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After a century of sporadic advances in equipment, tools, materials, and methods, 

the US construction industry still faces a low rate of productivity growth. To 

improve the productivity of any site activity, it is important to rapidly record 

relevant data about utilized resources and processes, as well as about the output 

quantities produced by these activities. There is sufficient evidence to suggest that 

activity-level productivity measurement is the premise for making any 

productivity improvement decision.  

 To date, certain aspects of productivity measurement, such as input/output 

quantities, are partially automated through advanced project control systems. 

However, measuring the process of construction activities for productivity 

improvement remains an elusive goal for most construction companies. This is 

mostly due to the massive manual effort embedded in these data collection 

methods. Digital cameras are inexpensive devices that are widely used in the 
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construction industry as an effective site observation method. This opens the door 

for conducting scientific method studies on complex operations through 

examining recorded videos. However, in the absence of an efficient video 

interpretation method, tedious manual reviewing is currently still required to 

extract productivity information from the recorded videos.   

 This research aims to develop a computational methodology to rapidly and 

intelligently interpret construction videos into productivity information. It 

determines what elements can represent the steps and information flows in 

construction video interpretation. It identifies, develops, and evaluates computer 

vision algorithms to enable reliable visual recognition and tracking of 

construction resources in typical construction environments. It develops methods 

to enable context aware video computing. A software prototype, the Construction 

Video Analyzer, was developed and implemented based on this conceptual 

methodology.  

 The proposed methodology was validated through using the developed 

prototype system to analyze five construction video sequences that record various 

types of construction operations. The Construction Video Analyzer was able to 

interpret these videos into productivity information with an accuracy that was 

close to manual analysis, without the limitations of onsite human observation. The 

developed methodology provides site management with a tool that can rapidly 

collect productivity data with greatly reduced manual efforts.  
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CHAPTER 1 INTRODUCTION 

Productivity information is the blood running through the veins of construction 

production systems. If construction activities can be viewed as a flow of material, labor, 

tool, and equipment at the workface, accurate and timely productivity information is the 

key to ensure the efficient flow of construction resources and to minimize waste. At the 

same time, however, gathering productivity information in construction projects is a 

difficult task. Construction sites are dynamic and complex. Site productivity data 

gathering methods have been mostly manual and have shown little sign of improvement 

over years. A great analogy to the construction productivity information is traffic 

information. Thanks to intelligent transportation systems, traffic information now can be 

collected in real-time through the use of video cameras, induct loops, and RFID systems, 

used by traffic management agencies to quickly react to incidents that disrupt the flow of 

traffic, and disseminated to the public in real-time to guide the flow of traffic. The 

potential of implementing such intelligent systems on construction sites for automated 

productivity data collection is enormous, both in reducing data collection efforts and 

supporting productivity improvements. This research addresses the problem of automated 

productivity data collection through the development of an intelligent construction video 

interpretation methodology and the implementation of an intelligent video computing 

system based on the developed methodology.  

 This introductory chapter offers an overview of the overall research and provides 

a guide for the succeeding chapters of this dissertation. It summarizes the specific 

engineering problem, the research questions to be addressed, research scope limitations, 

research methodology, and the practical implication of this research.  

1.1 Problem Statement 

Successful renovation and delivery of the US infrastructure urges the need for 

improvements in construction productivity. This challenge is amplified considering the 

current economic conditions. Nevertheless, the construction industry in the U.S. has long 

been criticized for its decline in productivity at industry level measures during the 1979-
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1998 period (Arditi and Krishna 2000; Tucker 1986), even though several construction 

activity level studies have argued that construction productivity is on the stable increase 

during the same period (Allmon et al. 2000; Goodrum and Haas 2002). Despite the 

discrepancy the aforementioned studies show, it is generally agreed that productivity 

improvement in the U.S. construction industry lags significantly behind the U.S. 

manufacturing industry that has enjoyed much greater productivity growth (Rojas and 

Aramvareekul 2003). Research studies at the activity level reported that nearly 50% of 

the working hours on construction job sites are not productive (Olomolaiye et al. 1998), 

with the average direct work ratio being as low as 47% (Allmon et al. 2000). This poor 

productivity performance has led to unsettling industry-wide concerns and the increasing 

demand for productivity improvement. 

Construction productivity measurement constitutes a foundational block of 

productivity improvement initiatives, regardless of the organizational level of such 

implemented initiatives. In principle, construction productivity examines how efficiently 

input, such as labor and capitals, can be converted into output commodities in a project, a 

company, or even the whole industry. It reflects the core competence of a business entity. 

A number of prevalent issues pertinent to construction productivity measurement include,  

at different scales, a lack of accurate aggregate measures at the industry-level (Rosefielde 

and Mills 1979, Pieper 1990, Gullickson and Harper 2002), a lack of reliable micro 

productivity data at the company-level (Pieper 1989; Goodrum and Haas 2002a, 2002b, 

2004 and Goodrum et al 2009), and the inconsistent implementation of site productivity 

measurement methods at the project-level (Olomolaiye et al. 1998).   

Recognized as one of the major issues in construction productivity measurement, 

site productivity measurement is a crucial practice in ensuring the efficiency of 

construction processes. In order to improve the productivity of any site activity, site 

productivity measurement methods should be capable of rapidly recording relevant data 

about utilized resources (i.e. labor, material, and equipment) and processes, as well as 

about the output quantities produced by these activities. Timely and accurate productivity 

information brings an immediate awareness of project status and empowers project 
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managers to take prompt corrective actions, thus avoiding costly delays (de la Garza and 

Howitt 1998). There is sufficient evidence to suggest that site activity-level productivity 

measurement is the premise for making any onsite productivity improvement decision.  

 Typical site productivity measurement methods include project level information 

systems, direct observation techniques, and survey/interview based methods (Figure 1.1). 

The implementation of these methods varies significantly across different companies. 

Each method is engineered toward measuring certain aspects of construction activities 

and each is meant to complement the other. Project level information systems, such as 

electronic cost reports and unit rate reports, are used to measure the input and output of 

construction activities, therefore generating productivity measures such as work hours per 

quantity. From this perspective, such systems can only reveal issues pertaining to global 

outcomes. The construction processes used to achieve such productivity performances are 

not measured using these methods. In order to assess construction processes, either 

observation based methods or survey/interview based methods are used. Direct 

observation for work measurement includes a set of scientific methods that are adapted 

from industrial engineering. These scientific methods are used to develop factual records 

of how the onsite operations are conducted. Survey and interview methods solicit 

suggestions to explain the causes of the problems observed during the execution of 

construction activities. The information gathered through the above methods is then used 

to support productivity improvement decision making, which completes a typical 

framework of productivity measurement for improvement at the activity level (Oglesby et 

al. 1989, CII 2004).  

 Although this productivity measurement framework does offer a plausible 

solution to improve onsite activities, one of the major limitations is that most of these 

existing methods are manually intensive, resulting in relatively outdated information and 

expensive data collection systems (Davidson and Skibniewski 1995; McCullouch 1997; 

Cheok et al. 2000). For example, because of the manual efforts required to gather 

quantity data, the productivity information in project level information systems are often 
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updated slowly (weekly or bi-weekly). This makes this approach only suitable for macro 

level project controls, such as cost tracking, and impractical for supporting rapid response 

to problems that cause productivity loss in ongoing activities. The same limitations apply 

to other existing productivity measurement methods. Therefore, it makes eminent sense 

to attempt to develop automated productivity measurement methods as a crucial step 

towards onsite productivity improvement.  

 

Figure 1.1 Current Onsite Productivity Data Collection Practices 

 The progressive improvement of electronic devices, such as construction cameras, 

and the emergence of new site sensing technology, such as real-time localization systems 

and 3D imaging systems, have stimulated much research into developing site sensing 

systems for automated productivity measurement. Some of these studies reflect evolving 

and sustained efforts centered on a particular technology, while others represent 

groundbreaking new approaches.  In general, these studies fall in two broad areas: (1) 

automated project progress tracking for measuring construction output (Cheok et al. 2000; 

Jaselskis et al. 2005; Bosche and Haas 2009); and (2) automated resource utilization 
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tracking for measuring construction input (Hildreth et al. 2005; Su and Liu 2007; Navon 

and Sacks 2007).  

Applications of cameras on construction jobsites have been enduring, extensive, 

and evolving. From time lapse photograph to digital videotaping, from digital cameras to 

wireless construction cameras, from stereovision to video computing, each of these 

technological applications has been examples of applications in the construction industry. 

Among these applications, videotaping is commonly employed as a traditional 

productivity data collection method to augment scientific method studies, and its use  has 

been under extensive research for a long period of time (Abeid and Arditi 2002a; Abeid 

and Arditi 2002b; Bolivar and Mee 1997; Eldin and Egger 1990; Everett et al. 1998; 

Fondahl 1960; Liu 1997; Touran 1981; Kalk 1980; Senior and Swanberg-Mee 1997; 

Bjornsson and Sagert 1994). But a question these studies raise is whether the potential of 

videotaping has been fully utilized. To answer this question, the existing process of 

applying videotaping as a productivity improvement method merits a discussion. 

Figure 1.2 depicts a common process of video-based productivity data collection 

that essentially involves four parties, including a data collector, working crew and 

foreman, engineers, and managers at certain levels, and four sequential sub-processes, 

which are preparation, video recording, review and analysis, and implementation 

(Oglesby 1989; Olomolaiye et al. 1998). Notably, the majority of data collection efforts 

(video recording) are taken by the data collector. A data collector typically makes the 

following preparations prior to actual recording: (1) plan the camera position; and (2) 

record project details and other information such as the date, weather, sketch of the 

camera position, and operation layout to aid understanding during subsequent viewing. 

After videos have been recorded, a data collector can choose to conduct informal review 

with the workforce to brainstorm improvement methods. Then the findings are presented 

to managers to seek approval for implementation. In addition to this, a formal review and 

analysis session can be held with all involved parties to seek improvement methods. 

Formal review and analysis can be viewed as an expanded effort of informal review. In 
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practice, one or both of them can be implemented depending on the time and cost that the 

site management can afford. 

 

Figure 1.2 A Process Map of Video-based Productivity Data Collection 

Moreover, regardless of the type of data analysis approaches implemented, the 

reality is that intensive manual effort is pervasive in such a process, particularly in the 

tasks of “informal review”, “present findings”, and “formal analysis and review” (Su and 

Liu 2007a; Su and Liu 2007b; Kim and Bai 2009). The delay and expense caused by 

intensive manual efforts can extend beyond individual tasks across the whole spectrum of 

the process map, causing high data collection expenses and the dilution of the 

effectiveness of such a program. Consequently, jobsite leadership frequently considers 

construction cameras as just a contractual tool for site surveillance, dispute resolution, 

and site demonstration.  

It is worthwhile to mention that recent studies suggest the use of radio frequency 

based positional and/or identification sensors, such as GPS and RFID, for automated 

resource tracking (Hildreth et al. 2005; Su and Liu 2007; Navon and Sacks 2007). But it 

is important to recognize that none of these methods can provide as rich visual 
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information as video can, and they thus offer limited help in tracking down the cause of 

problem. In general, using video for data collection has many advantages over using GPS 

and RFID based methods: (1) video is easily understandable to workers; (2) video 

provides a rich context for later productivity analysis; (3) video equipment is low cost 

and easy to implement; and (4) video offers a permanent record that can be used to 

mitigate disputes and to train employees. Although videotape does offer clear advantages, 

it is important to note that each of these methods and technologies can complement each 

other instead of competing with each other.  

Research studies on leveraging construction cameras for automated project 

progress tracking (Fard and Pena-Mora 2007a) and automated resource utilization 

tracking have recently emerged (Zou and Kim 2007; Kim and Bai 2009; Cordova et al. 

2009). When compared with automated project progress tracking, automated resource 

utilization tracking has advanced at a slower pace, largely due to the technical difficulties 

of monitoring dynamic objects through computing methods. In essence, automated 

resource utilization tracking focuses on equipment hours and labor hours, since these are 

the two most common types of resources measured to assess productivity. In project 

control systems, equipment hours and labor hours are measured from a holistic point of 

view: both effective hours and non-effective hours are rolled into final work hours for 

project controls. To go beyond this level of detail, video monitoring methods can be used 

to automatically measure how these work hours have been spent, whether productively or 

not. To this end, such monitoring relies to a great extent on advanced pattern recognition 

and computer vision techniques within the construction context (Navon and Sacks 2007). 

With the overall process of video based productivity data collection shown in 

Figure 1.2 as a reference point, it became clear that recent studies that attempted to 

automate the analysis of construction operations (Zou and Kim 2007; Kim and Bai 2009; 

Cordova et al. 2009) are limited in certain perspectives: (1), they consider automated 

video analysis or interpretation as a standalone component of vision tracking and action 

classification without considering automating the overall process in Figure 1.2; (2), they 
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ignore the step of contextual knowledge preparation as depicted in Figure 1.2, which can 

be a tremendous help to video analysis; (3), they focus on specific operations such that 

the methods developed can hardly be extended to analyzing other type of operations; and 

(4), they have not systematically studied the problem of visual recognition in construction 

videos. Often off-the-shelf algorithms are used without considering the special challenges 

on the jobsites. 

 To address these limitations, the central motivation of this study is that research 

on intelligent methods/approaches for automated productivity data extraction from 

construction videos by integrating video computing algorithms with construction 

operation domain knowledge is needed, and also, in doing so, such research will have far-

reaching implications for turning video into a truly automated data collection method, for 

which the planning and control of construction operations can be largely improved.  

1.2 Research Objectives and Research Questions 

The objective of this research is then to develop a video interpretation methodology for 

automated productivity analysis of construction operations. More specifically, this 

research focuses on methods of modeling and automating the workflow in video-based 

productivity analysis, methods of leveraging existing knowledge context to support 

information extraction, and computational approaches toward observing and reasoning 

about construction resources (labor, tools, equipment, materials, and output quantities) 

and their interactions. To realize such research objectives, this research addresses the 

following research questions: 

1) What elements can form a computational representation of video-based 

productivity analysis? 

2) What reasoning mechanism can enable intelligent interpretation of construction 

video contents? 

3) What computer vision algorithms can enable visual recognition and tracking in 

construction environments? 
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The following paragraph articulates each of these research questions in detail. 

1) What elements can form a computational representation of video-based 

productivity analysis? 

Current practices of video-based productivity analysis (onsite observation or video 

reviewing) involve a series of manual steps. When these manual steps can be modeled by 

and replaced with computational methods, such methods can be linked together to form a 

computational representation of the manual-based video interpretation approach, which 

therefore enables automated extraction of productivity-related information. In the recent 

computer vision based construction video analysis studies, different video interpretation 

algorithms have been developed to analyze a few typical construction operations. But, 

whether these studies can form an extendable basis for future methodology development 

remains unknown and may be an elusive goal. Without having an overall methodology to 

lay out the elements and processes in construction video interpretation, research efforts in 

video interpretation can be scattered or even misdirected. Therefore, there is a need for a 

structured way to describe the elements and processes of construction video interpretation 

and guide the development of video interpretation algorithms. The elements and 

processes should be applicable to model the steps in manual-based construction video 

interpretation, reusable to apply to videos of different construction operations, and 

flexible to allow the explication of specific reasoning mechanism.   

2) What reasoning mechanism can enable intelligent interpretation of construction 

video contents? 

When human observers are sent to a site to analyze construction operations, they utilize 

information and knowledge, gained from different ways such as past experience, training, 

and project meetings, and they use these various tools to reason about observed situations. 

Now if the agent to analyze construction operations is a computer, methods to represent 

such information and knowledge in a computable way become critical to driving the 

analysis process. In other words, we need to provide a context for construction video 

interpretation. The need is essentially to design a method to represent the contextual 

knowledge preparation step in Figure 1.2 such that the knowledge can be captured and 
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used by computers to assist reasoning. There is no study to date on investigating formal 

methods of categorizing and representing operation contextual knowledge to support 

construction video interpretation. The answer to this question includes a taxonomy of 

contextual information that can be used to support video interpretation and 

representational methods that can be used to describe such information for integration.  

The taxonomy should be comprehensive to include different aspects of operation domain 

knowledge. The representational methods, in turn, should be computable to enable 

automated reasoning, and compatible to build upon existing knowledge representations in 

the construction and video computing domain.  

3) What computer vision algorithms can enable visual recognition and tracking in 

construction environments? 

Visual recognition and tracking sits at the heart of any computer-based video 

interpretation model. This research question investigates what computer vision 

techniques can enable reliable visual recognition and tracking in construction 

environments. Construction operations are complex processes because they typically 

involve a crew of workers utilizing tools and equipment to install miscellaneous materials 

in a highly dynamic environment. Many of these operations tend to be executed 

concurrently in the same workspace. For understanding such processes, a variety of 

aspects of construction resources need to be monitored. In addition to this difficulty, 

construction job sites are full of clutter and are extremely dynamic. These obstacles 

present significant challenges to developing a way to reliably recognize construction 

resources using computer vision techniques. There is a need to investigate the impact of 

these challenges on the performance of typical computer vision techniques in 

construction environments. Recent related studies in construction domain only focus on 

one particular type of computer vision algorithm. Whether these algorithms can be 

applicable to different construction scenarios is not investigated thoroughly. This 

research question concerns the performance of popular computer vision algorithms as 

well as algorithms that are specifically developed for construction applications. The 

results of investigation in this study should be informative to enhance the understanding 
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of the challenges of visual recognition and tracking in typical construction environments, 

and applicable to different construction operations.  

1.3 Research Scope Limitations 

It is important to emphasize that productivity analysis of construction operations starts 

with a selective step. In other words, not all construction operations are worthy of 

detailed analysis if factors such as economy are considered. Therefore the premise of this 

research is centered on operations, if analyzed, with the potential for significant cost 

savings. Olomolaiy et al. (1998) suggested that these operations typically include: (1), 

operations making up a large proportion of the contract value (e.g. concreting); (2), 

operations of a repetitive nature either on the same site or any other sites (e.g. hoisting 

and brickwork); and (3), operations involving a large quantity of material (e.g. 

earthmoving). Along with this selective process, this research is also limited to operations 

that can be comfortably understood and modeled by site leadership. Random site 

activities that are too erratic to model are hard to analyze. Worse, even though these 

activities can be measured, any improvements would not be comparable to structured 

activities since consistent improvement is hard to achieve.   

 The targeted user of this proposed methodology is the data collector in the process 

map as shown in Figure 1.2. The assumption that data collectors possess significant 

knowledge of site operations is one of the underpinnings of this methodology. And in fact, 

this assumption can hold in most cases. It is not reasonable to expect that site 

management appoints a person without practical knowledge about construction 

operations as the key player in a productivity improvement program. 

 In addition to the above limitation, the practical limitations of cameras, such as 

field of view, limited the analyzable operations to those operations that can be mostly 

captured by a single video camera, although future research can utilize camera networks 

to mitigate this restriction. 
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1.4 Research Methodology 

An overview of the research methodology employed in this study is summarized in 

Figure 1.3. It starts with background research to define the research objectives and 

research questions. The development of a video interpretation methodology is the core of 

this research. Such development is an iterative process focusing on addressing the 

research question one, two, and three.  

 More specifically, research question one and two focus on the overall 

methodology development. Research question three focuses on the computational 

methods that can support reliable construction resource detection and tracking within the 

framework of overall methodology. To answer this question, it involves analyzing large 

amount of video data that are collected on different sites under different conditions, 

identifies challenges that are typical to construction sites, and evaluates the performance 

of identified and developed computer algorithms. Programs are developed as an 

executable version of the conceptual methodology in parallel with seeking the answers 

for the research questions. The developed program is used as a platform for investigating 

potential algorithms for visual tracking and action recognition. A set of promising 

algorithms has been implemented and incorporated into the software platform. This 

whole process is iterative so the video interpretation model can be refined gradually.  

 To test and validate the model, case studies are conducted to demonstrate that the 

model is comprehensive enough to support the interpretation of videos of construction 

operations, to ensure that the analysis workflow used in the model allows automated, 

accurate, and rapid extraction of useful productivity information, and to indicate that the 

model is extendable to support future research developments.  
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Figure 1.3 Research Methodology

1.5 Significance and Implications 

The potential impact of the proposed methodology to the existing process of video-based 

productivity collection is shown in Figure 1.4. The impact is evident both to the sub-

processes and to the tasks of the original process map as shown in Figure 1.2. 

 In terms of its impact on the existing tasks across different function entities, the 

new methodology relies on two computing elements (shaded in red), input context 

information and record and analyzing operations, to rapidly and autonomously derive 

productivity information and organize the archived video accordingly. Such information 

can be propagated into sequential method analysis sessions, enabling rapid and efficient 

analysis of construction production operations. The impacted and improved areas of 

practices as compared to the original process map are shaded in gray. Because of the 

readily available productivity information and organized video content, efforts related to 

searching for information can be greatly reduced and the focus of analysis can be placed 
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on discovering the reason for recorded productivity loss. In addition, the rapidly derived 

productivity information can potentially enable immediate corrections (shaded in green) 

to production processes that are interpreted as abnormal by computers according to 

specified rules as abnormal in terms of the flow of material, labor, equipment, and so on. 

 

Figure 1.4 A Proposed Process Map for Video-based Productivity Data Collection 

  In terms of its impact on the existing sub-processes, the proposed methodology 

enables not only parallel executions of video recording and video analysis, but also 

immediate actions to mitigate certain scenarios that are disruptive to the efficient flow of 

construction resources. Therefore, the original second sub-process—video recording—is 

transformed into a phase of video recording, analysis and intervention, with most of the 

tasks in this phase being automated. It became clear that this proposed method potentially 

can reduce much of the manual efforts that have plagued the applications of videos in 

construction productivity data collection, enable construction contractors to save the time 

and cost of gathering productivity data in a timely manner and manage, control, improve 

the performance of onsite operations in a close and rapidly information updated loop.  
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 This proposed methodology also represents a scalable approach that can be 

expanded into a network of wireless cameras, which potentially could enable automated 

collection of productivity data of multiple construction operations in a simultaneous and 

remote manner. In summary, the practical implications of this research include but are 

not limited to the following: (1), provide construction contractors with a tool for rapid 

productivity data collection and analysis; (2), reduce the productivity data collection 

effort; and (3), eliminate the need for manual video analysis. 

1.6 Reader’s Guide to the Dissertation 

This dissertation consists of the Introduction and Conclusion chapters to provide an 

overview of my research and contributions, and of four chapters in between. Below is a 

quick description of each of the chapters in my dissertation: 

Chapter 2 offers literature review about traditional productivity data collection methods 

and recent development in data collection methods.  

Chapter 3 describes a video interpretation methodology for productivity analysis of 

construction operations. This chapter answers research question one and two.  

Chapter 4 describes the characterization of computer vision algorithms for construction 

object recognition, tracking, and motion analysis. This chapter focuses on the 

investigation of the performance of computer vision techniques in the challenging 

construction environment. This chapter answers research question three. 

Chapter 5 describes results and validation. This chapter focuses on the validation of the 

proposed methodology by applying the methodology to several case studies.  

Chapter 6 is the conclusions. It summarizes the contributions of this research to 

productivity data collection and analysis. It outlines the limitations of this research and 

suggests possible future research areas. 
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CHAPTER 2 RESEARCH BACKGROUND AND LITERATURE 
REVIEW 

2.1 Overview 

This chapter provides a review of construction productivity related research studies. It 

aims to provide the background for this research study. It starts with a general description 

of overall construction productivity trends and global issues pertaining to construction 

productivity measurement. Then current productivity measurement practices are 

reviewed to highlight the need for automated productivity measurement methods. Finally, 

recent studies in automated data collection are presented to identify the gaps between 

methods proposed in these studies and envisioned productivity measurement methods.  

2.2 Construction Productivity 

As a whole, the US construction industry has enjoyed almost continuous productivity 

growth for the last several decades, especially in the last decade.  In a recent research 

effort, Triplett and Bosworth (2004) discovered that much of the nation’s productivity 

growth could be attributed to improved production of information technology, 

increased usage of information technology, increased competition due to globalization, 

and changes in workplace practices and firm organizations.  However, Triplett and 

Bosworth (2004) also point out that construction bucked this trend by experiencing 

negative productivity growth between the time periods of their analyses, 1995 to 2001. 

However other studies have produced contradictory data.  Research conducted through 

the Sloan Center for Construction Industry Studies at the University of Texas at Austin 

examined labor and partial factor productivity trends using microeconomic data for 

200 construction activities as part of a larger effort to analyze the relationship between 

equipment technology and construction productivity (Goodrum et al 2002a).  The 

results indicated widespread improvement in construction labor productivity across 

multiple construction divisions ranging from 0.2% to 2.8% per year between 1976 and 

1998, especially in machinery dominated divisions such as site work.  Similar 
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improvement was observed in partial factor productivity among the 200 construction 

activities.  In a more recent effort to examine the relationship between material 

technology and construction productivity, the average percentage change in the labor 

productivity of an additionally sampled 100 activities was found to have an annual 

improvement compound rate of 0.47% between 1977 and 2004 (Goodrum et al 2009). 

Aside from onsite productivity, it has been recently found that offsite construction 

productivity (prefabrication) has increased at a greater pace than onsite productivity 

(Eastman and Sacks 2008). In addition to these measured improvements, there is some 

anecdotal evidence shared among some industry practitioners that construction 

productivity has actually improved (Bernstein 2003, Tuchman 2004, Harrison 2007).  

2.3 Construction Productivity Measures 

There are various definitions of productivity measures in the construction industry. Some 

of them include labor productivity, based on gross output; labor productivity, based on 

value-added; capital-labor MFP, based on value-added; capital productivity, based on 

value-added; and KLEMS Multi-factor productivity (BFC 2005).  In essence, the choice 

among different productivity measures depends on the purpose of the productivity 

measurement and the availability of data. At the same time, the approach to measuring 

productivity keeps evolving. Index measurement, linear programming, and econometric 

models are three diverse types of productivity measurement approaches that have been 

used across different industries (Singh et al. 2000). The index measurement approach is a 

very common procedure that is often referred to as a set of well-known established 

productivity measures, such as total factor productivity, single factor productivity, and so 

on. Linear programming represents the approach to construct a production frontier and 

evaluate each input’s contribution to the productive process based on past performance 

data. A prominent example in this category is Data Envelop Analysis (DEA).  The 

econometric model analyzes productivity based on specific functions that model the 

production process. Whereas the latter two approaches have been attracting increasing 
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attentions in other industries, the analysis of construction productivity has predominately 

been done using the index measurement approach.  

2.4 Issues Pertaining to Construction Productivity Measurement 

The potential reasons to explain the discrepancy between macro and micro measures of 

construction productivity are numerous. Some of the widely acknowledged factors are the 

following: (1), the lack of accurate industry measures; (2), the lack of reliable micro 

productivity data; and (3), the inconsistent implementation of onsite productivity 

measurement methods. 

2.4.1 Lack of Accurate Aggregate Industry-level Measures 

As mentioned previously, there is much uncertainty regarding productivity trends in the 

U.S. construction industry over the past several decades.  The challenges to accurately 

measuring the construction industry’s productivity are significant enough that a 

productivity index is not maintained by governmental agencies, despite the fact that this 

industry contributes anywhere from 10 to 13% of the nation’s Gross Domestic Product 

(GDP) in any given year (BEA 2009). The corresponding value of total construction put 

in place in 2008 was $1,074 billion. 

 Concerns that have accompanied the government’s reluctance to maintain an 

industry measure for the construction industry arise from the difficulty of generating 

accurate construction industry measures, particularly on the inflation indices used to 

measure real industry output.  Inflation indices that control for the change in the quality 

of projects are crucial for the productivity measures to be consistent over time.  More 

specifically, these concerns range from over reliance on the use of proxy inflation indices 

to deflate construction expenditures (Pieper 1990), the use of input cost inflation indices 

instead of the preferred output price indices (Dacy 1965, Gordon 1968, and Pieper 1990), 

and the challenge of measuring the change in the quality of industry output (Rosefielde 

and Mills 1979, Pieper 1990, Gullickson and Harper 2002).  The cumulative effect of 

these concerns is that a productivity index does not exist for the U.S construction industry.  
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Another result of these concerns is that the U.S. Census Bureau no longer maintains a 

constant dollar series of the Value of Construction Put in Place Statistics, which are the 

primary source of industry output measures  

2.4.2 Lack of Reliable Micro Productivity Data 

One alternative to using industry data to measure construction productivity is to use 

micro productivity data, which is typically reported in units of physical output per unit of 

input among construction activities.  In previous studies where the investigators have 

used activity productivity data (Goodrum and Haas 2002a, 2002b, 2004 and Goodrum et 

al 2009), the primary source of activity data has been commercial estimation manuals, 

which are often used by construction industry professionals in order to estimate the cost 

of a project.  However, activity productivity data suffers from its own measurement 

issues, including: (1), a lack of documentation on the methodology in regards to precisely 

how the data is collected, survey forms used, and frequency at which both output and cost 

data is updated for every activity is not documented in the public domain,  and (2), 

potential bias by construction firms who submit information for the estimation manuals 

since they know that they are not required to construct a project using their estimated unit 

rate, which tends to create inflated estimates of construction costs (Pieper, 1989).  

Outside of commercial estimation manuals, there are relatively few sources of other 

micro productivity measures in the construction industry. One source is the Construction 

Industry Institute through its Benchmarking and Metrics (BM&M) program, but the data 

is not open to the public domain and it is primarily focused on the industrial construction 

sector. The BM&M dataset is rather intended to allow participating companies to 

compare performance on their projects with similar projects and help companies identify 

practices that may improve their respective projects.   

2.4.3 Inconsistent Implementation of Site Productivity Measurement Methods 

In lieu of tracking productivity directly (e.g. labor productivity) on jobsites, many U.S. 

construction firms use other measures to measure productivity performance. Two primary 

measures of this type include performance ratios and work sampling.  Performance ratios, 
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which are primarily used to measure a project’s overall productivity, compare the total 

number of work hours required to complete a given quantity of work by a certain date to 

the previously estimated number of work hours required to complete the same amount of 

work.  Although the ratios’ accuracy clearly relies heavily on the accuracy of the 

estimated work hours, it is a measure used on most jobsites.  Aside from performance 

ratio based methods, alternative measures that give more detailed information about the 

productivity performance of individual crews include scientific methods and interview 

and survey methods.  

 Finally, while some of the nation’s more sophisticated construction firms 

maintain advanced project control systems in order to understand how productivity is 

performing at their site’s workface, many construction firms still do not measure their 

own site’s productivity. Most firms maintain systems that track their project’s cost and 

schedule performance, which provide an indication of productivity, but traditional 

controls systems of this type provide little detail about the factors that may be influencing 

their project’s productivity.   

2.5 Recent Development of Construction Industry Productivity Measures 

The most recent attempt by the BLS to produce a construction industry productivity 

measure by incorporating revisions of the National Income and Product Accounts 

(NIPA) published by the BEA in 1999 was detailed by Gullickson and Harper (2002). 

In their study, the authors noted that improvements by the BEA to the NIPA did 

produce increased estimates in multifactor productivity for many industries. However, 

one industry that continued to stand out with declining measures of productivity was 

construction. Gullickson and Harper theorized that current inflation indices in 

construction still failed to capture quality improvement occurring in construction.  A 

fundamental problem facing the macro measures of industry productivity over the past 

four decades is the issue of how to measure quality changes in construction output due 

to improvements in construction materials and building systems (Dacy 1965, Gordon 

1968, Rosefielde and Mills 1979, Pieper 1990, Gullickson and Harper 2002 and 
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Tuchman 2003).   Although quality has many different meanings such as reduction in 

process defects and improvement in customer satisfaction, quality changes in the 

context of this proposal are changes in project features, such as improved rideability 

on highway projects, improved durability of railroad crossings, and improved signage 

on roadway projects to name a few examples.  Ultimately, these improvements impact 

the design life, sustainability, and other project characteristics.   

 The Bureau of Labor Statistics (BLS) has begun development of the Producer 

Price Indices (PPI) for construction, which follow the form of a model price index and 

is sometimes referred to as an estimate price index. A model price index avoids the 

challenge of controlling for the change in quality and many of the aforementioned biases 

by holding constant a detailed specification for either an entire structure or different 

components of a structure.  Individuals with experience in estimating construction prices 

are then asked to estimate the selling price of the model.  This way, the price change can 

be observed while holding quality constant.  Individuals can be asked to price the entire 

structure, which is called an aggregate approach, or price only specific components, 

which is called a disaggregated approach.  The aggregate model price index approach is 

typically preferred for relatively simple structures, like a single house.  For more 

complicated structures, the disaggregated approach is favored (Mohammadin and Seymor 

1997).   

 Recently, the BLS developed a series of PPI for the non-residential sector, 

including a PPI for new warehouse building construction, new school building 

construction, new office building construction, and new manufacturing and industrial 

building construction (BLS 2009).  The BLS has followed a very similar approach in 

developing its PPI as those employed by the Statistics Canada governmental agency , 

which provides the potential long term benefit of employing identical methods to 

measure industry output in both the US and Canada.   

 Four steps are used in developing a PPI (BLS 2009): 1), establish model building 

specifications; 2), select survey respondent samples; 3), select building assemblies for 

pricing; and 4), obtain monthly price updates.  The first step involves developing a 
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conceptual building model that is representative of what is built in the current market and 

identifying the activities or “assemblies” that would be required to theoretically build the 

project. Currently, the BLS works with a private estimating firm to identify these 

activities and their corresponding quantities, although much of the details behind the 

models are considered proprietary by the estimating firm and are thus not readily 

available to the public.  The BLS works with the firm to estimate the material and 

installation costs for each activity.  Steps 2 through 4 involves surveying construction 

firms throughout the US to collect data on the conceptual overhead and profit that each 

firm would estimate for each activity if it were to actually build the project.   

 The current BLS PPI for the non-residential sector are used by the US Bureau of 

Economic Analyses (BEA) to deflate raw output to real output in order to estimate 

investment in private structures for the US GDP (Lally 2009).  Although the non-

residential PPI are currently not used by the US Census Bureau in its estimate of the 

Value of Construction Installed, the Census’s adoption of the non-residential PPI will 

likely occur in the near future.  The non-residential PPI appears to be very successful at 

resolving much of the traditional bias as already described in the construction inflation 

indices.  As part of a review of the BLS PPI, the BEA recently suggested that price 

indices be developed for highway and other type of structures (Lally 2009).   

2.6 Review of Onsite Productivity Measurement Methods 

The primary driver of defining a variety of productivity measures within the construction 

industry is the attempt to benchmark the competencies across companies in the 

construction industry as well as across different industries (Park et al. 2005). Knowing 

the performance of companies as well as the industry overall is a critical element in 

productivity performance evaluation and the productivity improvement process, but 

productivity measurement at such a level does not produce productivity improvement 

automatically. Productivity improvement is a complex proposition because there are a 

multitude of factors affecting the productivity performance of onsite operations. For 

example, prior research identified a number of factors as impacting labor productivity in 



23 
 

construction. Based on a United Nation’s report (“Effect” 1965) and work by Thomas 

and Sakaracan (1994), Figure 2.1 gives a general model of the factors affecting labor 

productivity. It is the complexity of productivity improvement that accounts for the 

emphasis upon onsite data collection to foster understanding of the degree of impacts of 

such factors on productivity.  

 

Figure 2.1 Factor Model of Construction Labor Productivity 

Onsite data collection has been used as a way of understanding the working 

methods and workflows in construction operations and of evaluating how factors like 

weather, overtime, and engineering information impact human performances. Findings 

from working method and workflow studies are typically applied locally to onsite 

operations for productivity improvement. The rest of this section provides a detailed 

review of conventional onsite productivity measurement methods. 

Work Sampling 

Work sampling measures how time is utilized by the labor force (Thomas, Guevara, and 

Gustenhoven 1984).  In the work sampling technique, observations of what each worker 

is doing at a particular instant are recorded (Figure 2.2).  The activities of workers are 

typically divided into three categories: Direct Work, Supportive Work, and Delay 

(Oglesby et al 1989).  Although the definition of each category can be dependent upon 

the craftsman performing the work, the type of work, and the company, the typical 
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definitions of the three categories are the following: 1), direct work includes productive 

actions, picking up tools at the area where the work is taking place, measurement on the 

area where the work is taking place, holding materials in place, inspecting for proper fit, 

putting on safety equipment, and all clean-up; 2), supportive work includes supervision, 

planning or instruction, all travel, carrying or handling of materials or tools, and walking 

empty-handed to get materials or tools; and 3), delay includes waiting for another trade to 

finish work, standing, sitting or any non-action, personal time, and late starts or early 

quits.   

 Work sampling gives information about time spent on activities and therefore 

provides indirect information about productivity.  Most companies focus particular 

attention on their crafts’ direct work rates, which is a percentage of time spent on direct 

work during all working hours, and they do so by implementing programs and processes 

to increase their direct rates as much as possible in order to improve their site’s 

productivity.  However, direct work time does not necessarily correlate with unit rate 

productivity (Thomas 1991).  In other words, a high percentage of direct work time 

would not always indicate an equally high level of unit rate productivity because of 

variation in skill levels of the workers sampled, work methods and types of tools and 

equipment used.  For example, a carpenter utilizing a skill saw will out-produce a 

carpenter with a handsaw even though the direct work percentage may be the same.  Even 

considering these constraints, many companies consider work sampling as a vitally 

important diagnostic tool for measuring productivity performance at the workface.  

Productivity Rating 

Productivity rating concerns whether workers are doing tasks efficiently and are not 

merely acting busy doing unproductive things or doing nothing at all (Oglesby et al. 

1989). This rating exists in a variety of forms in practices. Some of the names include 

activity sampling, field rating, and 5-minute rating. There is a slight difference between 

these approaches. Activity sampling and field rating are closely related to statistical 

techniques, whereas 5-minute rating is not. The 5-minute rating technique is a quick and 

less-exact appraisal of activity. It focuses on a single activity, and it works best in 
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situations where there are less than ten workers involved in the observation. It is 

essentially a technique to continuously observe a crew of workers and note their work 

performance (Figure 2.3). 

 

 

Figure 2.2 Work Sampling Illustrated 
 

 
Note: “x” represents effective work 

   Worker ID  

Min Stone 
Cutter  Placer 1 Placer 2  Placer 3  Measure/Align M

M

29              x    
30                   
31  x                
32  x  x  x  x    
33  x                
34                   
35     x  x  x     X

Figure 2.3 Productivity Rating Illustrated 
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Motion Analysis 

Motion analysis is sourced from early industrial engineering studies. It analyzes the 

motion sequences of observed subjects with the purpose of determining the best possible 

way to perform an activity. A well-known example in construction is Gilbert’s study on 

masonry activities (Gilbreth 1911). Generally these studies are targeted to address how to 

make construction workers work more quickly, safely, and more comfortable with 

minimum waste and high efficiency. However, with the increasing criticism of the 

potential for misuse of these studies for the sole purpose of working people harder, the 

applications of motion analysis in construction are very limited, perhaps only for 

ergonomics-related study.   

Time Study 

Time study, sometimes referred to stop watch study, is a method to determine the time 

utilization in different tasks in a construction operation (Adrian 1987). The results from 

such a study can reveal both the general working procedure and the variations within it, 

exposing the possible deficiencies in working methods. This method has been 

successfully used in housing construction practices, producing tremendous impacts.   

Crew Balance Charts 

Crew balance charts are the applications of man-machine charts in construction. Their 

purpose is to analyze the interrelationships among the activities of individual members of 

crews along with the equipment they use. The charts depict such machine and human 

interaction processes graphically in a form that variations in cycle time and imbalances in 

resource arrangement can be visually identified. In essence, it can be thought of as a 

natural extension of time studies and productivity rating because it complements time 

studies and productivity rating in terms of the sequence information of observed workers 

and detailed action categories. For example, the activity observed in Figure 2.3 can be 

developed into a crew balance chart as shown in Figure 2.4. 
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Figure 2.4 Crew Balance Chart Illustrated

Method Productivity Delay Model 

The method productivity delay model is a productivity analysis model that essentially 

takes a continuous sample of construction production cycles and notes the amount and 

types of delays occurring during the cycle (Adrian 1974). As an alternative to the 

traditional work sampling, time study, and motion analysis models, the method 

productivity delay model provides the construction firm with a practical means of 

measuring, predicting, and improving productivity. The model itself rests in part on three 

important elements, including the production unit, production cycle, and the method’s 

leading resource. Such elements are commonly applicable to any cyclic construction 

operations (Figure 2.5). In fact, the definition of these elements also offers insights to the 

operation to be analyzed.  
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follow-up method along with direct observation based methods since direct observation 

can indicate whether there is need for questionnaires, interviews, and surveys.  

 

 

 

Figure 2.6 Flow Diagram and Process Chart Illustrated 

 In summary, the above reviewed onsite data collection methods represent a 

traditional set of methods, and many of them are rooted in industrial engineering. 

Historically these methods have brought profound impacts to the manufacturing industry. 

The application of these methods in the construction industry advances productivity 

improvement practices. But, a critical concern about these methods is their labor 
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intensiveness, which might create unbearable burdens for certain types of contractors.  

Automating onsite data collection for productivity improvement has long been a focus of 

the construction industry.  

2.7 Recent Development of Automated Data Collection in Construction 

In the past twenty years, extensive research studies have been devoted to developing 

automated data collection methods for material management, productivity monitoring, 

project status updating, and quality control. Many of those studies have been inspired and 

driven by the emergence and rapid development of advanced sensing technologies such 

as real-time localization and/or identification technologies, and 3D imaging systems. 

Typical examples of real-time localization and/or identification technologies include 

Global Positioning System (GPS), Radio Frequency Identification (RFID), and Ultra 

Wide Band (UWD). Terrestrial laser scanners, Flash LADAR, and stereo vision cameras 

are examples of 3D imaging systems that have attracted increased attentions from the 

construction industry.  

 Automated data collection for material management has achieved considerable 

advances alongside with a wealth of research studies done in the field of radio frequency 

based material tracking in construction. Tracking of construction material can be a life-

cycle process that is comprised of material procurement, material receiving at the port 

level, material tracking in the lay down yard and staging area, material in place, and 

material information retrieval in the operation period. Radio frequency identification 

(RFID), as an automatic identification technology, has the potential to automate the 

process described above due to its relatively large storage capacity, reliability and 

robustness in harsh environments, and ease of use in reading and disseminating data 

(Jaselskis and El-Misalami 2003). For example, Song et al. (2006a) evaluated the use of 

RFID technologies as a possible solution to automating the task of tracking delivery and 

receipt of fabricated pipe spools at the port level. This research reported a 100% level of 

accuracy in identifying tagged pipe spools was achieved if trucks are driven less than 2 

mph when passing through the port. Recent studies in this field have shown particular 
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interest in localizing construction material onsite. The factors that are conducive to 

improvements in these studies include among others the requirement that tracking of 

material beyond port level accuracy in large industrial construction sites because it is still 

very time consuming to find particular pieces of materials in a large number of structural 

components, possibly with similar shapes, in a huge lay down yard (Grau and Caldas 

2007; Song et al. 2006b). Song et al. (2006b) developed a RFID proximity localization 

model that probabilistically infers the position of tags by using signal strength 

information of detected tags and the positions of a tag reader under GPS navigation 

support. Grau and Caldas (2007) further developed the localization model by adding a 

centroid localization algorithm and tested the model in a large industrial construction site, 

and promising results are reported. Ergen (2007) proposed an automated system using 

RFID and GPS technology to track and locate components in a precast storage yard. The 

feasibility of such an approach is demonstrated by the development and testing of a 

prototype system in a case study. Despite the success of GPS in outdoor construction 

applications, the fact that GPS is only workable in an outdoor environment severely 

hinders the adoption of current localization models in indoor construction environments. 

A number of research studies have targeted this limitation in particular. Skibniewski and 

Jang (2007) introduced a prototype material tracking framework built on top of a new 

ZigBee-based technique that integrates radio frequency and ultrasonic devices. This 

system does not have the outdoors-only limitation that GPS does. 

While material tracking offers some insights into the status of construction 

operations, the information regarding the whole picture of construction operations is 

limited. However, RFID and GPS can potentially be used to track any project-related 

entities. Instead of focusing solely on material, considering the positional data of project 

entities related to a particular construction operation, such as workers, equipment, tools, 

and material, can be valuable in construction operation analysis.  

For construction operation analysis, knowing the location of a particular piece of 

equipment or a construction worker at a particular time is important because such 
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information provides strong insights into the working status of the equipment or laborer, 

meaning that traditional time study can possibly be automated.  Navon and Goldschmidt 

(2002) proposed to automatically measure labor input using the location of workers that 

were recorded at regular time intervals from real-time location systems, and they also 

systematically reviewed and identified enabling technologies. In their follow-up work 

(Navon and Goldschmidt 2003; Sacks et al. 2003), a concept-proving prototype has been 

developed with the use of GPS to track the locations of laborers. Whether the location of 

workers can represent their activities and the possibility of determining labor input from 

those locations by associating them with a building project model (BPM) are examined, 

and an accuracy level of 10 to 20% in work time measurement is reported. Hildreth et al. 

(2005) developed a methodology of collecting data for time studies of earthmoving 

operation based on GPS data that was recorded from a mounted GPS receiver on the 

earthmoving equipment. In this study, activity durations can be determined by identifying 

the key GPS records that represent the starting and stopping of activities. Jaselskis et al. 

(1995) pioneered the idea of using RFID to track the activities of workers and equipment 

for the purpose of cost coding. They developed a conceptual model of collecting activity 

information from labor, tools, and equipment that is obviously advantageous over 

traditional paper based labor, equipment, and tool control practice, but part of the model 

still needs significant human intervention such as using handheld computers to enter the 

activity codes and associate them with workers. Su and Liu (2007a, 2007b) experimented 

with RFID to automatically track construction resources including equipment, labor, and 

material for real-time operation analysis. In their trench pipe installation case study, a set 

of association rules are defined offline according to trench pipe installation work 

characteristics and applied online to positional data of various construction resources to 

infer their engaged activities. A detailed crew balance chart can be converted from the 

time stamped activity status of tracked resources in a defined period of operational time.   

 Another important aspect of data collection in construction is concerned with 

automated project status tracking. Since the final product of every construction project is 

a tangible physical product, an intuitive way to assess the project progress would be 
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comparing as-built conditions with planned conditions geometrically. The recent 

advances of 3D imaging technologies, especially terrestrial laser scanners, have enabled 

construction practitioners to acquire three-dimensional spatial information in an 

unprecedented manner in terms of speed, density, and accuracy of data collection. In 

many scenarios, construction project progress is measured by physical quantity in place, 

which in turn relies heavily on visual examination. With the introduction of such a 

powerful measurement tool, it is expected the determination of project progress can be 

greatly improved. Cheok et al. (2000) demonstrated the real-time assessment and 

documentation of a studied construction process on the basis of 3D as-built models by 

using a terrestrial laser scanner. Jaselskis et al. (2005) investigated the potential benefit of 

using laser scanning on transportation projects. They concluded that laser scanning can 

be very effective for the purpose of safe and accurate construction measurement. Shih 

and Huang (2006) developed an internet-based 3D scan information management system 

that can be used to compare scans made each week of a campus building under 

construction to determine the project’s progress. As an alternative to acquire three-

dimensional geometric information, a vision based approach, known as photogrammetry, 

has also been increasingly used in construction. Song (2007) proposed a conceptual 

framework that uses field digital images and computer vision techniques for progress 

measurement. Fard and Pena-Mora (2007a, 2007b) presented a real-time progress 

monitoring approach based on computer vision and image processing technologies such 

as camera matching and registration of the as-planned environment with as-built 

construction site photographs.  

 There are also other areas in construction such as safety and quality control that 

can potentially benefit from the development of automated data collection. Terrestrial 

laser scanners, for example, have been under active research for their potential to check 

for dimension deviations between as-built structures and as-planned structures, therefore 

enabling earlier defect detection and subsequent corrective actions (Akinci et al. 2006). 

The results of their study are very promising, though automating the whole process of 

scanning and defect detection still requires extensive study. Automated data collection for 
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construction site safety differs from data collection in other construction application areas 

because it not only requires the data to be interpreted in real-time, but also the data needs 

to be collected in real-time with high positional accuracy. UWB has recently been 

proposed by various researchers for potential usage in safety applications (Lacouture et al. 

2007; Teizer and Lacouture 2007), although currently it still seems cost prohibitive.  

2.8 Application of Digital Image and Video in Construction 

Digital imaging and video processing by itself is an extremely active research area, and it 

carries the far-reaching goal to surpass human visual systems so that tasks that are usually 

undertaken or unmanageable by human can be accomplished by machine systems. It is 

undoubted that in the past forty years progressive improvements in hardware, 

computation power, and processing algorithms have revolutionized many aspects of 

digital image and video capture and processing such as resolution and processing speed. 

This growing sophistication provides ever-greater temptation to the A/E/C industry to 

exploit the strengths of such a well-developed technology in applications that are 

dependent on visual information and are either arduous or currently beyond human 

capabilities. 

 Image and video in construction has seen the most applications in construction 

operation analysis. There are several different approaches for using image and video in 

these applications. They include time-lapse photography, real-time digital video 

recording and processing, and wireless webcam.  In fact, there is no clear distinction 

between these approaches as some of them are inter-related. More importantly, some of 

the approaches are only now becoming possible due to the recent development of 

information technologies such as high density storage media, wireless networks, and so 

on. 

Time-lapse photography in construction has a long history stretching back to the 

early 1960s (Figure 2.7). Fondahl (1960) pioneered the use of time-lapse photography, 

more recently also called time-lapse video, for analyzing construction operations. Time-
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lapse photography is a cinematography technique whereby each frame is captured at a 

rate that is much slower than the standard video rate (30 frames per second) set by the 

National Television Standards Committee (NTSC) system. Therefore, when frames are 

replayed at a standard rate, time appears to be moving fast and thus lapsing. Some 

commonly used time intervals in construction applications are as follows: 1-5 seconds/ 

per frame (Everett et al. 1998) and 4 seconds/per frame (Oglesby et al. 1989). A detailed 

explanation of time-lapse video for construction can be found in Oglesby et al. (1989). 

The motivation behind using time lapse video instead of real-time recording in 

construction at that time is that the latter has the limitation such that the time required to 

view the film or video is the same as the time required to perform the original task 

(Everett et al. 1998). Conversely, the two most appealing aspects of using time-lapse 

photography in construction are the following: a lengthy construction process can be 

recorded into a compact format; and later it can be reviewed in a much shorter period of 

time than the actual operation period. A number of research studies have explored the 

potential of such a method for automating the data collection process on site from the 

productivity analysis (Paulson 1978; Touran 1981). Everett et al. (1998) found through 

case studies that time lapse video has been extremely beneficial in historical 

documentation of project progress and dispute resolution. In recent studies (Abeid and 

Arditi 2002a; Abeid and Arditi 2002b), a specialized system, PHOTO-NET, has been 

developed to use time-lapse digital photography to support project management. The 

authors argued that watching a photographic playback would help managers to 

accomplish many managerial tasks such as: observing equipment performance; seeing the 

impact of adverse weather; monitoring material delivery; investigating accidents; 

comparing expected durations with actual durations; reviewing crew performance; and 

assessing site productivity. To support these tasks, PHOTO-NET integrates time-lapse 

photography with dynamic scheduling and progress control, and it is capable of shooting, 

storing, and playing back a time-lapse video at an optimum rate for different managerial 

tasks. 
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An important recent trend of research in digital imaging and video applications in 

construction, in fact in all automated data collection research in construction, has been 

focusing on the interpretation of sensory data. For instance, photogrammetry based three-

dimensional model reconstruction for project status tracking, has been an exciting 

research area in the past few years, becoming the focus of a number of recent research 

studies such as Song (2007), Fard and Pena-Mora (2007a, 2007b), and Quinones-Rozo et 

al. (2008). Additionally, as more and more construction site photos are usually collected 

in today’s construction projects, the need to efficiently manage and retrieve related 

images for certain management tasks has become apparent and imminent. Brilakis and 

Soibelman (2005a, 2005b, 2006, 2008) successfully developed image content based 

search engines—material-based or shape-based— for automated site image retrieval. It is 

worth to mentioning that this kind of material-based search engine is also being used in 

the semi-automated project progress tracking framework proposed by Fard and Pena-

Mora (2007a, 2007b).  

Automated productivity measurement using construction cameras reflects another 

emerging trend in construction. Zou and Kim (2007) demonstrated the use of digital color 

image processing algorithms to determine hydraulic excavator idle time from recorded 

videos. This study is oriented toward a specific application, hence it hardly can be 

replicated. In addition, in this study, the working status of tracked equipment is simply 

determined from whether the equipment’s centroid has moved over the time. Determining 

tracked resources’ working status in typical construction operation scenarios requires 

sophistication beyond this level. Kim and Bai (2009) proposed to use wireless camera to 

develop a real-time productivity measurement system based on human poses for bridge 

replacement. In this study, background subtraction was used to extract human poses, and 

a neural network was used to train models for classifying worker performance into three 

classes including effective work, ineffective work, and contributory work. However, this 

approach was only tested on a bridge deck placement activity. This is a limitation 

because models of human poses trained for one activity may not be applicable to other 

activities. Cordova et al. (2009) demonstrated tracking project related entities using 
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vision techniques. Successful results from such a study would certainly benefit automated 

data extraction from video. However, automated data extraction from video for operation 

analysis is not merely resource tracking per se: just as in many computer vision based 

applications, the architecture of mapping tracked image features to a symbolic notion of 

activity through layers of more abstract reasoning is equally important as image feature 

tracking itself.  
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CHAPTER 3 A CONSTRUCTION VIDEO INTERPRETATION 
METHODOLOGY 

3.1 Overview 

This chapter concerns the conceptual development and software implementation of a 

video interpretation methodology for automated data extraction from videos of 

construction operations. This development involves three steps. First, it starts with an 

examination of the elements and processes used in operation method studies. A particular 

focus is on those methods that can be conducted through manually reviewing recorded 

videos. Computational methods that can replace the manual steps and processes in video 

analysis are then proposed to form a computable representation of such processes and 

steps. Second, it models the mechanism of human reasoning in construction video 

analysis for providing computers with a reasoning logic that imitates that of humans. 

Third, it implements the conceptual methodology developed in step one and two into a 

software program. 

3.2 Elements and Processes in Construction Video Interpretation 

The research question that this section addresses is what elements can form a 

computational representation of observation-based productivity analysis? More 

specifically, the question is divided into three sub research questions, and each of them is 

addressed individually. These questions include: 

RQ1.1: What are the high level elements in video-based productivity analysis? 

RQ1.2: What are the steps that can formally characterize the video reasoning process? 

RQ1.3: How can video and extracted information be organized and integrated to support 

video retrieval? 
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3.2.1 High-Level Elements 

This section addresses Research Question 1.1: What are the high-level elements in video-

based productivity analysis?  

Although there is no fixed form governing how construction operation 

improvement is conducted, a general approach involves seven steps as shown in the 

column “Operation Improvement Methodology” in Figure 3.1. They include select 

operation, plan in detail, gather information, reduce information, present to crew and 

supervision, implement, and file for next time. In fact, these steps can be further grouped 

into preparation (select operation and plan in detail), onsite data collection and analysis 

(gather information, reduce information, and present to crew and supervision), and 

improvement (implement and file for next time).  

 
Figure 3.1 The High Level Elements in Video-based Productivity Analysis 

 Video based data collection is a method that is frequently used in the general 

operation improvement methodology. In its simplest form it involves four steps as shown 

in the column “Video Based Data Collection” in Figure 3.1. Among these steps, steps one 

and two are mapped to “gather information” in the operation improvement methodology. 

Step three is related to “reduce information” and Step four concerns the way to “present 
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to crew and supervision”. In current practices, these four steps are manually carried out 

regardless of the length of videos and type of operations analyzed. In contrast to this 

labor intensive process, a variety of computational methods, typically in the domain of 

computer vision, can be found to automate or support these steps. In the column 

“Computational Representation” in Figure 3.1, a mapping between these general manual 

analysis steps and computational methods is exhibited.  In other words, there are four 

high level elements representing the process of video-based data collection: (1), visual 

recognition and tracking; (2), model-based reasoning; (3), video content organization; 

and (4), video retrieval.  

To help illustrate these high-level elements, an example of collecting productivity 

data about an earthmoving operation is presented in the column of “Example” in Figure 

3.1. If a scene is recorded as Figure 3.1, the element of visual recognition and tracking is 

to recognize and track the front-end loaders. Then the properties of these tracked objects, 

such as spatial-temporal behavior and motions, can be used to reason about the 

production status of these objects in the element of model-based reasoning. The element 

of video content organization is intended to summarize such derived information in a 

concise and accurate form. Video retrieval is intended to provide a structured and fast 

way to assess the video content based on derived information, therefore facilitating the 

process of presenting information to workers and supervision. 

In essence, the first three elements together represent a process of data 

transformation (Figure 3.2), a process which is from video streams to the object layer, 

from the object layer to the semantic layer, and from the semantic layer to productivity 

information. Among these data representations, the intermediate two layers comprise the 

core of the problem to be addressed because they function as the bridge between raw 

video data and productivity information.  
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Figure 3.2The Data Transformation Process

3.2.2 Video Reasoning Steps 

This section addresses Research Question 1.2: What are the steps that can formally 

characterize the video reasoning process?  

Among the high level elements described above, model-based reasoning is the 

essential process of converting observed information into productivity information that is 

of interest to site management. Humans, if trained, can conduct these information 

extraction tasks with remarkable ease. However, in order to expect such processes to be 

conducted autonomously by computers, human-like reasoning has to occur in explicit 

steps. Considering the types of productivity information that can be derived from videos 

of construction operations, it is important to note that there can be multiple steps involved 

in this process.  

 To answer this research question, an approach depicted in Figure 3.3 is employed. 

The answer to this question is related to what types of information are of interest to onsite 

operation improvement and that can be derived from construction videos. Regardless of 

what traditional data collection methods are used, as shown Figure 3.3, the purpose is to 

recover three principle different types of information. They include resource utilization, 

work flow, and inefficiency. More specifically, resource utilization is concerned with the 

time utilized in different working states by construction resources. It is desirable logically 
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to have construction resources spend more time in productive states. Work flow is 

essentially about working sequences. And inefficiency is rooted in abnormal production 

scenarios.  
 

 

Figure 3.3 Formal Video Reasoning Steps  

 In response to these needs, a three-step computer reasoning process can be 

formally defined to imitate human reasoning processes as if the videos were being 

analyzed by human experts. These steps are state classification, event detection, and 

scenario recognition. States, events, and scenarios are three core concepts that need to be 

clearly defined and understood. They involve domain specific knowledge, requiring 

definitions within the domain context. In this study, they are defined in the following 

manner:  

(1) States: this refers to the object status in predetermined categories, such as 

“waiting”, “idle”, and “working” 

(2)  Events: this refers to a significant change of states, such as “waiting  working” 

and “working idle” 
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(3) Scenarios: this refers to a semantically meaningful situation formed by a 

particular combination of states and events, such as “delay caused by working 

process violation” and “delay caused by waiting”.  

With these definitions, these three reasoning steps are engineered to derive particular 

types of productivity information, be that information state classification for resource 

utilization, event detection for work flow, and scenario recognition for abnormal 

production scenarios.  

The process of recognizing objects and inferring their properties for state 

classification is the foundational block of this methodology. Because it seems that human 

are easily able to take on this process, which is in fact supported by a human’s massive 

parallel processing ability as well as some undiscovered mechanisms inherent in our 

recognition system, for a computer to imitate such a complicated process is a great 

challenge. In the search for a set of computer vision methods that can support this process, 

it is imperative to understand the type of information needed for state classification, so 

that corresponding computer vision methods can be identified. 

The working state of an object, which is a particular type of construction 

resources in this case, is often indicated by its position, moving trajectory, and kind of 

motion. These properties offer insights at different levels of detail into the working status 

of objects. But, the extraction of these properties also has different layers of complexity. 

Determining the object’s position can be accomplished using object detection. To get the 

trajectory of objects, their positions need to be tracked continuously. The tracking 

problem becomes trivial when there is only one object to track. But in a scenario 

requiring multiple object tracking, in particular when the objects are in the same category, 

tracking can become a very difficult problem. This is also true for detecting and 

representing the motion of objects. But motion in most cases is only meaningful to 

objects that can change shape such as construction workers and certain types of 

construction equipment. So it is not always necessary to go beyond the level of trajectory 

to analyze the working state of whatever objects. In some cases, merely the instantaneous 

position data of objects alone without correspondence from frame to frame can indicate 
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their working status. This is particularly true in cases where the aim of operation analysis 

is merely to get a quick appraisal of effective working time. In addition, explicit tracking 

of objects such as construction workers may cause ethical problems. Overall, determining 

the level of detail should conform to the specific objective of operation analysis.  

Figure 3.4 depicts a classification structure that is built based on supporting 

computer vision methods. These methods include object detection (positional data), 

object tracking (trajectory data), and motion detection and analysis (motion data). In 

essence, a system of support algorithms in each of these categories is needed to compute 

video streams into an intermediate level of data (object layer) to support high level 

reasoning steps that are defined in the research question one. 

 

 

Figure 3.4 State Classification Schema 
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3.2.3 Video Content Organization and Retrieval 

This section addresses Research Question 1.3: How can video and extracted information 

be organized and integrated to support video retrieval? 

The interpretation of construction videos from the productivity analysis 

perspective does not end only with productivity information extraction. Although the 

information extracted can give a concise view of what happened in the video, the search 

for the reasons why some situations happen goes well beyond the level of information 

extraction. In this regards, the original video content, if properly organized, can be used 

as an effective medium to discover the causes of the situation in the first place. Therefore, 

the integration of extracted information with original video contents is necessary because 

this activity enables efficient retrieval of video contents based on discovered information.  

 In fact, the required video content organization task is mostly taken care of by the 

introduction of the schema of states, events, and scenarios (Figure 3.5). These items offer 

a structured way to organize the video frames into different video segments. The 

moments of occurrence of states, events, and scenarios can be indexed in the original 

video for later quick retrieval of related video segments. In addition to this feature, an 

information table is utilized to summarize the extracted productivity information (color-

coded for different abnormal scenarios) as well as to serve as the table of contents for the 

original video. This task is achieved by linking each of the cells in the table to the 

corresponding video segments.   
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Figure 3.5 Information Integration Mechanism

3.2.4 The Assembly of Elements and Processes 

The answers to the above four sub research questions can be assembled into a 

methodology map as shown in Figure 3.6. In the figure, the information conversion 

process is illustrated by the bottom-up data conversion and the action items that are 

responsible for producing these conversions. It is notable that video streams as the 

original data were gradually interpreted into productivity information through the object 

and semantic layer. Meanwhile, the top-down flow shows the video retrieval mechanism. 

Overall, these elements and the linkage between them reflect the answers to the first 

research question in the construction of the methodology map.  
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Figure 3.6 Methodology Map from Research Question 

3.3 Methods of Model-based Reasoning 

The description of the video interpretation methodology so far is limited to elements and 

processes that can model the workflows in manual-based video analysis. It is important to 

recognize that such elements and processes alone cannot automate the whole task of 

information extraction from construction videos. To make these elements and processes 

become intelligent, it is necessary to provide a structured reasoning mechanism. In other 

words, these elements and processes should be able to recognize a set of rules, heuristics, 

and logics that they can use to automatically carry out the information extraction tasks. 

Human beings usually reasons within a context. More precisely, when human analyzes 

construction videos for the purpose of productivity analysis, they utilize their knowledge 

and experiences as background information when they process the visual contents in the 
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video. It is how to represent and describe a similar context for computers that the second 

research question concerns. In other words, the question is what reasoning mechanism 

can enable intelligent interpretation of construction video contents? In this section, this 

question is further divided into three sub-research questions.  

RQ2.1: Which objects should be recognized and tracked?  

RQ2.2: What information is needed and available to drive the video reasoning process? 

RQ2.3: What methods can be used to represent such information? 

3.3.1 Object Recognition and Tracking 

This section addresses Research Question 2.1: Which objects should be recognized and 

tracked?  

Construction operations are complex processes because they typically involve a 

crew of workers utilizing tools and equipment to install miscellaneous materials in a 

highly dynamic environment. Many of these operations tend to be executed concurrently 

in the same workspace. In other words, there are a variety of resources present in a video 

of construction operations. To analyze the productivity, it would certainly be beneficial if 

all these resources could be visually recognized and tracked. But in reality, doing so is 

very difficult if not impossible, and in some cases it is not even necessary, to track all of 

these resources using computer vision techniques. Then in order to determine the 

resource objects that are necessary to be monitored because of the consideration of 

productivity analysis, a formalized procedure to reason about the key resources in 

different types of operations is needed.  

 To fulfill such a purpose, two key concepts, including the production unit and the 

method’s leading resource, from the Method Productivity Delay Model (Adrian 1974) are 

suggested as a rational way to determine the critical resources in an operation. According 

to the model, the production unit is an amount of work that is descriptive of the 

production that can easily be visually measured. The method’s leading resource 

represents the most basic or fundamental resource used in the construction method. 
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 Overall, the specification of those basic elements before analyzing a construction 

video clearly determined the critical resources that need to be monitored in the video 

analysis. Then computer vision based detection and tracking models for these critical 

resources can be developed prior to commencing video analysis. Furthermore, because 

this method provides a standardized way of determining the critical construction 

resources across different construction operations, it is potentially viable to develop 

templates for a variety of operations. Therefore, given an operation, the visual 

recognition and tracking step can conveniently determine the resources to track by using 

these templates in a searchable table manner. 

3.3.2 Prior Construction Knowledge 

This section addresses Research Question 2.2: What information is needed and available 

to drive the video reasoning process? 

Any reasoning does not occur only by itself. Usually it happens in a context. Such 

context typically represents the prior knowledge of recorded activities. Therefore prior 

knowledge can be used to drive the reasoning in the forms of rules and heuristics. Prior 

knowledge of construction operations for productivity analysis arises from different 

aspects due to the fact that construction operations generally involves sequenced 

activities that are executed in planned locations within a timeframe. In fact, this 

knowledge indicates that there are three types of contextual information that site 

personnel mentally possess, and these can be formally defined prior to the execution of a 

planned operation. They include spatial context, semantic context, and temporal context. 

Their definitions are listed in Table 3.2.  

Table 3.2 The Taxonomy of Video Context 

Type of Context Description 

Spatial Context Operation spatial layout, work zones, scene models 

Temporal Context Sequences of work tasks in an operation, time constraints 

Semantic Context Operation task elements 
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The potential of such formally defined contextual information for assisting video 

reasoning is straightforward. When an operation is divided into detailed task elements 

(semantic context), these task elements are associated with the locations where these 

tasks are carried out (spatial context), and the connection and duration of these task 

elements are clearly specified (temporal context), and many of the activities happening in 

the video can be interpreted accordingly.  

3.3.3 Representation of Prior Construction Knowledge 

This section addresses Research Question 2.3: What methods can be used to represent 

such information? 

Given these three types of contexts, the next step is to identify or define common 

structures that can supply these video contexts. Fortunately, there are diverse spectrums 

of studies in construction that are concerned with defining structured approaches to 

model video context execution and analyze their performances. Of all of these structures 

and analysis methods, a number of models or approaches can suffice. They include 

operation process models and flow diagram/process charts.  

Operation Process Model 

Operation process models can be a good basis for forming a common structure to 

describe the operation prior knowledge. An operation process model is a logical 

description of the work process that uses both temporal and spatial elements. There are 

various process models developed in past research studies in construction. Some of these 

were used as a basis for simulation models, such as the Cyclone process model (Halpin 

and Riggs 1992) and the Stroboscope (Martinez and Ioannou 1994).  

The operation process model can provide spatial, temporal, and semantic context 

because it breaks down construction operations into a variety of working task elements 

(semantic context) and describes how these elements unfold in planned locations (spatial 

context) and sequences (temporal context). Different time constraints also can be 

specified on different work task elements, representing the normal durations of each of 
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the task elements. These time constraints can be determined by experienced site 

personnel or from standardized production rates. Furthermore, the integration of spatial 

context with video scenes is done by specifying regions in the video scenes and assigning 

each of these regions to a work task element (work state) that is supposed to be carried 

out in that region. In this way, the video scenes can be broken into a variety of 

meaningful work zones, and the connections between video scenes and operation process 

models can be explicitly established. For example, the process model of a concrete pour 

operation as shown in Figure 3.7 divides the operation into a palette of working elements, 

each of them representing an identifiable working state in video and some of them having 

location descriptions. Additionally the directed links between these working states outline 

work sequences.  

In summary, these process-model-based contexts, once connected with video 

scenes, are the driving forces behind the defined reasoning steps in the above section. 

This is because of the following reasons: 1), the task elements defined in the process 

model represent the states that need to be classified in the video; 2), the spatial locations 

specified in the process model help to classify states and detect events; and 3), the 

sequences and time constraints expressed by the process model form a powerful rule set 

that can guide scenario recognition.  
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Figure 3.7 An Example of a Construction Process Model for Concrete Work 

Flow Diagrams and Process Charts 

A flow diagram is a line sketch depicting the movements of people, materials, and 

equipment (Oglesby et al. 1989). The process chart complements the flow diagram as it 

lists various steps in an operation in sequences. When these two techniques are combined 

and used in construction operation analysis, they can be very effective in describing the 

workflows onsite and revealing excessive or duplicated transportation that causes time 

loss in productions. Conversely, flow diagram/process charts also can be used as a 

structured way of describing our prior knowledge. Line sketches depicting the 

movements of people or things can be directly applied to the video scene to delineate 

spatial context. Process charts allow us to represent our understanding of the sequence of 

operations in discrete steps or states. Then, these states can be assigned and connected to 

the line sketch on the video scene. In essence, there is not much difference between using 

the process model and using flow diagram/process charts in terms of the way they 

describe contextual knowledge. But, depending on the background of users, some might 
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be more familiar with one or the other of them, and this familiarity may determine which 

kind of representation should be used.  

3.3.4 The Complete Conceptual Methodology 

This section provides a brief summary of the answers to the research questions to be 

addressed in this chapter. These research questions and their associated answers are the 

following: 

RQ1: What elements and processes can form a computational representation of 

observation-based productivity analysis? 

RQ1.1: What are the high- level elements in video-based productivity analysis? 

Visual Recognition and Tracking, Video Reasoning, Video Content Organization, and 

Video Content Retrieval. 

RQ1.2: What are the steps that can formally characterize the video reasoning process? 

State Classification, Event Detection, and Scenario Recognition 

RQ1.3: How can video and extracted information be organized and integrated to support 

video retrieval? 

Organizing video contents according to the schema of states, events, and scenarios using 

video indexing methods. 

RQ2: what reasoning mechanism can enable intelligent interpretation of construction 

video contents? 

RQ2.1: Which objects should be recognized and tracked? 

Reasoning according to the Method Productivity Delay Model 

RQ2.2: What information is needed and available to drive the video reasoning process? 

Spatial Context, Temporal Context, and Semantic Context 



55 
 

RQ2.3: What methods can be used to represent such information? 

Operation Process Model or Process Charts 

The answers to these research questions can be collectively assembled into a global map 

that represents the overall structure of the construction video interpretation methodology 

(Figure 3.8). 

 

Figure 3.8 The Complete Conceptual Construction Video Interpretation Model 

3.4 Software Implementation 

A prototype program called “Construction Video Analyzer” has been developed in this 

study. It aims to provide a foundation for applying the proposed video interpretation 

model to specific construction operations. The software itself was written using C++, and 

it integrates several commercial strength libraries, including Microsoft Directshow SDK 

(System Development Kit), Microsoft Foundation Class, Intel Open Source Computer 

Vision Library, and XD++ Flowchart SDK. The graphic interface of the software is 



56 
 

shown in Figure 3.9 with major elements labeled. The C++ language is chosen as the 

development language because of this study’s requirement of fast processing speed.  

 
Figure 3.9 The Software Interface 

 The architecture behind the software is shown in Figure 3.10. It includes five 

interrelated modularized components. Directshow is concerned with interface with 

camera hardware, retrieval of video streams from devices, and enabling of video stream 

browsing and editing related tasks. OpenCV is used to develop visual recognition and 

tracking related algorithms. It uses a frame grabber to access the video frames that are 

managed by Directshow; these processes each grabbed video frames using specified 

computer vision algorithms, and they return processed video frames back into the 

Directshow managed video streams. XD++ is used to provide functionalities for building 

construction process models and process charts. It is essentially a knowledge input 

module that allows users to graphically explicate their prior knowledge. In this sense, it is 

closely related to the video reasoning module. MFC is used to visualize video streams 

during video interpretation and build the graphic user interface. It also provides the users 

with the means to specify regions on the video scenes through interactive marking up and 

to assign these regions to different states in the process model, therefore allowing the 

establishment of the connection between process model and video images. Finally, the 
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video reasoning module sits in a central position to communicate with all the other 

modules. The video reasoning module accepts inputs from users, allowing them to 

express reasoning logic. At the time of execution, this module dynamically passes 

information between different modules. For instance, the detection and tracking module 

would be fully aware of the data generated from the process model module. Because of 

this modularized design, changes to contents in one module will not affect the other 

modules. For example, for recognition and tracking, different recognition and tracking 

algorithms can be developed and integrated into the software for one module without 

impacting any other modules. In fact, Chapter 4 is dedicated to characterize visual 

recognition and tracking algorithms under this general module. In this sense, the software 

provides a framework for developing specific interpretation models for different types of 

operations.  

 

 
Figure 3.10 The Software Architecture 
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CHAPTER 4 CHARACTERIZATION OF COMPUTER VISION 
ALGORITHMS FOR CONSTRUCTION OBJECT RECOGNITION, 

TRACKING, AND MOTION ANALYSIS 

4.1 Overview 

The proposed video interpretation methodology outlines a formal structure for intelligent 

interpretation of construction video for productivity analysis. The structure delineates the 

conceptual computational steps for video interpretation. The application of this 

methodology to specific construction operations requires the realization of these 

conceptual steps. More specifically, it requires the development of application specific 

algorithms for detecting, tracking, and analyzing the motion of different construction 

resources as well as the specification of reasoning rules using formal contextual 

knowledge modeling methods. The specification of reasoning process is quite 

straightforward when using method productivity delay models and process models or 

process charts as shown in Chapter 3. But the realization of resource detection, tracking, 

and motion analysis in specific operations is not nearly as trivial or straightforward. Such 

realization essentially entails the development of computer vision algorithms. In other 

words, each of the conceptual computational steps in the video interpretation 

methodology requires a set of supporting algorithms. There are a large set of algorithms 

developed for the purpose of object recognition, tracking, and motion analysis in the field 

of computer vision. But, the performances of these algorithms in construction 

environments are largely unknown.  

 This chapter characterizes the performance of a variety of computer vision 

algorithms in construction environments for the purpose of construction object 

recognition, tracking, and motion analysis. The performance analysis unfolds in a number 

of steps as the following: (1), develop an algorithm test bed that systematically supports 

the development, implementation, and integration of different computer vision algorithms; 

(2), develop and implement identified computer vision algorithms; and (3), assess these 

algorithms by comparing their performance on a common construction video dataset. 
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After the performance of various computer vision algorithms has been characterized, the 

algorithms along with the test bed are integrated into the video interpretation program 

developed in Chapter 3.  

4.2 Design of a Detection, Tracking, and Motion Analysis Test Bed 

4.2.1 System Components 

The state classification schema proposed in Chapter 3 provides an overall framework for 

developing a detection, tracking, and motion analysis test bed. The methods in the system 

include a number of popular algorithms for object recognition, object tracking, and 

motion detection and analysis. The connection of these algorithms to the state 

classification schema is shown in Figure 4.1.  

 

Figure 4.1 Supporting Algorithms 

 Meanwhile, Figure 4.2 depicts the detailed system design to integrate these 

methods together into a processing pipeline. The processing pipeline includes 6 modules. 

These are FG/BG (Foreground/Background) detection, new blob entrance detection, blob 

tracking, trajectory post-processing, trajectory generation, and motion analysis. The 

interfaces between these modules have been standardized, allowing each module to be 

changed without impacting other modules. As a common technical term in computer 
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vision, a blob refer to a connected region in an image, which is typically so designated 

because it shows some degree of similarity in certain measures and is likely to correspond 

to an object. The following sections describe the composition of these modules. 

Figure 4.2 System Architecture  

4.2.2 Module Description 

Module 1:FG/BG Detection 

This module classifies pixels in the current video frame into Foreground (FG) or 

Background Pixels (Figure 4.3). The foreground pixels belong to detected objects. As the 

result a foreground mask is returned once the pixels are successfully classified.  In fact, 

this module is built upon the Intel Open Source Computer Vision Library.  

 

Module 2: Blob Entrance Detection 
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This module detects new blobs using an FG mask. A “blob” here refers to a connected 

region of pixels, and each of the blobs is possibly an actual object. Then, the blobs are 

checked against existing blobs from the last frame to determine whether they are new 

blobs/objects. The output from this module is a list of blobs and their properties.  

 

Figure 4.3 Blob Entrance Detection Module

Module 3: Blob Tracking 

Once the blobs are detected, they need to be tracked from frame to frame. This tracking is 

essentially a problem of associating blobs in the current video frame with the blobs in the 

past video frame. Once this process is carried out recursively at each step, complete 

motion paths of tracked blobs can be recorded for reasoning about their behaviors. The 

input and output of this module is shown in Figure 4.5. The development of tracking 

methods inside this module is explained in greater detail in Section 4.5.  

 

Figure 4.4 Blob Tracking Module 

Module 4: Trajectory Post-Processing Module 

This module is concerned with filtering the recorded trajectories of blobs, and its input 

and output interface are shown in Figure 4.6. It offers methods such as time averaging 

using rectangular or exponential windows. One of the important goals of this module is to 

reduce the errant trajectories and smooth the trajectories. This is particularly useful in 

assisting the detection of periodic motion, which can be obscured by noisy measurement. 

But in many cases, it is rather an optional step that is available at the users’ disposal.  

 

Figure 4.5 Trajectory Post-Processing Module
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Module 5: Trajectory Generation Module 

This module is in charge of the archive of motion trajectories of tracked blobs, and its 

structure is shown in Figure 4.7. In addition to this, it is also able to compute and store 

metadata about the motion trajectories, such as velocity, size of blobs, etc. These 

trajectories will be stored with the original video data for late referencing.  

This module serves as the end of processing pipeline, and its purpose is to save the whole 

trajectory to a specified file (Figure 4.7). In addition, this module can calculate some 

features (using original images and FG masks) for each blob and can save it too. 

 

Figure 4.6 Trajectory Generation Module

Module 6: Motion Analysis Module 

The motion analysis module is a branch from the main processing pipeline. Its purpose is 

to deal with the motion of deformable objects. A common example is human motion 

analysis. This module is built upon the motion segmentation method in the FG/BG 

detection module. So in this sense, it is an ad-hoc module. It computes and represents the 

motion features of foreground objects that are segmented out by using the motion 

segmentation method (Figure 4.8). The necessity of developing such a module is 

evidenced by the nearly universal involvement of construction workers in any type of 

construction activity. There are cases where the motion of construction workers can be 

the one major indicator of production status. So it is safe to say that in this research the 

module of motion analysis is predominantly related to construction worker action 

classification. In fact, the predominance of worker motion analysis also raises one of the 

focuses of FG/BG detection module, which is construction worker recognition.  
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Figure 4.7 Motion Analysis Module

 In summary, the modules that involve intensive algorithm development are the 

object recognition, Blob Detection, Blob Tracking, and Motion Analysis modules. 

Algorithm implementations and characterization of the performance of these algorithms 

in these modules are described in detail in the remainder of this chapter. 

4.3 Characterization of Computer Vision Algorithms for Construction Object 

Recognition 

Within the overall structure of the test bed, this module concerns algorithms for 

construction resource recognition. Such recognition is usually a difficult problem since 

most of the negative factors that can affect the performance of object detection present in 

a typical construction environment. These factors include clutter, occlusion, dynamic 

background, inadequate illumination, and dust. Conversely, there are also special features 

of construction resources that can help object detection. For example, construction 

workers can have a uniform appearance if they are required to wear safety vests. The 

distinctive color of safety vests can tremendously simplify the detection of construction 

workers in images.  

The recognition methods implemented or developed in this module include seven 

different algorithms. Three of them are different foreground/background segmentation 

algorithms. One of them is adapted from a face recognition method that is based on 

cascade of simple Haar Features. One of them is a safety vest based recognition method, 

which is specifically developed for construction worker detection. There is also a motion-

based segmentation method developed and included in this module. This method is best 

suited for segmenting moving objects from the static background. All the object detection 

methods in this module can be called for use in the form of dynamic creation of method 

instances based on function pointers. 

Motion 
Analysis 
Module

Frames

Motion Features 
(Motion blob, Spatial-

Temporal words)

FG Mask
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4.3.1 Foreground/Background Subtraction Algorithms 

A popular approach for object detection, particularly construction worker detection—a 

variant of human detection, is figure-ground segmentation, which is the process of 

separating the objects of interest from the rest of the image (background). It is also called 

background subtraction based methods. It is usually applied as the first and crucial step in 

many systems. As a result, background subtraction is known as a powerful preprocessing 

step in many practical applications such as real-time tracking, video surveillance, and 

motion analysis. It has been under extensive study for a long period of time. With the 

availability of powerful computation hardware, research studies in the past twenty years 

have been concerned with improving the performance of background subtraction in 

complex scenes by using sophisticated background models (Stauffer and Grimson 1998; 

Kim et al. 2005).  

 In this module, three different types of background subtraction are implemented. 

These methods include Mixtures of Gaussian (Stauffer and Grimson 1998) for outdoor 

scenes which contain lighting changes, repetitive motions from clutter, and long-term 

scene changes, methods proposed by Li et al. (2003) for modeling background which 

contains both stationary and moving background objects and undergoes both gradual and 

sudden "once-off" changes, and codebook based method (Kim et al. 2005) for scenes 

containing complicated moving objects by taking advantage of adaptive filtering concepts. 

The principles of these methods are briefly described in the next sections. 

Mixture of Gaussian Modess (MOG) 

MOG maintains a density function for each pixel in the video. This density function is 

usually represented by a number of Gaussian Models. Because MOG is a parametric 

method, the model parameters can be adaptively updated without keeping a large buffer 

of video frames. The Gaussian distributions of the adaptive mixture model are then 

evaluated to determine which are most likely to result from a background process. In 

terms of performance, MOG is known for its ability to deal with lighting changes, 

repetitive motions from clutter, and long-term scene changes. The computational 
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complexity and storage requirement of MOG is linear in terms of the number of Gaussian 

models. 

 MOG does have some disadvantages. Backgrounds having fast variations are not 

easily modeled with just a few Gaussians accurately. In addition, depending on the 

learning rate to adapt to background changes, MOG faces trade-off problems. For a low 

learning rate, it produces a wide model that has difficulty in detecting a sudden change to 

the background. If the model adapts too quickly, slowly moving foreground pixels will be 

absorbed into the background model, resulting in a high false negative rate.  

Bayesian Model by Li et al. (2003) 

To deal with videos that contains both stationary and moving background objects and 

undergoes both gradual and sudden “once-off” changes, Li et al. (2003) developed a 

Bayesian decision rule-based model.  The model uses color features to describe stationary 

background objects and color co-occurrence features (the color co-occurrences of inter-

frame changes from each pixel) to describe moving background objects. More 

specifically, the statistics of most significant colors are used to describe the stationary 

parts of the background, and that of most significant color co-occurrences are used to 

describe the motion objects of the background. Overall under this framework, multiple 

features can be integrated for background and foreground classification. A background 

learning and maintenance process based on the Bayesian principle adapts the background 

models to various background changes over time. Therefore, the gradual changes caused 

by natural lighting variations and the sudden “once-off” changes that happen either 

globally or locally can be accommodated by the model. When compared with the MOG 

model, this Bayesian model is claimed to be more robust in complex scenes.  

Codebook-based methods 

The Codebook-based background subtraction method is a real-time algorithm for 

foreground-background segmentation. In principle, sample background values at each 

pixel are quantized into codebooks which represent a compressed form of background 

model for a long image sequence. In this sense, the statistics of the pixels in an image are 

represented non-parametrically. This approach can capture structural background 
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variation due to periodic-like motion over a long period of time under limited memory. 

Therefore, the codebook representation is efficient in memory and speed compared with 

other background modeling techniques. It is also reported that Codebook-based method 

can handle scenes containing moving backgrounds or illumination variations, and it 

achieves robust detection for different types of videos.  

Performance Comparison 

Two information retrieval measurements, recall and precision, are used to quantify how 

well each of the algorithms described above performs in a construction environment. The 

evaluation is based on how well the segmented foreground matches the ground truth that 

is obtained through manual extraction processes. Recall and precision are defined as: 

 

Recall N      f    
N      

                                 (1) 

Precision N      f    
N        

                           (2) 

Two construction video sequences are used as the test dataset to compare the 

performances of these algorithms.  

The first video sequence shows a crew of workers who are installing scaffold and 

formwork in a building project (Figure 4.9a). The second video sequence shows an 

earthmoving operation performed by a number of heavy equipments (Figure 4.9b).  The 

segmentation results from the different algorithms and the ground truth provided by the 

manual extraction process are summarized in Table A.1 and Table A.2 in Appendix A. 

The recall and precision of the algorithms in investigation in both cases are summarized 

in Tables 4.1 and 4.2 respectively.  
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(a) (b) 

Figure 4.8 The Testing Video Sequences 

Table 4.1 The Performance of Algorithms on Video Sequence No. 1 
 Code Book Gaussian Mixture Bayesian Background 
 Recall Precision Recall Precision Recall Precision 
Frame 1 51.4% 66.2% 65% 48% 39.6% 60.6% 
Frame 2 53% 72.9% 57% 52% 29% 70.7% 
Frame 3 54.2% 73.1% 57.3% 50.2% 26% 76.9% 
Frame 4 55% 69% 50% 48.7% 27% 69% 
Frame 5 59.3% 67% 46.9% 46% 25% 68% 
Frame 6 59.6% 65% 48% 42% 22% 72.5% 
Frame 7 57% 68% 53.7% 27% 23.8% 67.5% 
Frame 8 66% 62% 55.7% 46% 27% 73.1% 
Frame 9 68% 64% 52% 44.6% 30% 71.6% 
Frame 10 60% 52.2% 45.7% 35.9% 27% 55.7% 
Average 58.35% 69.54% 53.13% 44.04% 27.64% 68.56% 

 
Table 4.2 The Performance of Algorithms on Video Sequence No. 2 

 Code Book Gaussian Mixture Bayesian Background 
 Recall Precision Recall Precision Recall Precision 
Frame 1 11.9% 69% 24.6% 12.75% 21.9% 76% 
Frame 2 18.8% 85.4% 22.4% 14.7% 19% 83.9% 
Frame 3 17.3% 82.8% 19.5% 12.7% 19% 82.3% 
Frame 4 9.5% 78.9% 15% 8.9% 17.8% 84.8% 
Frame 5 9.5% 85.3% 11.7% 6.7% 10% 83.4% 
Frame 6 11.3% 74.8% 12.2% 6.6% 8% 91.5% 
Frame 7 10% 78.6% 11.2% 6.1% 6.8% 71.7% 
Frame 8 11.5% 82.6% 10.9% 5.1% 5.4% 80.8% 
Frame 9 17.3% 85.7% 11.3% 5.8% 4.1% 92% 
Frame 10 10.7% 77.6% 11.2% 6.4% 3% 96% 
Average 12.78% 80.07% 15.00% 8.58% 11.50% 84.24% 
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It can be noted that all algorithms have shown very low rate of recall. At the same time, 

the Code Book based algorithm and the Bayesian based algorithm have achieved much 

higher rate of precision than Gaussian Mixture based method does. The low rate of recall 

means that only small parts of foreground objects are correctly segmented out. This may 

be acceptable in situations where foreground objects are objects of interest and further 

differentiation of foreground objects are not needed. Low precision is a more serious 

problem since it may cause many false positives. False positives here mean that the 

algorithm mistakenly classifies background objects into foreground objects. This 

misclassification makes the algorithm become very unreliable. It is safe to draw the 

conclusion based on the performances of the algorithms on the above videos that the code 

book-based and the Bayesian-based methods are more suitable than the Gaussian 

Mixture-based method to be used in construction scenarios.   

In summary, background subtraction is best suited for applications that have 

relatively static backgrounds. Constant changing backgrounds or scenes that are shot with 

moving cameras present significant challenges to foreground segmentation.  

4.3.2 Color based Construction Object Recognition Algorithms 

As mentioned previously, one of the favorable situations for foreground detection is that 

the color of the objects in question is distinctive. In such situations, color-based detection 

and tracking is an obvious choice. The algorithm development here is not intended to 

cover many objects. But the overall methodology for developing color detection and 

tracking can be used in different situations. Construction workers are an integral part of 

construction operations. When analyzing construction operations, the detection and 

tracking of construction workers might be required in many cases. When construction 

workers wear safety vests, which typically are neon orange or chartreuse, the detection 

and tracking of these construction workers can be fairly reliable. So this section describes 

the development of a safety vest-based worker detection algorithm. It also highlights the 

procedure that can be used for developing different color detection algorithms for other 

objects. 
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Overall Methodology 

The overall methodology used for the development of the safety vest model is shown in 

Figure 4.10. It includes three major components: sample preparation, training, and testing. 

And each of these components has a number of steps. Furthermore, the training step is an 

iterative process for identifying the best model.  

Sample Preparation 

Principally this algorithm is conceived as developing a Mixture of Gaussian Models to 

represent the color distribution of safety vests and background scenes. In most cases, the 

color of a safety vest is very distinguishable from the background. This means that the 

background and safety vest have different color distributions. And it is very likely that 

these color distributions cannot be represented by a single Gaussian distribution. 

Subsequently, constructing this algorithm is essentially a problem of fitting the color 

distribution of safety vests and the backgrounds into a number of Gaussian models. 

Because of this requirement, Expectation Maximization is a well-known technique that 

can be used to iteratively estimate the parameters of these Gaussian models (Dempster et 

al. 1977). A requirement for using a probabilistic approach is having a large number of 

samples, so the distribution can be reasonably estimated. A sample here is a pixel that 

either belongs to a safety vest or the background (Figure 4.11). In this case, these samples 

are randomly taken from a large collection of photos. These photos were taken at 

different jobsites under different conditions. So they capture the variability of the color 

values of pixels on a safety vest, which can be attributed to lighting conditions, view 

angles, glare, and so on. Within these samples from the collection of photos, the positive 

samples are from the photos of the safety vest, and the negative samples are from the 

photos of the background. The order of the number of the samples used in this algorithm 

development is in the millions.  
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Figure 4.9 Methodology for Safety Vest Based Worker Detection 

 

 

Figure 4.10 Samples from Safety Vest 

  There are many color spaces that can be used to represent the value of sample 

pixels. For example, RGB is a very common color space used to represent the color 
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values. But, in many cases, the other color spaces, such as Lab, Luv, and HSV, is 

preferred over RGB color space for modeling the color distribution of particular objects. 

This is because these color spaces generally can produce a compact representation of 

color distributions instead of generating a widely scattered distribution, a common 

consequence of the RGB color space. For instance, the samples of safety vest pixels are 

plotted in different color spaces in Figure 4.12. In addition, it is not uncommon that only 

part of the color channels, such as only R and G in the RGB space or L and a in the Lab 

space, are used to represent the color distribution of those objects that are of interest. The 

benefit from such an approach is two fold. First, it will certainly reduce the computation 

complexity. Second, the discarded channel might only contain noise information, which 

can often be of little help for distinguishing different color distributions and also 

complicate the modeling problem. 

 

Figure 4.11 Safety Vest Sample Pixels in Different Color Spaces 

 After plotting these samples in different color spaces, it is found that the “a” and 

“b” channels in the Lab color space give a favorable representation of these safety vest 

sample pixels as shown in red in Figure 4.13.  The blue dots in the plot represent the 
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sample pixels from the background. The next step is to determine the number of Gaussian 

Mixtures that should be used to model these color distributions.  

 

Figure 4.12 Sample Pixels in the Lab Color Space (a and b channel) 

Model Training 

There are no fixed rules to use to determine how many Gaussian Mixtures are needed to 

model the color distribution. Making this determination is largely a trial and error process. 

In this case, after a number of rounds of trial and error, it is found that using two 

Gaussian Mixtures for safety vests and two Gaussian Mixtures for backgrounds can 

produce relatively accurate results. The parameters of these Gaussian Mixtures are 

initialized randomly. Then the expectation maximization algorithm is performed on these 

initial guesses to iteratively estimate the parameters of models, and the results are 

gradually converged to find the true parameters. The final result parameters for these 

Gaussian Mixtures are shown in Figure 4.14. The contours of these Gaussian models are 

also plotted over the training samples for visualizing the distributions. Now given a new 

pixel from a photo, like the one shown in the Figure 4.14 (red dot), the distance of this 

pixel to the centers of different Gaussian Models are calculated using Mahalanobis 

Distance (Figure 4.13). The lines “a”, “b”, “c”, and “d” in the figure can be thought of the 
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distances to these centers. This pixel will be classified as a safety vest only if the 

following conditions can be met: 

a b                                                                                                    (3) 

In the formula (1), G is the gain. It can be in values of 1, 2, 3, and so on. When the value 

of G is increased, the false positive classification rate, which is the rate of classifying a 

pixel from the background as a safety vest, can be reduced, but at the cost of reducing the 

true positive rate. It is essentially to provide a means for controlling the false position rate, 

because in many situations misclassification of a negative sample or positive sample can 

have very different costs associated with the resulting decisions.  

 

Figure 4.13 The Converged Gaussian Mixture Models 

Model Testing 

The manipulation of the gain G to different values can produce a receiver operating 

characteristic (ROC) curve for the trained safety vest model when it is used for 

classifying training and testing data as shown in Figure 4.15. The ROC is essentially the 

plot of the false position rate vs. true positive rate when different classification criteria 
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are used. Depending on the targeted false positive rate, the corresponding Gain can be 

chosen.  

It is important to recognize that the model developed here only concerns 

classification at the pixel level. Knowing only the location of pixels does not give a 

holistic representation of detected objects. To realize such purposes, these classified 

pixels need to be grouped together according to their connectivity to form connected 

regions or blobs (this will only happen in the next module: new object entrance detection). 

These regions or blobs correspond to the objects of interest in the scene. Connected 

component analysis, a well-established procedure to connect adjacent pixels together 

according to specified neighboring criteria, can be used to take on this task. Then each of 

these connected regions or blobs represent a construction worker. Figure 4.16 shows the 

detection of construction workers based on the safety vest color model and connected 

component analysis. 

 

Figure 4.14 Receiver Operating Characteristic Curve for the Trained Model 
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Figure 4.15 Sample Detection based on the Safety Vest Model 

4.3.3 A Cascade of Simple Features for Construction Object Recognition Algorithms 

A Cascade of Simple Haar Features, also called the Viola-Jones Classifier (Viola and 

Jones 2001) is an algorithm that was originally developed for face detection purposes. 

The algorithm is built on the well-known and often used field of statistical boosting and 

thus is of more general use as well. Currently this method is widely used to develop 

models for pedestrians, traffic signs, and facial recognition applications because of its 

high performance levels in terms of speed and accuracy. In fact, several companies have 

engineered the “face” detector to detect “mostly rigid” objects by training new detectors 

on many thousands of selected training images for each view of the object. To this end, 

this model is incorporated into this detection and tracking system to provide a 

methodology for training models to track rigid construction objects, such as concrete 

buckets, equipment, and so on.  Regarding the features used in this model, the model uses 

Haar-like input features as its name suggests.  A typical classifier trained from this 
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method includes hundreds or thousands of selected features that are arranged in a tree 

structure to screen the regions in an image. A feature’s value is calculated as the 

difference between the sum of the pixels within white and black rectangle regions. This 

approach can generate a large set of features that can be used. 

 The selection of these features and the structure of the tree that organizes them 

hierarchically depends on the training process. The training process involves collecting 

large quantities of images. Here “large quantities of images” means thousands of object 

examples and tens of thousands of non-object examples. A rule of thumb is that the more 

images are used for training, the more generic and the lower the false positive rate the 

final model can achieve.  In the object examples (images), the location of target objects 

should be precisely boxed. The non-object examples should realistically represent typical 

environments in which the target object appears.  In this sense, the training of object 

recognition classifiers through this methodology is not a trivial process. But as a result, 

the performance of trained classifiers can compete with the best, and its construction as a 

tree-structured rejection cascade makes it very fast to run.  

 In essence, the boosted cascade of simple features is a framework for building 

object models for rapid object detection. It uses Haar wavelet-like simple features to 

build tree-structured classifiers according to a boosting approach. Basically this method 

partitions the video images into a set of overlapping windows at different scales, then a 

decision is made involving each window about whether it contains a target object or not. 

This decision is made based on a set of simple features such as edge features and line 

features. The features that are distinctive to target objects are identified through the 

training process, and then these features are placed in a cascade form to speed up the 

detection. 

 Two object detection models that were developed in this research according to 

this technique are the recognition models for hard hats and concrete buckets. These 

models will be used in case studies for analyzing construction videos. 
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The Hard Hat Recognition Model 

The development of a Haar classifier based model starts with the creation of a training 

dataset. In this particular case, there were 3000 instances of hard hat samples that were 

collected from construction site images and represent the positive data in the training 

dataset (Figure 4.17). The negative samples are a collection of images that do not have 

workers with hard hats. 

 

Figure 4.16 Training Dataset 

 The training process can take the order of days depending on the targeted number 

of layers, accuracy, and speed of convergence. In this case, a 20-layer classifier is trained, 

which means that the resulted classifier has 20 hierarchies. Each node of the tree contains 

a feature with specific parameters. The resulting training performance of this classifier is 

87%.  Figure 4.18 shows some of the sample detections.  
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Figure 4.17 Examples of Sample Detection for Hard Hat Model 

The Concrete Bucket Recognition Model 

The concrete bucket detection model is trained from 1260 positive site images 

(containing concrete buckets) and 3000 negative site images (not containing concrete 

buckets). The positive images containing buckets are collected from three different 

jobsites and Google images. The negative images in the dataset are collected from eight 

different jobsites and Google images. In this example, the training of the bucket model 

requires 10 hours of training on a P4-2.4GHz computer. But once the training is finished, 

the detection of concrete buckets on a 720x640 color image using the final model 

requires only 50 milliseconds.  

 For this application, the resulting classifier (object model) was trained for 24 

stages and used 835 simple features, yielding an 89.2% detection rate of accuracy on the 

training data set. The performance of the classifier was also tested on a testing dataset of 

140 images that were randomly left out of the training data set. The resulting recognition 

accuracy is 84.7%. Figure 4.19 shows some examples of the bucket recognition process 

under different conditions. Generally, this performance can be improved by adding more 

training images.  
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Figure 4.18 Examples of Bucket Detection in Testing Images 

4.3.4 Motion based Object Recognition Algorithms 

Motion based detection in this research builds upon the concept of background 

subtraction. It uses frame-to-frame differencing to retrieve the moving edges of objects. 

As a result, each potential blob from motion based detection is a motion blob that 

represents an object carrying out certain actions. In this sense, this object detection 

approach has an advantage over other approaches in that it directly provides the motion 

features of objects of interest. Meanwhile, this approach also shares a strict assumption as 

other background subtraction methods do: all the foreground objects are objects of 

interest. This assumption might be violated on a construction jobsite since it is possible 

that moving objects in the same workspace in which the targeted operation is carried out 

are not related at all.  

4.4 Characterization of Computer Vision Algorithms for New Blob Detections 

The new blob detection module concerns the decision as to whether there are new objects 

appearing in the monitored scene. It is not realistic to expect that there are no objects 

entering or exiting from the monitored scene, particularly on a busy construction jobsite. 

Entrance of new objects, if not properly handled, can put the objects currently under 

detection and tracking into disorder. Determinations about whether there are new objects 

in the current video frame need to be made at every tracking step.  



80 
 

To recognize whether there are new objects entering the monitored scene, a 

method as shown in Figure 4.20 is adopted. It involves a number of steps as the following: 

(1), performing connected component analysis to group foreground pixels which are 

determined from the FG/BG detection module into different blobs; (2), performing 

filtering operation on these blobs according to the criteria of size, area, and h/w ratio. If 

these criteria cannot be met, these blobs are simply discarded; (3) performing intersection 

tests: if any of these blobs does intersect with existing blobs from the immediate previous 

frame, it will be considered as an existing blob; (4) bubble sorting blobs according to size 

and retrieving the ten largest blobs; (5) performing tests on the retrieved blobs to check 

their proximity to the image border, and blobs on the image border will not be considered 

as new blobs; and (6) performing trajectory testing which establishes the following: 

whether the new blobs observed for N consecutive frames can establish a uniform 

trajectory from the last N frames. In other words, a new entering blob will not be issued 

an ID and associated with a tracker until it is observed for N frames and passes all the 

tests.  

 

Figure 4.19 Algorithm flow in the Module II
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 An important assumption that is used throughout this object detection and 

tracking system is that in consecutive frames the movement of an object is relative small 

such that there will be overlaps between the shapes/silhouettes of the object in two 

consecutive frames. The validity of this assumption is related to the frame rate. Many of 

the videos used in this study have a frame rate of 5 frames per second. This essentially 

assumes that in 0.2 seconds the motion of an object is small enough to allow overlap. 

Conversely, it also suggests that the highest frame rate that falls within the capacity of the 

computing hardware should be used. To make further sense of this assumption, the 

following simplified calculation reveals the underlying restrictions imposed in different 

scenarios: 

Scenario 1:  A person is moving horizontally in the video scenes 

If the human is detected as a blob—100 pixels in height and 30 pixels in width, a moving 

speed limitation of 75 pixels per second is needed to ensure blob overlap in consecutive 

frames. If the person’s height is 6.2 feet, 75 pixels per second can be roughly regarded as 

4.65 feet per second. 

Scenario 2:  A person is moving vertically in the video scenes 

Assuming that the rest of the assumptions used in scenarios hold, the needed speed cap is 

250 pixels per second, which is roughly about 15.5 feet per second. 

At the same time, these speed caps to support the overlap assumptions can be lifted if the 

sizes of detected blobs are larger than the sizes used the calculation. Overall, based on the 

above calculations, it is reasonable to expect that in a typical construction activities 

scenario these assumptions can hold.  

4.5 Characterization of Computer Vision Algorithms for Construction Object 

Tracking 

As previously mentioned in the blob detection module, the inputs into this module are a 

foreground mask—a binary image with the objects being white and the background being 
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black—a list of new blobs, and the video image itself. Then the ultimate task of this 

module is to determine the current positions of objects detected in the last frame. As this 

process is applied recursively, the entire trajectory of each blob can be established; 

therefore, the temporal behavior of tracked objects can be studied to reveal richer 

information than what can be gained from single video frames.  

 Conceivably, there are a number of ways to determine the current position of 

tracked objects.  Two well-known approaches are Filtering and Data Association and 

Target Representation and Localization. Filtering and Data Association is a top-down 

process that deals with the dynamics of the tracked object, awareness of scene priors, and 

evaluations of different hypotheses. Target Representation and Localization is a bottom-

up process to cope with changes in the appearance of the target (Comaniciu et al. 2000). 

It is not uncommon for these approaches to be combined in a typical visual tracker. In its 

simplest form, Filtering and Data Association in multi-target tracking applications can be 

thought of as associating blobs in the current frame with a set of blobs that have IDs 

determined from the just previous video frame (Figure 4.21). Kalman filters, particle 

filters, and their associated gating techniques in multi-target tracking applications such as 

Nearest Neighbor Filter, Probabilistic Data Association Filter (PDAF), and Joint Data 

Association Filter (JPDAF), all fall into this category. Target Representation and 

Localization represents features of blobs as distributions and localizes the blobs in the 

current frame based on methods such as gradient based localization. A prominent 

example is mean shift based methods.  

 In this particular tracking module, the tracking algorithms are built on top of 

combinations of three popular tracking methods. These methods include Kalman Filter, 

Particle Filter, and Mean Shift, which are all currently the power horses in visual tracking 

applications. There are five variants of methods developed and incorporated in this 

module. They are listed in Table 4.3 with brief description. The algorithms are described 

in detail in Appendix B.  For the sake of readers, the principles of these methods are 
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briefly explained in the following paragraph, and the specific models built on these 

methods are described as well.   

 

Figure 4.20 Blob Tracking Illustrated 

Table 4.3 Blob tracking methods 

 Blob Tracker Name Type Information 

CC Kalman Filter 

CCMSPF Kalman Filter with Mean Shift and Particle Filter for 

Collision Resolver 

MSFG Kalman Filter and Mean Shift with Foreground Mask 

Weighting 

MSFGS Kalman Filter, Mean Shift in Spatial and Scale Space 

MS Kalman Filter and Mean Shift 

MSPF Mean Shift and Particle Filter 

4.5.1 Kalman Filters 

In principle, the estimated current position of a particular blob can be projected forward 

from the position of that blob in the last frame by considering its motion dynamics (i.e., 

its moving direction and moving velocity). Then these projected positions will be 

compared against the positions of the detected blobs in the current frame, whereby most 

of the blobs from two consecutive video frames can be associated with each other by 

minimizing the global distance error between the estimated blobs and true detected blobs.  
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The blobs that cannot be associated will either be blobs exited or blobs just entered. 

Following this step, the motion dynamic of each blob will be updated to incorporate the 

most recent information.  This principle forms the backbone of the Kalman Filter as well 

as the Particle Filter that will both be explained in the next section. 

 In more technical terms,  the basic idea of a Kalman filter is that, under a strong 

but reasonable set of assumptions, it should be possible—given a history of measurement 

of a system—to build a model for the state of the system that maximizes the a posteriori 

probability of those previous measurement. There are three assumptions required in the 

construction of the Kalman filter: (1) the system should be linear; (2), the noise that 

measurements are subject to is “white”, and (3), this noise is also Gaussian in nature. It is 

not within the scope of this research to cover the details of the Kalman filter. For a good 

introduction, see Welsh and Bishop (1995).   

 In this research, a linear motion system which models the movement of detected 

blobs in the video images is defined as the following: 

System state vector: x y w h dx dy  

Where: 

x - x coordinate of the blob center 

y – y coordinate of the blob center 

w – width of the blob 

h – height of the blob 

dx – x velocity of the blob 

dy – y velocity of the blob 

Transitional matrix: 
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F  

1 0 0 0 1 0
0 1 0 0 0 1
0 0 1 0 0 0
0 0 0 1 0 0
0 0 0 0 1 0
0 0 0 0 0 1

                                             (4) 

Measurement matrix:  

H  

1 0 0 0 0 0
0 1 0 0 0 0
0 0 1 0 0 0
0 0 0 1 0 0

                                             (5) 

Measurement vector:  x y w h  

Therefore the whole system can be modeled as: 

x Fx w                                                       (6) 

z Hx v                                                            (7) 

Where w  is the process noise, and v  is the measurement noise.  

4.5.2 Particle Filter Algorithms 

The major limitation of the above system is that it models a single hypothesis and thus 

cannot represent multimodal distributions. A unimodal Gaussian model is assumed to be 

the underlying model of the probability distribution for that hypothesis. Therefore, it is 

not possible to represent multiple hypotheses simultaneously using the Kalman filter. 

This can be problematic in cases such as an object moving behind an occlusion. In this 

case, the object can be continuing at constant speed, or may stop, or reverse direction. 

The Kalman filter cannot represent these multiple possibilities other than by simply 

broadening the uncertainty associated with the distribution of the object’s location. 

Particle filter starts with a set of uniformly distributed samples to represent multiple 

hypotheses. Each of these samples is associated with a weight that determines the 

probability of this particular sample to be drawn from the distribution. These weights will 
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be updated in light of whatever new information (new measurements) has become 

available since the previous update. Because of this bootstrap sampling approach, such a 

set of particles/samples can represent multimodal distributions, yielding better 

performance in modeling complex dynamic systems. In this research, a particle or sample 

is a hypothesis of the position of a blob, and each of these hypotheses has a weight that 

represents its likelihood of being the true position. The number of particles that are used 

in this research ranges from 200-1000, with more particles more computational expense. 

 On the other hand, one of the potential problems with particle filters is that the 

particles can quickly become dispersed, with most of the particles carrying negligible 

weights. Increasing the number of particles can alleviate the problem, but at the expense 

of a high computational cost. A common workaround is to use a mean shift as an 

intermediate step to herd the propagated particles to their nearby maxima followed by a 

reweighting process. This is the essential working principle of the MSPF object tracker 

implemented in this research.   

4.5.3 Mean Shift Algorithms 

Instead of tracking the objects based on their dynamics, another approach would be to 

track the objects based on the distribution of particular features belonging to each object. 

These features could be color, texture, and so on. The mean shift is a robust method of 

finding local extrema in the density distribution of a data set. For a color image, it is 

equivalent to finding the peaks of RGB distribution in local regions. Statistically, it is 

intended to find the mode of distributions in a window that is specified on an image. In 

this sense, the mode-finding algorithm can be used to track moving objects in videos 

(Bradski 1998; Comaniciu 2003). In practice, the initialization of this method requires the 

input of a search window that boxes the object to be tracked. As mentioned previously, 

the input into this tracking module is a set of blobs from the last frame and a binary 

foreground image of the current frame that contains detected objects or blobs. The 

boundaries of blobs from the last frame can be reasonably used as the initial search 
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window. This process can also be further enhanced by incorporating Kalman filters that 

can predict the new positions of these blobs.  

 In most cases, the appearance of each blob is different from any another. So we 

can choose the feature distribution to represent an object (e.g. color + texture), then start 

the mean-shift window operation over the feature distribution generated by the object 

(enclosed in the rectangle), and finally compute the chosen feature distribution over the 

next video frame. More specifically, based on the feature distribution calculated from the 

current specified window location, the mean-shift algorithm can find the new peak or 

mode of the feature distribution, which presumably is centered upon the object that 

produced the color and texture in the first place. This approach can also be easily scaled 

up to accommodate multiple objects. In this way, the mean-shift windows track the 

movement of the objects frame by frame.  

 In this study, the model developed based on the Mean Shift is as follows: the 

target model  from the input window (8-bit color image) is represented as a 3D 

histogram that has 32768 bins (32 bins for R channel * 32 bins for G channel * 32 bins 

for B channel).  

target model: …                 ∑ 1                     (8) 

And the target candidate at the subsequent frame is defined at location y—rows and 

columns in this case— represented as a 3D histogram as well: 

target candidate: y ̂ …                 ∑ ̂ 1                      (9) 

Now the task is to iteratively compute a new location y that would maximize the 

similarity measures between the target model and the target candidate. The similarity 

measures ρ used in the mean shift is a metric based on the Bhattacharyya coefficient that 

is defined as the following equation: 

ρ y  ∑ ̂                                                (10) 
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Now if the assumption that only small changes occur in the location and appearance of 

the target in two consecutive frames holds, and in most cases it does, then gradient based 

algorithms can be used to iteratively compute the new position y that can maximize the 

Bhattacharyya coefficient. Another important aspect of mean shift tracking is the 

introduction of a kernel function that regulates the similarity function. There are a 

number of reasons to use a kernel function. First, a histogram itself only carries spectral 

information and ignores spatial information; hence the similarity function is likely to 

display huge variations for adjacent locations on the image lattice. It is difficult to apply 

gradient-based optimization procedures on such a function. Second, a properly defined 

kernel, such as an isotropic kernel that has a convex and monotonic decreasing kernel 

profile, can reduce the influence of boundary pixels by assigning smaller weights to them, 

therefore making the data more resilient to occlusion and interference from the 

background. As a result of incorporating a kernel to regulate the similarity function, the 

target model and the target candidates can be expressed as: 

target model:  q C ∑ k |x | δ b x u                               (11) 

target candidate:  p y C k
y x

h δ b x u                  12   

where 
∑ | |

 ,  
∑

, and k is the kernel function. 

The similarity function then becomes: 

̂ , ∑ ̂ ∑                    (13) 

Where 

∑                                        (14) 
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By applying the mean shift procedure, the new location can be found according to this 

relation: 

∑

∑
                                                  (15) 

 

Where . 

Commonly used kernel functions include Kernels with a Gaussian profile and 

Kernels with an Epanechnikov profile. In this study, the target or the object in the input 

window is represented by an ellipsoidal region, and an isotropic kernel with an 

Epanechnikov profile (14) is used.  

2 1         1
0                             

                                    (16) 

where  is the unit volume in  dimensions. When the derivative of the profile, , is 

constant, (13) is then reduced to a simple weighted average. 

∑

∑
                                                  (17) 

 At this point, the above description outlines the general procedure of mean shift-

based object tracking. It should be noted that a number of concerns remain regarding the 

performance of such an approach. First, because of the nature of gradient-based 

algorithms, the search for the position of the target model can be trapped into local 

maxima instead of converging to the true maxima of the overall region. A relatively 

accurate initial estimation of the center of the region is of tremendous help in addressing 

this dilemma. Consequently, state space based approaches, such as the Kalman Filter and 

the Particle Filter, are commonly integrated into the mean shift based approach to provide 

such an estimated start point. In this study, they are implemented as an MS blob tracker 
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and an MSPF tracker. Aside from this, the foreground masks that are generated from the 

object detection methods are often used to adjust the weights of the kernel function, 

which can be helpful both to the local maxima problem and to increasing the speed of 

convergence. The MSFG is the blob tracker implemented based this approach. Second, 

when the tracked object changes its size significantly due to moving towards or away 

from cameras, adjusting the scale of the kernel function can be problematic. To address 

this potential problem, an approach based on mean shift blob tracking through scale space 

(Collins 2003) can be used as a remedy. The MSFGS is the implemented tracker based on 

this method in this study. 

4.5.4 Performance Comparison of Object Tracking Methods 

As one of the key elements in this detection and tracking system, the performance of 

these implemented tracking methods is of great significance. It is essential to evaluate the 

performance of these methods to provide a guideline for method selection, particularly 

when considering the number of methods provided in this module. Two video segments 

of construction operations are used as a testing dataset to compare the performances of 

these methods. These videos contain multiple construction workers moving along 

complex paths. More to the point, there are multiple instances of occlusion and path 

collision presenting in the video, which creates significant difficulties for reliable 

tracking.  

For each video, the same object detection model, the construction worker 

detection model in this case, is used to ensure consistency of object detection. It is true 

that these detection models in most cases will not be able to yield 100% accuracy in 

object detection. But as long as the same object detection model is used preceding the 

object tracker, the error in object recognition will not create bias in the comparison 

among different tracking methods. The rest of this section describes the results of the 

performance evaluation of these tracking methods on testing video datasets. 
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Video Dataset I: Heavy Equipment Tracking 

In this sample video, performances of object trackers are evaluated based on their 

capabilities of reliably tracking heavy equipment in a real construction operation. 

Occlusion, view point changes, and path crossings are challenging factors in this video 

(Figure 4.22). The video has a relatively short length of 1 minute and 15 seconds with at 

total of 385 video frames. The resolution of this video is 720x480. 

 

Figure 4.21 Challenges: Cross Path and View Point Change  

  To evaluate the performance of various object trackers, an object detector based 

on a background modeling method (Li et al. 2003) is used prior to starting object tracking. 

More specifically, the blobs detected from the background modeling method are used as 

inputs for object tracking. In other words, each of these tracking methods uses the same 

set of blob inputs. Induced by the challenging factors stated above, the typical tracking 

errors can be classified into the following categories: error type I - miss tracking caused 

by object detection failure; error type II - association error caused by crossing paths and 

occlusion; and error type III – tracking error caused by object reentrance.  The tracking 

errors that are noted in this video sequence are demonstrated in Figure 4.23. 
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Figure 4.22 Tracking Errors: (a) Correct Tracking; (b) Type II Error: Crossing Paths 

The performances of these trackers are summarized in Table 4.4.  It can be noted 

that the Blob Tracker #5 (MSPF) and the Blob Tracker #6 (MSFGS) can address the 

crossing paths problem in this video (Figure 4.24), and these outperform other tracking 

methods.  But, both of them nonetheless exhibited high computational expense: when the 

crossing paths problem happens, the tracking can only run at one frame/per second. This 

cost is related to the search for the best kernel positions through multiple hypothesis and 

multiple scales.   

Table 4.4 Summary of Object Trackers Performance for Video Sequence I 
Blob Tracker Error Type I Error Type II Error Type III 

CC: Connected Component with 
Kalman Filter 0 instances 1 instances 0 instances 

CCMSPF: Connected Component with 
Mean Shift and Particle Filter for 

Collision Resolver 
0 instances 0 instances 0 instances 

MSFG: Mean Shift with Foreground 
Mask 0 instances 1 instances 0 instances 

MS: Mean Shift Only 0 instances 1 instances 0 instances 
MSPF: Mean Shift and Particle Filter 0 instances 0 instances 0 instances 
MSFGS: Mean Shift in Scale Space 0 instances 0 instances 0 instances 
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Figure 4.23 Resolving Crossing Paths 
 

Video Dataset II: Hoisting Crew Tracking 

The length of this video is 5.42 minutes, which indicates that there are 1,625 video 

frames given the assumption there are 5 frames per second. Challenges for object 

tracking in this video include multiple instances of object path crossing, frequent entering 

and exiting objects, object shadows, and occlusions (Figure 4.25). These challenging 

factors create instances of tracking errors as shown in Figure 4.26.  

 

Figure 4.24 Challenges in the Video Set
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The object detector used in this example is the safety vest based detector 

developed in Section 4.3.2. It is chosen because of its relatively low detection error when 

compared with other detectors in this case. The performance of developed object trackers 

on this video is evaluated in terms of the number of tracking errors, and is summarized in 

Table 4.5. Notably, none of these object trackers can achieve 100% tracking accuracy 

given the difficulties encountered. A further examination of the performance summary 

reveals that Mean Shift trackers outperformed other types of trackers with five instances 

of tracking errors in this video. This outcome can be mostly attributed to the distinctive 

appearance of safety vests, a feature on which Mean Shift methods are known to perform 

well. It also should be noted that many of the tracking errors are inherited from the failure 

of the object detectors. Object detectors with higher accuracy will certainly improve 

tracking performance. Finally, the mean shift-based tracker performs better in scenarios 

where those objects to be tracked have unique appearances in terms of texture and color. 

 

Figure 4.25 Tracking Errors: (a) Initial Correct Tracking; (b) Error Type I: Object 
Detection Failure; (c) Error Type II: Cross Path; (d) Error Type III: Object Reentrance 
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Table 4.5 Summary of Object Trackers Performance for Video Sequence II 
Blob Tracker Error Type I Error Type II Error Type III 

CC: Connected Component 
with Kalman Filter 6 instances 3 instances 1 instances 

CCMSPF: Connected 
Component with Mean Shift 

and Particle Filter for Collision 
Resolver 

8 instances 5 instances 1 instances 

MSFG: Mean Shift with 
Foreground Mask 2 instances 0 instances 1 instances 

MS: Mean Shift Only 2 instances 2 instances 1 instances 
MSPF: Mean Shift and Particle 

Filter 5 instances 2 instances 1 instances 

MSFGS: Mean Shift in Scale 
Space 5 instances 5 instances 1 instances 

4.6 Characterization of Computer Vision Algorithms in Motion Analysis 

Motion trajectory records the motion of tracked objects from a holistic point of view. In 

other words, each object is simplified into a point that moves along different paths. For 

certain rigid construction objects such as concrete buckets and hauling trucks, this 

simplification can be acceptable. However, in certain cases, this simplification might be 

not preferable for tracking human motion, particularly for understanding the particular 

actions of construction workers. The algorithms in this module represents an 

experimental module that goes beyond the trajectory analysis discussed thus far to 

provide a method for understanding the production status of construction workers from 

the perspective of action classification. The key focus of the motion analysis is to 

distinguish whether the worker’s action constitutes traveling or doing hands-on actions to 

contribute to the work at the workface. That means that only if a worker is staying within 

the designated workspace and is not static, then the motion analysis model developed in 

this section can be applied. This is reasonable since if a worker is not staying in the 

workspace or is static in the workspace, then he or she is not likely to contribute to the 

work.  

 Research in human motion analysis quickly evolves in the computer vision 

domain as described in a series of comprehensive reviews (Aggarwal et al. 1994; Cedras 
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and Shah 1994; Aggarwal et al. 1995; Aggarwal and Cai 1997; Gavrila 1997; Moselund 

and Granum 2000; Hu et al. 2003; Aggarwal and Park 2004; Moeslund et al. 2006). 

While the automatic capture and analysis of human motion has been a highly active 

research area for decades, there is still no silver bullet prototype of algorithms that can be 

directly applied in different applications. It is widely recognized that inferring the pose 

and motion of humans from images or videos is a hard and often ill-posed problem. 

 If motion analysis is the only concern, there are three types of high-level 

methodologies that can potentially be used (Figure 4.27). In methods I & II, it is intuitive 

to start with the detection of humans in the images, or more precisely, segmenting 

humans from the background scenes. Then, specific types of motion features of detected 

humans will be computed. Lastly, these motion features will be used to classify the 

motions of humans, either motions at a single moment as depicted in an image or motions 

in a period of time as shown in a sequence of images, into different categories. The 

difference between Method I and Method II is that Method I uses a single image to infer 

the motions, while Method II use a sequence of images. Analyzing motions from a single 

image is highly dependent on the accuracy of human detection since it relies on human 

pose analysis. Method III reflects a recent approach for analyzing human motions in 

images. Several studies have argued that segmentation itself is a difficult task that often 

fails the rest of processing steps, and directly analyzing the motions in the image at the 

global level can be a viable alternative. This methodology used in this module is built 

upon this recent action classification approach, which is reported to be generally 

applicable and robust in real world video streams that contain complex human motions. 
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Figure 4.26 Three General Approaches to Analyze Human Motions 

Spatio-Temporal Bag of Features Words for human action classification has been 

widely studied recently (Niebles et al. 2006; Niebles and Fei-Fei 2007; Laptev et al. 2008; 

Liu et al. 2008; Gupta et al. 2008). This method has been developed under the general 

notion that human action in video sequences can be seen as silhouettes of a moving torso 

and protruding limbs undergoing articulated motion and that such silhouettes can be 

described using three-dimensional shapes. Then local descriptors can be used to represent 

the features of these shapes for action classification (Gorelick et al. 2004).  

The algorithms’ development in this module follows the process shown in Figure 

4.28. Before starting the process, a set of labeled action video data needs to be prepared 

as the training data. The training video dataset used in the model development includes 

200 video sequences, with each video sequence being around three to four seconds long 

and running at five frames per second. In other words, each video sequence has around 

15-29 video frames. In each video sequence, such frames show an action evolving over 

the period of three to four seconds. A summary of related information is presented in 

Table 4.6.  

Table 4.6 Description of Video Dataset 
 Action: Walking Action: Direct Work Actions 
Number of Video Sequences 100 100 
Frame Rate 5 frames/per second 5 frames/per second 
Duration 3-4 seconds 3-4 seconds 

Human 
Detection and 

Tracking

Motion 
Feature 

Extraction

Action 
Classification

Still Image Consecutive 
Images

Human 
Detection and 

Tracking

Motion 
Feature 

Extraction

Action 
Classification

Consecutive 
Images

Motion 
Feature 

Extraction

Action 
Classification

Method I Method II Method III
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The learning stage of model development involves feature detection and 

representation, vector quantization for generating a Code Book, and learning action 

models. In the recognition stage, the goal is simply to apply the learned action model to 

classify the new action video. In the rest of this section, each of these steps is described.  

 

Figure 4.27 An Action Model Development Process 

4.6.1 Representing Worker Action as a Spatio-Temporal Bag of Features 

In this study, a Spatio-temporal descriptor based on 3D grids is used to represent the 

features detected in construction actions (Klaser et al. 2008). The features were detected 

using the Histogram of Gradient method (Dalal et al. 2006). The overall computing steps 

involve the following actions:  

(1) Determine local regions using an interest point detector or dense sampling of the 

image plane or video volume 

(2) Use a descriptor to represent the region by a feature vector (Figure 4.29) 

 The support region around a point of interest is divided into a grid of gradient 

orientation histograms (Figure 4.29a) 
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 Each histogram is computed over a grid of mean gradients (Figure 4.29b) 

 Each gradient orientation is quantized using regular polyhedrons (Figure 4.29c) 

 Each mean gradient is computed using integral videos (Figure 4.29d) 

Figure 4.28 Overview of Descriptor Computation (adapted from Klaser et al. 2008) 

By using this method, a large set of features and their associated descriptors can 

be computed to represent the visual content of the whole videos. These features and 

descriptors are analogous to the words in a document. In text mining, Bag-of-Words is a 

known technique for classifying documents based on the particular distribution of words. 

The bag-of-words model is a simplifying assumption used in natural language processing 

and information retrieval. In this model, a text (such as a sentence or a document) is 

represented as an unordered collection of words, disregarding grammar and even word 

order. This analogy opens the door for using Bag-of-Words methods to classify human 

actions in video datasets. The videos herein can be a set of training videos with relatively 

short durations, with each of them representing one type of action. Then each action can 

be modeled by a particular distribution of Spatio-temporal features based on the training 

videos. The developed action models can be applied to new action videos to classify their 

action categories.  

As mentioned previously, an HOG descriptor as shown in Figure 4.29 is adopted 

to compute Spatio-temporal features in a set of video sequences. Each of the HOG 

descriptors essentially consists of high dimensional vectors that record the gradients 
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around a particular interest point. After considerable data preparation efforts in video 

trimming and editing, each of these video sequences represents a known action, and these 

video sequences are derived from several real construction videos. Figure 4.30 shows the 

features (yellow circles) computed on the video frames in these video sequences using 

the program developed by Laptev et al. (2008). These features are essentially local 

interest points on the three-dimensional motion shapes, and each of the features is 

represented through a 72-dimension vector.  

Figure 4.29 Spatio-temporal Motion Features  

The number of features produced in each video sequence depends on many 

factors, such as the resolution and action type. It was observed that the number of 

features detected in each video sequence in this study has the range of 200~5000, with 

the mean at 2000. Therefore, the total number of features described by the HOG 

descriptor for the 200 video sequences herein can reach 400,000. This leads to another 

important step before these features can be effectively used for action classification. That 

step is Code Book Formation, which is described in the next section. 

4.6.2 Codebook Formation 

Considering that there are tens of thousands of features that can be computed for each 

category of actions, it becomes fairly difficult to discover a set of common features to one 

particular type of action. In practice, these large quantities of features are usually 

clustered into several hundred to thousands of clusters. In many recent studies, K-Means 

based clustering algorithms have been used for this purpose. Then the center of each of 

these clusters (which also have 72 dimensions) will be used to represent a set of features 

that belong to this cluster. In this way, a compact representation of the features can be 
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formed. This process is often referred to as vector quantization. At this point, these 

centers of clusters represent the video words in a code book, and particular combinations 

of them are used to represent different categories of actions. An intuitive way to 

understand this process is through an analogy: the code book can be viewed as a 

dictionary, and the centers of the clusters are the entries in the dictionary. Video 

sequences for different actions have these entry words showing at different frequencies. 

Each of the video sequences can be represented as a bag of video words. A particular 

distribution of entry words for each action category can be learned from a training dataset.  

4.6.3 Motion Models 

To derive a motion model for an action, two generative methods, including probabilistic 

Latent Semantic Analysis (pLSA) and Naïve Bayesian Classifier, are investigated in this 

study.  Other methods include discriminative methods based on support vector machine 

(SVM) and kernel based methods (Grauman and Darrell 2005; Grauman 2007) 

Models based on probabilistic Latent Semantic Analysis 

The pLSA model is one type of hierarchical Bayesian Text model that is often used in 

document classification. It has recently been widely used in object categorization 

(Hoffman 2001, Blei, Ng & Jordan, 2004), background recognition (Sivic et al. 2005, 

Sudderth et al. 2005, and natural scene categorization (Fei-Fei et al. 2005). In this context 

of video modeling, the pLSA graphical model can be described as it is in Figure 4.31, 

according to the convention introduced in two recent studies (Hofmann 1999; Sivic et al. 

2005).  
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Figure 4.30 pLSA Graphical Model for Worker Action Classification 

In Figure 4.31, W represents a set of video words, d represents a video sequence, and Z 

represents a latent topic associated with each occurrence of a video word in video d. Each 

topic corresponds to a motion category. The shaded node in the figure can be observed, 

while the unshaded ones cannot. Suppose there are N video sequences containing video 

words from a vocabulary size M (i = 1,…M), then the corpus of videos can be 

summarized in an M by N co-occurrence table, where each element of the table stores the 

number of occurrences of a particular word in a particular video sequence. The essential 

mathematic form of the graphic model in Figure 4.43 is: 

P d , w P d P w |d                                             (18) 

This form can be further expanded into the following formula based on the assumption of 

the observation pair d , w  being generated independently.  

P w d  ∑ P z d P w |zK                                    (19)  

Where P z d  is the probability of topic zk occurring in video dj , and P w |z  is the 

probability of video word wi occurring in a particular action category zk. K is the total 

number of latent topics, which correspond to the number of action categories. In essences, 

this method is to model each video as a mixture of action categories. To determine the 

model that gives a high probability to the video words in the corpus of the video, an 



103 
 

Expectation Maximization algorithm is used to obtain a maximum likelihood estimation 

of the parameters.  

 With the action category specific video word distributions from a training dataset, 

the next goal is to classify a new video sequence. This new task can be achieved by 

projecting the unseen video on the simplex spanned by the learned P w|z  and finding 

the mixing coefficients P w|d  such that the KL divergence between the measured 

distribution and P w|d  is minimized (Hofmann 1999; Sivic et al. 2005).  Therefore, 

the maximum posteriors P z |w , d  can be computed to determine which topic has the 

largest posterior probability.  

Models Based on the Naïve Bayesian Model 

Compared to the pLSA model, the Naïve Bayesian Classifier based model is relatively 

simple. It is based on the principle shown in Figure 4.32. Given a table of co-occurrences 

of video words in different action categories, the process shown in Figure 4.32 essentially, 

for a new video, computes the associated probability of generating a particular video 

word that appears in the new video in each of the action categories, and for each action 

category, a joint probability can be calculated to determine which action category is most 

probable.  

 

 

Figure 4.31 The Naive Bayesian Model 
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4.6.4 Testing Results and Discussion 

This section presents and discusses the results of action classification based on the pLSA 

and Naïve Bayesian models. There are a total of 200 video sequences in the dataset, with 

100 sequences for each action.  For both models, there are primarily two factors that can 

be adjusted. They are the ratio of test data vs. training data and the number of codewords 

to be clustered into and used for model training. For the first factor, the video sequences 

are randomly divided into training data and testing data according to such a predefined 

test as opposed to a training ratio.  

pLSA Model 

The primary output of a pLSA model is the plot of learned P w|z  and P d|z . P w|z  

shows the distribution of codewords pertaining to each topic. In this particular example of 

action classification, it can used to determine the probability for an action type to 

generate each particular video word. For example, figure 4.33 (a) shows the probabilities 

for action 1—walking as well as action 2—direct work activity in order to generate each 

of the five hundred codewords. The shaded bar on the right shows the scale of probability 

value. The brighter the bar, the higher is the probability.  P d|z  shows the probability of 

each video sequence (labeled as “image” in the plot) belonging to each action type. 

Figure 4.33 (b) plots the probability of being action type I or II for 100 training video 

sequences. The ground truth is that the first 50 of 100 training video sequences are 

examples of one action type, and the other half belongs to another action type. Therefore, 

ideally, a plot like the one shown in Figure 4.34 is the best case.  

 These learned models can be evaluated on their performance on the training 

dataset and testing dataset. The performance is plotted in the form of an ROC Curve 

(Receiver Operating Curve) and RPC Curve (Recall Precision Curve). The ROC curve 

plots the percentage of true positives against the percentage of false positives. A model 

that has high true positive rates and low false positive ones is highly favored. The RPC 

curve plots precision against recall. Precision determines the fraction of records that 

actually turns out to be positive in the group the classifier has declared as a positive class. 
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The higher the precision is, the lower the number of false positive errors made by the 

classifier. Recall measures the fraction of positive examples correctly predicted by the 

classifier. Classifiers with large recall have very few positive examples misclassified as 

the negative class 

(a) (b) 

Figure 4.32 Learned pLSA Model (Ratio-50:50, Codeword-500): (a) P(w|z); (b) P(d|z) 

 

 

Figure 4.33 The Best Case of P(d|z) 

 For the example case shown in Figure 4.33, the trained model’s performance is 

plotted in Figure 4.35. It can be noted that the model’s performance is not sufficiently 

good for the purpose of action classification.  
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Figure 4.34 pLSA Model Performance (Ratio-50:50, Codeword-500): (a) ROC Curve; (b) RPC 

Curve 
Note: Red-Training data performance; Green-Testing data performance 

Different training to testing data ratios as well as different numbers of codewords have 

been investigated to evaluate their impacts on the model’s performance. Figures 4.36 

through 4.37 show the plots of the results. 

In principle, a classifier that has both high recall and precision is desired. It can be noted 

that the precision and recall of developed pLSA models can both be maximized at 60%. 

Such a level of performance is low.    
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(a) (b) 

(c) (d) 

Figure 4.35 Learned pLSA Model (Ratio-90:10, Codeword-1000): (a) P(w|z); (b) P(d|z);(c) ROC 
Curve; (d) RPC Curve 

Note: Red-Training data performance; Green-Testing data performance 
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Naïve Bayesian Model Results 

The training of a Naïve Bayesian model has a simpler process than that of a pLSA model. 

The performances of a variety of Bayesian Models trained under different training vs. 

testing ratios (90:10, 50:50) and number of codewords (1000, 600, 400) are plotted in 

Figures 4.38 through 4.41. Particularly in Figure 4.40, it can be noticed that the trained 

model not only has great performance on the training dataset, but also can maximize the 

 (a) (b) 

(c) (d) 

Figure 4.36 Learned pLSA Model (Ratio-80:20, Codeword-3000): (a) P(w|z); (b) P(d|z);(c) 
ROC Curve; (d) RPC Curve 

Note: Red-Training data performance; Green-Testing data performance 
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recall and precision at a rate of nearly 90% while maintaining the false positive rate at the 

level of 30% on the testing dataset. It is worthy to note again here that the test and 

training dataset are generated randomly from the 200 video sequences. Overall, the 

performances of these models are better than that of the developed pLSA models.  

(a)  (b) 

Figure 4.37 Performance of Learned Naive Bayesian Model (Ratio-90:10; Codewords-

1000): (a) ROC (b) RPC 

(a)  (b) 

Figure 4.38 Performance of Learned Naive Bayesian Model (Ratio-90:10; Codewords-

600): (a) ROC (b) RPC 



110 
 

(a)  (b) 

Figure 4.39 Performance of Learned Naive Bayesian Model (Ratio-90:10; Codewords-

400): (a) ROC (b) RPC 

 

(a) (b) 

Figure 4.40 Performance of Learned Naive Bayesian Model (Ratio-50:50; Codewords-

400): (a) ROC (b) RPC 
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Discussion 

Action classification from video sequences is a challenging problem. This problem is 

further complicated in a construction environment due to the fact that most of the actions 

performed by workers tend to be have little structure and cannot be fully captured 

because of the prevalence of occlusions. Building a representative set of video sequences 

for action model training is difficult too because of the variety of actions. This can be 

noted from the fact that the number of local features in each of the video sequences used 

for training can vary significantly from another. And strikingly, despite the reported 

better performance of pLSA models than Naïve Bayesian models in local feature based 

action classification, it is found in the study that the Naïve Bayesian model actually 

performs better.  It should also be noted that the application of action classification 

models for construction activity monitoring is still in its infancy. The reported study in 

this section is rather preliminary. It should be viewed as an exploratory effort in 

investigating the potential of spatio-temporal words-based action models for construction 

worker action classification. Future investigations can involve the investigation of 

discriminative methods based classifiers (kernel based methods, support vector machine) 

and the effort to build a larger, more complete, and more homogeneous (in terms of 

resolution, length, and pixel size of human images) video dataset.  

4.7 Algorithm Integration 

The implementation and characterization of computer vision algorithms in the above 

sections forms the basis for incorporating these algorithms into the software framework 

that was developed in Chapter 3. These algorithms form a video processing pipeline that 

processes video streams into object information. To integrate these algorithms into the 

existing program, a graphic interface that allows users to assemble the processing 

pipeline by selecting appropriate computer vision algorithms was created and embedded 

into the Construction Video Analyzer (Figure 4.42). This interface constitutes the 

computing engine for the Construction Video Analyzer.  
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Figure 4.41 The Graphic Interface for the Video Processing Pipeline 

4.8 Conclusion 

In this chapter, I developed and implemented a variety of computer vision algorithms for 

construction object recognition, tracking, and motion analysis. Table 4.7 summarizes the 

computer vision algorithms that were investigated in this chapter for different purposes.  

The conclusions based on the characterization of the performance of these 

algorithms in construction environments are listed as the following: 

(1)  In construction environments, object color, if the object of interest has distinctive 

color, remains to be the most reliable visual cue for object recognition.  

(2) When large numbers of photos about the object of interest are available, the object 

recognition method based on the cascade of simple Haar features is reliable and fast.  
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(3) Among the background subtraction methods that were investigated, the Gaussian 

Mixture based method suffers from high false positive rate. This is largely due to the fact 

that sudden changes, which the Gaussian Mixture method is designed for, are frequent in 

construction environments. 

(4) For object tracking in construction environments, the mean shift methods, particularly 

the mean shift and foreground mask based method, outperform other methods such as 

Kalman filters and particle filters. 

(5) Combinations of mean shift methods with Kalman filters and particle filters are 

highly recommended, since this kind of combinations exacts the best innate 

characteristics from each method. 

(6) Motion analysis or action classification in construction environments are extremely 

challenging. Representing motion as a bag of spatial-temporal features seems promising 

from the preliminary investigation presented in this chapter. But, to achieve reliable 

performance, a large volume of high-quality video dataset, which include more action 

classes, needs to be collected.  

Table 4.7 The Investigated Computer Vision Algorithms 
 Object Recognition Object Tracking Motion Analysis 

1 Gaussian Mixture based 
background subtraction 

Connected Component 
with Kalman Filter 

Action classification 
based on a bag of spatial-
temporal motion features 

(pLSA model) 

2 Bayesian Model based 
background subtraction 

Connected Component 
with Mean Shift and 

Particle Filter for Collision 
Resolver 

Action classification 
based on a bag of spatial-
temporal motion features 
(Naïve Bayesian model) 

3 Code Book based background 
subtraction 

Mean Shift with 
Foreground Mask  

4 Color-based object recognition Mean Shift Only  

5 
Object recognition based on 
the cascade of simple Haar 

features 

Mean Shift and Particle 
Filter  

6 Motion segmentation Mean Shift in Scale Space  
 



114 
 

CHAPTER 5 RESULTS AND VALIDATION 

5.1 Overview 

This chapter describes specific examples of construction video interpretation for 

productivity analysis. The developed video interpretation methodology in Chapter 3 is 

used to automate the video interpretation process with the assistance of the detection, 

tracking, and motion analysis algorithms developed in Chapter 4. The purpose of these 

example analyses is to demonstrate the applicability of the developed methodology in 

different real construction operations as well as to assess their performance based on the 

accuracy and speed of productivity information extraction.  

 There are basically two types of operations to be analyzed in this chapter. The 

first type of operations is those that are repetitive and have relatively clear structures. The 

second type of operations is those that do not have clear repetitive structures. The first 

type of operations analyzed includes earthmoving, slab pours, and column pours. The 

second type of operations includes hoisting, scaffolding installation, and waterproofing. 

For the first type of operations, the inherently strong internal structure of the operations 

offers a powerful logic for analyzing the workflow. The analysis of this type of 

operations is focused on assessing the time spent in different states that can be defined 

according to construction methods. For the second type of operations, the focus is placed 

on determining labor input at the workface and the percentage of craft time or equipment 

time that is spent in different working states, but the focus is not on the work sequence 

because these operations have a fairly random structure. Discussions of the performance 

and limitations of the proposed methodology for these videos are provided at the end of 

this chapter. 

5.2 Analysis of Repetitive Construction Operations 

To validate the proposed video interpretation methodology and demonstrate how to apply 

it to specific repetitive construction operations, this section describes the analysis process 

of three repetitive construction operations, and presents interpretation results.  
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5.2.1 An Earthmoving Operation 

Operation Description 

The operation to be analyzed is an earthmoving task performed by a bobcat loader. The 

bobcat loader digs at the workface, transports the soil, and dumps the soil at the 

designated location (Figure 5.1). So, this is a very typical repetitive operation. The 

purpose of video interpretation is to automatically monitor the bobcat’s time utilization, 

production cycle, and abnormal production scenarios. Table 5.1 summarizes information 

pertaining to this recorded video.  

 

Figure 5.1 Earthmoving Using Bobcat Loader

Table 5.1 Technical Information of the Slab Pour Video 
Compression Format MPEG-4 
Length 12 Minutes 
Resolution 480x720 
Frame Rate 5 frames/per second 
Total Frames 3600 frames 

 

Context Setup 

It is important to emphasize here that there are two operation specific input steps that are 

required to initiate the computing-based video interpretation process (Figure 5.2). These 

steps are explained in great detail as follows. 
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Figure 5.2 An Illustration of Interpretation Steps 

Step 1: Determination of Critical Construction Resources 

The application of the proposed model to this operation starts with the determination of 

the production units and the method’s leading resources (Figure 5.2). According to the 

method productivity delay model, the production unit of this operation can be identified 

to be the bobcat loader. It is also the method’s leading resource. Both of the above facts 

pointed the detection, tracking, and motion analysis system to focus on the bobcat loader.  

Step 2: Video Context Setup 

The process of this earthmoving operation can be modeled using a number of steps. 

These steps include dig at the workface, transport, dump, and travel back. This process 

model is the most important representation of knowledge in this application. It provides 

three types of context that are of great importance in driving the reasoning steps (Figure 

5.3). First, every state in the process model stands for a type of working status, 

determining the categories of the working states that need to be classified in video 

processing (semantic context). Second, the location description in the process model can 
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be used to divide the image scene into various work zones through image surface 

marking (spatial context), each of them corresponding to a unique working state. 

Therefore, in most cases, the classification of work states can be greatly simplified to 

detect the presence of objects in various work zones. In addition, the sequence of 

operations as defined in the earthmoving process model determined the scheme of state 

transition (temporal context), constituting the temporal context for detecting any 

sequence violation, which is typically a sign of off-track operation. Finally, each of those 

working states can be assigned within a time constraint that is simply the maximum 

amount of time allowed to be spent within that specific state during each cycle. Whether 

the time spent in a working state is beyond the time constraint of that specific state is a 

powerful intuitive measuring device in determining whether abnormality exists.   

 

Figure 5.3 Context of the Earthmoving Operation

 

User Driven Video Analysis Steps in the Software 
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To set up the analysis using the developed software, a number of steps are required to 

initiate the analysis. Such initialization efforts are of necessity for ensuring no human 

intervention is needed during the video running time. These steps include: 

(1) Build or load operation process models (Figure 5.4a) 

(2) Specify sequence and time constraints on each working state in the operation 

(Figure 5.4b) 

(3) Map spatial location of working state to zones on video scene by user markup 

(Figure 5.4c) 

(4) Choose object recognition and tracking methods (Figure 5.4d) 

As a result, the final process model of this operation takes the form shown in Figure 

5.5. The flag in Figure 5.5 indicates that the state transition from <<Travel Back>> to 

<<Dig at workface>> signals a new production cycle. In addition, the constraints that are 

applied to each of these working states are shown in Table 5.1. 

 

Figure 5.4 The Final Process Model for the Earthmoving Operation 

 

Table 5.2 Time Constraints of Concrete Column Pour Process 
 Transport Dig at workface Dump Travel Back 

Time 
Constrain 2 minutes 5 minutes 2 minutes 2 minutes 

 

The method for state classification in this case is position and trajectory based 

classification. After the recognition and tracking methods are selected as shown in Figure 

5.4d, the computing schema in this case is defined as in Figure 5.6.
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(a) (b) 

(c) (d) 

Figure 5.5 User Driven Video Analysis Steps for the Earthmoving Operation 
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Figure 5.6 Computing Schema for the Earthmoving Operation 

Recognition and Tracking of Production Unit/Method Leading Resources 

As there is only one object to be tracked in this case, the recognition problem becomes 

predominantly important. But, a reliable and accurate recognition system in this case can 

make the tracking become a trivial problem. Many of the background/foreground 

detection methods in the developed detection, tracking, and motion analysis system can 

be used in this case for recognizing and tracking the bobcat, be they the complex 

background modeling methods, the Gaussian Mixture Modeling method, or the 

Codebook method. For example, Figure 5.7 shows a sequence of images with a bobcat 

being detected and marked using complex background modeling methods.  

State Classification 

The useful information generated from detection and tracking for state classification 

includes position and trajectory data. In the four working states entered as prior 

knowledge, two of the states, including “dig at the workface” and “dump” can be 

classified solely based on position data since they are carried out in different locations. In 

contrast, the states of “travel back” and” transports” need further examination based on 
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the bobcat’s trajectory data because they share the same workspace. The pattern of 

trajectory data is a useful indicator of the true states of operation when the bobcat is 

detected within the shared workspace.  

 
Figure 5.7 Bobcat Tracking Sequences

Interpretation Results 

To evaluate the performance of such a method under this application, a number of 

metrics were used: (1), the accuracy of determining production cycles; (2), the accuracy 

of detecting defined abnormalities; (3), the accuracy of determining time utilization of 

each working state in operation; and (4), the time of interpretation. The video was also 

manually analyzed into productivity information of interest to provide a baseline for 

comparison. This baseline also refers to as the ground truth.  

For this four-state operation, the video can be automatically interpreted to 

conform to the desired productivity information (Figure 5.8). Table 5.2 summarizes the 

quantitative details behind this figure. It can be noted that the operation recorded has 

three cycles, and the proposed methodology with the developed software tool provided 

reasonably accurate estimations of time utilizations in different working states. The 
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overall accuracy in terms of time utilization in different states is 90.6%. The sequence of 

the operation is also interpreted correctly as shown in Figure 5.9. There were no 

abnormal scenarios detected in this video, which is in line with what the ground truth tells. 

Furthermore, the video was processed without any frame drop and delay. Therefore, the 

software tool can potentially interpret live video streams that have a similar frame rate as 

this video into near real-time productivity information.  

 

Figure 5.8 Earthmoving Operation Video Interpretation Results 

 

Table 5.3 Quantitative Summary of Earthmoving Operation 

 
Cycle 1 

(minutes) 

State 
Time 

Accuracy 
Cycle 2 

(minutes) 

State 
Time 

Accuracy 
Cycle 3 

(minutes) 

State 
Time 

Accuracy 
 G P  G P  G P  

Dig at Workface 4.40 4.55 96.7% 2.40 2.23 92.9% 2.35 2.48 94.8% 

Transport 0.10 0.0667 66.7% 0.10 0.083 83% 0.11 0.083 75.5% 

Dump 0.08 0.0833 96.4% 0.082 0.083 98.8% 0.084 0.083 98.8% 

Travel Back 0.6 0.567 94.5% 0.7 0.667 95.3% 0.62 0.583 94% 

Overall Accuracy 90.6% 
Note: 1. G—Ground Truth, P—Processing Result  
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Figure 5.9 A Graphic Illustration of Interpretation Results of the Earthmoving Operation 
Note: 1. G—Ground Truth, P—Processing Result  

5.2.2 A Slab Pour Operation using Crane Bucket Method 

Operation Description 

In the operation recorded in the video, several construction workers were using the crane 

bucket method to pour a concrete slab. The operation involves refilling the bucket on the 

ground, lifting the bucket to the top floor, pouring concrete mix into the formwork, and 

swinging the bucket back down to the ground for a refill. These steps describe a complete 

production cycle. Table 5.4 summarizes the technical information of the video to be 

analyzed.  

Table 5.4 Technical Information of the Slab Pour Video 
Compression Format MPEG-4 
Length 27 Minutes 45 Seconds 
Resolution 480x720 
Frame Rate 5 frames/per second 
Total Frames 8325 frames 

0

1

2

3

4

5

6

Cycle 1‐G Cycle 1‐P Cycle 2‐G Cycle 2‐P Cycle 3‐G Cycle 3‐P

Time (Minutes)

Travel Back

Dump

Transport

Dig at Workface



124 
 

Context Setup 

Step 1: Determination of Critical Construction Resources 

In this case, it is straightforward that a bucket load of concrete is the production unit, and 

the concrete bucket is also the leading method resource in this application, indicating that 

delays associated with it needs to be monitored. In other words, a visual recognition 

model for concrete buckets is needed. The importance of such a model is straightforward, 

but the process of building such a model that is robust or invariant to view-point changes, 

scale changes, partial occlusion, and illumination differences is quite complex.  

Step 2: Video Context Setup 

The process of this slob pour operation consists of a number of steps. These steps include 

loading the bucket, bucket ready, pouring the concrete, and bucket departure. A process 

model is developed to represent these steps in a concise way (Figure 5.9). Similar to the 

first operation analyzed, these steps or states now become the states to be classified in the 

video. Strong spatial indications exist in these states. The links between the states are the 

temporal sequences of this operation. Such links along with time constraints imposed on 

each of these states constitute the temporal context. 

 

Figure 5.10 Context of the Slab Pour Operation 
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User Driven Video Analysis Steps in the Software 

To explicitly represent the context defined above and integrate it with the computing 

process, the developed software tool provides the necessary functionalities to input user 

knowledge. In this operation, these include the following: (1), build or load operation 

process models (Figure 5.10a); (2), specify sequence and time constraints on each 

working state in the operation (Figure 5.10b); (3), map spatial location of working states 

to zones on the video scene by user markup (Figure 5.10c); and (4), choose Object 

Recognition and Tracking Methods (Figure 5.10d). The resulting process model and 

computing schema from these input steps is shown in Figures 5.11 and 5.12.  

 

Figure 5.11 The Final Process Model for the Slab Pour Operation 

Figure 5.12 Computing Schema for the Slab Pour Operation  
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(a) (b) 

(c)  (d) 

Figure 5.13 User Driven Video Analysis Steps for the Slab Pour Operation 
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Recognition and Tracking of Production Unit/Method Leading Resources 

It is determined from the Productivity Method Delay Model that the object to be tracked 

is the concrete bucket. Because this tracking only involves the recognition and tracking of 

a single object, the tracking problem becomes trivial as long as the object can be reliably 

recognized. To recognize a concrete bucket, a Haar-Feature based cascaded classifier for 

concrete buckets is used. The development of such a classifier is explained in great detail 

in Chapter 4.3.3. Overall, the recognition accuracy of this classifier is around 85%-89%, 

and the classifier runs with a speed approaching 50 milliseconds per frame (480x720 

resolution). Figure 5.14 shows some sample frames within which the bucket was detected. 

 

  

  

Figure 5.14 Sample Detection of Concrete Bucket in Slab Pour Operation 
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State Classification 

In the analysis of this operation, the positions of the concrete bucket play a central role in 

determining the state of operations. As the production unit as well as the method’s 

leading resource, the concrete bucket almost dictates the state of the operation. It is 

important to recognize that some of states might share the same location in the video 

scene.  For example, “bucket depart” and “bucket ready” share the same location. The 

key to distinguishing these two states is the motion pattern of the concrete bucket, which 

can be inferred from the trajectory of the bucket. In other words, “bucket depart” exhibits 

a trajectory of leaving the scene; while “bucket ready” does not. It also can be noticed 

that the state of “load bucket” cannot, in fact, be observed in the video scene. To remedy 

this potential break point and ensure a closed state loop, a concept of a “default state” is 

introduced. When the object to be tracked cannot be observed from the video for certain 

frames, the state of the operation will be classified to the defined default state. This 

classification allows a closed-loop computation to be achieved.  

 In addition to the possible ambiguity discussed above, the detection rate of the 

buckets is another concern. Given that the detection rate of the bucket model in this 

application was around 85%, it is reasonable to expect that some part of the video frames 

in which the bucket was reported present would be mistakenly classified as a bucket no 

show, resulting in state classification errors. Considering the fact that the objects 

appearing in one frame in most cases will not suddenly disappear from the next frame, a 

more reasonable approach is to determine the working states based on N of consecutive 

frames (Figure 5.15). This was accomplished through a number of steps. First, in each of 

these N consecutive frames, the bucket detection was performed and the operation state 

was classified accordingly at each frame. Then the most frequent state in these N frames 

is the true state for the N frames. The choices of N are dependent on the video processing 

speed. In this application, the developed computer vision algorithms within the software 

were able to process twenty frames per second. N is given the value of 40, meaning it 

updates the working status of operation every two seconds.  
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Figure 5.15 Frame Group based Classification Schema 

Interpretation Results 

The interpretation result of this operation is summarized in Figure 5.16 and Table 5.5. 

The video was also manually analyzed to extract information related to productivity. The 

information includes time utilization in different working states, sequence of operations, 

and abnormal production scenarios. Such information is regarded as the ground truth. 

According to the ground truth, there are 6 cycles of concrete pouring in the video. The 

time durations of these cycles vary to a certain degree. But, overall, there were no signs 

of sequence violations in these cycles. In several cycles, the time utilization in some 

particular states has been higher than the threshold set in the context setup stage. When 

these facts from the ground truth are compared with the interpretation results from the 

developed software tool, it becomes clear that the interpretation results are fairly accurate. 

More specifically, the overall accuracy in interpreting time utilization is 86%; the 

construction sequences and abnormal scenarios are also completely identified by the 

proposed methodology. The interpretation runs at 5 frames per second without any delay. 

Moreover, this instantaneous performance can be potentially achieved on videos that run 

up to 20 frames per second since processing each of the video frames takes only 

approximately 50 milli-seconds.  
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Figure 5.16 A Graphic Illustration of Interpretation Results of the Slab Pour Operation 
Note: 1. G—Ground Truth, P—Processing Result  

 

It is safe to conclude that the information computed using the proposed 

methodology is comprehensive, offering great insights into the process of cyclic 

construction operations. The software tool developed on the proposed methodology 

requires minimum manual effort, and relieves users from the tedious manual reviewing 

processes.  
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Table 5.5 Quantitative Summary of Video Interpretation for Column Concreting 

 
Cycle 1 

(minutes) 

State 
Time 

Accuracy 
Cycle 2 

(minutes) 

State 
Time 

Accuracy 
Cycle 3 

(minutes) 

State 
Time 

Accuracy 
 G P  G P  G P  

Load Bucket 1.95 1.95 100% 3.75 3.9 96% 3.58 3.63 98.6% 

Bucket Ready 0.12 0.167 72% 0.20 0.28 71% 0.44 0.42 95.5% 

Pour Concrete 0.56 0.5 89% 0.45 0.4 89% 0.65 0.58 89% 

Bucket Depart 0.09 0.063 70% 0.05 0.037 74% 0.12 0.157 76.4% 
Cycle Length 
Accuracy 98.5% 96.4% 99.9% 

 
Cycle 4 

(minutes) 

State 
Time 

Accuracy 
Cycle 5 

(minutes) 

State 
Time 

Accuracy 
Cycle 6 

(minutes) 

State 
Time 

Accuracy 
 G P  G P  G P  

Load Bucket 4.42 4.5 98% 3.6 3.63 99.2% 5.05* 5.22* 96.7% 

Bucket Ready 0.21 0.25 84% 0.25 0.32 78% 0.18 0.23 78.3% 

Pour Concrete 0.43 0.38 95% 0.3 0.23 76.7% 0.62 0.55 88.7% 

Bucket Depart 0.09 0.07 0.78 0.067 0.077 87% 0.083 0.07 84.33% 
Cycle Length 
Accuracy 99% 99% 97.7% 

Overall Accuracy 86% 
Note: 1. G—Ground Truth, P—Processing Result  

          2. *—Longer than planned durations 

5.2.3 A Column Pour Operation using the Crane Bucket Method 

Operation Description 

The last cyclic operation to be analyzed is a concrete column pour operation (Figure 

5.17). In fact, this operation has been used previously as an example to demonstrate the 

concept of video context in Chapter 3. The video used in this study was recorded on a 

stadium construction jobsite. It lasts around one hour and ten minutes. The operation 

involves a crew of workers pouring a number of concrete columns using the crane-bucket 

method. In this method, the bucket is loaded from concrete trucks on the ground. Then, it 

is swung to the floor where the columns need to be poured. This video was used as the 

data stream that is to be analyzed using the proposed method. Table 5.6 is a 

summarization of the technical information about the video.  
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Figure 5.17 Column Concreting Operation 

Table 5.6 Technical Information of the Slab Pour Video 
Compression Format MPEG-4 
Length 70 Minutes 
Resolution 480x720 
Frame Rate 5 frames/per second 
Total Frames 21000 frames 

 

 

Context Setup 

Step 1: Determination of Critical Construction Resources 

The critical resource in this operation is similar to the resources in the slab pour operation 

analyzed in the last section. Specifically, a bucket load of concrete is the production unit, 

and the concrete bucket is also the leading method resource in this application.  

Step 2: Video Context Setup 

The column pour process model is the most important representation of knowledge in this 

application. It provides three types of context that are of great importance in driving the 

reasoning steps (Figure 5.18). First, every state in the column pour process stands for a 

type of working status, determining the categories of the working states that need to be 

classified in the video processing (semantic context). Second, the location description in 

the column pour process can be used to divide the image scene into various work zones 
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through image surface marking (spatial context), each of these zones corresponding to a 

unique working state. Therefore, in most cases, the classification of work states can be 

greatly simplified to detect the presence of objects in various work zones. For example, if 

the concrete bucket is detected within the ready and waiting zone as shown in Figure 5.18, 

the operation state can then be determined to be “bucket ready” in the operation process. 

In addition, the sequence of operations as defined in the column pour process determined 

the scheme of state transition (temporal context), constituting the temporal context for 

detecting any sequence violation that is typically a sign of an off-track operation. Finally, 

each of those working states can be assigned within a time constraint that is simply the 

maximum amount of time allowed to be spent within that specific state during each cycle.  

Whether the time spent in a working state is beyond the time constraint of that specific 

state is a powerful intuitive measure in determining whether abnormality exists.  

There are strong spatial and temporal contexts associated with these steps since 

they happen in different locations and in a sequence. Then establishing the connection of 

these spatial contexts with different zones in the video scenes enables context-aware 

video computing. Such a connection is established as shown in Figure 5.18. This 

connection also can be thought of as a channel for the introduction of temporal and 

semantic context to the computing process. Beyond the sequence constraints, time 

constraints for the different states are also specified in Figure 5.18. These time constraints 

are means for determining whether excessive time is spent in certain states. 

User Driven Video Analysis Steps in the Software 

To initiate the analysis using the developed software, a number of steps are required. 

Such initialization efforts are of necessity for ensuring that no human intervention is 

needed during video running time. These steps include: 

(1) Build or load operation process models (Figure 5.19a) 

(2) Specify sequence and time constraint on each working state in the operation 

(Figure 5.19b) 
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(3) Map spatial location of working state to zones on video scene by user markup 

(Figure 5.19c) 

(4)  Choose object recognition and tracking methods (Figure 5.19d)  

 

 The operation process model built for this column pour operation is slightly 

different from the model that was used for demonstration in Chapter 3. Noticeably, the 

<<pour 2 cubic concrete>> working state is deconstructed into two separate states: 

<<pour column 1>> and <<pour column 2>> which can yield more detailed productivity 

information. Obviously, the process model used here is more complete and accurate yet 

more complex  in terms of describing how the operation is expected to be carried out. 

Generally as a rule of thumb, the more complete and detailed the prior knowledge the 

process model supplies, the more accurate the productivity information the framework 

can extract. 

As a result, the final process model of the column pour operation takes the form 

shown in Figure 5.20 with the constraints set as in Table 5.7. The computing schema 

resulting from the selection of recognition and tracking methods for this operation shares 

the same structure with the schema used in the last operation (Figure 5.13). 
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(a)  (b) 

 (c)  (d) 

Figure 5.18 User Driven Video Analysis Steps for the Column Pour Operation 
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Figure 5.19 The Final Process Model for the Column Pour Operation 

Table 5.7 Time Constraints of the Concrete Column Pour Process 

 
Bucket 

Ready 
Pour Column1 Pour Column2 Load Bucket Bucket Departing 

Time 

Constrain 
5 minutes 4 minutes 4 minutes 8 minutes 0.5 minutes 

 

Recognition and Tracking of Production Unit/Method Leading Resources 

The same recognition model used in the analysis of the slab pour operation is adopted in 

this analysis. Even though videos of these operations are taken from two different 

construction sites, the concrete buckets used in the concreting operations on these two 

sites are similar in shape. The developed bucket model is robust enough to be used on 

different sites. The recognition accuracy in this operation is also consistently around 85-

89%.  Figure 5.21 shows example detections (in rectangles) in the video analysis process.  
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Figure 5.20 Sample Detections of Concrete Bucket  in the Column Pour Operation

State Classification 

In this case study, the operation was divided into six working states according to the 

concrete column pour process model. Among these, five working states, except “Load 

Ready” can be directly or indirectly observed from the video. Most of the working state 

classifications can be accomplished solely by tracking the presence of concrete buckets in 

different specified image regions. An exception is in distinguishing “Move to Waiting 

Position, Bucket Ready” from “Bucket Departing”. The ambiguity arose from the fact 

that both of these positions share the same region. In this case, the motion characteristics 

of buckets were used to distinguish further between these two states in a manner similar 

to that explained above. More specifically, the movement of buckets in consecutive 

frames was tracked to provide a movement trajectory. “Bucket Departing” possesses a 
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trajectory that moves out of the video scene while “Move to Waiting Pos, Bucket Ready” 

does not.  

Event and Scenario Recognition 

The recognition of events and scenarios is highly dependent on the classified working 

states. The events here generally refer to the changes in working states from one to 

another. These points of change were clocked or time stamped. Therefore, the points can 

be used to calculate the duration of each work state in each cycle, and they can then be 

used to index their positions in video streams for later effective video retrieval. 

 Furthermore, these events clearly capture the temporal sequences of work states. 

With a defined temporal sequence as in the process model, any deviation from planned 

sequences can easily be identified in real-time, and possibly be corrected promptly. 

Identifying whether the time used in each of these working states is longer than the 

planed duration is another capability that this video interpretation method offers. When 

the time constraints of each work state are specified in the process model and the time 

utilization of each work state is clocked from event recognition, this capability to identify 

time overruns comes with remarkable ease. Similar to the working state changes, 

occurrences of these scenarios were indexed in the video stream for later discovery of the 

root cause of productivity problems.  

Interpretation Results 

The column pour video of one hour and ten minutes length was interpreted by using the 

developed video interpretation algorithms. A manual analysis of the same video was 

conducted to provide a baseline for evaluation purposes. Figure 5.22 shows a comparison 

between the interpretation results and such a baseline. The comparison indicated that the 

sequences of work states are correctly identified through-out the whole video, though the 

absolute time lengths of each state from interpreted results and the ground truth revealed 

by the manual analysis may differ to a certain degree. The quantity of such differences 

was evaluated and listed in Table 5.8 under the items “Cycle Length Accuracy” and 

“State Time Accuracy”. According to the results, the interpretation approach is capable of 
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recognizing production cycles as well as interpreting the time utilization of most 

individual work states fairly accurately. Most of the work state time utilization errors 

come from the “Bucket Departing” state. This state itself arguably lasts only a few 

seconds, therefore a slightly late call of work state change could significantly impact the 

accuracy of time utilization within this state. Such a local high deviation is of no 

significant influence in classifying the other work states as demonstrated by Figure 5.22. 

Furthermore, as long as the “Bucket Departing” state is not mistakenly omitted because 

of its short duration, the determination of the working sequences and the detection of 

abnormalities from sequence violation will be not be affected.  

 
Figure 5.21 Graphic Comparison of Interpretation Results 

 Two types of production abnormalities, including sequence violations and the 

longer length of time utilizations of work states as compared to the planned durations, 

exist in this construction video. They are quite noticeable from the ground truth data in 

Table 5.8. These data show the following: some particular work states consumed an 

unreasonable amount of time, such as a bucket with concrete already loaded waited in a 

ready state to be dumped for a significant portion of time (Cycle 2, 4); a full loaded 

bucket waited to be dumped for nearly 10 minutes, and subsequently it had to be swung 

back to the ground because the other crew requested the crane. In this later case, an 

obvious sequence violation in Production Cycle 2—from Bucket Ready to Bucket 

Departing instead of Bucket Ready to Pour Column—was created. With the assistance of 
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specified sequence and time constrains, all such abnormalities have been correctly 

recognized as shown in Table 5.8.   

Table 5.8 Quantitative Summary of Video Interpretation for Column Concreting 

 
Cycle 1 

(minutes) 

State 
Time 

Accuracy 
Cycle 2 

(minutes) 

State 
Time 

Accuracy 
Cycle 3 

(minutes) 

State 
Time 

Accuracy 
 G P  G P  G P  

Load Ready 0 0  0 0  0 0  

Bucket Ready 0 0  9.72* 9.733* 99.9% 0.72 1.1 65% 

Pour Column 1 0 0  0 0  0 0  

Pour Column 2 3.65 3.67 99.5% 0 0  4.17* 4.033* 96.7% 

Load Bucket 0 0  5 5.1 98% 10.8* 10.97* 98.5% 

Bucket Departing 0.27 0.183 68% 0.167^ 0.10^ 60% 0.28 0.154 55% 
Cycle Length 
Accuracy 98.3% 99.8% 99.5% 

 
Cycle 4 

(minutes) 

State 
Time 

Accuracy 
Cycle 5 

(minutes) 

State 
Time 

Accuracy 
Cycle 6 

(minutes) 

State 
Time 

Accuracy 
 G P  G P  G P  

Load Ready 0 0  0 0  0 0  

Bucket Ready 7.02* 6.97* 99.3% 2.83 2.47 87% 1 1.07 93.5% 

Pour Column 1 0 0  4.33* 4.23* 97.7% 2.83 2.81 99.3% 

Pour Column 2 3.83 3.73 97.4% 4.33* 4.43* 97.7% 0 0  

Load Bucket 3.67 3.7 99.2% 3.58 4.13 86.7% 3.83 4.13 92.7% 

Bucket Departing 0.27 0.208 77% 0.25 0.22 88% 0.5 0.253 51% 
Cycle Length 
Accuracy 98.8% 99% 97.7% 

Note: 1. G—Ground Truth, P—Processing Result  

          2. *—Longer than planned durations, ^—Sequence violation 

          3. Table best viewed in color   
 Beyond the accuracy of delivering productivity information, the information from 

this system is also valuable. For this particular operation, the following productivity data 

can be easily inferred from the extracted information: 1), Bucket Waiting consumed 

21.34 minutes, which is 29% of the total operation time; 2), Bucket Loading consumed 

28.04 minutes, which is 38% of the total operation time; and 3), Based on the volume of 

the bucket, the total quantities installed are 5 cubic yards in 73.4 minutes. From this data, 

the bottleneck of this operation can be identified as the non-value adding tasks, such as 

Bucket Waiting and Bucket Loading. These tasks consumed a big chuck of a crew’s 

working time.  
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5.3 Analysis of Non-Repetitive Construction Operations 

This section demonstrates how to use the proposed methodology to analyze non-

repetitive construction operations. On construction jobsites, many construction operations 

are executed without a clear cyclic structure. To analyze these operations, a different 

approach to model the operation is needed. Specifically, the proposed methodology 

utilizes process chart to divide operations into steps. These steps do not necessarily have 

a fixed order sequence. Because of this flexibility, the proposed methodology can be used 

to analyze non-repetitive operations. There are three Non-Repetitive operations analyzed 

in this section, including hoisting, scaffold installation, and formwork installation.  

5.3.1 A Hoisting Operation 

Operation Description 

The video analyzed depicts a crew of workers preparing for material hoisting (Figure 

5.23). The purpose of the video interpretation in this case is two-fold. The first is to 

monitor the labor input at the workface. The second is to assess individual worker’s time 

utilization in different working states. The technical information about the video is 

summarized in Table 5.23. One of the key differences between this operation and the 

operations analyzed in the first part of this chapter is that the operation here involves 

detecting and tracking multi-objects. 

 

Figure 5.22 Hoisting Crew 
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Table 5.9 Technical Information of the Slab Pour Video 
Compression Format MPEG-4 
Length 5 Minutes and 25 seconds 
Resolution 480x720 
Frame Rate 5 frames/per second 
Total Frames 1625 frames 

 

Context Setup 

Step 1: Determination of Critical Construction Resources 

The critical construction resources in this operation are clearly the method’s leading 

resources, which are construction workers. There are a number of construction worker 

detection and tracking models in the developed methodology. So these models can be 

used for the purpose of critical resource detection and tracking.  

Step 2: Video Context Setup 

The working states of concern in this operation can be formulated as assembling the 

bundle of material at the loading area and traveling. The traveling can happen in different 

regions of this image, therefore it can be further divided into traveling in area 1 and 

traveling in area 2 (Figure 5.24).  

User Driven Video Analysis Steps in the Software 

To realize the context setup using the developed software, it is important to know that it 

involves a number of steps. These steps are listed as the following: (1), describe the 

operation using explicit steps in the form of process charts (Figure 5.25a); (2), associate 

operation steps with image regions where the operation steps are executed (Figure 5.25b); 

and (3), choose object recognition and tracking methods (Figure 5.25c).  
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Figure 5.23 Context Setup 

Recognition and Tracking of Construction Workers 

The distinctive color of a safety vest is a reliable visual cue that can be used for worker 

recognition and tracking in this case. The recognition model developed in the Section 

4.3.2 for chartreuse safety vest is used in this operation. At the same time, a Mean Shift-

based algorithm is adopted as the tracking algorithm. Overall, this combination of 

detection and tracking algorithms yields the most reliable performance compared to other 

combinations.  

State Classification 

Monitoring labor input at the workface in this analysis is based on the assumption that the 

location of workers can represent their working status. For the purpose of monitoring the 

labor input at the workface, it is essential to count the number of workers who performed 

work at the assembling area at different time intervals. The time interval chosen here is 

one minute. The principle is that if a particular number of workers (>50%) is 

predominant in a minute, then that number is determined to be the true number of 

workers who performed work in that period. To assess individual worker’s time 
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utilization in different working states, it is necessary to track each worker explicitly. This 

type of tracking is usually a much harder problem because in many situations workers 

typically have similar appearances which make visual cues become unreliably for the 

purpose of tracking. 

Interpretation Results 

(1) Labor Input 

In this 5-minute video, a crew of workers was assembling the material bundles for 

hoisting. The labor input at the workface was determined from manual review, and the 

developed program is summarized in Table 5.7. Figure 5.26 shows the interpretation 

process. It can be noted that the proposed approach can accurately, 100% in this case, 

determine the labor input as compared with the manual review approach. This is largely 

because explicitly tracking individual workers is not necessary in this case, and such 

tracking is known to be more error prone than other kinds. In addition to this, the method 

of determining the labor input based on the most frequent state (how many workers in the 

workface) within a minute also makes the occasional error in worker recognition 

insignificant. In fact, the traditional 5-minute rating process also assumes this approach, 

which provides the justification for taking such an approach.   
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 (a)  (b) 

 (c) 

 

Figure 5.24 User Driven Video Analysis Steps for the Hoisting Operation 
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Figure 5.25 Automated Labor Input Monitoring Results 

 

Table 5.10 Quantitative Summary of Hoisting Operation 

  Assembling bundles of material at the loading 

area  

(number of workers) 

0-1 minutes 
Ground Truth 3 

Program Results 3 

1-2 minutes 
Ground Truth 2 

Program Results 2 

2-3 minutes 
Ground Truth 3 

Program Results 3 

3-4 minutes 
Ground Truth 2 

Program Results 2 

4-5 minutes 
Ground Truth 1 

Program Results 1 
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(2) Crew Worker Time Utilization 

Beyond determining the labor input at the workface at the level of head count, crew 

worker time utilization aims to determine how an individual worker spends his or her 

time in the operation. It requires the explicit tracking of each worker in the whole course 

of recorded operation. Then the moving trajectory of each worker is used to determine his 

or her time utilization in different working states as specified in either process models or 

process charts. At this stage, it is assumed that the locations of workers are the indicator 

of their instant working states. Based on this assumption, the major challenge of 

accurately determining crew worker time utilization arises from the technical difficulty of 

multi-object recognition and tracking.  Specifically in this case, safety vest based object 

recognition and FG based Mean Shift tracking are utilized as the computing means. 

These algorithms have proven to be more effective in object recognition and solving the 

path collision problem as discussed in Section 4.5.3. For this particular five-minute video, 

these methods recovered all the object detection failures, and yielded 100% tracking 

accuracy in terms of maintaining the right trajectories for the right objects. Each worker’s 

time utilization is monitored and summarized in Table 5.8. When compared with manual 

analysis, the differences from this kind of tracking are mainly caused by object detection 

failures that are triggered by occlusion of safety vests due to view angles. The tracking 

method can correct the error by rejoining two discontinued paths, but the missing steps 

between the two paths are unlikely to be retraced. In spite of this, the overall performance 

of the developed method can be considered as being approximate to the manual approach 

since the overall accuracy is around 87%.  

 The tediousness of manual analysis is evident in this case. It was observed that in 

order to determine the time utilization of three workers from a video, the video needed to 

be reviewed at least three times based on the fact that only one worker could be focused 

on in each review. Conversely, the advantage of the developed methodology is notable as 

it interpreted this video into productivity information with accuracy comparable to 
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manual analysis. Furthermore, this interpretation happens in a one-pass and nearly real-

time fashion.  

Table 5.11 Quantitative Summary of Hoisting Operation 
  Assembling bundles of 

material at the loading 
area 

(minutes) 

Traveling at Area 1 
(minutes) 

Traveling at Area 2
(minutes) 

Worker 1 G 3.2 0.2 0 
P 3.13 0.1 0 

Worker 2 G 5.42 0 0 
P 5.32 0 0 

Worker 3 G 1.85 0.02 0 
P 1.77 0.017 0 

Worker 4 G 0.92 1.1 0 
  P 0.89 0.92 0 

Overall Accuracy 86.7% 

5.3.2 A Scaffold Installation Operation 

Operation Description 

The video to be analyzed in this case shows a crew of two workers who are installing 

scaffolding at the workface (Figure 5.27). The purpose of video interpretation is to 

monitor the labor input at the workface and assess the portion of labor time spent in 

different working states. The working states include assembling at the workface and 

picking up materials at the staging place. Table 5.9 is a summary of the information 

pertaining to the video to be analyzed. 

Table 5.12 Technical Information of the Slab Pour Video 
Compression Format MPEG-4 
Length 14 Minutes 
Resolution 480x720 
Frame Rate 5 frames/per second 
Total Frames 4200 frames 
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Figure 5.26 Scaffold Installation 

Context Setup 

Step 1: Determination of Critical Construction Resources 

The critical resources in this operation include workers and scaffolding trusses. The 

resources to be tracked are construction workers. They transport scaffolding trusses and 

install them at the workface. Ideally, the scaffolding trusses also need to be tracked. But 

because their sizes are too small to be identified in the video, the analysis of this 

operation focuses on construction worker only. 

Step 2: Video Context Setup 

The operation to be analyzed here does not have a clear repetitive structure as the 

operation of column concreting does. To describe this operation, process charts that list 

the action items in an operation are used (Figure 5.20). The process chart for this 

operation involves picking up material at the staging area and assembling at the workface. 

These two steps represent the working states to be classified in the video. And they 

happen at two different locations, and the connection of regions in the video with these 
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steps establishes spatial context. These two states are not mutually exclusive. This is due 

to that fact that there are multiple construction workers to be tracked and each of them 

might be in different states. So the concern here is to determine the state of each 

construction worker, therefore getting a quick appraisal of the percentage of time a 

worker spent in different states. Then a threshold about the percentage of time a worker 

spent in a direct productive state, assembling at the workface in this case, can be 

specified as a time constraint to determine abnormal production scenarios. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5.27 Context Setup  

User Driven Video Analysis Steps in the Software 

Three steps are required to set up the environment for analyzing this operation in the 

developed software. They are listed as the following:  (1), describe the operation using 

explicit steps in the form of process charts (Figure 5.29a); (2), associate operation steps 

with image regions where the operation steps are executed (Figure 5.29b); and (3), 

choose object recognition and tracking methods (Figure 5.29c).  

Recognition and Tracking of Construction Workers 

Construction workers, as the method’s leading resources in this operation, are the objects 

to be tracked in the workspace. The information used for determining the status of 
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construction workers in this case can include position data and motion data. To determine 

whether the position data alone can reasonably determine the working state of 

construction workers, a number of different approaches are used in this case.  

 More specifically, local feature based detection (hardhat) and a number of 

foreground/background detection methods are used to determine the position of 

construction workers. The sample detection of construction workers from these methods 

are shown in Figure 5.30. And these construction workers will be continuously tracked to 

maintain the correct correspondence between their positions in continuous frames. Then 

these position data will be used to determine the working state of tracked workers. This 

approach represents the position data based approach. In another approach, workers are 

determined to be in certain working status only if they are staying in the work zone of 

that particular working status and they are not static. From this perspective, the motion 

based foreground segmentation method developed in Chapter 4 is a suitable method for 

this case. In this method, the foreground objects, construction workers, only will be 

segmented out from the background if they give signs that they are moving. Then the 

workers in
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 (a)  (b) 

(c) 

 

Figure 5.28 User Driven Video Analysis Steps for the Scaffold Installation Operation 



153 
 

motion are tracked continuously by using the blob tracking module (Figure 5.31). The 

results from different approaches will be compared to determine which method is more 

accurate. Figure 5.32 depicts the assembly of these methods according to the processing 

pipe.  

Figure 5.29 Worker Detection : (a) Hard Hat based Detection; (b) Background Modeling 

based Detection 

Figure 5.30 Motion Segmentation based Worker Detection 
 
State Classification 

The location of construction workers and their motion are used as indicators of their 

working status. In other words, a construction worker will be classified into effective 

working status only if he stays in the workspace and shows active motion.  
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Figure 5.31 Working State Classification Schema in the Scaffold Installation Case 

Interpretation Results 

(1) Labor Input 

Similar to the last operation analyzed, the proposed method can reliably determine the 

labor input. The only difference is that in this operation, none of the workers was wearing 

safety vest, so a method based on motion segmentation was used instead. In this sense, 

the labor input would actually reflect not only the location based labor input but also the 

motion based labor input. This is because if a worker stays in the workspace and has been 

static, that worker would not be recognized.  
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Table 5.13 Quantitative Summary of Scaffold Installation Operation 
  Installing scaffold at the workface  

(number of workers) 
Pick up material at the staging 

area  
(number of workers) 

0-1 minutes Ground 2 0 
Program 2 0 

1-2 minutes Ground 2 1 
Program 2 1 

2-3 minutes Ground 2 1 
Program 2 1 

3-4 minutes Ground 1 1 
Program 1 1 

4-5 minutes Ground 1 1 
Program 1 1 

5-6 minutes Ground 1 1 
Program 1 1 

6-7 minutes Ground 1 1 
Program 1 1 

7-8 minutes Ground 1 1 
Program 1 1 

8-9 minutes Ground 1 1 
Program 1 1 

9-10 minutes Ground 1 1 
Program 1 1 

10-11 minutes Ground 1 1 
Program 1 1 

11-12 minutes Ground 1 0 
Program 1 0 

12-13 minutes Ground 1 1 
Program 1 1 

13-14 minutes Ground 1 1 
Program 1 1 

 

(2) Crew Worker Time Utilization 

By explicitly tracking each worker and classifying his working state, the time utilization 

of each worker in the crew is summarized in Tables 5.10 and 5.11. Table 5.10 shows the 

results by applying background subtraction-based object recognition and mean shift-

based object tracking. Table 5.11 shows the result by applying motion segmentation 

based object detection and mean shift based object tracking. The overall accuracies are 

74.85% and 81.2% respectively for the above approaches. The discrepancy between the 

manual analysis result and the proposed approach arise from object recognition failure. 

The recorded video for this operation is of relatively low quality. The video was shot in a 
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windy day and from more than 300 feet away. Both factors have degraded the resolution 

of the video and caused considerable image instability. Reliable object detection becomes 

difficult in such a situation. This is further complicated by the fact that reliable visual 

cues such as colors are not available.  

 Aside from the possible accuracy issue, it can be noted that motion segmentation 

in this case performs better than the sophisticated background modeling method. Overall, 

the results of this case demonstrated that under difficult conditions the proposed 

methodology along with a proper combination of object detection and tracking method 

still can monitor the crew time utilization at an accuracy of nearly 80%. One limitation 

with the selected object detection methods in this study is the assumption that all moving 

objects or foreground objects are targeted construction workers, though simple size filters 

are used for guarding against other tracking large moving objects.  

Table 5.14 Quantitative Summary of Hoisting Operation (Background Modeling) 
  Assembling at Workface 

(minutes) 
Picking Up Material at Staging Area 

(minutes) 
Worker 

1 
G 10.48 99% 3.12 65.4% P 10.39 2.04 

Worker 
2 

G 11.79 60% 2.21 84% P 7.03 1.853 
Overall Accuracy 74.85% 

 
Table 5.15 Quantitative Summary of Hoisting Operation (Motion Segmentation) 

  Assembling at Workface 
(minutes) 

Picking Up Material at Staging Area 
(minutes) 

Worker 
1 

G 10.48 91% 3.12 67% P 11.473 2.093 
Worker 

2 
G 11.79 75.5% 2.21 91.3% P 8.9 2.017 

Overall Accuracy 81.2% 

5.4 Guideline of Algorithm Selection 

Selecting proper construction object recognition and tracking algorithms is critical to the 

success of construction video interpretation. Based on the case studies in this chapter and 

the experiments in Chapter 4, there are common observations that can be used to as a 
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guideline to facilitate the algorithm development and selection for construction object 

recognition and tracking.  

 In terms of object recognition, color-based and Viola Jones-based recognition 

methods provide a general approach to train models for specific construction objects. 

However, these two general methods cannot be directly applied to recognize objects. A 

large number of photo samples are needed to train specific models for different objects. 

But, once the models are trained, the performances of these models are robust and fast. 

Background subtraction-based methods can be directly applied on construction videos to 

isolate interested objects from the background scenes. But, the downside is that 

background subtraction tends to identify all foreground objects without differentiating 

which foreground objects are objects of interests. This may work in controlled 

construction scenarios where unexpected construction objects are not frequently present.  

 In terms of object tracking, the combined use of mean shift and Kalman filter 

produces reliable tracking results even in difficult scenarios where objects of interest 

have complex moving trajectories. The computational cost of mean shift and Kalman 

filter based tracking is lower than particle filter based tracking, but higher than Kalman 

filter based tracking. It is recommended that Kalman filter based tracking may be used 

alone in scenarios where objects of interest have uniform moving trajectories. Overall, 

the combination of mean shift and Kalman filter is a more reliable tracking method than 

other tracking methods that were developed and evaluated in this research. 

 In summary, the selection of object recognition and tracking methods depends on 

a number of factors. These factors include the types of objects to be tracked, the 

characteristics of objects to be tracked, the availability of training samples, the type of 

operations, the construction scenarios, and so on. As a general principle, background 

subtraction based object detection methods with mean shift and Kalman filter based 

object tracking methods can first be used to test if these methods can meet the 

performance requirement. The reason is that these methods can be directly applied on 

videos to interpret video contents without extra training steps. If these methods cannot 
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deliver satisfactory results, specific models from either color-based recognition methods 

or Viola-Jones methods need to be developed as recognition methods. 

5.5 Discussion of Analysis Accuracy 

In this chapter, video sequences of five construction operations are analyzed. The 

methods used for interpreting each of these videos are summarized in Table 5.16. To 

make the results of video interpretation comparable to the traditional 5-minute rating 

process, the accuracy of determining the time utilization in the recorded activities is also 

summarized in the last column of Table 5.16. 

 It can be noted that the average accuracy of the proposed methodology is around 

87%. This brings up the question whether this level of accuracy suffices. To answer this 

question, a comparison with the traditional 5-minute rating method is necessary. The 5-

minute rating method generally utilize one minute as its element analysis period. More 

specifically, a worker would be classified into working productively in a given minute if 

he works more than half the time in that particular minute. Then by observing a worker 

over a period of time, the percentage of effective time utilization of the observed worker 

can be determined. It can be expected that the accuracy of such an approach in terms of 

determining time utilization could be anywhere between 50% and 100%. If this method is 

used to analyze large number of operations, it is reasonable to expect its average accuracy 

will be around 75%. From this perspective, the proposed methodology can interpret 

videos of construction operations into time utilization information more accurately than 

the traditional 5-minute rating method. Based on this comparison and considering that 5-

minute rating is an accepted method in the construction industry for evaluating time 

utilizations in construction operations, the accuracy of the proposed methodology is 

sufficiently good for analyzing the time utilization in construction operations. And time 

utilization of crew workers in construction operations can indirectly reflect the labor 

productivity achieved in these operations.  
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Table 5.16 A Summary of  Video Interpretation Results 
Analyzed 

Operations 
Knowledge 

Representation 
Object Recognition Object 

Tracking
Accuracy

(Time Utilization)
Column Pour Process Model Cascade of Simple 

Features 
N/A 90% 

Slab Pour Process Model Cascade of Simple 
Features 

N/A 86% 

Earthmoving Process Model Bayesian 
Background Model 

Kalman Filter 
+ Mean Shift 

90.6% 

Scaffold 
Installation 

Process Charts Bayesian 
Background Model 

Kalman Filter 
+ Mean Shift 

81.2% 

Hoisting Process Charts Color-based 
recognition model 

Kalman Filter 
+ Mean Shift 

86.7% 

 

5.6 Discussion of Benefits with the Proposed Methodology 

The proposed methodology reshapes the original workflow that is utilized in the 

traditional video review based methods (Figure 5.32). The resulted new workflow 

presents several advantages over the traditional workflow, and these advantages are 

related to the new elements or processes as shown in Figure 5.32.   

 First of all, the proposed methodology can autonomously interpret construction 

video contents at a rate of twenty frames per second for most operations given the 

properly defined contextual information. Therefore, the interpretation can happen in near 

real-time. In other words, if a real-time video stream is fed into this system, it interprets 

the video instantaneously and delivers updates of operation state, event, and scenario. 

Conversely, it is expected that in the traditional human review based approach one must 

look at the film three to five times before the interference, wasted motion, lost time, 

duplicated effort, and a myriad of other factors become apparent (Oglesby 1989).   In this 

study, the time used in the traditional process and the proposed methodology for 

analyzing three of the demonstration videos (including column pour, slab pour, and 

scaffold installation) is compared. A group of four users were trained on how to use the 

traditional video review based method to analyze time utilizations in different operations. 

Then, they are asked to analyze these three videos to determine the time utilization in the 

recorded operations. Table 5.17 summarizes the time used by these users to manually 

analyze these videos to determine the time utilization.  
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Figure 5.32 The Changes of Workflow 

 

Table 5.17 Time Used in the Traditional Method 
 Column Pour Slab Pour Scaffold Installation 

Time Length of 
Video  

70 minutes 27 minutes 45 
seconds 

14 minutes 

User 1 270 minutes   
User 2 265 minutes  180 minutes 
User 3 250 minutes   
User 4 180 minutes 150 minutes 240 minutes 
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  It can be noted that the users have to spend considerable amount of time to 

determine the time utilizations in these operations. On the other hand, the proposed 

methodology can intelligently interpret these videos into time utilization information in a 

period that at most equals the time length of a video. And this time can be further reduced 

by decimating the video frame rate. It is true that before such intelligent interpretation 

can happen, two preparation steps, namely identification of production unit and the 

method’s leading resources and description of operation processes are required. But these 

preparation steps take only about five minutes. Furthermore, the detection models and 

process models can also be developed beforehand and stored in the computer. Therefore, 

they can be repetitively used on multiple occasions.  Second, a direct benefit with the 

proposed methodology is the support for rapid onsite method correction and the 

availability of organized video contents after the video interpretation. The immediate 

available information about the production status of ongoing construction operations 

empowers onsite management to quickly respond to inefficiency that may be caused by 

improper working methods. Also, the contents of a construction video is summarized into 

an information table that not only summarizes the time utilization information in a 

recorded operation but also serves as a collection of the indices that allow efficient 

extractions of related video contents for detailed review. This function can significantly 

help the later formal video review process if such review process is needed for 

discovering productivity loss causes. 

Third, as a whole, the new workflow can enable the collection of productivity 

information regarding ongoing construction operations remotely from offsite. Therefore, 

it saves traveling time and cost that would be incurred by sending dedicated personnel to 

different sites to conduct video-based operation analysis.  Beyond these advantages 

discussed above, this methodology provides a basis to incorporating other computing 

methods. For example, parallel computing can enable the interpretation of multiple video 

streams at the same time in the future, so multiple operations can be monitored and 

analyzed simultaneously. In short, this system presents a clear advantage over the 

traditional manual based video analysis method in terms of a myriad of factors, such as 
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data collection speed, data collection effort, and data collection cost, not to mention the 

fact that this system also produces indexed videos for efficient video content retrieval, 

which can be a great tool for exploring the potential causes of productivity losses. 

5.7 Conclusion 

Videos of five example operations are analyzed in this chapter. These videos were taken 

on real construction sites, and the recorded operations were not pre-arranged for the 

purpose of demonstration. That is, they represent realistic scenarios that would be 

encountered in the field if the developed methodology would be used there. The 

performance of developed methodology in these different example cases varies with the 

challenges presenting in these cases. Meanwhile, these cases have established a series of 

comparisons: (1), single object tracking vs. multi-object tracking; (2), rigid object 

tracking vs. deformable object tracking; (3), cyclic operations vs. non-cyclic operations; 

(4), color-based recognition vs. other recognition methods; (5), location-based state 

classification vs. location and motion-based state classification; (6) operation process 

model-based knowledge input vs. process charts based input; and (7) labor input 

monitoring based on head counting vs. crew time utilization. These comparisons 

highlighted the favorable scenarios for the application of the developed methodology as 

well as pointed out the limitations of current methodology. It has been shown that multi-

object tracking, object recognition without reliable visual cues, deformable object 

tracking, and videos with degraded image quality are the main sources of errors. 

Conversely, the results also demonstrated that the developed methodology can address 

these issues to a certain degree (the worst performance in these cases in terms of accuracy 

is 81%).  

 Taken together, the following conclusions can be drawn from these studies: (1), 

the proposed elements and processes as well as video reasoning mechanism in the 

developed methodology enable analyzing construction operation systematically in a 

coherent way; (2), the developed object recognition and tracking system can achieve 

relatively reliable object detection and tracking to support productivity interpretation; and 
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(3), further improvement of object detection and tracking methods is much needed, and 

will eventually greatly enlarge the impact of the developed methodology. 
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CHAPTER 6 CONCLUSIONS AND FUTURE RESEARCH 

In this research, a methodology for automating the process of construction video analysis 

for activity-level productivity measurement was developed. In essence, the developed 

methodology addressed the following three research questions: 

RQ1: What elements can form a computational representation of video-based 

productivity analysis? 

RQ2: What reasoning mechanism can enable intelligent interpretation of 

construction video content from the productivity perspective? 

RQ3: What computer vision algorithms can enable visual recognition and tracking in 

construction environments? 

The results of this research can be accordingly divided into three components: (1), 

a computational representation of the process of construction video analysis; (2),  

mechanisms of leveraging prior construction knowledge to assist productivity-oriented 

construction video reasoning; and (3), computing methods of recognizing and tracking 

construction resources. A prototype software system, the Construction Video Analyzer, 

was developed in this study to implement the video interpretation methodology. As a way 

to prove the proposed concept, five case studies involving the interpretation of videos of 

various construction operations were conducted. These case studies include earthmoving, 

slab pouring, column pouring, scaffold installation, and hoisting, with the first three 

operations being cyclic and the remainder non-cyclic. The results of these case studies 

demonstrate the applicability of the developed methodology to various types of 

construction operations, its performance in terms of speed and accuracy of generating 

productivity information, and its advantages as compared to manual video analysis. 

Consequently, I claim that the developed methodology contributes to the current body 

knowledge about automated data collection for onsite productivity measurement. 
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6.1 Summary of Research Contributions and Validations 

On the one hand, videotaping is a powerful method for analyzing direct productivity 

performance. On the other hand, reviewing video to derive such benefit is a tedious 

endeavor, which suggests the need for automated methods for analyzing construction 

videos for productivity measurement.  This research significantly improved the process of 

construction video analysis, generating three research contributions. The following 

sections summarize these contributions and their associated validation. 

Contribution 1 - A Computational Representation of the Process of Construction 

Video Analysis 

To automate the process of construction video analysis is to replace the steps in manual 

analysis with computer executable steps.  Previous research studies (Zou and Kim 2008; 

Kim and Bai 2009) have implicitly used computing steps to substitute for manual steps. 

But none of them has studied what computing steps can form a formal representation of 

the process of manual construction video analysis. I combined and extended these studies 

with the overriding goal of fusing methods from the areas of scientific studies for 

productivity data collection and video intelligence methods in the computer science 

domain. As a result, I synthesized a computational representation of the process of 

construction video analysis. The representation is comprised of four major computing 

steps: (1), visual recognition and tracking; (2), video reasoning; (3), video content 

organization; and (4), video content retrieval. More specifically, I proposed the use of 

computer vision methods as the means of visual recognition and tracking, the use of prior 

construction knowledge in a structure form to conduct video reasoning in explicit steps, 

and the use of video indexing methods to support video content organization and retrieval. 

I also defined the data transition process at the interfaces of these steps. A direct benefit 

of this representation is that it modularizes the component in construction video analysis 

and defines the data flow at the interfaces of these components, thereby supporting 

efficient method development within each module under a common architecture.  
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 Four sets of evidence that confirm the validity of this proposed computational 

representation are the following: 

(1) Comparison of the steps defined in the representation with the general workflow 

employed in scientific-methods-based onsite productivity measurement and the 

general steps in video intelligence models in the computer science domain 

(2) Demonstration of its capability to model the process of interpreting videos of 

cyclic construction operations through analyzing concreting and earthmoving 

operations 

(3) Demonstration of its capability to model the process of interpreting videos of non-

cyclic construction operations through analyzing scaffold installation and hoisting 

operations 

(4) Demonstration of its flexibility to allow the examination of resource utilization at 

different resolutions through the case studies (concreting, earthmoving, scaffold 

installation, and hoisting) that are analyzed at different levels of detail 

Limitations of Computational Representation Implemented 

It is important to recognize that construction onsite production is a process that is 

subjected to numerous influence factors, such as tools, crew motivation, and material 

availability, to name a few. It is impossible for a single measurement method to measure 

all aspects of onsite construction productivity. Similarly, video-based productivity 

measurement shares the same limitation. It is not the interest of video-based approach to 

measure the aspects of construction production that cannot be observed in a video. 

Specifically, the scope of this research has been limited to measure the aspects of 

resource utilization in productivity measurement. It concerns how the input (labor and 

equipment) in the construction production has been spent, spatially and temporally. In 

this sense, it goes beyond the measurement of labor or equipment hours that are used as 

input in conventional productivity calculation since it examines the way of those hours 

have been spent.   

Contribution 2 – Mechanisms of Leveraging Prior Construction Knowledge to 

Assist Productivity-Oriented Video Reasoning 
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Reasoning mechanisms constitute the centerpiece of intelligence in automated video 

interpretation. In the most rudimentary form, they are instruction sets that can be used by 

computers to react to certain sensory inputs. Without exception, the most original set of 

such instructions comes from human input. Then to automate the process of reasoning in 

construction video interpretation, reasoning mechanisms pertaining to productivity 

analysis must be supplied and embedded into the reasoning steps. There are no research 

studies so far in the construction domain that have attempted to define a formal video 

reasoning mechanism for productivity measurement. Most research studies on computer 

vision based productivity measurement have limited their reasoning logic to specific 

operations.  

 In this research, I defined reasoning mechanisms by examining the type of prior 

construction knowledge that can be reasonably assumed by site management leadership 

prior to operation execution and incorporating the concepts of process modeling from 

the area of industrial engineering as knowledge representation forms.  In the developed 

software prototype, such reasoning mechanisms can be graphically created and used as 

an instruction set for analyzing the data flow resulting from visual recognition and 

tracking. As a result, such mechanisms provide users with a tool to represent their prior 

construction knowledge with great flexibility. At the same time, they can significantly 

reduce the complexity of analysis and provide a schema for video content organization. 

Through the case studies about concreting, earthmoving, scaffold installation, and 

hoisting operations, I demonstrated the capability of developed mechanisms to represent 

prior construction knowledge in a structured way and their capabilities to assist 

reasoning in productivity measurement.  

Limitations of Mechanisms Implemented 

This research places its focus on operations that have a relatively regular structure and 

can be modeled using either process models or process charts. Operations that are too 

erratic to be modeled are difficult to analyze even in the form of manual analysis. It is 

neither possible nor reasonable to expect that the current status of video intelligence 

methods can surpass a human’s cognitive ability. Therefore, the methods developed in 
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this research are applicable to operations that can be comfortably understood and 

modeled by users. Of course, awareness of the structure of a construction operation 

depends heavily on experience. To this end, this developed methodology would have its 

greatest potential if it is used by experienced site engineers. 

Contribution 3 – Computing Methods of Recognizing and Tracking Construction 

Resources 

Construction resource recognition and tracking is the foundational block of the proposed 

methodology. Computer vision methods have been widely adopted in video intelligence 

systems as the principle computing methods for recognizing and tracking objects. There 

is a large body of research on computer vision methods, aiming to develop reliable 

recognition and tracking methods in various environments. As a whole, they have 

achieved great success in indoor controlled environment. But in open construction 

environments, the performance of different computer vision methods, whether directly 

applicable off-the-shelf methods or instance specific methods developed under some 

general guidelines, is largely unknown. There are increasing numbers of studies in the 

construction domain on developing computer vision based resource recognition and 

tracking. But a comprehensive study that not only implements and develops algorithms 

specific to construction but also characterizes their performances is still greatly needed.  

 A significant portion of this study fills this precise research need. I implemented 

and developed a recognition and tracking system as a modularized component in the 

overall computational representation of construction video analysis. This system is 

comprised of a set of object recognition and tracking methods. These methods are a mix 

of off-the-shelf algorithms and specifically developed algorithms for the construction 

environment. To characterize these methods and prove that they can undertake the task 

of recognition and tracking in certain scenarios, these methods have been validated 

through the comparison of their performances in typical construction environments and 

the demonstration of their capability to reliably recognize and track construction 

resources and support productivity information extraction in case studies. It is concluded 

that there is no silver bullet type of algorithm that can work in all construction 
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environments. The selection of algorithms for resource recognition and tracking should 

depend on the characteristics of the environment. 

Limitations of Computing Methods Implemented 

Reliably recognizing and tracking multiple objects in an open environment is a 

continuing problem. Generally, the smaller the presence of occlusions, crossing moving 

paths, and dynamic background, the better the performance of recognition and tracking 

that can be achieved. Consistent tracking of multiple objects within a long timeframe 

tends to be more problematic as the results of this research indicated. In addition, it is 

very difficult to track objects that frequently move in and out of video frames. 

Conversely, though, if the ultimate goal of video interpretation is to get an overall 

appraisal of worker hour utilization without identifying individual performance, explicit 

tracking of multiple workers is not necessary. In summary, the computing methods 

implemented in this research have reliable performance levels in the following scenarios: 

(1) Single object recognition and tracking 

(2) Multiple object recognition and tracking when each object has unique appearance 

(3) Multiple object recognition and tracking in short time frames (<1 minute) 

In general, it is observed that object recognition and tracking algorithms tend to be 

specific to construction operations. In most cases, the algorithms need to be adjusted and 

the parameters need to be handcrafted in order to achieve good performance in particular 

construction operations. This may create significant overhead for using video as an 

automated productivity data collection method. A viable solution to this problem would 

be putting a jobsite under tight control. For instance, construction resources on the site 

can be attached with special visual cues that are regulated systematically for assisting 

recognition and tracking. 

6.2 Expected Practical Implications 

If the proposed methodology is evaluated at the system level for its performance in these 

studies, it can be concluded that the interpretation results showed that rich productivity 

information can be automatically and accurately extracted from the running video 
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streams. The reasoning mechanism based on time and sequence constraints allowed 

production abnormalities to be identified. Such rapid and accurate productivity 

information can lay the ground work for supporting productivity decision making. 

Therefore, the proposed video interpretation model is feasible as it can interpret video in 

near real-time for productivity analysis and therefore greatly relieve the tedium of the 

human reviewing process. It has the potential to improve current data collection and 

analysis practices in construction.   

6.3 Implementation Recommendations and Barriers 

To implement the proposed methodology on construction jobsites, it is recommended that 

the implementation should proceed gradually. It is expected that at the beginning worker 

resistance will be a factor influencing the success of the implementation of this 

methodology. Onsite management teams need to communicate with construction workers 

to clarify the purpose of using videos to analyze construction operations. The video 

analysis is not used for policing construction workers or driving them to work harder. 

Instead, it is to discover problems in preplanning efforts and working methods through 

the evaluation of time utilization at the workface. These problems are often related to the 

management practices. In addition, onsite management teams may consider creating a 

favorable environment for implementing the proposed methodology. For example, color-

coded hardhat can be a tremendous help to construction worker recognition and tracking.  

 The proposed methodology is not targeted to analyze any type of construction 

operations. To date, the method works best on repetitive operations and operations that 

involve large equipments or tools. It is suggested that onsite management team should 

focus on these types of operations because these operations typically incur significant 

costs and have the best potential to achieve sizeable improvement.  

  It is important for onsite management to understand that the proposed 

methodology cannot deliver information that is always accurate. The limitations of the 

current computer vision methods in object recognition and tracking can cause occasional 
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errors in video interpretation. Frustrations with potential interpretation errors are possible 

in the implementation phases. And the learning curve for being familiar with the process 

of knowledge input and the initialization of video interpretation need to be taken into 

account in the implementation stage as well. But, these barriers can be overcome with the 

rapid development of computer vision methods and proper training prior to the 

methodology implementation. 

6.4 Future Research 

There are two broad research directions that can be pursued in the near future.  The first 

direction focuses on improving the current proposed approach by considering the 

following factors: (1), a network of cameras instead of a single camera can be used to 

allow larger operations to be analyzable in a 3D fashion since two or more cameras can 

be calibrated and used to reconstruct 3D information; (2), 3D/4D virtual construction 

models can be incorporated as a form of contextual information, therefore providing 

semantically rich reasoning logics. The benefit of pursuing future research in this 

direction includes the following: (1), it addresses visual recognition and tracking in a 

multi-camera setting, eliminating much of the occlusion problem and providing more 

tractable object features; and (2), the overall framework resulting from this study can 

realize real-time visualization and analysis of onsite workflows, enabling automated 

productivity data collection and analysis remotely from a network of cameras. The 

second direction represents a vision for an integrated site sensing framework for 

automated productivity measurement. The goal is to streamline the measurement of a 

variety of aspects of construction activities and form the basis for productivity 

improvement. This is accomplished through the creation of a technical core that can 

support and integrate a variety of site sensing modules to collaboratively measure 

different aspects of construction productivity and to leverage the technical core to 

develop computational methods that can intelligently process sensing data and generate 

relevant productivity information. 
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APPENDIX A 

Table A.0.1The Segmentation Results of Video Sequence No. 1 Using Different Background Subtraction Methods 

Code Book Gaussian Mixture Complex Background Ground Truth 
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Table A.0.2 The Segmentation Results of Video Sequence No. 2 Using Different Background Subtraction 

Code Book Gaussian Mixture Complex Background Ground Truth 
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APPENDIX B 

I. Tracking Algorithm Description: Kalman Filtering 

Given the foreground mask FG and a list of blobs from the previous frame, perform the 
following steps: 

1. Connected Component Analysis: 
a. Perform connected component analysis on the foreground mask 
b. Form a list of blobs in the current frame  

2. Kalman Filtering: 
a. Update Kalman predictor state using the blobs from the previous frame 
b. Predict the positions of these blobs in the current frame according to a 

motion dynamic model 
3. Collision Prediction 
4. Gating Procedure: 

a. Associate the predicted blobs with the set of blobs from step 1 
5. Update Blob List 

 

II. Tracking Algorithm Description:  Kalman Filtering with Particle Filter and Mean Shift 

as Collision Resolver 

Given the foreground mask FG and a list of blobs from the previous frame, perform the 
following steps: 

1. Connected Component Analysis: 
a. Perform connected component analysis on the foreground mask 
b. Form a list of blobs in the current frame  

2. Kalman Filtering: 
a. Update Kalman predictor state using the blobs from the previous frame 
b. Predict the positions of these blobs in the current frame according to a 

motion dynamic model 
3. Collision Prediction: 

a. Check the intersection of predicted blobs with blobs from step 1 
4. Collision Resolution 

a. For each predicted blob that intersects with blobs from step 1, use mean 
shift and particle filter tracker to resolve collision 

5. Gating Procedure 
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a. For predicted blobs that have no intersection problem, run nearest 
neighbor rule for blob association 

b. For predicted blobs that have intersection problem, run confidence 
(derived from Bhattacharyya coefficient) based blob association 

6. Update Blob List 

 

III. Tracking Algorithm Description:  Kalman Filtering and Mean Shift  

Given the foreground mask FG and a list of blobs from the previous frame, perform the 
following steps: 

1. Kalman Filtering: 
a. Update Kalman predictor state using the blobs from the previous frame 
b. Predict the positions of these blobs in the current frame according to a 

motion dynamic model 
2. Collision Testing 
3. Mean Shift: 

a. Check the size of blob, reallocate the kernel if the blob’s size changed  
b. Collect histogram of the blobs from step 1b, and weighted by kernel 

profile 
c. Calculate Bhattacharyya coefficient 
d. Iteratively calculate new blob center position by mean shift until converge 

4. Update Blob List 
 

IV. Tracking Algorithm Description:  Kalman Filtering, Mean Shift, and FG Weighting 

 Given the foreground mask FG and a list of blobs from the previous frame, perform the 
following steps: 

1. Kalman Filtering: 
a. Update Kalman predictor state using the blobs from the previous frame 
b. Predict the positions of these blobs in the current frame according to a 

motion dynamic model 
2. Foreground Weight Calculation 

a. Increasing the weight of FG mask, and suppress the weight of background 
3. Collision Testing 
4. Mean Shift: 

a. Check the size of blob, reallocate the kernel if the blob’s size changed  
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b. Collect histogram of the blobs from step 1b, and weighted by isotropic 
kernel and FG weights 

c. Calculate Bhattacharyya coefficient 
d. Iteratively calculate new blob center position by mean shift until converge 

5. Update Blob List 

 

V. Tracking Algorithm Description:  Kalman Filtering, Mean Shift, FG Weighting in the 

Scale Space 

Given the foreground mask FG and a list of blobs from the previous frame 

1.  Kalman Filtering: 
a. Update Kalman predictor state using the blobs from the previous frame 
b. Predict the positions of these blobs in the current frame according to a 

motion dynamic model 
2. Foreground mask weight calculation: 

a. Increasing the weight of FG mask, and suppress the weight of background 
3. Collision Testing 
4. Mean Shift 

For each blob that has an estimate of current scale space location x , δ  
a. Hold δ fixed, perform a spatial mean-shift procedure 

i. Collect histogram of the blobs from step 1b, and weighted by isotropic 
kernel and FG weights 
ii. Calculate Bhattacharyya coefficient 
iii. Iteratively calculate new blob center by mean shift until converge 

b. Let x  now represent the value that the spatial mean-shift procedure in 
step 4a converges to. Hold x  fixed, perform a mean-shift procedure in the 
scale space until s converges to s′, set the new value of δ  to δ b ′, 
where  

c. Iterate by interleaving step 4a and 4b until both s′ ε  and |∆ | ε  

5. Update Blob List 

 

VI. Tracking Algorithm Description:  Mean Shift and Particle Filter 

Given the foreground mask and a list of blobs from the previous frame, perform: 

1. Kalman Filtering: 
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a. Update Kalman predictor state using the blobs from the previous frame 
b. Predict the positions of these blobs in the current frame according to a 

motion dynamic model 
2. Collision Testing 
3. Particle Propagation 

a. Propagating particles according to a blob motion model 
4. Weighting using Mean Shift 

a. For each particle (a sample of the current position of a blob) 
i. Collect the histogram of the blob positioned at that particle 
ii. Calculate the Bhattacharyya coefficient 
iii. Update the weight of that particle based on Bhattacharyya 

coefficient 
5. Selective Re-sampling of the particles accord 

a. re-sampling N particles from the original set of particles according to 
weight 

6. Estimate 
a. Estimate the position of blob based on the weighted average of all 

particles
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