simulation Results and Discussions 

6.2.2.1 Sensitivity of the Testbed Performance to Tracking Accuracy 

Each scenario ran 100 times to derive an analysis of the sensitivity of the testbed 

performance to different tracking error rates, ranging from 0% to 30%. In order to 

estimate accuracy, false alarm rates, and missing detection rates, each scenario originally 
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had simulated violations. In Scenario 1, the original simulation with the zero tracking 

error rate resulted in 0 speed limit violations, 3 dangerous access violations, and 14 close 

proximity violations. In Scenario 2, the original simulation resulted in 0 speed limit, 2 

dangerous access, and 16 close proximity violations. In Scenario 3, the original 

simulation resulted in 2 speed limit, 0 dangerous access, and 15 close proximity 

violations.  

Table 6.2 and Table 6.3 summarize mean (%) and standard deviation (%) with 

95% confidence interval for safety violation detection accuracy versus tracking errors. 

The mean of violation detection accuracy decreased from 100% to 80.87% on the average 

of 100-times simulations in Scenario 1, to 69.88% in Scenario 2, and to 60.50% in 

Scenario 3. The detailed results were illustrated in the box plots of violation detection 

accuracy. Figure 6.8 shows an example of how the accuracy was respectively decreased 

by increasing tracking error rate with mean, minimum, and maximum accuracy 

information.  
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Table 6.2 Estimated mean (%) with 95% confidence interval for safety violation detection accuracy verses tracking errors 

 

 

Table 6.3 Estimated standard deviation (%) with 95% confidence interval for safety violation detection accuracy verses 

tracking errors 

 

Scenario 1
Tracking error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
Mean (detection accuracy, %) 100.000 99.584 98.745 97.306 95.549 93.849 92.185 90.577 88.833 87.397 86.049 83.086 80.870
95% confidence interval 100.000 99.573 - 99.595 98.729 - 98.761 97.239 - 97.374 95.470 - 95.628 93.815 - 93.882 92.145 - 92.225 90.475 - 90.678 88.608 - 89.059 87.123 - 87.671 85.755 - 86.343 82.718 - 83.454 80.429 - 81.311

Scenario 2
Tracking error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
Mean (detection accuracy, %) 100.000 99.761 98.047 94.757 91.357 87.673 84.516 81.656 79.430 77.281 75.401 72.251 69.881
95% confidence interval 100.000 99.754 - 99.769 98.025 - 98.069 94.718 - 94.796 91.301 - 91.413 87.524 - 87.822 84.332 - 84.700 81.420 - 81.893 79.210 - 79.649 77.030 - 77.533 75.131 - 75.670 71.959 - 72.543 69.608 - 70.154

Scenario 3
Tracking error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
Mean (detection accuracy, %) 100.000 99.487 97.886 95.016 91.038 86.810 82.794 79.103 75.700 72.806 70.209 64.742 60.503
95% confidence interval 100.000 99.472 - 99.502 97.858 - 97.915 94.972 - 95.061 90.984 - 91.093 86.735 - 86.884 82.704 - 82.884 79.015 - 79.192 75.625 - 75.775 72.721 - 72.891 70.120 - 70.297 64.662 - 64.821 60.418 - 60.588

Scenario 1
Tracking error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
StDev (detection accuracy, %) 0.000 0.054 0.081 0.339 0.396 0.169 0.202 0.511 1.138 1.381 1.480 1.853 2.224
95% confidence interval 0.000 0.047 - 0.063 0.071 - 0.094 0.298 - 0.394 0.348 - 0.460 0.149 - 0.197 0.177 - 0.235 0.448 - 0.593 0.999 - 1.321 1.212 - 1.604 1.299 - 1.719 1.627 - 2.153 1.953 - 2.584

Scenario 2
Tracking error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
StDev (detection accuracy, %) 0.000 0.037 0.111 0.198 0.284 0.752 0.928 1.192 1.104 1.268 1.357 1.472 1.374
95% confidence interval 0.000 0.033 - 0.043 0.098 - 0.129 0.174 - 0.230 0.249 - 0.329 0.660 - 0.874 0.815 - 1.078 1.046 - 1.384 0.969 - 1.282 1.114 - 1.473 1.191 - 1.576 1.293 - 1.710 1.207 - 1.596

Scenario 3
Tracking error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
StDev (detection accuracy, %) 0.000 0.075 0.145 0.223 0.274 0.377 0.452 0.445 0.380 0.429 0.448 0.400 0.427
95% confidence interval 0.000 0.066 - 0.087 0.128 - 0.169 0.196 - 0.259 0.241 - 0.319 0.331 - 0.437 0.397 - 0.525 0.391 - 0.517 0.333 - 0.441 0.377 - 0.498 0.393 - 0.520 0.351 - 0.465 0.375 - 0.496
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Figure 6.8 An example of box plots for safety violation detection accuracy of Scenario 3 

 

Table 6.4 and Table 6.5 summarize mean (%) and standard deviation (%) with 

95% confidence interval for false alarm rate versus tracking errors. The mean of false 

alarm rate increased from 0% to 19.11% on the average of 100-times simulations in 

Scenario 1, to 30.07% in Scenario 2, and to 39.39% in Scenario 3. The detailed results 

were illustrated in the box plots of false alarm rates. Figure 6.9 shows an example of how 

the number of false alarms was respectively increased by increasing tracking error rate 

with mean, minimum, and maximum rate information.  
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Table 6.4 Estimated mean (%) with 95% confidence interval for false alarm rate verses tracking errors 

 

 

Table 6.5 Estimated standard deviation (%) with 95% confidence interval for missing detection rate verses tracking errors 

 

Scenario 1
Tracking error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
Mean (false alarm rate, %) 0.000 0.390 1.226 2.664 4.418 6.115 7.778 9.386 11.133 12.565 13.918 16.884 19.106
95% confidence interval 0.000 0.379 - 0.400 1.210 - 1.242 2.597 - 2.732 4.339 - 4.496 6.082 - 6.148 7.738 - 7.818 9.284 - 9.487 10.907 - 11.358 12.291 - 12.838 13.624 - 14.212 16.517 - 17.251 18.665 - 19.547

Scenario 2
Tracking error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
Mean (false alarm rate, %) 0.000 0.222 1.926 5.208 8.604 12.281 15.438 18.295 20.522 22.673 24.549 27.702 30.073
95% confidence interval 0.000 0.215 - 0.229 1.904 - 1.948 5.168 - 5.247 8.547 - 8.660 12.132 - 12.431 15.253 - 15.622 18.059 - 18.531 20.304 - 20.741 22.421 - 22.925 24.280 - 24.818 27.410 - 27.994 29.800 - 30.346

Scenario 3
Tracking error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
Mean (false alarm rate, %) 0.000 0.456 2.048 4.908 8.880 13.102 17.111 20.801 24.195 27.085 29.683 35.150 39.386
95% confidence interval 0.000 0.442 - 0.470 2.020 - 2.076 4.864 - 4.952 8.826 - 8.933 13.028 - 13.176 17.022 - 17.201 20.713 - 20.889 24.119 - 24.270 27.000 - 27.169 29.595 - 29.772 35.071 - 35.230 39.302 - 39.470

Scenario 1
Tracking error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
StDev (false alarm rate, %) 0.000 0.052 0.081 0.338 0.396 0.167 0.201 0.511 1.136 1.380 1.481 1.851 2.223
95% confidence interval 0.000 0.046 - 0.060 0.071 - 0.094 0.297 - 0.393 0.348 - 0.460 0.146 - 0.194 0.176 - 0.233 0.449 - 0.594 0.998 - 1.320 1.212 - 1.603 1.300 - 1.720 1.625 - 2.150 1.952 - 2.583

Scenario 2
Tracking error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
StDev (false alarm rate, %) 0.000 0.036 0.111 0.198 0.285 0.753 0.930 1.190 1.103 1.271 1.355 1.472 1.374
95% confidence interval 0.000 0.032 - 0.042 0.098 - 0.129 0.173 - 0.229 0.250 - 0.331 0.661 - 0.875 0.817 - 1.081 1.045 - 1.382 0.968 - 1.281 1.116 - 1.476 1.190 - 1.575 1.292 - 1.710 1.206 - 1.596

Scenario 3
Tracking error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
StDev (false alarm rate, %) 0.000 0.069 0.142 0.222 0.272 0.374 0.451 0.444 0.381 0.425 0.447 0.400 0.425
95% confidence interval 0.000 0.060 - 0.080 0.125 - 0.165 0.195 - 0.258 0.238 - 0.316 0.328 - 0.434 0.396 - 0.523 0.390 - 0.516 0.334 - 0.442 0.373 - 0.516 0.393 - 0.520 0.351 - 0.464 0.373 - 0.494
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Figure 6.9 An example of box plots for false alarm rates of Scenario 3 

 

Table 6.6 and Table 6.7 summarize mean (%) and standard deviation (%) with 

95% confidence interval for missing detection rate versus tracking errors. The mean of 

missing detection rate increased from 0% to 0.024% on the average of 100-times 

simulations in Scenario 1, to 0.05% in Scenario 2, and to 0.11% in Scenario 3. The 

detailed results were illustrated in the box plots of missing detection rates. Figure 6.10 

shows an example of how the number of missing detections was respectively increased 

by increasing tracking error rate with mean, minimum, and maximum rate information.  
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Table 6.6 Estimated mean (%) with 95% confidence interval for missing detection rate verses tracking errors 

 

 

Table 6.7 Estimated standard deviation (%) with 95% confidence interval for missing detection rate verses tracking errors 

 

Scenario 1
Tracking error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
Mean (missing detection rate, %) 0.000 0.026 0.029 0.029 0.033 0.036 0.037 0.038 0.034 0.038 0.033 0.030 0.024
95% confidence interval 0.000 0.024 - 0.029 0.026 - 0.031 0.026 - 0.032 0.031 - 0.036 0.033 - 0.038 0.034 - 0.040 0.035 - 0.040 0.031 - 0.037 0.036 - 0.041 0.029 - 0.036 0.027 - 0.033 0.021 - 0.027

Scenario 2
Tracking error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
Mean (missing detection rate, %) 0.000 0.017 0.023 0.036 0.039 0.045 0.046 0.049 0.048 0.046 0.050 0.047 0.046
95% confidence interval 0.000 0.014 - 0.019 0.025 - 0.030 0.033 - 0.038 0.037 - 0.042 0.042 - 0.049 0.043 - 0.050 0.046 - 0.052 0.045 - 0.051 0.042 - 0.049 0.047 - 0.053 0.043 - 0.050 0.043 - 0.049

Scenario 3
Tracking error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
Mean (missing detection rate, %) 0.000 0.057 0.066 0.076 0.082 0.088 0.095 0.096 0.105 0.109 0.108 0.108 0.111
95% confidence interval 0.000 0.052 - 0.061 0.061 - 0.070 0.072 - 0.080 0.078 - 0.086 0.084 - 0.093 0.090 - 0.099 0.090 - 0.101 0.100 - 0.110 0.104 - 0.114 0.103 - 0.113 0.102 - 0.114 0.104 - 0.118

Scenario 1
Tracking error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
StDev (missing detection rate, %) 0.000 0.011 0.012 0.014 0.013 0.013 0.014 0.014 0.014 0.014 0.017 0.016 0.015
95% confidence interval 0.000 0.010 - 0.013 0.011 - 0.015 0.012 - 0.016 0.011 - 0.015 0.011 - 0.015 0.012 - 0.016 0.013 - 0.017 0.013 - 0.017 0.012 - 0.016 0.015 - 0.020 0.014 - 0.018 0.014 - 0.018

Scenario 2
Tracking error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
StDev (missing detection rate, %) 0.000 0.012 0.012 0.013 0.013 0.016 0.017 0.015 0.014 0.017 0.016 0.016 0.015
95% confidence interval 0.000 0.011 - 0.014 0.011 - 0.015 0.012 - 0.015 0.012 - 0.015 0.014 - 0.019 0.015 - 0.020 0.013 - 0.018 0.013 - 0.017 0.015 - 0.020 0.014 - 0.020 0.014 - 0.019 0.013 - 0.017

Scenario 3
Tracking error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
StDev (missing detection rate, %) 0.000 0.023 0.022 0.021 0.022 0.024 0.022 0.026 0.026 0.026 0.024 0.028 0.036
95% confidence interval 0.000 0.020 - 0.026 0.019 - 0.025 0.018 - 0.024 0.019 - 0.026 0.021 - 0.028 0.019 - 0.026 0.023 - 0.030 0.022 - 0.030 0.023 - 0.030 0.021 - 0.027 0.025 - 0.033 0.031 - 0.041
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Figure 6.10 An example of box plots for missing detection rate of Scenario 3 

 

By considering the above mean values, Figure 6.11(a) illustrates the violation 

detection accuracy versus different tracking error rates applied, Figure 6.11(b) illustrates 

increasing false alarm rate and Figure 6.11(c) describes missing detection rate. 
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(a) 

 
(b) 

Figure 6.11 Simulation results versus different tracking accuracy: (a) violation detection 
accuracy, (b) false alarm rate, (c) missing detection rate 
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(c) 

Figure 6.11 continued 
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Discussion of the False Alarm Rate 

The simulation results indicated that the violation detection accuracy was affected 

significantly by the number of false alarms, not by the missing rate; the missing rate only 

increased to up to less than 0.2%. Thus, more thorough analysis on false alarms was 

required.  

Table 6.8 and Table 6.9 summarize mean (%) and standard deviation (%) with 

95% confidence interval for false speed limit violation occurrence versus tracking errors. 

Heavy equipment appeared on the image 4,767 times in Scenario 1, 4,556 times in 

Scenario 2, and 2,344 times in Scenario 3. By considering these numbers, the mean value 

of the probability of the false speed limit violation occurrence per each vehicle’s 

appearance increased from 0% to 41.28% on the average of 100-times simulations in 

Scenario 1, to 57.96% in Scenario 2, and to 80.16% in Scenario 3. The detailed results 

were illustrated in the box plots of the probability of the false speed limit violation 

occurrence. Figure 6.12 shows an example of how the probability was respectively 

increased by increasing tracking error rate with mean, minimum, and maximum 

probability information. 
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Table 6.8 Estimated mean (%) with 95% confidence interval for probability of false speed limit violation occurrence per each 

vehicle’s appearance verses tracking errors 

 

 

Table 6.9 Estimated standard deviation (%) with 95% confidence interval for probability of false speed limit violation 

occurrence per each vehicle’s appearance verses tracking errors 

 

Scenario 1
Tracking error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
Mean (false speed, %) 0.000 0.002 0.686 3.679 8.327 13.249 17.963 22.239 26.055 29.184 32.084 37.453 41.276
95% confidence interval 0.000 0.001 - 0.003 0.664 - 0.709 3.632 - 3.727 8.263 - 8.391 13.267 - 13.331 17.869 - 18.058 22.122 - 22.355 25.964 - 26.146 29.083 - 29.284 31.995 - 32.173 37.361 - 37.544 41.186 - 41.365

Scenario 2
Tracking error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
Mean (false speed, %) 0.000 0.119 4.177 12.714 20.988 28.180 33.909 38.818 42.647 46.090 48.945 54.258 57.963
95% confidence interval 0.000 0.110 - 0.128 4.122 - 4.232 12.612 - 12.816 20.869 - 21.106 28.076 - 28.284 33.799 - 34.020 38.695 - 38.941 42.512 - 42.782 45.974 - 46.206 48.836 - 49.054 54.153 - 54.364 57.871 - 58.055

Scenario 3
Tracking error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
Mean (false speed, %) 0.000 0.838 4.548 11.385 20.695 30.453 39.493 47.507 54.508 60.118 64.970 73.900 80.155
95% confidence interval 0.000 0.807 - 0.868 4.479 - 4.618 11.282 - 11.487 20.568 - 20.823 30.277 - 30.629 39.298 - 39.688 47.298 - 47.716 54.339 - 54.676 59.931 - 60.306 64.796 - 65.145 73.728 - 74.072 79.987 - 80.323

Scenario 1
Tracking error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
StDev (false speed, %) 0.000 0.006 0.113 0.239 0.323 0.412 0.476 0.587 0.459 0.505 0.449 0.462 0.451
95% confidence interval 0.000 0.005 - 0.007 0.010 - 0.132 0.210 - 0.278 0.284 - 0.375 0.362 - 0.479 0.418 - 0.554 0.516 - 0.682 0.403 - 0.533 0.443 - 0.586 0.395 - 0.522 0.405 - 0.536 0.396 - 0.524

Scenario 2
Tracking error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
StDev (false speed, %) 0.000 0.047 0.278 0.515 0.598 0.523 0.555 0.621 0.680 0.584 0.550 0.531 0.463
95% confidence interval 0.000 0.041 - 0.054 0.244 - 0.323 0.453 - 0.599 0.525 - 0.695 0.459 - 0.607 0.487 - 0.645 0.545 - 0.722 0.597 - 0.790 0.513 - 0.679 0.483 - 0.639 0.467 - 0.617 0.407 - 0.538

Scenario 3
Tracking error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
StDev (false speed, %) 0.000 0.153 0.351 0.517 0.644 0.866 0.982 1.053 0.849 0.944 0.879 0.866 0.845
95% confidence interval 0.000 0.134 - 0.177 0.308 - 0.408 0.454 - 0.601 0.566 - 0.749 0.778 - 1.029 0.862 - 1.141 0.925 - 1.223 0.745 - 0.986 0.829 - 1.096 0.772 - 1.021 0.761 - 1.006 0.742 - 0.982
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Figure 6.12 An example of box plots for probability of false speed limit violation 
occurrence per each vehicle’s appearance of Scenario 3 

 
Table 6.10 and Table 6.11 summarize mean (%) and standard deviation (%) with 

95% confidence interval for false dangerous access violation occurrence versus tracking 

errors. By considering the number of heavy equipment appearance on the image, the 

mean value of the probability of the false access violation occurrence per each vehicle’s 

appearance increased from 0% to 14.55% in Scenario 1, to 13.84% in Scenario 2, and to 

4.78% in Scenario 3. The detailed results were illustrated in the box plots of the 

probability of the false access violation occurrence. Figure 6.13 shows an example of 

how the probability was respectively increased by increasing tracking error rate with 

mean, minimum, and maximum probability information. 
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Table 6.10 Estimated mean (%) with 95% confidence interval for probability of false dangerous access violation occurrence 

per each vehicle’s appearance verses tracking errors 

 

 

Table 6.11 Estimated standard deviation (%) with 95% confidence interval for probability of false dangerous access violation 

occurrence per each vehicle’s appearance verses tracking errors 

 

Scenario 1
Tracking error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
Mean (false access, %) 0.000 0.010 0.015 0.017 0.028 0.051 0.084 0.575 2.521 4.411 5.766 10.736 14.551
95% confidence interval 0.000 0.006 - 0.014 0.010 - 0.020 0.011 - 0.023 0.021 - 0.036 0.040 - 0.062 0.071 - 0.096 0.001 - 1.150 1.156 - 3.886 2.697 - 6.125 3.903 - 7.629 8.492 - 12.980 11.793 - 17.310

Scenario 2
Tracking error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
Mean (false access, %) 0.000 0.008 0.029 0.132 0.535 2.526 4.602 6.681 7.925 9.423 10.939 12.255 13.840
95% confidence interval 0.000 0.006 - 0.010 0.024 - 0.034 0.122 - 0.142 0.486 - 0.583 2.147 - 2.906 4.096 - 5.108 6.054 - 7.308 7.344 - 8.507 8.716 - 10.131 10.163 - 11.715 11.466 - 13.044 13.055 - 14.625

Scenario 3
Tracking error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
Mean (false access, %) 0.000 0.000 0.002 0.047 0.212 0.406 0.684 1.026 1.422 1.854 2.288 3.589 4.783
95% confidence interval 0.000 0.000 0.001 - 0.003 0.042 - 0.053 0.199 - 0.225 0.390 - 0.423 0.663 - 0.705 1.006 - 1.046 1.394 - 1.450 1.821 - 1.887 2.249 - 2.327 3.542 - 3.636 4.730 - 4.835

Scenario 1
Tracking error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
StDev (false access, %) 0.000 0.019 0.023 0.028 0.039 0.057 0.064 2.893 6.881 8.637 9.388 11.311 13.901
95% confidence interval 0.000 0.017 - 0.022 0.020 - 0.027 0.025 - 0.033 0.034 - 0.045 0.050 - 0.066 0.057 - 0.075 2.540 - 3.361 6.042 - 7.994 7.584 - 10.034 8.243 - 10.906 9.931 - 13.139 12.205 - 16.148

Scenario 2
Tracking error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
StDev (false access, %) 0.000 0.019 0.023 0.049 0.243 1.913 2.549 3.161 2.930 3.565 3.913 3.976 3.957
95% confidence interval 0.000 0.010 - 0.014 0.020 - 0.027 0.043 - 0.057 0.213 - 0.282 1.679 - 2.222 2.238 - 2.961 2.776 - 3.672 2.572 - 3.403 3.130 - 4.142 3.436 - 4.545 3.491 - 4.619 3.474 - 4.597

Scenario 3
Tracking error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
StDev (false access, %) 0.000 0.000 0.006 0.028 0.065 0.081 0.105 0.100 0.141 0.167 0.198 0.238 0.266
95% confidence interval 0.000 0.000 0.005 - 0.007 0.024 - 0.032 0.057 - 0.076 0.071 - 0.094 0.092 - 0.122 0.088 - 0.116 0.124 - 0.164 0.147 - 0.194 0.174 - 0.230 0.209 - 0.276 0.234 - 0.309



 132

 

Figure 6.13 An example of box plots for probability of false dangerous access violation 
occurrence per each vehicle’s appearance of Scenario 3 

 

Table 6.12 and Table 6.13 summarize mean (%) and standard deviation (%) with 

95% confidence interval for false close proximity violation occurrence versus tracking 

errors. The total 5,857, 5,051, and 1,104 encounters between heavy machinery occurred 

in Scenario 1, Scenario 2, and Scenario 3 respectively. By considering these numbers, the 

mean value of the probability of the false proximity violation occurrence per each 

vehicles’ encounter increased from 0% to 13.07% in Scenario 1, to 20.38% in Scenario 2, 

and to 22.28% in Scenario 3. The detailed results were illustrated in the box plots of the 

probability of the false proximity violation occurrence.  
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Table 6.12 Estimated mean (%) with 95% confidence interval for probability of false close proximity violation occurrence per 

each vehicles’ encounter verses tracking errors 

 

 

Table 6.13 Estimated standard deviation (%) with 95% confidence interval for probability of false close proximity violation 

occurrence per each vehicles’ encounter verses tracking errors 

 

Scenario 1
Tracking error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
Mean (false proximity, %) 0.000 0.971 2.683 4.126 5.117 5.801 6.567 7.349 8.258 8.885 9.760 11.558 13.073
95% confidence interval 0.000 0.943 - 0.998 2.643 - 2.722 3.982 - 4.290 4.935 - 5.299 5.748 - 5.854 6.502 - 6.632 7.286 - 7.412 8.096 - 8.421 8.824 - 8.945 9.666 - 9.854 11.455 - 11.662 12.974 - 13.173

Scenario 2
Tracking error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
Mean (false proximity, %) 0.000 0.488 1.566 2.999 4.759 6.720 8.678 10.539 12.280 13.933 15.310 18.349 20.381
95% confidence interval 0.000 0.468 - 0.507 1.536 - 1.595 2.954 - 3.043 4.700 - 4.818 6.661 - 6.778 8.611 - 8.744 10.464 - 10.614 12.192 - 12.369 13.846 - 14.019 15.234 - 15.387 18.250 - 18.447 20.283 - 20.479

Scenario 3
Tracking error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
Mean (false proximity, %) 0.000 0.293 0.853 1.460 2.419 3.681 5.111 6.919 8.634 10.589 12.609 17.664 22.281
95% confidence interval 0.000 0.263 - 0.322 0.806 - 0.901 1.405 - 1.515 2.346 - 2.491 3.598 - 3.764 5.015 - 5.208 6.814 - 7.023 8.511 - 8.757 10.453 - 10.725 12.474 - 12.743 17.531 - 17.797 22.086 - 22.476

Scenario 1
Tracking error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
StDev (false proximity, %) 0.000 0.138 0.200 0.826 0.916 0.266 0.328 0.316 0.821 0.304 0.474 0.524 0.500
95% confidence interval 0.000 0.122 - 0.161 0.175 - 0.232 0.725 - 0.959 0.804 - 1.064 0.234 - 0.309 0.288 - 0.381 0.277 - 0.367 0.721 - 0.954 0.267 - 0.354 0.416 - 0.551 0.460 - 0.609 0.439 - 0.581

Scenario 2
Tracking error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
StDev (false proximity, %) 0.000 0.099 0.147 0.224 0.296 0.293 0.335 0.378 0.445 0.436 0.385 0.497 0.493
95% confidence interval 0.000 0.087 - 0.114 0.129 - 0.171 0.196 - 0.260 0.260 - 0.343 0.257 - 0.340 0.294 - 0.389 0.332 - 0.439 0.390 - 0.517 0.382 - 0.506 0.338 - 0.447 0.436 - 0.577 0.433 - 0.573

Scenario 3
Tracking error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
StDev (false proximity, %) 0.000 0.148 0.239 0.277 0.364 0.419 0.487 0.525 0.619 0.686 0.678 0.670 0.982
95% confidence interval 0.000 0.130 - 0.172 0.209 - 0.277 0.243 - 0.322 0.319 - 0.423 0.368 - 0.487 0.427 - 0.565 0.461 - 0.610 0.543 - 0.719 0.602 - 0.797 0.595 - 0.788 0.588 - 0.778 0.863 - 1.141
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Figure 6.14 An example of box plots for probability of false close proximity violation 
occurrence per each vehicles encounter of Scenario 3 

 

By considering the above mean values, Figure 6.15 illustrates how the number of 

false alarms increased by different tracking errors. As shown in Figure 6.12(a), the mean 

of the probability of the false speed limit violation occurrence was positively proportional 

to tracking errors. Scenario 3 resulted largest increment on the occurrence probability and 

Scenario 1 resulted the smallest. These graphical trends tended to be directly related to 

the quarry speed limit 8.94 m/s (20 mph) and the original moving speed of heavy 

equipment involved. If a truck always moves fast, it is more likely to violate the speed 

limit. Scenario 3 with the fastest original moving speed (4.5 m/s – an average speed of all 

vehicles involved) resulted in the largest increment of false alarms and Scenario 1 with 

the slowest moving speed (1.9 m/s) resulted in the smallest increment. 
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(a) 

 
(b) 

Figure 6.15 Sensitivity of the number of false violation occurrence to tracking accuracy: 
(a) speed limit violations, (b) access violations, (c) proximity violations 
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(c) 

Figure 6.15 continued 

 
Second, the probability of the false access violation occurrence was also 

positively proportional to tracking errors (Figure 6.15(b)). A different graphical trend of 

each scenario seemed to be caused by a different size of designated dangerous areas near 

the original trajectory of the vehicle. Figure 6.16 indicated how the original trajectory 

changed with the 25% tracking error rate. In this figure, Scenario 2 resulted in the largest 

probability of false alarm occurrence because of the large size of material stockpiles near 

the original trajectory (the material stockpiles were prohibited for the truck access). 

Scenario 3 generated smallest probability with the small chance to access adjacent 

dangerous areas. Here, although Scenario 3 allocated the large size of dangerous areas 
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near the original trajectory as well, the 25% error rate did not force them to enter the 

dangerous areas. 

 

 
(a) 

 
(b) 

Figure 6.16 Resulted trajectories with the 25% tracking error rate: (a) Scenario 1, (b) 
Scenario 2, (c) Scenario 3 
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(c) 

Figure 6.16 continued 

 
Last, as shown in Figure 6.15(c), the probability of the false proximity violation 

occurrence was positively proportional to tracking errors. Scenario 3 with the highest 

moving velocity on the average of the involved vehicles resulted in the highest increment 

of the stopping distance and the probability of the false proximity violation occurrence 

also highly increased. Similarly, Scenario 1 generated the lowest probability of the false 

alarm occurrence due to the slowest average moving speed of the vehicles. 

 

Time Interval for Safety Violation Detection 

Note that the number of false alarms discussed above deteriorated the violation 

detection accuracy. Even though a low rate of the tracking error resulted in the lower 

false alarm rate, even 1% false alarm rate becomes annoying workers for practical use of 

the testbed. As detailed explanation, the processing speed of the developed image-based 

safety assessment method was about 3 frames per second. That is to say, more than 
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10,000 images can be processed in an hour. If a false alarm rate is 1%, about 100 false 

alarms are generated by the method in an hour and they may be just ignored by the 

workers as nuisance noise. Therefore, we need to consider the way to minimize the 

number of false alarms generated by the testbed. 

The designed testbed evaluates safety violations frame by frame, which resulted 

in the high rate of false alarms. With the consideration of a different time tolerance for 

safety violation detection, such false alarms are expected to decrease. That is to say, 

when a safety violation is continuously monitored during a certain time interval (ex. 3 

seconds) the testbed identifies this case as a violation, not by the frame-by-frame 

approach. The testbed applied nine different time intervals from 0 seconds to 5 seconds 

(0, 0.5, 1.0, 1.5, 2.0, 2.5, 3.0, 4.0, and 5.0 seconds) and monitored how the number of 

false alarms decreased with different time tolerance. 

Table 6.14 summarizes the relationship between the false alarm rates and the 

different time interval for safety violation detection. A different time interval was applied 

for each tracking error rate (0%, 2%, 4%, 6%, 8%, 10%, 12%, 14%, 16%, 18%, 20%, 

25%, and 30%). Figure 6.17 shows how the false alarm rate decreases by a different time 

interval for safety violation detection. As shown in the figure, the longer time interval 

was, the more the false alarm rate decreased. Table 6.15 shows the detailed information 

of the number of false alarms generated and how the false alarm counts decreased. 
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Table 6.14 False alarm rate and different time tolerance for safety violation detection 

0% 6% 10% 20% 30%
0 0.00 3.09 6.67 14.02 19.34
1 0.00 0.55 1.40 3.73 5.36
2 0.00 0.31 0.74 1.80 2.73
3 0.00 0.20 0.40 0.89 1.53
4 0.00 0.15 0.23 0.50 0.97
5 0.00 0.12 0.16 0.32 0.66
0 0.00 5.20 12.18 24.44 29.45
1 0.00 0.96 2.94 6.70 8.24
2 0.00 0.62 1.50 3.29 4.15
3 0.00 0.40 0.73 1.75 2.37
4 0.00 0.27 0.42 1.05 1.53
5 0.00 0.20 0.27 0.68 1.06
0 0.00 4.70 12.66 28.89 38.44
1 0.00 0.79 2.91 8.67 11.64
2 0.00 0.46 1.51 4.09 5.77
3 0.00 0.28 0.73 1.95 3.15
4 0.00 0.19 0.38 1.02 1.90
5 0.00 0.16 0.23 0.59 1.23
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(a)                                   (b) 

  
(c)                                   (d) 

Figure 6.17 Sensitivity of false alarm rate to different time interval for safety violation 
detection: (a) 0% tracking error rate, (b) 10% tracking error rate, (c) 20% 
tracking error rate, (d) 30% tracking error rate 
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Table 6.15 Number of false alarms and various time different for safety violation detection 

Number of Scenario Number of Scenario 
Violations Number 0.0 0.5 1.0 1.5 2.0 2.5 3.0 4.0 5.0 Violations Number 0.0 0.5 1.0 1.5 2.0 2.5 3.0 4.0 5.0

Speed violations Scenario 1 0 0 0 0 0 0 0 0 0 Speed violations Scenario 1 0 0 0 0 0 0 0 0 0
Scenario 2 0 0 0 0 0 0 0 0 0 Scenario 2 4 2 1 1 1 1 1 0 0
Scenario 3 0 0 0 0 0 0 0 0 0 Scenario 3 18 7 5 4 3 3 2 2 2

Access violations Scenario 1 0 0 0 0 0 0 0 0 0 Access violations Scenario 1 3 1 1 0 0 0 0 0 0
Scenario 2 0 0 0 0 0 0 0 0 0 Scenario 2 0 0 0 0 0 0 0 0 0
Scenario 3 0 0 0 0 0 0 0 0 0 Scenario 3 1 0 0 0 0 0 0 0 0

Proximity violations Scenario 1 0 0 0 0 0 0 0 0 0 Proximity violations Scenario 1 101 20 17 12 9 6 5 4 3
Scenario 2 0 0 0 0 0 0 0 0 0 Scenario 2 32 8 7 5 4 3 3 3 3
Scenario 3 0 0 0 0 0 0 0 0 0 Scenario 3 7 3 2 1 1 0 0 0 0

Number of Scenario Number of Scenario 
Violations Number 0.0 0.5 1.0 1.5 2.0 2.5 3.0 4.0 5.0 Violations Number 0.0 0.5 1.0 1.5 2.0 2.5 3.0 4.0 5.0

Speed violations Scenario 1 31 10 8 7 6 5 5 4 4 Speed violations Scenario 1 168 38 33 29 23 20 17 13 11
Scenario 2 188 29 26 23 20 18 16 14 12 Scenario 2 566 121 111 92 73 58 47 32 23
Scenario 3 94 24 21 17 14 13 11 9 8 Scenario 3 240 42 37 29 23 19 15 11 9

Access violations Scenario 1 4 2 1 1 0 0 0 0 0 Access violations Scenario 1 5 2 1 1 1 0 0 0 0
Scenario 2 0 0 0 0 0 0 0 0 0 Scenario 2 4 2 1 1 1 1 0 0 0
Scenario 3 2 1 1 0 0 0 0 0 0 Scenario 3 5 2 1 1 1 1 0 0 0

Proximity violations Scenario 1 206 39 34 24 16 12 10 7 6 Proximity violations Scenario 1 306 57 51 36 24 18 14 10 8
Scenario 2 91 16 15 11 8 6 5 4 3 Scenario 2 165 26 24 19 13 10 9 6 5
Scenario 3 14 5 5 3 1 1 0 0 0 Scenario 3 22 8 7 4 2 1 1 0 0
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Table 6.15 continued 

Number of Scenario Number of Scenario 
Violations Number 0.0 0.5 1.0 1.5 2.0 2.5 3.0 4.0 5.0 Violations Number 0.0 0.5 1.0 1.5 2.0 2.5 3.0 4.0 5.0

Speed violations Scenario 1 380 88 78 64 49 37 30 19 14 Speed violations Scenario 1 610 161 141 109 79 56 41 23 15
Scenario 2 934 256 228 172 124 88 63 35 22 Scenario 2 1250 394 337 245 168 112 76 39 22
Scenario 3 436 87 78 61 45 34 25 16 11 Scenario 3 658 167 148 111 77 54 37 19 11

Access violations Scenario 1 7 3 2 1 1 1 1 0 0 Access violations Scenario 1 9 4 3 2 1 1 1 0 0
Scenario 2 20 8 5 4 4 3 3 2 2 Scenario 2 89 34 24 19 16 13 11 9 8
Scenario 3 12 5 3 2 2 1 1 0 0 Scenario 3 24 9 7 5 4 3 2 1 1

Proximity violations Scenario 1 356 69 61 43 29 21 16 11 9 Proximity violations Scenario 1 405 81 71 49 33 24 19 13 10
Scenario 2 258 38 36 27 20 15 12 9 7 Scenario 2 358 53 49 36 25 19 15 11 8
Scenario 3 33 11 10 7 4 3 2 1 1 Scenario 3 48 14 13 9 6 4 3 2 1

Number of Scenario Number of Scenario 
Violations Number 0.0 0.5 1.0 1.5 2.0 2.5 3.0 4.0 5.0 Violations Number 0.0 0.5 1.0 1.5 2.0 2.5 3.0 4.0 5.0

Speed violations Scenario 1 831 247 211 157 110 76 54 28 17 Speed violations Scenario 1 1029 337 281 202 140 94 65 32 18
Scenario 2 1505 519 432 306 206 137 92 45 26 Scenario 2 1719 633 513 359 243 163 111 56 31
Scenario 3 853 256 222 160 109 72 47 21 10 Scenario 3 1030 346 290 205 136 88 56 23 10

Access violations Scenario 1 12 5 4 2 2 1 1 0 0 Access violations Scenario 1 22 10 7 5 3 3 2 1 1
Scenario 2 194 74 53 42 34 28 24 18 16 Scenario 2 304 118 85 66 53 43 36 27 23
Scenario 3 37 14 11 8 7 5 4 3 2 Scenario 3 53 19 16 13 10 8 7 5 4

Proximity violations Scenario 1 424 82 72 51 34 24 18 13 10 Proximity violations Scenario 1 479 91 82 57 38 27 20 13 10
Scenario 2 460 69 64 47 32 23 17 11 7 Scenario 2 553 83 77 53 35 24 17 10 7
Scenario 3 65 18 16 11 8 5 4 2 2 Scenario 3 85 21 20 14 9 6 4 2 2

Number of Scenario Number of Scenario 
Violations Number 0.0 0.5 1.0 1.5 2.0 2.5 3.0 4.0 5.0 Violations Number 0.0 0.5 1.0 1.5 2.0 2.5 3.0 4.0 5.0

Speed violations Scenario 1 1201 421 344 244 166 112 76 38 21 Speed violations Scenario 1 1347 499 398 280 191 129 90 44 25
Scenario 2 1894 729 578 405 275 188 130 69 40 Scenario 2 2035 814 634 442 305 213 151 83 49
Scenario 3 1180 427 349 244 160 104 66 28 13 Scenario 3 1307 500 401 277 183 121 80 35 17

Access violations Scenario 1 63 27 20 14 11 8 7 5 4 Access violations Scenario 1 114 52 36 27 21 17 14 10 8
Scenario 2 378 148 107 81 64 52 43 32 26 Scenario 2 412 162 119 90 70 56 46 34 28
Scenario 3 69 23 20 16 13 11 9 7 6 Scenario 3 87 28 24 19 15 13 11 8 7

Proximity violations Scenario 1 515 96 86 60 40 28 20 13 10 Proximity violations Scenario 1 557 102 92 64 42 29 21 13 9
Scenario 2 639 99 91 63 40 26 18 10 6 Scenario 2 721 116 105 71 44 29 19 10 7
Scenario 3 106 24 23 16 10 6 4 2 1 Scenario 3 128 30 28 20 12 8 5 3 2

Sa
fe

ty
 V

io
la

tio
ns

 (1
8%

 T
ra

ck
in

g 
E

rr
or

) Different Time Interval for Safety Assessment (sec)Different Time Interval for Safety Assessment (sec)

Sa
fe

ty
 V

io
la

tio
ns

 (1
6%

 T
ra

ck
in

g 
E

rr
or

)
Sa

fe
ty

 V
io

la
tio

ns
 (1

2%
 T

ra
ck

in
g 

E
rr

or
) Different Time Interval for Safety Assessment (sec)

Sa
fe

ty
 V

io
la

tio
ns

 (1
4%

 T
ra

ck
in

g 
E

rr
or

) Different Time Interval for Safety Assessment (sec)

Sa
fe

ty
 V

io
la

tio
ns

 (8
%

 T
ra

ck
in

g 
E

rr
or

) Different Time Interval for Safety Assessment (sec)

Sa
fe

ty
 V

io
la

tio
ns

 (1
0%

 T
ra

ck
in

g 
E

rr
or

) Different Time Interval for Safety Assessment (sec)

 



 144

Table 6.15 continued 

Number of Scenario Number of Scenario 
Violations Number 0.0 0.5 1.0 1.5 2.0 2.5 3.0 4.0 5.0 Violations Number 0.0 0.5 1.0 1.5 2.0 2.5 3.0 4.0 5.0

Speed violations Scenario 1 1476 568 447 312 214 147 103 54 31 Speed violations Scenario 1 1719 708 538 377 264 188 138 79 48
Scenario 2 2160 888 682 476 331 235 172 97 58 Scenario 2 2392 1034 772 541 387 284 215 131 85
Scenario 3 1414 563 441 305 205 138 93 45 23 Scenario 3 1609 686 517 359 249 175 125 70 41

Access violations Scenario 1 120 54 38 28 22 18 15 11 9 Access violations Scenario 1 280 129 90 68 53 44 37 29 23
Scenario 2 463 189 136 103 80 64 53 39 31 Scenario 2 558 231 168 125 96 76 62 45 36
Scenario 3 109 32 28 23 18 15 13 10 8 Scenario 3 164 43 39 31 24 20 16 12 10

Proximity violations Scenario 1 605 110 100 70 46 31 22 14 10 Proximity violations Scenario 1 700 129 114 78 52 34 24 14 9
Scenario 2 790 130 118 78 48 30 20 10 6 Scenario 2 937 158 142 92 55 33 21 10 6
Scenario 3 150 35 33 23 14 10 7 4 3 Scenario 3 206 45 42 29 18 12 8 4 3

Number of Scenario 
Violations Number 0.0 0.5 1.0 1.5 2.0 2.5 3.0 4.0 5.0

Speed violations Scenario 1 1886 809 601 425 304 223 168 102 66
Scenario 2 2554 1138 833 587 429 324 251 161 109
Scenario 3 1747 772 569 397 282 207 155 93 59

Access violations Scenario 1 348 159 111 83 66 54 46 36 29
Scenario 2 653 267 196 146 110 85 69 50 39
Scenario 3 219 56 51 40 31 24 19 13 10

Proximity violations Scenario 1 775 137 122 84 54 35 24 13 8
Scenario 2 1046 181 161 102 60 35 22 10 5
Scenario 3 254 55 52 34 20 12 8 4 2
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As an application example, since an access violation and a proximity violation are 

able to cause sudden accidents, a 1-second time interval could be selected for violation 

assessment. A speed limit violation may be less harmful than the other two violations, 

and the 3-second time interval could be determined for violation detection. In the case of 

Scenario 3, 18 false speed-limit violations, 1 false access violation, and 7 false proximity 

violations were original monitored with the 2% tracking error rate using the frame-by-

frame assessment method (Figure 6.18). However, the false speed-limit violations 

decreased up to 2 with the 3-second interval, and the false access violation was 

eliminated and the false proximity violations decreased up to 2 with the 1-second time 

interval. 

 

 
(a) 

Figure 6.18 Scenario 3: Number of false alarms with the 2% tracking error rate: (a) speed 
limit violations, (b) access violations, (c) proximity violations 
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(b) 

 
(c) 

Figure 6.18 continued 

 

In what follows, and using the 10% tracking error rate, 658 false speed-limit 
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speed-limit violations decreased up to 37 with the 3-second interval, and the false access 

violations decreased by 5, and the false proximity violations decreased up to 9 with the 1-

second time interval. 

 
(a) 

 
(b) 

Figure 6.19 Scenario 3: Number of false alarms with the 10% tracking error rate: (a) 
speed limit violations, (b) access violations, (c) proximity violations 
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(c) 

Figure 6.19 continued 

 
In summary, the accuracy of the safety violation detection was affected by the 

number of false alarms, not by the missing rate; the missing rate only increased up to less 

than 0.2%. However, the number of false alarms was able to be decreased by applying 

different time intervals for violation detection. By using the testbed, a safety planner can 

first model workspaces, and then simulate operations and safety-related violations for 

algorithm and device selection. In addition, the planner can play with different time 

intervals for safety assessment in order to maximize the analysis results.
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6.2.2.2 Sensitivity of the Testbed Performance to Identification Accuracy 

Each scenario ran 100 time simulations to analyze the sensitivity of the testbed 

performance to different identification error rates from 0% to 30%. As shown in Figure 

6.20, mean of violation detection accuracy was not affected significantly by object 

identification errors. In Scenario 1, the mean of the violation detection accuracy only 

decreased from 100% to 99.68% on the average of 100-times simulations, the mean of 

the false alarm rate increased from 0% to 0.29%, and the mean of the missing rate 

increased from 0% to 0.03%. In Scenario 2, the mean of the violation detection accuracy 

decreased from 100% to 99.55% on the average of 100-times simulations, while the mean 

of the false alarm rate increased from 0% to 0.40% and the mean of the missing rate 

increased from 0% to 0.06%. In Scenario 3, the mean of the violation detection accuracy 

decreased from 100% to 99.97% on the average of 100-times simulations, while the mean 

of the false alarm rate was not changed and the mean of the missing rate increased from 

0% to 0.03%. Table 6.16 summarizes the detailed simulation results. 
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(a) 

 
(b) 

Figure 6.20 Simulation results versus different identification accuracy: (a) violation 
detection accuracy, (b) false alarm rate, (c) missing detection rate 
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(c) 

Figure 6.20 continued
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Table 6.16 Sensitivity of the testbed performance to identification accuracy 

Number of Scenario 
Violations Number 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%

Accuracy Scenario 1 100.00 99.98 99.96 99.94 99.92 99.90 99.87 99.85 99.83 99.81 99.79 99.73 99.68
Scenario 2 100.00 99.97 99.93 99.90 99.88 99.85 99.82 99.79 99.76 99.72 99.70 99.62 99.55
Scenario 3 100.00 100.00 100.00 99.99 99.99 99.99 99.99 99.99 99.98 99.98 99.98 99.98 99.97

False Alarm Scenario 1 0.00 0.02 0.04 0.06 0.07 0.09 0.11 0.13 0.15 0.17 0.19 0.24 0.29
Rate Scenario 2 0.00 0.03 0.06 0.08 0.10 0.13 0.16 0.18 0.21 0.24 0.27 0.33 0.40

Scenario 3 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Missing Detection Scenario 1 0.00 0.00 0.01 0.01 0.01 0.01 0.02 0.02 0.02 0.02 0.02 0.03 0.03

Rate Scenario 2 0.00 0.00 0.01 0.01 0.01 0.02 0.02 0.02 0.03 0.04 0.04 0.05 0.06
Scenario 3 0.00 0.00 0.00 0.01 0.01 0.01 0.01 0.01 0.02 0.02 0.02 0.02 0.03
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However, when we take a close look at graphs (Figure 6.21), we can identify the 

number of false alarms increased proportionally to identification errors. For this reason, 

the number of false alarms was counted and analyzed. 
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(a) 

Figure 6.21 Simulation results versus different identification accuracy – Close look: (a) 
violation detection accuracy, (b) false alarm rate 
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(b) 

Figure 6.21 continued 
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loader and truck. If a loader moves faster than the predetermined speed limit, this vehicle 

violates the speed limit in any case even though the loader is identified as a truck.  

However, both access and proximity violations showed different outcomes. In 

Scenario 1, the mean of the number of false access violations increased from zero to 

15.73 (Table 6.17), and the mean of the number of false proximity violations increased 

from zero to 1.49 (Table 6.19). In Scenario 2, the mean of the number of false access 

violations increased from zero to 26.67 (Table 6.17), and the number of false proximity 

violations increased from zero to 11.35 (Table 6.19). Yet, Scenario 3 did not generate any 

false alarms. Scenario 1 and Scenario 2 had allocated a distinguished area (such as a 

material stockpile) and a strategic area (such as a safe loading area), but Scenario 3 did 

not have such an area. An access to a material stockpile was only allowed for a loader, 

and a close proximity between a loader and a truck was allowed within a loading area. 

Such different lines of demarcation generated false alarms when a loader was identified 

as a truck. 

 

 



 156

Table 6.17 Estimated mean (%) with 95% confidence interval for false access violations versus identification errors 

 

 

Table 6.18 Estimated standard deviation (%) with 95% confidence interval for false access violations versus identification 

errors 

 

Scenario 1
Identification error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
Mean (false access, %) 0.000 1.060 2.090 3.260 4.390 5.200 6.590 7.380 8.570 9.870 10.860 13.380 15.730
95% confidence interval 0.000 0.838 - 1.282 1.812 - 2.368 2.882 - 3.638 3.986 - 4.794 4.791 - 5.609 6.174 - 7.006 6.896 - 7.864 8.022 - 9.118 9.298 - 10.332 10.277 - 11.443 12.706 - 14.054 15.134 - 16.326

Scenario 2
Identification error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
Mean (false access, %) 0.000 1.800 3.620 5.390 7.080 8.830 10.760 12.580 14.190 16.160 17.660 22.660 26.670
95% confidence interval 0.000 1.549 - 2.051 3.268 - 3.972 4.970 - 5.810 6.612 - 7.548 8.239 - 9.421 10.141 - 11.379 11.931 - 13.229 13.532 - 14.848 15.364 - 16.956 16.959 - 18.361 21.888 - 23.432 25.810 - 27.530

Scenario 3
Identification error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
Mean (false access, %) 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
95% confidence interval 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

Scenario 1
Identification error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
StDev (false access, %) 0.000 1.118 1.400 1.905 2.035 2.060 2.094 2.440 2.764 2.884 2.941 3.396 3.005
95% confidence interval 0.000 0.981 - 1.298 1.230 - 1.627 1.672 - 2.213 1.786 - 2.364 1.808 - 2.393 1.839 - 2.433 2.143 - 2.835 2.427 - 3.211 2.532 - 3.350 2.582 - 3.416 2.981 - 3.945 2.638 - 3.490

Scenario 2
Identification error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
StDev (false access, %) 0.000 1.263 1.774 2.117 2.360 2.978 3.118 3.270 3.317 4.012 3.531 3.893 4.335
95% confidence interval 0.000 1.109 - 1.468 1.558 - 2.061 1.859 - 2.460 2.072 - 2.742 2.615 - 3.460 2.737 - 3.622 2.871 - 3.798 2.913 - 3.854 3.522 - 4.661 3.100 - 4.102 3.418 - 4.522 3.806 - 5.035

Scenario 3
Identification error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
StDev (false access, %) 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
95% confidence interval 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
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Table 6.19 Estimated mean (%) with 95% confidence interval for false proximity violations versus identification errors 

 

 

Table 6.20 Estimated standard deviation (%) with 95% confidence interval for false proximity violations versus identification 

errors 

 

Scenario 1
Identification error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
Mean (false proximity, %) 0.000 0.120 0.210 0.310 0.440 0.610 0.600 0.740 0.930 0.910 1.200 1.260 1.490
95% confidence interval 0.000 0.055 - 0.185 0.115 - 0.305 0.206 - 0.414 0.330 - 0.550 0.461 - 0.759 0.459 - 0.741 0.597 - 0.883 0.747 -1.113 0.753 - 1.067 1.003 - 1.397 1.065 - 1.455 1.286 - 1.694

Scenario 2
Identification error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
Mean (false proximity, %) 0.000 0.770 1.550 2.300 3.110 3.880 4.450 5.230 6.150 6.990 7.450 9.350 11.350
95% confidence interval 0.000 0.621 - 0.919 1.292 - 1.808 2.035 - 2.565 2.796 - 3.424 3.467 - 4.293 4.048 - 4.852 4.840 - 5.620 5.684 - 6.616 6.530 - 7.450 6.921 - 7.979 8.862 - 9.838 10.739 - 11.961

Scenario 3
Identification error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
Mean (false proximity, %) 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
95% confidence interval 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

Scenario 1
Identification error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
StDev (false proximity, %) 0.000 0.327 0.478 0.526 0.556 0.751 0.711 0.719 0.924 0.792 0.995 0.981 1.030
95% confidence interval 0.000 0.288 - 0.379 0.419 - 0.555 0.462 - 0.611 0.488 - 0.646 0.659 - 0.872 0.624 - 0.826 0.632 - 0.836 0.811 - 1.073 0.696 - 0.921 0.874 - 1.156 0.862 - 1.139 0.904 - 1.196

Scenario 2
Identification error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
StDev (false proximity, %) 0.000 0.750 1.298 1.337 1.582 2.081 2.027 1.964 2.350 2.320 2.668 2.459 3.079
95% confidence interval 0.000 0.659 - 0.871 1.140 - 1.508 1.174 - 1.553 1.389 - 1.838 1.827 - 2.417 1.780 - 2.355 1.724 - 2.281 2.063 - 2.730 2.037 - 2.695 2.343 - 3.100 2.159 - 2.857 2.704 - 3.577

Scenario 3
Identification error rate 0% 2% 4% 6% 8% 10% 12% 14% 16% 18% 20% 25% 30%
StDev (false proximity, %) 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
95% confidence interval 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
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Figure 6.22 illustrated an example of the box plots of the number of false access 

violations versus different identification errors. 

 

Figure 6.22 Box plots for the number of false access violations of Scenario 1 

Figure 6.23 illustrated an example of the box plots of the number of false 

proximity violations versus different identification errors. 

 

Figure 6.23 Box plots for the number of false proximity violations of Scenario 1 
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By considering the above mean values, Figure 6.21(a) illustrates the number of 

false access violations and Figure 6.21(b) illustrates the number of false proximity 

violations. Figure 6.21(a) showed that the number of both false access and proximity 

violations was positively proportional to the rate of object identification accuracy. The 

number of false access violations was expected to positively increase only when a 

distinguished area such as a material stockpile was located on the map. In Scenario 1 and 

Scenario 2, only a truck, not a loader, was prohibited from accessing a material pile. As a 

result, an identification error increased the number of false access violations whenever a 

loader approaching the material stockpile was identified as a truck. However, there was 

no access violation increment in Scenario 3 because no distinguished area existed. 

 
(a) 

Figure 6.24 Sensitivity of the number of false violations to identification accuracy: (a) 
access violations, (b) proximity violations 

0

5

10

15

20

25

30

0% 5% 10% 15% 20% 25% 30%

N
um

be
r o

f F
al

se
 A

cc
es

s V
io

la
tio

ns

Identification Errors (%)

Number of False Access Violations VS 
Identification Error

Scenario 1 Scenario 2 Scenario 3



 160

 
(b) 

Figure 6.24 continued 

 
In Scenario 1, a loader accessed material stockpiles 53 times and in Scenario 2, a 

loader accessed 89 times. In consideration of these numbers, the number of false access 

violations can be roughly estimated using Equation 6.1.   

 

Number of Flase Access Violations Due to Identi ication Error 

Number of Loader Accesses to the Stockpile Distinguished Area  

                          for Material Scooping Identi ication Error %            Eq. 6.1  
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In what follows, the number of false proximity violations increased drastically 

when a strategic area such as a safe loading area was assigned to the map (Figure 

6.21(b)). This increment was caused by two factors: a safety loading area and a stopping 

distance. First, when a loader approached a truck for material loading within the safe 

loading area, this case was regarded as a safe condition. However, if a truck approached a 

loader or another truck, it was considered as a dangerous situation. Thus, if a loader 

approaching a truck was identified as a truck within the safe loading area, a false 

proximity violation occurred. Second, a change in the stopping distance also affected the 

number of false proximity violations. If a truck was identified as a loader, the gross 

operating weight decreased and the stopping distance decreased as a result. The 

decreased stopping distance reduced the probability of a proximity violation occurrence. 

Conversely, if a loader was identified as a truck, the gross weight increased and the 

stopping distance increased. Such increments also increased the probability of a false 

proximity violation occurrence.  

For these reasons, a safe loading area caused increments in the number of false 

proximity violations in Scenario 1 and Scenario 2. However, there was no false proximity 

violation in Scenario 3 because no strategic area was designated. In addition, since only 

trucks were involved in Scenario 3, there was no change in the number of proximity 

violations. In Scenario 3, if a truck was identified as a loader, both gross weight and 

stopping distance decreased, and the probability of a false proximity violation occurrence 

also decreased. 
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In Scenario 1, a loader dangerous approached a truck 5 times for material loading 

within a safe loading area, and a loader approached a truck 38 times in Scenario 2. Here, 

the dangerous approach means the stopping distance was larger than the actual proximity 

(close proximity violation condition). By considering these numbers, the number of false 

proximity violations can be roughly estimated using the equation 5.2. Here,  is a 

variable for stopping distance consideration. 

 

Number of Flase Proximity Violations Due to Identi ication Error 

Number of Dangerous Loader Approaches to a Truck for Material Loading  

          Strategic Area Identi ication Error %  α             Eq. 6.2  

 

6.2.3 Preliminary Utilization Example 

Table 6.21 explains how these results can be utilized for actual device and 

algorithm evaluation. Let us imagine a safety planner set 90% accuracy as acceptable 

tolerance and evaluated several combinations of devices (A, B, and C) and algorithms (1 

and 2) with different tracking errors. As shown in the table, the safety planner can 

determine both device A and B are acceptable with algorithm 1 for the site. However, the 

safety planner still needs to consider other factors such as familiarity, cost, and easiness 

to select one from two device candidates. 
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Table 6.21 Preliminary utilization example of the simulation results 

 

6.2.4 Additional Discussion on Camera Placement 

In the previous scenarios, cameras were located based on stereo vision camera 

Bumblebee XB3’s specification (Figure 6.25). As shown in Figure 6.25, Bumblebee 

camera’s reliable maximum vertical range is 75m and its horizontal field-of-view is 70º 

(Point Grey Research, Inc., 2007). Thus, the maximum horizontal range can be about 

100m. Using these numbers, cameras were approximately located on the site map for 

simulation. For instance, if the original horizontal width of a scaled map was about 300m, 

three cameras were horizontal located to cover all the areas. Similarly, if the vertical 

height of the map was about 150m, two cameras were vertically located. 

 

 

Figure 6.25 Field-of-view of Bumblebee XB3 

Device Algorithm Tracking 
Error 

Violation Detection Accuracy (%) 
Scenario 1 Scenario 2 Scenario 3 

A 1 6% 97.3 94.8 95.0 
B 1 8% 95.5 91.4 91.0 
C 1 10% 93.8 87.7 86.8 
A 2 12% 92.2 84.5 82.8 
B 2 14% 90.6 81.6 79.1 

 

Camera Position

75M

50M50M

35º
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However, simulation results showed that different camera positions affected 

testbed outcomes (Figure 6.26). As shown in Figure 6.26, trajectory of heavy machinery 

was deteriorated more at longer distances from the camera position. The camera located 

at the left side of the map generated larger errors at the right-side site entrance. However, 

the camera located at the right side resulted in larger errors at the left-side material 

loading area. 

 

 
(a) 

 
(b) 

 
(c) 

Figure 6.26 Results with different camera positions against different tracking error rates: 
(a) 2% tracking error rate, (b) 10% tracking error rate, (c) 20% tracking 
error rate 

 

LEFT CENTER RIGHT

LEFT CENTER RIGHT

LEFT CENTER RIGHT
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Many researchers in the field of computer science have dealt with the problem of 

where to place the cameras in order to obtain a minimal error on system performance, 

also called camera network design. Bodor et al. (2005) emphasized that the performance 

of human activity recognition highly depends on camera placement plans. They presented 

an analytical method to compute optimal camera position and pose for human activity 

observation. They designed a mobile camera platform and observed an object moving 

through occluded scenes by using Gaussian mixture model-based adaptive background 

segmentation algorithm and a Kalman filter for tracking. They then analyzed observation 

performance in order to determine the optimal camera position which observed the entire 

path of motion while maximizing the view of the object in the image.  

Erdem and Sclaroff (2006) formulated general camera placement problems in 

terms of planar regions that were typical of building floor plans. Under the environmental 

constraints with various real floor plans, they estimated a spatial coverage of each camera 

position by analyzing occupancy of polygonal observable regions. They then evaluated 

camera locations optimizing the monitoring performance.  

Murray et al. (2007) emphasized that camera placement directly impacted the 

efficiency of allocated resources and system performance. They developed a camera 

coverage optimization method using a multiple sensor placement approach. They first 

imported spatial information of urban features like buildings and discretized the space to 

a regular square grid to account for areas in need of monitoring. They then computed a 

viewshed for each potential sensor location using a GIS and assessed camera coverage 
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based on such visibility analysis. These individual components finally identified the best 

sensor locations in 3D urban environment. 

In this research, the testbed approximately placed monitoring cameras at the pre-

determined positions. Thus, future research should consider a proper camera allocation 

plan that locates cameras at strategic positions depending on the camera coverage. The 

optimized camera location would improve monitoring quality and minimize any line-of-

sight issues of the camera. Economic analysis should also be conducted to optimize the 

installation quantity. The possibility of using moving cameras and camera networks 

should also be investigated. 
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Chapter 7 Conclusions 

 

7.1 REVIEW OF RESEARCH OBJECTIVES AND ACHIEVEMENTS 

The primary object of this research was to develop an error impact analysis 

method to model data collection and data processing errors caused by image-based 

devices and algorithms and to analyze the impact of the errors for spatial safety 

assessment of earthmoving and surface mining activities. The specific objectives were (1) 

determination of the spatial data needs for automated safety assessment of earthmoving 

and surface mining activities, (2) investigation of image-based devices and algorithms for 

collecting data needs and determination of safety rules using the collected data for spatial 

safety assessment, and (3) modeling of data collection and processing errors on spatial 

safety assessment of earthmoving operations. The research objectives have been 

addressed and achieved using the following outcomes: 

1. The literature review examined possible causes of accidents for earthmoving 

operations and investigated spatial accident risk factors: high operation speed, 

traveling through edges or dangerous areas, and close proximity between 

heavy earthmoving equipment. For each of the risk factors, best practices in 

terms of safety regulations identified spatial data needs for automated safety 

assessment of earthmoving operations. The data needs included (1) moving 
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speed, (2) access to dangerous areas, and (3) stopping distance and proximity 

to other objects. 

2. Field experiments assessed the feasibility of the automated spatial data 

collection and analysis methods. Stereo vision cameras provided three-

dimensional workspace information at fast frame update rates. The camera 

produced precise position data within the shorter distance than 75m from the 

camera position. The image-based object identification and tracking 

algorithms then detected, clustered, classified, and tracked on-site moving 

objects. Experiments with different detection and classification algorithms 

optimized identification and tracking performances with the under 4% 

detection and classification error rate. These informed data eventually met the 

data needs for spatial safety assessment. 

3. This research investigated methods to utilize collected spatial data and 

eventually promote more informed and efficient safety decision making. The 

research determined safety rules to detect identified risk factors including 

speed limit violations, access violations to dangerous areas, and close 

proximity violations between heavy machinery. Interviews with industrial 

experts verified the rationality of the determined safety rules.  

4. A testbed was designed and interviews with industrial safety experts were 

conducted. The interview questionnaire was prepared to listen to experts’ 

opinions on the testbed concept and design, and all interviewees provided 
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positive feedback on the rationality of the design and the usefulness of the 

testbed. 

5. Computer simulations tested its performance for impact analysis of the data 

collection and processing errors. The testbed modeled three different 

earthmoving operation scenarios with several pieces of heavy machinery 

involved. The testbed located cameras at the pre-determined positions for 

monitoring, designated dangerous areas, and constructed the motion trajectory 

of heavy machinery plotted by the user. Using safety rules, the testbed 

detected the simulated speed limit, dangerous access, and close proximity 

violations. The testbed also modeled different object identification and 

tracking errors caused by algorithms and devices, and evaluated the impact of 

these errors on the safety analyses. The high error rate decreased the violation 

indication performance. The accuracy of the violation detection was affected 

by the number of false alarms, not by the missing rate; the missing rate only 

increased up to less than 0.2% with the 30% tracking error rate. The frame-by-

frame violation assessment method resulted in the high rate of false alarms, 

which deteriorated the violation detection accuracy. However, with the 

consideration of a different time tolerance for safety assessment, the number 

of false alarms decreased. 
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7.2 CONTRIBUTIONS 

The main contributions of this research include the following: (1) identification of 

the data needs for spatial safety assessment of earthmoving operations, (2) investigation 

of data collection devices and algorithms for spatial safety assessment, (3) determination 

of safety rules using the collected data for spatial safety assessment, and (4) design of a 

testbed to model workspace, simulate heavy-equipment operations, evaluate safety-

related violations, and assess the impact of errors for selected devices and algorithms. 

This research specifically contributed to the body of knowledge by doing the following: 

1. This research determined the data needs for spatial safety assessment and 

explained as to what spatial data is required for safety assessment or how data 

is related to construction accidents. This research also explained a step-by-

step analysis approach from an activity type survey, through an accident type 

survey, risk factor identification, and safety regulations and best practice 

investigation, to data needs identification for safety assessment studies. 

2. This research investigated how to collect needed data and utilize collected 

data to promote more informed and efficient safety decision making. The 

analyzed algorithms were designed to systematically collect and interpret 

safety-related data. The object identification and tracking algorithms were 

suited to detect, classify, and track on-site moving resources. The stereo vision 

cameras proved the reliable maximum reading range provided by the camera 

vendor and overcame the challenges in acquiring three-dimensional spatial 

data in an outdoor environment. The identification algorithm was able to 



 171

precisely classify heavy machinery for automated reasoning. The tracking 

algorithm estimated three-dimensional boundaries of heavy machinery and the 

location of the machinery. The applied safety rules enabled automated 

violation detection, which showed how collected data were able to be utilized 

for safety decision making. 

3. This research showed how object identification and tracking errors impacted 

safety violation detection. The testbed was used to model a three-dimensional 

virtual environment for earthmoving operations. The testbed conducted 

sensitivity analyses of data collection and data processing errors to the safety 

violation detection. The testbed was designed to be flexible to define and 

adapt to different safety rules, devices, and algorithms; the testbed explained 

safety analysis performance for selected devices and algorithms and provided 

a reference data set for a safety planner (a user). 

 

The results of this research can be used for improving site safety assessment and 

planning by assisting safety planners to understand workspaces and to evaluate errors 

related to the use of different technologies for safety assessment of earthmoving and 

surface mining activities. 
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7.3 LIMITATIONS, IMPROVEMENT OPPORTUNITIES, AND FUTURE RESEARCH 

Nevertheless, there are still limitations, improvement opportunities, and future 

research challenges to be addressed. For further validation and wide implementation of 

the developed assessment methods and testbed, the following recommendations should 

be considered: 

1. This research designed a simulation testbed for error impact analysis, and 

tested the performance of the testbed based on the sensitivity analysis of 

numerical results. However, further validation should be followed to clarify 

how accurately the testbed simulates real-world earthmoving operations. 

Future research should conduct a larger number of experiments for testbed 

utilization on actual construction sites, and consider more sophisticated 

earthmoving and surface mining scenarios with a large number of heavy 

equipment involved. Integration of GPS and Ultra-Wide Band tracking 

devices and the image-based safety assessment method would offer 

advantages to compare simulated scenarios with actual operations.   

2. This research briefly evaluated the performances of data collection devices 

and selected stereo vision cameras for implementation. The research also 

analyzed the limited number of object identification and tracking algorithms. 

Future research should be more explanatory to employ a larger number of 

available image-based technologies and to analyze clearer their advantages 

and disadvantages on data collection and interpretation.  
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3. This research introduced a way to decrease the false alarm rate. However, the 

number of false alarms should decrease even more than the current results in 

order to avoid workers losing trust on the method’s performance. More 

sophisticated filtering and smoothing algorithms need to be investigated. 

Other safety rules also need to be analyzed since different safety rules may 

result in different violation detection outcomes. 

4. The testbed needs to consider more specific vertical operating features such as 

crane operation and load bucket lift. In addition, an advanced method for 

stopping distance calculation needs to be considered for practical utilization of 

the rule with various site conditions. Safety violations monitored by the 

assessment method should be compared with the actual data. In addition, the 

simulation testbed should be more user-friendly for easier utilization. 

5. Processing speed should be very important for the actual safety monitoring 

and assessment. Although the developed image-based assessment method 

processed three frames per second, the future research should investigate other 

processes from the instance of the violation detection to the instance of the 

wireless warning to operators and workers. A warning plan also needs to be 

designed, which should precede such performance evaluation. 

6. The testbed produced an image of temperature-based frequency information 

about the trajectory of a tracked object. Future research would be welcome to 

utilize this information for guiding haulage operators and avoiding abnormal 



 174

travel patterns of heavy equipment. The information can also be used to 

differentiate a clouded area with an access-free area for safety planning. 

7. The testbed located monitoring cameras at the pre-determined positions. A 

proper camera allocation plan that locates cameras at strategic positions 

should be considered depending on the camera coverage. The optimized 

camera location would improve monitoring quality and minimize any line-of-

sight issues of the camera. Economic analysis should also be conducted to 

optimize the installation quantity. The possibility of using moving cameras 

and camera networks should also be investigated. 
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Appendix A – Interview Guide for Safety Rule Verification 

 
Name: 

Company/Organization: 

Position: 

Industrial experience (years): 

 
Interview Questionnaire to Verify Safety Rules 
 
Reason for the Research 
Safety is always first in construction projects. In general, site safety has mostly been 
monitored and evaluated based on manual inspections using safety checklists and 
accident investigation reports.  
However, they have relied highly on the observer’s competency in recognizing and 
measuring the acceptability of safety conditions. In addition, such human 
observations are time consuming, and it is almost impossible for observers to 
monitor site safety at all times; accidents are likely to arise suddenly. Thus, there is a 
need to automate safety assessment processes. 
 
What did I do? 
For automating safety assessment processes, the research team reviewed safety 
regulations and best practices related to earthmoving activities and identified three 
spatial safety risk factors contributing to accidents on earthmoving operations 
(loading, hauling, and dumping operations) and supporting automated safety decision 
making. They included (1) fast moving speed, (2) access to dangerous areas, and (3) 
close proximity between earthmoving equipment. 
 
Industrial Example for Automobile Crash Avoidance Systems 
Many automobile manufacturers have designed on-board monitoring systems to help 
predict collision accidents, making it possible to reduce collision damage or take 
preventive action to avoid a collision. The system not only monitors if the vehicle 
crosses lines but also estimates a collision state with the vehicle or pedestrian ahead, 
taking into account the time to collision and the time to stop. The system then warns 
drivers to avoid possible accidents. 
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Questions 
1. Do you agree that speed limit violations can result in accidents during 

earthmoving equipment operation? 
(  ) strongly agree (  ) agree (  ) neutral (  ) disagree (  ) strongly disagree 
 

2. Do you think it is important to monitor the speeds of earthmoving equipment 
to assure they are within the speed limit? 
(  ) strongly agree (  ) agree (  ) neutral (  ) disagree (  ) strongly disagree 
 

3. Do you think that access to the following areas is dangerous in earthmoving 
operations? Please check all that you agree. 
(  ) Highwalls 
(  ) Trenches 
(  ) Pits and holes 
(  ) Cracked and unstable ground 
(  ) Road edges 
(  ) Dumping edges (berms) 
(  ) All of the above 
(  ) Others (ex.        ) 
  
 

4. Do you agree that access to dangerous areas can result in accidents during 
earthmoving equipment operation? 
(  ) strongly agree (  ) agree (  ) neutral (  ) disagree (  ) strongly disagree 
 

5. Do you think it is important to monitor earthmoving equipment’s access to 
dangerous areas to assure they are within safe working environment? 
(  ) strongly agree (  ) agree (  ) neutral (  ) disagree (  ) strongly disagree 
 

6. Do you agree that close proximity between earthmoving equipment can result 
in accidents during earthmoving equipment operation? 
(  ) strongly agree (  ) agree (  ) neutral (  ) disagree (  ) strongly disagree 
 

7. Do you think it is important to monitor the stopping distance (a distance to 
stop the vehicle completely) of earthmoving equipment to assure they have 
safe proximity with other earthmoving equipment? 
(  ) strongly agree (  ) agree (  ) neutral (  ) disagree (  ) strongly disagree 
 

8. What could be other spatial risk factors in earthmoving operations? 
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Appendix B – Interview Guide for Testbed Design Verification 

 
Interview Questionnaire to Verify Testbed Design 
 
Reason for the Research 
Regardless of the technology benefits, safety planners are still facing challenges 
selecting applicable devices, methods, and algorithms since not only construction 
operations and sites are unique and complex but also such devices and methods 
typically have measurement and processing errors. Thus, there is a need to explain 
expected errors related to the use of different technologies and to evaluate how such 
errors impact the performance of safety decision making. 
 
What did I do? 
The research team designed a simulation-based error impact analysis testbed to model 
errors caused by devices and methods and to analyze how different errors impact the 
performance of safety risk identification.  
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Questions 
 

Question about testbed input 
 
1. The testbed inputs a site map, access-prohibited areas, material stockpiles, 

loading areas, and specifications and actual trajectory information of 
earthmoving equipment involved in the operations as shown in the figures 
below and the attachment.  
 
Do you agree that a safety person can understand workspaces and operations 
from the figures? 
(  ) strongly agree (  ) agree (  ) neutral (  ) disagree (  ) strongly disagree 

 

 

 
 

 Comments here if you have: 
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Question about testbed internal processing 
 
2. The testbed applies different positioning errors caused by position tracking 

devices and algorithms as illustrated in the figures below. 
 
From the figures, do you think how much positioning error would be 
acceptable for safety decision making? 
(  ) 0%   (  ) 2%   (  ) 4%   (  ) 6%   (  ) 8%   (  ) 10% 
(  ) 12%  (  ) 14%  (  ) 16%  (  ) 18%  (  ) 20% 

 
 

0% 2%

4% 6%

8% 10%
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3. Do you agree that these deteriorated trajectory information will impact the 
performance of safety risk detection such as speed limit violations, dangerous 
accesses, and close proximity violations? 
(  ) strongly agree (  ) agree (  ) neutral (  ) disagree (  ) strongly disagree 
 

 Comments here if you have: 

 

12% 14%

16% 18%

20%



 181

Question about testbed output 
 
4. The testbed analyzes how different errors related to the use of different 

technologies impact the violation detection performance as shown in the table 
below. For instance, the combination of Device A and Algorithm 1 in the 
table resulted in 6% positioning error. The testbed then showed that more 
than 94.8% violation detection accuracy can be expected if this combination is 
utilized for the sites. 
 
Do you agree that this impact analysis is useful to assist safety planners to 
select applicable devices and methods for safety assessment on the site?  
(  ) strongly agree (  ) agree (  ) neutral (  ) disagree (  ) strongly disagree 

 
5. From the output table above, which device and algorithm combination do you 

want to utilize? Please check all that you are comfortable to use. 
(  ) Device A + Algorithm 1 
(  ) Device B + Algorithm 1 
(  ) Device C + Algorithm 1 
(  ) Device A + Algorithm 2 
(  ) Device B + Algorithm 2 
 
Explain the reason for the selection above: 
 
 
 

6. Do you have any suggestions about the testbed? 

 

Device Algorithm Positioning 
Error

Violation Detection Accuracy (%)

Site X Site Y Site Z

A 1 6% 97.3 94.8 95.0

B 1 8% 95.5 91.4 91.0

C 1 10% 93.8 87.7 86.8

A 2 12% 92.2 84.5 82.8

B 2 14% 90.6 81.6 79.1
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