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ABSTRACT 

Automatic information summary and extraction systems are 

developed in this research for effectively processing and using video 

monitoring data at construction sites. The outputs of the systems are 

anticipated to assist construction managers in improving jobsite management, 

especially in improving workface productivity.  The research addresses four 

critical issues related to the effective use of the enormous, dynamic, and 

unstructured construction videos. Advanced computer vision techniques are 

used and/or developed to address these issues. The major research 

components include (1) automatic video summary based on key frame 

extraction, (2) automatic macro progress measurement based on image 

registration, (3) automatic micro progress measurement based on work 

quantity measurement, and (4) automatic activity sampling based on 

trajectory classification and modeling. 

Video summary techniques are used to extract essential construction 

information. On-site video recording systems are increasingly used for 

monitoring construction activities. The recorded videos contain rich and 

useful jobsite information that can be used for a variety of purposes. A large 

amount of video data generated by continuous monitoring, however, creates 

tremendous challenges on data storage and retrieval. Due to the relatively 

slow pace of construction activities, a significant portion of the recorded data 

is redundant. Therefore, archiving raw construction videos into a concise and 

structured set of key frames would facilitate data storage, retrieval and 

analysis. Three key issues in automatic key frame extraction from 

construction videos are studied, including the selection of proper video 
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features, scene segmentation, and key frame extraction. New image features 

and methods are developed to address the three issues. A validation 

experiment indicates that the developed features and methods can effectively 

and efficiently extract representative key frames from the complex and 

dynamic construction videos.  

Construction progress measurement is a key component in evaluating 

construction productivity. Progresses made at a large scale, namely macro 

project progress, can be obtained by comparing the video images taken at 

different times. Spatial data registration is a critically important step for image 

data comparison. In spatial data registration, a transform model needs to be 

fitted. In this study, three modifications are made to the Progressive Sample 

Consensus (PROSAC) method for such purpose, including tentative 

correspondence refinement, modification of progressive sampling and local 

optimization. The modifications are made to address the specific 

characteristics of image data taken from buildings under construction. 

Comprehensive comparisons and validations are made to verify the 

effectiveness of the developed modifications, and satisfactory results are 

obtained.  

The third research component is focused on progress measurement at 

workface, i.e., micro project progress. The micro project progress can be 

obtained by tracking and counting the completed work at the operation level. 

An image processing procedure is developed, with efficient computer vision 

methods proposed for each step in the procedure. Algorithms are developed 

for automatic calculation of two commonly measured quantities at workface, 

including planar area and patch quantity of completed work. The validation 
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experiment shows that the proposed framework for planar area and patch 

quantity detection is feasible.  

Besides progress measurements, construction activity tracking is 

another important component in construction productivity evaluation and 

analysis. This research component is focused on activity tracking of 

construction workers or construction equipment, automatic classification of 

work activities, and assessment of work efficiency. In the proposed 

framework, a suitable moving object detection method is used to detect 

moving objects in an image frame. Object tracking methods are subsequently 

used to establish the correspondences of moving objects across different 

frames. The time utilization of each work cycle of a worker can be calculated 

by using single object tracking method. The efficiency or inefficiency of a 

worker can be determined based on the results of trajectory analysis in 

automatic activity sampling. The work activities are classified and modeled 

based on trajectories of involved workers on a construction site. Space and 

time utilization are analyzed using trajectories in multiple object tracking 

methods. 
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CHAPTER 1. INTRODUCTION  

 Background 

Innovative information technologies are increasingly used in the 

construction industry for the improvement of efficiency, productivity, quality 

and safety. One particular application is to collect useful construction site 

information using different technologies. The collected information is 

processed to assist project managers for making timely decisions. For 

example, project managers need to dynamically adjust construction schedule 

and resource usage plan based on actual work progress. They need to evaluate 

site safety conditions to identify areas of deficiency and take corrective 

actions. They also need to gain a basic understanding of labor activities to 

evaluate the overall jobsite productivity.  

Different information technologies have been used to assist automatic 

project progress measurement (El-Omari & Moselhi, 2008; Changyoon Kim, 

Kim, & Kim, 2013). Examples include bar-code (Z. Chen, Li, & Wong, 2002), 

radio-frequency identification (RFID) tags (Razavi & Haas, 2010, 2011; 

Tzeng, Chiang, Chiang, & Lai, 2008; Yoon, Chin, Kim, & Kwon, 2006), laser 

scanning (Turkan, Bosche, Haas, & Haas, 2012; C. Zhang & Arditi, 2013), 

computer vision (El-Omari & Moselhi, 2008), augmented reality (AR) 

(Golparvar-Fard, Peña-Mora, & Savarese, 2009), and image processing 

techniques (K. K. Han & Golparvar-Fard, 2015; L. Hui & Brilakis, 2013; 

Linda Hui, Park, & Brilakis, 2015). The technologies have received extensive 

attention in both academic research and engineering practices.  
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 While many of the above-mentioned technologies require the use of 

expensive and complex equipment, construction videos and images are 

ubiquitous and inexpensive. Nowadays, video recording systems are widely 

used on construction sites to assist construction management and 

administration. On some projects, it is even compulsory for contractors to 

install video cameras of specified resolution and at designated locations to 

perform continuous recording (Architectural Services Department, 2007). 

Hence, large amount of video/image data are generated at construction sites 

every day, such as video flow from monitoring systems for security and other 

various reasons, time-lapse videos taken by progress monitoring cameras, 

videos and images taken by special means (e.g., unmanned aerial vehicles, 

videos taken for creating BIM), ad hoc videos/images taken from hand-held 

mobile devices by project managers and engineers, and views captured from 

different angles to assist crane operators. 

Collectively, the generated videos/images contain rich project 

information. They may be viewed real-time and/or be used to extract project 

records for various purposes in project management, such as project 

documentation, progress measurement, site activity analysis for productivity 

improvement and safety improvement.  Out of many possible purposes of 

using construction videos, this research is focused on video summary for 

project documentation and extracting productivity-related information from 

video monitoring systems because jobsite productivity has been a major 

concern for the construction industry, and productivity improvement becomes 

particularly more challenging in recent years.  
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 Research aim, framework and objectives  

 Aim 

Currently, the collected videos at a construction site are often 

unstructured and consume a large amount of storage space. Such information 

is not fully used due to the large size of the video data, inconsistent video 

image quality, and lack of proper automatic procedure to extract relevant 

information from the abundant data. Various challenges remain in processing 

the unstructured construction video data and extracting useful information for 

different applications. Therefore, the aim of this research is to assist video 

summary for project documentation and to extract useful productivity-

related information from construction videos. 

 Framework 

To assist video summary for project documentation and to extract 

useful productivity-related information from construction videos, four 

independent applications are developed. These applications are: 

(1) To develop technologies to process raw and bulky site video data 

so that only the essential project-related information is kept. 

(2) To develop methodologies for automatically extracting macro 

project progress information. 

(3) To develop methodologies for automatically extracting micro 

project progress (job-face) information. 

(4) To develop methodologies for automatical activity sampling and 

site utilization analysis. 
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The methodological framework of the research is shown in Figure 1.1, 

where four applications: video summary, image matching, object 

identification and activity tracking and analysis are included. 

  

Figure 1.1. The methodological framework of the research 

 

 Objectives 

In the research components for the four applications, the objectives 

are to 

• study types of videos and images taken on construction sites 

and analyze the characteristics of the videos and images, 

• identify the unsolved problems in the proposed applications 

and solve the critical issues that prevent onsite visual data from 

effective use. 

It is expected that the predefined research objectives in the proposed 

applications, if fully reached, can provide timely and useful site information 

for productivity assessment and improvement. The solutions for the 

encountered challenges can be reused in other research applications involving 

automatic information summary and extraction from construction videos. 
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 Research scope and components 

The scope of this research is limited to methodological development 

and validation of analyzing construction site videos and extracting 

information for productivity studies. Actual productivity measurement, 

analysis and improvement methods are not part of this research. The 

technologies developed in this research specifically target at construction 

videos.  

The major components of the research include (1) automatic video 

summary based on key frame extraction, (2) automatic macro progress 

measurement based on image matching or image registration, (3) automatic 

micro progress measurement based on work quantity measurement, and (4) 

automatic activity sampling based on trajectory classification and modeling. 

As illustrated in the four chapters in which the four components are explained 

respectively, construction videos have special characteristics that demand 

special techniques for image processing in different components. The four 

research components are briefly summarized as follows. 

Video summary techniques are used to extract essential construction 

information. On-site video recording systems are increasingly used for 

monitoring construction activities. The recorded videos contain rich and 

useful jobsite information that can be used for a variety of purposes. A 

significant amount of video data generated by continuous monitoring, 

however, creates tremendous challenges on data storage and retrieval. Due to 

the relatively slow pace of construction activities, a significant portion of the 

recorded data is redundant. Therefore, archiving raw construction videos into 

a concise and structured set of key frames would facilitate data storage, 
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retrieval and analysis. Three key issues in automatic key frame extraction 

from construction videos are studied, including the selection of proper video 

features, scene segmentation, and key frame extraction. New image features 

and methods are developed to address the three issues. A validation 

experiment indicates that the developed features and methods can effectively 

and efficiently extract representative key frames from the complex and 

dynamic construction videos.  

Construction progress measurement is a crucial component in 

evaluating construction productivity. Progress made on a large scale, i.e., the 

overall project on a jobsite, can be obtained by comparing the images taken 

at different times. Spatial data registration is a critically important step for 

image comparison. In spatial data registration, a transform model needs to be 

fitted. In this study, three modifications are made to the Progressive Sample 

Consensus (PROSAC) method for such purpose, including tentative 

correspondence refinement, modification of progressive sampling and local 

optimization. The modifications are made to address the specific 

characteristics of image data taken from buildings under construction. 

Comprehensive comparisons and validations are made to verify the 

effectiveness of the developed modifications, and satisfactory results are 

obtained.  

The third research component is focused on progress measurement at 

workface, i.e., micro project progress. The micro project progress can be 

obtained by tracking and counting the completed work at the operation level. 

An image processing procedure is developed, with efficient computer vision 

methods proposed for each step in the procedure. Algorithms are developed 
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for automatic calculation of two commonly measured quantities at workface, 

including planar area and patch quantity of completed work. The validation 

experiment shows that the proposed framework for the planar area and patch 

quantity detection is feasible.  

Besides progress measurements, construction activity tracking is 

another important component in construction productivity evaluation and 

analysis. This research component is focused on activity tracking of 

construction workers or construction equipment, automatic classification of 

work activities, and assessment of work efficiency. In the proposed 

framework, a suitable moving object detection method is used to detect 

moving objects in an image frame. Object tracking methods are subsequently 

used to establish the correspondences of moving objects across different 

frames. The time utilization of each work cycle of a worker can be calculated 

by using single object tracking method. The efficiency or inefficiency of a 

worker can be determined based on the results of trajectory analysis in 

automatic activity sampling. The work activities are classified and modeled 

based on trajectories of involved workers on a construction site. Space and 

time utilization are analyzed using trajectories in multiple object tracking 

methods in the test video. 

The interrelationships of the research components are shown in Figure 

1.2.  
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Figure 1.2. Interrelationships of the research components 

 

 

 Research significance 

 Significance of the research for improving project management 

Construction industry in many developed economies including Hong 

Kong is facing workforce shortage problem at present, and the labor shortage 

will be increasingly severe in the future. Therefore, many endeavors have 

been initiated to study and improve the productivity and efficiency of 

construction operations by optimizing construction management. The four 

investigated topics in this research, including on-site construction video 

summary, macro project change detection based on image matching, micro 
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progress measurement based on object identification, and construction 

activity analysis, aim to assist video summary for project documentation and 

to extract useful productivity-related information from construction videos 

for assisting productivity and efficiency improvement.  

Automatic video summary system saves time and human effort in 

sorting and organizing project video information. The outcomes (video 

footages and image frames) from automatic video summary are anticipated to 

serve to develop useful tools for construction project image and video 

documentation, off-site communication, and jobsite information extraction.  

The construction progress measurement component can provide 

timely, macro project change and micro progress information on major 

construction tasks. The outcomes can be used to monitor the project changes 

and output consistently by using site photos. Compared with manual 

measurement methods, The proposed automatic methods are characterized by 

less cost, easy implementation, higher accuracy and more potentials of using 

the developed methods (e.g, using image matching in project image retrieval) 

in data analysis.  

The activity tracking can help to analyze the dynamic construction 

activities with significant detail. Based on information (trajectories in this 

research) obtained from the activity tracking, the construction work can be 

sampled and analyzed. Based on the outcomes of activity analysis (spatial and 

temporal utilization of construction site), project managers may develop and 

update construction planning and resource rearrangement for productivity 

improvement. 
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 Significance of the research for enhancing the knowledge 

In the research, many methods in image process and computer vision 

are tested or modified in construction scenarios to satisfy the characteristics 

of construction site videos. These methods can be used for videos which have 

similar characteristics. 

In construction video summary, the guide to low-level feature 

selection, modifications for feature computation were proposed to solve the 

influence of illumination variation and sparsity of the feature descriptor were 

proposed. A useful keyframe extraction method: action-based keyframe 

extraction was proposed, which performs better than commonly used 

temporal sampling methods. 

In macro progress detection using image matching, a modified 

PROSAC approach was proposed to iteratively compute the transformation 

matrix when the inlier ratio of keypoints correspondences between two 

images is low (about 5%-45%). The proposed approach was successively 

used in construction site photos and performed better than RANSAC, 

LoRANSAC and PROSAC methods. 

In the micro progress detection based on object identification and 

quantification, automatic planar area and patch detection approaches were 

developed. The proposed planar area detection can be used to replace the 

semi-automatic planar area detection; the proposed patch detection can be 

used to detect non-rectangle patches, which hasn’t been studied in the existing 

research. 
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In activity tracking and trajectory analysis of on-site moving entities, 

the preliminary methods to use trajectories for work sampling and activity 

analysis in the research. Based on the outcomes, the site utilization can be 

analyzed and other applications can be proposed as well. 

 

 Structure of this dissertation 

The rest of the dissertation is organized as follows. Chapter 2 

illustrates the automatic construction video summary system developed in 

this study. Chapter 3 discusses the automatic macro progress analysis based 

on the modified image registration method. Chapter 4 introduces operation-

level progress measurement, i.e., micro progress measurement, based on 

object identification and quantification. Chapter 5 introduces automatic 

activity sampling and analysis based on trajectory classification and modeling. 

Chapter 6 summarizes the entire research, discusses the limitations and 

recommends research directions in the future. For the interest of readability, 

some detailed mathematical calculation and equation derivations are placed 

in appendices.  
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CHAPTER 2. AUTOMATIC CONSTRUCTION VIDEO 

SUMMARY 

 Introduction 

Video recording systems are widely used on construction sites 

nowadays. On some projects, it is even compulsory for contractors to install 

video cameras of specified resolution and at designated locations to perform 

continuous recording (Architectural Services Department, 2007). The 

generated videos may be viewed real-time and/or become part of project 

records for various purposes. Compared with still photos and time-lapse 

images, videos provide more and richer information. They form a useful 

repository of project information from the perspective of project 

documentation management. 

Although potentially useful, two obstacles are encountered in using 

raw construction videos. One issue is that too much data are generated 

through continuous recording. A typical video camera on a construction site 

may generate 2-3 gigabytes of data per hour. A project that lasts for several 

years will create a huge amount of data. Another challenge is to retrieve useful 

information from the lengthy and unstructured video records. It is 

inconvenient and time-consuming to browse over the entire video footages to 

find the desired information. As a result, some contractors and owners think 

such video records are of limited use. They often discard the continuous 

videos shortly after construction due to limited electronic storage space 

(Bureau of Public Works of Shenzhen Municipality, 2014). This compromises 
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the intention of using the video records as permanent project documents, 

training materials, or materials for knowledge sharing. 

A close scrutiny of the video records, however, often reveals that a 

significant portion of the data is of little use. For example, unless for security 

reasons, videos recorded during non-work hours contain almost no new 

project information. Even during work hours, there is too much redundant 

information when the project progresses slowly. Therefore, there is great 

potential to “lean” the construction videos by removing those redundant 

frames. Time and structure information may be also attached to the “leaned” 

video records to make them better indexed and more easily retrieved. The 

processed records will then contain useful yet condensed information that can 

be economically stored, well organized, easily retrieved, and effectively used. 

This chapter presents the research of developing a construction video 

archiving system that aims to remove a large number of redundant image 

frames. The research focuses on solving three key issues in the development 

of the system, including: (1) identification of features that are appropriate for 

abstracting construction videos, (2) identification of effective method for 

segmenting construction videos into scenes based on the features, (3) 

identification of effective method for extracting key frames from the 

segmented scenes.  More emphasis is placed on the comparison of existing 

image features and the development of new ones for analyzing construction 

videos. New methods for video segmentation and key frame extraction are 

also developed. The obtained key frames and scenes from trial videos are 

chronically organized into an easily retrievable Extensible Markup Language 

(XML) document to facilitate web-based query and browsing. Although 
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video summary systems have been developed in other fields (e.g., sports 

videos, medical videos) (W. Chang, Yang, Kuo, & Lin, 2007; Choros, 2013, 

2014; Choros & Pawlaczyk, 2010; Gao, Li, & Yang, 2003; Ide, Mo, Katayama, 

& Satoh, 2006; Kuo, Chang, Fang, & Lin, 2011; Ott, Lambert, Ionescu, & 

Coquin, 2007; Priya & Domnic, 2014; Rasheed & Shah, 2003; Schoeffmann, 

Del Fabro, Szkaliczki, Böszörmenyi, & Keckstein, 2015), the approaches 

used in the existing systems cannot effectively address the unique 

characteristics of construction videos.  

The rest of the chapter is organized as follows. The second section 

introduces relevant existing studies, the characteristics of construction videos, 

and the general directions of feature selection. The third section discusses 

three types of image features, with emphasis on how to define the features for 

the purpose of processing construction videos. The fourth section introduces 

the use of the computed image features for scene segmentation and key frame 

extraction. The fifth section summarizes the experimental results of 

examining the accuracy and efficiency of scene segmentation and key frame 

extraction methods. The last section summarizes the findings and introduces 

future research needs. 

 

 Related work and the architecture of the developed system  

 Related work  

In response to the explosive growth of multimedia data, video 

summary systems have been researched and developed for various purposes. 

Example applications include television news (Choros, 2013, 2014; Choros 
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& Pawlaczyk, 2010; Gao et al., 2003; Ide et al., 2006), film videos (Ott et al., 

2007; Rasheed & Shah, 2003; Tsai, Kang, Lin, & Lin, 2013), sports videos 

(W. Chang et al., 2007; Hua, Han, & Gong, 2002; Kuo et al., 2011), ecological 

videos (Priya & Domnic, 2014), medical videos (Schoeffmann et al., 2015) 

and geographical survey videos (Luo, Khoshgoftaar, & An, 2005). For 

instance, video summary systems have been developed to remove irrelevant 

and low-quality images from endoscopic videos (Schoeffmann et al., 2015) 

and laparoscopic videos (Munzer, Schoeffmann, & Boszormenyi, 2013) for 

more effective use of medical records. The typical framework of a video 

summary system is illustrated in Figure 2.1. In the framework, the most 

important components are video feature selection and computation, video 

segmentation, and key frame extraction. 

Scene boundary detection

Key frames detection

Visual features computation

Raw video flow

(with metadata annotations)

Single visual feature Multiple visual features

Data document 

generation
 

Figure 2.1. The general framework of a video summary 

 

A video flow consists of images, captions and audios (Mo et al., 2004). 

Feature extraction is to convert raw information in recorded videos into 
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abstract information. Although caption (Mo et al., 2004) and audio (Hua et 

al., 2002) features are often selected in some news and film video summary 

systems, the most widely used feature is image feature. Unlike image pixels, 

image features are not affected by image transformation such as transition, 

zooming, and stretching and hence are more reliable. Image feature extraction 

is an essential step in image/video content analysis (Tussyadiah & Fesenmaier, 

2009). Various image features can be generally divided into two classes: high-

level and low-level features. The typical high-level features are shapes or 

objects (e.g., human beings) (Tsai et al., 2013). Low-level features include 

global (Günsel & Tekalp, 1998; Gianluigi & Raimondo, 2006; Yuan & Meng, 

2013), local (Liu, Wen, Zheng, & He, 2009; Schoeffmann et al., 2015), and 

motion (Caccia, Russo, & Lancini, 2003) features. For a global feature, the 

entire image is the subject of interest, whereas only a set of blobs in the image 

is interested for a local feature. For a motion feature, time is used as a variable 

in conjunction with the image information. The selected features need to 

match the characteristics and purpose of a particular video summary system. 

The calculated image features can be used for image segmentation, 

which requests to detect the boundaries of shots or scenes in the continuous 

video footage. Shots may be generated by camera cut, edited changeover 

(Brunelli, Mich, & Modena, 1999) and camera work state change (lens 

transition, rotation and zooming). Although a construction video created by 

continuous monitoring may not experience camera state changes, the videos 

may be divided into scenes that designate the major changes of construction 

tasks, e.g., switching from steel rebar installation to concrete placement. Such 

segmentation may provide better organization of construction videos based 
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on work content. Shot or scene boundary detection is usually achieved by 

measuring the difference between several consecutive image frames 

(Weiming Hu, Xie, Li, Zeng, & Maybank, 2011). According to the number of 

compared frames, the commonly used boundary detection methods can be 

divided into 2-frame method (HongJiang Zhang, Kankanhalli, & Smoliar, 

1993) and 3-frame method (Corridoni & Del Bimbo, 1995; Sethi & Patel, 

1995). The performance of scene segmentation is also closely related to the 

chosen features and frame discrimination computation method. Another aim 

of this study is to choose a proper frame discrimination method and compare 

the performance of different features in scene segmentation.  

Key frames are extracted from each scene after scene boundary 

detection. Key frames are the set of the representative frames from a scene. 

Existing key frame extraction methods can be categorized into four classes: 

shot boundary method, temporal sampling, clustering method, and visual 

difference curve based method. Shot boundary method uses shot boundaries 

(SB) as key frames (D. Zhang et al., 2007). This method, however, often 

misses the salient (distinguished) frames in the video stream. Temporal 

sampling methods include uniform temporal sampling (UTS) and adaptive 

temporal sampling (ATS). In UTS, key frames are extracted at a fixed time 

interval. UTS has two drawbacks: (1) the key frames may not be the most 

representative of the scene; (2) redundancy in the key frames is high 

especially in low progressing videos. Based on the cumulative difference 

from a reference frame, ATS extracts key frames by a predefined frame 

difference interval (S. H. Han, Yoon, & Kweon, 2000). ATS may still miss the 

salient frames and the frame difference interval is difficult to determine. 
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Visual difference curve (VDC) based method is to compare the feature 

difference between the current frame and the previous frame or a reference 

frame. Some researchers proposed using the curvature of points on the 

cumulative VDC to locate the key frames (Gianluigi & Raimondo, 2006). It 

is difficult, however, to determine the involved parameters in computing the 

curvature. Therefore, the third aim of this study is to develop a key frame 

selection method suitable for the summary of construction videos. 

It is noted that a number of studies have been conducted in the 

construction field on video computing that automatically processes video data 

for useful information. Some of the studies are also based on image feature 

extraction techniques. Examples include the detection and tracking of 

construction equipment (Azar & McCabe, 2012; I. Brilakis, Park, & Jog, 2011; 

Gong & Caldas, 2011) and content-based image query (I. Brilakis & 

Soibelman, 2005). Some other studies directly use certain visual contents for 

the assessment of construction quality (Lin & Fang, 2013; Nhat-Duc, Nguyen, 

& Tran, 2018; Shen, Chen, & Chang, 2018; R. Xie et al., 2018; Y.-S. Yang et 

al., 2018; Zhong, Peng, Yan, Shen, & Zhai, 2018) or the measurement of work 

progress (X. Zhang et al., 2009). To a certain extent, these studies represent 

another way of addressing the video volume problem by only retrieving and 

utilizing the useful information from the videos. The study presented in this 

chapter, however, focus on the video summary issue. The summarized videos 

may be conveniently used for various purposes, including the ones cited 

above. 
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 Characteristics of construction videos and analysis strategies 

Although different methods have been developed for video feature 

computation, scene boundary detection and key frame extraction, the 

application of the existing methods to construction videos needs to be 

carefully evaluated. Construction videos have unique characteristics. Firstly, 

construction videos are usually unscripted raw video files without embedded 

caption or narration information. Therefore, visual features are the only useful 

features in video analysis. Secondly, the construction sites are highly complex 

and dynamic; therefore, high-level feature (e.g., shape or object) might not be 

as reliable as low-level image features in scene boundary detection. Thirdly, 

since many construction videos are captured in outdoor environments, 

selected visual features should be less sensitive to light illumination changes 

and shadows.  

This research chooses to use global visual features instead of other 

features for several reasons. Firstly, global visual features are computed by 

the entire frame, which is more appropriate for scene segmentation than local 

features computed from a partial frame region. Secondly, global visual 

features such as color, gradient and texture usually outperform motion and 

high-level features in computational speed. Thirdly, it is difficult to define a 

single and unique high-level feature (e.g., a person or a unique object) in the 

dynamic construction sites. In choosing image features, a balance needs to be 

struck between the information contained in the feature and computational 

efficiency. Methods for feature selection, scene boundary detection, and key 

frame selection for processing construction videos are discussed as follows. 
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 Image feature identification 

As discussed before, images are the only useful and reliable source of 

information in construction video analysis. In this study, three modified low-

level image features are used as image descriptors, including color, gradient, 

and texture features. Although the three types of features have been 

extensively studied and used, it remains a question on how to choose the right 

features and define the parameters of the features to optimize their 

performance in analyzing construction videos. 

 Color features 

Color feature is computed based on color values in a chosen color 

space, and a color histogram is a commonly used color feature. The chosen 

color space largely affects the effectiveness of the color feature. Colors 

perceived by human eyes are mixed with red, green and blue (RGB) light. 

Therefore, the RGB color space is one of the commonly used color spaces, 

especially by display devices. RGB color space, however, is very sensitive to 

light source illumination. In the RGB space, three channels change non-

linearly as the illumination changes. This makes quantitative image analysis 

very difficult. 

Among different color spaces which are commonly used in various 

research, YXX-like (such as YCbCr, YUV and YIQ), CIELXX-like (such as 

CIELUV and CIE L*a*b*) and HSX-like color spaces (such as HSV) are 

capable of separating illuminance component from chrominance components. 

The YCbCr, YUV and YIQ color spaces are linearly transformed from the 

RGB color space. The other two channels except for illuminance channel (Y) 
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in these color space are color difference channels (Cb-, Cr-, U-, V-, I-, and Q-

channel), in which the illuminance effects  are reduced by subtraction 

operations (Wyszecki & Stiles, 1982). The CIE LUV and CIEL*a*b* color 

spaces are calculated by nonlinear transformation from CIE XYZ color space, 

which is transformed linearly from the RGB color space (Fairman, Brill, & 

Hemmendinger, 1997). However, the U-value and V-value in the CIE LUV 

transformation equations are still dependent on the L-value (Wyszecki & 

Stiles, 1982), whereas the a*-value and b*-value in the CIE L*a*b* are color 

difference channels and not influenced by the L-value. Therefore, the CIE 

L*a*b* color space may be more robust than the CIE LUV color space in 

representing construction video images where the illuminance of the same 

objects changes constantly. HSV color space is popular in object detection or 

recognition because it can separate the hue component and better accords with 

human eye perception (Park & Brilakis, 2012). The V-value is largely 

influenced by illuminance, the S-value is relatively less affected by 

illuminance, and the H-value is the least related to illuminance. Some 

research only used hue (H) and saturation (S) components to obtain color 

feature (Memarzadeh, Golparvar-Fard, & Niebles, 2013). In this study, all the 

color features mentioned above are evaluated by scene segmentation 

experiments using construction videos. Considering the illuminance effects, 

the existing studies and the experimental results, this research uses CIE 

L*a*b*, YIQ, YCbCr, and YUV to generate color histograms. In addition, the 

L- and Y- channels in the chosen four color spaces are dropped because they 

are affected by illuminance. The HSV color space and H plus S channels are 
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also used for comparison purpose. (The details of these color spaces are 

described in the Appendix A1.) 

The channel stability in color spaces can be demonstrated by two 

construction scenes (metal bending and concrete placement) on a same 

construction site (Figure 2.2). One hundred images are used from each scene. 

The mean color values of the images from the two scenes are used to illustrate 

the robustness of the three color channels in the CIE L*a*b* space (Figure 

2.3). The horizontal axis in Figure 2.3 is image index while the vertical axis 

displays the weighted mean color value. In Figure 2.3, the red, green and blue 

colors designate L, a and b channels, respectively, and the dots and crosses 

represent the image samples from the two scenes. The figure clearly shows 

that the L values fluctuate more severely than the other two and are more 

difficult to be separated with a fixed threshold. Conversely, it is much easier 

to divide the two scenes based on the a and b values. 

 

Figure 2.2. Two examples of construction site video images 
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(a)                                      (b)                                  (c)  

Figure 2.3. The CIE L*a*b* color values of images from two scenes.  

(a) L-value; (b) a-value; (c) b-value 

 

Two additional techniques are adopted in this study to further improve 

the effectiveness of feature discrimination. Firstly, an image is divided into 

blocks of sub-images (5×5=25 sub-images in this study, but they may be 

increased), and the overall color feature is formed by adding the color feature 

in each block into a vector. This enriches the information contained in the 

feature. The color histograms in the color difference channels (except for 

illuminance channel) are found to be concentrated in the middle bins of the 

color histograms, as shown in Figure 2.4a and Figure 2.4b. This would make 

the feature descriptor very sparse, i.e., containing too many zeros. The ultra-

sparsity of the feature descriptor not only reduces discrimination power, but 

also increases feature redundancy. Therefore, a nonlinear function is used to 

transform the originally equally distributed bin centers into bin centers with 

smaller intervals in the middle. The transformed color histograms in Figure 

2.4 are shown in Figure 2.5. After the transformation, the zero values in 

feature descriptors are much reduced, making the descriptors more concise 

and informative. 
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(a)                                           (b) 

Figure 2.4. Color histograms with equally distributed intervals.  

The test image is separated into 5×5 blocks; (a) a channel color 

descriptor in the CIE L*a*b* space; (b) b channel color descriptor in the 

CIE L*a*b* space 

 

  

(a)                                           (b) 

Figure 2.5. CIE L*a*b* color histograms of unequally distributed 

intervals.  

(a) a channel color descriptor in the CIE L*a*b* space; (b) b channel 

color descriptor in the CIE L*a*b* space 

 

In summary, four types of color features (CIE L*a*b*, YIQ, YCbCr, 

and YUV) that are less sensitive to illuminance are chosen as image 

descriptors for construction videos. Each image is divided into blocks of sub-

images for the construction of feature descriptor vectors. In each block, the 
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histograms using non-uniform bins are concatenated to form a vector of 400 

dimensions. 

 Gradient Features 

Another class of image feature used in this study is gradient feature. 

A variety of gradient features have been developed. A commonly used 

gradient feature is the histogram of oriented gradients (HOG) (Dalal & Triggs, 

2005; Memarzadeh et al., 2013), which is essentially a statistical summary of 

the orientations of image gradients. The HOG feature is frequently used in 

detecting an object. For instance, it has been used to detect construction 

equipment (Memarzadeh et al., 2013). A continuously-monitored 

construction scene, however, usually consists of numerous chaotic, non-

specific objects with changing contours. While gradient orientation is directly 

related to the contour (edge), the gradient magnitude is affected by image 

intensity difference on both sides of the edge. Hence, gradient magnitude is 

less affected by dynamic construction site. Consequently, the histogram of 

gradient magnitude (HGM) may be more appropriate to be used an image 

descriptor for construction videos. 

In this study, the image gradient is computed by using the Roberts 

kernel. 

𝑔𝑥 = [
1 0
0 −1

] , 𝑔𝑦 = [
0 1

−1 0
]

𝐺𝑥 = 𝑔𝑥 ∗ 𝐼
𝐺𝑦 = 𝑔𝑦 ∗ 𝐼

 

In this equation, 𝑔𝑥  and 𝑔𝑦  are the Roberts kernels along the x 

coordinate and y coordinate, respectively; 𝐺𝑥  and 𝐺𝑦  are the directional 

image gradients in the x and y coordinates, respectively; * is the convolution 
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operation; I is the image intensity matrix. The magnitude of gradient is 

computed as: 

𝐺 = √
𝐺𝑥

2+𝐺𝑦
2

2
  , 

where 𝐺  is the image gradient magnitude used in the following 

calculations. 

In the study, two gradient descriptors are developed based on 𝐺 , 

including the spatial distribution of gradient magnitude and the histogram of 

gradient magnitude. The calculation methods of these two descriptors are 

introduced as follows. 

 

The spatial distribution of gradient magnitude 

The spatial distribution of gradient magnitude proposed in this study 

is calculated by three steps: (1) the selection of a spatial distribution function 

as the weight mask, (2) the element-by-element product of the image gradient 

magnitude and the values from the weight mask, and (3) the summation of 

the product for each image. The method developed in this study is named as 

weighted average gradient (WAG). The Rayleigh distribution function, shown 

as Eq.(2-1) was used to generate the spatial distribution mask. This function 

can generate a series of masks which assign less weights to the marginal areas 

of the images (four corners and four edges). This is believed to be beneficial 

because the marginal areas are likely to be unreliable due to the vibration of 

cameras. In Eq.(2-1), r is the normalized distance between each pixel P and 

the origin pixel P0. The selection of different origins creates spatial 

distributions of different directions. In the study, eight origins were used:  four 
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located at the four image corners and the other four located at the centers of 

image borders. The parameter, 𝜌 , designates the scale of the spatial 

distribution function, and five scales were selected. Therefore, the set of 

weight masks consists of 8 (directions)×5(scales) combinations. The 

generated weight masks are shown in Figure 2.6 as an image set with 8 rows 

and 5 columns. Therefore, this image set has 40 weight masks, and each 

image is a weight mask at equal size as original video frames. 

𝑓(𝑟) =
𝑟

√2𝜌
𝑒

−𝑟2

2𝜌2

𝑟 = ‖𝑃 − 𝑃0‖

 (2-1) 

 

Figure 2.6. 8×5 normalized weight masks separated in 5 columns and 8 

rows  

(Note: The weight masks are subsequently used to calculate the WAG 

image descriptor) 

 

Each weight mask is used to calculate one element in the descriptor 

of the spatial distribution of the gradient, and 40 numbers are thus obtained. 

Figure 2.7 shows a visualized descriptor of the spatial distribution of the 

gradient. In this figure, each arrow denotes an element in this descriptor. The 

direction of an arrow is the direction of P0 with respect to the image center in 
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corresponding weight mask, and the length is the value of that descriptor 

element. In this figure, each box is calculated by a column of weight masks 

in Figure 2.6. Thus, five boxes are shown in Figure 2.7. Each arrow in a box 

is computed by each weight mask in the corresponding mask column in 

Figure 2.6. Thus, eight arrows are presented in each box. 

 

Figure 2.7. The visualized descriptor of spatial distribution of gradient 

magnitude 

40 values in this descriptor are shown in five boxes; each box contains 

eight arrows. 

 

The histogram of gradient magnitude 

The histogram of gradient magnitude (HGM) is the other gradient 

feature used in this study. Firstly, an image is divided into blocks of sub-

images. Then, HGM is calculated from each sub-image, and all the HGMs are 

stacked into a feature vector. Similar to the color features used previously, the 

image is deliberately divided into 5×5 blocks. Using coarse blocks helps 

exclude the influence of moving objects. If a moving object does not move 

out from one image block into another block, it will not cause a large change 

in the gradient magnitude. The number of histogram bins is specified as 8. A 

review of the analysis results suggests that the gradient values are skewed to 

the smaller end of the value range. Therefore, the right-hand “half” of the 

parabola function is used to transform the equally distributed histogram bin 

centers into unequally distributed ones. This is to reduce the sparsity of the 
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feature descriptor, similar to the color feature descriptor discussed before. The 

HGM descriptor is shown in Figure 2.8 as an example. Figure 2.8(a) the 

original HGMs of the image blocks and Figure 2.8 (b) is the transformed ones. 

  

 (a)                                        (b) 

Figure 2.8. The visualized descriptor of gradient magnitude histogram.  

The test image was separated into 5×5 blocks; (a) without the 

transformation of the bin centers; (b) after the transformation 

 

 Texture feature 

Repetitive patterns (reinforcing steel bars, installed columns, etc.) on 

a construction site are well suited for texture analysis. Gabor filtering, an 

effective method for calculating texture features, is chosen in this study. The 

repetitive patterns on a construction site may vary greatly in directions and 

scales. Therefore, a single Gabor filter cannot effectively capture all the 

patterns. This requests the design of an appropriate Gabor filter bank that 

consists of multiple filters with different directions and scales. The design of 

the Gabor filter bank is part of the study and is described in detail in Appendix 

A2. 

The equations in appendix indicate that a Gabor filter bank can be 

determined by a set of meaningful parameters, including 𝑓max, m, n, 𝑝1, and 
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𝑝2. In summary, 𝑓max is the maximum frequency; m and n are the number of 

scales and directions, respectively;  𝑝1 ∈ (0,1] and 𝑝2 ∈ (0,1]  indicate the 

extent of overlap between two consecutive Gabor kernels in the scale and 

direction dimension, respectively. Based on analysis of example construction 

videos (will be introduced later), the values of the parameters for defining 

Gabor filter banks are shown in Table 2-1. Although users may choose larger 

m and n values, this will sacrifice the computation speed without significant 

gains on feature effectiveness. 

Table 2-1. The defined parameters of the Gabor filter bank 

m 𝐹max k 𝑝1 𝑝2 n 

5 0.35 √2 0.2 0.2 8 

 

The result of Gabor filtering in the spatial domain is the convolution 

of image matrix I and the Gabor spatial kernel g, as shown in Eq. (2-2). In the 

equation, 𝑓(𝐼) and 𝑓(𝑔) are the Fourier transforms of I and g, respectively  

𝐺𝑏 = ‖𝑓(𝐼)‖ · ‖𝑓(𝑔)‖ (2-2) 

The output from Eq.(2-2), 𝐺𝑏, is a matrix. Each element in the texture 

feature descriptor is computed by adding all the values from the matrix. The 

process is repeated for each Gabor filter. Hence, the dimension of the texture 

feature vector is m×n. An example of the spatial Gabor filter response is 

shown in Figure 2.9, in which (a) is the intensity of the test image, (b) is the 

spatial Gabor filter bank (8 directions and 5 scales exist in this filter bank), 

and (c) shows the filtering responses. 
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(a)                     (b) 

 

         (c)  

Figure 2.9. Gabor filter bank (m=5, n=8) responses.  

(a) The test image; (b) Spatial Gabor filter bank; (c) The Gabor filtering 

responses of Gabor filter bank 

 

Figure 2.10 shows the texture feature descriptor for the image in 

Figure 2.9. The direction of the arrow is the direction of the Gabor kernel (8 

directions are used to generate Gabor filter bank). The length is the value of 

the Gabor feature element. Each box in the figure corresponds to a different 

scale in the Gabor filter bank (5 scales are used to generate Gabor filter bank). 

 

Figure 2.10. Example of the texture feature descriptor  

The number of elements in texture descriptor is 40 (5×8) 
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 Video decomposition 

This section focuses on the two levels of video structure analysis: 

scene boundary detection and key frame selection. The purpose of scene 

boundary detection is to divide a video into scenes within which the images 

share high similarity, while the purpose of key frame selection is to identify 

frames that represent each scene. 

 Scene boundary detection 

The essential task in scene boundary detection is to calculate the 

difference between the current frame and the previous frame. Thresholding 

method based on the magnitude of difference is used to find the scene 

boundaries. A binary decision function can be used to decide whether the 

current frame is the boundary of two scenes: 

 

𝑆 = 𝑇(𝑑(𝐹𝑝 − 𝐹𝑐), 𝑡) = {
1 𝑑(𝐹𝑝 − 𝐹𝑐) > 𝑡

0 𝑒𝑙𝑠𝑒
 (2-3) 

In this equation, 𝐹𝑝 and 𝐹𝑐 are the features of the previous and current 

frame; 𝑑(𝐹𝑝 − 𝐹𝑐)  is the dissimilarity between 𝐹𝑝  and 𝐹𝑐 ; 𝑆  is the decision 

variable that decides whether the current frame is the boundary of a scene, 

𝑆 = 1  means that current frame is the edge frame of a scene.; 𝑇  is 

thresholding operation with a defined threshold 𝑡.  

The typical methods for calculating the dissimilarity between two 

features include Euclidean distance (S. Chen, Shyu, Liao, & Zhang, 2002; 

Vellaikal & Kuo, 1996), absolute distance (Gargi, Oswald, Koshiba, 
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Devadiga, & Kasturi, 1995; Schoeffmann et al., 2015), Kullback-Leibler 

distance (Lang, Xu, Cheng, & Feng, 2004), chi-squared similarity (HongJiang 

Zhang et al., 1993) and intersection based dissimilarity (Gargi et al., 1995). 

Among these distances, Euclidean distance, absolute distance, Kullback-

Leibler distance and chi-squared similarity are unscaled distance. The value 

range of the unscaled distance calculated from different features may not be 

comparable, creating problems when concatenating different features into a 

single one (S. Chen et al., 2002) or adding distance values from different 

features together. Therefore, scaled distance may be a better solution in the 

thresholding method. Histogram intersection based distance is a scaled 

distance, which is computed by subtracting vector intersection, as shown in 

Eq.(2-4). In this equation, 𝑛 is the number of elements in the feature vector 

𝐹𝑝 and 𝐹𝑐; Fip, Fic is the ith element in the features of the previous and current 

frame, respectively; 𝑑(𝐹𝑝 − 𝐹𝑐) is the distance between two feature vectors. 

The value range of histogram intersection based distance is [0,1]. The larger 

value indicates a larger difference.  

 𝑑(𝐹𝑝 − 𝐹𝑐) = 1 −
∑ min(𝐹𝑖𝑝, 𝐹𝑖𝑐)

𝑛

𝑖

∑ max(𝐹𝑖𝑝, 𝐹𝑖𝑐)
𝑛

𝑖

 (2-4) 

Figure 2.11 shows the dissimilarity between two images computed 

with Eq. (2-4) in the CIE L*a*b* coordinate. 
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Figure 2.11. The dissimilarity between two images 

 

In this chapter, two other scaled distances, shown in Eq.(2-5) and 

Eq.(2-6) were modified from Euclidean distance and absolute distance to 

calculate feature dissimilarity, 𝑑(𝐹𝑝 − 𝐹𝑐).  

𝑑(𝐹𝑝 − 𝐹𝑐) = √
∑ (𝐹𝑖𝑝 − 𝐹𝑖𝑐)

2𝑛

1

∑ (𝐹𝑖𝑝
2 + 𝐹𝑖𝑐

2)
𝑛

1

 (2-5) 

𝑑(𝐹𝑝 − 𝐹𝑐) =
∑ |𝐹𝑖𝑝 − 𝐹𝑖𝑐|

𝑛

1

∑ (|𝐹𝑖𝑝| + |𝐹𝑖𝑐|)
𝑛

1

 (2-6) 

The value range of modified feature distance is [0,1] as well. They 

outperform Euclidean distance, absolute distance and chi-squared distance in 

terms of the capability of averaging all the feature distances when multiple 

features are used.  

Scene boundaries are obtained by thresholding the distances between 

two successive frames in a video. Figure 2.12 shows the feature distance 

curve in a video sequence computed from Eq.(2-5). The ground truth of scene 

Feature: Color     Dissimilarity between two images:0.7108
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boundaries (labeled by human examiners) is often displayed in this figure. 

The triangles (red and yellow) indicate the scene boundary suggested by the 

human examiners. Red triangles indicate stronger suggestions of scene 

boundaries. The yellow and red lines are the dissimilarity thresholds 

according to the defined dissimilarity terms listed in Table 2-2. One 

contribution in this chapter is to compare the three distances in Eq.(2-4)~(2-6) 

in the experiment section when the threshold is fixed. 

 

Figure 2.12. Feature distance curve in a video sequence 

 

Table 2-2. The suggested dissimilarity checklist for decision 
 

Dissimilarity term Dissimilarity value range 

1 Very different [0.9, 1] 

2 Fairly different [0.6, 0.9) 

3 Different [0.3, 0.6) 

4 Similar [0.1, 0.3) 

5 Very similar [0, 0.1) 

 

 Key frame detection 

Four classes of key frame extraction methods are introduced in section 

two. To solve their shortcomings, an action based (AB) method is developed 
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in this study. The first image of each segmented scene is used as a reference 

frame as well as a key frame. This reference frame is used to compare the 

other frames in the same scene, based on feature distance. The change of the 

feature distance (𝑑(𝐹𝑟 − 𝐹𝑐), 𝐹𝑟=feature of the reference image) with image 

index is continuously evaluated. If the computed feature distances of 

consecutive images remain relatively stable, these images are grouped into a 

same “action.” If an abrupt change in the computed feature distance is found, 

another action occurs and one key frame is extracted from each action. In this 

study, the key frame within each action is selected as the image with the 

largest peak of the computed feature distance, although one may also select 

the most common image from the action as the key frame. Hence, the set of 

key frames in a scene consist of the first image and a representative frame 

from each action in the scene. 

In Figure 2.13, an example construction video is used to demonstrate 

the action sequences and the selection of key frames. In Figure 2.13, the 

horizontal axis is the frame index in the scene, and the vertical axis is the 

feature distance between each frame and the reference frame. The shaded 

areas of different heights are different actions, with red lines marking the 

action boundaries. In this scene, three actions are detected by comparing the 

frame distances with the reference frame. In each action sequence, one key 

frame is selected (marked with circles). 

A convolution operation is used to detect the action boundaries using 

Eq.(2-7). In the equation, f is the frame difference curve as shown in Figure 

2.13, and 𝑔(𝜏) is a symmetrical structure kernel and takes the form as 𝑔(𝜏) =
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[−1,⋯ ,−1,0,1,⋯ ,1] . The action boundaries are located by finding the 

salient local extrema of the convolution result. 

(𝑓 ∗ 𝑔)(𝑡)     =  ∫ 𝑓(𝜏) 𝑔(𝑡 − 𝜏) 𝑑𝜏
∞

−∞

 (2-7) 

 

Figure 2.13. Demonstration of key frame extraction 

 

 Data document generation 

In the final stage, video archiving result will be generated. Because 

the videos are decomposed according to the space-descending hierarchy of 

videos, scenes, action sequences and key frames by the video archiving 

system. In the descending order of the abilities of storage saving, video 

structure levels are listed as key frames, play sequences, scenes, videos. For 

storage saving, users can choose to keep video data at an appropriate level. If 

the users only want to store keyframes, large hard disk space can be saved by 

keeping the essential information. 

Extensible Markup Language (XML) (W3C, 2015a) documents are 

automatically generated to store the video structure data as one exported 
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document. This XML file can help to build a convenient video browse and 

query system due to the merits of XML. Firstly, XML elements (nodes and 

attributes) can be named very flexible, and these elements can be used to store 

the query keywords. Next, XML is a very adaptive data saver. Users can 

define their data structure by saving data in layered sub-nodes or attributes. 

This will facilitate users to save desirable video structure based on the stored 

video data. Finally, XML separates style sheet and data file, which enables 

XML to focus only on data instead of displaying format. However, by 

working with the Extensible Stylesheet Language Transformations (XSLT) 

(W3C, 2015b) file, The XML document can then be displayed in an user-

defined format by any decent web page browsers. This function is useful 

when users cannot locate the desired information using a query system. 

Since tree-like video representation method is considered as an 

efficient one for video browsing (Rui, Huang, & Mehrotra, 1998), Figure 2.14 

shows the full-scale XML data structure consisting of video, scene, action 

sequence, key frame from top to bottom. The outer layer of the data structure 

is named as “Video”, which is used to store the information of the entire video 

clip. The second layer is named as “Scene”, which is used to record the 

information of each scene in the parent video. The boundary of two 

consecutive scenes is designated as Ci. The third layer is named as “Action”, 

which is used to store the information of each action sequence. The final layer 

is named as “Key Frame”, which is used to store the information of each key 

frame. 
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Figure 2.14. The XML data structure 

 

 

 Experimental results and discussion  

Five construction videos (the videos are collected from the same 

construction site and contain different scenes in a construction project) were 

used for testing the methods and algorithms used in this research. For ease of 

comparison, the five videos were merged into two combined video clips. One 

clip is about one hour long and at 240×360 resolution, and the other is about 

one and half hour long and at 576×768 resolution. The performance of scene 

boundary detection methods was evaluated by comparing the computer-

generated results with human examination results. The performance of the 

key frame extraction methods was evaluated using four scenes from a 

construction video clip. The storage saving potential was evaluated by using 

two downsized videos. 

Detect scene transition

Extract key frames

C1 C2 C3

Video

Scene

Action

Detect action sequence

Key Frame
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 The performance of scene boundary detection methods  

Manual scene separation 

Manual validation was performed to evaluate the accuracy and 

effectiveness of the automatic scene boundary detection methods using the 

proposed visual features. Precision (P) and recall (R) are two well-established 

criteria for evaluating the effectiveness of an information retrieval system, 

defined as follows (Van Rijsbergen, 1974): 

𝑃 =
|𝐴 ∩ 𝐵|

|𝐵|
 (2-8) 

𝑅 =
|𝐴 ∩ 𝐵|

|𝐴|
 (2-9) 

where 𝐴  is the set of relevant documents and 𝐵  is the set of 

automatically retrieved documents. 

In this study, precision (P) and recall (R) were used to evaluate the 

automatic scene boundary detection methods. |B| designates the set of cutting 

points determined by a particular automatic boundary detection method, 

while |A| designates the ground truth set of cutting points. 

In the validation of some automatic systems, the ground truth set is 

often determined by human examiner(s). For example, |A| is determined by 

one expert in a study of image segmentation (Morra, Tu, Toga, & Thompson, 

2009). If multiple human examiners are involved, there are likely 

discrepancies among human examiners. It has been found, however, that the 

ranking of the automatic processing methods is “insensitive” to the  sets 

created by different human examiners (Lesk & Salton, 1968). In this study, 



41 

 

three research assistants with construction experience were recruited to 

independently separate the images. The manual separation results are 

summarized in Table 2-3, where V is the number of votes that each scene 

cutting point received from the three participants. 𝑁𝑉
0 (𝑉 = 1,2,3) designates 

the number of cutting points that received V votes from the examiners. For 

example, for video one, 8 cutting points received all the 3 votes from the 

examiners, 6 cutting points received 2 votes, and 11 cutting points received 1 

vote each. The optimum set of cutting points (the “ground truth”) are built by 

those which obtained at least two votes from the three examiners. This aims 

to reduce discrepancies among human examiners. 

Table 2-3. Manual validation results 

Video Number of cutting points with different counts of votes 

𝑁3
0 (V =3 votes) 𝑁2

0 (V =2 votes) 𝑁1
0  (V =1 votes) 

clip 1 8 6 11 

clip 2 3 1 6 

 

The values of P and R range from 0 to 1. A higher P value implies that 

the computer does not generate too many cutting points that are not contained 

in the optimum set of cutting points, while a higher R value implies that the 

computer does not miss too many cutting points included in the optimum set 

of cutting points. An ideal method will result in high values for both P and R. 

However, users generally need to balance P and R according to practical 

requirements. When R is equal to 1, all the cutting points in the optimum set 

are detected by the test method. 
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The performance of single feature 

In performance comparisons, the effects of different parameters that 

define the Gabor filter bank were first examined. The comparison results 

based on the precision of scene boundary detection are summarized in Table 

2-4 (According to experimental results, the changes of recall are not sensitive 

to the parameter changes and hence are not listed). The stacked line graphs of 

precision measurements obtained by using different Gabor parameters are 

shown in Figure 2.15. 

 

Table 2-4. The precision results obtained by using different Gabor 

parameters 

 𝑝1 , 𝑝2 (𝑝1 = 𝑝2) 𝐹𝑚𝑎𝑥=0.2 𝐹𝑚𝑎𝑥=0.3 𝐹𝑚𝑎𝑥=0.4 𝐹𝑚𝑎𝑥=0.5 

Clip 1 0.5 0.4444 0.6154 0.7857 0.7857 

0.4 0.4211 0.5333 0.7857 0.7857 

0.3 0.4000 0.5000 0.7857 0.7857 

0.2 0.4444 0.5000 0.7857 0.7333 

0.1 0.4706 0.4706 0.6923 0.7143 

Clip 2 0.5 0.6667 0.5000 0.1000 0.0185 

0.4 0.6667 0.6667 0.1111 0.0179 

0.3 0.6667 0.6667 0.1250 0.0192 

0.2 0.6667 0.6667 0.2857 0.0227 

0.1 0.6667 0.6667 0.5000 0.0588 

 

 

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

Figure 2.15. The stacked line graphs of precisions based on different Gabor 

parameters. 

 (a) Changes of stacked precisions in video clip 1 with 𝐹𝑚𝑎𝑥; (b) changes of 

stacked precision in video clip 2 with 𝐹𝑚𝑎𝑥; (c) changes of stacked 

precisions in video clip 1 with 𝑝1 and 𝑝2; (d) changes of stacked precisions 

in video clip 2 with 𝑝1 and 𝑝2;  

 

Figure 2.15 shows that precisions appear to be more sensitive to 𝐹𝑚𝑎𝑥 

than to 𝑝1 and 𝑝2. The trends with respect to 𝐹𝑚𝑎𝑥 are seemingly different for 

the two videos: In video one, precision increases with the increase of 𝐹𝑚𝑎𝑥, 

while the trend is opposite in video two. The precision changes largely for 

𝐹𝑚𝑎𝑥 ranging from 0.3 to 0.4. To achieve good results for both videos, 𝐹𝑚𝑎𝑥 =

0.35 is selected. The precision is less affected by 𝑝1 and 𝑝2, and a value of 

0.2 apparently results in good results in both videos. 

Comparisons of various single image features were also performed. 

The assessed features not only include those developed in this study, but also 

those reported in literature. Popular features reported in video summary 

literature and also examined in this study include CIELUV (Kasturi, Strayer, 

Gargi, & Antani, 1996), HSV (Gianluigi & Raimondo, 2006; Yuan & Meng, 

2013), HOG, SIFT descriptor (Khosla, Bainbridge, Torralba, & Oliva, 2013) 

and wavelet statistic feature (Gianluigi & Raimondo, 2006). HMMD, which 

is suggested for computing color feature in the MPEG-7, is also included 

(Pickering & Rueger, 2003). The results of scene boundary detection based 

on various features and the two video clips are summarized in Table 2-5-Table 

2-8. 

Table 2-5. Scene boundary detection results using proposed visual features 

in video clip 1 
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Visual Feature 
Precision Recall Feature 

size 

Time/

Frame 

(ms) dist1 dist2 dist3 dist1 dist2 dist3 

Color 

YCbCr 0.5385 0.6667 0.8571 1 1 0.8571 600 17.48 

YUV 0.6667 0.7368 1 1 1 0.8571 600 17.21 

YIQ 0.5385 0.5833 0.7059 1 1 0.8571 600 18.21 

CIE 

L*a*b* 
0.6364 0.7000 0.7647 1 1 0.9286 

600 
42.79 

CbCr in YCbCr 0.6364 0.7368 0.9286 1 1 0.9286 400 17.48 

UV in YUV 0.9333 0.8750 1 1 1 0.7143 400 17.21 

IQ in YIQ 0.5833 0.6667 0.7647 1 1 0.9286 400 18.21 

ab in CIE 

L*a*b* 
0.7368 0.7647 1 1 0.9286 0.7857 

400 
42.79 

Gradient 
WAG 0.5000 0.5000 0.6154 0.7857 0.7857 0.6714 40 

15.95 
HGM 1 1 1 0.5000 0.3571 0.2857 200 

Texture Gabor 0.6667 0.6923 1 0.7143 0.6429 0.5714 40 65.60 

 

Table 2-6. Scene boundary detection results using several visual features 

reported in existing studies in video clip 1 

Visual Feature Precision Recall Feature 

size 

Time/Fra

me (ms) dist1 dist2 dist3 dist1 dist2 dist3 

Color CIELUV 1 1 1 0.4286 0.4286 0.2857 600 24.21 

HSV 0.6667 0.6000 0.8462 1 0.8571 0.7857 600 24.40 

HS in 

HSV 

0.9231 1 1 0.8571 0.6429 0.5714 400 24.40 

HMMD 0.6667 0.7500 0.8462 0.8571 0.8571 0.7857 600 21.18 

Gradient HOG 0.5000 1 1 0.4286 0.2143 0.2143 200 11.59 

SIFT 0.2222 0.2333 0.3415 1 1 1 3584 41.82 

Texture Wavelet 1 1 1 0.5714 0.4286 0.3571 20 9.65 

 

Table 2-7. Scene boundary detection results using proposed visual features 

in video clip 2 

Visual Feature 
Precision Recall 

Feature 

size 

Time/F

rame 

(ms) dist1 dist2 dist3 dist1 dist2 dist3 

Color 

YCbCr 0.2667 0.3333 0.6667 1 1 1 600 52.06 

YUV 0.3636 0.4000 1 1 1 0.7500 600 56.03 

YIQ 0.4000 0.4000 1 1 1 0.7500 600 56.74 

CIE 

L*a*b* 
0.2857 0.3333 0.6000 1 1 0.7500 600 174.86 

CbCr in 

YCbCr 
0.2667 0.3636 0.6000 1 1 0.7500 400 52.06 

UV in 

YUV 
0.3333 0.4444 1 1 1 0.7500 400 56.03 

IQ in YIQ 0.4000 0.3750 1 1 0.7500 0.7500 400 56.74 

ab in CIE 

L*a*b* 
0.2857 0.3636 0.6000 1 1 0.7500 400 174.86 

Gradien

t 

WAG 1 1 1 0.5000 0.5000 0.5000 40 
85.72 

HGM 1 0 0 0.7500 0 0 200 

Texture Gabor 0.6667 0.6667 0.5000 0.5000 0.5000 0.2500 40 374.81 
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Table 2-8. Scene boundary detection results using several visual features 

reported in existing studies in video clip 2 

Visual Feature 
Precision Recall  Time/Fr

ame 

(ms) 
dist1 dist2 dist3 dist1 dist2 dist3 

Color 

CIELUV 0.3333 0.5000 1 0.2500 0.2500 0.2500 600 99.53 

HSV 0.2500 0.2667 0.6667 1 1 1 600 107.32 

HS in 

HSV 
0.2500 0.2667 0.5000 1 1 0.7500 

400 
107.32 

HMMD 0.6667 0.5000 1 1 0.7500 0.7500 600 81.21 

Gradient 
HOG 0 0 0 0 0 0 200 42.61 

SIFT 0.1875 0.1765 0.5000 0.7500 0.7500 0.5000 3072 295.45 

Texture Wavelet 0 0 0 0 0 0 20 40.83 

 

Several conclusions can be drawn from these four tables.  

⚫ Color features generally outperform gradient and texture features; 

⚫ The performance of the color, gradient and texture features developed 

in this study are better than the existing popular ones; 

⚫ When a fixed threshold is used, 𝑑𝑖𝑠𝑡1 will provide the worst result of 

precision and the best result of recall among the tested three distances, 

while 𝑑𝑖𝑠𝑡3  will provide the best result of precision and the worst 

result of recall. 𝑑𝑖𝑠𝑡2 often provides neutral results of precision and 

recall among these three distances. Therefore, 𝑑𝑖𝑠𝑡2 was selected to 

calculate the feature distance in key frame selection experiment. 

⚫ In general, the precision of scene boundary detection is improved 

when the illuminance channels are excluded in color features; 

⚫ The performance of YUV, YCbCr, YIQ and CIEL*a*b* might change 

in different videos. 

⚫ The features based on gradient magnitude seemingly outperform the 

features based on gradient orientation for construction images. 
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The performance of each feature may be affected by video’s 

characteristics. In general, color feature performs better when images have a 

large variation of color values, but it may be affected by illumination. 

Gradients are calculated by the Roberts kernels. Therefore, the gradient 

feature is a fine scale texture descriptor. Consequently, it may not perform 

well in texture-smooth images. However, gradient feature tends to have the 

fastest computational speed among three visual features. Gabor feature can 

detect image texture on different scales. However, it appears to be 

computationally demanding and sensitive to minor changes in the image. It 

has been proposed to use multiple features as a feature description set in 

object recognition (Kong, Wang, Wang, & Wu, 2013; L. Zhang, Zhang, Tao, 

& Huang, 2012; Zhi, Xu, Zhang, & Chen, 2014). However, this solution is at 

the expense of computational speed. According to the experiment results, a 

suitable color feature or gradient feature generally leads to satisfactory results 

for construction videos. 

 

 The performance of key frame extraction  

The key frame extraction results can be evaluated using fidelity (FD) 

measure, key frame number (𝑛𝐾𝐹) and compression ratio (CR) (Gianluigi & 

Raimondo, 2006). FD indicates the extent of the extracted frames accurately 

representing the original video, while CR reflects the reduction of redundant 

information. CR is computed based on 𝑛𝐾𝐹.  In general, the larger values of 

FD and CR indicate better performance. However, there is a possible tradeoff 

between FD and CR: The increase of key frame numbers may improve FD at 

the expense of reduced CR, and vice versa. 
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The performance of different combinations of visual features and key 

frame extraction methods was assessed using 4 scenes from video clip 2. The 

assessment results are summarized in Table 2-9. In addition, the results from 

scene no. 2 are illustrated in detail in Figure 2.16.  The SB method only takes 

two images (the starting one and the end one) from each scene. Therefore, it 

results in the highest CR but the lowest FD.  As shown in Figure 2.16, it may 

miss some frames whose contents are drastically different than the others. In 

the UTS and ATS methods, a user needs to specify the sampling intervals. In 

this trial, the sampling interval for UTS is defined as one per 50 frames, while 

the sampling interval for ATS is set to obtain the same key frame number as 

that in the UTS method.  As shown in Figure 2.16, although the UTS methods 

generate more key frames, they actually contain less information than the 

smaller set of key frames generated by the AB method. For instance, the key 

frames created by the AB method revealed that crane passed by for three times. 

Similarly, the ATS method does not totally overcome the shortcomings of the 

UTS method; moreover, the sampling interval relies on user input and the 

optimum interval is hard to find. The AB method developed in this study 

apparently outperforms the other existing methods.  

 

Table 2-9. The evaluation results of key frame extraction 

Visual 

feature 

Key 

frame 

extraction 

method 

Steel 

preparation 

workplace (297 

frames) 

Steel work at 

height (594 

frames) 

Ceiling 

concrete  work 

(631 frames) 

Ceiling 

framework 

work (1066 

frames) 

FD nKF FD nKF FD nKF FD nKF 

UV in 

YUV 
AB 0.7802 4 0.5820 10 0.8556 3 0.8863 2 

  SB 0.7448 2 0.4920 2 0.8402 2 0.8677 2 

  UTS 0.8108 6 0.5778 12 0.9105 13 0.9349 22 

  ATS 0.8180 6 0.5986 12 0.8974 13 0.9316 22 
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ab in 

CIEL*a*b* 
AB 0.8258 4 0.5648 8 0.8204 3 0.9062 2 

  SB 0.7448 2 0.5030 2 0.8184 2 0.8891 2 

  UTS 0.8222 6 0.5814 12 0.8914 13 0.9397 22 

  ATS 0.8263 6 0.5869 12 0.8799 13 0.9335 22 

Gabor AB 0.8919 4 0.7963 6 0.8857 6 0.9453 2 

  SB 0.8762 2 0.7540 2 0.8050 2 0.9090 2 

  UTS 0.9232 6 0.8575 12 0.8080 13 0.9677 22 

  ATS 0.9342 6 0.8282 12 0.8101 13 0.9715 22 

Gradient AB 0.9273 3 0.8658 12 0.9325 7 0.9472 2 

  SB 0.9102 2 0.7798 2 0.8770 2 0.9322 2 

  UTS 0.9393 6 0.8138 12 0.8795 13 0.9728 22 

  ATS 0.9335 6 0.7863 12 0.8805 13 0.9721 22 

 

 

 

(a) AB method (left: frame distance; right: key frames) 

 

 

 (b) SB method (left: frame distance; right: key frames) 
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(c) UTS method (left: frame distance; right: key frames) 

 

 

 

(d) ATS method (left: frame distance; right: key frames) 

Figure 2.16. Key frame extraction results of different methods (using the 

color feature in a and b channels in CIEL*a*b* space) 

 

Since the FD values in Table 2-9 are based on different number of 

frames, the performance of different methods may not be directly comparable. 

Therefore, using SB as a baseline, the increase in FD value per unit increase 

in key frame is calculated, as shown in Figure 2.17. It indicates that the AB 
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method developed in this study generally leads to the largest unit increase in 

FD value for all the features. 

 

Fig 14 

Figure 2.17. The performance of key frame extraction methods 

 

 The performance of system  

In this section, two downsampled video clips are used to test the video 

summary. After the operation of developed video summary system, two video 

clips were separated into different structure scales: video, scenes, and key 

frames. From data saving perspective, the on-site construction videos are 

highly redundant, and the potentially valuable information are episodic. The 

cache space can be saved by storing keyframes instead of the whole video. 

Table 2-10 shows the video summary results. In Table 2-10, nS is the number 

of detected meaningful scenes; nKF is the number of detected key frames; CR 

is the compression ratio. 

Table 2-10. Key frame extraction results of two video clips 

Feature Clip 1/2704 frames Clip 2 / 2588 frames 

nS nKF CR nS nKF CR 

CbCr in YCbCr 12 32 0.9882 6 14 0.9948 

UV in YUV 12 35 0.9871 6 11 0.9959 

IQ in YIQ 12 29 0.9893 6 13 0.9952 

ab in CIE L*a*b* 11 34 0.9874 6 15 0.9945 
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Gradient feature 6 27 0.9900 2 12 0.9956 

Texture feature (Gabor) 12 22 0.9919 3 19 0.9927 

 

When the videos are preserved, no compression is made. When only 

key frames are saved, the compression ratios are the largest. To only save the 

key frames is a highly condensed information repository of construction 

project videos. Users can save on-site project video in either way by balancing 

the storage saving and data preserve demands. From data browse perspective, 

this system uses an XML file to store video structure data, which can facilitate 

users to approximately locate the desired data without scanning the whole 

video. These key frames are chronologically organized to show how the job 

site condition evolves in the construction project video. In this way, three-

dimensional video data can be displayed on the two-dimensional screen using 

a sequence of still key frames, which resembles the storyboard method 

(Herranz & Jiang, 2015). Additionally, the video structure in XML can be 

presented as well. This function is convenient for video browsing because 

video structure-based browsing is more efficient than directly searching 

through the original videos. 

  

 Conclusion 

In the construction industry, there is a high demand for turning bulky 

monitoring videos into concise and structured video data for easy storage, 

retrieval, and analysis. Three key components of a construction video 

archiving system are researched, including visual features, scene 

segmentation, and key frame extraction. The use of color, gradient, and 
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texture features for abstracting construction videos are extensively studied. 

Non-linear transformed color histograms are created from 4 color spaces that 

are less sensitive to illuminance. Two new gradient features are developed, 

namely the histogram of gradient magnitude (HGM) and weighted average 

gradient (WAG). A systematic approach to designing a Gabor filter bank that 

generates filters with different directions and scales are studied. The features 

and feature bank developed in this study specifically target at construction 

videos. A scaled distance measurement modified from Euclidean distance is 

proposed to calculate feature dissimilarity for scene segmentation. An action 

based (AB) method is developed for extracting key frames from segmented 

scenes. The integrated approaches developed in this study are tested by real 

construction videos. 

Several conclusions can be drawn from this study. Judged from 

precision and recall, color features generally outperform gradient and texture 

features, and the performance of the color, gradient and texture features 

developed in this study are generally better than the existing popular ones. 

According to the experimental results, a suitable color feature or gradient 

feature generally leads to satisfactory results for construction videos.  It is 

also found that the AB method developed in this study generally leads to the 

largest unit increase in fidelity (FD) measurement value for all the features; 

hence, it is appropriate to be used for key frame extraction. Because only the 

key frames are retained, the processed videos save a large amount of storage 

space. 

Based on the key components investigated in this study, a video 

archiving and analysis system may be developed. The system may be further 
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extended to cover several functions that potentially benefit construction 

project management and administration, including: (1) building taxonomy for 

construction video semantic analysis and clustering of construction scenes, (2) 

using obtained results to quantitatively analyze construction productivity, and 

(3) building a suitable query system for the archived key frames. 
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CHAPTER 3. AUTOMATIC MACRO PROGRESS 

MEASUREMENT USING IMAGE REGISTRATION 

METHOD 

 Introduction 

Productivity improvement has gained much attention in the 

construction industry. Project progress measurement is a fundamental step in 

construction productivity assessment. In a construction project, project 

managers need to dynamically adjust construction schedule and resource 

usage plan based on actual work progress. The measured progress records can 

also be used to assess crew performance as well as work efficiency. 

Traditional progress measurement is commonly conducted by on-site project 

managers or trained professionals (Changyoon Kim et al., 2013). This human-

based method is largely reliant on assessors’ experiences and assessment 

methods used. Manual assessments are often inefficient for their low 

frequency, labor-intensity (Yoon et al., 2006) and subjectiveness (Changyoon 

Kim et al., 2013). For this reason, automatic progress measurement has been 

proposed by many researchers (Ahmed Memon, Zaimi Abd, & Mustaffar, 

2007; Z. Chen et al., 2002; El-Omari & Moselhi, 2008; Golparvar-Fard, Peña-

Mora, et al., 2009; Golparvar-Fard, Peña-Mora, & Savarese, 2012; K. K. Han 

& Golparvar-Fard, 2015; Linda Hui et al., 2015; Changmin Kim, Son, & Kim, 

2013a; Razavi & Haas, 2010, 2011; Son & Kim, 2010; Turkan et al., 2012; 

Tzeng et al., 2008; Yoon et al., 2006; C. Zhang & Arditi, 2013). 

Different methods involving different types of data have been used to 

assist automatic project progress measurement (El-Omari & Moselhi, 2008; 
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Changyoon Kim et al., 2013). One approach is related to tracking material 

use. Commonly used technologies under this category include bar-code (Z. 

Chen et al., 2002), RFID tags and readers (Razavi & Haas, 2010, 2011; Tzeng 

et al., 2008; Yoon et al., 2006), and image processing techniques (K. K. Han 

& Golparvar-Fard, 2015; L. Hui & Brilakis, 2013; Linda Hui et al., 

2015).Progress is measured by calculating the consumption of construction 

materials. Compared with bar-code or RFID methods, less equipment cost 

and measurement time are required in image-based methods. Although these 

methods provide quantitative information about material use, work progress 

may not be sufficiently described by material use alone. Moreover, the 

provided results are difficult to be understood by persons who do not know 

the specifics of the project. 

The second approach uses the periodic creation of the three-

dimensional (3D) models of job sites. The 3D models established at different 

time points can be compared to measure construction progress (Changmin 

Kim, Son, & Kim, 2013b). Two methods can be used to generate 3D models: 

laser scanning and vision-based method. Although laser scanning is a popular 

method to build 3D models (Turkan et al., 2012; C. Zhang & Arditi, 2013), it 

has some disadvantages. Not only laser scanning equipment is costly, but the 

procedure is also time-consuming to obtain adequate 3D points for building 

an integral model of the scanned objects. In addition, color information is 

absent in the 3D models from laser scanning, which reduces the users’ visual 

acceptability in model visualization. To overcome the disadvantages, some 

studies adopt photogrammetry method to save scanning time (El-Omari & 

Moselhi, 2008) or add color information (Changmin Kim et al., 2013a). The 
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augmented reality (AR) technique has also been adopted to visualize 

construction status from the 3D models (Golparvar-Fard, Peña-Mora, et al., 

2009). Another method to visualize construction status is to superimpose as-

built 3D models at different times to time-lapsed photograph (Golparvar-Fard, 

Pena-Mora, Arboleda, & Lee, 2009). Compared with laser scanning, vision-

based method uses images (time-lapse images or daily site images) to create 

3D models (Ahmed Memon et al., 2007; Golparvar-Fard et al., 2012; Son & 

Kim, 2010). This method is more economical and time-saving to establish 3D 

models for construction progress measurement. However, the accuracy of 3D 

models generated from vision-based methods is often not sufficiently high 

when object obstruction or movement occurs. 

The third type of method, which is not extensively researched or 

discussed in literature, is to use videos or images recorded by on-site 

surveillance cameras or ad hoc videos or images taken by project 

engineers/managers to measure work progress (Ibrahim, Lukins, Zhang, 

Trucco, & Kaka, 2009). Such image data is widely available and very 

inexpensive to obtain. With the ubiquity of smartphones or other handheld 

devices, such data becomes even more abundant. In fact, project participants 

use them routinely in project meetings to discuss project progress or issues, 

or use them for project documentation purposes. Project progresses shown in 

these images are currently interpreted by humans.  Because these images are 

taken at different angles of under-construction facilities, in different light 

conditions, and in dynamic backgrounds, it is very challenging to 

automatically extract project progress information from the unstructured 

image data. They cannot be used to build a decent 3D model either because 
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the image capture process is not well planned. However, the large amount of 

unstructured image data form a potential treasure trove to mine useful project 

information, especially project progress information.  

The purpose of this study is to develop a methodology to use the 

unplanned, unstructured construction site image data to measure project 

progress. The project progress is measured by comparing consecutive project 

images based on image registration methods. To address the specific 

challenges of applying image registration methods to the progress 

measurement of under-construction buildings, a modified PROSAC-based 

(PROgressive SAmple Consensus) sample consensus method is developed in 

this study. It is found that the developed method can be satisfactorily used to 

evaluate construction progress using the image data mentioned above. This 

chapter is organized as follows. Section 3.2 introduces related work about 

sample consensus methods. Section 3.3 discusses the main methodology 

developed in this study. In this section, the basic theory of PROSAC method, 

the special characteristics of image data from under-construction buildings, 

and modifications to the PROSAC method are described in detail. Section 3.4 

presents the results of validation experiments. Summary and conclusions are 

made in section 3.5. 

 

 Review of relevant work  

 Basic concepts 

After project images are obtained, progress measurement can be 

achieved by comparing the images taken at different times. The key step in 



58 

 

image comparison is spatial data registration, in which a transform model 

needs to be established to transform data in different coordinate systems into 

one coordinate system. Spatial data registration applies to two-dimensional 

(2D) or three-dimensional (3D) data. It is an important task in many practical 

applications, e.g., computer vision and laser scanning. Subsequent to spatial 

data registration, data comparisons or data fusion (Rosten & Drummond, 

2005; Wenge & Yun-Jian, 2017) can be performed in accordance with the 

specific applications.  

Image data are 2D spatial data. In image data registration, the goal is 

to change the perspective of one image (source image) to match the 

perspective of another image (target image) so that the differences between 

the two can be computed by image subtraction algorithms. Such differences 

reveal project progress information. The change of image perspective is 

realized through a geometrical transform matrix. The matrix is computed by 

a set of point-by-point correspondences established in the target image and its 

source image. Currently, feature-based methods are often used, which can 

efficiently establish the correspondences between two images. In such 

methods, distinct keypoints in two images are detected respectively. A series 

of point-by-point correspondences are then established by matching the 

keypoints in the two images. The matching is accomplished by measuring the 

similarity between a keypoint in the source image and a keypoint in the target 

image. Specifically, a keypoint in the target image corresponds to a keypoint 

in the source image when they have the minimum dissimilarity (maximum 

similarity). The smaller the dissimilarity is, the better the correspondence it 

implies. Commonly, each keypoint in the target image is used to create only 
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one correspondence. However, in some research, a keypoint in the target 

image may be used to create multiple correspondences.  

The number of keypoints in an image are usually enormous. Hence, a 

tentative correspondence set (a proportion of the total correspondences) is 

selected in transform matrix calculation by image registration for reducing 

computational burden. Each pair of  keypoints in a tentative correspondence 

set should have a higher similarity than those not selected. To achieve this 

objective, the tentative correspondence set needs to be established based on a 

thresholding method. The identified tentative correspondence set is then used 

in transform matrix calculation. In the proposed application, the homography 

matrix is obtained by image registration to transform images of under-

construction buildings for comparison. 

The homography matrix cannot be computed directly by the least 

square method because the tentative correspondence set still contains a large 

number of outliers (incorrect correspondences). Therefore, a smaller subset 

(also known as a sample) from the tentative correspondence set are chosen 

iteratively for optimizing the computational result. Using a cost function, the 

homography matrix is updated gradually until the value of the cost function 

is optimal (Fischler & Bolles, 1981). The sample in each loop of the iteration 

has to contain the minimum number of correspondences for matrix 

calculation, and the correct result can only be obtained based on a sample of 

inliers (correct correspondences). The procedure to accomplish model fitting 

by iteratively drawing samples from a set of data is known as sample 

consensus. 
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 RANSAC and modifications  

RANSAC (random sample consensus) (Fischler & Bolles, 1981) is a 

basic sample consensus method. In using RANSAC, samples are randomly 

drawn from a data set and then analyzed in a hypothesize-and-verify loop. 

First, a hypothesized model is computed by a randomly selected sample; the 

hypothesis is then verified against the entire data set (tentative 

correspondence set) using a defined cost function. If the value of the cost 

function is better than the so-far-the-best result, the model will be updated. 

The hypothesize-and-verify loop repeats until a stopping criterion is reached. 

The standard stopping criterion in RANSAC is determined by the probability 

of selecting an uncontaminated sample. The probability can be computed 

using the ratio of inliers in the tentative correspondence set. If there are 𝐼𝑁 

number of inliers in 𝑁 tentative correspondences, the inlier ratio is  휀 = 𝐼𝑁 𝑁⁄ . 

Supposing that each sample comprises 𝑚 correspondences, the probability of 

a sample containing only inliers is 휀𝑚, and the probability of this sample is 

contaminated by outliers is (1 − 휀𝑚) . The probability that 𝑘  samples 

successively drawn from the tentative correspondences are contaminated is  

𝜂 = (1 − 휀𝑚)𝑘 (3-1) 

Hence, the probability that a correct model can be obtained by 

drawing 𝑘 samples is (1 − 𝜂). An upper bound of 𝜂, 𝜂0, is defined to stop the 

iteration in RANSAC. When 

𝜂 ≥ 𝜂0 (3-2) 
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the hypothesize-and-verify loop in RANSAC should be terminated. 

Commonly, 𝜂0 is set within 1%-5% (Raguram, Frahm, & Pollefeys, 2008). 

The minimum value of  𝑘 to satisfy Eq.(3-2) is 

𝑘𝑁 = 𝑙𝑜𝑔(𝜂0) 𝑙𝑜𝑔(1 − 휀𝑚)⁄  (3-3) 

𝑘 ≤ 𝑘𝑁  is the condition to execute the iterative computation; 

otherwise, the computation should be terminated. This is the standard 

stopping criterion in RANSAC. In case 𝑘𝑁 is excessively large, a maximum 

number of iterations of hypothesize-and-verify loop can be predefined as 𝑇𝑁 

to prevent excessive iterations.  

According to the discussion above, computation time is usually 

determined by the maximum number of iterations ( 𝑘𝑁 ). In RANSAC, 

however, 𝑘𝑁 will become excessively large during the process of obtaining 

an optimal result when the inlier ratio is small (according to Eq.(3-3), This 

leads to long computation time. Therefore, many modification methods have 

been proposed for RANSAC to reduce computation time and improve the 

accuracy and stability of model fitting.  

The first type of modifications is focused on the establishment of a 

tentative correspondence set with a smaller size and a higher inlier ratio. This 

is the most straightforward method for saving computation time. The tentative 

correspondence set is mainly obtained by thresholding the dissimilarities of 

two keypoints in the correspondences. Therefore, a smaller threshold will 

generate less tentative correspondences. However, this method is at risk of 

reducing inliers. Sattler et al. introduced a method to reduce tentative 

correspondences by performing spatial consistency check (Sattler, Leibe, & 
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Kobbelt, 2009). However, the use of this approach in analyzing construction 

images by the authors did not yield improved performance; moreover, the 

approach only can be applied to image features with scale attributes, e.g., the 

SIFT feature. Some modifications intend to include more possible inliers 

when selecting the tentative correspondence set. For example, a keypoint can 

be used to generate multiple matching correspondences to address the 

ambiguity in feature matching (McIlroy, Rosten, Taylor, & Drummond, 2010; 

B. J. Tordoff & Murray, 2005). However, the size of the correspondence set 

will be expanded multiplicatively. Some modification methods such as 

GroupSAC (Kai, Hailin, & Dellaert, 2009) and F-SORT (Chan, Lee, & Qian, 

2016) were proposed to divide the tentative correspondences into different 

groups. The inlier ratios of different groups may be different, and samples for 

consensus are drawn from the same group. As a result, efficiency and 

accuracy can be improved by sampling in grouped correspondences. 

The second type of modifications targets at sampling method. In 

RANSAC, samples are drawn randomly. This means RANSAC treats each 

correspondence equally. However, the probability of being an inlier for each 

correspondence is unequal. Therefore, various methods were proposed to 

optimize the sampling procedure. The PROSAC (PROgressive SAmple 

Consensus) was proposed under the assumption that a higher similarity of 

keypoints in a correspondence indicates a higher probability of being an inlier 

(O. Chum & Matas, 2005). In PROSAC, the correspondences with higher 

similarities are drawn earlier. This allows PROSAC to converge earlier than 

RANSAC does. Additionally, guided sampling consensus (Cheng & Lai, 

2009; Lai, Wang, Xiao, & Wang, 2014; B. Tordoff & Murray, 2002; B. J. 
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Tordoff & Murray, 2005) and deterministic sample consensus (Botterill, Mills, 

& Green, 2009; McIlroy et al., 2010; Otte, Schwanecke, & Zell, 2014) 

techniques were proposed to draw samples. In guided sampling, each 

correspondence in a sample is selected based on a defined rule. For example, 

the correspondence in a sample is drawn based on the prior probability of 

being an inlier in conjunction with the MLESAC method (Torr & Zisserman, 

2000). In deterministic sample consensus, the correspondences with the 

highest probabilities of being inliers are chosen to be included in a sample 

gradually. Sample selection is fully controlled by the prior inlier probability 

of each correspondence. The prior probabilities, in both guided sampling and 

deterministic sample consensus methods, are updated based on user-defined 

rules and initial prior probability. Therefore, the defined update procedure 

will affect the accuracy and robustness of sample consensus. 

The third type of modification is model refinement. Currently, the 

best-known model refinement method is local optimization (Barath & Matas, 

2017; Ondřej Chum, Matas, & Kittler, 2003; Lebeda, Matas, & Chum, 2012). 

Local optimization is performed after the current-best model is updated. The 

modification assumes that a sample comprising only inliers provide the most 

accurate result. Therefore, a repeated hypothesize-and-verify loop is executed 

by drawing samples from the inliers determined by the so-far-the-best model. 

Local optimization intends to obtain a more stable model than the current-

best model. This modification will increase computation time. However, time 

increment is slight since the number of executing local optimization  is small. 

Besides local optimization, other refinement methods were also proposed 

(Barath & Matas, 2017; J. Chen, Ma, Yang, & Tian, 2014). 
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The fourth type of modifications attempts to save time in the 

verification stage, e.g., early termination of bad hypotheses (Capel, 2005; 

Matas & Chum, 2004, 2005; Proença, 2014) and using preemptive solutions 

(Nister, 2003). Early termination saves time in verifying bad hypotheses using 

the entire tentative correspondence set. However, this modification might 

sacrifice the accuracy of model fitting by erroneously rejecting good 

hypotheses. In preemptive solutions, several hypotheses are scored 

preemptively according to their posterior likelihoods without the verification. 

A winner (hypotheses) will then be determined from the preemptive set and 

verified. In using this method, the posterior likelihood is updated based on the 

defined rules. Hence, improper rules might cause a decrease in model 

accuracy. 

The fifth type of modification is homography degeneration check (O. 

Chum, Werner, & Matas, 2005). Homography degeneration check is proposed 

to improve the accuracy of model fitting in epipolar geometry when most of 

the features are on a principal plane. This modification is only used to 

improve the fitting of transform models containing epipolar geometry. 

These five types of modifications add additional steps to the 

conventional RANSAC. Some minor modifications to RANSAC were also 

proposed, e.g., the use of different cost functions in the verification stage. In 

RANSAC, the count of the number of inliers is used as the cost function, and 

the inliers are determined by a threshold. Therefore, the selection of threshold 

in RANSAC may influence the result of model fitting. To overcome this 

disadvantage, in MSAC and MLESAC (Torr & Zisserman, 2000), another 
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two cost functions were defined based on the transfer error of the 

correspondences.  

For the five types of modifications discussed above, modifications on 

the selection of the tentative correspondence set, sampling method, and model 

refinement method generally have the largest influences on the robustness, 

accuracy, and efficiency in model fitting. Based on the characteristics of 

images from under-construction projects, a new  sample consensus method 

was developed specifically for data registration of construction images. The 

backbone of the new method is the PROSAC-based sample consensus method, 

with modifications on the selection of the tentative correspondence set, the 

sampling method, and model refinement method. As will be shown later in 

the chapter, the developed method well fits the special characteristics of 

construction applications and can be used effectively for project progress 

analysis. 

 

 Methodology 

 PROSAC algorithm 

In the PROSAC method (O. Chum & Matas, 2005), the tentative 

correspondence set (𝐶) is sorted first in descending order according to feature 

matching scores. Sampling is executed in a subset of the tentative 

correspondence set. This subset is denoted as 𝒰𝑛 . 𝒰𝑛  contains the first 𝑛 

correspondences in the sorted set 𝐶. The size of the subset grows as more 

correspondences  are added one by a time. The total number of samples drawn 

from 𝑛 -size subset ( 𝒰𝑛 ) is calculated using Eq.(3-4). This equation 
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guarantees that the maximum number of drawn sample is 𝑇𝑁 when the subset 

(𝒰𝑛) is equal to the entire tentative correspondence set (𝒰𝑁). In this equation, 

𝑚 is the number of correspondences in a sample. (
𝑛
𝑚

) is used to calculate the 

number of combinations when choosing 𝑚  out of 𝑛  correspondences. 

𝛣(𝑥, 𝑦) is a Beta function. 

𝑇𝑛 = 𝑇𝑁

(
𝑛
𝑚

)

(
𝑁
𝑚

)
= 𝑇𝑁

𝛣(𝑁 − 𝑚 + 1,𝑚)

𝛣(𝑛 − 𝑚 + 1,𝑚)
 (3-4) 

Therefore, the increased number of samples when the subset grows to 

𝒰𝑛+1 = 𝒰𝑛⋃𝑢𝑛+1 (𝑢𝑛+1 is the (𝑛 + 1)𝑡ℎ correspondence) can be computed 

as 𝑇𝑎𝑑𝑑 = ⌈𝑇𝑛+1 − 𝑇𝑛⌉, in which  

𝑇𝑛+1 − 𝑇𝑛 =
𝑚

𝑛 − 𝑚 + 1
𝑇𝑛

= 𝑇𝑁

𝑚

𝑛 − 𝑚 + 1

𝛣(𝑁 − 𝑚 + 1,𝑚)

𝛣(𝑛 − 𝑚 + 1,𝑚)
 

(3-5) 

In order to make comparison with the standard RANSAC method, the 

standard termination rule in RANSAC method is chosen as the stopping 

criterion in the modified PROSAC method (without 𝑛∗  optimization). The 

PROSAC using standard termination criterion is shown in Algorithm 1. In 

this algorithm, 𝐻 is the output homography matrix. 
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 Modifications 

Data registration for images from under-construction building 

projects is difficult. It is affected by two major problems.  

The first problem is the difficulty in differentiating permanent 

structures from those moving structures. The problem is illustrated in Figure 

3.1. In. Figure 3.1(a) shows a high-rise building under construction, while 

Figure 3.1(b) shows the same building which was captured one month later. 

During the period, about two more stories had been added, which are the 

changes of the permanent structures. During the same period, the climbing 

concrete formwork had also been raised by about two stories in height.  In 

comparison with Figure 3.1(a) and Figure 3.1(b), the captured structures can 
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be divided into three components: 1) the completed permanent structure in 

both Figure 3.1(a) and Figure 3.1(b), 2) the added new permanent structure in 

Figure 3.1(b) only, and 3) the moving formwork. Different transformation 

strategies need to be applied to the three components. For component 1), the 

transformation only needs to address the perspective change and scale change; 

for component 2), no correspondence exists between the two images; for 

component 3), the transformation needs to consider the perspective change, 

scale change, and locational change. More efficient and accurate results can 

be achieved if the correspondences for the three components can be treated 

separately. 

 

 

(a)                                     (b)                                      (c) 

Figure 3.1. The images of an under-construction building captured on the 

different dates. 

 (a) the image captured before; (b) the image of the same building captured 

half month later; (c) the mosaic of images in (a) and (b) 

 

Another problem is lower inlier ratio of typical construction images. 

This may be caused by different reasons. Firstly, the construction sites are 

inherently complex and dynamic. Therefore, the proportion of valid image 

features (those not affected by noise) is low. Secondly, there are many similar 

and/or repetitive structures in human-made structures such as buildings. 
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Consequently, the ratio of correct correspondences obtained through 

measuring feature similarity is low. Thirdly, the images are commonly 

captured in an outdoor environment and perhaps using different devices. The 

interference of factors such as illumination is unneglectable, which decreases 

the accuracy of feature matching.  

In view of the challenges discussed above, three modifications are 

proposed for the PROSAC algorithm. The first modification is tentative 

correspondence refinement, which is used to address the first problem. The 

second one is modified progressive sampling and the third one is local 

optimization: Both methods are developed to address the second problem. 

 

 (1) Refinement of tentative correspondences using spatial constraints 

In the study, the tentative correspondence set (𝐶) is refined using the 

spatial constraints of the matched keypoints. The correspondence of two 

keypoints in two images can be represented as a transition vector. For 

example, if 𝑋𝑖
1 = (𝑥𝑖

1, 𝑦𝑖
1)  and  𝑋𝑖

2 = (𝑥𝑖
2, 𝑦𝑖

2)   are the locations of the 

matched keypoints in two images, the correspondence of the two points is 

denoted as the transition vector 𝑋𝑖
1 𝑋𝑖

2⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑  ⃑. The special characteristics of images 

taken from under-construction building are manifested in the orientations and 

lengths of the transition vectors. 

Firstly, the orientations of the transition vectors of the 

correspondences follow a bimodal distribution. As discussed before, for an 

under-construction building, certain portions of the project may become 

unchanged (only subject to perspective and scale changes in different images), 
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while some portions may be subject to locational changes. Therefore, the 

orientations of the transition vectors of the correspondences in the 

homography of an under-construction project such as a building may follow 

a bimodal distribution. Secondly, the distribution of transition vector length 

is highly skewed with a positive skewness. This is caused by abundant outliers 

in the correspondences of two images, due to the generally chaotic 

construction scenes In view of the two characteristics, the correspondences 

are divided into subgroups by partitioning the orientations and/or the lengths 

of the transition vectors of matched keypoints in two images. A subgroup is 

then identified as the refined tentative correspondence set. Subsequent 

sampling is limited to the selected subgroup, leading to potential 

improvement in accuracy and efficiency  

Based on the discussions above, the following algorithm is developed 

for obtaining the refined tentative correspondence set (𝐶𝑟𝑒𝑓) by partitioning 

the orientations and lengths of the transition vectors of the correspondences. 

The refined tentative correspondence set is used for progressive sampling, 

𝒰𝑁 = 𝐶𝑟𝑒𝑓,  
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 (2) Modify the progressive sampling process 

In the PROSAC method (O. Chum & Matas, 2005), the tentative 

correspondences are first sorted in a descending order according to feature 

matching scores. From the sorted correspondences, the first n 

correspondences are used as a sampling subset (𝒰𝑛). 𝒰𝑛 is increased by one 

at every time (𝒰𝑛→𝒰𝑛+1), from which 𝑇𝑎𝑑𝑑 = ⌈𝑇𝑛+1 − 𝑇𝑛⌉ samples of size 

m are selected for verification. The newly added correspondence is 

automatically included in the sample (of size m); hence,  𝑚 − 1 number of 

correspondences need to be randomly selected from the previous subset 𝒰𝑛. 

In this study, two modifications are made to the PROSAC method in the 
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progressive sampling process. The first modification deals with the addition 

of a new correspondence to the sampling subset (𝒰𝑛 ), while the second 

modification deals with the termination criteria when sampling within the 

subset. 

In construction image applications, the size of the tentative 

correspondence set ( 𝑁 ) is generally large (usually several thousand). 

Consequently, 𝑇𝑎𝑑𝑑 as calculated in Eq.(3-5), is usually equal to 1, indicating 

that the number of samples grows progressively by one as 𝒰𝑛 is increased. 

The automatic addition of the new correspondence in the sample, however, 

may not always be effective for construction images. Through the analysis of 

a large number of images, this study found that the inlier ratios in 𝒰𝑛  (휀𝑛 =

𝐼𝑛 ⁄ 𝑛,  𝐼𝑛 is the number of inliers in 𝒰𝑛) mostly follow the trends as shown 

in Figure 3.2(a) and Figure 3.2(b), and in very rare cases they follow the trend 

shown in Figure 3.2(c). In Figure 3.2(a) and Figure 3.2(b), 휀𝑛  usually 

increases first until it reaches a maximum value (a peak). This implies that 

the added correspondences generally belong to “inliers” before the peak. 

Therefore, it is desirable to include more samples from these correspondences. 

After the peak, the inlier ratio decreases with the increase of n, implying that 

more outliers are added. Therefore, it is not necessary to include every added 

correspondence after the peak has been reached. 

 

 (a)                                             (b)                                         (c) 
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Figure 3.2. 휀𝑛~𝑛 curves of image pairs obtained at different time intervals: 

(a) two images captured at 1-day interval; (b) two images captured at 2-day 

interval; (c) two images captured at 4-day interval 

 

The strategy used in this study is to add a subroutine after the peak for 

determining whether to include the new correspondence into the new sample. 

The exact location of the peak in Figure 3.2, however, cannot be identified 

unless the ground truth (correct inliers and outliers) is known. In this study, 

the peak was estimated (named as a dividing point, 𝑛𝑑) based on trials. When 

𝑛 ≤ 𝑛𝑑 , the conventional progressive sampling in PROSAC by gradually 

adding 𝑇𝑎𝑑𝑑  samples is adopted. When 𝑛 > 𝑛𝑑 , 𝑇𝑎𝑑𝑑  samples are drawn if 

the newly added correspondence is determined as an inlier by the so-far-the-

best model; otherwise, 𝑇𝑎𝑑𝑑  is added up until the next inlier is added. By 

using this modification, not every correspondence is progressively sampled.  

The difference between the conventional and modified progressive 

sampling strategies is shown in the curves of 𝑇𝑛
′ = ⌈𝑇𝑛⌉  (Figure 3.3), which 

are produced based on actual construction images. The figure shows that the 

curve of 𝑇𝑛
′  generated by the conventional PROSAC method is much 

smoother than that generated by the modified method, suggesting that some 

correspondences are skipped in using the modified method. The precondition 

for the suitability of this modification is that model fitting is continuously 

improved in each iterative updating; consequently, the determined inliers by 

the current-best model is trustworthy when 𝑛 > 𝑛𝑑 . This modification is 

robust if 𝑛𝑑 is sufficiently large. 
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Figure 3.3. The number of samples drawn with respect to the size of 𝒰𝑛 in 

the PROSAC and modified PROSAC 

 

The second modification borrows the idea from RANSAC (Eq. (3-1)-

(3-3)). In the original PROSAC procedure, the number of samples drawn 

from n-size subset (𝒰𝑛 ) is calculated by using Eq.(3-4). In the modified 

PROSAC procedure, a limit is imposed on the contamination probability of 

the drawn samples, designated as 𝜂𝑛 (to differentiate with 𝜂0 in Eq. (3-2)). 𝜂𝑛 

is defined according to the value of 휀𝑛 and serves as a termination criterion in 

𝒰𝑛, based on which the number of samples that need to be tested in the subset 

𝒰𝑛 is calculated as: 

𝑘𝑛 = 𝑙𝑜𝑔(𝜂𝑛) 𝑙𝑜𝑔(1 − 휀𝑛
𝑚)⁄  (3-6) 

where 휀𝑛  is the inlier ratio in 𝒰𝑛 . The number of samples that need to be 

drawn and verified in the subset is max(𝑘𝑛, 𝑇𝑛 ). 

This modification generally increases the total number of drawn 

samples as compared with the original PROSAC method, hence improving 

computational accuracy. The modified PROSAC method is shown in 

algorithm 3. In the algorithm, 𝐶 is the original tentative correspondences; 𝑁 

is the number of refined tentative correspondences; 𝑇𝑁  is the defined 
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maximum number of iterations; 𝑚 is the size of a sample; 𝐻 is the result of 

homography estimation, and  𝑘𝑛 is the number of samples that need to be 

tested in the subset is 𝒰𝑛, and it increases with the increased size of 𝒰𝑛 (n).  

One particular issue that needs to be addressed is to determine the 

proper value of 𝜂𝑛 , which needs to be chosen so that the resultant 𝑘𝑛 

(Eq.(3-6)) not only increases with the number of n, but also is not be too large 

to affect computational efficiency. The relationships between 휀𝑛 , 𝜂𝑛, 𝑘n are 

demonstrated in Figure 3.4, where y-axis shows the logarithm of 𝑘n and the 

x-axis shows the values of 휀𝑛. The figure indicates that 𝑘n generally increases 

exponentially with the decrease of 휀𝑛, and it is also affected by the chosen 𝜂𝑛. 

 

 

Figure 3.4. Relationships of 𝑘𝑛, 휀𝑛 and 𝜂𝑛 based on selected 𝜂𝑛 for 

illustration  

 

At the same 𝜂𝑛 , Figure 3.4 shows that the resultant 𝑘𝑛  is highly 

affected by the inlier ratio 휀𝑛. When 휀𝑛 is small (say less than 0.1), 𝑘𝑛’s are a 
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large number and less affected by the value of 𝜂𝑛 . As 휀𝑛  increases, 𝑘𝑛 ’s 

become sensitive to the chosen 𝜂𝑛. If 휀𝑛 is large (say greater than 0.6), 𝑘𝑛’s 

become very small if a large value of 𝜂𝑛 is chosen. As demonstrated in Figure 

3.2, 휀𝑛  varies with n in actual construction images. To ensure that 𝑘𝑛 

gradually increases with the number of n and at the same time does not 

become too large, 𝜂𝑛 is set to vary with 휀𝑛. An example of using different 𝜂𝑛 

for different 휀𝑛 is shown in Figure 3.5. In this example, when 0.2 < 휀𝑛 ≤ 0.3, 

the value of 𝜂𝑛 is set to be 0.4; when 0.3 < 휀𝑛 ≤ 0.5, the value of 𝜂𝑛 is set to 

be 0.2; when 0.6 < 휀𝑛, the value of 𝜂𝑛 is set to be 0.01. When 휀𝑛 is a small 

value,  𝑘𝑛  is not used to restrict the progressive sampling (the PROSAC 

method is applied), because 𝑘𝑛 is insensitive to the chosen 𝜂𝑛.  

 

 

Figure 3.5. The value of 𝑘n with respect to 휀𝑛 and a hierarchically fixed 𝜂𝑛 

determined according to the value of 휀𝑛 

 

As compared with the use of a fixed value of 𝜂𝑛, varying 𝜂𝑛
 
with 휀𝑛 

balances the needs for retaining more inliers and computational speeds. The 

effect of modification can be more easily seen through actual data. The 
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changes of 𝑇𝑛 (original PROSAC method), 𝑘𝑛with a fixed 𝜂𝑛 , and 𝑘𝑛with a 

varying 𝜂𝑛  are shown in Figure 3.6(a). The figure indicates that 𝑘𝑛 with a 

varying 𝜂𝑛 (the black curve) does not coincide with 𝑇𝑛 (the blue curve). In 

addition, the modified sample number (the maximum value of 𝑘𝑛 and 𝑇𝑛 ), as 

shown in the magenta curve in Figure 3.6(b),  does not severely increase the 

sample number as  a small 𝜂𝑛 (the red curve) does.  

 

(a)                               

 

 (b) 

Figure 3.6. The changes of  𝑇𝑛, 𝑘𝑛with a fixed 𝜂𝑛 , and 𝑘𝑛with a varying 𝜂𝑛 
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This method can assist decreasing the probability that the drawn 

samples are contaminated (𝜂 in Eq.(3-1)) by proactively using parameter 휀𝑛 

in the sampling process. The difference in posterior contamination probability 

between the original and modified PROSAC methods is demonstrated in 

Figure 3.7, using actual construction images as an example.  It is shown that 

the values of 𝜂 are decreased through the modification. 

  

Figure 3.7. The decreased values of 𝜂 in modified PROSAC method 
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(3) Local optimization 

To refine the result of model fitting, a local optimization procedure is 

executed after the updating of the so-far-the-best homography model 𝐻∗ (as 

shown at line 27 in algorithm 3). Five possible implementations of local 

optimization were introduced by Chum et.al. (Ondřej Chum et al., 2003), all 

resulting in an increase in the number of inliers. In this study, the inner 

RANSAC (the fourth implementation proposed by Chum et.al.) is chosen 
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after considering the computational speed and accuracy. The chosen inner 

RANSAC method also assists decreasing the number of associated 

parameters and the complexity of the algorithm. The modified local 

optimization algorithm is shown in Algorithm 4, where H* is the optimized 

result at this step.  

 

 

 Experiments 

To test the effectiveness of the three proposed modifications, three 

methods based on different modifications are tested in the experiments. The 

first method (Mode1) uses the local optimization only. The second method 

(Mode2) uses both the modified progressive sampling and local modification. 

The final method (Mode3) employs all three modifications.  The test sequence 

is planned in accordance with the possible effectiveness of the three 

modification.   
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A high-rise building construction project of 280 meters tall (56 stories) 

was used for experiments. The building was made of site-cast concrete and 

self-climbing concrete formwork was used for construction. The images were 

mostly captured when the project was built from 10-20 stories. The test 

images were paired with different time intervals, i.e. two weeks, one week, 

and three days. Five image pairs of the same time interval were tested. Hence, 

a total of fifteen image pairs were chosen as the test images. Two maximum 

iteration limits were set for the experiments. When the time interval is short, 

the inlier ratio of the tentative correspondences is generally high. In such 

cases, the maximum number of iterations is set as 𝑇𝑁 = ⌈𝑁/1000⌉ × 1000 

(𝑁 is size of the original tentative correspondence set). In the experiments, 

the sample consensus was found to be usually terminated by 𝐾𝑁 . The 

computation time for an image pair is usually several hundred millisecond 

(ms) or less. However, when the time interval is large, e.g., two weeks, the 

inlier ratio of the tentative correspondences is generally low. The maximum 

number of iterations is set as 𝑇𝑁 = ⌈𝑁/1000⌉ × 10000. In such cases, the 

sample consensus is commonly terminated by 𝑇𝑁.  

Three metrics, the number of samples (𝑘), the number of inliers (𝐼) in 

the original tentative correspondence set and the image overlapping error (𝑒) 

in a circumscribed region, are used to evaluate the performance of the 

different sample consensus methods. The number of samples ( 𝑘 ) 

approximately linearly indicates computation time in sample consensus: Less 

samples demand less computation time. The number of inliers (𝐼) indicates 

the goodness of model fitting: The more inliers are detected, the better the 

model fits. The overlapping error (𝑒 ) is calculated in a predefined image 
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region which includes partial under-construction buildings in images. 

Although the error may be increased due to the progressing of the project, the 

standard deviation of repetitive executions of the algorithms on the same 

image pairs provides an indication of the algorithm stability.  

To consider the randomness in the sampling process, each test image 

pair was tested five times using the same method. The mean values and the 

standard deviations of 𝑘 , 𝐼  and 𝑒  for the five tests were computed. These 

variables show the accuracy and robustness of model fitting. The results of 

the calculated three parameters using different algorithms are summarized in 

Table 3-1 - Table 3-3.  

Table 3-1. Summary of the performance evaluation of image registration 

(time interval of the paired images is three days) (Note: The best 

performance indicators are bolded) 

No. of tested 

image pair 

Method 𝑘 ± σ𝑘 𝐼 ± σ𝐼 𝑒 ± σ𝑒 

1 RANSAC 5000.00±0.00 563.80±76.00 37.03±7.36 

휀 =16.98% LoRANSAC 4818.80±221.93 600.79±94.70 32.73±6.24 

N=4164 PROSAC 4607.60±371.86 622.40±78.33 39.91±3.42 

TN=5000 Mode1 4190.00±352.18 681.60±14.21 34.24±5.10 

 Mode2 4213.80±227.09 680.20±9.13 32.01±4.03 

 Mode3 1869.80±40.81 705.20±3.76 38.14±3.36 

2 RANSAC 112.80±24.28 1054.60±51.98 75.87±13.46 

휀 =45.30% LoRANSAC 70.20±0.40 1125.20±2.23 59.95±2.26 

2484 PROSAC 135.80±65.64 1080.20±39.06 75.23±16.32 

TN=3000 Mode1 99.80±24.93 1106.60±43.33 59.99±5.80 

 Mode2 114.40±15.55 1112.80±25.45 60.73±6.67 

 Mode3 86.20±29.46 1122.20±7.14 68.28±11.07 

3 RANSAC 426.00±215.93 1146.60±77.90 61.57±18.21 

휀 =34.08% LoRANSAC 227.00±6.60 1199.40±8.31 59.35±5.81 

N=3542 PROSAC 229.20±6.21 1196.60±7.86 52.62±4.07 

TN=4000 Mode1 223.60±1.74 1203.40±2.33 50.34±0.94 

 Mode2 224.40±1.36 1202.60±1.96 49.54±0.54 

 Mode3 67.60±9.75 1199.20±5.98 52.28±4.98 

4 RANSAC 269.60±56.54 1066.80±48.34 37.27±10.08 

휀 =34.01% LoRANSAC 295.00±84.54 1107.80±1.17 28.87±6.51 

N=3270 PROSAC 238.00±19.74 1105.60±3.61 25.41±2.87 

TN=4000 Mode1 255.80±24.45 1108.20±1.72 29.17±2.30 

 Mode2 296.20±70.64 1096.80±20.41 25.14±2.86 

 Mode3 73.80±16.09 1094.40±23.72 36.75±11.26 

5 RANSAC 207.20±37.06 1103.40±54.24 26.74±4.92 

휀 =37.13% LoRANSAC 222.40±126.30 1103.60±110.32 34.50±14.37 

N=3135 PROSAC 179.20±16.51 1142.60±16.99 28.25±3.09 

TN=4000 Mode1 158.00±0.63 1161.20±1.33 26.38±3.26 

 Mode2 164.20±13.42 1161.00±4.29 27.95±3.54 
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 Mode3 70.00±1.67 1159.60±2.65 27.63±2.21 

 

Table 3-2. Summary of the performance evaluation of image registration 

(time interval of the paired images is one week) (Note: The best 

performance indicators are bolded) 

No. of tested 

image pair 

Method 𝑘 ± σ𝑘 𝐼 ± σ𝐼 𝑒 ± σ𝑒 

1 RANSAC 2102.00±642.90 525.80±64.51 94.39±12.39 

휀 =21.44% LoRANSAC 2017.80±524.39 548.20±29.98 88.08±2.87 

N=2705 PROSAC 1464.60±34.81 575.20±3.37 87.06±1.22 

TN=3000 Mode1 1501.80±131.75 572.20±11.62 88.02±2.45 

 Mode2 1442.00±8.00 577.40±0.80 88.32±3.52 

 Mode3 893.60±9.31 577.80±1.47 88.29±1.31 

2 RANSAC 2107.40±475.30 529.20±28.63 102.57±16.26 

휀 =20.87% LoRANSAC 1949.20±534.42 557.06±9.39 92.47±2.81 

N=3436 PROSAC 1611.40±23.88 713.40±2.65 93.07±4.37 

TN=4000 Mode1 1593.40±7.20 715.40±0.80 90.52±1.62 

 Mode2 1591.60±9.18 715.60±1.02 91.93±3.62 

 Mode3 346.80±0.98 714.60±0.49 91.53±2.75 

3 RANSAC 3275.60±1337.28 889.79±75.20 53.29±7.08 

휀 =19.40% LoRANSAC 2354.60±240.77 921.99±21.55 50.13±10.55 

N=4835 PROSAC 2150.40±19.36 934.00±2.10 47.48±3.43 

TN=5000 Mode1 2125.00±25.35 936.80±2.79 46.87±3.96 

 Mode2 2132.00±12.73 936.00±1.41 44.61±1.64 

 Mode3 372.80±44.48 936.60±2.24 51.68±6.53 

4 RANSAC 5000.00±0.00 437.60±153.56 68.60±12.39 

휀 =14.37% LoRANSAC 5000.00±0.00 629.79±148.41 79.76±42.25 

N=4914 PROSAC 5000.00±0.00 701.60±2.33 58.73±3.41 

TN=5000 Mode1 5000.00±0.00 702.60±0.80 56.68±1.15 

 Mode2 5000.00±0.00 703.40±1.20 58.50±3.82 

 Mode3 831.80±8.42 704.80±1.83 56.69±1.70 

5 RANSAC 4000.00±0.00 391.80±74.01 110.38±9.55 

휀 =15.55% LoRANSAC 4000.00±0.00 432.80±83.86 107.39±11.77 

N=3215 PROSAC 4000.00±0.00 494.80±3.43 95.70±8.25 

TN=4000 Mode1 4000.00±0.00 498.00±1.67 99.19±8.06 

 Mode2 4000.00±0.00 498.60±1.50 98.37±4.32 

 Mode3 914.80±5.60 498.60±0.80 93.23±3.27 

 

Table 3-3. Summary of the performance evaluation of image registration 

(time interval of the paired images is two weeks) (Note: The best 

performance indicators are bolded) 

No. of tested 

image pair 

Method 𝑘 ± σ𝑘 𝐼 ± σ𝐼 𝑒 ± σ𝑒 

1 RANSAC 37894.80±4210.40 280.60±40.11 218.12±43.71 

휀 =10.56% LoRANSAC 35628.00±6055.37 307.20±40.80 228.29±36.74 

N=3446 PROSAC 28367.40±5896.06 350.20±17.92 195.65±20.17 

TN=40000 Mode1 27969.20±2441.11 355.20±6.52 186.68±5.27 

 Mode2 26524.00±2147.56 355.60±7.06 191.16±4.34 

 Mode3 18171.00±219.83 360.00±1.10 195.20±4.54 

2 RANSAC 40000.00±0.00 168.20±35.44 219.51±34.29 

휀 =6.64% LoRANSAC 40000.00±0.00 182.00±19.34 255.58±55.37 

N=3479 PROSAC 40000.00±0.00 160.20±9.58 196.83±30.65 

TN=40000 Mode1 40000.00±0.00 188.60±22.20 189.57±57.97 

 Mode2 40000.00±0.00 185.40±27.46 176.87±48.51 
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 Mode3 32437.80±6192.00 203.60±31.36 185.41±32.15 

3 RANSAC 40000.00±0.00 205.60±58.48 203.61±19.87 

휀 =8.13% LoRANSAC 40000.00±0.00 249.20±45.88 168.11±63.01 

N=3935 PROSAC 40000.00±0.00 269.20±50.97 201.13±17.10 

TN=40000 Mode1 40000.00±0.00 316.40±2.42 190.21±3.90 

 Mode2 40000.00±0.00 294.40±43.28 197.07±14.02 

 Mode3 7372.60±125.74 318.60±1.36 191.68±2.04 

4 RANSAC 3557.00±660.09 686.20±13.36 210.43±4.39 

휀 =18.12% LoRANSAC 2899.60±42.67 693.60±2.58 205.80±5.16 

N=3869 PROSAC 2869.80±40.11 695.40±2.42 208.36±9.92 

TN=40000 Mode1 2827.20±27.13 698.00±1.67 208.97±2.20 

 Mode2 2814.20±15.68 698.80±0.98 208.00±0.96 

 Mode3 444.60±2.24 697.00±0.89 208.65±1.77 

5 RANSAC 60000.00±0.00 307.00±68.14 270.04±72.76 

휀 =8.08% LoRANSAC 60000.00±0.00 357.20±49.61 221.08±27.31 

N=5125 PROSAC 60000.00±0.00 372.00±30.84 211.81±16.13 

TN=60000 Mode1 60000.00±0.00 368.40±33.87 205.80±1.58 

 Mode2 60000.00±0.00 403.00±8.99 203.84±2.04 

 Mode3 8957.00±1216.24 409.00±4.69 204.88±2.96 

 

The counts of best performance records of different methods using 

different indicators are summarized in Table 3-4. 

 

Table 3-4. Summary of performance records of different methods in image 

registration 

Time interval 

Range of 휀 
Method 

Counts of best performance records judged using 

𝑘 ±σ
𝑘
 𝐼 ±σ

𝐼
 𝑒 ±σ

𝑒
 Total rating 

Three days RANSAC 0 0 0 0 

휀 =33.50%±10.32% LoRANSAC 1 1 1 3 

 PROSAC 0 0 0 0 

 Mode1 0 3 1 4 

 Mode2 0 0 1 1 

 Mode3 4 1 2 7 

One week RANSAC 0 0 0 0 

휀 =18.33%±3.19% LoRANSAC 0 0 0 0 

 PROSAC 0 0 1 1 

 Mode1 0 1 2 3 

 Mode2 0 1 1 2 

 Mode3 5 3 1 9 

Two weeks RANSAC 0 0 0 0 

휀 =10.31%±4.59% LoRANSAC 0 0 0 0 

 PROSAC 0 0 0 0 

 Mode1 0 0 1 1 

 Mode2 0 1 2 3 

 Mode3 5 4 2 11 

 

The best performance records of different methods using the three 

metrics are visualized in Figure 3.8.  



85 

 

 

Figure 3.8. Best performance records of different methods 

 

Several observations can be made based on the experimental results: 

⚫ In the experiments, the inlier ratios in image pairs with a 

shorter time interval are generally greater than those with a 

longer time interval (Table 3-1 - Table 3-4). According to 

Table 3-4, , the inlier ratios of the images in this study range 

from 6% to 15% for the two-week time interval, from 15% to 

20% for the one-week time interval, and from 30% to 40% for 

the three-day interval. However, a few image pairs do not 

follow this trend, such as the first image pair with three-day 

interval (Table 3-1). The inlier ratios in these image pairs are 

affected by the environment in which the images are captured, 

such as the illumination conditions. Similar illumination 

conditions generally lead to greater inlier ratios of the 

correspondences in the two images.  

⚫ The performance of the sample consensus methods varies with 

the inlier ratios of the correspondences. When the inlier ratio 

is large, methods (all those except for RANSAC and PROSAC) 
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with local optimization generally perform better (Table 3-4 

and Figure 3.8). When the inlier ratio is larger than 45%, 

LoRANSAC provides better model fitting results. 

⚫ When the inlier ratio is less than 45%, methods based on 

progressive sampling often provide better results than those 

based on random sampling (Figure 3.8). Additionally, the 

smaller the inlier ratio is, the more efficient the modified 

progressive sampling becomes. 

⚫ When the inlier ratio is in the range of 5%-45%, the third 

method (Mode3) performs best by largely saving computation 

time and retaining high accuracy. This indicates that the 

refinement of tentative correspondences using spatial 

constraints largely improves the efficiency of image 

registration. 

 

More explanations can be given for the first refinement developed in 

this research. The aim of tentative correspondence refinement is to delete 

obvious outliers before sampling. Therefore, the effectiveness of tentative 

correspondence refinement can be evaluated by comparing the inlier ratios in 

the refined set and those in the original set. If the inlier ratio in the refined set 

is significantly larger than that in the initial set, the sample consensus will 

converge earlier, hence improving the effectiveness of sample consensus. 

Figure 3.9 shows the percentages of inliers in the original tentative 

correspondence set and the refined tentative correspondence set (blue and 

green line respectively). The changes of the number of inliers in the initial 
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tentative correspondences with or without refinement are displayed using a 

red line. As shown in the figure, the refinement of tentative correspondences 

effectively removes many outliers without losing the inliers. Therefore, this 

technique is particularly suitable for construction images. 

 

Figure 3.9. The percentages of inliers and the changes of the number of 

inliers in initial tentative correspondences with or without refinement 

 

 Conclusion 

The use of unplanned, unstructured image data taken from under-

construction buildings for automatic progress measurement is potentially 

useful yet inherently challenging. Although progress measurement can be 

made by comparing images taken at different times, spatial data registration 

is needed to make images taken from different perspectives comparable. In 

spatial data registration, a key step is the development of a transform model 

for transforming data in different coordinate systems into one system. The 

development of transform models for images from under-construction 

building projects is affected by two major problems: (1) difficulty in 

differentiating permanent building structures from those temporary structures, 
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and (2) low inlier ratio of typical construction images due to the dynamic, 

sometimes chaotic environment. 

To address the specific challenges of applying image registration 

methods to the progress measurement of under-construction buildings, a 

modified PROSAC-based sample consensus method was developed. The 

modifications consist of three components, including: (1) tentative 

correspondence refinement, (2) modifications on the progressive sampling 

methods and (3) local optimization. To assess the effectiveness of the 

modifications, comprehensive experiments are conducted using image pairs 

with different time intervals.  

The experimental results show that the three modifications improve 

the model fitting effectively. The refinement of tentative correspondences is 

the most effective among the three modifications. It largely improves the 

efficiency and accuracy of model fitting. The performance of the sample 

consensus methods varies with the inlier ratios of the correspondences. When 

the inlier ratio is large, all methods with local optimization generally perform 

well. When the inlier ratio is reduced (e.g., less than 45%), methods based on 

progressive sampling generally yield better results than those based on 

random sampling. When the inlier ratio is in the range of 5%-45%, the use of 

all the three modifications can largely save computation time and retain high 

accuracy. The developed method can be satisfactorily used to assist with 

construction progress measurement based on construction images. 
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CHAPTER 4. AUTOMATIC MICRO PROJECT PROGRESS 

MEASUREMENT BASED ON OBJECT 

IDENTIFICATION AND QUANTIFICATION 

 Introduction 

Construction project managers frequently face numerous challenges 

in efficiently managing project time, quality, resource use, and  costs. 

Effective project management decisions rely on timely and accurate 

collection of information from dynamic construction sites. Project progress at 

workface (i.e. micro-level project progress) is an important type of site 

information for productivity assessment in project management. 

In the commonly used productivity assessment methods, productivity 

unit rates are calculated as the ratio of unit output to unit input. The involved 

output in these computation methods is related to the micro project progress 

in this research. The equations of three commonly used metrics for direct 

productivity rates, (1) factor productivity, (2) labor productivity, and (3) 

performance factors (CII, 2010) are listed in Table 4-1.  

 

Table 4-1. Different metrics for direct productivity rates 

1 𝐹𝑎𝑐𝑡𝑜𝑟 𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑃ℎ𝑦𝑠𝑖𝑐𝑎𝑙 𝑂𝑢𝑡𝑝𝑢𝑡

𝐿𝑎𝑏𝑜𝑟$ + 𝐸𝑞𝑢𝑖𝑝𝑚𝑒𝑛𝑡$ + 𝑀𝑎𝑡𝑒𝑟𝑖𝑎𝑙$
 

2 𝐿𝑎𝑏𝑜𝑟 𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑊𝑜𝑟𝑘𝑖𝑛𝑔 𝑇𝑖𝑚𝑒 (𝐿𝑎𝑏𝑜𝑟 𝑜𝑟 𝐸𝑞𝑢𝑖𝑝𝑚𝑒𝑛𝑡)

𝑃ℎ𝑦𝑠𝑖𝑐𝑎𝑙 𝑂𝑢𝑡𝑝𝑢𝑡
 

3 𝑃𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒 𝐹𝑎𝑐𝑡𝑜𝑟 =
𝐴𝑐𝑡𝑢𝑎𝑙 𝑃ℎ𝑦𝑠𝑖𝑐𝑎𝑙 𝑂𝑢𝑡𝑝𝑢𝑡 𝑜𝑟𝑊𝑜𝑟𝑘𝑖𝑛𝑔 𝑇𝑖𝑚𝑒

𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑃ℎ𝑦𝑠𝑖𝑐𝑎𝑙 𝑂𝑢𝑡𝑝𝑢𝑡 𝑜𝑟 𝑊𝑜𝑟𝑘𝑖𝑛𝑔 𝑇𝑖𝑚𝑒
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Micro-level project progress is defined as work progress in a 

construction task at workface. It can be obtained by measuring the substantial 

quantity of completed work in different construction tasks, such as cubic 

yards of concrete placed, tons of steel assembled, feet of pipe installed, or 

number of bricks laid (CII, 2010). Timely and accurate information regarding 

micro project progress can efficiently assist with project planning, 

porductivity assessment, and productiviy improvement studies. 

Traditionally, micro project information is typically collected by 

quantity surveyors. However, it is usually inefficient to manually collect 

micro project progress information due to several challenges. Firstly, because 

work information is manually recorded by surveyors, it is time-consuming 

and subjective. Secondly, delays and errors in reporting and understanding 

the data may occur when information is transferred from on-site surveyors to 

off-site project managers. Additionally, the dynamic and complex nature of 

construction sites influences the quality of collected site information. To 

overcome these disadvantages, automatic micro project progress 

measurement has been proposed. 

The objective of the research is to use construction images and videos 

collected from workface to gain micro project progress of construction tasks 

automatically. In this research, two systematic methods were proposed and 

developed for obtaining micro project progress by measuring planar area and 

patch quantity. In the proposed methods, effective computing algorithms 

according to the colors, textures and edges of materials in construction site 

images and videos were used to tackle issues that have not been solved in 

previous studies. 
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The rest of this chapter is organized as follows. Section 4.2 reviews 

and summarizes the existing literature related to this chapter. Section 4.3 

introduces the methodology for detecting the completed work region based 

on material appearance in images and measuring micro project progress. 

Section 4.4 describes the validation results and discussion from the 

experiments. Section 4.5 concludes the work in this chapter. 

 

 Related work 

Traditional method for tracking and counting the completed work at 

workface in progress tracking mainly depends on human effort. Well-

qualified quantity surveyors may be employed to measure or count the 

completed work of various construction tasks. The manual progress 

measurement consumes considerable amount of human effort and time. To 

address this issue, researchers have proposed different methods to 

automatically measure completed work for tracking progress.  

These automatic approaches may be based on certain sensors or other 

information technologies, such as barcodes (Z. Chen et al., 2002), RFID tags 

(Yoon et al., 2006), laser scanning (Sithole, 2008), or digital image processing 

(DIP) methods (K. K. Han & Golparvar-Fard, 2015; L. Hui & Brilakis, 2013; 

Linda Hui et al., 2015). Different methods have different characteristics, 

advantages, and disadvantages. Barcodes and RFID tags need to be attached 

to construction materials when measuring completed work. In this case, 

quantity of used materials is used as a measure of completed work in a 

construction task. Therefore, barcodes and RFID tags are only suitable for 
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some construction materials which have geometric shapes and are not 

intensively used, such as prefabricated concrete slabs, formworks and some 

decorative elements. The devices and software tools for 3D laser scanning are 

often costly. Additionally, laser scanning consumes more time and effort in 

planning scanning scheme, data collection, and  data processing. Compared 

with these methods, the DIP-based methods save equipment costs, data 

collection and processing time, and human effort. 

In the DIP-based methods, completed work in a construction task is 

segmented from construction images according to the appearance of materials, 

based on which micro project progress is measured. Different methods based 

on digital image processing methods have been used to measure the progress 

of various construction tasks. Table 4-2, provides a summary of published 

studies on this topic. The primary construction tasks investigated in those 

studies include foundation work, structure construction, plumbing installation, 

and decorative finish. Also shown in Table 4-2, are the units of measurements 

(metrics) of the work items reported in those studies. 

 

Table 4-2. Primary construction tasks and related former studies 

Construction 

stage 

Construction tasks Measurement metric Reference 

Foundation Earthmoving work 

Piling 

Volume 

Installation sequence rating 

(Bügler, 

Borrmann, 

Ogunmakin, Vela, 

& Teizer, 2017) 

Structure  Reinforced column, beam 

Reinforced concrete 

wall/slab casting 

Structure quantity 

Planar area 

(Abeid Neto, 

Arditi, & Evens, 

2002; I. K. 

Brilakis & 

Soibelman, 2008; 

Z. Zhu & Brilakis, 

2010) 

(Abeid Neto et al., 

2002; I. K. 

Brilakis & 

Soibelman, 2008; 
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K. K. Han & 

Golparvar-Fard, 

2015; Son, Kim, 

& Kim, 2011) 

Structural steel 

installation 

Timber form installation 

Structure quantity 

Planar area/ Structure 

quantity 

(Abeid Neto et al., 

2002; K. K. Han 

& Golparvar-

Fard, 2015; Son & 

Kim, 2010) 

Plumbing Pipeline installation Structure quantity  

Decoration Curtain wall  

Masonry wall 

construction 

Exterior/interior finish 

carpentry 

Painting 

Floor finishing 

Planar area 

Planar area/ Patch quantity 

Planar area 

Planar area 

Planar area 

Planar area/ Patch quantity 

 

(L. Hui & 

Brilakis, 2013; 

Linda Hui et al., 

2015; Sithole, 

2008) 

 Paver paving Patch quantity (Woo, Yang, & 

Jo, 2011) 

 

The DIP-based micro project progress measurement methods have 

been selectively studied in some primary construction tasks. As shown in 

Table 4-2, attention and effort in former studies have been paid to some 

primary construction tasks, such as concrete casting, structural steel 

installation, and masonry work in a complex project.  

Metrics for measuring the completed work in different construction 

tasks are different. As summarized in Table 4-2, four metrics can be used to 

measure completed work in different construction tasks. One of the metrics, 

volume, is often measured in earth-moving tasks in the foundation stage of a 

construction project. Another one, structure quantity, is often used for 

counting completed structures in the structure construction and plumbing 

tasks. The third metric, planar area, is used to measure the completed work 

surface in the structure construction and some decoration tasks. The last one, 

patch quantity, is often used for counting some prefabricated materials in the 

decoration tasks. 
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The processing procedures are different when these metrics are 

automatically measured using DIP methods. Volume is obtained using three-

dimensional (3D) image processing techniques, such as 3D-point model 

reconstruction and computing. Structure quantity is calculated when 

structural elements were detected from images; the structural element 

detection methods are often specially designed according to the visual 

features of different structural elements. Planar area is measured after the 

region of completed work is extracted using image region segmentation 

methods when the completed work region in a construction task is on a flat 

surface and has a certain texture. Patch quantity is used to measure the number 

of intensively used material patches, such as bricks and pavers, after the 

patches of bricks or pavers are automatically detected from images or videos 

using DIP-based methods.  

Except for volume measurement, DIP methods for completed work 

region detection using 2D images are selectively used according to the 

appearance of construction materials in an image. The appearance of 

materials in an image can be ascertained from color, texture, edge, and shape. 

The existing methods to extract features of color, texture, edge, and materials’ 

shape from an image as well as the methods to segment image regions in 

previous applications are listed in Table 4-3. 

 

Table 4-3. Feature extraction and image segmentation methods in completed 

work region detection 

Feature type Feature data Classification/region detection 

method 
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Color HSI color value (Son & Kim, 2010)  Thresholding in hue channel 

using a predetermined range of 

hue values (Son & Kim, 2010) 

RGB color value (Abeid Neto et al., 2002; I. 

Brilakis, Soibelman, & Shinagawa, 2005) 

Matching with a predefined set 

of RGB values (Abeid Neto et 

al., 2002) 

HSI color and Normalized RGB color (Son 

et al., 2011) 

Pre-trained ANN models (Son 

et al., 2011) 

HSV color value (I. K. Brilakis, Soibelman, 

& Shinagawa, 2006; K. K. Han & Golparvar-

Fard, 2015) 

Machine learning models (K. 

K. Han & Golparvar-Fard, 

2015) 

Normalized RGB color (I. Brilakis et al., 

2005; I. K. Brilakis et al., 2006) 

Thresholding (I. K. Brilakis et 

al., 2006) 

Minimum distance method (I. 

K. Brilakis et al., 2006) 

Texture Fourier analysis (I. Brilakis et al., 2005; I. K. 

Brilakis et al., 2006) 

Wavelet analysis (I. K. Brilakis et al., 2006) 

Gabor filter bank (I. K. Brilakis et al., 2006) 

Laplacian filter (I. K. Brilakis et al., 2006) 

LM filter (K. K. Han & Golparvar-Fard, 

2015) 

Customized bottom-up 

clustering method (I. K. 

Brilakis et al., 2006) 

Edge/Contour Canny edge (I. Brilakis et al., 2005; I. K. 

Brilakis et al., 2006; L. Hui & Brilakis, 2013; 

Woo et al., 2011; Z. Zhu & Brilakis, 2010) 

and other edge (I. K. Brilakis et al., 2006; 

Linda Hui et al., 2015; Sithole, 2008) 

Defined criterion based on 

observation 

Shape Long vertical lines (Hough transform) (Z. 

Zhu & Brilakis, 2010) 

Rectangles formed by two paired vertical 

lines (Linda Hui et al., 2015; Z. Zhu & 

Brilakis, 2010) 

Global shape properties (Maximum cluster 

dimension (MCD)  and perpendicular axis of 

MCD (PMCD) in material shape (I. K. 

Brilakis & Soibelman, 2008)) 

 

As summarized in Table 4-3, color is the most important feature for 

describing material appearance in the existing studies. In a color image, the 

color values of pixels which show the same material will be the same in ideal 

condition (I. K. Brilakis et al., 2006). Therefore, the completed work regions 

can be segmented from other regions which consist of different construction 

materials using color values. However, researchers found that the color values 

of the same material in an image often vary within a range in the RGB (Red, 

Green and Blue) space (Abeid Neto et al., 2002). This variation may be 

caused by illumination conditions, imaging systems, inhomogeneity of 

construction material, and color changes during the drying process of some 
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construction materials. Therefore, the segmentation of completed work 

regions based on the color values of materials in RGB spaces is ineffective in 

most cases. To solve this problem, other color spaces have been used to 

represent construction materials’ color values. As listed in Table 4-3, HSI 

color value (Son & Kim, 2010), HSV color value (I. K. Brilakis et al., 2006; 

K. K. Han & Golparvar-Fard, 2015) and  normalized RGB color value (I. 

Brilakis et al., 2005; I. K. Brilakis et al., 2006) have been proposed in some 

studies.  

After an appropriate color space is selected, classification methods are 

used to segment image regions according to the color values. The existing 

classification methods are listed in Table 4-3. The commonly used 

classification methods are thresholding methods (Abeid Neto et al., 2002; I. 

K. Brilakis et al., 2006; Son & Kim, 2010) and supervised learning methods 

(K. K. Han & Golparvar-Fard, 2015; Son et al., 2011). A critical drawback 

was present in these classification methods. For segmenting completed work 

regions by thresholding methods, color values of target construction materials 

need to be predefined. For segmenting completed work regions by supervised 

learning methods, material samples need to be collected to establish a training 

dataset. However, because of the variety of construction materials and 

imaging environments, these two requirements are difficult to be fulfilled. 

Texture is another important property in the appearance of most 

human-made objects. Image texture analysis is often accomplished by image 

filtering using spatial filters. The chosen spatial filters (e.g., wavelet analysis 

(I. K. Brilakis et al., 2006), Gabor filter bank (I. K. Brilakis et al., 2006), 

Laplacian filter (I. K. Brilakis et al., 2006), LM filter (K. K. Han & Golparvar-
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Fard, 2015)) indicate local distribution patterns. When different filters were 

used in image filtering, bottom-up clustering method (I. K. Brilakis et al., 

2006) has been used to classify regions with a similar texture. In this research, 

the segmentation of completed region with smooth texture in some 

construction tasks was studied. 

In many construction tasks, completed work regions, such as concrete 

slabs, often have smoother textures in an image than other unfinished site 

regions. Therefore, the completed work region can be obtained by segmenting 

smooth regions after texture analysis. In texture analysis using spatial image 

filtering, a two-dimensional matrix with the same size as the original image 

is obtained. Each element in the resulting two-dimensional matrix indicates 

the smoothness in the neighborhood of a pixel. The smooth region can be 

segmented by locating pixels with high smoothness. 

Edge is an important feature of completed work region in construction 

tasks using various construction materials. Different materials are divided by 

the edges in an image, as with bricks and mortar (Linda Hui et al., 2015). 

Therefore, image edges are used to extract regions of the same material in 

images of some construction tasks, e.g., building a masonry wall. Image edges 

are commonly obtained by locating the maximums and minimums in the two-

dimensional matrix resulting from a texture analysis operation, such as Canny 

edge (I. Brilakis et al., 2005; I. K. Brilakis et al., 2006; L. Hui & Brilakis, 

2013; Woo et al., 2011; Z. Zhu & Brilakis, 2010) and other edges (I. K. 

Brilakis et al., 2006; Linda Hui et al., 2015; Sithole, 2008). However, regional 

segmentation based on edges is not reliable because of the existing of false 



98 

 

edges and broken edges. As a result, valid treatments need to be studied for 

segmenting material regions using edge feature. 

Shape is a unique feature of prefabricated construction materials. 

Prefabricated materials often have regular edges and hence boundaries (edges) 

of the materials can be used to represent the materials’ shapes (I. K. Brilakis 

& Soibelman, 2008). Shape analysis can be accomplished by analyzing edges. 

Representations of shape features include (1) global shape properties (such as 

area-to-perimeter ratio, ratio of major axis length to minor axis length, 

maximum cluster dimension (MCD), and perpendicular axis of MCD (PMCD) 

in material shapes (I. K. Brilakis & Soibelman, 2008)); (2) spatial filtering 

response of edges; and (3) polygon approximation (I. K. Brilakis & 

Soibelman, 2008). When shape features were used to segment prefabricated 

construction materials from images in former studies, a predefined guideline 

was necessary to in classification stage (I. K. Brilakis & Soibelman, 2008). 

The completed work is measured by counting the quantity of detected 

prefabricated materials from images. 

In the existing procedures for segmenting completed work region, 

regardless of the features used to represent material appearance, the 

segmentation methods for material regions were often based on 

preestablished datasets or customized classification guidelines derived from 

observations. The datasets or classification guidelines for different 

construction tasks often need to be specifically studied. Therefore, these 

procedures are inefficient in the processing of construction images because of 

the diversity of construction materials and site environments. 
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This study proposed new workflows for segmenting completed work 

regions consisting of flat regions (smooth regions) and patches of 

construction materials according to colors, textures and edges. Then, micro 

project progress was measured using planar area and patch quantity in images 

and videos. The proposed processing procedures do not require a 

preestablished datasets or customized classification guidelines and can be 

used for different construction tasks with similar characteristics in terms of 

the appearance of construction materials. The details are described in the 

methodology section. 

 

 Methodology  

The proposed image processing flowchart for measuring micro 

project progress at construction workface is shown in Figure 4.1. The two 

branches in this procedure are used to measure completed work by using 

planar area and patch quantity separately. The details of processing methods 

in each branch are described below 
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Figure 4.1. Proposed flow chart for measuring micro project progress at 

construction workface 

 

 Measuring planar area using the DIP method 

The completed work region in some construction tasks often has a 

uniform appearance on a planar surface. For example, the completed work 

region in concrete casting has a smooth concrete surface. In such construction 

tasks, the planar area of the completed work region is used to measure 

progress. The completed work region can be extracted from images using 

appropriate smooth region segmentation algorithms. Afterward, the image 

perspective transformation is used to obtain a front or top-down view of the 

completed work region. In the front or top-down view, the area of the 
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completed work region in an image is proportional to the real-world area. The 

percentage of work completed can be computed directly from the image when 

the entire work region is presented in the image. The physical planar area of 

the real-world completed work region can be obtained by computing the 

constant scale with the assistance of a reference object with a specified 

dimension. 

 

Smooth region segmentation 

Completed work region with certain texture can be extracted from 

images using appropriate segmentation algorithms. In this research, the 

segmentation of completed region with smooth texture in some construction 

tasks was studied. The smooth completed region, which is composed of 

concrete slabs, timber forms, or steel panels, have some characteristics in an 

image. (1) The color values in RGB space vary because of the influence of 

illumination conditions in outdoor environments, the inhomogeneity of 

materials or the color change in the dry process of cement. (2) Completed 

work regions have smoother textures than other unfinished regions. (3) Color 

values and texture may be largely interrupted by the presence of onsite 

workers, stored materials, or shadows. According to these characteristics, 

color and texture features are used collaboratively to extract the smooth image 

region of a completed work area. The proposed method reduces the human 

participation in former studies. 

The proposed flowchart for segmenting the smooth region from an 

image is illustrated in Figure 4.2. In this flowchart, local texture analysis (i.e., 
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local standard deviation (LSD)) is used to extract a smooth region from a 

denoised image. The result of the texture analysis in an image using the LSD 

method is an intensity image. Each value in this intensity image indicates the 

smoothness of a pixel. Then, a connected smooth region in a texture intensity 

image is identified by using thresholding and morphological operations. This 

region is used to extract color samples of the completed work region. To 

obtain correct color samples, a binary mask for defining the workplace is used 

to refine the completed work region in some cases. 

In the next step, color back projection with H-S values in the HSV 

(Hue, Saturation and Value) space is utilized to extract the image region with 

similar color distribution of color samples. After applying proper logical and 

morphological operations to the resulting binary image, the completed work 

region in the image is extracted. The proposed workflow solves the 

disadvantage of former research which requires predefined color samples for 

image segmentation. 

Input image

Color back projection

in HSV space

Local texture analysisRegion mask

Manually define

Morphological 

operations

Smooth image region

Color sample region

Binary color back 

projection map
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Figure 4.2. Flowchart for segmenting the smooth region of an image 

 

Theories about local texture analysis using the local standard 

deviation (LSD) method and color analysis method using color back 

projection method in HSV spaces are described in the next section.  

 

(1) Texture analysis method: local standard deviation (LSD) 

Local standard deviation (D.-C. Chang & Wu, 1998) is used to 

describe the local smoothness of pixels in an image. The local standard 

deviation (designated as σ) is computed in the neighborhood of a pixel, (𝑖, 𝑗). 

The neighborhood is defined by a sliding window. When the size of the 

sliding window is (2𝑛 + 1) × (2𝑛 + 1) , σ  at (𝑖, 𝑗)  is computed using 

Eq.(4-1).  

σ2(𝑖, 𝑗) =
1

(2𝑛 + 1)2
∑ ∑ (𝑥(𝑘, 𝑙) − 𝑚(𝑖, 𝑗))

𝑗+𝑛

𝑙=𝑗−𝑛

𝑖+𝑛

𝑘=𝑖−𝑛

 (4-1) 

In this equation, 𝑚(𝑖, 𝑗) is the mean intensity value of the pixels in the 

sliding window. In color images with multiple channels, LSD is computed 

from each color channel. Afterward, the maximum value in all color channels 

is selected as the LSD at each pixel, as shown in Eq.(4-2) (𝑘 is the index 

number of color channel). 

σ(𝑖, 𝑗) = 𝑚𝑎𝑥{σ𝑘(𝑖, 𝑗), 𝑘 = 1,2,3,⋯ } (4-2) 

After computing the value of LSD at each pixel, an intensity image is 

obtained. The value of each pixel in the intensity image indicates the 
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smoothness of texture in the original image. A thresholding operation is then 

used to segment the smooth region from the image. The segmentation results 

in a binary image (each value in a binary image is either 0 or 1). If the value 

of a pixel is 1 in the binary image, this pixel belongs to the smooth region. 

Finally, morphological operations are used in the binary image to obtain a 

connected region. This region is used to obtain the color samples for the 

subsequent step.  Figure 4.3 presents an example of detecting a completed 

work region in an image displaying concrete casting. In this example, (a) is 

the test image after removing noises; (b) is the intensity image obtained after 

LSD computation; and (c) is the extracted region for obtaining color samples.  

 

(2) Color analysis method: color back projection 

Color back projection is an approach to compute the likelihood that 

the pixels in an image fit a predefined color distribution model. The 

predefined color distribution model is a histogram obtained from color 

samples. As discussed previously, the color values in RGB space may be 

influenced by the illumination conditions in outdoor environments. In the 

current study, a two-dimensional (2D) histogram of color values in H and S 

channels in HSV space was used to compute color back projection maps. The 

value of a bin in the H − S histogram is the percentage of pixels whose values 

are in the designated intervals of H and S in the bin. The result of the color 

back projection is an intensity image with the same rows and columns as the 

input image. The value of each pixel in the resulting intensity image is 

retrieved from the H-S histogram. The value indicates the likelihood that a 

pixel fits the selected color distribution model.  
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After thresholding and morphological operations in the intensity map, 

the region that has a similar color distribution with color samples is extracted. 

In the demonstrated example of detecting completed work regions in concrete 

casting in Figure 4.3, Figure 4.3(d) is the H-S histogram of color samples;  

Figure 4.3(e) is the intensity image obtained using color back projection; and 

Figure 4.3(f) is the extracted completed region using color samples in 

concrete slab casting.  

 

(a)                                   (b)                          (c) 

  

(d)                                         (e)                         (f) 

Figure 4.3. Example of detecting completed work region in concrete 

casting.  

In the figure, (a) is test image after removing noises; (b) is the 

intensity image obtained after LSD computation; (c) is the extracted 

region for obtaining color samples; (d) is the H-S histogram of color 

samples; (e) is the intensity image obtained using a color back 

projection; and (f) is the extracted concrete region. 

 

Perspective transformation  

Perspective transformation is employed to transform the coordinates 

of an imaging surface in a camera system to the coordinates of a top-down or 
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front view. The key step in perspective transformation is to compute a 

homography matrix. After obtaining transform matrix, the image surface can 

be restored by using interpolation methods. The objects which are parallel to 

the target surface preserve their shapes in the real world. The real-world area 

of a region can be obtained by multiplying the area of the image region by a 

scale coefficient. The scale coefficient can be calculated using two points 

between which real-world distance is known. 

In perspective transformation, a homography matrix is computed from 

the correspondences in the two coordinate systems. Johnson and Farid 

reviewed three methods to obtain homography matrix using polygons, 

vanishing points, and circles as the correspondences respectively (Johnson & 

Farid, 2006). In this application, since the elements of the infrastructure of 

architecture projects have regular rectangular shapes, the current study used 

polygons to transform image perspectives. The details of the transformation 

method using polygons are described in (Johnson & Farid, 2006; Liebowitz 

& Zisserman, 1998); the related theory of perspective transformation is 

described in the Appendix A3. Figure 4.4 provides an example of image 

perspective transformation. Figure 4.4(a) is the original image; and Figure 

4.4(b) is the restored top-down view of the concrete surface after perspective 

transformation. 

 



107 

 

 

(a)                                                         (b)  

Figure 4.4. An example of image perspective transformation  

In the figure, (a) is the original image and (b) is the restored top-down 

view of the concrete surface after perspective transformation. 

 

Temporal detection in videos 

Region segmentation is temporally adjusted when completed work 

regions are detected in a video of an on-going construction task. The 

completed working region in an ongoing construction task is expanded 

gradually, and the results of image region segmentation in previous frames 

can be used to reduce false segmentation in the current frame. In temporal 

processing, only the first frame in a video sequence should be treated with 

special attention. To increase the accuracy of region segmentation, 

constrained graph-cut method, a semi-automatic method, is used only in the 

first frame in a video sequence. Theories discussing graph-cut methods are 

described in the Appendix A4. 

In graph-cut methods, an image can be represented as a graph as 𝐺 =

(𝑉, 𝐸). 𝑉 is the set of nodes in the graph and 𝐸 is the set of edges between 

nodes. In image segmentation using graph-cut methods, each node represents 

a pixel; each edge is the difference weight between two pixels. In order to 
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save computation time in image segmentation using graph-cut methods, 

superpixels (Vedaldi & Fulkerson, 2008) are used rather than pixels to create 

the nodes in the graph-cut. The flowchart of using graph-cut method for image 

segmentation in first image frame is shown in Figure 4.5. 

Input image

Compute weight 

matrix

Input constraints of foreground 

and background

Generate 

superpixels

Use semi-graph-cut method to segment the input image

 

Figure 4.5. Flowchart of using semi-graph-cut method in image 

segmentation 

 

An example of image segmentation using the semi-graph-cut method 

is provided in Figure 4.6. In this example, (a) is the manually labeled 

foreground (yellow) and background (blue); (b) is the generated superpixels; 

(c) is the detected foreground region using semi-graph-cut; and (d) is the mask 

of the foreground region.  
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(a)                         (b) 

 

(c)                            (d) 

Figure 4.6. Results of region segmentation using semi-graph graph-

cut 

In the figure, (a) is the manually labeled foreground (yellow) and 

background (blue); (b) is the generated superpixels; (c) is the detected 

foreground region using semi-graph-cut; and (d) is the mask of the 

foreground region. 

 

 Progress measurement of works with patch-shaped materials 

Construction material patches detection in image frames 

Some construction projects intensively use patch-shaped materials, 

such as bricks or pavers. Accurate counting of patch-shaped materials benefits 

operation-level progress measurement, inventory control and labor 

assignment. Some applications using DIP-based methods have been proposed 

to automatically count patch-shaped materials. For example, a well-

developed image processing framework was developed using a video stream 
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to count bricks in the façade of a building (Linda Hui et al., 2015). In this 

method, bricks are detected in an image frame using the minimum area 

rectangle (shape feature) approximation. However, two problems limit the 

feasibility of this method. (1) This method was developed to detect 

rectangular bricks. However, many construction materials do not have 

rectangular shapes. (2) Additionally, rectangular bricks are not rectangles 

when the images are not from a front or top-down view. Therefore, this 

method works only after perspective transformation to a front or top-down 

view. 

To address these drawbacks, a new framework has been proposed to 

detect and count bricks in image frames using edge features. The flowchart is 

presented in Figure 4.7; this method can be used to detect other construction 

materials with rectangular shapes or nonrectangular shapes. 

 

Input image

Edge detection

Image close operation 

in edge map

Logical negation 

operation

Connected 

components labeling

Patches

Region contains full 

shaped patches
Components filtering

Chose proper 

structure element

Choose proper 

channel

 

Figure 4.7. Flowchart for detecting the patches of construction materials 
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The first operation in the proposed framework is to detect the edges 

of different construction materials, such as bricks and mortar. Edge detection 

is performed in a grayscale image which is a properly selected color channel 

from a multi-channel image. The selected channel has the largest standard 

deviation of color values. Thus, the difference between two materials is 

distinguishable in the selected channel, and the resulting edges in the selected 

channel are more comprehensive than other channels. In this research, the 

Canny method is used to extract the edges.  

In the trials, two critical problems, the broken edges and close parallel 

edges, were noticed in the Canny edges. These problems significantly affect 

the results of separating the region of each patch. In this research, three 

operations are used to solve these problems. First, the dominant directions of 

edges are identified using Hough transformations. Then, structuring elements 

parallel to the dominant directions are used to close broken edges using 

closing operations, and structuring elements perpendicular to the dominant 

direction are used to connect close parallel edges between two patches using 

image closing operations.  

After image closing, a binary image containing 1s and 0s is obtained. 

The binary image is used in two operations. First, it is used to obtain the image 

range that contains all full-shaped patches. Afterward, it is used in 

combination with local negation operations and  morphological operations to 

obtain the image regions of all patches. The full-shaped patches are extracted 

by combining the results from these two operations. Finally, the full-shaped 

patches can be identified by labeling each connected image region.  
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An example of brick detection using the proposed method is provided 

in Figure 4.8. In this example, Figure 4.8(a) is a test image of a brick wall; 

Figure 4.8(b) is the extracted Canny edges. Figure 4.8(c) shows the result of 

image closing operation on the image of Canny edges. Figure 4.8(d) shows 

the image region contains full-shaped material patches. Figure 4.8(e) and (f) 

illustrates the detected full-shaped patches and the counting result of these 

patches. 

 

 

(a)                                            (b)                                          (c) 

 

(d)                                            (e)                                          (f) 

Figure 4.8.  Brick detection in a construction image 

In the figure, (a) is test image of a brick wall; (b) is the extracted Canny 

edges; (c) is the result of image closing operation on the image of Canny 

edges; (d) is the image region contains full-shaped material patches; (e) is 

the detected full-shaped patches; (f) is the counting result of full-shaped 

patches. 

 

Temporal detection in videos 

The proposed edge-based method for brick detection in the previous 

section may encounter two problems which lead to miscounting of patch 
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quantity. First, the edge detection fails when the color of mortar is close to the 

color of bricks. In this situation, several patches are joint as one patch and 

miscounting of patches happens. Second, when smudges are present on the 

brick wall in some images, false detection of edges happens. In this case, one 

patch may be separated into several patches and multiple counting of patches 

happens.  

The counting of patch quantity can be temporally adjusted when 

bricks are detected in a continuous video. In a continuous video, a brick can 

be captured in several frames at different angles, and thus it can be detected 

in different frames. The miscounting can be reduced by rating detections in 

different frames.  

To measure progress measurement in a video of a brick layering task, 

the same patches of bricks in different frames are identified using image 

registration. As shown in Figure 4.9, two frames are registered by using 

keypoints feature matching in Figure 4.9(a). The result of image registration 

is shown in Figure 4.9(b). In Figure 4.9(c), the results of patch detection in 

both frames are displayed. Some patches are detected in both frames (Figure 

4.9(d)). The incorrect detection can be rectified using the locations of detected 

patches in both frames. Then, the cumulative number of bricks in progress 

measurement is calculated in on-going construction activity. 
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(a)                                   (b) 

 

(c)                                   (d) 

Figure 4.9. Image registration and brick detection in two image frames in 

a continuous video.  

In the figure, (a) is the result of feature matching; (b) is the result of 

image registration; (c) is the result of patch detection in two image 

frames; (d) is the result of same full-shaped patches in both image frames. 

 

 

In the proposed method, two problems in the registration of two 

images of bricks were addressed. The first problem is feature selection in 

brick images. In images of bricks, the visual features are not reliable because 

that the bricks have similar appearances and arrangement patterns. This will 

cause failures in feature-based image registration. After several trials and 

comparisons of the commonly used methods, it was noticed that the minimum 

eigenvalue algorithm detected more corners than Harris corner detection 

method, and more putative matched points were obtained using block feature 
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than FREAK feature. Therefore, the corners detected using minimum 

eigenvalue algorithm and block features extracted from the corners were used 

in the feature selection stage of image registration. The second problem is to 

increase inlier ratio in the matched features and thus to increase the accuracy 

of image registration. To solve this problem, a filtering step is added by 

removing the matched points with large distances.  

In the registration of brick images, RANSAC method is used to 

calculate the homography between two image frames. The workflow of image 

registration in this section is described in Figure 4.10. 

 

Input image 

frames

Corner detection

using minimum eigenvalue 

algorithm 

Block feature 

calculation

Feature 

matching

Matched point 

pairs

Filtering by 

distances

Homography 

calculation by 

RANSAC

Image alignment

 

Figure 4.10. Workflow of the registration of brick images 

 

 Experiments and discussions 

This section presents the experimental results of measuring planar 

areas of the completed concrete region and counting patch quantities in 

images of brick walls or pavement. Ground truths were used to validate the 
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resulting planar areas and patch quantities. The validation results revealed that 

the proposed methods were efficient for automatically measuring planar area 

and counting patch quantities in construction tasks. 

 Micro progress measurement in concrete casting 

 (1) Completed concrete region detection and measurement 

A video sequence of concrete casting were used to measure the planar 

area of the completed concrete slab. In the video sequence, the construction 

work proceeds without rework. A total of fifteen image frames with one-

minute intervals were extracted from the video sequence for concrete region 

detection and planar area measurement. When the planar concrete region was 

extracted from each image frame, the current result was adjusted using the 

results from previous frames.  

Three metrics – precision, recall and F-measure (Buckland & Gey, 

1994; Lesk & Salton, 1968; Salton, 1992; Van Rijsbergen, 1974) – were used 

to evaluate the results of concrete region segmentation. These three metrics 

were calculated by comparing the results of the automatic detection to the 

ground truths which were manually labeled. In the validation, values of these 

three metrics range from 0 to 1; higher values of these three metrics 

corresponded with more accurate automatic detection results. 

The actual areas in each image frame were measured after the 

perspective transformations. Error percentage was used to evaluate the results 

of concrete area measuring by making comparisons with the actual pouring 

area measured from manual labeling. The results of the validation of the 

concrete region segmentation and planar area measurement in 15 image 
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frames are summarized in Table 4-4. As the results illustrate, high precision, 

recall, and F-measure were obtained in the validation, and the average error 

percentage in planar area measurement was often less than 2% which is an 

acceptable value in construction practices. The experiments indicate that the 

proposed methods for planar area measurement apply to micro project 

progress measurement at construction workface. 

 

Table 4-4. Completed region detection in fifteen frames from a continuous 

video of concrete slab casting 

Image 

No. 

Precision Recall F-

measure 

Area of 

manual 

labeling 

(square 

meter) 

Area of 

automatic 

detection 

(square meter) 

Error percentage  

1 0.8867 0.9244 0.9051 28.9521 29.8774 3.20% 

2 0.9104 0.8592 0.8840 30.9667 30.6334 -1.08% 

3 0.9282 0.8980 0.9128 32.3933 32.3336 -0.18% 

4 0.9943 0.8360 0.9083 33.9832 33.1777 -2.37% 

5 0.9577 0.8906 0.9229 34.1611 33.5982 -1.65% 

6 0.9457 0.8682 0.9053 34.6050 33.8003 -2.33% 

7 0.9611 0.8763 0.9168 34.7566 34.0989 -1.89% 

8 0.9617 0.8569 0.9063 35.2372 34.4924 -2.11% 

9 0.9741 0.8706 0.9195 35.3646 34.5603 -2.27% 

10 0.9743 0.8791 0.9243 35.5565 35.0707 -1.37% 

11 0.9674 0.8952 0.9299 36.0488 35.6861 -1.01% 

12 0.9865 0.8883 0.9348 36.6063 36.2845 -0.88% 

13 0.9923 0.9048 0.9465 37.7547 36.2845 -3.89% 

14 0.9824 0.8743 0.9252 38.1382 36.9224 -3.19% 

15 0.9918 0.8745 0.9294 38.5841 37.0934 -3.86% 

Average 0.9610 0.8798 0.9181 ———— ———— -1.66% 

 

Sometimes, average error percentage may not be a solid metric when 

error is cumulated in a continuous video after temporal adjustment. This 

problem can be illustrated using the correlation of error percentages in 

previous frame and current frame. As shown in the scatter diagram in Figure 

4.11, error percentages in previous frame and current frame do not present a 

linear relationship. In the experiments, error percentage in previous frame did 

not linearly influence error percentage in current frame. This indicates that 
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error percentage was not linearly cumulated in the video after performing 

temporal adjustment.  

 

Figure 4.11. Scatter diagram of error percentage 

  

(2) Micro project progress measurement in a continuous video 

Figure 4.12(a) and (b) illustrate the results of progress measurement 

in the test video of pouring concrete at workface. The work progress was 

measured at one-minute intervals, and the work increment was calculated in 

each minute. In Figure 4.12(a) the concrete area grew gradually. The two 

close curves indicate that accuracy of automatic detection using the proposed 

method was high enough to replace manual labelling. In  Figure 4.12(b), the 

growth of completed concrete region was not even. As the results demonstrate, 

when the concrete was pouring from the concrete delivery truck, the region 

expanded more rapidly. 
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(a)                                      

 

 (b) 

Figure 4.12. Progress measurement results for concrete slab casting 

In the figure, (a) is progress measurement in each minute; (b) is 

progressive increase in each minute. 

 

 Counting the quantity of patch-shaped materials in images 

Fifteen images were used to verify the proposed methods for counting 

the patch quantity of bricks and pavers. False positives and false negatives 

were used to validate the results of the proposed methods by making a 
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comparison with the results of manual counting (ground truth); the validation 

results are summarized in Table 4-5. 

 

Table 4-5. Results of brick and paver counting in different images  

Image 

No. 

Brick quantity False 

positive 

(FP) 

False 

negative 

(FN) 

FP 

percentage 

FN 

percentage 

Patch 

quantity 

error 

percentage 

Manual 

counting 

Automatic 

counting 

1 302 289 5 18 1.66% 5.96% 4.30% 

2 384 376 3 11 0.78% 2.86% 2.08% 

3 254 261 7 0 2.76% 0.00% -2.76% 

4 78 79 3 2 3.85% 2.56% -1.28% 

5 58 56 0 2 0.00% 3.45% 3.45% 

6 51 46 0 5 0.00% 9.80% 9.80% 

7 48 47 1 2 2.08% 4.17% 2.08% 

8 96 99 8 5 8.33% 5.21% -3.13% 

9 72 65 2 9 2.78% 12.50% 9.72% 

10 112 80 0 32 0.00% 28.57% 28.57% 

11 55 57 2 0 3.64% 0.00% -3.64% 

12 90 90 0 0 0.00% 0.00% 0.00% 

13 105 105 0 0 0.00% 0.00% 0.00% 

14 64 64 0 0 0.00% 0.00% 0.00% 

15 56 57 2 1 3.57% 1.79% -1.79% 

Average ——— ——— 2 6 1.96% 5.12% 3.16% 

 

The experimental results revealed that the developed algorithm 

performed well in most test images. However, several reasons may influence 

the results. In the first and tenth images, the false negatives were larger than 

those in other images. This is because the mortar color was close to the brick 

color in these two images. As a result, the edges were not detected in some 

regions. In the eighth image, the false positive was larger than those in other 

images. This is because some vertical smudges were present on the brick wall, 

and this issue caused the false detection of edges. These two problems often 

happen when the mortar and bricks age years after construction projects are 

completed. When images are captured from new construction projects, the 

proposed methods may work more effectively. Another reason of inferior 

detection results is the improper imaging condition. For example, when the 
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direction of camera deviates from the normal direction of brick surface, the 

miss detection of bricks may happen as well, e.g., in the sixth image. 

In general, the false negative was larger than false positive in patch 

detection. In patch quantity counting, the error percentage equals to the 

subtraction between FP percentage and FN percentage (e.g., Patch quantity 

error percentage = FN percentage - FP percentage in Table 4-5). In the 

experiments, an average error percentage, 3.16%, was obtained. This error is 

acceptable in construction practice, which means that the proposed processing 

flow can be used to assist material counting task.  

When using the counting results in inventory control, to ensure the 

construction work continuing smoothly, inventory quantity should be more 

than actually counted quantity. According to histogram analysis result in 

Figure 4.13, inventory quantity should be 4%-5% more than actually counted 

quantity when the results in Table 4-5 are used. 

 

Figure 4.13. Histogram analysis of patch quantity error percentage 
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 Conclusion 

In this chapter, two efficient DIP-based methods were developed to 

automatic measuring planar area and counting the patch quantity of patch-

shaped materials for completed construction work or on-going activies at the 

workface. As indicated in the flowchart in Figure 4.2 and Figure 4.7, the flat 

regions and patches of construction materials were detected based on colors, 

textures and edges in construction images and videos. The micro project 

progress was measured based on the changes in the computed planar area and 

patch quantity. The developed  processing procedures do not require a 

preestablished datasets or customized classification guidelines and can be 

used for different construction tasks with similar characteristics i.e., the 

appearance of construction materials. 

In the experiments, ground truths were used to validate the computed 

planar areas and patch quantities. The evaluation results demonstrate that the 

developed methods were effective for planar area measurement and patch 

quantity counting. High precision, recall, and F-measure were obtained in the 

validation of concrete region detection, and the average percentage error in 

planar area measurement was often less than 2%, which is acceptable in 

construction practices. The data analysis shows that the percentage error is 

not linearly cumulated in a video after performing the temporal adjustment. 

In the experiments of counting patch quantities , false negative was 

often larger than false positive in patch detection. In the experiments, an 

average percentage error (FN percentage - FP percentage) of 3.16% was 

obtained. This error is still acceptable in construction practices, which 
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indicates that the proposed methodology can be used to assist with counting 

material quantities.  

The two proposed methods developed in this chapter, can be used in 

real-time progress measurements of construction projects at the operational 

level. Since no special equipment is used for recording construction images 

and videos, the the methods can be easiliy implemented in practices. In 

addition to productivity studies, progress measurement results may also be 

used to guide onsite inventory management and reduce construction wastes. 
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CHAPTER 5. AUTOMATIC ACTIVITY TRACKING AND 

TRAJECTORY ANALYSIS OF ONSITE MOVING 

ENTITIES 

 Introduction 

The productivity of a construction project is influenced by the 

productivity of on-site workers and equipment (El-Gohary & Aziz, 2014). To 

improve construction productivity, it is critically important to perform activity 

analysis and assessment on the on-site workers and equipment. With  data 

obtained from activity analysis and assessment, proactive methods may be 

employed to optimize jobsite arrangements and consequently improve project 

productivity. 

Data collection is a fundamental step in activity analysis and 

assessment. The traditional data collection methods include questionnaires, 

personnel interviews, and activity sampling. Among these methods, activity 

sampling is more subjective and quantitative. The commonly used activity 

sampling methods in productivity assessments are often conducted by trained 

surveyors, such as field rating, five-minute rating and work sampling rating 

(Oglesby, Parker, & Howell, 1989). Even attempting to be more objective, 

these methods still rely on  subjective rating results and hence are error-prone. 

During the activity sampling, experienced surveyors are present on the 

construction sites to collect and analyze data. This type of manual survey 

normally consumes a great deal of human effort, and the presence of the 

surveyors may influence work performance and thus the assessment results. 
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Therefore, automatic methods have been proposed to assist with activity 

sampling or activity analysis in construction activities. 

With the wide use of on-site video monitor systems, computer vision 

methods can be used to process construction videos to develop automatic 

activity sampling or activity analysis methods. The present study aims to 

develop automatic methods to assist activity sampling and activity analysis 

based on an object’s trajectory obtained from automatic object tracking in far-

field surveillance videos. 

The rest of this chapter is organized as follows. Section 5.2 reviews 

the work related to activity sampling, automatic object tracking and automatic 

activity analysis. Section 5.3 describes the methodology of automatic activity 

sampling and analysis using construction videos in this study. The 

experimental results, case studies and discussion are presented in section 5.4. 

The last section concludes this chapter. 

 

 Review of relevant work 

 Traditional work sampling methods for productivity assessment 

The commonly used activity sampling methods include field rating, 

five-minute rating and work sampling rating (Oglesby et al., 1989). The 

metrics of activity productivity which are defined in these methods are listed 

in Table 5-1.  

 

Table 5-1. Metrics of activity productivity in different activity sampling 

methods 
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Assessment 

method 
Metrics of activity productivity 

Field rating 

𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝑤𝑜𝑟𝑘𝑖𝑛𝑔

=
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑤𝑜𝑟𝑘𝑖𝑛𝑔 𝑤𝑜𝑟𝑘𝑒𝑟𝑠

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑜𝑛𝑠𝑖𝑡𝑒 𝑤𝑜𝑟𝑘𝑒𝑟𝑠
 

 

 

𝐹𝑖𝑒𝑙𝑑 𝑟𝑎𝑡𝑖𝑛𝑔 𝑖𝑛𝑑𝑒x
=  𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝑤𝑜𝑟𝑘𝑖𝑛𝑔
+ 𝐴𝑑𝑑𝑖𝑡𝑖𝑜𝑛𝑎𝑙 𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 

5-minute rating 𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 𝑟𝑎𝑡𝑖𝑜 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑒𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛𝑠

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑜𝑡𝑎𝑙 𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛 𝑝𝑒𝑟𝑖𝑜𝑑𝑠
 

Work sampling 

Percentage of work category

=
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑤𝑜𝑟𝑘𝑒𝑟𝑠 𝑖𝑛 𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑦

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑜𝑡𝑎𝑙 𝑤𝑜𝑟𝑘𝑒𝑟𝑠 𝑖𝑛 𝑎𝑙𝑙 𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑖𝑒𝑠
 

 

 

𝐿𝑎𝑏𝑜𝑟 𝑢𝑡𝑖𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑓𝑎𝑐𝑡𝑜𝑟

=
𝑒𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 𝑤𝑜𝑟𝑘 + 0.25 × 𝑐𝑜𝑛𝑡𝑟𝑖𝑏𝑢𝑡𝑜𝑟𝑦 𝑤𝑜𝑟𝑘

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑜𝑡𝑎𝑙 𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛𝑠
 

  

Field rating is conducted at a series of time points at predetermined 

intervals. The on-site workers are typically divided into two classes, working 

and not working, according to observations at each time point. The number of 

observed on-site workers and the number of working workers are noted on 

the rating form. The metric of activity productivity, percentage working, can 

be computed by dividing the number of on-site workers by the number of on-

site working workers. In field rating, another metric field rating index is used 

to assess the productivity of the working crew by adding an additional 

percentage to percentage working.  The additional percentage is used to adjust 

results which are influenced by the work of foremen and personal time. 

Usually, a crew whose field rating index is less than 60% is considered 

inefficient. In field rating, multiple observations are performed over several 
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days. According to previous studies, 100 observations may be sufficient to 

obtain reliable results (Oglesby et al., 1989). 

Five-minute rating is a less accurate activity sampling technique than 

field rating for evaluating the productivity of a worker in an activity. In five-

minute rating, an observation is performed over a short period of time. Each 

worker in each observation will be placed into certain categories (e.g., 

effective or ineffective), according to the productivity rating result. The 

productivity rating is performed during each observation. The results of 

productivity rating are percentages. For example, a worker was rated to have 

been effective for 80% (effective rate) of the time and ineffective for the 

remaining 20% (ineffective rate) of the time. If the effective rate in 

productivity rating meets pre-defined criteria (e.g., more than 60%) the 

worker is marked as effective for that observation. After several observations, 

the effective percentage of a single worker or crew can be calculated. 

In work sampling, a construction activity is first divided into several 

types of work. Then, the number of workers in each type of work is recorded 

in each observation. After several observations are performed at defined time 

points, the  percentage of workers in each category of work can be computed 

(Yates, 2014). These percentages can be used to compute a labor utilization 

factor as shown in Table 5-1.  

Once the productivity data have been obtained through activity 

sampling, activity analysis (Construction Industry Institute, 2010) is 

performed to obtain construction productivity data based on the collected data. 

The commonly used activity analysis methods include work process flow 

diagram analysis, crew balance chart analysis, and other interview and 
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questionnaire analyses. Activity analysis mainly focuses on optimizing the 

resource (e.g., time, space, workers and equipment) assignment in a 

construction project management. 

 

 Automatic object tracking and automatic activity analysis 

Automatic object tracking and activity analysis are important research 

topics with many applications in various industries. In recent years, automatic 

object tracking and activity analysis have been used in construction industry 

to assist activity analysis in project management. 

The methods of automatic object tracking and activity analysis can be 

broadly categorized into two types. The first type uses wearable 

devices/sensors (such as, an accelerometer (Joshua & Varghese, 2010; Zheng, 

2015), or RFID or GPS trackers). These devices provide reliable position 

information for object tracking. However, the devices which are needed for 

the setups are often costly. The second type of method is based on computer 

vision techniques. The activity in the captured video is tracked and analyzed 

using vision-based methods. This method can provide more visual 

information in displaying the activity although the position information of 

object tracking might be less reliable. In general, vision-based methods have 

more potential with the fast development of computer vision and machine 

learning technique. 

Vision-based activity analysis in different applications can be 

classified into two categories, according to the extracted features. The first 

category is posture-based activity analysis. In the generic framework of 
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posture-based activity analysis, the silhouettes or skeletons of targets need to 

be extracted from a video (Sidla, Lypetskyy, Brandle, & Seer, 2006; Soltani, 

Zhu, & Hammad, 2017; B. Zhang, Zhu, Hammad, & Aly, 2018). Extracted 

postures can be recognized by classifying the invariant image features (Qian, 

Mao, Xiang, & Wang, 2010; Hong Zhang, Yan, & Li, 2018) which are 

computed from postures (F. Xie, Xu, Cheng, & Tian, 2011). Postures act as 

the primitives of an action. Therefore, an action can be recognized by 

classifying a series of postures (Xia, Chen, & Aggarwal, 2012). Actions are 

often assumed to be the primitives of an activity, and thus an activity can be 

analyzed according to the actions (J. Zhang, Yao, & Wang, 2013) or postures 

(Y. Wang, Huang, & Tan, 2007).  

In construction management, many researchers are working on 

different studies related to posture-based activity analysis, including working 

entity detection, recognition (W. Fang, Ding, Zhong, Love, & Luo, 2018; W. 

L. Fang, Ding, Luo, & Love, 2018; Gong & Caldas, 2011; H. Kim, Kim, Hong, 

& Byun, 2018; Kolar, Chen, & Luo, 2018; Siddula, Dai, Ye, & Fan, 2016), 

and tracking (Azar & McCabe, 2012; I. Brilakis et al., 2011; Jog, Brilakis, & 

Angelides, 2011; Park & Brilakis, 2012; Park, Makhmalbaf, & Brilakis, 2011; 

W. Yang, Li, Sun, & Liao, 2014). Some researchers concentrated effort on 

more challenging problems, such as automatically recognizing construction 

actions (Gong, Caldas, & Gordon, 2011). Other researchers studied activity-

based construction productivity analysis. For example, in reference (Gong & 

Caldas, 2011), researchers evaluated productivity using working time as a 

measure. In these studies, the videos were captured by near-field cameras, 

which can be used to obtain clear silhouettes of objects. However, on-site 
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monitoring cameras often capture videos of a working crew in a vast working 

site, and thus it is difficult to extract the correct regions of postures from 

captured videos.  

When analyzing surveillance videos, the second type activity analysis, 

trajectory-based activity analysis, is more reliable than posture-based activity 

analysis. A trajectory consists of a sequence of motion states in a video (X. 

Wang, Ma, Ng, & Grimson, 2011). The trajectories of moving objects have 

been used in different applications involving activity analysis. In most cases, 

trajectories are used for scene understanding in various indoor and outdoor 

environments (Dee, Hogg, & Cohn, 2009; Saini, Ahmed, Dogra, & Roy, 2017; 

X. Wang et al., 2011). For example, trajectories are used to determine traffic 

intersection layout by clustering vehicles’ trajectories (Atev, Masoud, & 

Papanikolopoulos, 2006) and spatially segmenting the scene plane by 

classifying objects’ trajectories (Saini et al., 2017). In some applications, 

trajectories can also be used to analyze objects’ activities, including traffic 

motion patterns (Saleemi, Hartung, & Shah, 2010), pedestrian motion 

patterns, tactics and activity in sports (Perše, Kristan, Kovačič, Vučkovič, & 

Perš, 2009; Guangyu Zhu et al., 2007; G Zhu, Xu, Zhang, Huang, & Lu, 2008), 

grouped people detection in an open environment (Zaidenberg, Boulay, & 

Brémond, 2012) and detecting abnormal activities in a particular setting 

(Piciarelli & Foresti, 2006; Piciarelli, Foresti, & Snidaro, 2005; Sillito & 

Fisher, 2008). In some studies (W. Hu, Xie, Fu, Zeng, & Maybank, 2007; 

Khalid & Naftel, 2005), a trajectory is used to accomplish semantic video 

retrieval. In these research, the processing methods used in trajectory analysis 

are dependent on the specific application. 
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In the present study, two applications of trajectory-based activity 

analysis in a construction site video were proposed. In the first application, 

the trajectory was used to analyze the activity of a selected target in automatic 

activity sampling. The methods of trajectory processing in this application 

include trajectory smoothing and segmentation according to the locations and 

velocities of the target. In the second application, the trajectories from a 

construction site video were used to analyze the spatial and temporal 

utilization of the construction site. This application belongs to scene 

understanding category. The primary processing steps for trajectory analysis 

in this application include trajectory representation and preprocessing, 

trajectory modeling, and trajectory classification. The processing flow and 

essential steps in these two applications will be described in the methodology 

section. 

  

 Methodology  

In this study, trajectory-based methods were used to analyze 

construction activities in a far-field monitor system. The proposed framework 

consisting of two applications is presented in Figure 5.1. 
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Image frame input

Image motion mask

Object classification

Objects’ trajectories

Work hot spots map

1. Background subtraction

Work main routes 

map

3. Trajectory analysis

2. Tracking (multiple objects)

Target’s trajectories

2. Tracking (single object)

Work rating

 

Figure 5.1. Flowchart for trajectory-based construction activity analysis 

 

In this framework, the two branches of processing flow are the two 

proposed applications respectively. In the first application, a target (study 

subject) is selected manually from an image frame. Then the mean-shift 

method is used to track the target in the video clip. After obtaining tracking 

data, the time utilization or productivity rating is analyzed based on the 

target’s trajectory (locations and velocities). The analyzing results are used 

for collecting automatic work sampling data.  

In the second application, moving objects in a video are first detected 

in each frame using the reliable background subtraction method. Kalman 

filtering is then used to track multiple moving objects by finding the 

correspondences between foreground objects in two successive frames. With 
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the tracking results, the spatial and temporal utilization of the construction 

site can be  analyzed based on the trajectories at the site. The analyzing results 

can be used to analyze and optimize site layout and on-site activities. 

In the proposed framework, (1) moving objects detection using 

background subtraction, (2) object tracking methods, and (3) trajectory 

analysis are the three critical steps. The theories and methods of these three 

steps are described in the next sections. 

 

 Moving objects detection using background subtraction 

In a video, the moving objects in an image frame form pixels in the 

foreground, while the stationary region forms pixels in the background. The 

commonly used method for detecting moving objects (foreground detection) 

in image frames which are captured by a stationary camera is background 

subtraction. Background subtraction method has been studied for decades, 

and various methods have been developed. These methods usually differ from 

each other in terms of the model establishing the background model, the 

model updating procedure, or the background classification method. Several 

background subtraction methods based on different background models have 

been well studied and widely used in different applications, such as, 

geometric model method, Gaussian mixture model (GMM) method (Stauffer 

& Grimson, 1999), Bayes method (Li, Huang, Gu, & Tian, 2004), logical 

model method (codebook method) (K. Kim, Chalidabhongse, Harwood, & 

Davis, 2005; Sanchez, Rodriguez-Gomez, Diaz, & Ros, 2014), cardinality 
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matching method (Vibe method) (Barnich & Van Droogenbroeck, 2011), and 

optical flow method.  

Geometric model of background constitutes a two-dimensional matrix 

which has the same size as the image frame. Each element in this matrix is 

obtained from the history of each pixel, usually the mean value or median 

value. In foreground detection method, the foreground is determined 

according to the value differences between the pixels in the current frame and 

the matrix elements in the latest background model. When the value 

difference at a pixel exceeds a predefined value, this pixel belongs to the 

foreground section. Otherwise, it belongs to the background section. In this 

method, the background model at a pixel is a scalar value and it can be 

updated by using stochastic gradient descent method. 

GMM of background at each pixel is built by determining a multi-

modal Gaussian function from the value history of the pixel.  In foreground 

detection method, the foreground is then determined by computing the 

likelihood that a pixel value in the current frame belongs to the GMM at that 

pixel. If the likelihood is smaller than a defined value, this pixel belongs to 

the foreground section. Otherwise, it belongs to the background section. The 

GMM function can be updated by weighting the nodes within according to 

the results of background classification. In model updating procedure, the 

weight of matched modes is increased, and the weights of unmatched modes 

are decreased. 

In Bayes foreground detection method, the background is classified 

by comparing the probabilities of the current pixel belonging to the 

background or the foreground. In this method, the first step is to match the 
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feature at a pixel to the principal features in the background model. Then, the 

foreground detection is accomplished based on the matching result and prior 

probabilities. Finally, the principal features and prior probabilities are updated 

based on the results of foreground detection. 

In logical model foreground detection method, the foreground is 

determined based on a series of criteria.  These criteria are defined based on 

a series of parameters which often have physical meanings. The typical 

logical model foreground detection method is codebook method. In codebook 

method, a set of parameters constitutes a codeword; a multi-modal 

background model comprises several codewords. The multi-modal 

background model is called a codebook. In the updating stage, the codewords 

in a codebook are updated according to the results of model matching. 

In Vibe method, foreground detection is accomplished by cardinality 

matching which is to count the number of matched modes in the background 

model. The background model 𝑀(𝑠) = {𝑣1, 𝑣2, ⋯ , 𝑣𝑁} is directly built by the 

𝑁 historical implicit values at a pixel 𝑠 and its neighbors. Then, pixel 𝑠 in a 

frame is classified into either the background or the foreground mainly based 

on the cardinality (#). The cardinality is the number of elements which are 

not only in 𝑀(𝑠) but also within a sphere with center at 𝑠 and a defined radius. 

If # is larger than a defined threshold #min, 𝑠 is classified into background, 

otherwise, 𝑠  is classified into foreground. In the updating stage, the 

background model is updated according to the background classification 

results. 

Optical flow also can be used for foreground detection. Optical flow 

based foreground detection can be used with videos captured by either 
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stationary or moving cameras. The assumption in this method is that the 

moving speed of the foreground is different from the speed of the background. 

Therefore, the classification of background and foreground in an image frame 

can be accomplished by partitioning the optical flow field.  

The details of GMM, Bayes model, codebook model, Vibe and Optical 

flow-based background subtraction methods are described in the Appendix 

A5. Considering the changes in on the construction site, background is a 

multi-modal model in the proposed application. For example in Figure 5.2, 

the distribution of value histories of four pixels in the background of a 

construction video are multi-modal models.  In the paper (Gong & Caldas, 

2011), the authors tested three multi-modal models, i.e., GMM method, Bayes 

method and codebook method, for foreground detection. The experiments 

showed that these three methods performed inadequately for construction 

videos.  

 

   

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

 Figure 5.2. Scatters of value histories of four pixels in the background of 

a construction video 

 

In the present study, after considering the specialties and efficiency of 

the described methods, the GMM background subtraction method was 

selected for moving objects detection in an image frame, and the selection of 

parameters in GMMs was tested properly. 

 

 Object tracking 

Object tracking is to find the corresponding foreground objects cross 

frames in a video. In this study, two methods, mean-shift, and Kalman 

filtering, are used to track single and multiple objects respectively. 

Mean-shift tracking 

When using the mean-shift method to track a selected target, the first 

step is to analyze the color distribution of the target. Then, the color back-

projection map of the target is calculated. The back-projection map acts as the 
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probability index map, in which each pixel indicates the probability of this 

pixel belonging to the target. Mean-shift is used to find the most probable 

region of the selected target in the next frame. The search region is confined 

to the neighbor of the target in the last frame. 

The goal of mean-shift tracking is to find the optimal mass center 

(mean) in the search region 𝑁(𝑥) in the color backprojection map. Let 𝑥𝑖 be 

an element in 𝑁(𝑥) , 𝑚(𝑥)  the mass center of 𝑁(𝑥) , 𝑥  the spatial center of 

𝑁(𝑥), and 𝐾(𝑥𝑖 − 𝑥) the weight of 𝑥𝑖 in 𝑁(𝑥). Then, 𝑚(𝑥) can be computed 

using the following equation. 

𝑚(𝑥) =
∑ 𝐾(𝑥𝑖 − 𝑥)𝑥𝑖𝑥𝑖∈𝑁(𝑥)

∑ 𝐾(𝑥𝑖 − 𝑥)
𝑥𝑖∈𝑁(𝑥)

 (5-1) 

Mean-shift reiteratively moves the spatial center 𝑥 to the calculated 

mass center  𝑚(𝑥)  until the spatial center 𝑥  converges with the mass 

center 𝑚(𝑥). The converged spatial center 𝑥 is the next position of the target 

object. In the mean-shift method, the weight function 𝐾(𝑥) = 𝑘(‖𝑥‖2) 

should satisfy several criteria, (1) 𝑘(𝑟) is a non-negative function, (2) 𝑘(𝑟) is 

decreasing and (3) 𝑘(𝑟)  is continuous and ∫ 𝑘(𝑟)𝑑𝑟
∞

0
< ∞ . Two types of 

kernels are commonly used in mean-shift. They are flat kernel and Gaussian 

kernel as shown in following equations. 

Flat kernel: 𝑘(𝑟) = {
1 𝑖𝑓 𝑟 ≤ 𝜆
0 𝑖𝑓 𝑟 > 𝜆

 

Gaussian kernel: 𝑘(𝑟) = 𝑒
−
∥𝑟∥2

2𝜎2  

In these two kernel functions, 𝜆  and 𝜎  control the influence of the 

kernel functions. Normally, there is a need to set a rule for stopping the 
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iteration in mean-shift because, sometimes, the convergence may consume a 

great deal of time in the computation. 

The flowchart of single object tracking using mean-shift method is 

shown in Figure 5.3. In this flowchart, the shadowed operations are executed 

only once; the color distribution of the target is represented using H-S 

histogram in HSV color space for obtaining a reliable tracking result. 

Select target

Calculate H-S 

histogram of target

Input image frame

Calculate H-S back projection map

Estimate position (mass center) with a kernel 

function in a defined region from the initial 

position

Move object to the 

estimated position

Is the estimated position converge to 

the last position?
No

The estimated position is object position in 

current frame

Yes

 

Figure 5.3. Flowchart of single object tracking using mean-shift procedure   

 

Kalman filtering 

In this study, Kalman filtering was used to track multiple objects in 

the activity analysis on a construction site. The theory of Kalman filtering can 

be found in the Appendix A6. The primary equations and the corresponding 
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functions in discrete Kalman filtering are listed in Table 5-2. The primary 

parameters and corresponding meanings are listed in Table 5-3. 

Table 5-2. Primary equations and corresponding functions in a Kalman filter 

Equations 
Functions 

𝑋
^

𝑘
− = 𝐴𝑋

^

𝑘−1 + 𝐵𝑢𝑘−1 

Predict based on the posterior results at last step. 

𝑝𝑘
− = 𝐴𝑝𝑘−1𝐴

𝑇 + 𝑄 
Predict based on the posterior results at last step. 

𝐾𝑘 = 𝑝𝑘
−𝐻𝑇(𝐻𝑝𝑘

−𝐻𝑇 + 𝑅)−1 
Update based on new estimation 

𝑝𝑘 = (1 − 𝐾𝑘𝐻)𝑝𝑘
− 

Update based on new estimation 

𝑋
^

𝑘 = 𝑋
^

𝑘
− + 𝐾𝑘 (𝑧𝑘 − 𝐻𝑋

^

𝑘
−) 

Update based on new information 

 

Table 5-3. The primary parameters in object tracking using Kalman filtering 

Parameter Size Meaning 

𝐴 
𝑛 × 𝑛 State transition matrix, 𝑛 is the length of state vector. 

𝐵 
𝑛 × 𝑐 Control matrix, 𝑐 is the length of control vector. When there is no 

control input the state prediction function is 𝑋
^

𝑘
− = 𝑋

^

𝑘−1. This 

function is used for video tracking in this research. 

𝐻 
𝑚 × 𝑛 Measurement matrix, 𝑚 is the length of measurement vector. 

When tracking in the image, 𝑚 = 2. 

𝑄 
𝑛 × 𝑛 Process noise covariance matrix 

𝑅 
𝑚 × 𝑚 Measurement noise covariance matrix 

𝑝0 
𝑛 × 𝑛 A diagonal matrix usually. 

𝑋
^

0 

𝑛 × 1 (𝑥0, 𝑦0, 0,0)𝑇, when only velocity is involved in the motion 

state 𝑛 = 4. 𝑋0 = (𝑥0, 𝑦0)
𝑇. 

(𝑥0, 𝑦0, 0,0, 0, 0)𝑇, when acceleration is also involved in the 

motion state. 

 

When 𝑛 = 4,  𝐻 = (
1
0
 0 
1

0 
0

0
 0

)  and 𝐴 = (

1
0
0
0

 

0
1
0
0

 

𝑑𝑡
0
1
0

 

0
𝑑𝑡
0
1

) . This can be deduced 

according to uniform rectilinear motion. 𝑑𝑡 = 1  when tracking between 

frames in video flow.  

The flowchart of multiple objects tracking using Kalman filtering is 

shown in Figure 5.4. In this flowchart, the shadowed operations are executed 

only once; a track is defined by object position, a Kalman filter and other 
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parameters (e.g., the age of the track, total visible counts, invisible counts 

from the last time). The defined parameters of a track are used in criteria for 

creating new tracks and deleting tracks. 

Predict new positions 

for all tracks using 

Kalman filters

Initialize tracks Input image frame

Detect moving objects using background 

subtraction

Compute cost matrix and assign new 

detections to tracks

Update position, parameters and Kalman 

filters for tracks

Create new tracks for unassigned detection 

according to criteria

Delete tracks according to criteria

All active tracks

 

Figure 5.4. Flowchart of multiple objects tracking using Kalman filtering 

procedure   

 

In the section above, the primary flowchart of multiple objects 

tracking using Kalman filtering is described. However, some details in the 

implementation of multiple objects tracking still need to be specified for 

construction site videos. To improve the tracking results, the specific steps in 

the implementation of multiple objects tracking using a Kalman filter are 

described below. 
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(Step 1) Initialize the tracks. A track is constructed by several elements 

which are listed in Table 5-4. 

 

Table 5-4. Elements defined in a track 

Elements in a track Symbol Meaning 

.id 𝑇𝑖 The identification number of a track. 

.bbox 𝑏𝑏 The bounding box of the object in a track. 

The format of bounding box is 

[x_leftconer, y_leftcorner, width, height]. 

The position of the object, 𝑝𝑜𝑠(𝑇𝑖), can be 

computed from the bounding box. 

.color 𝐶 The dominant color vector of the object in 

a track.  

.kalmanFilter 𝐾𝐹𝑖 The Kalman filter defined by different 

parameters. 

.age  𝜆𝑖 The number of frames since the object of a 

track was first detected. 

.totalVisibleCount 𝑉𝑖 The total number of frames in which the 

object was detected. A track is defined 

visible in a frame when the object is 

detected in the frame. 

.consecutiveInvisibleCount 𝑞𝑖 The total number of frames since the last 

time a track is visible. 

 

(Step 2) Detect the foreground image region using a suitable Gaussian 

mixture model. Then, to locate the moving objects by using morphological 

operations and analyzing the blobs in the foreground image region. 

(Step 3) Predict new locations for the tracks using the Kalman filters. 

Then, update the locations of the tracks using the predicted locations which 

are not outside of the range of the video frame. The updates only apply to the 

tracks which have not been updated in fewer than 𝑚 frames, i.e., 𝑞𝑖 < 𝑚.  

(Step 4) Find the correspondence between newly detected moving 

objects and the active tracks according to the cost matrix. The cost matrix is 

calculated by a cost function which is based on distance between the location 

of a track (𝑝𝑜𝑠(𝑇𝑖)) and the location of a new detected object (𝑝𝑜𝑠(𝐷𝑗)). A 
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weight, w(𝑇𝑖 , 𝐷𝑗), can be used to add the influences of other attributes, such 

as the sizes of the bounding boxes (𝑏𝑏(𝑇𝑖) and 𝑏𝑏(𝐷𝑗)) and the color values  

of a track 𝐶(𝑇𝑖)  and a detected moving object 𝐶(𝐷𝑗). The cost function is 

defined as Eq.(5-2). Three different cost function were tested in the 

experimental section. 

𝐶 = w(𝑇𝑖 , 𝐷𝑗) × 𝑑𝑖𝑠𝑡 (𝑝𝑜𝑠(𝑇𝑖), 𝑝𝑜𝑠(𝐷𝑗)) (5-2) 

If the value of cost function, 𝐶(𝑇𝑖 , 𝐷𝑗), is larger than a specific value 

(𝐶𝑡), a new detected moving object (𝐷𝑗) will not be assigned to any track, 

otherwise, the corresponding tracks for a moving object is assigned. The value 

of 𝐶𝑡 should be set according to the specific experiment. A small value may 

result in creating more tracks than the number of objects which actually 

presented. This will cause trajectory fragmentation. A large value may cause 

a track to be assigned to multiple moving objects. This will result in trajectory 

bifurcation.  

(Step 5) Update the elements in active tracks (both assigned tracks and 

unassigned tracks). 

(Step 6) Delete the unsigned active tracks when, i.e., 𝑞𝑖 > 𝑛  or  

𝑉𝑖/ 𝜆𝑖 < 𝑝, or the tracks moving outside of the range of video frame. 𝑛 and 𝑝 

are user-defined constants. 

(Step 7) Create new tracks for the newly detected moving objects 

which have not been assigned to any tracks. 
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 Trajectory analysis 

A trajectory contains rich information on a moving object. Activity 

analysis can be achieved by analyzing trajectories. In the proposed research, 

three critical issues, trajectory representation and preprocessing, affinity 

metrics of two trajectories, and trajectory modeling, were studied. 

 

Trajectory representation and preprocessing 

In a video clip containing 𝑡 image frames, the trajectory of a moving 

object can be represented by a series of states in the frames. The trajectory is 

denoted as  𝑇 = (𝑓1, 𝑓2, ⋯ , 𝑓𝑡) in which 𝑓𝑖 is the state of the moving object 

in the ith frame. The state of a moving object in a frame can be represented by 

different methods. For example, the location, velocity or acceleration can be 

used to describe 𝑓𝑖 , as in 𝑓𝑖 = (𝑥𝑖 , 𝑦𝑖 , 𝑣𝑥
𝑖  , 𝑣𝑦

𝑖 , 𝑎𝑥
𝑖 , 𝑎𝑦

𝑖 )  (Niu, Gao, & Tian, 

2012; Piciarelli & Foresti, 2006). The velocities and accelerations in 

particular are often unstable and noisy (Morris & Trivedi, 2008). Hence, 𝑓𝑖 =

(𝑥𝑖 , 𝑦𝑖) is commonly used for representing the state of a moving object in its 

raw trajectory.  

Different types of methods have been used in trajectory preprocessing 

stage. Trajectory smoothing is one method to preprocess trajectories using 

spatial smoothing filters, such as an average filter or wavelet filter, because 

that raw trajectories in Euclidian space often contain noisy states. Length 

normalization is another method in preprocessing stage as the preparation step 

for trajectory distance/affinity calculation. This is because some affinity 

measures only apply to equal-length trajectories, such as Euclidian distance 
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(Morris & Trivedi, 2008). In some studies, dimensionality reduction is used 

in the preprocessing step to reduce the data of a trajectory for efficient 

computing as well. Reference (Morris & Trivedi, 2008) discussed a variety of 

dimensionality reduction methods, including vector quantization, polynomial 

curve fitting, multi-resolution decomposition, HMM (where a trajectory is 

described by a sub-path sequence which is obtained from trajectory parsing 

or segmentation. The sub-path sequences are assumed to be the observations 

of a series of hidden states), sub-space methods, principal component analysis 

(PCA) methods, and kernel methods. 

In this section, a new preprocessing method was proposed because  of 

special qualities of the trajectories of construction entities at a construction 

site. First, construction activities are often periodic, and the construction 

entities will generate round-trip trajectories. Therefore, trajectories that have 

opposite directions may nonetheless represent the same activity. Second, 

trajectories are often broken into several parts when tracking multiple objects 

because of the instability of tracking algorithms in a cluttered environment. 

Finally, the spatial context is vital for trajectory representation in construction 

activity classification.  

In the proposed method, the image frame region is divided into grids. 

A trajectory can then be denoted as a series of grids through which the 

trajectory passes. This preprocessing method achieves the targets in trajectory 

smoothing, local length normalization and dimensionality reduction in the 

proposed applications. The raw data and results of grid representation of five 

trajectories from the same activity are shown in Figure 5.5. The left column 

is the smoothed trajectories, and the right column is the grid representation. 
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The intensity value of each grid in the right column is proportional to the time 

duration of an object’s stay in that grid. 

1 

  

2 

  

3 

  

4 

  

5 

  

Figure 5.5. Grid representation of trajectories 

 

Trajectory affinity/similarity 

The commonly used trajectory classification and clustering methods 

(e.g., spectral clustering (Atev et al., 2006) and minimum distance clustering 

methods (Piciarelli et al., 2005)) are based on the affinity/similarity of 
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trajectories. Various affinity measures between two trajectories have been 

proposed. The first commonly used affinity measure is based on the distance 

between two trajectories. For example, in  reference (W. Hu et al., 2007), an 

affinity is computed using 𝑆(𝑇1, 𝑇2) = 𝑒−𝐷(𝑇1,𝑇2)/𝜎
2
. 𝐷(𝑇1, 𝑇2) is the distance 

between two trajectories, 𝑇1  and 𝑇2 . Different methods can be used to 

compute 𝐷(𝑇1, 𝑇2), for example, Kullback–Leibler distance (KLD) (Bashir, 

Khokhar, & Schonfeld, 2007) and dynamic time warping (DTW) (Z. Zhang, 

Huang, & Tan, 2006). Some distance metrics, such as KLD, only apply to 

equal-length trajectories. DTW can be used with unequal-length trajectories. 

However, the computation of DTW for trajectory data in Euclidian space is 

usually time consuming (Z. Zhang et al., 2006).  

Another commonly used affinity measure is the longest common 

subsequence (LCS) (Bergroth, Hakonen, & Raita, 2000). The LCS of 𝑇1,𝑖 and 

𝑇2,𝑗 can be dynamically calculated using Eq.(5-3).  

𝐿𝐶𝑆(𝑇1,𝑖 , 𝑇2,𝑗)

= {

0 𝑖 = 0 𝑜𝑟 𝑗 = 0

𝐿𝐶𝑆(𝑇1,𝑖−1, 𝑇2,𝑗−1) + 1 𝑓1
𝑖 = 𝑓2

𝑗

𝑚𝑎𝑥{𝐿𝐶𝑆(𝑇1,𝑖−1, 𝑇2,𝑗), 𝐿𝐶𝑆(𝑇1,𝑖 , 𝑇2,𝑗−1)} 𝑓1
𝑖 ≠ 𝑓2

𝑗

 
(5-3) 

In this equation, the two trajectories are 𝑇1 = (𝑓1
1, 𝑓1

2, ⋯ , 𝑓1
𝑡1)  and 

𝑇2 = (𝑓2
1, 𝑓2

2, ⋯ , 𝑓2
𝑡2) , and 𝑇1,𝑖 = (𝑓1

1, 𝑓1
2, ⋯ , 𝑓1

𝑖)  and 𝑇2,𝑗 = (𝑓2
1, 𝑓2

2, ⋯ , 𝑓2
𝑗
) 

are the subsets of 𝑇1 and 𝑇2. LCS can be transformed into a standard affinity 

measure (the value range is from 0 to 1) by dividing by the lengths of  𝑇1 and 

𝑇2. The normalized LCS between 𝑇1 and  𝑇2 is 

𝐿𝐶𝑆(𝑇1, 𝑇2) = 𝐿𝐶𝑆(𝑇1,𝑡1 , 𝑇2,𝑡2)/𝑚𝑎𝑥{𝑡1, 𝑡2} 
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LCS is commonly used in the comparison of text strings and cannot 

be directory used for raw trajectory data in Euclidian space. However, it can 

be used to compute the affinity of trajectories represented by grids.  

The overlapping of the grid matrices of trajectories also can be used 

to calculate the affinity of two trajectories. This method neglects the influence 

of traversed trajectories in the same activity. Therefore, the affinity computed 

by grid matrix overlapping is larger than the affinity computed by using 

normalized LCS. 

The affinities among five trajectories using DTW, LCS, and matrix 

overlapping is shown in Figure 5.6. LCS may be influenced by the returns in 

a grid. Therefore, the affinities computed by LCS are smaller than those 

computed by DTW and grid matrix overlapping. The affinities which were 

computed from matrix overlapping are close to those from DTW but the 

computation time was largely saved. After considering the computation time 

and the effectiveness and robustness of similarity measures, grid matrix 

overlapping was selected to compute the affinity between two trajectories in 

this study. 

 

Figure 5.6. The affinities among five trajectories 
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Trajectory model establishing and classification 

In trajectory classification, different methods have been used to 

establish trajectory models, such as, mean trajectory (W. Hu et al., 2007), 

enveloped trajectory model, sub-path trajectory model (Piciarelli et al., 2005; 

Pusiol, Bremond, & Thonnat, 2009, 2010) or probability distribution of a 

semantic region (X. Wang et al., 2011). Mean trajectory is computed by 

obtaining the mean values of 𝑓𝑖 in trajectories, 𝑓 �̅� = (𝑥 �̅�, 𝑦 �̅�). An enveloped 

trajectory model can be defined as 𝑓 �̅� = (𝑥 �̅�, 𝑦 �̅�, 𝜎𝑥
𝑖̅̅ ̅, 𝜎𝑦

𝑖̅̅ ̅) . 𝜎𝑥
𝑖̅̅ ̅  and 𝜎𝑦

𝑖̅̅ ̅  are the 

standard deviations in two directions. This model is suitable for confined 

environments, such as traffic roads. A tree-like trajectory model is obtained 

by dividing the path into sub paths, and then the trajectory model of an activity 

is established by the combination of the sub paths. This model can be used in 

an open environment. However, in this method, the sub paths still need to be 

modeled using a mean trajectory model or enveloped trajectory model. This 

means the sub paths are often obtained from partly confined regions, such as 

a traffic intersection. 

A construction site, unlike a traffic intersection, is often a highly 

unconstrained and cluttered environment. Accordingly, the randomness of 

trajectories is greater in construction sites. Therefore, using the previously 

studied trajectory models, it is difficult to establish an initial trajectory model 

for unsupervised trajectory classification in multiple objects tracking. 

In this section of the analysis, a predefined random walk dataset was 

used as the initial trajectory model. This random walk dataset is generated 
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based on prior knowledge of spatial context (e.g., an active region and work 

hot spots) and moving patterns. Figure 5.7 shows an example of a random 

walk model. In this example , (a) is the binary map of the spatial context of a 

construction site, with the white section being the active region of the selected 

activity. (b) is the generated random walk model from the active region. The 

intensity value of a grid is the numbers of random walks that pass by. (c) is 

the real trajectories of the selected activity. (d) is the updated random walk 

dataset updated using the real trajectories. 

 

    

(a)                                                    (b) 

  

(c)                                                    (d) 

Figure 5.7. An example of random walk model: 

(a) the manually labelled binary map of the spatial context of a construction 

site (the white section is the active region of the selected activity), (b) the 

generated random walk model (the intensity value of a grid is the numbers 
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of random walks pass by), (c) the real trajectories of the activity, (d) the 

updated random walk dataset updated using the real trajectories. 

 

This method is adaptable to different construction site layouts. The 

random walk model can be established given the reliable active region and 

hot spots of activity, the dominant moving directions of objects in the activity, 

and the probabilities of an object moving in each dominant direction. This 

working field-based classification avoids the two disadvantages in previous 

studies. First, the commonly used method in previous studies is spectral 

clustering which is not stable when noisy trajectories exist. Second, the 

trajectories need to be extracted over an extended time period to obtain 

reliable trajectory clusters in spectral clustering. However, the proposed 

trajectory classification in this study can be performed without the necessity 

to obtain trajectory clusters over an extended time period. 

 

 Experiment and discussion 

 Test video for activity analysis 

In the experiments, a video (about 10 minutes long) in which a 

construction site was captured was used for activity analysis in the 

experiments. The video displays the activities at a steel rebar bending 

workshop. In the video, two workers are transporting rebar from the bending 

workshop to the building area and two workers are processing the rebar in the 

workshop. There is a path bounded by the steel rebar workshop on one side 

and the processed rebar storage place on the other in the video. A preview of 
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the video is shown in Figure 5.8 , and the file information of the video is 

shown in Table 5-5. 

 

 

Figure 5.8. The preview of the test video 

Table 5-5. The file information of the test video 

Length 9.6  minutes 

Resolution 576×768 

Frame rate 25 

Total number of frames 14378 

 

 Modifications and verifications in multiple object tracking 

In this study, the GMM background subtraction method was used to 

detect the moving objects in each frame. Then, Kalman filtering method was 

utilized to track multiple objects in the test video. The selection of the primary 

parameter of GMMs (the number of Gaussian modes) and the cost function 

in the tracking process were tested using a two-minute video (with 3,002 

frames). The ground truth for multiple objects tracking in validation 

experiments was manually labeled (Biresaw, Nawaz, Ferryman, & Dell, 2016) 

in the test video clip. The manually labeled ground truth is shown in Figure 

5.9. In Figure 5.9(b), thirteen people were labeled. 
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(a) (b) 

Figure 5.9. The manually labeled ground truth. 

 (a) The preview of labeled moving objects in a frame. (b) The trajectories 

of moving objects in the ground truth 

 

 (1) The selection of the proper number of Gaussian modes in GMM 

background subtraction. 

In GMM background subtraction, the number of nodes in GMM is the 

essential parameter. To select the proper number of Gaussian modes, the 

detected moving objects using different GMMs in 3,002 frames were 

compared with the labeled ground truth. False negative (FN) and false 

positive (FP) were used as the metrics to evaluate the results. Smaller 

numbers for FN and FP indicate better results of moving objects detection 

using background subtraction method. As shown in Table 5-6, less Gaussian 

modes in GMMs will provide better results in moving objects detection. This 

is because temporarily stationary objects may be classified into background. 

Hence, the objects moving slowly may not be detected when the nodes of 

GMMs is a large number. 
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Table 5-6. The results of moving objects detection using different numbers 

of Gaussian modes in GMMs 

`Number of modes 2 3 4 5 

Total number of labelled 

instances in ground truth 

12725 12725 12725 12725 

Total number of detected 

instances 
6452 4396 4353 4353 

Number of FN instances 6971 9660 9846 9848 

FN percentage 54.78% 75.91% 77.38% 77.39% 

Number of FP instances 903 1150 1308 1308 

FP percentage 7.10% 9.04% 10.28% 10.28% 

 

(2) Verification of modifications in multiple object tracking 

According to the trials, the detected trajectories were fragmented in 

multiple objects tracking in a construction site video. The fragmentation of 

trajectories can be reduced by using a properly selected cost function in the 

tracking procedure. In this section, three cost functions were tested. By 

comparing to the ground truth, the percentage of correct tracks, the mean 

length of correct tracks and the maximum length of correct tracks are used to 

evaluate the results of multiple objects tracking using different cost functions. 

The results of verifications are shown in Table 5-7.  

 

Table 5-7. The results of verification of cost function selection in multiple 

object tracking 

Metrics Cost function 1 Cost function 2 Cost function 3 Ground 

truth 

Number of 

tracks 

61 61 72 13 

Percentage of 

correct tracks 

62.30% 65.57% 66.67%  

Mean length of 

correct tracks 

92.55 90.15 79.56  

Maximum 

length of 

correct tracks 

494 494 283  

 



155 

 

In Table 5-7,  

Cost function 1: 𝐶(𝑇𝑖 , 𝐷𝑗) = 𝑑𝑖𝑠𝑡 (𝑝𝑜𝑠(𝑇𝑖), 𝑝𝑜𝑠(𝐷𝑗)); 

Cost function 2: 𝐶(𝑇𝑖 , 𝐷𝑗) = 2𝑀𝑑𝑖𝑠𝑡 (𝑝𝑜𝑠(𝑇𝑖), 𝑝𝑜𝑠(𝐷𝑗)); 

Cost function 3: 𝐶 = w(𝑇𝑖, 𝐷𝑗) × 𝑑𝑖𝑠𝑡 (𝑝𝑜𝑠(𝑇𝑖), 𝑝𝑜𝑠(𝐷𝑗)), 

w(𝑇𝑖 , 𝐷𝑗) =  2𝑀√
𝑚𝑎𝑥_𝑠𝑖𝑧𝑒(𝑏𝑏𝑜𝑥(𝑇𝑖),𝑏𝑏𝑜𝑥(𝐷𝑗))

𝑚𝑖𝑛_𝑠𝑖𝑧𝑒(𝑏𝑏𝑜𝑥(𝑇𝑖),𝑏𝑏𝑜𝑥(𝐷𝑗))
. 

 

In cost function 2 and 3, 𝑀 is the number of channels in which the 

difference between the mean color values of a track and a new detection is 

larger than a defined threshold. In cost function 3, 𝑚𝑎𝑥_𝑠𝑖𝑧𝑒 and 𝑚𝑖𝑛_𝑠𝑖𝑧𝑒 

are the maximum size and minimum size of two bounding boxes. 

As shown in Table 5-7, the numbers of detected tracks are larger than 

the number of tracks in ground truth. This means the detected trajectories 

were fragmented in the test video. From cost function 1 to cost function 3, the 

number of detected tracks increases; the number of the mean length of correct 

tracks and the maximum length of correct tracks decrease, This means that 

adding more attributes into cost function causes more severe trajectory 

fragmentation. Nonetheless, the ratio of correct tracks increases from cost 

function 1 to cost function 3. 

 



156 

 

 Case study: automatic activity sampling using single object 

tracking using mean-shift method 

In this section, a case study of automatic activity sampling using the 

tracking results of a selected target is presented. In this experiment, a worker 

transporting the processed rebars from the workshop to the working area was 

selected. The repetitive transportation activities of the selected target were 

analyzed. First, the spending time was calculated for four cycles of rebar 

transportation. Figure 5.10 shows the results of automatic tracking and work 

sampling for the selected target. Figure 5.10(a) indicates the moving 

trajectories of the selected worker in the test video. The trajectories show that 

the worker left the workshop five times (to deliver the materials) and returned 

five times. Four full work cycles are counted in the ten-minute test video. The 

total time consumed, the transportation time, and the non-transportation time 

of each cycle can be calculated according to the velocities. The consuming 

times in the four cycles are shown in Figure 5.10(b). These results can be used 

to rate the productivity of the worker in a productivity assessment by a 

professional project manager. 

  

(a)                                                       (b)  

Figure 5.10. The example of trajectory-based activity sampling of the 

selected target 
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(a) The trajectory of the selected target. (b) The time utilization of each 

cycle in the activities  

 

 Case study: automatic on-site hot spots analysis using the 

multiple objects tracking method 

In this case study, the trajectories of multiple objects tracking were 

used for site utilization analysis, specifically, work hot spots analysis. The 

work hot spots which were obtained by trajectory clustering by using the 

mean-shift method. Mean-shift clustering does not require a user-defined 

cluster number. However, clustering results, the small clusters which caused 

by a few data points, may vary when different starting points are selected. A 

six-minute clip in the test video was used to demonstrate the results of hot 

spots detection. The results of work hot spots detection based on the extracted 

trajectories are shown in Figure 5.11. In this figure, (a) is the trajectories of 

workers which were obtained from multiple objects tracking; the results show 

that the trajectory fragmentation was serious in the multiple objects tracking 

in the test construction site video. (b) is work hot spots generated from the 

detected trajectories. 
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(a) 

 

(b) 

Figure 5.11. The results of work hot spots detection 

(a) Trajectories of workers detected in the test video. (b) The work hot spots 

generated from the detected trajectories. 
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 Case study: activity analysis using hot spots on-site  

In this case study, the detected hot spots were used to classify activities 

on-site. The classification procedure can be illustrated by an example in 

Figure 5.12. As shown in Figure 5.12, (a) is the detected eleven hot spots in a 

video clip; the hot spot index number is noted using black text. After 

analyzing the trajectories between the hot spots, the transition modes among 

the hot spots were obtained, as shown in Figure 5.12(b): directed connection 

graph and  Figure 5.12(c): undirected connection graph. In Figure 5.12(b) and 

(c), the width of a transition line segment is proportional to the frequency of 

the transition. For example, the frequency of the transition between hot spot 

1 and 9 is larger than others’. Finally, the hot spots belonging to the same 

activity were separated according to the transitions. As shown in Figure 5.12 

(d), the hot spots which are connected using green lines belong to an activity 

and the hot spots which are connected using magenta lines belong to another 

activity. 

  

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

Figure 5.12. An example of activity classification using detected hot spots 

and tracking trajectories 

(a) The detected hot spots; (b) the transitions with directions between hot 

spots; (c) the weighted transitions between hot spots; (d) the hot spots 

belonging to the same activity 

 

The hot spots in each activity were used to generate initial random 

walk model for trajectory classification. Figure 5.13 shows the two initiated 

models of random walks for trajectory classification. 

     

 (a)                                              (b) 

Figure 5.13. Two initiated models generated by random walks for 

trajectory classification  
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Figure 5.14 shows the results of trajectory classification using the 

random walk models. (a) and (b) shows the trajectories classified into the first 

and the second model respectively. 

 

(a) 

 

(b) 

Figure 5.14. The results of trajectory classification  
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(a) Trajectories classified into the first model. (b) Trajectories classified into 

the second model. 

 

In this case study, the time utilization of the space for each activity 

also can be summarized according to the tracking results. Figure 5.15 shows 

the time utilization of the site in each activity during a period of six minutes. 

 

(a) The first activity                           (b) The second activity 

Figure 5.15. Time utilization of activities.  

 

 Conclusion 

For efficient construction management, it is important to evaluate the 

productivity of a particular worker or a construction team (crew). In this study, 

automatic moving object detection and tracking methods were used to analyze 

construction activities recorded by far-field monitoring systems. Two 

applications were studied using trajectories from construciton sites: single 

object tracking and multiple object tracking. In the first application of 

automatic activity sampling, the trajectory was used to analyze the activity of 

a selected target (a worker or a piece of construction equipment). The second 

application is related to scene understanding. In this application, trajectories 
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from a construction site were used to analyze the spatial and temporal 

utilization of the construction site. 

The proposed methodology framework consists of the following key 

components:  foreground object detection, object tracking based on the mean-

shift method, multiple objects tracking based on Kalman filtering, and 

trajectory analysis. The integrated approach developed in this study was 

tested using actual construction videos. The experimental results of validation 

and case studies show the practicality and potential of this integrated 

approach. 

Based on the key methods developed in this study, a construction 

activity analysis system may be developed for detailed micro-level 

productivity study. The system may be used to analyze construction activity 

sampling and generate detailed information regarding time utilization of a 

selected target. This may assist the evaluation of the efficiency of individual 

construction elements and the analysis of collaboration of different 

construction elements. It may also help identify factors that affect 

construction productivity. Therefore, the system potentially benefits 

construction project management and administration.  

The developed prototype system needs to be modified based on 

different field studies and video collections and analysis purpose. However, 

the framework, calculation algorithms, and the implementations provide a 

good foundation for the development of a more mature system in the future. 

This system may provide valuable information on productivity studies. The 

system may be further improved to answer questions such as: 
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• Are the temporary construction materials/components placed at the 

right locations so that workers do not have to spend too much time on 

manually transporting them? 

• What is the percentage of time during which the construction crew 

members are ineffective? 

• What is the proportion of time during which the construction plants 

are ineffective? 

Although the development of a mature system requires more effort, it 

is believed that the information generated by the system would benefit 

construction industry by providing detailed automatic activity sampling and 

activity analysis in productivity assessment. 
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CHAPTER 6. SUMMARY OF RESEARCH WORK AND THE 

WAY FORWARD  

Systematic methods for automatic information summary and 

extraction from construction videos are developed in this study. The major 

research components include (1) an automatic video summary system based 

on key frame extraction methods, (2) an automatic macro progress 

measurement system based on image registration methods, (3) an automatic 

micro progress measurement system based on work quantity measurement 

methods, (4) an automatic activity sampling and analysis system based on 

trajectory classification and modeling methods. To assist method 

development and validation, a large repository of construction videos are 

collected, which form a basis for this study as well as future ones. Key 

methods used in the four systems, with the full consideration of the unique 

characteristics and constraints of construction videos, are thoroughly 

investigated.  

 

 Contribution of the established video/image database and its 

limitations 

In preparation for the research, a video and image database captured 

from different construction sites is created. The video clips cover not only 

different stages of building construction, but also have different levels of 

details: Some videos cover the entire project sites while others target at 

specific operations. In addition, as a result of validation experiments, some 

video clips were manually examined by multiple examiners, and the results 
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were summarized. These data form a “ground truth” dataset, which may be 

used for other research applications in the future. Therefore, both the raw 

video/image database and the ground truth datasets can be used in future 

studies. The data is one of the contributions of this study. 

However, there are still some limitations of the collected video/image 

data. Firstly, the videos are not captured by a stationary camera installed at a 

tripod. Because the positions of the camera at different times of videotaping 

are different, it is difficult to compare videos taken at different times. 

Secondly, since these videos are manually recorded by the researcher, 

construction activities were not captured continuously. Consequently, some 

activities may be missed. The types of construction activities are not 

comprehensive, leaving room for further improvement. Finally, illumination  

conditions in some videos vary largely due to the surrounding environment, 

and weather condition. Some videos with poor illumination may cause extra 

difficulties in automatic processing methods. 

 

 Contribution of the developed video/image analysis methodologies 

and their limitations 

The key contributions of this study are video/image analysis 

methodologies specifically developed for construction sites and construction 

activities. The methodologies include new processing procedures and new or 

improved computational algorithms.  The methods can be used to effectively 

summarize and extract useful information in construction videos or images. 

The outputs of the systems are anticipated to assist construction managers in 
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improving jobsite management, especially in improving productivity. The 

contributions from the four research components are summarized as follows. 

Video summary aims to extract and retain only essential information 

from lengthy site monitoring video footages. On-site video recording systems 

are increasingly used for monitoring construction activities. The recorded 

videos contain rich and useful jobsite information that can be used for a 

variety of purposes. A significant amount of video data generated by 

continuous monitoring, however, creates tremendous challenges on data 

storage and retrieval. Due to the relatively slow pace of construction activities, 

a significant portion of the recorded data is redundant. Therefore, archiving 

raw construction videos into a concise and structured set of key frames would 

facilitate data storage, retrieval, and analysis. Three key issues in automatic 

key frame extraction from construction videos are addressed, including the 

selection of proper video features, scene segmentation, and key frame 

extraction. New image features and methods are also developed. A validation 

experiment indicates that the developed features and methods can effectively 

and efficiently extract representative key frames from the complex and 

dynamic construction videos.  

Construction progress measurement is a key component in 

construction productivity evaluation. Progresses made on a large scale, 

namely macro project progress, can be obtained by comparing the video 

images taken at different times. Spatial data registration is a critically 

important step for image data comparison. In spatial data registration, a 

transform model needs to be fitted. In this study, three modified methods are 

developed based on the Progressive Sample Consensus (PROSAC) method 
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for such purpose, including tentative correspondence refinement, 

modification of progressive sampling and local optimization. The 

modifications are made to address the specific characteristics of image data 

taken from buildings under construction. Comprehensive comparisons and 

validations are made to verify the effectiveness of the developed methods, 

and satisfactory results are obtained.  

The third research component is focused on progress measurement at 

workface, i.e., micro project progress. The micro project progress can be 

obtained by tracking and counting the completed work at the operational level. 

Hence the productivity of a work crew can be assessed. An image processing 

procedure is developed, with new computer vision methods proposed for each 

step in the procedure. Algorithms are developed for the automatic calculation 

of two commonly measured quantities at workface, including planar area and 

patch quantity of completed work. Validation experiment shows that the 

developed methods generate satisfactory results. 

Besides progress measurements, activity tracking is another important 

component in construction productivity evaluation and analysis. This 

research component is focused on activity tracking of construction workers 

or construction equipment, automatic classification of work activities, and 

assessment of work efficiency. In the developed system, a moving object 

detection method is used to detect moving objects in an image frame. Object 

tracking methods are subsequently used to establish the correspondences of 

moving objects across different frames. The time utilization of each work 

cycle of a worker or a piece of equipment is calculated by using single object 

tracking methods. The efficiency or inefficiency of a worker can be 
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determined based on the results of trajectory analysis in automatic activity 

sampling. The work activities are classified and modeled based on trajectories 

of involved workers on a construction site. Space and time utilization can then 

be analyzed using trajectories in multiple object tracking methods. 

The primary limitation of the research is that the four major 

components are not fully integrated. Instead, this research mainly focuses on 

studying the key research issues in utilizing computer vision techniques for 

construction site video analysis. There are also limitations in each research 

component. In automatic video summary, the key frames are selected as those 

showing obvious changes in low-level feature. Therefore, the extracted key 

frames may not be physically meaningful at the semantic level. In automatic 

macro progress measurement based on image registration, the site-level 

changes of a construction project can be compared with images captured from 

different times. However, automatic change classification and recognition 

have not been studied in this research. In automatic micro progress 

measurement based on work quantity measurement, the proposed methods 

only apply to the measurement of planar area and patch quantity in some 

construction tasks. The other tasks which need to measure other quantities, 

e.g., volume in earthmoving operations, still need to be studied. In automatic 

activity sampling based on trajectory classification and modeling, the 

trajectories cannot be used to analyze certain stationary construction tasks, 

e.g., metal work in a workshop. In these tasks, construction workers’ activities 

are limited to a small confined region. The moving object detection methods 

using background subtraction do not generate satisfactory results. 
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 Recommendations for future work 

The author has spent a significant amount of effort on developing 

robust methods for construction video processing. Although the developed or 

modified methods can be used for processing construction videos, however, 

it is inherently challenging to apply algorithms in computer vision for the 

analysis of construction videos due to the dynamic and chaotic nature of 

construction sites. A large number of construction videos of different types of 

construction activities need to be used to further calibrate the developed 

methods. Ideally, a comprehensive database still needs to be developed to 

“train” the methods developed in this study and serves as a baseline for 

assessing future construction activities. 

In addition, as discussed above, the developed components still have 

their limits. The future work can be focused on solving the limitations of each 

research component. The research work can also be extended. For instance, 

extracting key frames which represent a meaningful activity in automatic 

video summary, performing change classification and recognition in macro 

progress measurement, using 3D processing technologies to calculate 

completed volume, and accomplishing activity analysis at workface level 

using posture-based methods. As the methods are further refined, the research 

components may be systematically integrated for assisting project 

management at construction sites. 
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Appendix 

A1. Color space transformations 

In RGB space, R, G, B values are ranged from 0 to 255. To make a 

better comparison, the value ranges of the transformed color spaces below are 

modified to [0,255]. 

(1) CIE L*a*b* space 

CIE L*a*b* color space are calculated by nonlinear transformation 

from CIE XYZ color space, which is transformed linearly from the RGB color 

space(Fairman et al., 1997). In Eq.(0-1), the standard RGB space is 

transformed into the CIE XYZ color space. In this transformation, T is a 3×3 

constant transformation matrix (Wyszecki & Stiles, 1982).  

(
𝑋
𝑌
𝑍
) = 𝑇 (

𝑅
𝐺
𝐵
) = (

2.7688 1.7517 1.1301
1.0000 4.5906 0.0601
0.0000 0.0565 5.5942

)(
𝑅
𝐺
𝐵
) (0-1) 

In Eq.(0-2), the CIE XYZ color space is transformed into the CIE 

L*a*b* color space. 

𝐿 ∗=

{
 

 116 × 𝑓(
𝑌

𝑌𝑛
) − 16

𝑌

𝑌𝑛
> (

6

29
)3

(
29

3
)3 ×

𝑌

𝑌𝑛
𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

𝑎 ∗= 500 × (𝑓(
𝑋

𝑋𝑛
) − 𝑓(

𝑌

𝑌𝑛
))

𝑏 ∗= 200 × (𝑓(
𝑌

𝑌𝑛
) − 𝑓(

𝑍

𝑍𝑛
))

 (0-2) 

In the equation above,  
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𝑓(𝑡) = {
𝑡

1

3 𝑡 > (
6

29
)3

7.787𝑡 +
16

116
𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

(𝑋𝑛, 𝑌𝑛, 𝑍𝑛): 𝑉𝑎𝑙𝑢𝑒𝑠 𝑜𝑓 𝑡ℎ𝑒 𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑤ℎ𝑖𝑡𝑒

 .    

                              

(2) CIE L*u*v* space 

CIE L*u*v* color space are also calculated by nonlinear 

transformation from CIE XYZ color space using Eq. (0-3).  

𝐿 ∗=

{
 

 116 × 𝑓(
𝑌

𝑌𝑛
) − 16

𝑌

𝑌𝑛
> (

6

29
)3

(
29

3
)3 ×

𝑌

𝑌𝑛
𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

𝑢 ∗= 13𝐿 ∗× (𝑢′ − 𝑢𝑛′)

𝑣 ∗= 200 × (𝑣′ − 𝑣𝑛′)

 (0-3) 

In the equation above, 

𝑢′ =
4𝑋

𝑋+15𝑌+3𝑍

𝑣′ =
9𝑌

𝑋+15𝑌+3𝑍

. 

The values of 𝑢𝑛′ and 𝑣𝑛′ are calculated according to the color values 

of the reference white. 

 

(3) HSV space 

HSV color space is popular in object detection or recognition because 

it can separate the hue component and better accords with human eye 

perception (Park & Brilakis, 2012). In HSV color space (Smith, 1978), H and 

S components are the chromatic channels; V is the illuminance channel. HSV 

model is an intuitive representation of color. The HSV values are computed 

from RGB color values using Eq. (0-4). 
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ℎ′ =

{
 
 
 

 
 
 

0
5 + 𝑏′

𝑖𝑓
𝑒𝑙𝑠𝑒𝑖𝑓

𝑀 = 𝑚
𝑟 = 𝑀𝑔 = 𝑚

1 − 𝑔′ 𝑒𝑙𝑠𝑒𝑖𝑓 𝑟 = 𝑀&𝑔 ≠ 𝑚

1 + 𝑟′ 𝑒𝑙𝑠𝑒𝑖𝑓 𝑔 = 𝑀&𝑏 = 𝑚

3 − 𝑏′ 𝑒𝑙𝑠𝑒𝑖𝑓 𝑔 = 𝑀&𝑏 ≠ 𝑚

3 + 𝑔′ 𝑒𝑙𝑠𝑒𝑖𝑓 𝑟 = 𝑚

5 − 𝑟′ 𝑒𝑙𝑠𝑒

𝐻 =
255ℎ′

6

𝑆 = 255(1 −
𝑚

𝑀
)

𝑉 = 𝑀

 (0-4) 

In the equation above, 

𝑀 = max(𝑅, 𝐺, 𝐵)
𝑚 = min(𝑅, 𝐺, 𝐵)

𝑟′ =
𝑀−𝑅

𝑀−𝑚
, 𝑔′ =

𝑀−𝐺

𝑀−𝑚
, 𝑏′ =

𝑀−𝐵

𝑀−𝑚

. 

 

(4) HMMD space 

HMMD color space (Manjunath, Ohm, Vasudevan, & Yamada, 2001) 

was introduced in multimedia content description standard MPEG-7. This 

color space comprises four channels. The transformation is computed using 

Eq.(0-5). 

𝐻 =

{
 
 

 
 

0 𝑖𝑓 𝑀 = 𝑚
60 × (𝐺 − 𝐵)/(𝑀 − 𝑚) + 360 𝑒𝑙𝑠𝑒𝑖𝑓 𝑅 = 𝑀&𝐺 = 𝑚

60 × (𝐺 − 𝐵)/(𝑀 − 𝑚) 𝑒𝑙𝑠𝑒𝑖𝑓 𝑅 = 𝑀&𝐺 ≠ 𝑚
60 × (2 + (𝐵 − 𝑅)/(𝑀 − 𝑚)) 𝑒𝑙𝑠𝑒𝑖𝑓 𝐺 = 𝑀
60 × (4 + (𝑅 − 𝐺)/(𝑀 − 𝑚) 𝑒𝑙𝑠𝑒 𝐵 = 𝑀

𝑀 = max(𝑅, 𝐺, 𝐵)
𝑚 = min(𝑅, 𝐺, 𝐵)

𝑀𝑀 =
𝑀 + 𝑚

2
𝐷 = 𝑀 − 𝑚

 (0-5) 

 

 (5) YUV space  
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YUV color space (Mukherjee, Lang, & Mitra, 2005) can be converted 

directly from RGB space using a linear transformation, as shown in Eq.(0-6). 

The offset vector, (0,128,128)𝑇 , is used to shift the color values in YUV 

space into [0,255] in this research. 

(
𝑌
𝑈
𝑉
) = (

0.299 0.587 0.114
−0.173 −0.339 0.511
0.511 −0.428 −0.087

)(
𝑅
𝐺
𝐵
) (0-6) 

             

                   

(6) YCbCr space 

YCbCr color space (MathWorks, 2016b) is obtained by shifting the 

values in YUV space. However, the parameters are slightly different. In this 

research, the built-in function in Matlab 2013a is used to test the performance 

of color feature in YCbCr space. The transformation from RGB color space 

to YCbCr color space is illustrated in Eq.(0-7). 

(
𝑌
𝐶𝑏
𝐶𝑟

) = (
0.2568 0.5041 0.0979

 −0.1482 −0.2910  0.4392
0.4392  −0.3678  −0.0714

)(
𝑅
𝐺
𝐵
)

+ (
 0.0627

 128.5020
 128.5020

) 

(0-7) 

                  

 

(7) YIQ space 

YIQ color space (MathWorks, 2016a) is different from YUV and 

YCbCr color spaces when color difference channels, I and Q, are computed. 

The Eq.(0-8) is used to transform RGB color space into YIQ color space. The 
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offset vector, (0,128,128)𝑇, is used to shift the color value into range [0,255] 

in this research. 

(
𝑌
𝐼
𝑄
) = (

0.299 0.587 0.114
0.596 −0.274 −0.322
0.211 −0.523 0.312

)(
𝑅
𝐺
𝐵
) (0-8) 
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A2. Design of Gabor filter bank 

Complex Gabor function (Eq.(0-9)) in the spatial domain is the 

product of a 2D complex sinusoid function and a 2D Gaussian function  

(Movellan, 2002). 

𝑔(𝑥, 𝑦) = 𝑠(𝑥, 𝑦)𝜛(𝑥, 𝑦) (0-9) 

Where 𝑠(𝑥, 𝑦) is the 2D complex sinusoid function and 𝜛(𝑥, 𝑦) is the 

2D Gaussian-shaped function. The 2D complex sinusoid equation can be 

described as: 

𝑠(𝑥, 𝑦) = exp[𝑖(2𝜋𝑓0𝑥
′ + 𝜓)] (0-10) 

where  𝑥′ = 𝑥cos𝜃 + 𝑦sin𝜃. The plot of the 2D sinusoid function is 

made of parallel fringes. In the equation, 𝜃 is the direction perpendicular to 

the parallel fringes, 𝑓0 is the frequency of the fringes, and 𝜓 is the phase of 

the sinusoid function. Eq.(0-10) can also be described as: 

𝑠(𝑥, 𝑦) = exp[𝑗(2𝜋(𝑢0𝑥 + 𝑣0𝑦) + 𝜓)]

𝑢0 = 𝑓0cos𝜃
𝑣0 = 𝑓0sin𝜃

 (0-11) 

where 𝑢0 and 𝑣0 are the frequencies along the x-axis and y-axis in the 

spatial domain, respectively. Because 𝑓0  is inversely proportional to fringe 

width, it controls the density of the fringes; 𝜃 controls the direction of the 

fringes; 𝜓  determines the plot center value and the symmetry of the 2D 

sinusoid function. The 2D sinusoid function is commonly assumed to be 

symmetric to the center, hence, 𝜓 = 0. 

The 2D Gaussian-shaped function is defined as: 
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𝜛(𝑥, 𝑦) =
1

2𝜋𝜎𝑥𝜎𝑦
exp[−

1

2
(

𝑥′2

𝜎𝑥′
2
+

𝑦′2

𝜎𝑦′
2
)]

(
𝑥′
𝑦′

) = (
cos𝜃 sin𝜃
−sin𝜃 cos𝜃

) (
𝑥
𝑦)

 (0-12) 

In Eq.(0-12), 𝑓(𝑥𝑟 , 𝑦𝑟) =
𝑥′2

𝜎𝑥′
2 +

𝑦′2

𝜎𝑦′
2 is an elliptic equation with (0,0) 

as the center of the ellipse; 𝜎𝑥′ is the standard deviation along the x-axis; 𝜎𝑦′ 

is the standard deviation along the y-axis; 𝜃  is the counter-clock rotation 

angle with respect to the x-axis. In the 2D Gabor function, the directions of 

Gaussian ellipse and 2D complex sinusoid fringes are the same. Therefore, 𝜃 

in Eq.(0-11) and Eq.(0-12) has the same value. To further link the Gaussian 

function with the sinusoidal function, let  

1

2𝜎𝑥′
2
= (

𝑓0
𝛾
)2,

1

2𝜎𝑦′
2
= (

𝑓0
𝜂
)2 (0-13) 

where 𝛾 and 𝜂 are the sharpness of 2D Gaussian shape along the x-

axis and y-axis, respectively (both 𝛾  and 𝜂  are positive values.). This 

transformation simplifies the Gaussian equation and links the Gaussian 

function with the sinusoid function. The transformed 2D Gaussian-shaped 

function becomes: 

𝜛(𝑥, 𝑦) =
𝑓0

2

𝜋𝛾𝜂
exp[−(

𝑓0
2

𝛾2
𝑥′2 +

𝑓0
2

𝜂2
𝑦′2)] (0-14) 

The 2D Gabor function in the spatial domain can then be written as: 
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𝑔(𝑥, 𝑦) =
𝑓0

2

𝜋𝛾𝜂
exp[𝑖(2𝜋𝑓0(𝑥cos𝜃 + 𝑦sin𝜃))]𝑒𝑥𝑝[−(

𝑓0
2

𝛾2
𝑥′2

+
𝑓0

2

𝜂2
𝑦′2)] 

(0-15) 

Gabor function in Eq.(0-15) is uniquely defined by the parameter 𝛾, 

𝜂, 𝑓0 and 𝜃. The systematic changes of these parameters will generate a Gabor 

filter bank, which can be used to extract image texture characteristics in 

different scale and direction. The Gabor filter bank, however, cannot be built 

by setting 𝛾, 𝜂, 𝑓0 and 𝜃 arbitrarily.  

Relationship of the parameters (𝛾, 𝜂, 𝑓0 and 𝜃) can be better depicted 

in the frequency domain. Using the deduction method in (Ilonen, Kämäräinen, 

& Kälviäinen, 2005), the parameters of the Gabor functions in a Gabor filter 

space can be deduced in the frequency domain. Using Fourier transformation, 

Eq.(0-15) is transformed into the frequency domain as shown in Eq.(0-16). 

�̂�(𝑢, 𝑣) = exp[−
𝜋2

𝑓0
2 (𝛾2(𝑢 − 𝑢0)′

2 + 𝜂2(𝑣 − 𝑣0)′
2)]

(
(𝑢 − 𝑢0)′

(𝑣 − 𝑣0)′
) = (

cos𝜃 sin𝜃
−sin𝜃 cos𝜃

) (
𝑢 − 𝑢0

𝑣 − 𝑣0
)

 (0-16) 

In the equation above, u and v are the variables in the frequency 

domain. 

In a same Gabor filter bank, the values of 𝛾 and 𝜂 remain the same. 

The Gabor filter bank can be established by varying 𝑓0 and 𝜃 only. For the 

ease of discussion, an example of Gabor filter bank in the frequency domain 

is shown in Figure 0.1a. Because the values of 𝛾 and 𝜂 do not vary, the shapes 

of the Gabor functions in Figure 0.1a are similar. A total of five frequencies 
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(𝑓0, or scales) and eight directions (𝜃) are used in the filter bank in Figure 

0.1a. The Gabor filter on the ith scale and jth direction can be denoted as: 

𝑔(𝑖,𝑗) = 𝑔(𝛾, 𝜂, 𝑓0
𝑖 , 𝜃𝑗) 

The scales of the Gabor functions in the Gabor filter bank is often a 

geometric sequence (Ilonen et al., 2005). Let 𝑓0
𝑖
 be the central frequency of 

the Gabor filter on the ith scale and m be the number of scales in Gabor filter 

bank, then 

𝑓0
𝑖 =

𝑓max

𝑘𝑖−1
, 𝑖 = 1, 2,⋯⋯ ,𝑚 (0-17) 

where k is the common ratio of the frequency geometric sequence and 

𝑓max is the maximum central frequency in Gabor filter bank. Constant value 

of k is usually used, and a commonly used value is √2 (Ilonen et al., 2005). 

The orientations are equally spaced in the Gabor filter bank. Assuming 

that the total number of directions is n, the jth orientation angle can be 

calculated by the following equation. 

𝜃𝑗 =
𝜋𝑗

𝑛
, 𝑗 = 0, 1,⋯⋯ , 𝑛 − 1 (0-18) 

If the Gabor functions in the same direction (the scale is changing only) 

are considered, the centers of these Gabor kernels are on a line, as shown in 

Figure 0.1a (Each ellipse is a Gabor kernel). In Figure 0.1a, the distance 

between each center and the origin is 𝑓0
𝑖
. The 1D curves along the center line 

are Gaussian curves of Eq.(0-19). The graphs are shown Figure 0.1b.  
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𝑔�̂�(𝑢) = exp[−
𝜋2𝛾2(𝑢 − 𝑓0

𝑖)2

(𝑓0
𝑖)2

] (0-19) 

    

(a)                                           (b) 

Figure 0.1. Gabor frequency kernels 

Every two adjacent kernels along the center line have a cross point, as 

shown in Figure 0.1b. Letting the entire cross points have the same Gabor 

response 𝑝1 (the value indicated by the black line in Figure 0.1b), one can 

derive Eq.(0-20) based on Eq.(0-19) (Ilonen et al., 2005). The detailed process 

of deriving this equation is not repeated here.  

𝛾 =
𝑘 + 1

𝑘 − 1

√−ln𝑝1

𝜋
 (0-20) 

If the Gabor frequency kernels of the same scale (the direction is 

changing only) are considered, the centers of these kernels are in a circle. 

Letting the cross points of two adjacent frequency kernels on the same circle 

have the same value 𝑝2 , Eq.(0-21) can be derived based on the geometric 

relationship (Figure 4 in (Ilonen et al., 2005)). Again, the detailed process of 

deriving this equation is not repeated here. 

𝜂 = √−ln(𝑝2)/𝜋tan(
𝜋

2𝑛
) (0-21) 
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The equations above indicate that (𝛾, 𝜂, 𝑓0
𝑖 , 𝜃𝑗)  in the Gabor filter 

bank can be determined by a set of parameters, including 𝑓max, m, n, 𝑝1, and 

𝑝2. In summary, 𝑓max is the maximum frequency; m and n are the number of 

scales and directions, respectively; 𝑝1 ∈ (0,1]  and 𝑝2 ∈ (0,1]  indicate the 

extent of intersection between two consecutive Gabor kernels in the scale and 

direction dimension, respectively. In the developed software system, users are 

free to define m and n according to the desired feature size and computation 

speed. The increase of m and n will sacrifice the computation speed. 
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A3. Homography estimation  

The mapping relationship between the homogeneous coordinates x =

(𝑥, 𝑦, 𝑧)𝑇  in the two-dimensional image plane and the coordinates X =

(𝑋, 𝑌, 𝑍)𝑇 in ideal pinhole camera system is 

𝜆x = X (0-22) 

In which, 𝜆 is a scale parameter. In homography transformation, the 

point X1  in the coordinate system of camera 1 can be transformed to the 

points X2 in the coordinate system of camera 2 using 

𝐻X1 = X2 (0-23) 

In this equation, 𝐻  is a 3-by-3 transform matrix. According to 

Eq.(0-22) and (0-23), the transformation from a pixel x1 = (𝑥1, 𝑦1, 𝑧1)
𝑇 in a 

image from camera 1 to the corresponding pixel x2 = (𝑥2, 𝑦2, 𝑧2)
𝑇  in the 

image from camera 2 is 

𝐻𝜆1x1 = 𝜆2x2 (0-24) 

The difference of the scales (𝜆1  and 𝜆2 ) in two cameras can be 

combined with 𝐻 into a transform matrix 𝐻𝑇. Therefore, Eq.(0-24)  can be 

written as 

𝐻𝑇x1 = x2 (0-25) 

𝐻𝑇 = [

ℎ1 ℎ2 ℎ3

ℎ4 ℎ5 ℎ6

ℎ7 ℎ8 ℎ9

]. 
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Based on that the cross product of a vector with itself is a zero vector, 

Eq. (0-25) could be rewritten using cross product as Eq.(0-26).  

[

𝑥2

𝑦2

𝑧2

] × [

ℎ1 ℎ4 ℎ7

ℎ2 ℎ5 ℎ8

ℎ3 ℎ6 ℎ9

] [

𝑥1

𝑦1

𝑧1

] = [
0
0
0
] (0-26) 

Eq. (0-26) could be further expanded as: 

[

0 −𝑧2𝑥1 𝑦2𝑥1

𝑧2𝑥1 0 −𝑥1𝑥1

−𝑦2𝑥1 𝑥1𝑥1 0
  

0 −𝑧2𝑦1 𝑦2𝑦1

𝑧2𝑦1 0 −𝑥1𝑦1

−𝑦2𝑦1 𝑥1𝑦1 0

0 −𝑧2𝑧1 𝑦2𝑧1

  𝑧2𝑧1 0 −𝑥1𝑧1

−𝑦2𝑧1 𝑥1𝑧1 0
] h

= 0⃑  

(0-2

7) 

This equation can be simplified as 𝐴h = (x1𝑇⨂x2̂)h = 0⃑  . “⨂ ” is 

Kronecker product operator. “^” is hat operator to transform a vector into its 

equivalent matrix. 0⃑   is a matrix composing of zeros. h =

(ℎ1, ℎ2, ℎ3, ℎ4, ℎ5, ℎ6, ℎ7, ℎ8, ℎ9)
𝑇. 

As explained in (Johnson & Farid, 2006), at least four pairs of 

coordinates of x1  and x2  are needed to determine the perspective 

transformation matrix 𝐻𝑇. The image after perspective transformation could 

be restored using matrix 𝐻𝑇 and a proper interpolation method.  

In the computation of h, if 𝑚 pairs of x1 and x2 are used, the number 

of rows in matrix 𝐴 is 3𝑚. Singular value decomposition (SVD) can be used 

to solve the linear problem of 𝐴h = 0⃑ . Matrix  After SVD operation, 𝐴 can be 

decomposed as 

𝐴 = 𝑈Σ𝑉𝑇 (0-28) 
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In this equation, 𝑈  is a 3𝑚 -by-3𝑚  matrix; Σ  is a 3𝑚 -by-9 diagonal 

matrix; 𝑉 = (v1, v2 , ⋯ , v9)  is a 9-by-9 matrix. The diagonal entries of Σ, 𝜎𝑖, 

are singular values. Singular values are sorted in descending order. In the 

SVD, u𝑖 is a column in 𝑈 and v𝑖 is a column in 𝑉, and the relation of u𝑖 and 

v𝑖  is   𝐴v𝑖 = 𝜎𝑖u𝑖 . Therefore, v9  is the estimatation of h  because 𝜎9  is the 

smallest singular value.   
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A4. Graph-cut segmentation 

A graph is designated as 𝐺 = (𝑉, 𝐸). 𝑉  is the set of nodes, and 𝐸 is 

the set of edges between two nodes. The aim of graph-cut method is to divide 

𝑉 into two separate classes 𝐴 and 𝐵. The dividing operation is named as “cut”. 

The cost function of a cut in graph 𝐺 is shown as Eq.(0-29). 

𝑐𝑢𝑡(𝐴, 𝐵) = ∑ 𝜔𝑖,𝑗

𝑖∈𝐴,𝑗∈𝐵

 
(0-29) 

In this equation, 𝜔𝑖,𝑗 is the weight of edge 𝐸𝑖,𝑗 which is the connection 

edge between node 𝑉𝑖 and 𝑉𝑗. 𝜔𝑖,𝑗 is often defined as difference between node 

𝑉𝑖 and 𝑉𝑗.  

The optimal method for dividing 𝑉  is to find the cut of 𝐺  with the 

minimum value of cost function Eq.(0-29). This method is named as min-cut 

method. However, the performance of min-cut method tends to be influenced 

by isolated nodes. Therefore, normalized cut (𝑁𝑐𝑢𝑡) is proposed to solve this 

problem (Shi & Malik, 2000). The cost function of numailized cut is shown 

in Eq.(0-30). 

𝑁𝑐𝑢𝑡(𝐴, 𝐵) =
𝑐𝑢𝑡(𝐴, 𝐵)

𝑎𝑠𝑠𝑜𝑐(𝐴, 𝑉)
+

𝑐𝑢𝑡(𝐴, 𝐵)

𝑎𝑠𝑠𝑜𝑐(𝐵, 𝑉)
 (0-30) 

 In this equation, 𝑎𝑠𝑠𝑜𝑐(𝐴, 𝑉)  and 𝑎𝑠𝑠𝑜𝑐(𝐵, 𝑉)  are computed using 

Eq.(0-31). 

𝑎𝑠𝑠𝑜𝑐(𝐴, 𝑉) = ∑ 𝜔𝑖,𝑗

𝑖∈𝐴,𝑗∈𝑉

 
(0-31) 
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Based on Eq.(0-29) and Eq.(0-30), Eq.(0-30) can be written using a 

labeling vector (𝑥) and matrices (𝐷 and 𝑊). 𝑊 = (𝜔𝑖,𝑗) is weight matrix. 𝐷 

is the diagonal matrix with diagonal elements 𝑑𝑖 = ∑ 𝜔𝑖,𝑗𝑗 . 

𝑥 = {
1, if 𝑉𝑖 ∈ 𝐴 

−1, else
 (0-32) 

𝑁𝑐𝑢𝑡(𝐴, 𝐵) can be rewriten as: 

𝑁𝑐𝑢𝑡(𝐴, 𝐵) =
𝑥𝑇(𝐷 − 𝑊)𝑥

2𝑑𝑇(𝑥 + 1)
+

𝑥𝑇(𝐷 − 𝑊)𝑥

2𝑑𝑇(𝑥 − 1)
 (0-33) 

𝑑𝑇  is a column vector which contains the diagonal elements in 𝐷 . 

𝑑𝑇 = 1⃑ 𝑇D1⃑ (1⃑  is a vector consisting of ones). Set 𝑦 = (𝑥 + 1) − 𝑏(1 − 𝑥), 𝑦 

is a vector in which each element is  𝑦𝑖 ∈ {−1, 𝑏} indicating class 𝐴 and 𝐵. 

The value of 𝑦  is determined by 𝑦𝑇𝐷1⃑ = 0 . Then, 𝑁𝑐𝑢𝑡(𝐴, 𝐵)  can be 

rewriten as: 

𝑁𝑐𝑢𝑡(𝐴, 𝐵) =
𝑦𝑇(𝐷 − 𝑊)𝑦

𝑦𝑇𝐷𝑦
 (0-34) 

Therefore, finding the minimum value of 𝑁𝑐𝑢𝑡(𝐴, 𝐵)  is to select a 

proper vector 𝑦. Each element in 𝑦 corresponds to a node in the graph. Graph-

cut is finally achieved by partitioning the vector 𝑦. 

Several methods have been proposed for computing the weight matrix 

𝑊. In image segmentation, each node represents a pixel in an image. The 

most commonly used method to compute 𝑊 are combining differences of the 

color/intensity values and differences of the locations between two nodes. In 
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Eq.(0-35).  𝜔𝑖,𝑗  is the summation of color difference (𝑑𝑓 ) and the spatial 

difference (𝑑𝑠) between two nodes. 

𝜔𝑖,𝑗 = 𝑑𝑓 + 𝑑𝑠 (0-35) 

𝑑(𝑖) = ∑ 𝜔𝑖,𝑗𝑗∈𝑉  is diagonal element of matrix 𝐷. The parameter 𝑏 is 

∑ 𝑑(𝑖)𝑖∈𝐴

∑ 𝑑(𝑖)𝑖∈𝐵
. 

The problem of to minimize 𝑁𝑐𝑢𝑡  in Eq.(0-34) is to find the 

eigenvector (𝑦) with the smallest non-zero eigenvalue which satisfy Eq.(0-36). 

In this equation, 𝜆 is the eigenvalue. 

(𝐷 − 𝑊)𝑦 = 𝜆𝐷𝑦 (0-36) 

The equation above can be further transformed into the standard 

eigenvalue equation by setting 𝑧 = 𝐷
1

2𝑦. 

𝐷−
1
2(𝐷 − 𝑊)𝐷

1
2𝑧 = 𝜆𝑧 (0-37) 

The value of 𝑦𝑖 in vector 𝑦 may not be the constant values of -1 or 𝑏. 

This will cause an difficulty in selecting threshold for bipartitioning 𝑦 . 

Therefore, an alternative format of minimum normalized cuts was suggested 

in (Eriksson, Olsson, & Kahl, 2011). The optimization problem in graph-cut 

is transform to  

min⏟
𝑥

    𝑁𝑐𝑢𝑡(𝐴, 𝐵) =
(𝑥𝑇(𝐷 − 𝑊)𝑥)𝑑𝑇1⃑ 

𝑥𝑇 ((𝑑𝑇1⃑ )𝐷 − 𝑑𝑇𝑑) 𝑥
 

𝑥𝑖 ∈ {−1,1} 

(0-38) 
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This equation is further revised in (Chew & Cahill, 2015) as  

min⏟
𝑥

    𝑁𝑐𝑢𝑡(𝐴, 𝐵) =
𝑥𝑇(𝐷 − 𝑊)𝑥

𝑥𝑇𝐷
1
2(𝐼 − 𝑞𝑞𝑇)𝐷

1
2𝑥

 

𝑥𝑖 ∈ {−1,1} 

(0-39) 

𝐼 is a identity matrix; 𝑞 is a unit vector, 𝑞 =
𝐷

1
21⃑⃑ 

‖𝐷
1
21⃑⃑ ‖

.  

In the revised optimization Eq.(0-38) and Eq.(0-39), 0 is selected as 

the threshold to bipartition vector 𝑥 in graph-cut method.  

To increase the accuracy in graph-cut method, the prior constraints 

can be added to perform semi-graph-cut by using penalty rules (Chew & 

Cahill, 2015). The semi-supervised cut cost is defined as 

𝑐𝑢𝑡𝑠𝑠(𝐴, 𝐵) = 𝑐𝑢𝑡(𝐴, 𝐵) + 𝑝𝑀𝐿 + 𝑝𝐶𝐿 

𝑝𝑀𝐿  and 𝑝𝐶𝐿  is the must-link and cannot-link penalty. Must-link 

means that nodes must be grouped into the same class; cannot-link means that 

nodes cannot be grouped into the same classes.  

The equation of semi-supervised cut cost can be revised using hard 

version of constraints. 

𝑐𝑢𝑡𝑠𝑠(𝐴, 𝐵) = ∑ 𝜔𝑖,𝑗

𝑖∈𝐴,𝑗∈𝐵

+ ∑𝛾𝑖,𝑗𝜃𝑖,𝑗 + ∑�̃�𝑖,𝑗�̃�𝑖,𝑗 

In the equation above, 𝜃𝑖,𝑗 equals 1 if node 𝑖 and 𝑗 are from the same 

group, otherwise 𝜃𝑖,𝑗  equals 0. Conversely, �̃�𝑖,𝑗  equals 0 if node 𝑖  and 𝑗  are 

from the same group, otherwise �̃�𝑖,𝑗  equals 1. 𝛾𝑖,𝑗  and �̃�𝑖,𝑗  describe the 

strength of penalty for two must-link and cannot-link nodes.  
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A5. Moving objects detection method using background subtraction 

a) Foreground detection using Gaussian mixture model 

In a video, the series of color values at a pixel as the time change is 

defined as the “pixel process” (Stauffer & Grimson, 1999) or “pixel history”. 

The pixel process at (x, y) is denoted as {𝑋1, 𝑋2, ⋯ , 𝑋𝑡 , ⋯ }. A pixel process 

usually comprises different color/intensity values in different frames as 

Eq.(0-40). 

{𝑋1, 𝑋2, ⋯ , 𝑋𝑡 , ⋯ } = {𝐼(x, y, t): 𝑡 = 1,2,⋯ } (0-40) 

The changes of values in a pixel process are caused by illuminance 

changes, scene changes, and moving objects. It is assumed that the 

distribution of values in a pixel process in the background is a Gaussian 

mixture model (GMM), defined as Eq.(0-41). In this equation, 𝐾  is the 

number of modes in GMM. 𝜇𝑖,𝑡 and Σ𝑖,𝑡 are the mean value and covariance 

matrix of the 𝑖𝑡ℎ Gaussian mode. 𝜂(𝑋𝑡 , 𝜇𝑖,𝑡 , Σ𝑖,𝑡) is the Gaussian probability 

function of 𝑖𝑡ℎ mode (𝐺𝑖) at pixel (x, y). 𝑤𝑖,𝑡 is the weight of 𝐺𝑖. 

𝑃(𝑋𝑡) = ∑𝑤𝑖,𝑡𝜂(𝑋𝑡 , 𝜇𝑖,𝑡 , Σ𝑖,𝑡)

𝐾

𝑖=1

 (0-41) 

In efficient computing, the covariance matrix, Σ𝑖,𝑡 , is simply 

computed as: 

Σ𝑖,𝑡 = σ𝑖,𝑡
2𝐼 (0-42) 

In this equation, σ𝑖,𝑡 is standard deviation; σ𝑖,𝑡
2 is the variance;  𝐼 is 

the intensity value of the current pixel.  
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The GMM probability function of a pixel process in background is 

gradually learned. If the likelihood that current pixel value fits the GMM 

function, 𝑃(𝑋𝑡), is sufficiently large by comparing with a defined value, this 

pixel can be classified into background, otherwise, it belongs to foreground 

region. Then the GMM distribution function can be updated. In the updating 

of GMM, the weight of  matched modes is increased and the weights of 

unmatched modes are decreased.  

However, the computation process to adjust the GMM function is 

computationally cost. Therefore, an alternative method, as shown in 

Eq.(0-43), is used to match the current value with the latest GMM and update 

GMM according to the matching results. Eq.(0-43) can be used to determine 

the matching mode in a GMM. 

‖𝑋𝑡 − 𝜇𝑖,𝑡‖ = 2.5σ𝑖,𝑡 (0-43) 

The full flow of background subtraction using Gaussian mixture 

model is shown in algorithm 1. 
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Table 0-1 lists the meanings of input parameters for implementing the 

GMM background subtraction for moving objects detection.  

 

Table 0-1. Input parameters for moving object detection GMM background 

subtraction 

The number of modes in 

GMM 

The number of modes in a GMM used as the 

background model.  

Training frame number 
The frame number used to initiate the background 

model. 

Learning Rate 
Learning Rate is α in the algorithm above. Learning 

rate for parameter updates. This property controls how 

quickly the model adapts to changing conditions. 

Filter type 
The shape of structural elements used in the 

morphological operation to remove noise in moving 

objects detection. 

Filter size 
The size of structural elements. A larger size will 

eliminate more regions.  
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b)  Foreground detection based on Bayes model 

In the Bayes foreground detection (Li et al., 2004), pixel classification 

in foreground detection is based on the Bayes theory. For describing this 

method clearly, 𝑏  and 𝑓  are used to denote background and foreground 

separately; 𝑡 is the frame index in a video; s = (𝑥, 𝑦) is the position of a pixel 

in the frame; 𝑣𝑡 is the feature vector of the pixel s in 𝑡𝑡ℎ frame. Therefore, the 

probabilities of the current pixel belongs to background or foreground are 

obtained according to the Bayes theory using Eq.(0-44) and (0-45). 

𝑃𝑠(𝑏|𝑣𝑡) =
𝑃𝑠(𝑣𝑡|𝑏)𝑃𝑠(𝑏)

𝑃𝑠(𝑣𝑡)
 (0-44) 

𝑃𝑠(𝑓|𝑣𝑡) =
𝑃𝑠(𝑣𝑡|𝑓)𝑃𝑠(𝑓)

𝑃𝑠(𝑣𝑡)
 (0-45) 

𝑃𝑠(𝑏|𝑣𝑡) and 𝑃𝑠(𝑓|𝑣𝑡) are compared to determine whether this pixel 

in 𝑡𝑡ℎ  frame is belong to background or foreground. If the criterion in 

Eq.(0-46) is satisfied, this pixel will be classified into the background, 

otherwise, it belongs to the foreground. 

𝑃𝑠(𝑏|𝑣𝑡) > 𝑃𝑠(𝑓|𝑣𝑡) (0-46) 

Because a pixel is in either background or foreground, hence, 

𝑃𝑠(𝑣𝑡) = 𝑃𝑠(𝑣𝑡|𝑏)𝑃𝑠(𝑏) + 𝑃𝑠(𝑣𝑡|𝑓)𝑃𝑠(𝑓). (0-47) 

Based on the four equations, Eq.(0-44)-(0-47), Eq.(0-48) is obtained. 

If 𝑣𝑡 satisfies Eq.(0-48), 𝑠 will be classified into the background region in 𝑡𝑡ℎ 

frame. 
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2𝑃𝑠(𝑣𝑡|𝑏)𝑃𝑠(𝑏) > 𝑃𝑠(𝑣𝑡) (0-48) 

Therefore, the important task to compute the 𝑃𝑠(𝑣𝑡|𝑏) , 𝑃𝑠(𝑏)  and 

𝑃𝑠(𝑣𝑡). In practice, 𝑣𝑡 from the a pixel process is diverse. Either two feature 

vectores from a pixel process are different. However, they can be clustered 

into several groups. Principal feature vectors are used to represent these 

groups. The background in Bayes model, can be represented by a table, 𝑇(𝑠). 

If the number of principal features in the background model of the pixel 𝑠 is 

𝑀, 𝑇(𝑠) is computed by Eq.(0-49) and (0-50).  

𝑇(𝑠) = {
𝑝𝑡 (𝑏)

{𝑆𝑡 (𝑖)},  𝑖 = 1,2,⋯ ,𝑀
 (0-49) 

𝑆𝑡 (𝑖) = {

𝑝𝑣𝑖
𝑡 = 𝑃𝑠(𝑣𝑖)

𝑝𝑣𝑖|𝑏
𝑡 = 𝑃𝑠(𝑣𝑖|𝑏)

𝑣𝑖 = (𝑣i,1, 𝑣𝑖,2, ⋯ , 𝑣𝑖,𝐷)

 (0-50) 

In Eq.(0-50), 𝑣𝑖  denote the ith principal feature in the latest 

background model at pixel 𝑠. 𝐷 is the length of 𝑣𝑖. The prior probability of 

that pixel 𝑠 is classified into background (𝑃𝑠(𝑏)), the prior probability of that 

𝑣𝑡 is obtained at pixel 𝑠 (𝑃𝑠(𝑣𝑡)), and the conditional probability of that 𝑣𝑡 is 

obtained at pixel 𝑠  when pixel 𝑠  is given as background (𝑃𝑠(𝑣𝑡|𝑏) ) are 

calculated as below. 

𝑃𝑠(𝑏) = 𝑝𝑡 (𝑏)

𝑃𝑠(𝑣𝑡) = ∑𝑝𝑣𝑖
𝑡 𝐿𝑣𝑖

𝑡

𝑃𝑠(𝑣𝑡|𝑏) = ∑𝑝𝑣𝑖|𝑏
𝑡 𝐿𝑣𝑖

𝑡

 (0-51) 

𝐿𝑣𝑖
𝑡  is determined by the following equation.  
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𝐿𝑣𝑖
𝑡 = {

1 𝑑(𝑣𝑖 , 𝑣𝑡) < 𝛿
0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 (0-52) 

𝐿𝑣𝑖
𝑡 = 1  means that current feature 𝑣𝑡  matches principal feature 𝑣𝑖 . 

Otherwise, 𝐿𝑣𝑖
𝑡 = 0. The normalized measure of feature distance 𝑑(𝑣𝑖 , 𝑣𝑡) is 

computed by 

𝑑(𝑣𝑖 , 𝑣𝑡) = 1 −
2〈𝑣𝑖 , 𝑣𝑡〉

‖𝑣𝑖‖
2 + ‖𝑣𝑡‖

2
 

In the initialization stage, 𝑝𝑡 (𝑏) , 𝑝𝑣𝑖
𝑡   and 𝑝𝑣𝑖|𝑏

𝑡   are set as 0. In the 

model updating procedure, 𝑝𝑡+1(𝑏) ,  𝑝𝑣𝑖
𝑡+1  and 𝑝𝑣𝑖|𝑏

𝑡+1  are updated using 

equations below.  

𝑝𝑡+1(𝑏) = (1 − 𝛼)𝑝𝑡 (𝑏) + 𝛼𝐿𝑏
𝑡

𝑝𝑣𝑖
𝑡+1 = (1 − 𝛼)𝑝𝑣𝑖

𝑡 + 𝛼𝐿𝑣𝑖
𝑡

𝑝𝑣𝑖|𝑏
𝑡+1 = (1 − 𝛼)𝑝𝑣𝑖|𝑏

𝑡 + 𝛼𝐿𝑣𝑖
𝑡 𝐿𝑏

𝑡

 (0-53) 

𝐿𝑏
𝑡 = 1 means that current pixel 𝑠 is classified as background based 

on condition Eq.(0-48). Otherwise, 𝐿𝑏
𝑡 = 0. The pseudocode for foreground 

detection using Bayes decision model is shown as algorithm 2. 



196 

 

 

 

c) Foreground detection using codebook model 

The codebook method was proposed by Kim et al. (K. Kim et al., 2005) 

and implemented in (Sanchez et al., 2014). When codebook method is used 

in foreground detection, the background model at a pixel is represented by a 

codebook. The codebook sometimes contains several codewords to represent 

the multi-modal background. A codeword comprises 𝑣𝑖 = (�̅�, �̅�, �̅� )  and 

𝑎𝑢𝑥𝑖 = (𝐼𝑖 , 𝐼𝑖 , 𝑓𝑖 , 𝜆𝑖 , 𝑝𝑖 , 𝑞𝑖) , which is a nine-element vector in total. The 

meaning of each element is explained as below. 

�̅�, �̅�, �̅�, are the averaged color values of the pixels matching the 𝑖𝑡ℎ 

codeword in a pixel process. 
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𝐼𝑖 , 𝐼𝑖, are the minimum and maximum intensity values of the pixels 

matching the 𝑖𝑡ℎ codeword in the pixel process. 

 𝑓𝑖 , is the frequency that the 𝑖𝑡ℎ  codeword has been updated in the 

pixel process. 

 𝜆𝑖 , is the longest time interval that the 𝑖𝑡ℎ  codeword has not been 

updated in the pixel process. 

𝑝𝑖 , 𝑞𝑖 , are the first and last time that the 𝑖𝑡ℎ  codeword has been 

updated in the pixel process. 

Two conditions, (a) and (b) shown in Eq.(0-54) and (0-55), are used 

to determine whether current pixel value matches with 𝑖𝑡ℎ codeword.  

(𝑎): (δ = √‖𝑥𝑡‖
2 − ‖𝑥𝑡‖

2𝑐𝑜𝑠2𝜃) < 𝜖1 (0-54) 

In which 𝜖1 is a constant. 

𝑐𝑜𝑠2𝜃 =
〈𝑥𝑡 , 𝑣𝑖〉

2

‖𝑣𝑖‖
2

 

‖𝑥𝑡‖
2 = 𝑅2 + 𝐺2 + 𝐵2 

‖𝑣𝑖‖
2 = �̅�2 + �̅�2 + �̅�2 

〈𝑥𝑡 , 𝑣𝑖〉
2 = (𝑅�̅� + 𝐺�̅� + 𝐵�̅�)2 

(𝑏): 𝐼 ∈ [𝐼𝑙𝑜𝑤 , 𝐼ℎ𝑖𝑔ℎ ] (0-55) 

In which 

𝐼𝑙𝑜𝑤 = 𝛼𝐼 
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𝐼ℎ𝑖𝑔ℎ = 𝑚𝑖𝑛 {𝛽𝐼,
𝐼

𝛼
} 

The pseudocode of training step in foreground detection using 

codebook model is shown in algorithm 3. 

 

The resulting codebook from training step might contain some 

codewords which belong to the foreground or noise. Therefore, a filtering 

method is used to filter out the improper codewords in a codebook 𝐶. In the 

filtering step, the codewords in which 𝜆𝑖 is longer than 𝑇𝑀 are deleted. 𝑇𝑀 is 

commonly equals to a half of the number of the training frames. After filtering, 

a Codebook 𝑀  representing the background model of a pixel process is 

obtained. The pseudocode for the updating of Codebook 𝑀 and foreground 

detection is shown in algorithm 4. 
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d) Foreground detection using Vibe method 

A patented background subtraction method called Vibe (visual 

background extractor) was proposed in (Barnich & Van Droogenbroeck, 

2011). It is different from the algorithms above from several aspects. Firstly, 

in Vibe, the background model 𝑀(𝑠) = {𝑣1, 𝑣2, ⋯ , 𝑣𝑁} at pixel 𝑠 is directly 

established by 𝑁 historical implicit values of the pixel and its neighbors. This 

is different from many algorithms in which the background models are 

gradually updated by defining a learning rate. Secondly, the pixel is classified 

into either background or foreground according to the cardinality (# ) of 
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samples which are surrounded by a sphere centered at 𝑠 with a defined radius 

𝑅. If # is larger than a defined threshold #𝑚𝑖𝑛, 𝑠 is classified as background 

in the current frame, otherwise, 𝑠 is classified into foreground. Last but not 

least, the training stage do not require a mount of training frames to obtain a 

robust initiative background model. This is particularly useful when the video 

is short. 

The implementation of the background updating and foreground 

detection using Vibe model is shown in algorithm 5. 
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e) Foreground detection using optical flow method 

Optical flow field shows speed and direction of brightness change at 

each pixel in two successive image frames. The brightness changes are caused 

by many factors including moving objects. Therefore, the moving objects can 

be extracted by performing thresholding operation in optical flow field.  
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Intuitively, the straightforward way to describe brightness change in 

two successive images is image intensity differencing (Nixon & Aguado, 

2012). The intensity difference is computed using Eq.(0-56). In this equation, 

𝐼(𝑡) is the 𝑡𝑡ℎ image frame; 𝐼(𝑡 − 1) is (𝑡 + 1)𝑡ℎimage frame. 

𝑑 = 𝐼(𝑡) − 𝐼(𝑡 − 1) (0-56) 

However, intensity differences from Eq. (0-56) only describe the 

changes in intensity values. Supposing the intensity changes are generated by 

moving objects alone, the velocities and directions of changes are missing. 

To describe the speed and direction of intensity changes, it is 

necessary to study how the image pixels move between two frames. In the 

following description, the intensity value of a pixel at (𝑥, 𝑦)  in a frame at 

clock time t is 𝑓(𝑥, 𝑦, 𝑡). After a period of time, 𝛿𝑡, this pixel moved to the 

position (𝑥 + 𝛿𝑥, 𝑦 + 𝛿𝑦) in the next frame. The intensity value of pixel (𝑥 +

𝛿𝑥, 𝑦 + 𝛿𝑦) at time 𝑡 + 𝛿𝑡 is computed using Eq. (0-57).  

𝑓(𝑥 + 𝛿𝑥, 𝑦 + 𝛿𝑦, 𝑡 + 𝛿𝑡) = 𝑓(𝑥, 𝑦, 𝑡) + 𝛼(𝑥, 𝑦, 𝑡) (0-57) 

(𝛿𝑥, 𝛿𝑦)  is the displacement of a pixel after an object moved,; 

𝑓(𝑥, 𝑦, 𝑡) and 𝑓(𝑥 + 𝛿𝑥, 𝑦 + 𝛿𝑦, 𝑡 + 𝛿𝑡) are the intensity values of a pixel in 

two frames after time 𝛿𝑡.  

(𝛿𝑥, 𝛿𝑦) is used to describe the motion of pixel. It can be obtained by 

optimizing Eq. (0-57). Assuming the intensity value of a transposed pixel is 

close to the intensity value of the pixel in the previous frame; thus, (𝛿𝑥, 𝛿𝑦) 

can be obtained by minimizing |𝛼(𝑥, 𝑦, 𝑡)|, as shown in Eq.(0-58). 
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(𝛿𝑥, 𝛿𝑦) = argmin(|𝑓(𝑥 + 𝛿𝑥, 𝑦 + 𝑦, 𝑡 + 𝛿𝑡) − 𝑓(𝑥, 𝑦, 𝑡)|) (0-58) 

However, the results of this optimization problem are still affected by 

𝛿𝑡. 𝛿𝑡 is related to frame rate of a video. Therefore, pixel motions represented 

by (𝛿𝑥, 𝛿𝑦) in different frames are not comparable when different frame rates 

are used in in these frames. To solve this problem, optical flow theory is 

proposed. 

Optical flow 

In optical flow theory, a constraint, 𝛼(𝑥, 𝑦, 𝑡) = 0, is used to simplify 

the computation the computation of image pixel motion. This constraint 

means that the intensity value of a pixel after pixel moving is unchangable. 

Eq. (0-57) hence be rewritten as: 

𝑓(𝑥, 𝑦, 𝑡) = 𝑓(𝑥 + 𝑑x, 𝑦 + 𝑑𝑦, 𝑡 + 𝑑𝑡) (0-59) 

The Taylor decomposition is utilized to estimate 𝑓(𝑥 + 𝑑x, 𝑦 +

𝑑𝑦, 𝑡 + 𝑑𝑡). 

𝑓(𝑥 + 𝑑x, 𝑦 + 𝑑𝑦, 𝑡 + 𝑑𝑡)

= 𝑓(𝑥, 𝑦, 𝑡) +
𝜕𝑓

𝜕𝑥
𝑑𝑥 +

𝜕𝑓

𝜕𝑦
𝑑𝑦 +

𝜕𝑓

𝜕𝑡
𝑑𝑡 

(0-60) 

According to Eq. (0-59) and (0-60), Eq. (0-61) can be obtained. 

𝜕𝑓

𝜕𝑥
𝑑𝑥 +

𝜕𝑓

𝜕𝑦
𝑑𝑦 +

𝜕𝑓

𝜕𝑡
𝑑𝑡 = 0 (0-61) 

The partial derivatives are denoted as: 𝑓𝑥 =
𝜕𝑓

𝜕𝑥
, 𝑓𝑦 =

𝜕𝑓

𝜕𝑦
 and 𝑓𝑡 =

𝜕𝑓

𝜕𝑡
, 

therefore, Eq. (0-61) is simplified as 
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𝑓𝑥𝑑𝑥 + 𝑓𝑦𝑑𝑦 + 𝑓𝑡𝑑𝑡 = 0 (0-62) 

Eq. (0-62) can be transformed as 

𝑓𝑥𝑢 + 𝑓𝑦𝑣 + 𝑓𝑡 = 0 

𝑢 =
𝑑𝑥

𝑑𝑡
, 𝑣 =

𝑑𝑦

𝑑𝑡
 

(0-63) 

In this equation, 𝑢  and 𝑣  are the horizontal and vertical speeds 

respectively. They are used to represent optical flow at pixel (𝑥, 𝑦). 

The computation of optical flow using Eq.(0-63) is an ill-posed 

question. This is because two unknown variables are contained in one 

equation. Many solutions have been proposed to estimate the optical flow. 

The two most popular methods are Horn and Schunck method (HS method) 

and Lucas-Kanade method (LK method). These two methods are explained 

in the subsequent two sections. 

 

Horn and Schunck estimation method (HS method) 

Horn and Schunck proposed to use optimization method to calculate 

optical flow. The integral of (𝑓𝑥𝑢 + 𝑓𝑦𝑣 + 𝑓𝑡)
2 in a frame was chosen as the 

objective function E, as shown in Eq.(0-64). Then, the optical flow (𝑢, 𝑣) is 

computed by minimizing the objective function. 

𝐸 = ∬ (𝑓𝑥𝑢 + 𝑓𝑦𝑣 + 𝑓𝑡)
2𝑑𝑥𝑑𝑦 (0-64) 

The partial derivatives of 𝑢 and 𝑣 are equal to zero when the value of 

the objective function 𝐸 is minimized. Hence, 
𝜕𝐸

𝜕𝑢
= 0 and  

𝜕𝐸

𝜕𝑣
= 0 are used to 



205 

 

calculate optical flow using HS method. However, 
𝜕𝐸

𝜕𝑢
= 0 and 

𝜕𝐸

𝜕𝑣
= 0 result 

in the same equation which is still a ill-posed problem. Therefore, the second 

constraint is used. In the second constraint, the spatial changes of the optical 

flow 𝑢  and 𝑣  are minimized. This means the second objective function 𝐸′ 

(Eq.(0-65)) need to be minimized to compute (𝑢, 𝑣). 

𝐸′ = ∬ (𝑢𝑥
2 + 𝑢𝑦

2 + 𝑣𝑥
2 + 𝑣𝑦

2)𝑑𝑥𝑑𝑦 (0-65) 

The two objective functions in Eq.(0-64) and Eq.(0-65) can be 

combined using a factor 𝜆; the final objective function is shown as Eq.(0-66). 

𝐸𝑡 = ∬ ((𝑓𝑥𝑢 + 𝑓𝑦𝑣 + 𝑓𝑡)
2 + 𝜆(𝑢𝑥

2 + 𝑢𝑦
2 + 𝑣𝑥

2

+ 𝑣𝑦
2))𝑑𝑥𝑑𝑦 

(0-66) 

The parameter 𝜆 is used to balance the first and the second constraints. 

To minimize 𝐸𝑡, the partial derivatives of 𝐸𝑡 equal to zero. 

𝜕𝐸𝑡

𝜕𝑢
= (𝑓𝑥𝑢 + 𝑓𝑦𝑣 + 𝑓𝑡)𝑓𝑥 + 𝜆(𝛻2𝑢) = 0, 𝛻2𝑢 = 𝑢𝑥𝑥 + 𝑢𝑦𝑦

𝜕𝐸𝑡

𝜕𝑣
= (𝑓𝑥𝑢 + 𝑓𝑦𝑣 + 𝑓𝑡)𝑓𝑦 + 𝜆(𝛻2𝑣) = 0, 𝛻2𝑣 = 𝑣𝑥𝑥 + 𝑣𝑦𝑦

 (0-67) 

In Eq.(0-67), 𝛻2  is the Laplacian operator. In the computation of 

(𝑢, 𝑣), the following deductions are used. 

𝜕𝑢𝑥
2

𝜕𝑢
= 2𝑢x

𝜕𝑢𝑥

𝜕𝑢
= 2𝑢𝑥

𝜕𝑢𝑥

𝜕𝑥

𝜕𝑥

𝜕𝑢
= 2𝑢𝑥

𝜕𝑢𝑥

𝜕𝑥

1

𝑢𝑥
= 2

𝜕𝑢𝑥

𝜕𝑥
= 2𝑢𝑥𝑥

𝜕𝑢𝑦
2

𝜕𝑢
= 2𝑢𝑦

𝜕𝑢𝑦

𝜕𝑢
= 2𝑢𝑦

𝜕𝑢𝑦

𝜕𝑦

𝜕𝑦

𝜕𝑢
= 2𝑢𝑦

𝜕𝑢𝑦

𝜕𝑥

1

𝑢𝑦
= 2

𝜕𝑢𝑦

𝜕𝑦
= 2𝑢𝑦𝑦

 

By using discrete format, the Laplacian operation in image processing 

can be computed using  
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𝛻2𝑢 = 𝑢 − 𝑢𝑎𝑣

𝛻2𝑣 = 𝑣 − 𝑣𝑎𝑣

 (0-68) 

Finally, Eq.(0-67) can be transformed as 

(𝑓𝑥𝑢 + 𝑓𝑦𝑣 + 𝑓𝑡)𝑓𝑥 + 𝜆(𝑢 − 𝑢𝑎𝑣) = 0

(𝑓𝑥𝑢 + 𝑓𝑦𝑣 + 𝑓𝑡)𝑓𝑦 + 𝜆(𝑣 − 𝑣𝑎𝑣) = 0
 (0-69) 

The solutions of 𝑢 and 𝑣 are: 

𝑢 = 𝑢𝑎𝑣 − 𝑓𝑥
𝑁

𝐷

𝑣 = 𝑣𝑎𝑣 − 𝑓𝑦
𝑁

𝐷
𝑁 = 𝑓𝑥𝑢𝑎𝑣 + 𝑓𝑦𝑣𝑎𝑣 + 𝑓𝑡

𝐷 = 𝜆 + 𝑓𝑥
2 + 𝑓𝑦

2

 (0-70) 

In the solutions, 𝑢𝑎𝑣 and 𝑣𝑎𝑣 are still unknown, therefore, 𝑢 and 𝑣 are 

computed using iteration method. 

 

Lucas-Kanade estimation method (LK method) 

Instead of iteration method in HS method, the Lucas-Kanade method 

seeks to find the solutions of 𝑢 and 𝑣 in a local region. A constraint is utilized 

in Lucas-Kanade method, which is optical flow is constant among a local 

region. Therefore, an optical flow function can be generated from a pixel and 

its neighborhood. If 𝑛 pixels exist in a selected local region, 𝑛 optical flow 

functions can be generated. The original optical flow function, Eq.(0-63), can 

be transformed as: 

(𝑓𝑥 𝑓𝑦) (
𝑢
𝑣
) = −𝑓𝑡 (0-71) 
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Hence, 𝑛 optical flow computation equations in a local region can be 

written using matrix format.  

𝑊

(

 

𝑓𝑥(𝑝1) 𝑓𝑦(𝑝1)

𝑓𝑥(𝑝2) 𝑓𝑦(𝑝2)

⋮ ⋮
𝑓𝑥(𝑝𝑛) 𝑓𝑦(𝑝𝑛))

 (
𝑢
𝑣
) = 𝑊 (

−𝑓𝑡(𝑝1)
−𝑓𝑡(𝑝2)

⋮
−𝑓𝑡(𝑝𝑛)

) 

𝑊 = (
𝜔1 0 0
0 ⋱ 0
0 0 𝜔𝑛

)

𝑛×𝑛

 

(0-72) 

𝑊 is a diagonal weighting matrix. It is used to increase the influence 

of central points. 

Eq. (0-72) can be written as: 

𝑊𝐴𝑠 = 𝑏 (0-73) 

𝑠, 𝐴 and 𝑏 are defined as below. 

𝑠 = (𝑢, 𝑣)𝑇, 𝐴 =

(

 

𝑓𝑥(𝑝1) 𝑓𝑦(𝑝1)

𝑓𝑥(𝑝2) 𝑓𝑦(𝑝2)

⋮ ⋮
𝑓𝑥(𝑝𝑛) 𝑓𝑦(𝑝𝑛))

 , 𝑏 = (

−𝑓𝑡(𝑝1)
−𝑓𝑡(𝑝2)

⋮
−𝑓𝑡(𝑝𝑛)

) 

According to Eq.(0-73), the relationship of 𝑠 , 𝐴  and 𝑏  is shown in 

Eq.(0-74). 

𝐴𝑇𝑊𝑇𝑊𝐴𝑠 = 𝐴𝑇𝑊𝑇𝑊𝑏 (0-74) 

Finally, Eq. (0-72) can be transformed as: 
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(
∑𝜔𝑖

2𝑓𝑥(𝑝𝑖)
2 ∑𝜔𝑖

2𝑓𝑥(𝑝𝑖)𝑓𝑦(𝑝𝑖)

∑𝜔𝑖
2𝑓𝑥(𝑝𝑖)𝑓𝑦(𝑝𝑖) ∑𝜔𝑖

2𝑓𝑦(𝑝𝑖)
2 ) (

𝑢
𝑣
)

= (
−∑𝑊2𝑓𝑥(𝑝𝑖)𝑓𝑡(𝑝𝑖)

−∑𝑊2𝑓𝑦(𝑝𝑖)𝑓𝑡(𝑝𝑖)
) 

(0-75) 

Eq. (0-75) is used to calculate optical flow in Lucas-Kanade method. 

The Lucas-Kanade method is more computationally efficient than iterative 

Horn and Schunck method. 
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A6. Kalman filtering theory 

Kalman filtering is a recursive optimization method. The prior 

estimation of the state at step 𝑘 is computed based on the posterior estimation 

of the state at step 𝑘 − 1. The relative variables are listed below. 

𝑥𝑘: the real state at step 𝑘, which is unknown. 

𝑥
^

𝑘
−: the prior estimate of the state at step 𝑘. 

𝑥
^

𝑘: the posterior estimate of the state at step 𝑘. 

𝑥𝑘 , 𝑥
^

𝑘
−  and 𝑥

^

𝑘  are column vectors (the size are 𝑛 × 1 ) in 𝑅𝑛  space. 

The prior and posterior estimate errors at step 𝑘 are calculated as below. 

𝑒𝑘
− = 𝑥𝑘 − 𝑥

^

𝑘
− (0-76) 

𝑒𝑘 = 𝑥𝑘 − 𝑥
^

𝑘 (0-77) 

𝑒𝑘
−  and 𝑒𝑘  are 𝑛 × 1  vectors as well. Hence, the prior and posterior 

estimate error covariance are 

𝑝𝑘
− = 𝐸[𝑒𝑘

−𝑒𝑘
−𝑇] (0-78) 

𝑝𝑘 = 𝐸[𝑒𝑘𝑒𝑘
𝑇] (0-79) 

In Kalman filtering, the posterior estimate of the state at step 𝑘  is 

computed according to the prior estimate of the state ( 𝑥
^

𝑘
− ) and the 

measurement at step 𝑘 (𝑧𝑘) using the following equation. 

𝑥
^

𝑘 = 𝑥
^

𝑘
− + 𝐾 (𝑧𝑘 − 𝐻𝑥

^

𝑘
−) (0-80) 
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In this equation, 𝐾 is gain matrix. 𝐻 is the measurement matrix. The 

relationship between the state and the measurement is 

𝑧𝑘 = 𝐻𝑥𝑘 + 𝑣𝑘 (0-81) 

In Eq.(0-81), 𝑣𝑘  is measurement noise. Supposing 𝑧𝑘  and 𝑣𝑘  are 

column vectors; the dimensions of them are 𝑚 × 1. Therefore, the size of 𝐻 

is 𝑚 × 𝑛 ; the size of the gain matrix, 𝐾 , is 𝑛 × 𝑚 . The important task in 

estimation is to calculate 𝐾. This is achieved by minimize Eq. (0-80). The 

detailed deduction can be found in (Grewal, 2011). The value of 𝐾 at step 𝑘 

is 𝐾𝑘. 

𝐾𝑘 = 𝑝𝑘
−𝐻𝑇(𝐻𝑝𝑘

−𝐻𝑇 + 𝑅)−1 (0-82) 

In this equation, 𝑅 is covariance matrix of measurement noise. The 

size of 𝑅 is (𝑚 × 𝑚).  

In the linear estimate, two constraints, 𝑥
^

𝑘
− = 𝐴𝑥

^

𝑘−1 + 𝐵𝑢𝑘−1 + 𝑤𝑘−1 

and 𝑥𝑘 =  𝐴𝑥𝑘−1 + 𝐵𝑢𝑘−1 can be used. 

Therefore, 

𝑥𝑘 − 𝑥
^

𝑘
− = 𝐴(𝑥𝑘−1 − 𝑥

^

𝑘−1) + 𝑤𝑘−1 (0-83) 

𝑝𝑘
− can be computed in the following equation. 
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𝑝𝑘
− = 𝐸 [(𝑥𝑘 − 𝑥

^

𝑘
−) (𝑥𝑘 − 𝑥

^

𝑘
−)

𝑇

]

= 𝐸 [𝐴 (𝑥𝑘−1 − 𝑥
^

𝑘−1) (𝑥𝑘−1 − 𝑥
^

𝑘−1)
𝑇

𝐴𝑇]

+ 𝐸 [𝐴 (𝑥𝑘−1 − 𝑥
^

𝑘−1)𝑤𝑘−1
𝑇]

+ 𝐸 [𝑤𝑘−1 (𝑥𝑘−1 − 𝑥
^

𝑘−1)
𝑇

𝐴𝑇] + 𝐸[𝑤𝑘−1𝑤𝑘−1
𝑇] 

The following equations can be used to simplify the equation above. 

𝐸 [𝑤𝑘−1 (𝑥𝑘−1 − 𝑥
^

𝑘−1)
𝑇

𝐴𝑇] = 0 

𝐸 [𝐴 (𝑥𝑘−1 − 𝑥
^

𝑘−1)𝑤𝑘−1
𝑇] = 0 

𝐸[𝑤𝑘−1𝑤𝑘−1
𝑇] = 𝑄 

Finally, the computation equation of 𝑝𝑘
− can be transformed as 

𝑝𝑘
− = 𝐴𝑝𝑘−1𝐴

𝑇 + 𝑄 (0-84) 

Normally, the process noise covariance, 𝑄 , changes in different 

iterations. To simplify the computation, it is assumed to be an constant in 

Kalman estimatation.  

The computation equation of 𝑝𝑘 can be obtained as well. According 

to Eq. (0-77) and (0-79),  

𝑥𝑘 − 𝑥
^

𝑘 = 𝑥𝑘 − 𝑥
^

𝑘
− − 𝐾 (𝐻𝑥𝑘 + 𝑣𝑘 − 𝐻𝑥

^

𝑘
−)

= (1 − 𝐾𝐻) (𝑥𝑘 − 𝑥
^

𝑘
−) − 𝐾𝑣𝑘 

𝑝𝑘 can be computed in the following equation. 
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𝑝𝑘 = 𝐸 [(𝑥𝑘 − 𝑥
^

𝑘) (𝑥𝑘 − 𝑥
^

𝑘)
𝑇

]

= 𝐸 [(1 − 𝐾𝐻) (𝑥𝑘 − 𝑥
^

𝑘
−) (𝑥𝑘 − 𝑥

^

𝑘
−)

𝑇

(1 − 𝐾𝐻)𝑇]

+ 𝐸 [(1 − 𝐾𝐻) (𝑥𝑘 − 𝑥
^

𝑘
−) 𝑣𝑘

𝑇𝐾𝑇]

+ 𝐸 [𝑣𝑘 (𝑥𝑘 − 𝑥
^

𝑘
−)

𝑇

(1 − 𝐾𝐻)𝑇] + 𝐸[𝐾𝑣𝑘𝑣𝑘
𝑇𝐾𝑇] 

The following relations can be used to simplify the equation above. 

𝐸 [(1 − 𝐾𝐻) (𝑋𝑘 − 𝑋
^

𝑘
−) 𝑣𝑘

𝑇] = 0 

𝐸 [𝑣𝑘 (𝑋𝑘 − 𝑋
^

𝑘
−)

𝑇

(1 − 𝐾𝐻)𝑇] = 0 

𝐸[𝑣𝑘𝑣𝑘
𝑇] = 𝑅 

𝐾𝑘 =
𝑝𝑘

−𝐻𝑇

𝐻𝑝𝑘
−𝐻𝑇 + 𝑅

 

Finally, the computation equation of 𝑝𝑘 can be transformed as 

𝑝𝑘 = (1 − 𝐾𝑘𝐻)𝑝𝑘
−

 (0-85) 
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