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ABSTRACT

Automated Progress Monitoring and Reporting for Construction Projects

Dena ShamsollahiPh.D.

Concordia University, 2024

In complex and dynamic construction sites, efficient progress monitoring and reporting play an
important role in minimizing schedule delays and cost overruns. Such reporting requires detailed

and accurate records from job sites to help project managereimp ar i ng pr oj ect 6s
to its asplanned state. Manual traditional progress reporting is-tiomsuming, costly, labour

intensive, and errgprone. In recent years, advancements in technologies and methods have been
introduced in an effort to @rcome the challenges of manual methods and to automate the
processes of progress monitoring and reporting. These introduced levels of automation still lack
capabilities to provide complete and accurate
available resources on job sites. To address these challenges, this thesis introduces a novel
framework for automated progress reporting in construction. This framework provides detailed
information for each tracked building element, enabling the identditalf its current status and

the generation of timely progress reports. The developments integrated into the framework focus

on challenges associated with congested mechanical components in indoor environments.
Monitoring these components is crucial besmtheir complex and timeonsuming installation
procedures can lead to project delays.

The developed framework consists of three main modules: (i) Object Recognition (i) Object
Localizati on, (i i) I ntegrated Object Recogni
module, two deep learning algorithms, YOLACT++ and MasRN, were tilized in processing

digital images captured at construction sites for the automated recognition of tracked building
elements. YOLACT++ proved superior to MaskCORIN and was accordingly utilized in the
devel oped framewor k. | nuletalReatinieQdcatiegSysterh (RTLS) | z at |
is utilized to identify the location of each recognized element along with its ID. The Ultra
wideband (UWB) system was selected as an RTLS, and different laboratory and field experiments
were conducted to validateesh UWB syst emé6s | ocalization perfor
Obj ect Recognition and -frieraly applicatie twasodewelopedota u | e



integrate the outputs from the YOLACT++ model and the UWB system and automatically generate
status reports of tracked elements. These reports include visual and location information, along
with the unique ID of each element.

The framework was tested and validated using 3,632 images. The results demonstrate good
performance and effectiveness of the developed framework under challenging conditions; yielding
recognition accuracy of close to 85% in precision and recall for HVAC duct and slightly less than
that for pipes. Similar performance was achieved in localization, yielding errors ranging from 0.03
to 1.22 meters in twdimensional (2D) coordinates and rf100.15 to 1.6 meters in three
dimensional (3D) coordinates in the field test. The developed framework can be easily extended
to other building elements, and the excel format of its output can facilitate linkage with Building

Information Modeling (BIM) systims.
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CHAPTER 1: INTRODUCTION

Efficient progress monitoring systeniis construction projectassistmanagement teamt®
successfully meet their objectiv@sinimizing cost overruns and delags. Omar & Nehdi, 2016;
W. Weiet al., 2023)These systems prowadccurate and timely information abdbe projecb s
currentstatus allowing for comparison with the planned state to identify progress deviéiRejes
et al., 2022)Oncedeviations are identifiedt anearly stage problemscan beaddressetbefore
they developnto more complexissuesthat necessitateosty remediegNavon & Shpatnitsky,
2005) However, numerousprojects have experiencedcost overrunsand delaysduring the
construction phasdue toinefficient monitoring systemsThese systems awdten ircapable of
collecing andprocessinglatafrom construction site an accurateandtimely manneH. Omar
et al., 2018) Theseissuesarise from traditional approacheghat are highly dependent on the
expertise of site personnelcinding manualsite monitoring assessments, atite preparation of
reports (Kopsida et al., 2015; H. Omar et al., 201B)e requiredinformationis then extracted
from these rportsand submitteddong with otherdocumentsincluding paperbaseddrawings,
sheets and char(&ropp et al., 2012)As a resultmanualprogress reportsan beunreliable and
misinterpreteddue to possible errsanddelays in report submissisiiKopsida et al., 2015; H.
Omar et al., 2018)

Progress monitoring in indoor construction site€ritical due to the involvement of
various activities and their significant impact tre project scheduléEkanayake et al. 2021,
Hamledari et al. 2017However,indoor progress monitorinig more challenginghan inoutdoor
environmentslueto thepresence afiumerougletailedbuilding elementéEkanayake et al., 2021;
Kopsida et al., 2015)Indoor construction activities often contagomplex and interrelated
components within congested spaces, which makes visual assessments significantly complicated
Thereforedevelopednonitoringsystemssuitable for outdoor environments may noshéicient
for indoorjob sites (Ahmed et al., 2012; Koo & Fischer, 2000; Kopsida et al., 2015; Kopsida &
Brilakis, 2020)

In recent years)ewtechnologieand methodbave beemppliedin constructiorprojectsto
improve the performance of progress monitoremgd reporting systemsthrough innovative
solutions. These technologies canhanceefficiency of collecting, recording analyzing, and

1



displayingdatacaptured fromconstructionsites Camerabased systems, Atrtificial Intelligence
(Al), Computer Vision (CV)Reattime Locating SysterfRTLS), Building Information Modeling
(BIM), andCloud-based applications are some examples of these technoldiisonally, these
technologies can be integrated to mitigate their individual shortcomings and ensueg|tivat
information about tracked resources such as locatidnvisuainformationis obtainablglbem &
Laryea, 2014; Noruwa et al., 2020; Pour Rahimian et al., 2020; Rafiee26t&l) Suchintegrated
systemscan provide timely, accurateand reliable informationassising project managers in
understandingrojectprogress

1.1 Problem Statementand Motivations

Monitoring progress in construction siteisould beconductedepetitivelyto timely evaluate the
ongoing development of projegiAlaloul et al., 2021; W. Wei et al., 2023)his repetitivgprocess
applies to data collection, analysis and reporting to determine deviations béteasplanned
and actuaktatusof projects(Patel et al., 2021 However traditional approaches such as manual
field visits and reportingnave led tassuedike inconsistehand infrequent updatemnd reports
which can contribute to projedelays(Pal et al., 2023)

Technological advancementsdata collectionrecording and analysiesenhancedheefficiency

of automated progress monitoring and reporsggtemsn constructionPal et al., 2024)_aser
scanners and camebased systems provide visual data froomstruction sites. Laser scams
deliverprecise 3D point clouds of the-bsilt statugMoselhi et al., 202Q)howeverthey cannot
provide the requiredinformation in a timely mannerThey have challenges with reflective
materials andtheir hardware is expensiyglamledari et al., 2017; Maalek & Sadeghpour, 2013;
Z. Wang et al., 2021)n contrastcamerabased monitoring systemerecosteffective, practical,

and reliable alternativ€Teizer, 2015) These systems capture images from construction sites,
providing visual information essential for understanding tHeusls state(M. W. Park & Brilakis,
2016; J. Yang et al., 2016Advances in computer vision (CV) techniques and deep learning
algorithms allow automated analysis of images for extraatiegdedinformation about the
project 6s (RPau& Hsiem 2021sSeadt al.s2015; J. Yang et al., 2@#&}icularly,
object detection and segmentation techniques have shown highly improved performance with deep
learningalgorithms(Pal & Hsieh, 2021)However,the following poblems are associated with
digital imaging and deep learning mod€lk) Optimal performance frordeep learninglgorithms



requires a largehighrquality image dataset for model trainirfg. Kim et al., 202Q)which is
challengingn the construction industry due to lack gpen datase@ndconfidentiality concerns
(2) Achieving adequate accuracy therecognition of omplex objectswith irregulargeometric
or selendericalshapeswithin indoor environments remainsa challenge (3) The @mplex
computatiomal requirements of somienage processing techniquean be timeconsuming and
require high leved of hardware and software resourcand(4) Object recognition modelare
unable to accurately localize recognized objects within a 3D plane based on {Atzmest al.,
2021)

RTLS is another advancetkchnoloy which is mainly used for object localization and
tracking in construction sites. These systems are differentiated by their localization accuracy, cost,
scalability, level of consistency, robustness, and data protg@larifi et al., 2016) However,

RTLS technologieshave several limitationg1) They lack visual information about tracked
resourceswhich is a critical factor fothe monitoring and validation of project progre$g)
Monitoring metallicelementsvhich can cause signal blockage and reflectasnsell as high multi
path environmesst are challenging for some RTLS types, especially Radio Frequency
Identification(RFID) andBluetooth Low Energy (BLE}ystemgMoselhi et al., 2020; C. Zhang
et al., 2020)and(3) They may fail to deliveaccurate 3D location informaticat thecentimeter

level. This level of accuracgepend®ntheobjects being localized arde specific applications.

Lastly, there isan absence ofntegratedvision-basedtechnologiesand RTLS that provide
comprehensive information abotlte status oftracked componentd his becomes even more
critical when a BIMmodel is not available to provide information about the elemets.
integrated system significantly increasescapabilities as compared to using each system
individually. This approach not ongnhanceshe strengths afhe entire monitoringsystem but
also effectively minimizes their individuaonstraints Additionally, the lack of organizedand
unified reporing of collectedinformation preventsproject managerdrom makingtimely and
appropriatedecisions.

1.2 Objectives

The main objective of theesearch is to devel@method for automategrogress monitoring and
reportingto timely recognizeand localize the trackedouilding elementsn indoor construction

sites Themethodaims to provide comprehensive information alibeseelementdor identifying

3



their asbuilt status so that decisianaking can be supportethis objective idivided into the

following subobjectives:

1- To strategically employ different datallection and analysis methods to gather comprehensive
data from tracked objects in construction sitberebyimproving monitoring systemsnd
supporing datadriven decisios.

2- Implement and evaluateovel object recognitioomodek using digital imagingand deep
learning algorithms to obtain visual data andrecogrize tracked building elementsat
construction sites a timely manner

3- Improve the performance of object recognition modeisidentifying complex objects in
challenging construction environmentghrough enhanced dataset qualifihis includes
generating synthetic imagdsat represent actuahdoor scenarioandfinding the optimum
mix of synthetic and real images for efficient model training.

4- Implement areliable RTLS to accuratelylocalize tracked elementsvithin complex and
dynamicjob sites in reattime. Assesdifferent factors that may affect ifgerformancen
construction sites antk integration capability witlotheravailable techniques

5- Develop a model tontegratethe outcomes ofobject recognitiormodek and localization
systemsThisintegrationwill reportthe requirednformation about each component including
its specific ID, location, visual information in an organized and understandable faimsat.
assists irunderstanohg their quantity,installation statugnd consequentlynderstanchg the

actual progress of the project

1.3 Research Methodology

Figurel-1 shows the research methodologyneetthe objectives stated in the previous section.
This study started with a problem statement and the objectives. Then a comprehensive literature

review was accomplished in the following domains:

1 Recent advances in construction progress monitoring and reporting

1 Application of visionbased techniques for construction progress monitoring.
1 Application of location tracking technologies in construction projects.

1

Application ofintegratednonitoring methodandBIM in construction projects



In the next stepshortcomingsand limitationsin the literatureareidentified to develop the
research methodologyhich consists of thremodulesi n ¢ | uQbjeatRye cfio g n iObjécb n 0 , f
Local ianditlinad nre@bjeetReado gni t i on aThdnthe dewedoped methiod o n 0
isimplemented and evaluated in different case studies. Finally, the results, coneuodifuture

works are described in the lastapter

1.4 Thesis Organization

This research study includes five chapters. Following Chapter 1, the chapters are as follows:

Chapter 2 provides an overview of the previous works focusing on automated progress monitoring
and reporting, visiobased techniques, RTLS, integrated approadres BIM within the
construction industry. This chapter identifies advances in automated progress monitoring through
the utilization of different technologies and methods. Finally, a summary of existing gaps in the
literature is provided at the end of this chapldris chapter assists in identifying the techniques
and tools that have the capalg to be implemented in this research study and highlights domains

for possible improvements.

Chapter 3 describes the overview of tlesearchmethodology to support automated progress
monitoring and reporting systems in construction projects. Three maduleswere defined
i ncl uQGbjeatRye ciio g n iObject_mdc,al i z at i o n dObjectRdcogiition and gr at e

Localizationo.

Chapter 4 implements and evaluatesighods describad Chapter 3 using different laboratory
and field experiment$ectiord.1.40f this chapter immodifiedversion offiAutomated Detection

and Segmentation of Mechanical, Electrical, and Plumbing (MEP) Components in Indoor
Environments by Using the YOLACT++ Architectarpublishedby Journal of Construction
Engineering and Manageme(Shamsollahi et al. 2024Moreover, Sections4.2 and 4.3 are
extended versions GfA DataIntegrationMethodUsing aDeepLearningAlgorithm andReal

Time LocatingSystem (RTLS) forAutomatedConstructionProgressMonitoring andReportingd
published byAutomation in Constructio(Ghamsollahi et al. 2024)

Chapter 5 provides a summagyd conclusiomf this studyand highlightsts contributions along

with recommendations for future improvements.
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Figurel-1. The researchmethodology

1.5 Summary and Conclusiors

The purpose of this chapter is to establish the focus of this research, which is automated progress
monitoring and reporting iconstructionenvironments, to improve efficiency and address the

problems associated with manual monitonmgthods Next, the problem statemeid identified



including challengesrelated to monitoring tracked elements imdoor environmets and

limitations of currenttechnologies utilized for automatpdogressnonitoring

Following the problem statement, thesearchobjectives wereutlined These objectives
includedevelopinga methodhat caraccuratelyrecogniz andlocalize tracked building elements
in indoorjob sitesin a timely mannerThis methodaims toprovidedetailed andcomprehensive
information abouthese elements for identihg their currentstatusand supportinghe decision
making process The methodologya achieve these objectives then provided.Finally, the
organization of the thesmwas presentedencompassin@ comprehensivditerature review in
Chapter 2the researchmethodology in Chapter 3ne model implementation and validation in
Chapter 4andthesummary and concluding remaiksChapter 5.



CHAPTER 2: LITERATURE REVIEW
2.1 Overview

In this chapterrelated research aautomated progress monitoring amgbortingin construction
projectsis reviewed The gplication ofdifferent technologieso enhanceonstructionprogress
monitoringis discussedThesetechnologiesnclude digital camerasnd computer vision(CV)
techniquegor collecting andanalysingvisual informationReattime Locating SysterfRTLS) for
object localizationandintegrated methodgsingbothvisual and locatiomlata Furthermorethe
role of Building Information Modeling BIM) for further analysisof collected data from

construction sites detailed The chapterends by identifying the existing gasthese methods
2.2 Construction Progress Monitoring and Reporting

Construction progress monitoring and reporting are key managerial ftaskisnely project
completion and staying within budget Through these tasks discrepanciesor unsatisfactory
performancéetweerthe asbuilt andasplanned stateof the projecttan be identifiedallowing
corrective actions to be taken at the right tii@elparvarFard et al., 2011; Moselhi et al., 2020)
Inefficient progress monitoring has brought more than 53% delays and 66% over budget in

construction projectfAlaloul et al., 2021; K. Han et al., 2018)

Monitoring the construction sites in a consistent marassiststhe project manageris
avoidingunforeseen expensekerived fromschedule delaygoorly performedtasks revisions
conflicts and improper resourcemanagemen{Kopsida et al., 2015; Yates & Epstein, 2006)
Neverthelessin complex construction sitegjentifying the actuaktatus of the projegirovides
challenges for decisiormakers due to reliance ontraditional systems which aramanua)
inaccurateandslow. In such systemdiumans are responsible fdata collectiorfrom job sites
andinformationextracton from both asplanned and abuilt states This informationis derived
from different documents such dsawings, surveyschedules anslitereportswhich all of them
are submitted by different responsible parties in the prdyéamteover,reportsfrom job sites are
oftenbased orhumanassessments, which may not representsigatonditions To address the
above stated issues, it is crucial to have an automated system to collect and analyze data accurately,
visualize and report the findings in an interpretable format for different responsible parties
(GolparvarFard et al., 2015)



Recently, new technologies have been introduced and applied in the construction industry to
automate the processes mfogressmonitoring and reporting. These processes are: (a) data
collectionfrom asbuilt/asis scenes, (b) data analysis, (c) progress estimation by compating as
built and asplanned information, (d) visualization of the resiikspsida et al., 2015sshown

in Figure2-1.
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Figure2-1. Constructiorprogressmonitoring andreportingprocesgShamsollahi et al., 2022)



For evaluating automated progress monitoring syst&imgssida et al. (2015Jefined eight

criteriag including:

1. Utility: Th e s y sappkcabdity and generalizabilitto both outdoor and indoor
environments andncompassdifferent objects fomonitoringpurposes

2. Time dficiency: Thedurationof time spent using the system.

3. Accuracy:The level of accuracy and reliabilithe systenprovides fortasks involved in
progress monitoringrom data collection to progress estimation.

. Automation LevelThedegreeof human involvement icompleting the required tasks.

. Preparation requirementghetime required toset upthe system.

. Requirements for training the us@he level of expertiseeededo operate the system.

~N o 01 b

.CosttAllexpenses related to t heansypantepam@.s equi p Mme

8. Mobility: The capability to move the system without restrictions and effort.

2.2.1 Computer Vision Techniques

In recent years, lowriced and highresolution digital cameras with higltapacity memaor have

enabled construction companieseftectively capture datérom construction operations. Digital
cameras can produce a large number of images and videos on a daily basisiuilinsasnes
containing useful and detailed informati¢@olparvarFard et al., 2015; Hou et al., 2020)
However, due to challenges in image analysis tools such as computation time, accuracy and cost,
images are analysed manually only for documentation and data recording purposes. As a result,
only a small portion of this informatios utilized, while the rest beemesunusablgHou et al.,

2020; Nieto et al., 2012; Paneru & Jeelani, 2021)

With developments in hardware platforms and algorithms, CV technology improved
significantly (Feng et al., 2019V is a branch of artificial intelligence that uses computers to
obtain highlevel understanding from visual data, like human visual systems. During the last
decade,CV has attracted many researchers due to its wide range applications in enhancing
automation in construction. It can be applied for different project management purposes such as

safety monitoring, quality control, productivity analysis and progress momgtofinet al., 2020)

In progress monitoring systemasingCV techniques, the collectetsualdatafrom job sites
are analyzed tainderstandt he pr oj ect 6s current state. Com

categorized into 3D scene reconstruction, object tracking, object detection and image segmentation
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(Paneru & Jeelani, 2021n recent years, the number of research studies related to automated
progress monitoring and computer vision techniques in the construction industry has increased.
Kopsida et al. (2015)provided an irdepth review ofautomated progress monitoring steps and
their related technologies and methdeiatel et al. (20218xplored recent developments, existing
challenges, and future works automategbrogress monitoring in the construction indusigja

et al. (2022) and Sami Ur Rehman et al. (20@2%cribedhe currentomputer vision algorithms

that are applicable in construction projecend conducteda detailed comparison of them
Additionally, they discussedhow CV techniques can be integrated with other technologies,

including BIM, augmented reality, and virtual reality.

Gharib and Moselhi (2023¢onducteda review of current practices for automated progress
monitoring and reporting usinGV techniques. As part of this researdeyvicesfor captuing
visual datavere describedncluding depth cameras, drones, and laser scaritieaasayake et al.
(2021) described the challenges associated with indoor progress monitoringyawledvarious

computer vision techniques that have been used in recent research studies fgolnsitesr

An in-depth literature review reveals that three major computer vision techniques are used
for construction progress monitoring and reporting using digital images, namely (i) 3D scene
reconstruction, (ii) object detection, (iii) image segmentation. Insesion, recent algorithms

and technologies in these areas are discussed and the challenges are highlighted.

2.2.1.1 3D Scene Reconstruction

In this technique, 3D representations (mesh models, point clouds and geometric models) are
generated from one or multiple images taken from constructionsite% Lee, 2017; Xue et al.,

2021) These 3D representations contain critical information pertinent to the current state of the
project, which can then be compared to thplaaned state to track and report the project progress.
For this purpose, collected data from cameras (monocular, stereo, video, pananahiRGB

Depth) is required to generate the point cloud mo@é&s & Liu, 2018; Xue et al., 2021Many
reviewpapershave beemublished in the past few yedtsmtprovide more information about the
recentadvancements iBD reconstruction techniqueteir capabilities, and limitationfHam et

al., 2019; Kang et al., 2020; Mirzaei et al., 2022; Wang et al., 2020; Wang & Kim, 2019; Xu et al.,
2021; Xue et al., 2021)
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Computer vision techniques and algorithms for generating 3D scene reconstruction are
different due to the characteristics of the input images. The input images are categorized into single
and multiple imagefHam et al., 2019)Single images can be taken using regular cameras or RGB
Depth cameras such as Azure Kinect. The Azure Kinect camera can easily cieate 33
scenes using streams of depth and color images. However, for creating 3D reconstruction scenes
using regulacameras, there is a need to calculate the depth of pixels in the images using computer
vision technique&ang et al., 2020Eder et al. (2019)Jeveloped and trained convolutional neural
networks with a dataset containing R&Bimages to predict depth estimation of a single 360°

image of an indoor scene that provides all information for creating the-BDvaxdel.

The multiple images are divided into (i) myberspective 2D images and (ii) video
sequences. In general, 3D scene reconstruction using multiple images have fewer challenges and
is studied more frequently in the literature since they are more accutate igther level of detail
compared to approaches using single images. In4mefiipective 2D images, several images with
different perspectives of the objects are taken and create 3D scene representations based on
parameters and poses of cam¢ktam et al., 2019; Kang et al., 202Bathi et al. (2011proposed
a framework to create 3D point clouds using two calibrated cameras. The feature points captured
from two video frames were detected using the Speeded Up Robust Features (SURF) algorithm.
Automatic point matching between two video frames usindiesn distance was applied and
the outliers were removed using the RANdom SAmple Consensus (RANSAC) algorithm. Then
triangulation was used to estimate spatial coordinates of the points in the frames and create point

clouds of the construction objects ates

Video sequences can bélized as an input for computer vision techniques to reconstruct
3D scenes. One of these techniques is the structure from motion (SFM) method that uses the shared
information between consecutive frames by repeatedly extracting and matching featuees betw
two images, filtering outliers, and estimating poses of images and point clouds through image
registration and triangulatidfdam et al., 2019; Jiang et al., 2020; Kang et al., 208ahe study
done byGolparvarFard et al. (2011)nordered daily photographs were used to reconstructthe as
built environment by using the SFM technique. Creating 3D point cloud models, enabled project

management team to visualize the projectds c
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Despite many advances in 3D scene reconstrutdidmiquesstill some limitations exist
that need to be discusse&tbmerelatedissues are (l)ack of automation level in all the required
steps for creating asuilt models such as data collection and removing outliers. This increases, the
operation time, and errors in the modélsl & Lee, 2017;Ma & Liu, 2018) (2) Lighting
conditions, occlusions, and cluttered backgrounds are unavoidable in construction sites which
make 3D representations incomplete and n@ian et al., 2021; Xue et al., 20213) Limited
operating spaces in indoor environmedae et al., 2021)(4) Incapability of existed techniques
in reconstructing of building elements with complicated geometric shapes (cylindrical, spherical,

L-shaped, etc.) which mostly are in indoor environm@fiasg et al., 2020)

2.2.1.2 Object DetectionAlgorithms

Due to numerous construction activities which use a wide variety of resources including materials,
equipment, and workers, it is important to identify which resources are in the scene and which
ones are involved in performing the task of inte(8sto et al., 2015)Object detection is used to
identify tracked building components automatically on site from the captured images and videos.
This technique facilitates analysis of tracked activities and material allocation to support progress
monitoring and reportinf_in & GolparvarFard, 2020)Object detection is a computer vision task

that performs both classification and localization. Meaning that it classifies the objects in the
captured image into pregefined categories and predicts the location of each object in the image as
shownin Figure2-2.b (Athira & Khan, 2020; Seo et al., 2015; Wu et al., 2020)
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Figure2-2. a) Original Image b) Objedetectionresult c) Semantissgmentatiomesult d)

Instancesegmentatiomesult(Shamsollahi et al., 2022)

In the early stages of object detection, many researchers used traditional -faaadp
algorithms which are essentially performedaistepby-step process, requirirggspecific model
for each taskin these algorithms, the image features are extracted using feature descriptors such
as Scale Invariant Feature Transform (SIFT), Local Binary Pattern (LBP), Binary Robust
Independent Elementary Features (BRIEF) and Histogram of Gradients (N&)these feature
descriptors are combined with machine learning classifiers such as Support Vector Machine
(SVM), K-Nearest Neighbors (KNN), naive Bayes classifiers and neural networks for
classificationtasks(Murphy et al., 2006; Seo et al., 200 et al., 202Q)The performance of
these models highly relies on the optimization of implemented algorithms and theosebéct
image featuregLee, 2015; Wang et al., 2018; Wang et al., 2021)

Several research studies have implemented febaged object detection algorithms to
detect construction resources from visual datarésiousconstructiorapplicationgWang et al.,
2021) For instanceto improveproductivity in construction projectZou and Kim (2007used

featurebased algorithms for automatic excavator detection and analysis of its idle puesiias.
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In this study,the excavators were extracted from imags#gthe Hue, Saturation, and Value
(HSV) color spacend simple thresholding methodblext, to determine if the excavatovas
moving, the centroid coordinates of the object were calculated and compared with those of the

previous image frame

Hamledari et al(2017) utilized different feature extraction and classification techniques
such as color space selection, thresholding, edge extraction, and support vector machine to detect
partitioned elements such as drywall, insulation, studs, and electrical outlets tdhrep@ttual
state While the proposed model can detect different components, its generalization is challenging
because it requires different preprocessing and mmaked techniques that require specialized
expertise inthe CV domain.Hui et al. (2015proposed dramework todetect and localize bricks
in video frames using image processing techniques such as color thresholding and edge. detection
They then estimated the number bficks on the building facade automatically to improve
performance of progress monitorifgaditional methods have limitations in model generalization
for detection since they are based on heradted features and require significant expertise for
feature selection and extractifiim et al., 2018; Nath & Behzadan, 2019)

In recent years, deep learning algorithms consisting of neural networks with many hidden
layers, have provided solutions with better performance and reduced human involvement. This is
achieved by introducing ertd-end learning process, which means that for completing feature
learning, classification and regression tasks only a dataset of annotated images or video frames is
requredd Ki m et al ., 2018; 00 Ma h omthesenddelsdahke feature2 0 1 9 ;
such asdges, cornes, and contours are transferred from the input lagdrigher layers This
transferesultsin amore abstracted feature representation that allows the system to learn complex
inherent structuregNath & Behzadan, 2019Vang et al.,, 2018)The differences between
traditional and deep learning algorithms are depictédgore2-3.

Thedeep learninglgorithmsare classified into two main groups: tstage and onstage
algorithms.In two-stage algorithms, object classifications and detections are based on a set of
generated region proposals then, each proposal is classified, and the bounding box coordinates are
refined(CarranzaGarcia et al., 2021; Ekanayake et al., 2022; Pal & Hsieh, 2021; Ren et al., 2015)
These algorithms include regidmased CNN (RCNN) and its extensiong;ast Regiorbased
Convolutional Networks Hast RCNN) (Girshick, 2015) Faster Regiofased Convolutional
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Neural Network Faster RCNN) (Ren et al.2015) andMask Regiorbased Convolutional Neural
Network Mask RCNN) (He et al., 2017)In contrast, onstage detection algorithms consist of a
single fully convolutional neural network to perform classification and predict bounding boxes
without relying on proposadased task§CarranzaGarcia et al., 2021; Ekanayake et al., 2022)
Singleshot multibox detector (SSD(Liu et al., 2016)You Only Look Once (YOLO)JRedmon

et al., 2016)and its subsequent versions belong to-stage algorithms. Generally, two stage
algorithms are more accurate compared to thestenge algorithms, but the latter are faster and
can be applied for regime purpose¢Pal & Hsieh, 2021) However, an important challenge for
both of these algorithms is their capability in handling objects with small scale in the image. This
limitation has been observed in algorithms such as YOLO and M&KNR(Pal & Hsieh, 2021;

Q. Yang et al., 2020)hich demonstrate a need for exploring other algorithms.
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(b)
Figure2-3. Comparison betweedhetwo techniques: affeaturebasedagorithms b) Deep
learningmodels(Wang et al., 2018)

Advancesin deep learning algorithmand developmentsn hardwaresuch as processing
power, memorycapacity and high-resolution cameras have led to the rapid sprea@\of
techniquedor variousapplications( O6 Ma h o ny eManyasiudies hazepplied jleep
learningbased object detecti@gorithmsfor constructiorprogress monitoring and reportirkepr
example,Hou et al. (2020}rained Deeply Supervised Object Detector (DSOD) deep learning
algorithm and detected building components including columns and beams automatically.

Martinez et al. (2021proposed a framework to track progress of construction tasks automatically
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in offsite jobsites. In this researdraster RCNN is appliedto detect and classify the construction
resources that are utilized in each taur Rahimian et al. (202@gveloped a framework using
CV techniques for building elements identification, integrating BIM and virtual reality to provide
asbuilt information.Ekanayake et al. (2028jilized You Only Look Once version & OLOv4),

a realtime objectdetection modeln acloud-basedlatformto automaticallydeterminehe wall

partition®statusin indoorconstructiorenvironments

2.2.1.3 Image SegmentationAlgorithms

In image segmentation, which is also named as fexel classification, a digital image is
separated into different meaningful regions to find how objects are displayed in the(lfaage
et al., 2019) Image segmentation can be divided into semantic segmentation and instance

segmentatioiiPaneru & Jeelani, 2021)

Semantic segmentation refers to assigning a class label to each pixel in thasmshge/n
in Figure2-2.c (Hao et al., 2020)n instance segmentation, detection and segmentation are joined
in one model, making detected objects distinguishable by-pisel masks. Compared¢emantic
segmentation, objects here from the same class, can be distinguished as separate asstances
shown inFigure2-2.d (Feng et al., 2019; Liu et al., 2019; Wu et al., 20Z@yough segmenting
objects of interest by predicted masks, shape and size of objects in the image can be identified. In
addition, the object boundaries can be extracted, providing spatial information for further geometry
analysis, localization, and trackirwhich can assist progress monitoring systéidang et al.,
2022; Wang et al., 2021; Ying & Lee, 2018)ence, as @mpared to object detection, instance
segmentation is a hardesk(Bolya et al., 2020)

Wang etal. (2021)developed an integrated framework using diffei@xttasks including
instance segmentation and object tracking to monitor the progress of precast walls-Gfdsk R
was utilized for detecting and segmenting the walls and DeepSORT for tracking walls through
consecutive frameyVei et al. (2023tilized ImprovedSegmentingObjects byl ocations version
2 (SOLOvV2 which is a novel instance segmentation model to automatically monitor the progress
of soil-foundation constructiorshamsollahi et al. (202ihplemented MasiRCNN for automatic
detection and segmentation of HVAC ducts from synthetic images. To overcome the overfitting

problem and enhance the generalization of the model a set of data augmentation techniques was
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applied during training the modélable 2-1 provides nore research studies that utilizedeg
learningbased object detection and segmentation algorifemdifferent construction domains

such as safety management, productivity estimation, progress monitoring, and maintenance

In recent yearsmanyresearctstudiesfocusedon object recognitiorfrom point cloudsas
well (Mirzaei et al., 2023Wei et al., 2022; Xie et al., 2023[ror example for automated
monitoring of industrial facilities andmplemening preventative maintenancégapaki and
Brilakis (2020)developed andraineda deep learninglgorithm calledCLOI-NET in a cloud
basedlatformto automaticallysegmentifferenttypes of industrial facilitiesfrom point clouds.
Ma et al. (2020)nvestigatedhe performance dfvo noveldeep learning models called PointNet
and DGCNNfor the automatedrecognitionof different interior building components such as
structural, openingsand furniturefrom point cloudsBoth g/nthetic and real point clouthtasets
wereusedfor training of the modelandDGCNN performed betten both casedn addition a
mixture of synthetic and real datases used to traithe DGCNN modelwhich yielded better

results than using only repbint cloud dateset

Table2-1. Applied objectrecognitionalgorithms inthe constructionindustry

Author Objective Training set Test set Key Object Results
Algorithms Type P R F1 APsg
Kang et al. Safety 938 235 YOLACT Excavator - - - 0.86
(2022) (Real images) (Real images) Truck - - - 0.88
Worker - - - 0.89
Safety Vest - - - 0.88
Hardhat - - - 0.91
Techasarntikul ~ Operation 529 95 Mask R T-Rod 0.96 0.95 0.96 -
and Mashita Mair?tgiance (Real images) (Realimages) CNN Cable 0.86 0.92 0.88 -
(2022) Metal bar 0.88 0.90 0.89 -
Pipe 0.89 0.70 0.79 -
Duct 0.59 0.83 0.69 -
HVAC-E 0.82 0.82 0.82 -
Chen et al. Productivity 10,000 1,500 IFaster R Excavator  0.99 0.81 - 0.95
(2020) and Safety (Real images) (Real images) CNN Worker 0.98 0.79 - 0.91
Golkhoo (2020) Progress 560 62 Mask R Duct 0.70 0.74 - 0.61

Monitoring  (Real images) (Realimages) CNN

18



804 62 Mask R Duct 0.73 0.77 0.66
(Synthetic/Re (Real images) CNN

al images)

Wei Wei et al. Progress 500 78 Improved Plaster - - - 0.93
(2022) Monitoring  (Real images) (Real images) Mask Person - - - 1.00
RCNN Putty - - - 0.97
YOLACT Plaster - - - 0.94
Person - - - 0.96
Putty - - - 0.94
PointRend Plaster - - - 0.96
Person - - - 0.96
Putty - - - 0.94

Hou et al. (2020) Site 4,378 100 DSOD Column 96.3 95.5

Monitoring (Synthetic (Synthetic Beam 95.8 95.1

images) images)

Note: P = Precision, R = Recall, F1 = F1 Score, and AP50 = Average Precision at 50% overlap.

2.2.1.4 Image Datasets for Training Deep Learning Models

Although deep learning algorithms are capable of robust performance, they require large image
datasets for training. The limited availability of real images from construction projects makes the
development of such datasetsllenging(Xiao et al.,2021) Largescale datasets like Microsoft
COCO (MS COCOJLin et al., 2014)PASCAL Visual Object Classes (VOkveringham et al.,
2007) and ImageNe(Deng et al., 2010)lack constructionrelated objects and are naditectly
suitable for model training in the construction domain. However, they are helpful for transfer
learning to pass basic image features to the models trained on specialized, smaller datasets
containing the target objec(blath & Behzadan, 2020; Oquab et al., 20I4)erehave been a
number of research studies in the past few years that have created open image datasets specific to
construction objects and made them available to the public

Duan et al., (2022)reated an image dataset named Site Object Detdaéitaset (SODA)
from different phases of construction sites. They developed a comprehensive annotated dataset
consisting of 15 object classes related to material, labor, equipment, and layout with around 20,000
imagesXuehui et al. (2021gollected 41,668 images referred to Moving Objects in Construction
Site (MOCS) with thirteen object classes presented in construction sites including workers and
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machines.Xiao and Kang (202]1)created a dataset consisting of 10,000 annotated images
containing 10 object classes from construction machines referred to as the Alberta Construction
Image Data Set (ACID). The dataset consists of images taken from construction sites using
unmanned aonomous vehicles (UAVs), installed cameras, manual imagindgdownloading

images from online source€zerniawski and Leite (2018¢reated a dataset consisting of 2D
image frames and their corresponding depth images for a variety of indoor object classes, including
HVAC ducts and plumbing.

Although construction image datasets have been released in recent years, they do not contain
all types of construction components with enough images and viewdiats & Kang, 2021)
Moreover, the higlguality datasets created by construction companies are not publicly available
due to confidentiality concerns. Without sufficient images for training the algorithms, a number of
problems can arise, such as overfitting, poor performamcklimited generalizabilitfKim et al.,

2023) In such cases, synthetic images can be utilized in order to create consteletiec
datasets for training the deep learning mo{®#sreraAnimas & Davila Delgado, 2023)

There are two types of synthetic images: synthetic composites and virtual synthetic images.
Synthetic composite images refer to real images that are digitally modified in a way that
incorporates objects that are not initially included in the image. These objects can be either
synthetically generated or obtained through splicing from variousmeales and subsequently
added to the original imag®&an & Chahl, 2022)A sample of these images is depictetFigure
2-4. However,superimposing objects onto backgrounds can result in unrealistic images due to
inconsistencies in geometry (e.g., mismatched size and orientation), lighting conditions, and
semantic information that can nMwe @l 2081) y af f
Conversely, virtual synthetic images are entirely generated artificially with no real elédMants
& Chahl, 2022)as shown irFigure2-5.

Typically, 3D BIM models are utilized to generate synthetic imagesapturing viewpoints
within threedimensional space containing the target objg&xdtani et al., 2016 Although object
recognition algorithms using real, synthetic or mixed datasets have been investigated in many

research papers, several challenges remain.

Regarding synthetic image generation, complex indoor objects are not investigated, and the
images often fail to represent different real site conditions. Enhancing the diversity of synthetic

images is crucial to improve model generalization across vacmustruction site scenarios. In

20



addition, a more Hdepth investigation of different synthetic and real ratios within datasets for
training is requiredTable2-2 summarizes the gaps in the literature

Figure2-4. Synthetic compositenage sampl¢Hwang et al., 2023)

Figure2-5. Virtual synthetic imageample
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Table2-2. Overview of object recognition models for construction monitoring.

Author  Training set  Indoor/

Outdoor

Target Key
Objects  Algorithm

ISeg Computing
Platform

Limitations

Virtual and  Outdoor

realimages

Zheng et
al. (2020)

Wei Wei Indoor
et al.

(2022)

Realimages

Hwang et Outdoor

al. (2023)

Composite
and Real
images

Ekanaya Realimages Indoor
ke et al.

(2022)

Kim et Outdoor

al. (2023)

Composite
and Real
images

Prefinished Mask R
modules CNN

Worker,
wall
elements

Improved
Mask
RCNN

Faster R
CNN

Equipment

Wall
partition
elements

YOLOv4

Workers YOLOvV3

22

a

Physical

Physical

N.A

Cloud

N.A

1- Synthetic images lack diversity in
real scenarios, such as lighting,
weather, and occlusion.

2- Recognition is limited to simple
objects (boxes).

3- Did not optimize the mix of syntheti
and real images.

1- Cannot apply the preprocessing
model to all objects.

2- Test data is limited (78 images).

3- Recognition is limited to simple
objects (walls).

4- Carried out for ideatonditions; did
not consider indoor scenarios like
lighting, occlusion, and clutter.

1- Unrealistic synthetic images
(mismatch equipment with
background in sizegrientation,
color, and semantic information).

2- Synthetic images lacked diversity ir
3D-modeled objects and backgrour
images with lighting and weather
variations.

1- Recognition is limited to simple
objects (walls).

2- Improving the dataset quality or
approaches to handle challenges ir
indoor sites are not investigated.

1- Unrealisticsynthetic images due to
discrepancies in pose, orientation,
and scale of the target object
(worker) with the background.

2- Did not optimize the mix of syntheti
and real images.



Li and
Chen
(2022)

(Hou et
al., 2020)

Realimages Outdoor Pipes YOLOvV3

Virtual Indoor Structural DSOD
images elements

Physical

Physical

3- Synthetic images lacked diversity ir

occlusion and weather variation.

4- Concentrating on a class (workers)

prevalent in datasets and did not
consider lessepresented, crucial
construction elements.

1- Only considered objects (pipes) in

storage sites not installed which is
easier to identify as opposed to
objects in challenging environment:

2- Images were taken from only limite

shooting angles, failing to represen
the variety of viewpoints found on
construction sites.

1- Only synthetic data were considere

2- Lack of diverse visual attributes for

target objects (shape, size, details)

3- Synthetic images fail to reflect real

indoor conditions such as lighting
and clutter conditions.

Note: ISeg dnstance segmentation capability.
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2.2.2 Application of Location Tracking Technologiesin Construction

Tracking resources efficiently in complex construction environments requires identifying and
localizing themaccurately(Shahi et al., 2012)As construction projectbecome larger anthe
number of highcost assets increasebge localizationof resourcedbecomesmore serious and
important(Cho et al., 2010)

Resource localizatiors requiredto bereliablein aconsistent wayo assiststakeholderan
decisionmaking For thispurposeRTLStechnologiesre introduced fatrackingresources job
sites. These systems are usedaercome thechallengesof traditionalmanualdata collection
methodsn construction sitew/hich areinaccurateunreliable, anéxpensivgShahi et al., 2012)
RTLS is describedas the integration of hardware components and software systems to
automatically identifythe positionof an object in a deviemstalledmonitoredareain reattime.
The data collected during this process can be used irtirmalapplications oanalyzed late(Li
et al., 2016)

Materiak and equipment costs can account 560% of the total cost of industrial
construction projectgKini, 1999) Hence it is crucial to organize and control materials in
construction projectto save unnecessary expengégorgy & Basily, 2008)Materiak used in
the constructiomdustry are categorizedto off-the-shelf bulk, and engineeredomponentsThe
materialsin each categordiffer based orexpenseprocurement lead time@ndexchangeability
In generalengineeredomponentsvith specific propertieare more costhandrequire morelead
time and advanced schedulifgechanical, Electrical and PlumbinglEP) componentssuch as
pipe spoolsare considereds engineered materialgth a significantand expensiv@rocedure
(Song et al., 2006)

The importance of RTLS becomes higher in Igoggects, inwhich tracking thousandof
material componentsuch asMEP componentge.g., pipe spools and valves) and structural
components ofargearea sitess required In addition,components like pipe spooldue to their
specificsmallshape and weighare at ahigherrisk of beinglost or not eagy found compared to
larger materialgGrau et al., 2009)Using RTLStechnologiesdifferert construction resources
such agnaterials can beggedor monitoringpurposesevenin obstructedcenvironment®r from

considerablalistancegqTeizer et al., 2008a)

24



RTLS enhancesconstructionprogress monitorinddy increasing awareness resource
locationandstatus controllingactivitiesfor betterplanning andimplemening requiredactionsin
a timely manne(Teizer et al., 2008a)lhere are different types dRTLS technologiesuch as
Global Positioning Systems (GP8®)frared (IR) Radio Frequency ldentification (RFIDYWB,
andBluetooth(Huang, Hammad, & Zhu, 2021An experimetal study conducted b@rau et al.
(2009) comparedraditionaland aubmatedmaterialstracking andthe benefits ofanautomated
systemwereelaboratedFortheautomatedystem they utilized 40(RTLS tagsto track materials
over a threemonth period, demonstrahg remarkabletime and cost savirsg The systentould
save88% of thetime spentper componenbn site, reducing it from 36.8 minutes to 4.56 minutes.
Additionally, it showed an 8.98% enhancemenin mitigating information lossaboutmissing

materialscomparedo traditionaltracking systems

The GPSsystem a satellite basedRTLS technologyis used in constructioprojectsto
provide reaitime object location informationThe GPSconsiss of satellites placed above the
Earth by the U.S. Department of Defense in the 1970s. The satellites emit radio signals to receivers
attachedto objecs to identify their location This systemworks based on theonceptof
trilateration, which needs four satellitesaocuratelydeterminean objecd s  p otlsrdughithe n
geometric intersection of four spheres. The application of GPS in the construction industry is for
safety management, activity tracking, site acquisition, and survégingar & Moore, 2002; Li
et al., 2005; Moselhi et al., 2020; Omar & Nehdi, 20D8)e to the requirement of direct [oé-
sight (LOS), GPS is most often applied activitiesthat take place outdoors such as earthwork
operationsFor this reason, other technologies are being considered fbrilogabjects in indoor
constructiorenvironmentsuch as RFID, BluetoottyWB, andIR (Moselhi et al., 2020; Teizer
et al., 2020; Xu et al., 2018; Zhang et al., 2012, 20PB¢se systems are differentiated by their
localization accuracy, cost, scalability, level of consistemopustnessand data protection.
Therefore, fromavailableRTLS systems, one can be selected that meesp#uficrequirements

of eachproject such aeingeconomical oproviding high accuracyAlarifi et al., 205).

Recently, indoor localization has received considerable attenticaefatifying the location
of workers equipment, and materiatontinuouslyand in realtime. However, localization in
indoorjob sites is more challenging amdquireshigher accuracyAlarifi et al., 2016) This is due
to the presence of different objects including equipment, structures, walls, and humans that densely
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existandcause signal reflections and scatteruegradhg the performance of RTL3Hencethe
presence of different objects within timeloorenvironment can prevent sigadtomtransmitting

in a direct path resulting in ndime-of-sight (NLOS) conditiors (Alarifi et al., 2016; Mautz,
2012) The other challenge in indoor localization is signal interference by other sources which
impacs the RTLS and degraddahe signalsstability. These sources include mobile devices,

wireless networks, microwave systems and fluorescent ligbailagifi et al., 2016)

Different research studies introduced performance metrics to evaluate the RTLS in indoor
environments.Wu et al. (2007)introduced six attributes of localization systems in indoor
environmergthat carbe used tevaluateheirperformancewhich are: (1) accuracy and precision
(2) system coveragé€3) latency of locationupdates 4) t he bui |l di ng,@5 i nf r &
system calibratiorand( 6) r andom er r or sniltipatmefieateGu et ald(2009) v e d f
introducedother attributeso evaluate these systems including (1) system cost, (2) data security,

(3) complexity,and(4) robustnessThey highlightedhe importance of system cost, which is not
limited to the cost of hardware components but also thes ocbshstallation and maintenance.

Other parameters involved in determining the cost of Rifickidetime and space costs. Time

cosk relate tothe time needed fothe installation and calibration of the system ahé time
required forcorrections when problesin the system occurSpace costs refer to the size of the
components and their physical space requiremarasfi et al. (2016)emphasizethe importance
ofsyst emsd scal ahbhinadditiorytahapnesiousy mantioneghieirids Figune2-6
demonstrates the main performance metrics required to assess the performance of RTLS for

different applications.
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Figure2-6. Indoorlocalizationtechnologies antheir performancametrics
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Table2-3. Differentapplications oflocationtrackingtechnologies irtonstruction

Reference

Objectives

Tracked object

Method

Montaser et al. (2012)
Li et al. (2013)

Song et al. (2015)
Teizer et al. (2015)

Alshibani and Moselhi
(2016)
Park et al. (2017a)

Huang et al. (2021b)
Zhao et al. (2019)
Fang et al. (2016)

Montaser and Moselhi
(2014)

Montaser and Moselhi
(2012a)

Montaser and Moselhi
(2012b)

Chin et al. (2005)

Productivity Estimation
Safety Management
Material Management
Safety Management

Productivity Estimation

Safety Management
SafetyManagement
Production Control

Safety Management

Material Management

Productivity Estimation

Progress Monitoring

Progress Management

Equipment

GPS

Workers & Equipment GPS / RFID

Materials

Workers & Equipment

Equipment

Workers
Workers
Workers
Workers

Workers andVaterials

Equipment

Materials

Materials

GPS/Barcode

GPS

GPS

Bluetooth

Bluetooth

Bluetooth

RFID

RFID

RFID

RFID

RFID

One of theRTLS technologies appropriate for indamjectlocalization is Bluetootiow

Energy(BLE), whichwasintroduced in 201@nduses 2.4 GHradio frequencyHuang, Hammad,

& Zhu, 2021; Park et al., 2017pue toits advantagesuch asbeing economicalhaving low

energyuse internet connectivityscalability,andthe ability forsignalpenetratiorinto walls the

BLE sysemis suitable fordifferentconstruction applicationg.his system containsda that can

communicate with theeader Mobile devices such as smartphorasjtablets that contain BLE

can work as the readfar the taggTopak et al., 2018)
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There are two main methodarfdistance measurement using Bin€Eludingthe Received
Signal Strengthndicator (RSSI) and the fingerpriméchnique(Sergi et al., 2022)Different
research studies utilized BLE technoldg trackthelocation of workers and equipment in indoor
ard outdoorjob sites. For instanceMohanty et al. (2020)mplemented BLE technology the
field environmento track the locaion of workersfor productivity monitoring In another study
done byPark et al. (2017b)BLE tagswere attached to workers and qmuent toidentify
hazardous siiationsand increase safety in constructi@ites Khazen et al. (2023¢onducted
laboratory experiments tassess the develop@doximity detection framework using BLEor
improving safety and productivity monitoring in indoor environrsdrtirthermore, there are other
researclstudies that useBLE for different construction applicatiomghich can be found iffable
2-3. However,sincethe accuracy ofthe BLE systemis between 5 meters(Schjgrring et al.,
2022) and hasa coverage limitatiorof up to 30 metergRao et al., 2022)t may not be accurate
enough for all thepplications in the construction projeetsd other technologies are required to

be investigated

RFID is another RTLS technology that is widely used for object tracking and localization in
construction sitedn the RFID systemdata transmission is achieved via radio frequency signals
transmittecetweerRFID tags and readeflontaser & Moselhi, 2014While it is not as accurate
and easy to implement as other technologies, itdw@sved considerable attentigri et al., 2016)

In largescale projects, RFID is recognized as the most common technology for localization
objectives(Alarifi et al., 2016) RFID uses radio frequencies, ranging from low to siygh
frequencies for automated data collectiRRID tags can be utilized to track and localize materials,

workers,andequipment in construction projects et al., 2016)

EachRFID tags consistof a microchip and an internal antenna with a predefined ID. The
tags are scanned laymobile readerhandledby aninspectoror by a fixed readeto collectand
store the datélLu et al., 2011; Moselhi et al., 2020; Omar & Nehdi, 2016; Song e2@06)
Subsequentlythe readepasses the captured data to the core computer for further araadysis
specific application uselherearevarioustypes of RFID that have different propertiesich as
power supplysignal frequencyreading rangedata rateservice life, pricememory spacesize,

and shapé€Song et al., 2006)According tothe type of material and the conditionstioé work
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environment appropriateRFID type and configurationan be selecte(Valero et al., 2015)A

sample of RFID tags ana@mobile reader is depicted Figure2-7.

The RFID systenis categorized int@ctiveand passive taggeizer et al., 2008aActive
tags utilizebatteres andare capableof high readingrange data ratesand memory storage
However passivaagsthatdo notrequirebatteriesare more economicahd can be smaller in size
(Song et al., 2006; Teizer et al., 200BFID systems can be used to track objects in construction
sites without requirindine-of-sight (Song et al., 2006)Many studieshave investigatedthe
benefits and limitations of RFIDts usecasesfuture trendsandpotentialintegraton with other
technologiegSardroud, 2014; Sun et al., 2013; Valero et al., 2015; Wing, 2006)

RFID is used in many construction applications such as material management, safety
management, and progress monitori@ganem and Abdelrazig (2006itilized RFID technology
to track the progress of work in construction siMsntaser and Moselhi (2018sed economical
RFID tags attached to the hauling unitand fixed RFID readers at specified gates to capture near
reattime datdafor tracking earthmoving operatiorS8ong et al. (2008)tilized activeRFID tags to
identify and trackpipe spoolsising mobile and fixed readeihis study demonstrated that RFID
is practical in complex environmesdnd that the tags could work in congested areas filled with
metallic objectsIn addition,they determinedhe benefits of using RFID for tracking pipe spools
during shipment, reception, and storaddese benefittclude reduced identification time and

errors minimizedsearch timeandfewerreproductios of misplaced itens.

Razavi and Moselhi (2012)vestigate the applicationof RFID inindoorjob sites. In this
study,economicapassive RFIDags ancareader were used féwcalization purposedMotamedi
et al. (2013ktudiedthe utilization ofactiveRFID for localizng static and movable assetsring
the operational phase in indoor environmergher studies thaised RFID for construction
applications can be found rable2-3. The RFID system has limitations, such as not being fully
automated and not being accurate enough for 3D localiz8tierefore they are primarily used
for 2D localization(Awolusi et al., 2018; Moselhi et al., 2020; Omar & Nehdi, 2016; Rao et al.,
2022; Shahi et al., 2012; Zhang et al., 2020)
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b) RFID encapsulated tag

R
a) RFID mobile reader m 4 d) RFID tag printer

¢) RFID label tag

Figure2-7. RFID hardwarecomponentsncluding thereader andiifferenttypes oftags and
RFID tagprinter (Montaser & Moselhi, 2014)

2.2.2.1 The UWB System

Between 1960 and 199the UWB systenmhas been confined to military applications and the US
Department of Defens@shetrimayum, 2009)The UWB was subsequently made available for
commercial sale to the publiglarifi et al., 2016) The UWB system is a promising technology
for providing realtime, secure,and accurate distance and location estimations. The hardware
components of the UWB system include tags and receivers. The receivers are static and fixed in
predefined locations, while the tags can be installed in moving or static alhjecet al., 2022)
Dependingon the type of receiverssed,the UWBsystemcan have aange between 200 meters

to 1000 metersallowingusers tautilize fewer receivers while covering a large spéade et al.,

2022; Teizer et al., 2008yhe UWB system has the capability to provide accurate 3D localization
that can be beneficial for 3D material tracking on construction sites to improve denskimy
(Teizer et al., 2008)

Moreover the UWB systemoffers a longer rangeand betterstability in different
environmentatonditions than RFIDTheUWB tags and receivemmmunicat&onsistentlyover
a bandwidth that exceeds 500 M#=wolusi et al., 2018; Bardareh & Moselhi, 2022; Moselhi et
al., 2020; Omar & Nehdi, 2016; Rao et aD22; Shahi et al., 2012; Zhang et al., 2020 broad

bandwidthenables highrate ofdata transfeiand he low frequency of UWB pulses allows signals
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to penetratebjects such as wal(@\larifi et al., 2016) The otheradvantages of the UWB system

are its antinterference capability and high multipath resolufi@hang et al., 2020)
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(a) (b)

Figure2-8. Sample ofa) UWB receivers angb) tagfrom the DecaWav€ompany
(DWM1000) (Yao et al., 2021)

UWB tags can be activated by operators thiethattached tarackedobjectsfor localization
and tracking so that the system aanllect datafrom them (Shahi et al., 2013a)n the UWB
system, the tagsendradio signalgo the receiverand thelocationof tagscan be determineoly
the utilization of varioustechniques such &me of Arrival (TOA)/Time of Flight (ToF) Time
Difference of Arrival (TDOA), Angle of Arrival (AOA)Liu et al., 2022; Shahi et al., 2013; Zhang
et al., 2020)Each of thestechniquesan be used separately or in combination for localization of

the taggZhang et al., 2020)

Range measurements between tags and receivers can be basédestiniation Several
parameters thaxist onjob sites canreducethe accuracy of oF estimation, leading to errors in
range measurements and tag localizatidhese parameters include Aore-of-sightconditions,
multipath effects, synchronization difficulties and signal interfer¢hizeet al., 2022)In indoor
environments, thempact of thesparameterss higheron range measurement estimasidaading

to outliers that magxceedl meterRuiz & Granja, 2017)

The concepts dine-of-sight, nonline-of-sight and multipath effects become important in

improving the performancef these systems since they have direct impact on range measurement
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accuraciegSang et al., 2020A line-of-sight condition is when a signal propagates through a
direct path between the tag and receiver without any present obgRatdari et al., 2009) A
nontline-of-sight condition occurs when a clear and direct path between the tag and the receiver
does not happedue to obstacles. In this condition, the signals pass through longer distance
between the tag and receiver compared to the direebf-sight path (Kristensen et al., 2019)
Throughthe multipath effect, radio frequency signals propagate from tags to receivers through
various pathswith time delays caused by obstacles in the environ(Msutitz, 2012; Sabri et al.,
2012) Moreover, thesenultipath propagations can also be caused by obstacles that are not
necessarily between the tag and the recdi8ang et al., 2020Figure 2-9 demonstrates the

sample of thdéine-of-sight, nonline-of-sightconditionsandmultipatheffect.

In indoorjob sites, UWB localization accuracy can be reduced from centirtetet in line
of-sight conditions to metdevel in nonline-of-sight conditions(Liu et al., 2022) Various
obstacles cawausesignal reflections, diffractions, and scatterwghin indoor environmerst
Thesencludestructures, wallsyorkers and componeni{Sabri et al., 2012; Sang et al., 2020)
addition, humarpresenceandcommunication devices such esrdless phonesan cause signal
interference that can negatively affect thé&/B system(Cho et al., 2010)it is also possibl¢hat

signal interference occsibetweerdifferentUWB systemgJiménez & Seco, 2016)

The most recognized manufacturers that provide the UWB systems for commercial purposes
are UbisenseBeSpoon, Decawave, Time Domain, Sewio and Pozyx. Different research studies
have utilized UbisenséCho et al., 2010; Shahi et al., 2013b; Siddiqui et al., 2019; Umer &
Siddiqui, 2020; Xia et al., 201@r DecawavdéBardareh & Moselhi, 2022; Jin et al., 2019a; Yao
et al., 2021)as part of their experiments, specifically for localization and tracking purposes.
Depending on their application, UWB tags may have compact, cubic, or microrectangular shapes,
and their weight may be less than 12 gréieszer etal.,2008a) Accor ding t o the
information(BeSpoon; Decawave; Ubisenseld the details provided {diménez & Seco, 2016;

Ruiz & Granja, 2017; Wang et al., 2018)e configurations of some of these products are provided
in Table2-4.
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Figure2-9. Line-of-sight andnon+line-of-sight conditions,andmultipath effects (Sang e#l.,
2020)

Table2-4. Comparisorbetweendifferent UWB ma n u f a csystemcenfigurationsJiménez
& Seco, 2016; Ruiz & Granja, 2017; Wang et al., 2015)

System Origin  Founded Channel Range Technique Range Price
Date (GHz) (m) Update
(H2)
Ubisense  United 2002 6i 8 >160 AOA - N. A 26,900
7000 Kingdom TDOA Euros
-6 receivers
-10 tags
BeSpoon France 2010 3.99 <=880 TOA 2.5 1,699 euros
-6 tags
-hardware
system
DecaWave Ireland 2007 3.99 & <=300 TWR- 3.5 925U.S.
DW1000 6.489 TOF Dollars
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-4 tags

In some research studies, these products have been compared to evaluate their performance
under the same environment and conditions to provide useful information for theJusérez
and Seco (201&omparedhelocalizationandrangemeasuremergerformanceof BeSpoon and
Decawave products undéoth line-of-sight and nonline-of-sight conditiors. To conductan
experimentunder lineof-sight condition an outdoor environmenwithout any obstaclesvas
chosen and for nonline-of-sight conditions,another experiment was conductedan indoor
laboratorywith presencef walls, furniture,and humasas obstacle§ her findings indicatedhat
the ranging errors irboth line-of-sight and nonline-of-sight conditiors for BeSpoonare larger
thanthose forDecawave Moreover the performancef Decawavean positioning is better than
BeSpoon.Theyfoundthatoperatingooth systemsimultaneouslyvould havea negative effect on
each system due to signialerferencecausingncreased noise in range measuremevitseover,

in theDecawave systencommunicatiorbetweensomenodeswasdisrupted

They alsoexpanded their workn Ruiz and Granja (2017¢omparingthe performance of
three UWB systenproducts includingDecaWave, Ubisense and BeSpoonder the same
conditionsin anindustrylike environment They demonstrate that in a realjob sitewherenon
line-of-sight conditiors exist, Decawavehad superior performande BeSpoonand Ubisensen
termsof accuracy and outlier§loreover Ubisenséhad thepooresiperformanceamong thehree
Schjgrring et al. (20229ummarizd the findings ofrecent research papesich appliedUWB
commercial productscross differentpplications Pertinent details regarding eacltonducted
experimentandits outcomesvereprovided encompassinghe experimendl area,the number of
receivers usedhe heights of the tags, a@®/3D localizationaccuracy
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b)

Figure2-10. Sampls of different UWB commercialproducts a) Ubiserse, b) BeSpoon and c)
DecaWavdgRuiz & Granja, 2017)

Shahi et al. (2012)nplemented different experiments to evaluate the performance of UWB
technology based on occlusions, location dependency and time duraii@oan construction
sites for material tracking and progress report®iddiqui et al. (2019dmplementedhe UWB
systemin outdoor construction siteshighlighted different factors affecting the system and
concludedwith practicalguiddines for its implementatioron sites. In this study factoraffecting
the UWB system are categorized basedlifierent aspects including thgpe of UWB system
(e.g., wired or wireless)tag type and its setting.Q., $ape, update rateaumber oftags), UWB

system settinge(g., number afeceiverscalibrationand measurement quality) and environmaént

36



conditions(e.g., presence of electromagnetic devices eio frequency noises, matesaif
objecs existedwithin the environment anlihe-of-sight conditions).Following the experiments,
they emphasizettheimportance ofinalyzing th&JWB systenduringthe planningphasedo ensure
high-quality installationat construction sitesTheimportance of collaborain with teamentities
and sitemanagers$o achie\e optimalperformancdrom the systemvas highlightedFurther they
indicated that increasinthe numberof receiverscould increasethe possibility of line-of-sight
conditiors between tags and receivers improving localization accuracy Finally, they
recommendedhtegrating additionatiata collection soursesuch ascamerabasedand computer

vision technique$o enhance gbctlocalizationperformance

Maalek and Sadeghpour (20k@)nductedh seriesof experiments taeterminetheimpact
of severafactors on the accuracy tife UWB system iranindoor environment with static tracked
elements. These factors are ¢Bar line-of-sight condition (2) presence of metiéd elements in
the tesng area (3) signal blockage by elemen{d) metallic tracked element) the utilization
of timing cablesand AOA measurement(6) the numberof installed tagsvithin thetesing area
(7) the number ofactive UWB receivers.Another study by Umer and Siddiqui (2020)vas
conductedo assesshe 2Dand 3D localizationperformanceof the UWB systemin an outdoor
environment Several experiments wem@rried outfocusing on (1) the number of tags the
testing area(2) thelocations of receivers (3) statimddynamic tags (4the utilization ofTDOA-
AOA and AOA measurements onlyhey concluded thactivatingall tagsin the experimerat
areadegradedUWB localization performance Moreover using only AOA measuremenfor
localization decreasethes y s t e mé s Thayolservedhatgensomplacemerd impactthe
systensaccuracyTo reach optimgberformancehey suggestetihe followingitems: (1)instaling
the receivers outside the experinardrea boundary(2) adjustingthe placement of receivers
according tachanges in theondition of the construction site during lifecycle, (3) placing the
receivers at the highest possible locatiand(4) attaching the tags on the topticked resources

to maintaindirectline-of-sightwith receivers.

The exploration of optimized UWB receiver installation is one of the key research directions
(Liu et al., 2022)Yao et al. (2021investigatedhe effect of receiver positions on tag localization
accuracyandprovided insighd into the underlying reaseifior this effect Sincethe estimation of
atagd s | oschased othemeasured distances betweabkatag and its receiverije positions
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of installed receiverssignificantly affectlocalization accuracy Different experiments were
conductedo assess thenpact ofreceiverplacements on 2D and 3D localization ernamglerboth

line-of-sight and no+line-of-sight conditions.

For reattime trackingof moving resources harshconstruction siteSCheng et al. (2011)
carried outseveralexperimentson three outdoor sitedn these experiment®JWB tags with
different frequenciebetween 1 Hz and 68z wereattachedo the labormaterialsand equipment
It was recorded thahe average error othe tagswas between 0.36 meter@nd 1.82 meters
depending on the type of construction site and the frequency of ti&hiagt al. (2010¢valuated
the performance adn untetheredJWB system for trackingissets in indoosites in both static
and dynamic modeof tags They conducted different experimertsevaluatehe accuracy of
statictags at different height® variousindoor environmentssuch aswood and stediramed
buildings In their experiments, the localization accuracy of tags improved at elevated positions
due to better lin®f-sight with the receivers, compared to when the tags were pécgdund
level. In addition, an experiment was conducted in the furnished office lab to examine whether

human traffic andlevicescouldinterfere withUWB signals

Shahi et al. (2013bmplementedthe UWB systemfor progress tracking of activities in
indoorjob sites. In an area filled with MEP componentkey trackdpipelinerelatedactivitiesin
3D by attachingUWB tagsto pipelines Many research studies have investigatieel application
of the UWB system in construction sites as depictélchinie2-5. However, many of these studies
have applied the UWB system in laboratory tests and outdoor field areas, which may not have the
actual challenges in complex indoor environments where many occlusions and objects are present
in limited spacesConsequentlythe application of the UWB system in real indeavironments
requires furtheconsideratiorio assess its performance in such scenarios and @tbas RTLS
technologies can be integrated with the UWB systenoliggctlocalization to save cost and time
in construction project¢Xia et al., 2010) however, it may affect the localization accuracy
(Bardareh & Moselhi, 2022)

The integration of RTLS with visikh ased technol ogies enhance:c
efficiency in construction sites by reducing data loss and inaccuracies that are derived from using
a single technology for data acquisiti@kanayake et al., 2021; Soltani et al., 2088)tani et al.
(2018)introduced a data fusion framework that utilizes GPS, calibrated cameras, and computer
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vision techniques tocomputethe 3D pose ofan excavator in a construction field for improving

productivity and safetyCai and Cai (202Q)resented a hybrid method that uses calibrated cameras

and Faster FCNN along with BLE technology to accuratelgtect and track workers in 3D for

safety monitoringRafiee et al. (2013)roposed a data fusion model using a BIM model, a single

fixed surveillance camera and a UWB system to detect and localize persons for enhancing security

in indoor sites. In this modgthe KNN algorithm was used to timely identify intruders and their

location among verified individualShahi et al. (2015implemented a 3D object recognition

mo d e | and a U wB

system

to

faci

|l itate t he i

including piping by providing comprehensive information from visi@sed and positioning

technologies.

Table2-5. Summary othe lesearclstudies thattilized the UWBsystem inconstruction

projects
Tag Testarea Accuracy
Status type (m)
Indoor/  Tagged uwB UwB Research Limitations
Study  Method Outdoor object D* S* Lab Field 2D 3D  Product Technique
(Zhang etal. UWB Indoor Test a a a a - 04* N.A N.A 1. Indoor experiments were
2020) and points, 0.45 conducted in lab settings, not in
Outdoor Vehicles, congested and occluded
and environments.

Workers 2. Tags were nattached to
challenging materials like metal in
indoor environments.

3. 2D Accuracy was not reported.
4. Significant data loss occurred.
(Umer& UWB Outdoor Testpointt & & & - 0.18 0.32 Ubisense TDOA and 1. Only labexperiments under ideal
Siddiqui, 1.99 2.65 AOA  conditions were performed.
2020) 2. Localization in indoor environmel
was not considered.
3. Tags were not attached to actual
objects existed in job sites.
4. The wired UWB system is not
practical in congested indoor
environments.
(Shamsollah UWB  Indoor Testpoints - & & - - 0.05 Decawave TOF 1. Experiments were conducted in |
et al., 2023) 0.13 (Qorvo) settings under ideal LOS conditions
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2. 2D accuracy was not reported.
3. Tags were not attached to
challengingobjects.
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(Siddiqui et
al., 2019)

(Bardareh & UWB- Indoor Test points &
Moselhi, RFID
2022)
(Xiaetal., UWB- Indoor Test points &
2010) GPS and
Human
(Jinetal., UWB Indoor Testpoints &
2019)

UWB Outdoor Equipmeni &

an

an

an

an

an

a

0.13
1.37

0.52 1.15 Decawave

0.10 0.15 Decawave
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Ubisense

(Qorvo)

AOA

TOF

4. A limited number of experiments
were conducted under restricted
conditions.

1. The UWB system for 3D
localization was not considered.

2. It was applied in anutdoor
environment with fewer obstruction:
than indoor.

3. Challenging conditions where
obstructions between tags and
receivers occur were not addressec
4. Calibration and sensor placemer
issues occurred.

5. Tags were attached to only one
component, not across different are
of the site.

1. Experiments conducted only in le
settings under ideal conditions.

2. Tags were not attached to
challenging objects.

3. Limited experiments under
restricted conditions were performe
4. System implementation is
complex.

5. Tag placements at various heigh
were not explored.

6. RFID tags are susceptible to
multipath effects.

O1 Ubisense TDOA and 1. Tags were not attached to actual

0.20

(Qorvo)

AOA

TOF

objects.

2. The wired UWB system is not
practical in congested indoor
environments.

3. Indoor field environmentserenot
obstructed.

4. Experienced calibration difficulty.
5. Significant data loss occurred.

1. Only indoor lab experiments wer:
conducted, and the system was not
applied under real conditions.

2. Tags at different heights or
positions were not considered.

3. All static experiments were
conducted under LOS conditions ot
limited NLOS conditions with few
obstacles.

4. Tags were not attached to actual
objects.



Q

(Shahietal., UWB Indoor Pipesand - & a4 0.0 010 Ubisense TDOA and 1. The wired UWB system is not
2013) Ducts 0.10 0.15 AOA  practical in congested indoor
environments.
2. Error analysis for tags at various
locations was not conducted.
3. Errors associated with tags at
different construction stages were
reported.
4. Effect of NLOS conditions and
multipath on tags were not providec
(Zhang etal. UWB Outdoor Crane & & & - - 0.25 Ubisense TDOA and 1. The wired UWBsystem is not
2012) 0.30 AOA  practical in congested indoor
environments.
2. The indoor environment was not
investigated.
3. The outdoor site was not a real
construction field and was not
occluded.

Note:D = Dynamic,S = Static

To selectthe appropriate RTLS typdor each project based onspecific application
construction site characteristiemd type of tracked resourcet is crucial to understand each
systembs capabi WwhictharedetiledinTdble-6. mi t at i ons

Table2-6. Capabilities antimitations ofRTLS technologies.

Technology Capabilities Limitations References

RFID (1) Noline-of-sight requirement (1) Additional iag maintenanceost (Moselhi et al.,
(2) Economica (2) Low accuracyin 3D localization 2020; Omar &
(3) Eay tag installation (3) Difficulties in calibration Nehdi, 2016; Song

et al., 2006; Wang
etal., 2021; Yao et
al., 2021; Zhang et

(4) Suppors ahigh number ofags (4) Limited range
(5) Weak antiinterferencecapability

(6) Not fully automated

al., 2020)
uwB (1) Longer reathg range than (1) High cost (Chong et al.,
other technologies (2) Calibration difficulties 2023; Moselhi et
(2) Applicable inbothindoor and  (3) Tagging difficulties al., 2020; Omar &
outdoor construction (4) Limited range innonline-of-sight ~ '\eNdi,2016;
.. Zhang et al., 2020)
conditions

41



3)

High positioning accuracy in
2D and 3Dplanes

(5) Necessity for httery replacement

(6) Occurrence of nsising data

(4) Resistance tMultipath effecs
(5) Anti-interference capability
Bluetooth (1) Economical (1) Signalssusceptibility taobstacles  (Moselhi et al.,
(2) Low-energyconsumption (2) Limited coverage range 2020; Yao et al.,
(3) Easy to link with otler (3) Weak antiinterferencecapability ~ 2021; Zhang etal.,
technologies and devices (4) Low accuracy 2020)
(5) Signal strengtliluctuations
GPS (1) Globally accessible (1) Requiresaclearline-of-sight (Moselhi et al.,
(2) Precise positioning (2) Limited to outdoorocations 2020; Omar &
(3) Simpleinstallationprocess (3) Not economicafor large-scale Nehdi, 2016;
(4) Costeffective projects Pradhananga &
(5) Minimal computational effort (4) Multipath errorcaused bybstacles Teizer’ 2013,
for data analysis (5) Signd loss occurences Telzer el
2008b)

(6) High maintenance and installation

cost

2.2.3 Application of BIM in Monitoring Construction Sites

Over thelast few yearsthe useof BIM in different phases of constructidms considerably

increasedlue toits capability tosave cost and time in project). Chen et al., 2014£ang et al.,

2016) BIM enables stakeholders develop3D modelsand facilitateshedocumentatiopanalysis

and manageent of constructionrelated informationFurthermore, it improvesommunication

and collaboratiorbetweenteam membergAlizadeh Salehi & Yitmen, 2018)eng et al., 2020;

Ohetal., 2015; Wang & Love, 2012ence, using BIMo monitor construction sites has attracted

many researchers this domain However for constuction projectsmorecomplex systems that

integrateBIM with other technologiearenecessaryo providecomprehensivenformation about

the projedd s

s(Boge etuals 2020)

4D simulation is one of the most commonly used BIM methods for progress monitoring,

which allows project managers to visualiaed compare aglanned and abuilt information
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through semantically enriched 3D models that are linked with project schédlireslehsalehi

& Yitmen, 2016; Braun et al., 2015; Campagifdson & Boton, 2020) Many researclstudies
integrated computer visionalgorithms and 4D BIM for automated construction progress
monitoring (Han & GolparvaiFard, 2015; Kropp et al., 2013a, 2018; Tuttas et al., 2040f)
exampleKropp et al. (2013bjtilized 4D BIM to find information related to the objects associated
with specified activities as well as motion information to do a simple 2D classification. To evaluate
the model, computer vision tasks including HOG features and SVM classifiers vpdies 4p

recognize heating devicesanindoor construction site from image frames.

Integrating BIM with RTLS can improvethe efficiency of monitoring resources in
construction sites and facilitateedecisioamaking process by providing visual informatigimout
tracked resources in a timely manrféang et al., 2016)Chin et al. (2005)ntegrated RFID
technology witha 4D BIM model todeterminethe progress of building components such as
structural elements, curtain walland casin-place concreteHuang et al. (2021)utilized
computer visiontechniquedor activity recognitionand usedRTLS to collectlocation data of
workers ancequipmento obtain information needed about performadjivities Subsequently,
they developeddetailed 4D simulationthat could improve productivty estimation safety,and

progress monitorin@n construction projects

Cloud-based BIM technology is another BIM development that provides opportunities for
users to have access to project progress information irtimeal It is also a coseffective
collaboration tool that enables project entities to share and exchange necessary information
through devices such as tablets and smartphones in different locations. This allows -decision
makers to track the progress, organizeedcihes and apply early corrective actigAssari et al.,

2016; Matthews et al., 2015; Wong et al., 2014)
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Figure2-11. Sample ofntegration of BIM, RTLS andloud-basedsystem(Fang et al., 2016)

Deng et al. (2020¥leveloped a method using computer vision and BIM to automatically

measure andisualize the progress status of tiles. Computer vision techniques includirsphBP

SVM classifier were used to identify tiles and the improved edge detection algorithm was applied

to extract boundaries of the installed tiles from images. By usangera calibration and BIM

model information the real tile area was calculated and the results were transferred to the BIM

cloud platform for progress visualization.

Moreover other integrated systems using BIM and computer vision techniques have the

potential to support progress monitoring systevfisg and Lee (2019leveloped an automated

framework that creates -&s BIM elements using images taken from construction dileask R

CNN, a deep learningased object recognition algorithm were applied to detect and segment
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walls, doors, andifts from images. After the segmentation task, the mask boundaries of detected

objects were extracted to generate surface geometries and construct IFC building objects.

As mentioned in this section many studies used BIM models with different technologies to
facilitate monitoring in construction sites. Howewé&ere is stilla lack of automated link between
sensor data and BIM models. The application of BINhaconstruction industry can be increased
significantly if it is linked with other devices to provide accesdhelatest information o the
project automaticallyTomasi et al., 2015)Chen et al. (2014highlighted the importance of
ADynami c Bl Mereakimé acburate tlatarderived from sensorgduresentthe
projectbds current st at eat theoright taemp.pThey idevgloped ac e s s a
frameworkto link datafrom temperature sensoto the BIM model for enhanag the facility
management systefNatephra and Motamedi (201@@veloped a framework using BIM, sensors,
and virtual reality to visualize and analyze indoor thermal conditions such as humidity,
temperature, and light intensity in reahe. Teizer et al. (201 7A)tilized BLE sensors amaicloud

basedlatform to enrictheBIM model withrealt i me dat a f or monitoring

2.3 Summary and Conclusions

In this chapter, recent studiea automated monitoring and reportiajconstruction sitesising
new technologiewere investigatedlheapplicatiors of computer vision techniques, RTLBIM

and integratedystens werereviewed In summary, Bhough earlier works have demonstrated the
potential of new technologiesand methodsfor automated progress monitoring, significant
knowledge gaps still exist e followingthreedomains

1 Digital imagingand object recognition algorithms:

Previous studies have mainly focusetbutdoorsite elementsresulting in rich datasets for
automated progress monitoring systerd®wever, in outdoorenvironments factors such as
visibility, occlusion, and lighting conditions agenerallybettercompared tahose inindoor
environmentsPoorlighting conditions andhigh levels ofocclusionand clutter degeein indoor
environments have negatifects on object recognition performant¢#ence, the developed

modelsfor outdoorconstructiorsites may not be adaptable to complex indoor environments.
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Object recognition in indoor sites is often limited to basic shapes and negbecfdex
elementandspecific challenges of thesavironmentsAdditionally, theunavailability ofenough
real imagesfrom indoor elementdor training deep learning modeistensifiesthis problem
Consequently this necessitates an -mhepth investigation into complicated and detailed
componentgxistingin indoor environmentAlthougheffortshave been made tweat synthetic
images to enhandhke quality ofconstructiordatases, there is anotable lack in generaiyimages
from complexindoor componentsuch as MEP elementt addition, real scenarios typical in
indoor environments were not adequately represeintesynthetic imagesmaking them less
realistic, which limits the effectiveness of trainidegep learningnodels.Most studies usehigh-
performance physical computing systems for model training and testing which are expensive and

not accessible for everyone.

Finally, althoughdeep learninglgorithmsarecapable of accuratgbjectrecognitionthey
fail to provide precisgeolocations of thee objectswithin construction siteslt is essential to
identify the exact location of tracked components in order to accurately assessstaéiation
progress.

1 RTLS technologies

RTLS providesprecise location information aradunique ID for each element blaicksthe
visual data neededb validatethe proper installation of tracked objects in jobsaes redue
uncertainty in construction operatiomslso, tags can be damaged or detached ftomcked
elements and data loss is possibl&his demandscareful RTLS selectionbased onspecific
applicationrequirementssystemdesignandtheincorporation ocomplementarylata acquisition
techniqueso improve system robustneséanyresearctstudiesusingRTLS havebeen conducted
in laboratoryor outdoor areas, which may no¢presentthe challengeof complex indoor
environmentsin indoor sitespumerousobjects in limited spacesancause signal interferences
for RTLS. Therefore the performanceof RTLS in real indoorenvironmentsrequires further
exploration Additionally, theability of RTLS for accurate 3D localizatiaf challengingobjects

such as metallitemsin highly occludedndoorenvironments was not fully explored.
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1 Integrated methods using vision based and RiEc8niques

Despite the advantages oision-based systemsand RTLS for monitoring tracked
components, a single technology cannot provide the complete information needed to determine the
status of elements on a job sifereview of existing studiedemonstrates the great potential of
integrating technologies to provide comprehensive data from resourcenstruction
environments However, few studies have applied such integrated models using Misised
models and RTLS to enhanttee reliability and accuracy of monitoring systems. These studies
were limited to ideal aaditions where obstacles causing occlusion for vidiased techniques
and creating multipath environments for the RTLS system are significantly less presented as
compared to indoor field environments. Moreover, these integrated methods have not ugkd the f
advantage of each single technology. For example, fixed cameras were utilized in sites which may
fail to monitor all required areas of a construction site where tracked components are located.
Another challenge is the inefficiency of data analysis r®oitheextracting necessary information
from different sources, due their complex computational requiremerasd the need for high
level computing power and resources. Due tos@®hortcomings, decisiemakers may not be
able to obtain theecessarynformation to takeimely actions.

Based onthe identified gaps this studydevelogd a methodfor automatedprogress
monitoring and reporting thatan timelycollect and process data from tracked components to
accuratelyprovide their statusinformation The methodemploys digital imaging, novel deep
learningbasedbject recognitiormlgorithmsandreliable RTLS fotheautomated recognition and
localization oftracked components within challenging environmehtsaddition a model was
developed thatantimely integrate data frorthe object recognition model and RTL& has the
potential todeliver an organized ancbmprehensive repodn the statusof componentsThe

researchmethoalogy and itsmodulesaredetailedin thefollowing chapter.
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CHAPTER 3: RESEARCH METHODOLOGY
3.1 Introduction

This chapteiprovides acomprehensivexplanation of the researchethodologyto accomplish

the objectivesind address problerositlinedin Chaptes 1 and 2 Theresearchmethodologyaims

to support automated progress monitoring and reposiysgemsn indoor job sites during the
constructiorphaselt specificallyfocuses on monitoring complex elements in challenging indoor
environments, particularly MEP components. This area is less explored in current research, which
has mainlyconcentrate@n outdoor or simpler indoor settinghe overview of the methotbgy

is depictedn Figure3-1.

Scope of the proposed framework

Construction Phase
|

Indoor Environments

l

Progress Monitoring

Object Recognition Object Localization

Digital Imaging and Deep Learning RTLS - UWB system
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Actual Status of

I
[
[
I
[
[
I
[
[
I
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Integrated Object :
1
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[
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[
Tracked Elements :

Progress
Estimation & Scheduling

Figure3-1. Overview of theresearch methodology
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The developed methaghcompasses three manodules

1) Object recognition: which trains deep learnibgsedinstance segmentatioalgorithns to
automatically process imagesbtracked components in indoenvironmens. The outputs of deep
learning moded are 2D images wherein tracked componeats classified, detected, and

segmented.

2) Objectlocalization: which identifies and localizes the corresponding tracked components in
reat i me using the UWB system. l'ts output i s a

location in 3D coordinates and a timestamp.

3) Integrated object recognition and localization: it integrates the outputs of the two previous
modules based on a matching process to automatically generate a comprebposiabout the

status oftracked componenis job sites.The data integration process enables the simultaneous
recognition and localization of objects, which cannot be achieved with a single sbhise.
method can enhance data management from different sources and facilitate understanding the

actual project progress status.

The reasons for selecting these technologies for each module and the novelties of this

research are elaborated in the following sections

3.2 Object RecognitionModule

Existing research on automated recognition in indoor environments typically focuses on simple
shaped objects and neglects real indoor challenges in construction job sites. However, the
recognition of more complex, and detailed elements such as MEP cortgpinehallenging

indoor environments, demands considerable atterifiois.moduleis developedo automatically
recognizeéhesecomponent&ndit consists oflifferentsteps as shown figure3-2. Namely:

1 Imagecollection andabeling

According to the literature, digital camenagre selected for visual data collection in this
research since they are economical, easy tpargkaccessible most construction projectin
addition toreal imagescapturedat construction sites, virtual synthetic imagsesre generated

using BIM modelsimage labeling wathenperformed by selecting and classifyirggions of
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objectsin theimages useih this developmentastly, different mixes of synthetic and real images

werecreatedo find the optimum mixfor model training

1 Modeltrainingand evaluation

Fortheanalysis of images, instance segmentation algorithmschkesersince they are the
mostcomprehensive form adbject recognition modelsThese algorithms areapable of object
classification detection,and segmentation simultaneoudly.additionto detecting objectghey
can apply pixel-wise segmentation for each instance separafEys segmentationallows
predictionsto be appliedspecifically torelevantregionsof instancesproviding more accurate
recognitioncompared taising onlybounding boxesFurthermorethe modeléabilitiesin both
detection and segmentati@are complementary taskthat enhanceoverall performance For
example, in instances with complsixapesvhere segmentation may not be ideal, object detection

can stilllocalizeapproximate aresof instancesisingbounding boxes.

This section'siovelty lies in developing a methodology fahe automated recognition of
complex components ithallenging indoor environmentsincludes generating synthetic images
using BIM models, which closely represent real inde@gnariosncluding lighting conditions,
object complexity and scale, occlusion, clutter, and viewptorgahance datasgize andjuality.
In this researchiwo novel instance segmentation algorithms nameéljask Regiorbased
Convolutional Neural Network (Mask -BRNN) and You Only Look At CoefficienTs++
(YOLACT++) areemployedParticularly YOLACT++ is anovel realtime instancesegmentation
algorithmin constructiordomain It containgdeformable convolutional neural networlersion2
(DCNv2), which enh anrecegnizaibjeats withaliffezeht 3calesapostutes, t y t
rotations, and viewpoints in the imagebhis feature isessentialfor indoor construction

environmentsiue to the variety afomponents with different configurations.

To further enhance threodel®performancen recognizingobjectswith different geometries
and colour conditios) and mitigate overfitting problem, varioukata augmentation techniques
were implemented_astly, different mixes of synthetic and real imagesre createtb determine

theoptimum combination for effectiveodeltraining.
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3.2.1 Image collection and labeling

For automated recognition of trackeljectsusing deep learninglgorithms a dataset containing

a sufficient number of imagdsom objectsof interestis required As aresult, two datasets are
created,one containing real images captured from construciesand the other containing
synthetic imagesSimilar to the recent research conducte@atkhoo (2020)3D BIM models are
utilized togeneratesynthetic imageslhese synthetic images not only can generalize the datasets

but also have the potential to support subsequent processasstruction progress monitoring.

Aut odes k Ruesva &B Ia®Dolfot whe fei neo pf opkbetbes!| di ng
such as shapexndhanecendiiaolesder i ngn s waode cvaH il celd i s
in the Autodesk Revitti nseo fstywatrhee tii scT hismeauy af exgre rcre

i magesrwawiae dth dmddiefriemati ons to i mspmovecogap zl
el ements under different indoor conditions, af
environments. These modifications cover aspec:

l ighting conditionsntaswtweth asecamachalietvpt

Samples of theseFiigB&gees are shown in
The considermbdohscdbronsmagee as foll ows.

T Lighting conditions: ' ighting adjustments we
sources including artificial and natur al [ i
model s. The purpose was to cteatbaatmagesfwout
indoor environments. Additionally, by changi

and reflections on the objects were also alt

T Complexity of components: this included char
in the iIimages. This encompasses I mages with
and piping. For instance, some I mpgee whnt @i

others encompass the entire complex networKk.

this factor as wel |
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Next, combinations of real and synthetic imagesre exploredto create highguality image

datasetsand overcome the lack of available real imafpedraining deep learning modelShe

advantages afeterminng the optimum combination of real and synthetic image$e training

set include

1 Optimal modelperformance identification: this process facilistientifying the model's

peak performanctr implementation in construction projects and works as a benchmark

for future model implementations

1 Enhanced efficiency in data collection: thtsategyimprovesthe image collection process

by reducing the time and cost of generating synthetic imagésollecting proper real

imagesthrough construction site visits and extensive web searches.

f Minimized data annotation effort: it can reduce manual annotation effort, which is time

consuming and costly, while still achieving comparable results.
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(E)

Figure3-3. Generated synthetic images under different conditions: (a) Lighting condition; (b)

Complexity level; (c) Scale level; (d) Occlusion degree; (e) Viewpeiusl (Shamsollahi et al.
2024)
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Consequentlyeight different training datasets using both synthetic and real images were
evaluatedo find the optimum mixor effective model training~or these datasets, the number of
real images was fixed, but the proportion of synthetic images was altered from 60% to 25% to the
total imagesln the final stepimages within the datasets were labelsthgVGG Image Annotator
(VIA) web tool and labeling filesvere exported in JSON format favlask R-CNN and COCO
format for YOLACT++. In this research, polygon labeling was applied to images, and each
objectdés boundary was meticulously determine
compared to boundgbox annotation, despite being more laborious. First, the predicted masks
become accurat e, closely aligning with the ob
employed for complex scenarios such as MEP networks, where components withiwibri net
can be identified as separate objects based on criteria such as major joints, material, component
intersection or semantic distinctions. Consequently, the model successfully recognizes these
objects as distinct components. This labeling strategy eaadjusted to be either more detailed

and precise or more generalized, depending on project demands.

3.2.2 Model Training

According to thearmatseegdpteat e raldpagmhidisanmer i or

perf oranmammgar e d td eatbadsedgoniemefeotr haut omat ed

recognition of tracked materialbBaséeéedoomodeépinrn
net woeks sétehestbesdbBlashkCNN He et ,at wopt 8deyd)y i t hm
and You Only Look At Cd@&8fofiyai e/mT siaig.e(SBORYDE T + +h
wer e sedwaltweat @asb ot hgfogrptalnjsec.t recognition

To minimize the overfitting penerdiizatmmimin a nd t
recognizing instances with varying visual attributes (Liu et al. 20diffgrent sets of image
augmentation techniques were implemented during the traiofngpoth algorithms The
augmentation techniques encompass geometric transformations such as flips, mirrors, and
rotations as well ascolor transformationssuch as brightness and contra@eometric
transformations were utilized to adapt the model to diffegeaimetry and spatial alternatiyes
while color transformationsvere applied ta mpr ove t he model 6s recogn
lighting and color conditiondMoreover to furtherenhance he model 6s per f or mar

initiating training from théase level for learning image featu(disth & Behzadan, 2020; Zheng
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et al., 2020})ransfer learning was appli@d bothalgorithms

MaskCNN and YOLACT++ wer e ibnapsleednesd rewdi cuessi,n
several advanfTagesge 1 ndcdhoardsdomadegss to | arge in
deep |l earning model as well as resources such
the training and testing of the model .npMdr eov
data with theemobeeheaddf eldoisshp eh@aitrfdiwa rhei gaghnd s o f
I n this study, Google Drive was used to stor
Col aboratory (ptoavwaitshigoan )T & Wl0d&®H]L P@EABOGPU and Py

3.2.2.1 Mask R-CNN Network Architecture

Mask RCNN is one of the foundational algorithms in the instance segmentation fieldaurit is
extension othe Faster RCNN modelwhich is a object detection algorithnin Mask RCNN, as
compared to Faste-BNN, a mask prediction branch is added to the prediction network in parallel
with the classification and localizatiobranches The detailof Mask RCNN architecture is

depicted inFigure3-4.

Image Region Proposal FCN
Auvgmentation  packhone Nm“mrk Mmk
network: : softmax
oW ot - ] | "
Re sN-. t__l_i_l_l_ F‘ PN < bhox e I rnpotmle FC layers
e B FC Ia‘ ers wﬂmu (alcgnn

H layers

¥ Feature Maps ;
I l'lh'U‘i e}
5 ( oordin ates

............... ROI .4.Iugn.

Three branches

Figure3-4. Mask RCNN networkarchitecture(Shamsollahi et al., 2021)

The modeb architecturecomprises aonvolutional backbone netwobkased orResNet
101 and Feature Pyramid Network (FRPf@y extractingfeature maps frortheinputimages. The
feature maps arsubsequentlypassednto the Region Proposal Network (RPN) teeneratehe

Regions of Interest (Rol§)r the head networlAlso, the Mask RCNN is utilizing a quantization
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free layer, called Rol Align for extracting predefined size feature maps from eadn R head
network, three parallel branchesexist for classification, bounding box regressiand mask
prediction.Fully connected layerare used fopbject classification and bounding box regression
for each Rol In parallel aseparate branch uses a fully convolutional network (FCyedict

masksfor each Rol andlassifies each pixein the imageo a predefinedbjectclass

The total loss functionin the Mask RCNN modelis the sumof classification lossthe
boundingbox regressionloss and the mask lossThe classification and bounding box loss
functiors arethesameasthe ones utilizeth the Faster RCNN model(Girshick, 2015)these loss
functions quantifythe classification and detection ersmf the model. Iraddition,the Mask loss

measures pixdevel classification errowhich is described ifle et al. (2017)

Trainingthe Mask KCNN i s based on t he NAbdulag\, pOAH) t 6 s
using the opesource libraries Keras and Tensorflohhe model trainingvas initialized by
utilizing pretrained weights on the MS COCO dataden et al., 2014Yyather than training the
model from scratch

The following hyperparameters were selected for training the model, as they achieved optimal
performance after tuning amdaluating various values for ea@sample of trialss provided in
Appendix D) (1) batch size = 2, (2) weight decay = 0.0001,|€3yning rate = 0.001, and (4)
epoch = 90.

Different sets of image augmentation techniques such as HorizontaNElical Flip,
Rotation, Gaussian Blur and Brightness are investigated to create modified copies of the existing
data. Details of this investigation are provided able3-1. Samples ofoutputimagesgenerated
by these techniquesredepictedn Figure3-5. The imgaudibrary (Jung et al., 2020)as utilized
to augment images during model trainimbe effect of augmentation techniquedueisk RCNN

performance was examined using two modete trained withthese techniquesndonewithout.

Table3-1. Dataaugmentatiortechniques aneelectedparameters foMask RCNN training.

Data Augmentation Technique Parameters

Flip Horizontal & Vertical
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Rotation One of &=290A, 180/

Brightness (Multiply) (Adding value)
(0.8,1.5)
Image smoothing (Gaussian blui (G value of Gaussi
(0.0,5.0)
Horizontal Flip Rotation

Original

Multiply Gaussian Blur

e

.

Figure3-5. Sampls of applied dataaugmentatiortechniques

3.2.2.2 YOLACT++ Network Architecture

YOLACT++ -gtsa@e oinest ance segmentation algorithr
segmenting oMjuadtid ywintale mBiodglya etl tali.s, a2n0 20Xt e
version o(fBorlOLaACelwi ah. se2@t9) i mprovements. Tl

consists of a backbone net wor k, Protonet

, and

Res NEd /(HE1 et and ,FIRNN16e)tf at .fedDai7ge extractio

prediction for each instance within the

(1) gekprationgpe masks via Protonet and

i mage

(2)

prediction head. Pfotltotymagmasksatare geapsr wbi
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i ndi vidual i nstances. Hence, mask coefficient

instances in the prototype with each detected

To pripduwcteot y,pet hmea sPkrsot olkcehta,n nae IFSCN,n wihteh | ast
to the networKk. It receives |1 mage Ptleaytarr,e amd
then applies ups agqupdli intgy tmr ecdriecateed hmagshk s and
performance when dealing with small objects.
of three parallel br anc hge sboxorr eogorjeescsti ocnl ,a sasn df
predicti on & Bilhaey eorust pout s hoef FPN. The predicti
and consists of a 3*3 convolutional | ayer use:

within each branch to enable faster predictio

The first t wo branchekassi theahead nedwbbpkn.

tasks. The t hikma sclboreafnfcihc igeenntesr,a teeasc hkpmat ol iympeg sv
from the Protonet. FastcoNMSEdewaseudetletbi sred e
t hreshol ds. Next, in the mask assembly proces
were | inear !l y ¢ ongouanleidt yt nop sgkedniecrffaestdec lheiagrh pr edi
that are out of the bounding box ar egpearad ifoint
was applied to the final mas Kk s . During the tr
bounding boxes, while during testing, t he pre

thresholding was appliedotoeltdet cwhippedompe eslh
final mask for each instance in the i mage.

YOLACT++ enhances YOLACT with some improvements. Fast MasE&wing is added
with six convolutional layers after mask cropping. This improves segmentation reliability by
realigning the classification confidence with the accuracy of the predicted m&iKs2[zhu et
al., 2019)was also included in the ResNet architectwoere convolutional layers of 3*3
dimensions in stages C3 to C5 are exchanged with deformable convolution layers of the same
dimensions. Unlike standard convolution that use fixed grid structure, (M@Net al., 2017)
employs 2D offsets, allowing flexible and irregular sampling grids depending on input feature
maps, as depicted Figure3-6. This improves the network adaptability to address instances with

varying sizes, postures, and viewpoints leading to improved prediction performance. The
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prediction head was also optimized by variations in anchor configurations, specifically scales, and
sets of aspect ratioshe architecture of YOLACT++ is illustrated gure3-7.

Deformable Convolution

Standard Convolution

Input Feature Map Output Feature Map

Figure3-6. 3*3 Standard and deformable convolution architec{8teamsollahi et al. 2024)
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Mask re=scoring
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Assembly

;—r Fast NMS '—t Threshold

h

Mask
—

Three branches

Protonet .

Output: K Prototypes """ .

Figure3-7. YOLACT++ networkarchitecture(Shamsollahi et al. 2024)

As YOLACT++ performs multiple tasks, three
classificatiom)schoarfi dbepheet | obasgilfhbxc atoirono,b jhbecc
| ocalization Lasu dcd sacardi. bneadd @iy Xd 09 ( nst ance seg
out |l i(nBeodl yian et TBhe  mAdKI0§s Lrotwiails |doesfsi nfeudn catsi of n

Utotal = | cisVels T 1 boxUbox T 1 maskUmask (1

The weight of each | ors,S¥pofxu &madwiotnh ivsa |lrueepsr eosfe
and 6.125 respectively, a(sBaslpyeaid.ti dahsk,m i2xhed0 )Y (
|l evel Dbinary cross entropMy dMBCEgQr ben dvéginu tph eai

was calcul ated as shown:

6 B ( 2

The YOLACT++ model was buil't based on Dbol
using the Pytorch framewo(Raszke et al., 2019ResNetc0 and FPN were used as the backbone
network. The hyperparameters for training the model were set as the epochs of 90 and 116, batch
sizes of 4 and 8, a learning rate of 0.001, momentum at 0.9, weight decay of 0.0005, and gamma
at0.1.
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The aspect ratios were set at [ 1, 1/ 2, 2] e
as a standard object recognition benchmar k.
prototype masks tkdt grB8t 6t yB8s pwael set and 3 2.
masks devel oped by tFieg38reowlheared yelel aw pc lt®rds
val ues, whi | e Dbl(uBeo |syiag neitfftya |l toywee®r 8 Poénje sl ear ni ng
applied-tusaimgdpmwei ght s dretnlge eltmad e Ne t2 0dladt)a s e

[
D

Original Images

Protonet Outputs

Figure3-8. Original images and the Protonet outp@bsamsollahi et al. 2024)

Theatdd augment atuit @ hfiotredthmad ignitessg | orOd A@i t h t |
par ameter s, Tab3elihnec Isiedeedc tiimn of th&8séyneehnay
(2020) and Llitu ientcolbubdxe sf 28@da6) or mati ons such as
l'ighting noi se, hue, asngleapmebhanoeltyaanastosmatirc
resi ze, flip, mirrdhgesaenteehkhpiagudes ewdmne quep!l ¢

Pyt or cH Plaiskzrkaer vySamdl.egs 20fl19t)hese FegdThheques ar

Table3-2. Applied data augmentation techniques, their parameters, and values.

Augmentation Techniqut Parameters Values
Saturation (Adding Value) (0.5,1.5)
Hue (Adding Value) (-18,18)
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Brightness (Adding Value) (-32,32)
Contrast (Adding Value) (0.5,1.5)
Lighting noise Channel Permutation (0, 1, 2), (0, 2, 1), (1, O, 2), (1, @),
(2,0,1), (2,1,0)
Sample Crop Crop Size Range (0.3, 1) of Image Width x Height
loU Range [None, 0.1, 0.3, 0.7, 0.9]
Expand Expansion Ratio Range (1,4)
Mirror Horizontal -
Flip Horizontal -
Rotation Rotation angle 90,180,270
Original Tmage Expand Flip Crop Brightness Contrast Lighting Noise Hue

=

E-?H’F—T-?-*-
gy |

__ B rry M

Figure3-9. Sample of applied data augmentation techniqueth&YOLACT++ model
(Shamsollahi et al. 2024)

Overall, YOLACT++ offers a number of advantages that are appropriate for this research.
First, YOLACT++ containsDCNv2 whiche nhance the model 6s ability

varying sizes, poses, rotations and viewpoints. This featudeeligful in cluttered indoor
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environmentsvherebuilding components can appear in numerous shapes and Sealesdlit is
effective inhandlingsmall objects which is the limitatioosf many object recognition algorithms
like Mask RCNN and YOLO(Pal and Hsieh 2021; Yang et al. 2020his is a great advantage
for indoor environment since there are many sisedlled objects in indoor sitésastly, acording

to Bolya et al. (2020), YOLACT++ is the first retiine instance segmentation model capable of
predicting at 30 frames per second (FPS) as ewluat the MS COCO test datas&thile many
reattime object detection algorithmexist, such as YOLOand SSD, however fomstance
segmentatiorachievingreaktime predictionis more challengingSpeed is @& important factor
when integrating object recognition maosl&ith monitoring and reporting systems to ensure

timely delivery of information to project managers.

3.2.3 Model Evaluation

Precision Recall and Flscorewere selected athree performance metrics to evaluatke
performancef the object recognition model®recision icalculatedas the ratio oTruePositives
(TP)to the total positive predictionscluding TP and False Positives (FRgcall iscalculated as
the ratio of TP to the totalactualpositive samples in the datagstiuding TP and~alse Negative

(FN). The precisionrecalland Ftscoreformulas are as follows:

Y

01 QoQi ,,"ﬁs’—;:gﬁ (3)

~

“Yo

YQU)U)W (4)

01 QOQIYBBE®D A &

@108 Qe T oiv@ G o & o )
Precision identifies how many of the model 0
model 6s ability in finding t r(Readllaetalsd020jzZhaegs of

& Zhang, 2021)In the context obbject recognition algorithms, mean Average Precision (mAP)
is a metric that is used to evaluate the performanbewfiding box and mask predictions across
all object classedt is calculated baseahthe mean o&verage precision valuasrossall classes.
According tothe Pascal VOC201@012benchmarksfor agiven Intersection over Union (loU)
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threshold, ARs calculatedas the area under the precisi@gall curvewhich ranges fron® to 1
(Everingham et al., 2012; Padilla et al., 2020AP is calculated as follows
a6 0

P o
- (O V)
V)]

(6)
whereAP; equalsthe average precision 6 object class and N represents the total number
of object classesonsideredor evaluation. More informatioaboutthe calculation of AP can be
found inPadilla et al. (2020)
For calculatingboth mask mean Average Precision (ni&f) and bounding boxmean
Average Precision (mAP™), Equation6 is utilized with a key differencéor mAP™k Mask loU
is measured based on the overlap between the predicted segmented mask and the adfaal mask
mAP** loU measuremeris based orhe overlap ofthe predicted and actual bounding boxes.
More details about the difference between Mask loU and Box loU are depi¢temire3-10.

Box IoU =

Mask IoU =

(b) l

Figure3-10. Box loU and mask loShamsollahi et al. 2024)
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3.3 Object Localization Module

This section focuses onthe localization and identificationof static materials inan indoor
environment.According to the literature, the UWB system was selected aRThS for this
moduledue to its high accuracy in 2D and 3D localization in indaorironmentsThis system
has two main advantages including high multipath resolution anensatierence potential
(Zhang et al., 2020)which makes it an appropriate solution fwemplex high multipath

construction environments.

This research aims twvaluatethe UWB syster@ performancewithin indoor construction
environmers for supporting automated progress monitoring and repoifigyious studietave
implemented the UWB system indoor laboratory areas ounderideal conditionsin contrast,
this researchin addition to laboratory experimentsonsiderschallenges of actuaindoor
environments includingnultipatheffects, signal blockagandocclusions The study focuses on
the 2D/3D localization of challenging objects such as metdli® component®cated at various
positions and heights within indoor environmetdditionally, it identifiesfactors that can affect

t he UWB syst e thibsghinmeoriabaratorgenad fieldexperiments

3.3.1 The UWB System

The UWB system consists of three main components, namely:

0] UWB tags, which are attached to tracked elements to identify them with their specific
ID and location in the site

(i) Receivers, which are installed in fixed places around tharest

(i)  Software installed on a laptop for reahe data recording and visualization.

Figure3-11 demonstratethe stepsequired forobjectlocalizationusing the UWB system
In the first stepit is importantto identify theinstallationrequirements othe UWB systemsuch
as the distance between receivers and walls or ceilinggext, a layout for the placement of
receiversneed to be designed This layout should considetifferent factors related to the
conditiors of the specifictest areancludingthe presencef obstaclesandthelocationsof tracked

objects.
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The number of receivers determined according to the layout design. It is needed to install
the receivers properly in their predefined locations since the accuracy of the UWB system highly
depends on the positions of receivers. According to the type and quantity of the &lachkedts
in the selected site, the number of teggdentified. The installation location of tags and receivers
during the construction process can be determined using several approaches. Existing building
drawings, which illustrate the locations of tracleéeiments can be utilized to identify placements.
Moreover, BIM models can simulate various layouts and placements in a 3D environment. These
simulations support optimizing the locations to ensure maximum LOS between receivers and tags
at different stagesf construction. Site visits and consultation with the field managers allow us to
refine these placements by considering site conditions. Another factor for the successful
implementation of the UWB system is adjusting the receivers layout at variousictinststages,
based on congestion levels, accessibility, and the number of tracked elefttewtsing tags on
components can vary depending on the construction stage. For instance, tags may be attached at
the manufacturing company before shipment, upon delivery to the site or at a comfortable height
prior to installation. If the objects are ady installed, it is necessary to reach elements to attach

tags

After activation of tags and receivers within the site, data collection can be initiated using
the software application installed alaptop.The data collection process begins at tigne order
to record the 3D coordinates of the ta@yser gathering sufficient data, the collection is stopped
atb+ et through the software application. Once
automatically be generated. TherepothéfUWB system i s a text file ¢
information induding tag ID, timestamp, 3D coordinates (X, Y, apd range measurements as
depicted inFigure3-12.

It is necessary to measure the true location of eacartdgeceivewithin the site in order
to assess the UWB system's ertaraddition to the statistical analysis of the UWB data points,
the 2D and 3D localization error of each tag is calculated as the Euclidean distance between the
true locatiorof each tag (Xrue, Y True, Z True) @and its average UWB location estimationuesn Y

Mean, Z Mean) Which are described below:

Aoy o TR 1 1 J_L J_L
ATl A = po g L gt Do g~ g (7)

67



W 3 L L A 1 L JL
ATTTR  Hoog =t Hrom mtr  Hrom 3t ®)

To measure the actual locations of tags and receivers, one receiver was setfasetiee
point. The locations of the remaining receivers and tags were measured based on this reference
using ameasuring tape daser distance nasuremwith an accuracy level of within £0.0032 meters.
To ensure the accuracy of measurements, the location measurements were repeated three times
and then averaged. According to flmings presented by Maalek & Sadeghpour (20@3)king
tags on top of components enhances the UWB sy
better LOS with receivers. Therefore, in this study, the preferred location of tags on the tracked
components was on the top. If access to the top of coempavas restricted, the tag would be

placed below the component.
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Figure3-11. Process ofmplementinghe UWB system forobjectlocalization
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Figure3-12. Sample of the UWButputfile.

To evaluatethe UWB system laboratory experiments are conducted in a controlled

environmentwith LOS conditions. These experiments provide important information before the

systemdbds i mpl e me n hdpingtodefina baselinesresthllatipnrequireamerttss
and the layoubf the receiversMoreover,theyv al i date the systemds ha
capabiltesand i denti fy parameters that might affec:

to enhancedunctionality, cost and timesavingsand improve accuracywhenthe system is

deployedn real job sites
Theobjectives of théaboratory experiments are

1 Assessing the impact of tags' heghtThis includes evaluating the impact of tag
pl acements at different heights on the sy
assess the applicability of the system in real construction joh spesifically, when
trackedelementsare placed at different heights. Thedementscan be located at floor

level, either awaiting installation or already instaletlevated heights
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1 Exploring the effect of tag proximity to receivers: It includes assessing the UWB

performance when the tags are located close to the receivers.

Thefield experimentareimplemented o eval uate the UWB system
both LOS and NLOS conditions in realindoor job sites and high multipath environments.

Following are the objectives of tlield experiments

Localizing metallic objects such MEP components indoor environmerst
Assessing thelWB system performance in challenging scenarios sucbragested indoor
environmers filled with metallic objectsvhich can cause signal blockage or reflection.

1 Studying the effect oEOS/NLOS conditions between tags and receivershmsystem
performance.

1 Determining the localization accuracytafys located out of the enclosure area created by
the UWB receivers.
Examining the number of active receivers on localization accuracy.

Assessing the effect of the number of active tagkerJWBIocalization accuracy.

Each generatetUWB reportin a .txt formatwas importedn Google Colaboratory (pro
version) Data cleaning analysisand error assessmentere conductedising Python and its
frameworksincludingNumPy and Pandak data cleaningynneeded information such as range
measurements, receiver positions, and recaoeeceiver distance reportsagfiltered out The
required informationsuch aghe Tag ID, timestamp, and tag location in 3D coordinabess

retainedfor further analysis
332 TheUWB Systemds Configurations

Based on the performance assessmenfinignez and Seco (201&)dRuiz and Granja (2017)
detailed inSection 2.2.2.1 the UWB system from Decawave (Qorvo) achieved better results
compared to other available alternatives. Hence,igwrdsearchthe Trek1000 UWB Evaluation

Kit from this company is used for the localization of tracked elements.

In the Trek1000 unit, the location of each tag is identified by using the trilateration technique
which uses the measured distances between the tag and the receivers. These distances were
measured through the tweay ranging (TWR) ToF technique. The re@w and tags were

powered by portable power banks chargers and universal serial bus (USB) cables. The UWB
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output report was automatically stored to a local computer which is connected to one of the

receivers with a USB cable.

TREK1000 - Decawave

UWB Antenna

USB port

Display

Figure3-13. Trek100tags ande c e i comporsents

Each receiver or tag component consists of a Printed Circuit Board (PCB) containing a
configuration switch and display screen as weklhmasntenna that is fixed on the PCB. Through
the configuration switch, the type of the PCB unit can be configured as a Tag or Receiver. In
addition, the type of the channels (Channel 2: 3.993 GHz or CharthdBS: GHz), data rate (6.8
Mbps or 110 kbps), and unit ID number can be set. After activation of the tag or receiver, the
display screen demonstrates the unit type (tag or receiver) and its corresponding ID Romber.
these experiments, all tags and receivers were set to channel 2: 3.993 GHz MHkbpsldata

rate. The main components of the Trek1000 tags and receivers are deptitendai-13.

Figure 3-14. shows the user interface of the UWB applicatibine actual location of the
receivers in 3D coordinategeeds tde manually entered into the application. The next step
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selectingthe application settings based on the objectofethe experimentdn all experiments
conductedn this researcfthetracking mode waactivatedand autepositioning of receivers was
deactivated. The UWB application displays active tags and recaivéne testing area reat

time. The following recommendations from the manufacturer were considered éxpeements:

Install four receivers in the test area to estimate the locations of taggiar3s.

Install three receivers at the same height level and the fonetiigher, with the maximum
possibledistance.

Locate the receivers in a way to maintain a cleardifrgight with each other

Ensure that all receivers are installed atinimum 15centimeter distance from any wall

:
Toer 7 1 E - o .7 w : s r z 9
Receivers’ 3D Coordinates Tags’ Location Estimation by the System
: = ; 7
[ r4 1] % ¥ z RIS ' AncO Anc1 Anc? Anc3 se?’-'p - &
! Anchor 1D { ' Tag ID/Label ' | ' el i ™
m W () | m {m) | range(m) range(m) range(m) range (m) /{ Confgrotcn | Fior . || G \
| 0 000 000 231 1@ Tg0 4220 3559 1330 (0 oods | 5.606 4302 3165 402 {
-] 1 6.60 0.00 23 2 @ Tagi 1808 1841 1577 [Joa4e ' 2683 5184 6013 4491 B gation Mode:
a 2 6.60 5.40 231 3 @ Tag2 5421 1.766 1562 (] 047 5756 2248 389 6.688
-] 3 0.00 5.40 275 () GeoFencing Mode
[ X} L ¥
L Use Auts - Positioning
eng0 Filtering aptions: None L
Logging disabled Start
Displaying
Receivers, and _
? ®Tg1 @ T2 B show TagHistory 4
Active Tags
Show Tag Table
18 Show Anchor Table
) Shaw Anchor-Tag Correction Table
L el
\ /
R /
Settings

Figure3-14. Userinterface of the UWRpplication

3.4 Integrated Object Recognition and Localization

This section introduces an integratedthod for automated recognition and localization of tracked
components using digital cameras, deep learning moaletsthe UWB system.This method

generatescomprehensive report about the status of tracked components in jobsstadial for
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assessingheir installationprogress|t integrates data derived frofOLACT++ and the UWB

systentfor each tracked element, thantomaticallyreportseacle | e ment 6 s uni que i d
location, visual data and captum@e. The overview of the integrated method is depictdéigure

3-15.

For this methodYOLACT++ was selectedsthedeep learning model due to @apabilities
in recognizing elements under differemsual configuratons Fol | owi ng t he mode
results, each predictathage is stored into distinct folders on the local computer based on its
identified object classAlthoughthe YOLACT++ models selectedotherdeep learningnodels
could also be applietfurthermore, the integrated model is not limited to UWB systems alone and
can be generalized to different typdRd LS.

This method is designed to mitigate the limitations associated with each individual
technique. Specifically, object recognition algorithms, while capables@dgnizingbuilding
elements, fail to providgrecise location informatiof the elementsn construction site
Conversely, RTLSan localize building elementsut lacks thevisual data needed to validate
proper installation in jobsitesConsequently the integrated methodlevelopedin this study
providesvisual and location information about tracksnponents foamore accurate and timely
understanding f t he pr A$ moparédstereviows studes that integrate the vision
based techniques and RTLS, this integrated method is not limited to fixed calibrated cameras with
restricted fields of view and ideal conditions such as minimum obstruction and occlusions within
job sites. Insted it fully utilizes each system capability to capture data from different areas of
construction sites under different conditions. This flexibility is cru@alpgrogress monitoring in

indoor environments where a variety of tracked components are installed throughout the building.

It should be emphasized that the proposed method can be applied at different construction
stages, from initiation to the final stage where all components are installed. However, as indoor
construction progresses, the number of installed components irgreasalting in greater

complexity due to higher obstructions
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Figure3-15. Overview ofthe integrated method

3.4.1 TheIntegrated Model Process

Theintegrated model utilized an automated matching process to match each predicted image with

the UWB data of the corresponding building componEmintegration is based on the alignment

of the fAcaptured timeo as the matching attrib
(Tng and the fidat e t ak e n GmagdnAftereedch sueces$ful matchimga c h i
process, all the required attributes from both sources related to each tracked component are
extracted and gathered into a reportisltimportant to note that, for implementation of the
integrated model, it is necessary to collect images and UWB data simultaneously. In addition, the
tags from the same class could not be activated at once. Instead, once each component is installed
in its location the tag will be activated for image capturing from the corresponding element and
UWB data collection. Once image capturing was completed, the tag would be turned off, removed,
renumbered, and attached to other building component that isbeeirtstalledThis procedure is

repeated for each subsequent component.

As illustrated inFigure3-16, the model works based on three main input files including the
predicted images by YOLACT++, the UWB reports and a list of classified tags where each tag ID
is assigned to a corresponding predefined YOLACT++ class. The matching approach processes
each obgct class individually and only tags and images associated with that class are examined.
After the first class is selected, the first image within the class is identified, and its captured time

is determined. The model then searches the UWB report faimestamp of Tag ID associated
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with the same cl ass. | t | ooks for the c¢cl oses

captured time based on the absolute value of the time difference withisex®@d margin. If a
match is found, the modebllectsthe required attributes from both sources for that element for
the final report. The 98econd margin is considered for the duration the tag remains active for
data collection before it is deactivated. This margin ensures that the data collectionabifvéhe a
tag aligns with the imageacpt ur e ti me and adds a | imit on

UWB report. The margin value is adjustable based on the site conditions or UWB system
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Figure3-16. Steps otheintegratedramework
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Furthermore, the model was considered for an optional complementary solution when no
valid tag ID match is found in the UWB output. During the experiments, a tag can be fixed to the
camera which captures images. If the system failed to find any vali®tegrtesponding to an
i magebs captured time, the camerads | ocation
of the captured image. Following the analysis of all images and UWB datapoints of the same object
class, the process will be repeatdathwhe next object class until the last class has beatyzed
to generate the final report. The report contains required information about the status of each
tracked element. The information from each imagdudesits image name and its path on the
local computer to enable faster access to image, its captured date and time and for the UWB tag
include its specific ID, timestamp and 3D coordinafidsese reports prov@project managers

with timely updates that can facilitate the decision making process.

Accurate visual and 3D location data enable precise tracking of elements at construction
sites which enhances automated construction progress monitoring and reduces errors associated
with manual data collection, correlation and reporting at jobsitessdt iahproves resource
management and minimizes delays by timely identifying installed elements and any
misplacements or incorrect installations. Additionally, the integration process does not require
complex procedures, extensive mathematical computatiwrspecific requirements for image
capturing, such as fixed calibrated cameras. These capabilities make the method easily applicable

in construction projects, reducing manual efforts and the need for professional expertise.

3.5 Summary and Conclusiors

In thischapter, a overview of theresearchmethodologywas elaboratetb achieve the objectives
of this research studin summary the mairpurposeof this studyis the development @method
for automatedatonstruction progresmonitoring systemin indoor environmentsThis method is
capable ofcollecting analyzing and reportingessential information from trackeelements
accurately This helps project managerso identify the current status of the projentd apply
correct decisionsn a timely mannerUnlike most research studies that foaus monitoring
outdoor sites or indoor environmsntinder ideal conditions,this researchhas considered

challenging indoor environmententaining complexelementsnstalled across all the building.

The methodology includghree mairmodules The first module isbject recognitiorwhich
usesdigital imaging and deep learning moddls this moduleMaskR-CNN and YOLACT++
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which aretwo novel instance segmentation algorithweseselected for model trainingnstance
segmentation algorithms are the ma®inprehensivalgorithmsin object recognitiomlomain due
to their capability to perform classification, detection, and mask prediction of instances
simultaneouslyThese algorithms wernsideredo automaticallyobtain visual data from tracked

elementsandrecognizehemfrom imagescollected aindoor jobsites

The second modules object localization wish the UWB system was selected forthe
automateddentification and localization of tracked elements. This system is capable of accurate
2D/3D objectiocalizationin reattime, even in highmultipath indoor environmenti this study
different factorsthat may affect the UWB systeare consideredduring laboratory and field
experimentsThese includenetallic objectsnumber of tags and receivekDS/NLOS conditions,
Tags 06 ,baeThgdstmodule is thintegrated object recognition and localizationyhich
the data derived fronthe YOLACT++ and theUWB systemfor each tracked elemermtre
integratecbased on a matching proceAster the completion of thentegrationprocessa report
is automatically generated a comprehensive arstiructurednanner This reporprovides all the
required information frontrackedelements thatannotbe obtainedirom a single technology.

These three modules are implemented and validat€tapter 4.
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CHAPTER 4: MODEL IMPLEMENTATION and VALIDATION

In this chapter, the performancetbémethod outlined in Chapter 3 is evaluated throuwlifierent
laboratory and fieldexperimentsto determine their applicability for automated progress
monitoring in construction projectsThis chapter is divided into three main sectiofise first
sectionevaluateghe performance of two deep learnibgsednstance segmentatiaigorithms
Mask RCNN and YOLACT++ through differentlatasets and modebnfigurationsThe second
section validates the performance of the UWB systéon object localizationin indoor
environmerg and identifies the factorsthat affect its localization accurackinally, the third
section evaluateghe developed integratedodelin providing comprehensive information about

each tracked objethrougha detailed report.

This research focuses on thiechanical, Electrical, and Plumbif§EP) components such
as HVAC ducts and pipes in indoor construction environsémtmonitor their installation
progress. MERvorks are important indoor activities that can considerably affect project delays
and cost overrunfAkhil & Das, 2019; Shekhar et al., 202MEP systems contain complex
components, such as HVAC ducts and pipes, which are typically installed in confined spaces in
built facilities, often at ceilindevel heights and in close vicinity to architectural and structural
components. The installation thiese systemis difficult and timeconsuming resulting in reworks
and project delay@Korman et al., 2003; Teo et al., 202Bence, efficient monitoring of MEP
activities is essential to timely identify deviations between planned abdilastates, allowing
the implementation of remedial measures prior to costly and complicated rdBosché et al.,
2015; Navon & Shpatnitsky, 20Q5)

4.1 Automated Recognitionof MEP Componentsin Indoor Job Sites.

4.1.1 Overview

To createnigh-quality datasetsboth real andvirtual synthetic images were used foodel
training. Thereal images were manually captured by smartphones at two indoor construction sites,
bothhospital projectsin Montreal, Canada, and in Tehran, Iran. The set of Montreal based images
were collected earlier by Golkhoo (2020). These sites were mostly illuminated by artificial lighting
and in a few cases by indirect natural light. The image resolutions were 3032 and 2448 *
3264 pixels, containing HVAC ducts and pipes wdlifferent shapes, sizes, and orientations.

Virtual synthetic images were also generated using 3D BIM models, containing MEP components.
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Two publicly available 3D BIM models with rich existing elements obtained fronN#tenal
Institute of Building Sciences (NIBS) and Tools (20lwgre used in this study.he synthetic
image sizes were set to higoality resolution with 1920*1080 pixels.

Figure 4-1 demonstrates the two downloaded BIM modmstaining MEP components
These models contain a rich network of HVAC dwstd pipesvith different sizes and shapekh
theBIM model, unneeded componergach adighting fixturesand furniturewvere removed, and
for remaining components, properties such as matgréglificationsvere selectedzor generating
synthetic images, the modifications mentione8antion3.2.1were considered he mages were
generated under differembnditionsincluding variouslighting, complexity, scalepcclusion
clutter, and viewpointsThe Enscape plugiin Revit softwarewas used to generatigeseimages
in reaktime.

Figure4-1. 3D BIM models andheir MEP networks.

4.1.2 Object Recognitionwith Synthetic ImageDatasets

In this section to initially assesghe object recognitiom o d pkerformanceandtheimpact of
data augmentation techniguemly synthetic images were used forodel training For this

purposeonly HVAC ducts were selected to be monitored and selected as the only class.
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A total of 1,143 synthetic imagegeregenerated and used for network training. The dataset
consised of 1,887HVAC duct instancescrossthe images. The training set distribution shows
that from 1,143 images, 56% of images contain only one HVAC duct in each image, 32% have
two ducts, 9% three ducts, 2% four ducts, and 1% five ductsylitBeticmagesvererandomly
selected for testing and validation purposes. The test set data follows nearly the same distribution
of the training; 54% of images havingeohlVAC duct, 44% having two ducts, and 2% having
three ductsAfter data labeling and specifying the regions of HVAC ducts within the isydge
training and testing dataset#th data labeling filswere fed inb the deep learning model.

In this section, Mask FCNN which isa fundamental instance segmentatalgorithmwas
selectedvi t h t he model 6s Seotionf3.2.81uTo assessheingpacofidata e d i n
augmentation techniquest he mode |l 6 stwopesperfmentsrwara coeductdd.the
first experiment (Experiment #1), the model was trained without any data augmentation
techniques, and in the second experiment (Experiment #2), data augmentation techniques were
applied.Details of these techniques atescribed inrable3-1. The results of the experimerdre
summarized ifrable4-1. The performance of Experiment #2 with a precision value of 80.87%
and a mAP score of 90.6% is better than the Experi#temtith aprecision value of 75.08% and
MAP value of 88.69%The F1 score also indicates the same, confirming that Experiment #2 is

superior.

In Experiment#l, overfitting was observetut this issue was not observed in Experiment
#2. Figure4-2 illustrates the downward trend of the loss function during the training process in the
Experiment#2 which shows the success of the model in preventing overfitting since there is a
desired convergence of the training and validation erfocan be stated that data augmentation
improve d t h e performande @rahitigated the overfitting problemThe output imagesf
Mask RCNN aredepicted inFigure4-3.

Table4-1. Results oHVAC ductrecognitionwith synthetic test dataset

Training TP  FP FN Precision Recall Fl-score  mAPPP™
dataset (%) (%) (%) (%)
SpeIment 223 74 32 75.08 87.45 80.79  88.69
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Experiment

49 224 53 31 80.87 87.84 84.21 90.60

= training loss

14 1

12 -

Loss Value

0.8 1

0.6 -

Figure4-2. Training andvalidationlosesduring 90epochsin the Experiment#2 (Shamsollahi
et al., 2021)
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Figure4-3. Results of the Mask-&NN prediction

To determine whether a modehined solely on synthetic imagesnaccuratelypredict real
images, 168 real images were added to thedastsetbringing thetotal to 340 imagesThe
mo d eperforsnance significantly decreasedth a precisionof 42.26%,arecall of 68.42% and
amAP** of 48,0%. Based on th resultsit can be concluded that training with synthetic images
aloneis insufficient for recognizingreal HVAC ducts angipes To improve the recognition
capabilities, real images from construction sites were added to the training dataset in the next

section.

4.1.3 Object Recognition Using Mixed Synthetic and Real Images with Two Deep
Learning Models

The objective of this sulsectionare

1 Determine the optimum mix of synthetic and real images in a dataset for tnaiodeds
1 Implement and validatélask RCNN and YOLACT+ and compare their performande
determine thie applicabilityin construction projects.

In this study,782 real imagewith thesize 0f3024*4032 pixels that contained HVAC ducts
were added to theyntheic training datasetdescribed inthe previoussulsection In total the
dataset reached 1,925 images watB11 HVAC duct instancedhe dataset distribution igas
follows: 60% oftheimages contain only one duct, 2%fvetwo ducts, 8%havethree ductswhile
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2% and1% contain fourducts andive ducts respectively Figure 4-4 demonstratesampleof

imageswithin the dataseatontaining different numbepf HVAC duct instancesl hetotal number

of images in the test set is 340, consisting of 168 real images and 172 synthetic images

yl-b\i'.i*-

[ - -

Figure4-4. Thepresence of differentnumber of HYACductsin eachimage.

Eight datasets using both synthetic and real images were evaluakeigitexdin Table4-2.
Across allthe eight datasets, the number of real images remdixed at 782 imageswhile the

number of synthetic images decreased sequentially starting from the first dataset (Dataset #1).

Theevaluationof deep learningnodelsbeganwith Mask RCNN. Themodelwas evaluated
with and without data augmentation techngusing Dataset#1. Similar to the results in the
previous sulsection, training the model withoudata augmentation techniquessuled in
overfitting (Figure4-5.a). This issuewvasresolvedby using data augmentation techniq(iéigure

4-5.b). Consequentlythesetechniques were applietross all eight datasets during training

According toTable4-2 the optimal result of the Mask-RNN modelwasachieved using
Dataset6 containing 35% synthetic images and 65% real images. The model acypeseidion
of 65.72% anda recall of 78.65% This dataset performed better than Dat#detwhich had the
highest number of synthetic images. This indicates that increasing the number of synthetic images

in the dataset does not necessarily improve t

Theresults from the Mask &#NN model were not satisfactory faccurately recognizing
HVAC ducts especiallyin real images captured from constructgites This wasdue to high
occlusion levels, low lighting conditions, and different shapes and sizes of HVAC ducts.
Specifically, the model had issues such false positiveand false negativeletections and

inaccurate mask predictioas demonstrated FFigure4-6.
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Figure4-6. Examplesof inaccurateecognitionof objectsby Mask RCNN.

Consequently, YOLACF+ wastrainedwith the same dataselEh e model 6s conf i
andtheutilized data augmentation techniques are explain&kution3.2.2.2 Similarto Mask R
CNN, YOLACT++ was trained ugo epoch 90.According toTable 4-2, the best result$or
YOLACT++ wereachieved fronDatase#5, which contained 40% synthetic imagexl achieved
a precision 0f81.2%% and arecall 0f82.20%. In terms ofprecision,it achievel 15.53%better

performance compared to Mask@RIN andits recallwas3.55% higher.

Regarding computationéiime, training theMask RCNN model took approximately 4 to 8
hours while training YOLACT++took between 21 to 24 housse pendi ng on .t he da
Also, theaveragereadiction speedor 340 imagesvas 558.20 secondlsr Mask RCNN and 68.14
secondgor YOLACT++. The prediction speed &fOLACT++ waseighttimes faster than Mask
R-CNN in recaynizingHVAC ducts demonstrating its capability for near réiahe applicéions.

Sampleof predicted images by Mask®@&NN and YOLACT++ for HVAC duct recognition
are presented iRigure4-7. Through a comparative analysis, it was identified that YOLACT++
demonstrated better performance than MasKNR in terms of object detection and mask
prediction. YOLACT++ could detect HVAC ducts that MasiCRIN failed to detect. Moreover,
YOLACT++ gener#ed predicted masks that are more aligned to the ground truth.
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Table4-2. Theresults of Mask RCNN andYOLACT++ agorithms for HYAC ductrecognition

# Training Dataset Algorithm Precision Recall Fl1-score
(%) (%) (%)
1 782 Real images + 1,143 Mask RCNN 58.05 78.95 66.91
Synthetic images 2894
(Synthetic/Totak 60%) YOLACT++ 80.57 76.04 '
2 782 Real images + 956 Mask RCNN 52.01 76.74 62.00
Synthetic images
. ) YOLACT++ 78.44 76.63 77.52
(Synthetic/Totak 55%)
3 782 Real images + 782 Mask RCNN 56.58 79.07 65.96
Synthetic images
_ 3 YOLACT++ 75.32 72.82 74.05
(Synthetic/Totak 50%)
4 782 Real images + 640 Mask RCNN 63.25 78.06 69.88
Synthetic images
_ 3 YOLACT++ 77.36 72.22 74.70
(Synthetic/Totak 45%)
5 782 Real images + 522 Mask RCNN 60.46 78.06 68.14
Synthetic images
. i YOLACT++ 81.25 82.20 81.72
(Synthetic/Totak 40%)
6 782 Real images + 422 Mask R-CNN 65.72 78.65 71.61
Synthetic images
_ , YOLACT++ 77.77 73.29 71.61
(Synthetic/Totak 35%)
7 782 Real images + 336 Mask RCNN 60.10 75.16 66.79
Synthetic images
. 3 YOLACT++ 76.38 75.73 76.05
(Synthetic/Totak 30%)
8 782 Real images + 260 Mask RCNN 64.77 76.79 70.27
Synthetic images
YOLACT++ 72.25 70.92 71.58

(Synthetic/Total 25%)
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Prediction Results Prediction Results
Mask R-CNN YOLACT++

Ground truth

Figure4-7. Outputimages from Mask fCNN andYOLACT++ modek.

4.1.4 MEP Recognition usingYOLACT++

Thissuls ect i on i s a nmotamated Detdction and Seigmentationfof Mechanical,
Electrical, and Plumbing (MEP) Components in Indoor Environments by Using the YOLACT++
Architectur® publishedby Journal of Construction Engineering and Managem(@&ttamsollahi

et al. 2024)

The objective of this sectiois to enhance YOLACT++'s generalizability fogcognizing
more building elements after identifying ggperior performancever Mask RCNN. In order b
incorporate more MEP components, the number of object classes hasetteenvo, including
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HVAC ducts and pipe3he number of reand synthetianagesn the datasehcreasedo include
both pipes and HVAC duct3hetrainingdataset reache?]135 imagesontaining 1,881 synthetic
and 1,254 real image&rom 1,881 synthetic image$,143 includd only HVAC ducts, 451
included only pipes, and 287 imagesdiaoth pipes and HVAC ducts. Also, from 1,284limages
782 contaied HVAC ducts and 472 imagdsadpipes.Samples of real and synthetic images are

demonstratedh Figure4-8.

Dataset Creation

3D BIM models Synthetic Images Real Images

=i ==
i

' m

HVAC ducts: Pipes: Both classes: HVAC ducts: o PiFIJESZ-
1,143 images 451 images 287 images 782 images 472 images

¥

Figure4-8. Thetypes andumbers oimages within thelataset

Similar to the previousulsection eight training sets were created by decreasing the number
of synthetic images from 60% of total images to 2%#ile the number of real images was fixed.
Table4-3 presents the number of synthetic and real images along with the number of instances in
each dataseTlhe validation set include497images including 229 synthetic images and 268 real

images.The configuration of YOLACT++ was set to epoch 116 and batch sige of

Table4-3. Distribution of synthetic and real imageseach datasetndthe number ofnstances.

Dataset  Synthetic/Total Number of Number of Real Number of

&) Synthetic Images Images Instances
Datasettl 60% 1881 1254 8533
Datasett2 55% 1533 1254 7351
Dataset#3 50% 1254 1254 6674
Dataset#4 45% 1026 1254 6019
Datasett5 40% 836 1254 5562
Datasett6 35% 676 1254 5158
Datasett7 30% 538 1254 4812
Dataset#8 25% 418 1254 4507
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mAP Value (%)

YOLACT++ was trained using the eigtiatasets and ifserformance was assesseith the
test dataseilheresults are summarized Trable4-4. The overall performance of the YOLACT++

in object detection and mask prediction across these datasets is sltogured-9.
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Figure4-9. Comparison of bounding box and mask mAP values across different datasets
(Shamsollahi et al. 2024)

Analysis of the results reveals that in most cases (7 out of 8 datasets), the#fwa®lower
than the mAP*® highlighting a greater challenge in predicting the instance regions compared to
bounding box prediction. Dataggl, with the highest number of synthetic images (60%) including
6501 HVAC duct and 2032 pipe instances achieved the highest performance in object detection,
with a mAP*of 77.37%. Specifically, in detecting HVAC ducts, the model achieved a precision
of 84.80% and a recall of 85.58%. For pipes, precision and recall were 86.87% and 73.93%,

respectively.

However, Datasetl could not achieve the best performance in mask prediction. Dé2aset
with 55% synthetic images, showed slightly lower detection performance with &°fhaP
77.03% but outperformed in mask prediction with a M&Fof 75.23%. In terms of peslass
performance, Datas#? also achieved the highest P at 69.81% for pipe class. For HVAC
ducts, its AP2was close to the highest at 80.65%.
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Considering both detection and mask prediction criteria, Dat@setas identified as the
most preferred, despite of Datas#tl 6 s hi gher detection#8rat es.
demonstrated the lowest performance in both detection and mask prediction. Particularly, for
HVAC duct detection, it obtained the lowest precision and recall rates at 72.49% and 79.18%,
respectively. In pipe detection, this dataset had the lowest a&€8135%, and its precision, while
not the lowest, was still comparatively loMoreover, for mask prediction, Datag& had the

lowest performance among the others with fiXkat 56.34%.

The YOLACT++ model had superior performance in both detection and mask prediction of
HVAC ducts compared to pipes with a better balance between precision and recall. This lower
performance in pipe recognition can be attributed to the fewer pipe instandas iraining
datasets relative to HVAC duct instances. Moreover, the unique geometric properties of pipes
being of slenderical shapes may present challenges for the model in accurately recognizing pipes.
A notable observation froffigure4-9 is the overall increase in the m&P*values corresponding

with the rise in the number of synthetic images within the datasets.

The above suggests that i ncreasing the sy
detection ability. However, this increase in synthetic images does not have the same positive
impact on mask prediction. This may be attributed to the inherent compiexigtermining the
region of instances in mask prediction which requires further investigation. Regarding the
prediction speed of YOLACT++, for processing 497 images, the avieages per secon&#P9

was between 4.69 to 4.91 across different datasets.

This study assessed the effect of synthetic image quantity on recognition of objects from real
images. Hence, Datas#® with 55% synthetic images and Data#@t with the least synthetic
images at a rate of 25%, were evaluated, with the sample results depi€igdra-10. The
model, trained with Datasé®2, performed better in challenging indoor conditions such as low
lighting, clutter, and occlusion, showing enhanced recognition of instances across various scales,
shapes, and poses. For instariigure 4-10(c-1) and (€2 ) demonstrate the mo
recognition of HVAC ducts with different scales trained on Dat#&eawhich was not achieved
with Dataset#8 Figure4-10(b-1) and (b2). Figure4-10(c-3) also showcased thasing Dataset
#2, the model could accurately recognize HVAC ducts with different shapes and scales in a

cluttered and lowit scene. Conversely, the model trained with Data#&Figure 4-10(b-3),
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displayed weaker performance, inaccurately predicting the bounding box and thataskered
nearly the entire i mage. T h e#2 inaidtieduihsng tardet | i t vy
instances from similar netarget ones. For example, iRigure 4-10(c-4), it accurately
differentiated HVAC ducts from a similarly shaped and sized column, unlike D&&dagure

4-10(b-4), which misidentified a column as a duct.

Moreover, Dataset #2's training resulted in enhanced recognition of slender objects, as
shown inFigure4-10(c-5), where it accurately detected and segmented a pipe even under low light
conditions. In contrast, Datasé8 had incorrectness, including incomplete masks, and a false
positive for the nofpresent ducFigure4-10(b-5). Lastly, Dataset2 Figure4-10(c-6) improved
the identification of multiple variedcale instances from both classes in fdghsity, cluttered

scenes. However, Datag& Figure4-10(b-6) had false negatives, missing saf\AC ducts and

pipes.

Dataset 8 Dataset 2
Original Images (Synthetic/Total =25%) (Synthetic/Total =55%)

= i

(a-2) (b-2) (c-2)

(@-5) b (b-4) (b-5) (c-4) (c-5)

Figure4-10. Output results of YOLACT++ trained on two different dataggteamsollahi et al.
2024)

YOLACT++ efficiently performs detection and segmentation, offering faster predictions
than algorithms like Mask ®&NN (Bolya et al., 2020)The resulting higher prediction speed
makes YOLACT++ more suitable for integration with monitoring egybrting systems in order

to provide project managers with timely needed information. Moreover, YOLACT++ backbone
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network utilizes a DCNv2, which improves the 1
and poses through narid sampling capability. This feature is aligned with the objectives of this
research, which involves instances with different geamefariations.The outcomes of this
sectionillustrate that the YOLACT++ model, when trained with a balanced dataset of synthetic

and real images achieved promising performance in the recognition of HVAC ducts and pipes in
indoor construction sites, espaity in challenging locations where distinguishing them from

surrounding objects is difficult.

The above highlights the significance of generating synthetic images that closely reflect real
i ndoor construction sites to enhance the mod:ée
reveals that the balanced dataset can increas€fiAl over 10% and mAPSKby more than
18%. However, it is important to note that a dataset with the highest proportion of synthetic images
do not necessarily has the optimal results in both mask prediction and object detection. The results
highlight the need for fulner research to identify the ideal balance of synthetic and real images in

training datasets to maximize performance across all evaluation criteria.

Table4-4. Theresuls of YOLACT++ with two objectclasses

Dataset  Object Class Precision Recall Fl-score APsgnask APsg?0x FPS

HVAC Duct 84.80 85.58 85.19 78.82 82.78 4.69
Datasett1
Pipe 86.87 73.93 79.88 56.46 71.97
HVAC Duct 81.79 85.65 83.68 80.65 82.21 472
Dataset#2 _
Pipe 85.98 73.77 79.41 69.81 71.83
HVAC Duct 82.25 83.15 82.70 80.34 81.17 4.89
Datasett3
Pipe 75.58 68.06 71.62 64.99 65.85
HVAC Duct 81.85 82.75 82.30 76.53 80.30 4.82
Datasett4 _
Pipe 70.78 63.63 67.01 62.80 60.20
HVAC Duct 79.10 86.09 82.45 82.30 82.27 491
Datasett5
Pipe 82.89 67.02 74.11 55.24 65.43
HVAC Duct 79.74 85.00 82.29 80.84 82.41 473
Dataset6 _
Pipe 76.92 67.01 71.62 63.53 64.35
Datasett7 HVAC Duct 78.87 81.95 80.38 78.92 78.79 4.80
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Pipe 73.37 63.91 68.31 65.56 60.76
HVAC Duct 72.49 79.18 75.69 65.19 72.89 4.70
Pipe 75.15 63.35 68.75 56.34 60.56

Dataset#8

While the YOLACT++ model successfully reco

i mages, it also had some failures th&tgoneed t
41QLa), the model failed to recogniFzg4kfteb) t he |
despite accurately detecting the pipes, t he

assigned to Fhgd¢bEp)e, ctl mes smod el could not dif

ducts and areas of the ceiling and walls that
speed reached around 5 FPS, | ower {(Bahy#ahetoual
202wWi)t h t he COEO0O Ttheisst rdeadtuacseedt speed i s primar:i
performance computing systems | i ke GPUs, ofte

duct: 0.70

(©)

Figure4-11. Examples of failures in the MEP recognition using YOLACT$hamsollahi et al.
2024)
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4.1.5 Summary and Conclusiors

Indoor construction environments, with their high density and detailed compamehtewlit
conditions are complex aredsr identifying theinstallation statuses of componefds progress
monitoring and reportingAddressing this challenge requitesautomated and timely recognition

of these components within indoor environments.

This section implementeda novel method for monitoring of construction operations,
employing digital imaging and deefearningbased instance segmentatioalgorithns to
automatically recognize MEP components in challenging indoor settirgjance segmentation
algorithms in addition to detection, further spaciegions of each instance by classifying pixels
within the imagegAthira & Khan, 2020; Hao et al., 2020; Shamsollahi et al., 2022; Wu et al.,
2020) The model's capabilities for detecting amsggmenting tracked elements play a

complementary role in enhancing the overall performance.

To enhanc¢hedataset qualitjor model trainingand overcome the lack of real images from
construction sitesthis research generated virtual synthetic images using BIM madel a
rendering plugin. To reflect real indoscenariosdifferent image modifications wegonsidered
duringimage generation to improve the mail@rediction performancd& he image modifications
included different lighting conditions, complexity of componergsale degrees obcclusion and
clutter, and viewpoints Synthetic imageswere mixed with real imagest variousratios across
eightdataset$o determinethe optimum mix for model trainindgror these datasets, the number of
real images was fixed, but the proportion of synthetic imagaedfrom 60% to 25%of the total
images.This integration provides a wide range of images with different visual condifians.
i mprove the model sé generalizability and adap

learning were applied.

The sedfecatni canpppropriate i nstance segmegnt at i c
t he ME&BK Rhroughfoeari eoVgAtCe wlidcgt s st udy 1 nvest
effect of data augmentation on model perfor ma
resol ved t he oHoewefvietvtaisrkGiNggnoalell e di d acactepaalbil e\
recogmetfi omimarese.sfustrhe modepl ewaBboid2 % acal l of
78. 668nsequent | ywasYQ@LhoGTemn+ f or t hi s ssatnued ye iagnhdt
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devel opedThdatugsheta . compar atdiewer mhaégsYiOsLLACIT # +
demonstrated better-CHNNTrif or imamnreceec cbghnaiotbijMans ka nRd  p
Sspefhck. best pdr fYyrLmaEbaceh | wiveeldpr eci si on of 81. 25
of 82ARDI%.i onally, YOLACT++ predwliteehd gd3st 0 tii mag
faster t-@6HN. Mask R

Si nfxGL ACT++ de mo nrsd g ialt testsaebde bfebenra |l | ¢ a toicers s .
| watsr ai ned obs$etgs hed udHNVACbdubt s iandppedymwsus S
tesgniexpf synthetic waercd erddoald tdreatitamsitdr@d®ds. o fimh g e s
i nclHiHWAW ducts awmtdi IpiopedodelEre alt @stli odh hiel | us't
dat aset with 55%hdynttheat iac momeg éexa,l anced perfo
detection and mabtkeeptreecdtiican opme nfela ri7nbe®scper e ci si 0

85.65% recall for HVAC ducts; pB&andd thpBEeémA®i or
of 75TB8%rdembhstrated tchaant rYeQloApli+tete obj ect
chall enging indoor environments.

4.2 Object Localization usingthe UWB System

4.2.1 Overview

To evaluatethe performanceof the UWB system for B and D localization oftrackedMEP
objects withinindoor job sites and understand the applicability dfe system for progress
monitoring and reportingfour laboratoryand three field experimentswere conductedMore

details about each experiment described in the following subsections.

This section andection4.3ar e e xt e n d e dataltegrasonMethedUsing a A D
DeepLearningAlgorithm andRealTime LocatingSystem (RTLS) forAutomatedConstruction
ProgressMonitoring andReporting published byAutomation in ConstructiofShamsollahi, et
al., 2024)

4.2.2 Laboratory Experimentsunder Line-of-Sight (LOS) Conditions

For laboratory experiment§onstruction Automation Labn the 11™ floor of the EV building at
Concordia Universityvas selected tomplementthe UWB system For thelayout of thesystema
rectangular shapgas selected and test area witta dimensionof 6.60*5.40 neterswas

determined to perform the experiments in thtest area.Based on the manufactudes
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recommendationsnithese experimentsur receivers were installed, threghe same height level
and the fourth one higher than the oth&igure4-12 illustratesthe experimentarea the layout

planwith its dimensionsandthe 3D coordinates odachreceiver

The experiments wernductedn a controlled test area under hogsight conditions. In
this area, no obstacle existed between the tags and receivers to obstruct the direct path between
them.These experiments enabl® find the optimum performance tdfe UWB system for 2D
and 3D localizationFurthermorethey allow for accurate observation and analysis of the UWB

localization performance before implementation in real work environments.

For the system installatiofgur receivers were fixed to tripods using tapes and fixed in the
corners of the rectangular area as depictegignre4-12. Instead of placing the tripods on the
ground, they were placed on tables to achieve the highest possible position for the rddeivers.
first three receivers (AO, Al, A2) had an equal height of 2.31 meters and the fourthgphadA
a height of 2.75 meters. For the fourth receiver, 2.75 meters was the maximum height to maintain
0.15 meters with the ceiling. To identify the actual locations of receivers and tags within the test
area, a grid layout procedure was implemented. fifoisedure involved creating grid lines on the

floor of the test area using adhesive tape, with the grid lines set at 0.6 meters apart.

Four laboratory experiments were conducted in the test area under different sadenarios
assess the i mpact of tags' height and tag pr o>

The following elements were repeated in all of the four experiments:

Three static tags were used within the test area for data collection.

All the tags were fixed on tripods for the
The duration of each experiment was set to five minutes, ensuring uniformity in the
collected data.

The locations of the receivers were the same in the experiments

The first receiver (AO) was assigned as the origin point and set to (0,0) in 2D coordinates.

The first receiver (8 was connected to the laptop by a USB cable for powering and
execution of the UWB application for data acquisition.

1 The remaining receivers and tags are powered by USB batteries.
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Table4-5 demonstrates the total number of data points collected in each experiment, along
with the number of data points captured from each individual tag. The number of data points in
the four experiments was close to each other and ranged between 3,054 andh&l3oints.
Table46 provides each tagés true |l ocation, it
standard deviations in meters.

P 6.60 m -
Receiver, ((‘ 3}} {{' ’))A Receiver,
(6.60, 0,2.31) (0,0, 2.31)
540m
A AN %
Receiver; ((( K W ’)) Receiver,
(6.60, 5.40, 2.31) (0,540, 2.75)

(b)

Figure4-12. (a) Lab area(b) Layoutplanandlocation of theeceivers.
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Table4-5. Collecteddatgpoints ineachexperiment.

Experiment##1 Experiment#2 Experiment##3  Experiment#4
TagO 1,067 1,088 1,080 1,073
Tagl 920 942 971 963
Tag2 1,067 1,090 1,079 1,068
Total Data points 3,054 3,120 3,130 3,104

Table4-6. Truelocation oftags,mean andtandarddeviation of UWBdata

Experiment T a ¢ True Position (m) UWB Average Standard Deviation
name Position (m) (m)

X(m)y Y(m) Z(m) X(mM) Y(m) Z(m) X(m) Y(mM) Z(m)

1 Tag0 420 3.60 157 419 361 147 0.018 0.017 0.017

Tagl 1.80 1.80 157 180 183 146 0.015 0.021 0.021

Tag2 540 180 157 542 182 148 0.021 0.020 0.020

2 Tag0 420 360 05 429 368 031 0.024 0.016 0.184

Tagl 1.80 1.80 157 183 187 146 0.012 0.034 0.056

Tag2 540 180 250 539 186 2.67 0.037 0.035 0.282

3 Tag0 1.20 420 157 125 413 3.36 0.019 0.306 1.103

Tagl 540 420 157 548 424 143 0.050 0.220 0.098

Tag2 120 120 157 121 124 159 0.015 0.029 0.054

4 Tag0 120 420 050 129 426 040 0.034 0.041 0.211

Tagl 540 420 157 551 421 165 0.028 0.011 0.678

Tag2 120 120 25 123 128 316 0.015 0.026 0.089
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1 Experiment1li Tags at the same height level.

In this experimentit was aimed todesignan ideal scenario to be able tind the optimum
performance othe UWB systemThis experiment setup serves abaselinefor comparative
analysis withthe following experimentgExperiment#2 i Experiment#4). To implement tis
experimentall three tags wenglacedat a height 01.57 metes. The heighselection corresponded
to an intermediate levdletween thdloor and theheight of receiverasvisually demonstrated in
Figure4-13.a. Therefore, thee tagsvere placed at a lower heigtdmpared tahefour receivers
The tags were positioned within the encdlas eettangular area created by the four receivers such
that there waa clearLine-of-Sight (LOS) between each tag and ttezeiversTable4-6 provides
the actual location of each tag within the test.akeaording toTable4-5, 3,054 data points were
collected durindexperiment1. During the Sminute experiment, Tag andTag2 each collected
1,067 data points, whil€ag-1 collected slightly fewer data points ®20.

Based orthe results presented Trable4-6, it was shown thathe standard deviation of all
tagsalongthex, y, andz axeswereremarkalby small eachequal to oftess than 0.02 meter§his
demongtatesa clustereddistributionof UWB points around therespectiveaveragedor all three
tags This also can bevisualizedin Figure 4-14.a. which demonstrates true locatmyriJwWB
datapointsandUWB averagedocatiors for the tagsn 2D and 3D plane The average errdor
all threetags in this experimemwas 0.018 meters the 2D planeand 0.058 metersn the 3D
plane In addition,the individualerrorfor each tagvas calculated and represented able4-7.
This table shows that all three tags had relatively low eribing 2D errorvaluesranged from
0.012 to 0.022neters while the 3D errorsverebetweer0.052 to 0.064neters.

A centimetedlevel error in UWB localizationn 2D and 3D planesvithin an indoor
laboratoryareademonstrates the precision and reliabilitytted UWB system This experiment

serves as an ideal scenario with tags at the baigatlevel andnot close to the ground oeiling.
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Figure4-13. Placement of theags in thdestarea: a)Experiment#1 and b)Experiment2.
1 Experiment#2i1 Tags at different height levels.

This experimenaims toinvestigatehe UWB systerd s p e r fwhen theiagsarepositioned
at varied heights instead of uniform intermediate levelln this experiment compaed to
Experiment#1, the only alteration is changinghe adjustments dahe tag® heighs, while the

placementf tags inthe 2D plane remained the same.

In Experiment#2, Tag00 keightwasadjustedclose tothefloorby changi ng t he
heightto alevel of 0.5 metersTag16 beight remaine@t1.57 metersvhile Tag2 waselevated
to the height o2.50 metersThe placement of tags depicted inFigure 4-13.b. Due to tripod
height limitations,Tag2's tripod needed to be elevated further, so it was placed on a cardboard
box to reach 2.50 meters, making it higher thartlihee receiverBased onTable4-5, the total
collecteddata points in this experimewere3,120 from whicHL,088 points were frormag-0, 942
from Tag1, and 1,090 fromTag2. The UWB data points had higher standdeyiatiors than
those inExperiment?#1 asshownin Table4-6. Themostincreased standard deviation values were
observed inTag-0 andTag2, especially in the-axis which were located at very low and very
high heightsrespectively This highlights the impact dhetags fGeights on thg@erformance of
the UWB system
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Figure4-14. UWB datareadings fotags on 2D and 3planesin (a) Experiment#1 and (b)
Experiment#2.
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In this experiment, an average error of 0.064 meters was obtained in 2D and 0.102 meters in
3D, showingan increase in err@s compared t&xperiment#1l. Specifically,in Experiment#2
comparedo Experiment1, for Tag-0 which wadocatednear the grounkvel, theerror increase
by 0.08 metersn 2D and0.07 metersn 3D. For Tag2, situatedclose to the ceilingthe error
increasd by 0.02meters in 2Dand 0.053 meters in 3Mh addition, forTag1, which remainecat
the samdieightin both experiments, the error increase&xperiment#2, but not significanthas
illustratedin Figure4-15.

The analysiof standard deviation values and errodicates that changing the height of
tags, whethelocatedvery close to théloor or higher than receivers caaduce thgerformance
of the UWB systemin generalplacing the tagat floor level orceiling level mightincrease the
likelihood of signaldiffraction, and reflectionby other objects present in the arBespitethe
increased errors in this experiment, khealizationerrorof each tagemained below 0.15 meters
evenon a3D plane It was demonstrated that the UWB system maintained its reliability and

accuracy within this experiment in which thegaleights varied

Error Comparison for Tags in Experiment 1 and 2

BN 2D Error, Experiment 1

B 2D Error, Experiment 2
012 1 BN 3D Error, Experiment 1
EEE 3D Error, Experiment 2

0.10 1

o
o
=]

Error (m)
o
(=]
o

0.04 -

0.02 -

0.00 -

Tag0 Tagl Tag2
Tags

Figure4-15. 2D and 3Derrors of thetags inExperiment#1 andExperiment#2.
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1 Experiment#371 Tags at thesameheightlevelwith proximity to receivers

Experiment #3 was conducted to determinegbdormance of the system when tags are
close to receiversAll threetagswere inthe proximity of 1.2 metersd one of thereceivers
(Receiver9®, 2, and 3 as depicted ifrigure4-16.a. In this experimentall thet a dneight were
equal tol.57 metersA total of 3,130data pointsverecollectedand dstributed as1,08) for Tag
0, 971 for Tag-1, and1,079 for Tag2. According tothe standard deviation valugsTable4-6,
the UWB data points are more scattered comparécperiment#1, wherethe tags also had the
same heighof 1.57 metersThe highest standard deviatisalueswereobservedor Tag0 on the

z-axisandy-axisas presented ihable4-6.

In this experimentthe average errawas0.053 metersn 2D and 0.388 meterns 3D. The
most significant difference in error compared to Experirddnivas observed with Te® where
the errorincreased to 1.040 meters in 3D. The other tags showed slight differences in their 3D

errors

Figure4-16. Placement of theags in thdestarea: a)Experiment#3 and b)Experiment#4.
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