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Abstract

Development of BIM-based Automated Methods for Building Management andtructural
Safety Assessment

Mojtaba Valinejadshoubi, Ph.D.
Concordia University, 2021

Despite the progressmade in modern project managemem¢thods there is still a lack of
appropriateautomatedools that support digital integration over the projifet cycle. There is
considerable demand for fully embracing the latest technological opportunities such as Building
Information Modeling (BIM), Internedf Things (loT), Structural Health Monitoring (SHM), and
prefabricatiorto support that digital transformation in constructibhe aim of this study is

to developa set ofautomatedmanagemensolutionsand related toold¢o address the issues
highlighted aboveThe thesis is presented as a collection of manuscripts of fivergpgewed
journal articles authored based on the present research. The first developmeriliisl dfased
method for 3D model visualization of buildirggand their non-structural elementsand their
corresponding seismic risk levedadlocatiors. It supports automated assessment of seismic risk
of these element3he second focuses on the developmentrajeel datadriven SHM technique

to monitor the structutd&ehavior of individual building modules to detect possible damdg@sg

their transportationit consists of two main components, a sefimBed data acquisition (DAQ)
and storage moduleand an automated data analysis module that uses unsuperviseidemac
learning techniques to identify damaglesingtransportation usingnboard capturedcceleration
data.lt can be used to ascertain the safety of delivered modules before their assemblyTbe site.

third accounts for the developmentaf automated B1-basedrameworkto facilitate effective



data management and representatioseosorycomponents of the SHRtbol usedin buildings. It

allows for visualization of damags in building componentdased on the interpretation thfe
capturedsensor datdt is designed to facilitateffectivevisualization capabiliesfor a rapid and
efficient structural condition assessmenhe fourth development is designed to dynamically
update the thermal comfort data in monitored buildings by integrating Bidirmodels with
capturedsensor dataThe default range utilized in this developmenb&sed on thémerican
Society of HeatingRefrigerating and Air-Conditioning EngineersASHRAE) Standard It is
expected to provide a robust and practical tool for data collection, analysis, and visualization to
facilitate intelligent monitoring of the thermal condition in buildings and help deemakerdake
needed timely datdriven decisionsThe fifth andlast development is designed to alert 10T
companies of malfunctioning of deployed sensors utilizing a BIM platform and a cloud database

to process and transfer related actionable information.
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Chapter 1: Introduction and Organization of the Thesis
1.0.Introduction

Most industrieshave experienceaoticeablechangesin recent decadedocusing on
utilizing digital transformatiorio achieve higher levels of efficiencyhere is also an increasing
implementation of digital technologiestimeconstruction industryrrom the overview of academic
research, research analysis revaaiseasing implementation aadloptionof digital tedinologies
for construction operationdviprgan, 2019Pan et al., 2020 The McKinsey Global Institute
(2017)researchndicates that digital transformatican lead td4 to 15 percent productivity gains
and 4 to 6 pecent cost reductiondHowever, the transformation effects encompassing digital
technology implementation are yet to be fulitflized within the architectural, engineering, and
construction (AEC)industry. There has been sontesitationabout fully embracing the latest
technological opportunitiest has been recently recognized ttta construction industry is close
t o a Amaj or o di gi t al Mureag, h2018 Autodegk, 2020 plésgtene nt at
anticipated difficulties Although the implementation of digitatechnologies such &IM, IoT,
SHM, laserscanning prefabrication and machine learning solutions throughout the built asset
lifecycle are expected tboost productivity and enhangeoject performance and saf¢fygarwal
et al., 201§ theymaylead to new challengesuch aspoor digital skills amongst the workforce,
which wascited asa significant limiting factor to the adoption of processes such as BIM by the
fifth annual Construction Manager BIM survey (202@yistance to change e@n the other hand,
thereis still a lack of automated toadls support digitatransformatiorover the project lifeycle.

The aim of this researchis to develo@ set ofautomatednanagemergolutions to
address the issubgyhlighted abovéy supporting digital transformation over the building project

life cycle And accordinglyhelp facility managersot increase the efficiency of buildinys

1
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operatios in terms ofo ¢ ¢ u psafaty and indoor air qualityand help management teanTs
reliable delivery of modularand oftsite constructionTo achieve the aim of thithesis the

following main objectives and tasks were undertaken, which are briefly listed below:

1. Developing a standardized framework for visualizing and prioritizingesamic riskevel
of Non-StructuralElements NSE9 in buildingsusing BIM.
A Creatinga BIM model with all NSEs and developing a framework to link between
NSEs BIM elements arttieir seismic risk score to be able to prioritrel identify
the most hazardous elemeatsl automatically update their seismic risk st@sed
on their position and type.
2. Developing a Multfunctional datadriven SHM system for monitoring prefabricate
building modules during transportation
A Developinga costeffective sensebased DAQ and storage module to be easily
attached to the prefabricated modulemtmitor them during transportation.
A Developing a novel aneffectivevisualizationbased method to idefiithe failed
sensors before starting thatd analysis
A Developng a data analysis method to identify and classify different levels of
damagehatmight occur on prefabricated modules during transportation
A Comparing and evaluating the performance of different clustering
algorithms usingaccuracy scoreand confusion matrixto identify the
algorithm with the highest damage identification and classification
accuracy in the case of transportation monitoringuoa real case study.
A Validating the developed monitoring system through a real case study (two

prefabricated modules).



3. Developinga workflow to integrate BIM intéhe SHM process to represent and access
sensor data, run a data interpretation or damage assessment process, and map it on the
corresponding virtual building components.

A Creating sensory system components in the BIM model with all essential
monitoring paramets.

A Designing a specific relational database model to embody the SHM sensor
measurement.

A Proposing a conceptual frameworktloé wireless strain monitoring system

A Developinga workflow including eight modules to have a near-teaé BIM-based
monitoring system visualization usifidireshold Value Analysis (TVANethod.

4. Developingan IoT and BIMbasedautomatedidlert system forthermalcomfort
monitoring inbuildings

A Developing a coseffectivewireless monitoring system to measure temperature and
humidity level of indoor spaces

A Designing a specific relational database model to embody the thermal monitoring
measuremest

A Developingan integrated workflowincluding ninemajor modules,to compile,
standardize, integrate, and visualize monitoring data in a BIM envirorimbave
a selfupdating BIM model to provide reéiime thermal condition monitoring

5. Developing an integrated BHdasedframework for alert generation in the events of
malfunctioningFacility Management (FM3ensors in smart IoT environments.

A Creating a BIM model with FMelated sensors with all associated parameters
A Developing a workflowo integrate the associated sensorsraahtenanceelated

information into a clousbasedool.



1.1. ThesisOrganization

The presenthesisis organized as a manuscrlpsedthesisthat hasa collection of five
journal manuscripts produced as a result of the researducted The primary purposes of this
research are tdevelop primarily BIMbased and ssor driven automated methods for efficient
moni toring and man agnalmanfottin built facilties in@ @owtfigedt t her
manner, and assist facility managers in tracking and transferring the status of the monitoring
sensorsieeded for the methods referred to abdves chapter provides a brief introduction and
backgroundproblem statement, research motivation, objectives, dastription of developed

methods, anthesisorganization.

This thesisis organized into seven Chapters. The methodologies and research findings are
elaborated in the fivfpurnal manuscripts provided in Chapters 2 to 6, respectively. The current
chapter also discusses how the manuscripts in Chapters 2 to 6 are conratteyéthe proposed
objectivesIn keeping with common practice in preparatiommanuscriptased thesegublished

papers are presented as is, along with an added section on updated literature review.

The first manuscript, Valinejadshoubi et al. (2Q18)provided inChapter 2and was
published in thelournal of EarthquakeEngineering. The papetescribes a newlgeveloped
frameworkfor automagéd seismic risk assessment of NSEs in buildings using BIM. Thaisers
of the developed method presented in thanuscriptare facility managers and their stalfy
enabling thento identify, visualize, quantify, and prioritize the most vulnerable NSHzuilb
facilitiesto applysuitable riskmitigationmeasuresThe outputs of this paper can also be potentially
expanded tdhe case ofrefabricatedbuilding modules to identifythe most vulnerable NSEs

against transportation vibration forces.



The third Chaterpresents theecond manuscript, Valinejadshoubi et al. (2021), submitted
to theJournal of Automation in Constructiott focuseon thedevelopment of SHM tools to assess
transportatioinduced damage in prefabricated building modules for offsite construtgion
i mprove the rel i abi |l Thispapeodevelbpedaovel dadadrivea SHM d el i v
tool to monitor the structural beavior of individual prefabricatedbuilding modules during
transportationto ascertairtheir safe delivery. This multunctionaltool can be used for different
purposessuch as structural damage detection and sensor failure anlalgdiagto a safer dlivery
of construction projects, primarily in modular construction projeie developed tooprovides
reliable delivery for modular construction projegspporsmanuf act urer s6 cl ai m
modification costs from the insurance compaawyd improve the customer perceptions of the
quality of prefab constructioifter building modulesveredelivered and installeagnmanagement
of the operational phase of thailding beginswith a focus orthe structural safety of constructed
facilitiesando c c u p a nt s Gas desciibedstiieahad, foustmand fifth papers.

The fourth Chapterpresents thehird manuscript Valinejadshoubi et al. (2019pn
developingan integrated Blivbased monitoringystemfor rapid detection of damaged critical
elementsluring building operationsith updated info about the current state of structural elements.
This paper was accepteddapublished in th&SCE Journal ofComputing in Civil Engineering.
Such integration is essential forcreasng the efficiency of SHM of buildings in the operational
phase The endusers ofthe developed toakre engineers and facility managers to interpret and
assess the ongoing condition of critictitucturalelements during théuilding operationand
identify hiddendamaged elements for their timely replacemirtiso supports them in providing

all the mainteance and repanelated information about the damageunporents.



Besides the structural health of a building during its operation, a building ngadyite
healthy environmentfor its occupantsn terms of thermal comfort and indoor environmental
quality, which is the primary purpose of tteeirth manuscriptpresented in Chapter 5 of thiesis
The fourth papervalinejadshoubi et al. (202Ipresents a developéaT-BIM -based system that
works as an alert tool for thermal comfort monitoring purposes im@oor buildingspaceThis
paper was accepted and published inJtwnal ofSustainable Cities and Sociefjhe developed
tool is expected to provide a robust and practical tool ficable data collection, analysis, and
visualization to facilitate intelligent monitoring of the thermal condition in buildings and help
decisionmakers make faster and better decisions, which may help in maintaining the level of
occupant so ttba satstadtory deveifilie daveloped tool iexpected to support
facility managers antklateddecisioamakersn remotely tracking the thermal condition status of
building spaces andaking neededtimely actionsaccordingly These actions can be taken
considering different reasons such as possible damages to the building envelop, overheating issue

in prefabricagd timber buildings, and HVAC system failure or malfunction.

Chapter 6 presents tffieth manuscripton developinga method for BIMbased integration
of sensor data and their maintenanelated information into a clodolased tool to provide a fast
and efficient communication platform between the building facility manager and 10T companies
for intelligent sensor managent. This paper was published in the Journal Fcilities
Management in 202 'he developedmethod is expected improvet he sensor sdé oper
maintenance plan during the building operational phEse endusers of the developed workflow
are facility managers to improve their communication and information sharingmwitived loT

companiesn managemergvenso f s e n s o rnsalfunctioa.i | ur e or



The seventh and concluding chapter summarizes the overalargrifmdings of the

performedesearch ands contributions.This chaptehighlights howBIM is usedn each chapter

of this thesis It also summarizesresearch limitationgrovides recommendations for future

researchFigure 11 shows an overview of the scope of the five papers presented tinethisand

how they are interconnected to each other.
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Figurel-1: The scope of presented papers and their connection to each other



Chapter 2: Identifying At-Risk Non-Structural Elementsin Buildings using
BIM: A Case Study Application

General

In this chapterthe published paper is presented adallowed by an updated literature review
section. This paper was accepted and publishéejournal ofEarthquake Engineering in 2018
The main objective of this paper is to integrate seismic risk evaluation witht&I®&hable

visualizationand priortization related tseismic risk leved of NSEs inbuilt facilities.

Abstract

The nonstructural elements (NSE) of a building could be hazardotie event of an earthquake.
Hence, a seismic risk assessmeuntittcal for identifying hazardous element his paper proposes
amethod for visualizing a buildirig NSEs to assess their seismic riséisg Building Information
Modeling (BIM) to visualize and automatically mapping risk factors. The relevant Canadian and
Americanstandards were useddalculate the level of risk associated wetich NSE for a typical

six-story residential building.

Keywords: Non-StructuralElements SeismicRisk Assessment; Building Information Modeling;

Operational and Functional Componeévisualization

" Valinejadshoubi. M, Bagchi. A, and Moselhi. O, (2018), Journal of Earthquake Engineering,
Vol 24. Issue 5, Pages 8880



2.1.Introduction

Previous earthquakes hatee monst r at ed t h a-4structunakecomponantsl di n g
are not properly fastened, they ¢FEMA74800% si gni
International Risk Management Institug917. Observations from margarthquakes have shown
tha even though the structural elements are undamaged, extensive damageStruiiomal
Elements (NSE) can lead to injury or loss of life, ahdruption of servicegInternational
Association for the Seismic Performance of Mitnuctural Element{2015) Therefore, knowing
the seismic riskevel of NSEs in new and existing buildings could help to decide whether measures
to mitigate risk are necessary. A thivéienensional (3D) visualization tool can improve
communication between engineers and owners. FdoGireung(2004 demonstrated how to
reducethe seismic risk of NSEs using the method provichethe relevant Canadian Standard
(CSA-S832). Wang(2008) presented the CSA832 seismic risk assessment procedures as a
valuable tool in seismic risk assessmeftboth new and existing buildings. Seismic risk
assessment methodologies provideFEMA and ASCHFEMA-E-74,2011 ASCE/SE] 2010)
also provide necessary tools faitigating the seismic risk of NSEs.

This study uses Building Information Modeling (BIk®)develop a seismic rigssessment
framework for visualizing and mapping the seismic risk levels for NSHsiildings based on
existing Canadian (CS&83214) and American (FEMA-74) standards. BIM provides a useful
visualization tool for 3D digitate pr e s ent at i o physmdl chaacteristicsl Recently,0 s
researchers used BIM to assess seismic risk of bwtictural and nostructural systems
effectively. Welch et al(2014)investigated BIM capabilities in the assessment and mitigation of

seismic risks in buildingsBIM centralizes building data and its components, and then adds the



capability tocreate a 3D model and to exchange data with other software systems usiaigdarslst

data format, Industrial Foundation Classes (IFC).

2.2.Proposed Methodology

First, an architectural model with all natructural components and building contents
is modeled in a BIM software, such as the Revit 2016 architectural temglhen, the
model is linked to its mechanical components and plumbing system, such as water
heaters, heating, ventilation, and air conditioning (HVAC) system (ducts and diffusers), and cold
and hot water pi ping. Af t er riskindez (R) watlpestarbk e b u i
determined, using CSA832 and FEMAE-74 standards, and assigned in the generated BIM
model. The components with higisk value (R) are identified and prioritized in the developed 3D
and 2D visual mo d e | sonseduently hthee levelof deidmicrdgniage ofNIHR E s .
NSEs and related downtime and property losses (PLs) are brought to the attention of stakeholders
for devising coseffective seismic mitigation strategies. GS832 (2014) is the standard for
seismic risk redction of NSEs in buildings in Canada. In this standard, NSEs are referred to as
Operational and Functional Components (OFCs) of buildings and provides a procedure for
determining the risk level corresponding to the significant seismic hazards as defities i
National Building Code of Canada (NBCC 20{Bernational Risk Management Institute, 2017;
Foo and Cheung, 20R4The CSAS832 determines the seismic risk index of NSEs, R, in the
following equation:

R=VxC (1)

WhereV is the seismic vulnerability index, adis the consequence index.
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V = VG x VB x VH10 (2)
C= xRY 3)
In Eq. @), VG, VB, andVE indicate the ground motion characteristic index, the building
characteristic index, and the OFC characteristic index, respecti/eydetermined from the sum
of the Rating ScoreRY related to the performance objectives. TableandTable 22 show the
indices used in determining the vulnerabili¥§) @nd consequenc€) indices.
The Ameri can st &74d @0ltd oifs fHaHEMA used i n t
reduce the seismic risks of nstructural components in buildings. ptovides a framework
for the seismic risk rating of NSEs in buildings using indices, such as shaking intensity, life
safety (LS) risk, PL risk, and functional loss (FL) risk. Shaking intensity is related to the
location of the building and its prevailingw, moderate, or high ground motion. LS is the
risk of being injured by nostructural components, while PL is the risk of incurring a repair
or replacement cost to an item because of damage. FL represents the risk attributed to the
malfunction of impactedcomponents. Also, the standard includes the type of component
detail and whether it is neengineered (NE), prescriptive (PR), or engineering required (ER)
(FEMA-E-74, 2011)
Table 2-3 describes the parameters needed for assessing the seismic risksdbyNiBE

FEMA-E-74 standard. Figur21 i | l ustrates this studyos hierat
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Table 21: The indices for determining vulnerability indeR)(for NSES(CSA-S832, 2014)

Fa = acceleratiorbased site
VG (the ground | coefficient as defined in NBC(
motion Sa(0.2) = spectral response
Vulnerability V=VGxVB characteristics acceleration value for a perio(
Index (V) x VE/10 index) = of 0.2s
Fax $(0.2)/1.25
Based on predominant type
VB: The building | seismic force resisting system
characteristics | the building structure. (e.g., for
index stories  reinforced  concre
momentresistant frame built ol
site class D stiff soil 1.4) Table
CSA
VE: The NSE Obtained by the weighted sum
characteristics four rating scores§ 2 3 E
index 7 & Eshown below:;
Range RS WF
NSE restraint (RS1) Full restraint 1 4
Partial 5 4
restraint/
guestionable
No restraint 10 4
Impact/pounding (RS2)| Gap adequate 1 3
Gap inadequatg 10 3
/questionable
NSE overturning (RS3)| NSE fully
h: distance from support| restrained 1 2
or restraint to center of | against
gravity or top of OFC overturning or
d: horizontal distance |h/ d O a%/
between NSE supports | S;(0.2))
h/d >1/ (1.2 x 10 2
S$:(0.2)
NSE flexibility and Stiff or flexible 1 1
location in building NSE onor
(RS4) below ground
floor
Stiff NSE above 5 1
ground floor
Flexible NSE 10 1
above ground
floor
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Table2-2: The indices for determining consequence index, (C), for N6B&-S832, 2014)

Consequence
Index (C)

Parameter range Rating
Score (RS)
Threat to very
N (occupancyactor as defined in 1
Table -5 CSAS83214) = area x
Life safety (LS)| occupancy density x duration fact
[Mandatory] | Area = occupied@reaexposed to
risk, n?
Occupancy = per fn
Duration factor = average weekly
hours of human
Threat to few (1<N<10) 5
Threat to many 10
Not applicable or NSE breakdow 0
Limited greater than one week is tolerabl
Functionality | NSE breakdown up to one week 1
(LF) tolerable
[Higher than NSE in high importance category 3
mandatory] building, notrequired to be fully
functional
NSE in postdisaster facility, not 5
required to be fully functional
Full N/A 0
Functionality | NSE, required to be fully functiona 10
(FF)
[Highest]
NSE damage cadead to financial
Property losses related to asset damage
Protection (PP) replacement, and in interruption
[Optional] business due to newperational 0-10

components

Score may vary from 0 to 10 as

determined by the owner/operatg
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Table 23: Parameters for seismic risk assessment ofstactural elements according to
FEMA-E-74 Standard2011)

Shaking intensity: Low (L), Medium (M), High (H
Life safety (LS)

FEMA-E-74 Standard Property Loss (PL)

Functional Loss (FL)

Type of detail: Non-engineered (NE), Prescriptive
(PR), or Engineering Required (ER)

[ Building plars and details ]

Cold Water

[ Plumbing System ]‘_[ Linking MEP details to the architectural mode
; Mechanical equipment]

Providing an inventory of important OFC
in BIM Water Heater

[ Building architecturamodelingusing J_ Placing different OFCs

BIM [architectural components
‘ & building contents]

CSA-S832 ]
Standard OFCs seismicisk assessment HVAC svstem
implementation Automate At handin
FEMA-E-74 ‘ through 9
Standard BIM

Creating a list of OFCs with high risk

|

[ Prioritize the OFCs based on their Risk Inde

.

[ Color-coding of norstructural elements based on their seismic risk sc]

¥

[ Auto updating the seismic risk score of the 1structural elements base}

—I Ducts

on their coordinates

Figure2-1: Hierarchy of the study
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2.3.Example Application

2.3.1.Building Characteristics

For this study, we use a sstory reinforced concrete apartment building with
moment resisting frames in the longitudinal and transversal directions founded on
stiff soil. Moreover, the apartment ilding is assumed to be subjected to a seismic
hazard level corresponding to that of Montreal, Canada. The building was modeled
in Revit 2016, where different types of architectural components, building contents,
mechanical equipment, and plumbing systevese considered. Pertinent assumptions relating to
the type of attachment, flexibility, functionality, and so forth, for NSEs were based on standard

practices in building construction. Tablef2showshe kinds of NSEs used in this study.

Table 24: List of all types of NSEs used for this study

Category Type Assumptions
Building M-Entertainment center(shelving] Against the partition wall, free
Contents (2743%x762%2134mm) standing with no connection

Suspended compound ceiling: | Has no sway braces, tiles are tight to
600x1200mm grid, outer layer: | the walls, heavy duty suspended

ceiling tile ceiling system
Architectural Glazed curtain system panel | Not anchored, tight to the exterior
Components walls
Interior partition wall attached to the suspended ceiling
Parapet Over public sidewalk, not anchored
Windows Tight to the exterior walls
Supply diffuser 600x600 face an( Partiallyanchored to the ceiling, mus
300x300 connection (HVAC) | be fully functional except for toilet
Mechanical Round HVAC duct Partially seismic restraint
Equipment & Water heater Full restraint, must be fully functional
Plumbing Pipes (hot and coldater Partially seismic restraint, against the

plumbing) partition wall and ceiling, must be
fully functional

15



2.3.2.SeismicRisk Assessment dflon-StructuralElements

Figure 22 shows the architectural plan and 3D model of the building, including the NSEs
and the mechanical, electrical, and plumbing (MEP) details. After modeling the building and its
NSEs, all indices needed for seismic risk assessment of the NSEs, includingethosed for
determining the vulnerability indexXV) and consequence indef)( were assigned to each
corresponding element in the model to generate their seismic risk assessment tables in the
architectural and the MEP mod€&€lSA-S832(2014)accords a risindex of 16 or below to a low
level of seismic risk where no mitigation measures are required. For each NSE with a risk index
higher than 16, an appropriate mitigation measuneésledand its priority depends on its ranking

relative to the other elemts.
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Figure2-2: The BIM model of the casstudy building with its nosstructural elements
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k index tables created in Revit for ceiling and diffusers
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Table2s5 s hows two samples of seismic risk as

in the BIM modetto assign the seismic risk rating to each NSE in the model. They were prioritized
based on their risk index and those elements with seismic scores mor® twvarelhighlighted
automatically in red using the conditional formatting defined in the mottelMontreal, the
acceleratiorbased site coefficient, aFs 1.14, and the spectral response acceleratigh (S
corresponding to the building period of 0.2s, 840 The values of Mfor a sixstory reinforced
concrete moment resistant frame in site class D stiff soil is 1.4 according «58%42014)

With these valued/G is Fax $:(0.2)/1.25 or 0.58, which is constant for all NSEs.

2.3.3.Non-StructuralElements wittHigher SeismicRisk

Table 2-6 shows the seismic risks of the NSEs to the building rated usingSB32 and
FEMA-E-74 standards. The seismic risk score (RS) can be used to assess the vulnerability
of NSEs during arearthquake. The seismic risks of an NSE can be injury or loss of life,
loss of function of the NSE, and direct and indirect financial setback. According to CSAS832, a
seismic RS of less than 16 represents a low seismic risk, whereas a rating 46f 16
represents a moderate risk, and a rating larger than 49 represents a high risk. Therefore,
the components with seismic RS exceeding 16 are shown in the table and were prioritized
based on their respective score as the risk for those elements needs to bedmniligat
seismic RSs of the NSEs of the building, as shown in shown in Tabjen2re calculated
using Egs. (3) corresponding to the CSA standard, the assumptions made in Tdble 2
and the indices determined from Table& Aand 22. For example, the s#ic RS of a curtain
panel (east) was calculated as follows. Tabi &sumes that the glazed curtain panels are

not anchored and are tight to the exterior walls. To determine R, the first vulnerability
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index (V) and consequence index (C) need to be ledxli To calculate V, as shown in
Table 2-1, three indices, VG, VB and VE must be determined. VG is dependent on the
location of the building (Montreal) and VB is dependent on the type of building (e gtosyx
reinforced concrete moments resistantmfea built on site class D stiff soil). VE is
obtained from the weighted sum of four rating scores, RS1 (NSE restraint), RS2 (impact/
pounding), RS3 (overturning), and RS4 (NSE flexibility and location in building). As
assumed in Tabl@-4, no restraint wasised for the curtain panels. Therefore, the RS and
weight factor, WF, are determined 10.0 and 4.0, respectively; RS1 was calculated at 40.0.
Regarding RS2, it was also assumed that there is no gap between the curtain panels and
the walls. Therefore, theiRS and WF are taken as 10.0 and 3.0, respectively; RS2 is
calculated at 30.0. Accordingly, RS and WF for RS3 and RS4 are 1.0, 2.0, and 10.0, 1.0,
respectively. Therefore, VE (the NSE characteristic index) is calculated as 82.0. And
consequently, V is caltated as 6.70 using Eq. (2). To calculate C, the LS and functionality
indices are used, as shown in Table 3. Since the main entrance of the building facesl ¢hst,
curtain panels are used for the living rooms of the building, the damaged -curtain
walls may cause injury to people. Therefore, their RS for LS is determined as 10.0. The
curtain panels are required to be fully functional because if they are damaged or broken
due to an earthquake, the building may not be suitable for occupancy. Therefofer RS
functionality the index is assumed at 10.0 for the curtain panels, and C is calculated as 20.0
using Eq. (3). In this case, the total seismic RS is 134.0 using Eq. (1)

The last column of Table-@ shows the four indices required g®ismic risk assessment
of the NSEs of the building based on the FERA4 standard. In this column, the FEMA
E-74 RSs of H, M, and L refer to high, medium, and low, respectively, as described in

Table 23. For example, for the curtain panel in the eastvH,H, ER mean that its risks
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associated with LS, PL, and FL are high, moderate, and high respectively; and ER implies
that engineering parameters are required for its installation. Tab#h8ws the assumptions made
for risk assessment using both the n@dian and American standards. As seen
in Table 26, the results provided by both methods are similar except for a few elements
such as the diffuser. According to FEMA74 (2011) in zones of moderate
seismic hazard like Montreal, the risks associatedh Wit and PL resulting from diffusors
are high. In the present case study, the risk of such diffusors is deemed medium since they
are assumed to be partially anchored to the ceiling (Ta#le Zhis also applies to shelving
where the LS risk is usually Higin a location with moderate seismic hazard but based on
its position in the building and anchorage system, the LS risk is evaluated as low.

By developing a list of possible damage and mitigation techniques forribligINSES,
one can investigate what figiation measures will be useful in reducing seismic risk. For
instance, as shown in Table62 according to the current assumptions, the glazed curtain
wall panel in the east view has the highest seismic risk. Therefore, if vibration isolation is
provided f o r the Dbuildingds glazed curtain panel :
and if a type of glass that will shatter safely is used, its vulnerability index will be reduced
to 4.5 and its seismic RS will be considerably decreased from 134 (High ®is&®.4
(almost Moderate Risk) (around @3 % r educti on) . Such <changes
RS can be automatically updated and saved in the BIM after its consequence and vulnerability RSs

have been modified.
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Table 26: Seismic risk assessment of rstnuctural elements with high seismic risk (RS)

*(R T Restrained; T Impact; Oi Overturn; FXi Flexibility; LS Life Safe; FOi Fully
Operational, HR High Risk, MRi Moderate Risk)

OFC |RS |WF W |[RSWF| W |RS WF | W |[RS |WF | W |VE |V RS |RS |C Seismic Risk
(R) | (R) RS1 [(D* [() | RS |(O)* |(O) | RS |(FX) |(FX) | RS (LS)* |(FO) Score
* 2 3 * 4 * CSA | FEMA

Curtain | 10| 4 40 | 10| 3 | 30 1 2 2 10 1 10 | 82 | 6.7 | 10 | 10 |20 H, M,
Panel 134.0| H, ER
(East) HR
Curtain | 10| 4 40 | 10| 3 | 30 1 2 2 10 1 10 | 82 | 67| 5 10 | 15 M, M,
Panel 100.5| H, ER
(West) HR
Interior | 10| 4 40 10| 3 30 1 2 2 10 1 10 82 | 6.7 5 10 | 15 M, M,

Partition 100.5| H, ER

HR
Diffuser | 5 4 20 | 10| 3 | 30 1 2 2 10 1 10 | 62 | 51| 5 10 | 15| 76.0 H,
HR | HL,ER

Windows | 1 4 4 10| 3 | 30 1 2 2 10 1 10 | 46 | 3.7 | 5 10 | 15| 56.4 | M, M,
(except HR H, NE

for toilet)

Hot 5 4 20 10| 3 30 1 2 2 10 1 10 62 | 5.1 1 10 | 11| 55.7 L, M,
water HR H, ER
pipe
(bath)
Parapet | 10| 4 40 1] 3 3 10 | 2 | 20 5 1 5 68 | 55| 10 0 |10| 556 H, L,
HR L, E
Cold 5 4 20 10| 3 30 1 2 2 10 1 10 62 | 5.1 0 10 | 10| 50.7 L, M,
water HR M, ER
pipe
(bath)
HVAC 5 4 20 1] 3 3 1 2 2 10 1 10 | 35 | 29| 5 10 | 15| 429 | L, M,
duct MR L, E

(dining
room)

Shelving | 10| 4 40 | 10| 3 | 30| 10| 2| 20| 10 1 10 | 100| 82 | 5 0 5| 40.8 | L, M,
(dining MR L, N
room)

Ceiling | 10| 4 40 10| 3 30 1 2 2 10 1 10 82 6.7 5 1 6 40.2 | M, M,

MR M, P
Water 1 4 4 1] 3 3 10 | 2 | 20 | 10 1 10 | 37 | 3.0 1 10 [ 11| 33.2 | M, H,
heater MR L, PR
HVAC 5 4 20 1] 3 3 1 2 2 10 1 10 | 35 | 2.9 1 10 | 11| 315 | L, L,L,
duct MR ER
(Toilet)
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2.3.4.AutomaticColor-Coding of NSEs Based on Their Seismic Risk S¢0RA-S832)

The NSEs of the building are now represented by different colors based on their seismic
RS. By colorcoding the NSEs of the building, engineers and owners can visualgsathe
seismic risk condition of the building NSEs. For automatic eotwmling of the NSEs based
on their RSs, we used a visual programming tool called DynamqBI7) The seismic RSs for
the NSEs were categorized and color coded into six rampes: was used for seismic RS between
0 and 16, yellow was used for the seismic B&sveen 30.0 and 60.0, and red was used for seismic
RSs between 120.0 and 140.0. Figw@shows the colebased representation of the NSEs of the
bui |l di ng 06 stheRevitnwodel. As showen| theicurtain panels represented in red have the

highest seismic RS

Figure2-3: Color-coding of different ranges of seismic risk scores in the BIM model

The colorbased representation of NSEs based on their seismic riskef§@ent way to
visually identify the higkrisk components and to study the effects of mitigation measures.
For exampl e, one parameter affected by the

22



some NSEs, such as the shelving and dining room tableas sinbigure2-4a are too closg.g.,

less than the height of the shelving), according to the-S822 standarthe LS RSindexis

increasedrom one to five.

.
D | E | F | G
Family iSeismic Risk score RS(Life safetyi Comments =
: Seating-Loung inull
: Seating-Loung fnull
I_Shelving 5 Point(X = -12087.977, ¥ = 2050.403, Z = 4000.00
5 Point(X = -11172.977, Y = 2050.403, Z = 4000.00
IM_Shehing 5 Point(X = -10257.977, ¥ = 2050.403, Z = 4000.00
5 Point(X = 14213.023, ¥ = 8860.403, Z = 4000.00

W_Entertainme Point(X = 14186.512,
W a 847152 [ § “Point(x = -10354 6590 Y = 11777.534,
I Shelving T Point(X = 12087 477, . 7
W_Shehing A val 2 1 Point(X = -11172.977, ¥
M_Shehving giris2 1 iPoini(x=-10257.9 i 0
Shelving-Static 317152 1 Point(} = 11945 234, oS, 000.00
Shelving-Static 817152 1 Foint(X = 10845 434 V' = BB42.003, Z = 4000.00
Shelving-Static 817152 1 Point(X = 11981 434 ¥ = 3740997, Z = 4000.00
1_Shehving 817152 1 Point(X = B&72.023, ¥ = 14170 403, Z = 4000.00
W_Shehving 817152 1 Foint(X = 14747 023, ¥ = 14170.403, Z = 4000.0
()
1] | E | F | G 9
Family {Seismic Risk score | RS(Life safsty! [= =

[ Seating-Loung

Tnul

| Seating-Loung

inull

Point(x = -98&

o

Baint(k = 12087
Baint(k = 111
Baint(k = -1 02 .
Boint(k = 14273 023,

Boint(} = 14186 512,

]

. 2 Z4000.0

i_Sheiving

817152 , Z = 4000.0

& Dynamo

Figure2-4.

element

parameterMame

a [/ calculates difference between values
Ho dist = math.abs(a-b); > /J/ Parameter to populate
/4 Tolerance to check “Rs(Life safety)(F)";
distc2888; /#iValue to input to parameter

eement

[T —— parametertiame

(b)

Automatic updating the seismic risk score and the coleteshents based on their
location
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As shown inFigure2-4a, the LS RS index of these two elements is one, and their seismic RS
iIs 8.17. Therefore, they are represented in white. The distances of the shelving and dining
table are 1.4 m and 1.18 m, respectivdh this case, the gap between the shelving and
dining table is about 2.3 m. When the dining room table is moved closer to the shelving,
the distance between them will be automatically updated in the BIM and so will the
seismic scoreRigure 2-4b). As slown in Figure 2-4b, when the dining room table was moved
closer
to the shelving, the LS RS was automatically updated to 5.0, the seismic RS was increased
to 40.86, and consequently, the color changed from white to yellow. Automatic updating
of the seismidRS of NSEs in the building model can be a useful tool for facilities managers

to mitigate the seismic risk of the NSEs in buildings

2.4.Conclusion

We proposed a method for BHelased visualization using a 3D model of a buildang its
NSE with their corresponding seismic risk levels, location, and other reiateanation. This
paper6s main contribution is the defaméworhk ment
for identifying and prioritizing the NSEs with higdeismic risk byintegrating the two relevant
standards of CSA832 and FEMAE-74into a BIM. This method allows for an assessment of the
seismicriskofanNSEinaui | ding to be automatically wupdat
and typelntegrating the seismicks i nf or mati on of a bui Itabi ngds |
allows for the interpretation of the data from a visual inspection after an earthquake to be easily
integrated into the BIM model of a building and the assessmélift@ientretrofit strategis. BIM

models can be used as repositories to prioritize-hgNSEs based aheir likely damage, types,
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and related retrofit actions. Itimprovesh e pr oj ect participantsd unde
of NSEs in evaluating theeismic risk assoated with NSEs in a building. The model can also

capture thepersonnel involved and their responsibilities making management of retrofit actions
efficient. The proposed method can potentially be applied to existing buildindsnttfy NSEs

with high seisic risk potential such that suitable mitigation techniqrasbe adopted. It can also

be used in the design stage for a new building. The pkgreonstrated the BIM method utilizing

a case study building and assessed the seisskicof the OFCs or NSEausing the relevant

Canadian and American standardsshiould be noted that the proposed method is flexible
regarding the standard guidelines used for seismic risk assessment of NSEs, not restricted to

those used fathe demonstration.
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Updated Literature Review and Related Materials

This section focuses primarily on ezt publications and reked worksnot cited in the

published paper above.

NSEs are more vulnerable against the vibration events such as earthqliakeNSEs
failure may lead to injury or loss of life. It might also lead to disruption of services during the
operational phase or even during the transportation stage in modular construction projects, which

is significant forpublic facilities such as dspitals, airports, and fire stations. The reports from
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previous earthquakes have demonstrated extensive damages to NSEs, which led to the loss of their
functionality (Miranda et al., 2012; Ricci et al., 2009; Filiatrault et al., 2001).

Developing a praatal visual framework is critical to impravwg communication between
engineers and ownersletterunderstand most vulnerable NSB&spite the importance of better
visualization and understanding of N®#Hhavwe vul n
integrated it with an effective visualization tool such as BIM. Augulo et al. (2020) developed a
methodology to use BIM for seismic performance assessment in a building. However, they only
considered the structural elements, not NSifsl utilizedBIM only as an input into the FEM
software for the structural analysis purpdBerrone and Filiatrault (2017) developed a workflow
for seismic design of NSEs using BIM. However, their study was not comprehermnsdered
only a specific type of NSEsgnd it did not benefit from the 3D visualization capability of BIM to
highlightseismic vulnerability levslof NSEs, which might not be entirely understandable for non
experts.

As presented irthis chapter, the developed method addedshese issuesAutomatic

seismic risk calculation antblor-based representation of NSEs of a buildin@iBIM modelis

an efficient and fast method identify high-risk components visuallyAs shown in Figure -3r
(the updated version of Figure3}, NSEs are represented with different colors in the BIM model

based on the preefined ranges of seismic risk as indicated in the figure legend.
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M 16<RS<30
30<RS<60

M 6o<Rrs<120
B 120<Rs<140

Figure2-3r: Color-coding of different ranges of seismic risk scores in the BIM model
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Chapter 3: Automated Damage Detection System for Prefabricated Building
Modules during Transportation

General

This paper was submitted to tdeurnal of Automation in Construction in 2021The main
objective of this paper is to develapcosteffective sensebased DAQsystemand an efficient
data analysis method to monitand detect possible damage relateth&ostructuratonditionof

prefabricated modules during transportation

Abstract

Transportation is a significant part of a prefabricated building module. The purpose of our research
is to develop a novel datiriven structural health monitoring (SHM) system to monitor the
structural condition of individual prefabricated buildingauates during transportation by detecting
possible damages caused during their delivery. The developed system consists of two main
components: a sensbased data acquisition (DAQ) and storage module, (which measures and
stores the acceleration responsehef building module), and an automated data analysis module
(which uses a datdriven approach to analyze the captured acceleration data and identify and
classify damages). We explored the capability of the developed system via a real case study. We
attactked 8 vibration sensors to the walls and floors of a wooden prefabricated building module in
the factory and monitored its structural behavior during road transport over 300 Ham.

accelerometedatawere collected, cleaned, and preprocessextt@ctdamagesensitive features

" Mojtaba Valinejadshoubi, Ashutosh Bagchi & Osama Moselhi (2021), Journal of Automation in
Construction @ynder revisioh
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utilizing different data threshold3he acceleration Root Mean Square (RMS) paramgteved

and used as an effective damagasitive feature in SHM projectsas used to derive a statistical
pattern recognition algorithm for damage detectide experimented with 4 common
unsupervised chtering algorithms used in SHM studies to determine the best damage detection
and classification procesk:means, mean shjiftlensitybased spatial clustering of applications

with noise(DBSCAN), andagglomerativeclustering. After the initial analysis,exobserved only

one pattern of data, which meant that the building module was transported safely to the site. We
established three different scenarios to simulate different levels of damage to the building modules.
The performance of algorithms used in @a@® identification and classification was investigated

by two parametersiccuracy scorandconfusion matrixAfter detailed analysis based on different
clustering algorithms, we found that tB8SCANalgorithm yielded the full accuracy score in the

case of more than one level of damage compared kantleans mean shiftand agglomerative
clustering with accuracy scores of 0.81, 0.79, and 0.78 respectivetire end, we developed a

novel visualizabn-based method to identify the failed sensors. The systeralicam for timely
replacement of damaged parts of the prefabricated modules before installation, provide evidence
to support manufacturersd i nsur ammprevecustamems o0 n
perceptions of the quality of prefab constructibtowever, the developed systesmould be tested

further on more prefabricated building modules with a larger number of sensors.

Keywords: Modular construction; monitoring system; Struelu Health Monitoring;

Transportation phase; Clustering techniques, Damage sensitive feature
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3.1.Introduction

The construction industry is quite labiotensive and is exposed to risks associated with

markets, sites, and weather conditifBeaduet al., 2020)Modular and offsite construction aims
to address some of these issusl$er the fabrication process, building modules are transported
from the factory to the project site for installatidmansportation is a significant phase of modular
construction that can affect the module delivery time and project comp{8uoret al, 2020) In
North America, prefabricated modules are transported to the construction site (or to storage) on a
flatbed tractostrailer unit and are finally lifted and placed onto a-poastructed foundatiohe
challengeduring the transportation phasethat the building modules are subjected to additional
stresses because of transportatiafuced vibrational force@Godboleet al., 2018) Vibrations
imparted on the prefabricated modular building unit due to road unevenness have been
experimentally quantified ifinnella et al., 2020)These additional stresses may damage individual
modules, lead to rejection or rework at the building site, require addites@lrces and costs, and
cause schedule delays because offitiing and outof-tolerance modules. Some manufacturers
reported using up to 30% more reinforcing materials in modules to minimize damages arising from
trucking (PATH Inventory, 2003)However,the amount and placement of the extra reinforcing
materialsareusually based on judgment rather than objective analysis. Inappropriate placement of
reinforcing materials can lead to concentration of stresses at vulnerable locations, which may cause
cracking in internal finishing materials

The modules can be subjected to the ribaldiced vibrational forces caused by roughness
originating from poorly finished roads, with design features such as construction joints, thermal
expansion joints, and the presence of distress (such as cracks, pathpkes, corrugation, etc.).

They may also be subjected to aggressive driving behavior such as lane changes, turns with or
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without acceleration, sudden braking, rapid acceleration, and excess speed. Additionally, modules
are also subjected to wind forcdsring transportation that can cause hngagnitude force for
significant amounts of timéGuptaet al., 2008) The combination of transportationduced
vibrational forces and wind forces can produce more destructive effects, which can damage
structuraland nonrstructural components.

Even small amounts of transportation damage to building modules can disrupt the building
envelope's continuity, causing substantial air leakage and moisture deposition, reducing its long
term durability, and causing mold fmems and heat log$mith et al, 2007) From a structural
perspective, transportation damages may impair the structural performance of the completed
building. From a management perspective, transportation damages to building modules, if they are
not deteted and repaired right away, may lead to-alignment issues during the installation
process, affecting the projectbdés final delive
so that the building modules are insured against all possibleusaiuahd norstructural damages
to ensure compensation for the repair cost. Manufacturers usually buy shipping insurance to cover
both altrisk and basie i sk conditions to ensure rei mbursen
are damaged. Basitsk condtions cover collision, earthquake, cyclones, and other common
losses, and allisk coverage includes glbssible risks (including partial and total loss) caused by
physical loss or damage during dd@o+door transit(Freight Insurance2003) In the casdhat
damages are not detected on time before delivery, the repair cost might be very difficult to recoup
from the insurance company because of the lack of timely evidence after dehitough
transportatiorinduced damages to prefabricated building modules are possible, manufacturers
rarely monitor prefabricated modules during transportation because of the monitoring costs and

complexity. Therefore, utilizing a monitoring system isctabfor modular building manufacturers
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to detect damaged modules after transportati ol

for repair and modification costs.

3.2.Literature Review

Our literature review begins with the damagtated studies girefabricated buildings and their
limitations. It continues with a review of the classification methods and clustering algorithms
studies that have been found to be more effective and practical in the cases of structural health
monitoring (SHM) of prefabdated modules during transportatiéarly damage detection is an
initial and essential step in SHM that aims tc

whetherthedamage ispparenthroughout the structure

Guptaet al.(2008)discussed preservice forces generated in a prefabricated woaottrdiglet
building during handling and transportation based on field measurements and analyses. They
investigated a singistory prefabricated mini home typical of those constructed throtiglemada
and the USA as singtamily dwellings.The only visible damageobservedn this study vere
large cracks irthe wall plasterboard radiating from corners of window and door openings and in
the ceiling plasterboard’he cracks werédetected basedhovisual inspections. The authors used
finite elementmodeling (FEM) techniques to model the observed damages after transportation and
validate their findingsGodbole et al(2018) simulated the vertical motions experienced by the
chassis of a truck trat during transport. They concluded that a component mounting should be
designed to withstand a vertical acceleration of the compomBagchi et al(2007)developed a
FEM system for vibratiotbased damage identification in structur®espite theimpact of
transportatioinduced damagesn the project cost and delivery tinme modular construction
projects(LopezandFroese2016;Global Infrastructure Hul2020) very few studiesas discussed
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above,have investigated the impact of transportaiimiuced forces on prefabricated buildings.
Deformation isan essentigbarameter for localized damage detectidowever, it was observed
that deformationproducedrom FE models (a method for validatingwsttural deformation data)
were not consistent with those measured during the field(@sgitaet al., 2008)because of
possible modeling errorand are not reliable for structural damage detection in the cases of
transportation monitoring~or structuraldeformation monitoringan excellentunderstanding of

the structure is needed to design the instrumentation. plén several similar types of
member&onnections exist (usually prefabricateduilding modules)and if they are subjected

to the same forces, identifying the most critical elements for monitoring may not be, tamal
planning to install onstrainsensor (or more) on each element is not-effsttive. In such cases,
global damage detection mettsusing vibration dateould be morehelpful and costeffective as

a smaller number of vibration sensors are requitésb, the previous studies and tests were on a
prefabricated home, not on prefabricated individual modules. The FE method (dlasecs
approach) and deformation parameter might not be practical for monitoring the structural condition
of individual prefabricated modules during transportation. flngsicsbased approach is costly,

more computationally intensive, andn becomplcated(Smasly et al., 2016)

In modular building projects, individual modules are transported to the site. Using a
physicsbased approach is not practical becauseoitlavbe very timeconsuming and costly if
numerical modeling is used and needs detailed datacbf module in advanc€onversely with
the development afata acquisitionAQ) and transmission technology, the SHM sysieability
to collect datéhas increased over the yeavalinejadshoubi et a(2018a)developed a building
information model (BIM)based data management system for SHM of modular buildihgs.

another study, researchensvestigated the feasibility of using BIM in the SHM process
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(Valinejadshoubet al., 2017)They demonstrated the felaisity of creating and visualizing sensors

data and information in the BIM model f&HM. Valinejadshoubi et a2018b)developed a
preliminary scheme for utilizing BIM to manage SHM data for buildidgsignificant amount of
monitoring datas increasngly becoming availabl@©uanandZhang 2006) The management of

the acceleration data captured during transportation, which may sometimes be hundreds of
kilometers, can be a demanding task. Even with data compression and embedded systems to
convert largequantities of data to more manageable amounts of information, there remains the
need for procedures to manage the ¢Btawnjohn 2005) Therefore, an appropriate approach

such as a datdriven methodis more valuable and practical for mitigating the \alsmentioned

Issues.

Datadriven approacts are easier to implemeandgenerally less expensivand areghus
appealing for continuous monitorif@atbaset al., 2011;Nomanet al., 2012 Posenato et al.,
2010. In adatadriven methodthe difficulties lie in finding the physical meanings behind the
mo d el 0 s aodidata asoabzatiQiventhe high number of measurement poifida Silva
etal., 2007) The integrity of the sensor data needs to be preserved, specificallatadriven
approach, to enhance the reliability and accuratiyeHM system output&Smarslyet al., 2016)
Because ofthe significant deviation or noise during measurements ssential to develop
strategies for ensuring the reliability of the sensor data. Faes®nmultiple sensors are usually
employedrather thara single sensor to improve acquired information accuefari 2015) As
a result, analyzing mutthannel sensors simultaneously increases the complexity of data analysis
and reduces its speed. Another significant isssearchers hayminted ou{Alamdariet al., 2017
Diez et al., 2016 Santoset al., 2015)s the noravailability of data from damaged states. SHM
systems often only have data from the heatthryditiors of structures. Thus, maogntributors to

the literaturgoroposed damage detection methods based on unsupervisedotassapproaches
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Conventional classification methods include clustering algoritliffmeezquitaSanchez
andAdeli, 2015) that is, kmeans, which is widely used in SHMang et al(2020)utilized the k
means algorithm as a classification technitguprocess the sensory data generated fronstalle
sevenstory reinforced concrete buildiago verify the classification performancefsgarwal and
Reddy (2020)used different classifiers, includingrkeans clustering for the anomaly detection
task. Diez et al.(2016) presented a clusteridgased approach that incorporatédNearest
Neighbors(K-NN) algorithm k-means, and Fourier transform for vibration signaicpssing to
detect damage and abnormal behavior in bridge jokitsvever, k-meansis sensitive to the
extracted data features and the initial choice of cluster cqidetzenacdet al., 2019xhat may
lead to erroneous classificatiof8mezquitaSanchezand Adeli, 2015) Santos et al(2016)
presented an outpohly technique based on mean shift clustering (MSC) to automatically discover
an unknown number of clusters that correspond to thmaloand stablstate conditions of a
structureHowever, the MSC performance suffers when the original distance metric fails to capture
the underlying cluster structu¢@dnandet al., 2014)Silva et al.(2016)proposed an unsupervised
clusterbased technique using agglomerative clusterimtjsicernthe structural response as a small
number of structural stateSheir proposed methoctvealed a better classification performance
than the alternative oneegarding falsepositive and fals@egative indications of damage,
demonstrating its applicability feeal SHM scenarioZhou et al(2016)proposed a new approach
for detecting structural damage using structural dynamic responstuateting techniques. They
utilized agglomerative clustering tadiscriminate damaged patternsom undamaged
ones.However, the hierarchical clusterimdgorithms, such athe agglomerative algorithrhave
the disadvantagaf low effectiveness and instabili¢$hiet al., 2020and do not work with missing
data, resulting in mangrbitrary decisionsEntezari et al(2018)presented a method based on the

densitybased spatial clustering of applications with ndB8SCAN) clustering algorithnto
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detect early damage using the vector of the sensitivity of modal strain energy as askamséye
feature.Their results showed th#te proposed sensitivityihction is sensitive to damage and can
be a reliable damageensitive feature in the applications of SHbhtezami et al.(2020)
introduced DBSCAN clusterinigp develop an innovative hybrid strategy for damage detection and
localization Li et al. (2020) utilized the DBSCAN algorithm in their proposed automatic modal

parameter identification procedure gndndrobust enough tmterpret the stabilization diagram

Although a significant amount of research has been done in studying the application of
datadriven techniques in SHM of buildings and infrastructures, the development of statistical
models (which are more practical than physical models), and the monitoring system to enhance the
efficiency of the damage detection process in prefabricateditgiimodules, especially during
transportation, have received very little attention in the literature. Therefore, developing a data
drivenbased framework for condition assessment of prefabricated modules during transportation

can be helpful for the folloing reasons

a. To improve the damage detection process and allow for timely replacement of damaged
parts of the prefabricated modules before installation.

b. To provide evidence to support manufactur
from insurance @mpanies.

c. To i mprove customersé6é perceptions of the

3.3.Research Mission

Modular building design is more complicated than conventional design because of the
different processes involved, such as manufacturing, transportation, and installation. Therefore,

prefabricated modules are subjected to various loads in these processes on additi
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operational loads. Safe delivery of prefabricated building modules is critical for a successful
modular building project. It improves customer perceptions of the quality of prefab
construction andcan prevent any adverse effects (caused by struaiaralges) during
installation and operational phasBsmages can occur to sections or components of building
modules during transportatiomhese damages can be costly to fix and may cause negative
public perception of modular buildings. Based on Splitige(1978) damage due to vibration

can occur for particle peak velocities (PPV
prefabricated mini home, conducted by Smith et(2007) revealed thathe PPV values
developed during transportatiane muchhigher than for lifting processes. According to their

study, based on PPV parameter values, in some locations of the instrumented prefabricated
home, the ratio of the likelihoaaf transportatiofrelated damage compared to damage during
fabrication was ma@ than 6, which indicates higher possibility of damage occurrence to
prefabricated modules during transportatiéwen small amounts of transportation damage to

buil ding modules can disrupt the buil ding en
and moisture deposition, thereby incurring ldagm durability, mold, and heat loss problems

(Smith et al. 2007) From a structural point of view, transportation damage may impair the
structural performance of thecompleted building From a management point of view,
transportation damage to building moduld@snot detected right away, can lead to -mis
alignment issas during thénstallation process af f ect i ng t he projectos
Figure3-1 shows some examples of damages that occurred on the prefabricated house in our

example during transportation.
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(a) corner of door opening (b) ceiling opening (skylight)

(¢c) roof-to-ceiling junction

Figure 31: Damages observed in the prefabricated building after transpor{8tiath et al.,
2007)

Despite the importance tiie transportation phase in modular building projects, studying the
damage of modules during transportati@sreceived thdittle attention Moreover,researchers
have not developed costeffective and rapidautomated SHM systeto monitorprefabricated
modules during transportationSeveral factonproduced prefatficatedmodules may be
transported dailyo theconstruction site. Thus, using the popular FEM updating techniques
(modetlupdate methods) is costlemarslyet al., 2016)and impractical even sometimes not
feasible. Therefore, a dathiven approach would be more helpful in these cases. There are some

challenges in datdriven techniques, such as the need for many data points, the integrity of data,
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the existence of noisyata in real SHM projects, the visualization of d@a Silva etal., 2007)
and the unavailabilitpf datafrom the damagedtructure(Alamdariet al., 2017Diez et al, 2016
Santoset al., 2015) Developing a datdriven structural damage detection framework, which
would address these challenges,ngportantto improvethe damage detection process tbe

timely replacement of damageatbduleparts of before installation

The main goal of our study i® develop a novel datdriven monitoring system to detect
possible damages in prefabricated building modules after transportation. To achieve this goal, our

objectives are as follows

a. To develop a sensdrased DAQ and storage module to be easily attachetheto
prefabricated modules to record and store acceleration data produced during transportation.

b. To develop a novel and easily understandable visualizaised method to identify the
failed sensors before starting the data analysis

c. To test andevaluate the performance of different clustering algorithms to identify the
algorithm with the highest damage identification and classification accuracy in the case of

transportation monitoring via a real case study.

The system, we developed for this stuidyintended to solve the issues that existed in previous
studies(Guptaet al., 2008 Smith et al., 2007 such as the size of monitoring system (which is
critical for monitoring individual prefabricated building modules during transportation), the cost
and complexity of a moddbased approach in the structural damage detection process, the
inapplicability of a modebased approach (which is time consuming and requires detailed
modeling data), and the possible uncertantities in loading data and tempappyrts

configurations (which might affect the outputs of a mduded approach in this case
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3.4.Research Methodology

The developed systemas designed to monitor the structural health of individual building
modules during transportation.donsists of two main componentssensoibased DAQ system
to acquire and store the captured vibradiaata during transportation in the form of accelerat
records, anda datadriven automated data analysis module to analyze the recorded acceleration
data and identify damage accordingly. The DAQ system consists of ten components which the
following sectiordescribesTheavailablesampling rate of the DAQystento build the monitoring
systemwas identified as 125 Hz. The data analysis module consists of smaulles: data
preprocessingdamagesensitive feature extractipnoise eliminationdimensionality reduction
pattern recognitionanddecisionmaking.The Pythonprogramminganguagehas been used here
to code the submodules for the data analysis module. FRj@relemonstrates the overall

framework of the developed monitoring system
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| 1 2 n - : i
o : il :
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Figure 32: The overall architecture of the developed monitoring system framework
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We attached the DAQ systems to the prefabricated modules at seleca¢idns before
transportation to collect and store transportatmmuced vibrations in three directions using
accelerometer sensors. When prefabricated modules were delivered to the site, we detached the
sensors from them and analyzed the acceleratitmrdaorded in the SD card. To amplify the
reliability of readings, in each designated location, we used two sensors to increase the accuracy
of acceleration dathy averaging the two readinggach of the six sulmodules are described

below.Figure 33 shows the detailedrchitecture of the developed monitoring system framework

1. Data preprocessing:

As shown in Figure -3, the submodule contains defining and merging datasets, and data
cleansing, a fundamental step for any machine learning technique. Datasets are defined, and
missing values in each direction (X, Y, and Z) emglaced by the mean value, developing a robust

model for our machine learning step

2. Damage sensitive feature extraction:

The second step is to extract features sensitive to structural damages. Modal parameters, such
as frequency and mode shape parameters, usually lead to the loss of informatiaredosiit
the raw data, which can erasaay small changedue to structural damages. Therefore, as a
statistical parameter, we choose the root mean square (RMS) in our study as astarsitige
feature RMS is directly associated with the vibration signal's energy level, which has been proved
and used as a pttaral damagesensitive feature in SHM studiéavci et al., 2021) As indicated
in Figure3-3, acceleration data in three directions are classified based on the event size of 2500

data points, which means t he pcsoveathetrickcdaring d mo c
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the transportation was monitored and checked every 20s. Therefore, a new dataset of RMS data in

XYZ directions is defined for the next step

3. Noise Elimination:

The occurrences of noisy data in the data set can significantly #fteqgrediction of any
meaningful information, leadintp decreased classification accuracy and poor prediction results.
As shown in Figure-3, in this submodule, noise detection and remoaedcarried out using the
guantile metho@Han et al., 2012p improve the quality of the dataset used in training and testing

the machine learning algorithm used in this-sutdule

4. Data Dimensionality Reduction:

In this submodule, principal component dpsis (PCA)is used to decrease the dataset
dimensionality from 3D to 2D for better visualization and decision making. P@fussupervised
linear transformation techniquesed taextract the critical information from the data and express it
as a set of summary indices calf@thcipal component§Salemand Hussein2019;Jolliffe and

Cadima 20186.

5. Pattern Recognition:

Because there is no information about the damaged state of the building modules during
transportation, unsupervised machine learning techniques areNigle@n unsupervised training
mode, detecting structural damages mainly depends on identifying albdata&rom the testing
data. As shown in Figurg3, we use four clustering algorithmsmeans mean shiftDBSCAN
andagglomerativan our study. Theelbowmethod andgilhouette index (SBre usedo optimize

the number of clusters. For some clustering techniques, soabaasshifandDBSCANclustering,
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we search the optimum paramstealue bythetrial-anderrormethodt o di scover whi

parametei® v eesulted in the most skillfulrpdictions

6. DecisionMaking:

When the clusterings implemented on the PCA dataset, the decissamade based on the
number of detected clusters. If themeno separated, (i.e., compacted) clusters andmndeohly
one pattern of data, then theéeeno damage found, indicating that the building modukes
transported safely to the site. Otherwise, some damagmsred tothe building module. The

damaged datelusterscan beanalyzed further to assess the size and location of damages

Figure 33 shows the detailedrchitecture of the developed monitoring system framework.

3.5.The System Framework
3.5.1. Hardware configuration of the system

The developed DAQ system utilizes an accelerom&iemonitor each module's dynamic
characteristics duringgansportation to deteany possible damage before the delivery process.
The components of the system are as follows:

1. Arduino Uno An Arduino Uno boards an opersource microcontroller boarthat works
as the sens® processing core.

2. MPU6050 An MPUG050 acceleromete&onsistsof a 3-axis accelerometer withmicro-
electromechanicabystem(MEMSs) technologyThe sampling rate of the MP6050 in the
developed system has been measured at 125 Hz.

3. Data loggermodule A data logger module with 2GB mici®D cardis used for storinghe
vibration data fodamage detectioanalysis.

4. Battery A 9V batteryis usedo adda portability feature tanonitoring system units
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Figure 33: The detailed architecture of the developed monitoring system framework
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5. Switch An on-off switch is used to connettte battery to odisconnectt from theArduino
Uno board.

6. Push buttonsA pushbuttonis usedo toggle between two operational states of the sensor.

7. LED lights Red and green LEDights are used as indicaterto show thes y st e mé6 s
operational statéhen the switch turnen, the LED light turns red, indicating that the
batteryprovidesappropriate voltage for the Arduino board and peripheBalgpressing the
push button, the LED light turns green, which shows the system is collecting the vibration
data.

8. Jumper wiresJumger wires connect the sensor and SD card module to the microcontroller
and connect the microcontroller to the battery.

9. Doublesided tape Doublesided tape is used to attach monitoring system units to the
building modules.

10. Protection box A protection boxaccommodates all the components and protects them

against operational and environmental loads.

The hardware total cost is approximately $100 CAD which is much moreffestive than
the alternative systems (shock and vibration sensors) usedofatoing shipment§EnDAQ,
2021, spotsee, 2021)Commercially available shock and vibration seng@&sDAQ, 2021)
produced tadentify and respond to potential shipping hazauwdgpiezoelectric accelerometers
that only allocate 32 kB of memory per "eventjbagh for 4,096 data points which are not suitable
in the case of prefabricated building modules transportation where there are millions of data points
available

The switch supplies power for the Arduino Uno board in a fully assembled sensor with a

funct i onal battery. The Arduino Uno boardbds vo
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voltages to supply the main microcontroller and peripherals, including the SD card module and
MPUG6050 breakout board. A simple state machine controls the funcyoobthe components.

Upon start, the red LED on the sensor box begins to blink, indicating the idle state of the sensor. It
means the battery is providing appropriate voltage for the Arduino board and peripherals. The
sensor should not remain in this stas the microcontroller and the peripherals are consuming

power. After placing the protection box in the designated location, pressing the push button begins
the sensords sampling process. Mo tahids tshtea gsee,r

goes through the following steps:

1. The microcontroller in the Arduino Uno board reads acceleration values for three directions
(XYZ) through the 12C protocol and stores the acceleration values in its internal memory.
Reading a sample from MPUG6050 includetisg up some registers and reading the result

from internal registers of MPUG050.

2. The microcontroller repeats step one 15 times.
3. Atter filling the internal memory, the microcontroller writes all the samples for 15 readings
into the SD card.
4. The microconbller returns to step one.
This process can be halted and restarted by the push button and the main switch. Switching
off the device is considered a new reading in the memory, whereas the push button stops the
sampling (push button stops cannotseen in the log file)When the system starts working, the

log file is created in the SD file, and X, Y, and Z data are separated by\g takeéch line.

3.5.2.Data Collection and P+processing
The data collection system stores acceleration data measured during transportation in an
SD card. SD cards are removed from the system after transportation, and the acceleration data are
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analyzed. The first step of data analysis is data preprocessing déimisets are created, and

missing values identified and filled by the mean value of acceleration readings in each direction.

3.5.3.Damage sensitive feature extraction

When the acceleration datasets are created and preprocessed, astamiige feaire is
extracted from the raw acceleration data in eficdction. The structural behavior of the building
modules is monitored and evaluated ushg per event during transportatiorhe Ams, as shown
in the formula belowis the rootmeansquare acderation (or RMS acceleration) directiglated
to the energy level of the vibration signAlfter calculating theRMS value for each event, new

datasets are defined and merged to build a simglgrehensive dataset.

(1)

, where:
n is the number of data points in each event and

y is the acceleration data in XYZ directions.

3.5.4.Noise Elimination
The realworld data include meaningless data caleise which can significantly affect
various machine learning data analysis tasks such as classification and clustering. In this step,

outliers are detected by tlgeantile methodand removed from the datase®utliers are data
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objectswhich theirvalues are abnormally different (much higher or lower) from otthéas et al.,

2021)

3.5.5.Data Dimensionality Reduction

The main idea oPCAIs to reduce thdimensionality of a data set while retaining as much
as possible of the viation the data set contains. This reduci®achieved by transformingata
into a new set of variables, thencipal componentéPCs) which are uncorrelated, and are ordered
sothat the first few retain most of the variation present in all the original vari¢®&semand

Hussein 2019 Jolliffe and Cadima201§.

In this studyPCAis usedo reducghedimensionalityof datasets from 3D to 2for better
visualization and toremove the variance due to the environmental effect under the normal
condition which can affect the damage detection pro¢eégare 3-4 shows the whole process of

building a new suispace based on principgdmponents

Computing the mean for Computing the covariance
every dimension matrix

Dat as e

v

v

Usingd x k Sorting the eigenvectors &
eigenvector matrix to choosing k eigenvectors to forrn
build a new subspace ad x kdimensionamatrix W

Computingeigenvectorand
the correspondingigenvalues

A
A

Figure 34: The PCA process
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3.5.6.Pattern Recognition

As themost crucial unsupervised machine learning problem, the clustering technique is
used to finda structure in a collection of unlabeled déatar pattern recognitignwe use four
clustering algorithms often found in the technical literature as popular for SHM projects, including
k-means mean shift, DBSCAN and agglomerativeclusteringtechniques A cluster refers to a

collection of data points aggregated together étagn similarities

3.5.6.1.K-Means Clustering

Thek-meansalgorithmis a partitionbased clustering algorithm thag¢arches for a pre
determined number of clusters within an unlabeled multidimensional daliestatts with the first
group of randomly selected centroids used as the beginning points for every cluster and then
optimizes the centroidsd posi Theduster cebtgistpeer f or
arithmetic mean of all the points befpng to the clustef(Ali and Kadhum 2017 Shukla and
Naganna2014. Each point is closer to its cluster center than to other cluster ceftersical
part of thek-meansclustering is choosing the number of clusté¥ The elbow and silhouette
analysis methods optimize the number of cludtarthek-mean<lustering(Claymanet al., 2020
Horvatet al., 2021Yuanand Yang 2019 Syakuret al., 2018 The idea of thelbow method is to
chooseK at which the sum adquared error§SE or the sum of the squared distance between each

member of the cluster and its centroid decreases abruptly

YYOB  G'QQbOTQ (2)

Silhouetterefers to a method that interprets consistency within data clusters. It represents

how well each data point has been classified. Shehich ranges froml to +1, is a measure of
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how similar a data point is to its cluster than to other clusters. Ah&helue indicates that the

data point is well matched to its cluster and poorly matched to neighboring clusters

P P DU (3)
AE - A
#Ep oh
AE 1 ET . AEE 4
E o (4)
where:

a(i) is the mean distance betwaeand all other points in the same cluster.

b(i) is the smallest mean distancei ¢d all points in any other cluster of whicis not a member

(neighboring clusterGy), which has the smallest mean dissimilarity with the cluster).

OE i » 3E p )

where:
s(i) is thesilhouettevalue of data point

An s(i) close to one means that the data is appropriately clusteresgi)&lose to negative

one means that the data is not appropriately clusterededmags to its neighboring cluster

3.5.6.2.Mean Shift Clustering

Mean shiftclustering is a nonparametric, partittbased clustering technique that does not
require prior knowledge of the number of clustéree algorithm determines the number of
clusters with respect to the datiabuilds upon the concepf kerneldensityestimation(KDE), a
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method to estimate the distribution in a dataset. It is also called @seelling algorithm and is
used to locate the maxima of a density func{i®bdallah and Shimshoni, 2014)he strengths of
mean shift clustering are that it does not assume any predefined shape on data clusters, and that it

relies on choosing single parameter: bandwidth.

3.5.6.3.DBSCAN Clustering

The densitybased spatial clustering of applications with ndiB8SCAN)algorithm is
adensitybasednonparametriclusteringalgorithm thatgroups datgoints close tane another
based ontwo parametersa distancemeasurementep9 and a minimum number of points
(MinPoints) If the distance between two points is lower or equal teffsvalue, these points are
considered neighbors. TidinPoints parameteis the number of points needed to form a dense
region.Datapoints are classified as a core point (a point with at MasPointsnumber of data
points in its surrounding), a border point (a point which is reachable from a core point but with less
thanMinPointsnumber of data points in its surrounding), or ati@uga point which is neither core
point nor border point) based epsandMinPointsparametergPerafanLopezand SierraPerez

2021, Deng, 202]

ChoosinggoodepsandMinPointsvalues is essential in the DBSCAN clustering algorithm.
Selecting a minimaépsvalue prevents many data points from being clustered and makes them
outliers and selecting a very higpsvalue leads to placing the majority of data points in the same

cluste.

In general, smakkpsvalues are preferable. In contrast, lafyemPointsvalues araisually
better, especially for the | arge dataset. One
is that it is more efficient for arbitrarghaped clusterén contrast, partitiosbased and hierarchical

clustering techniques are highly efficient with regular clusters.
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3.5.6.4.Agglomerative Clustering
The agglomerativealgorithmis ahierarchical clusteringlgorithmused to group objects
in clusters based on their similatity works in a bottorup manner, which means each data point
is considered a singlelement cluster initially. At each step, the two most similar clusters are
combined into a new bigger cluster. The algorithm is iterated until all data points becomber mem
of a single big clusterThe result is a trebased representation of thiata pointscalleda

dendrogran{Karthikeyan et al., 2020)

The aglomerativealgorithm begins by measuring the distance between the data points via
a clustering distance measurement suckuxdidean distancesing the following formula and

grouping the data points close to one another

d= B @FU._ (6)

3.6.Case Study

The significance of monitoring prefabricated modules during transportation is that the
manufacturer had already experienced some damages on prefabricated modules during
transportation caused by the vibrational forces. FigusesBows evidence of some mbficated
modules damaged during transportation, rejected by the client, and retuthedactory fothe
required modificationgHdowever,some structural damagmight be hiddenThese damage®eed

to be identified and investigatéarther.
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Figure 35: Sample of actual damages (cracks) on prefabricated individual modules caused by

the transportatioinduced forces

We used twdactory-finished wooden modular building untts demonstrate the use of the
developed systenT.he modules were produced BM Solutions Modulaire€ompany located
in Quebec, Canagdandtransportecdbout 300 km, bgtractortrailer, as shown in Figurg-6, from
the factory to the installation site in Montreal, Canddwe size of the bigger module wh8.8x
3.5m (42'x 11-6.5"). We attached four monitoring system units to each modile.number of
sensors was selected in this study based omuldget and time of developing the monitoring
systems. This is stated as one of the limitations of this work at the end of the Discussion section.
To amplify the reliability of readings, two vibration sensors were attached to the floors and two
monitoring ystem units to the wall3 he location of sensors was seleatiabe to the openings of
each prefabricated module due to the concentration of stresses produced by the vibration force in

these locations, as observed and recommended in the research cohgugteith et al(2007)
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Figure3-7 shows one of the modulesd floor plans &

attached close to the window opening.
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Figure37.The instrumented prefabricated modul ebs
position

Thesensors and the associatednitoring systems weiactivated and the transportation
beganafter closing the temporary doors. Figu8e8 shows some instrumented prefabricated

modules in the factory and the installation site.
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Figure 38: The pictures of thenstrumented prefabricated modules in the factory and
installation site

When the modules were delivered to the installation site, we detached the sensors for the data

analysis.
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3.7.System Implementation

We used the developed system to monitor andsagbe structural behavior of two wooden
prefabricated building modules during transportation. Eight sensors and their monitoring units
were attached to the walls and floors of prefabricated motluteeasureandrecordacceleration
datafor the duration of the monitoring perioth our study, only the data measured by two
monitoring units with vibration sensafglodule 1& Module 7)attached to one of the prefabricated
modul edbs fl oors were anal yz e ddatapbdmis weretmbagured 1 . 7 |
and stored i1 n the Sswwsethe@aele&ibn tane history plbtiingky2a e 3
directions for these monitoring system units. As shown in Figi&evibrational forces produced
at the beginning and end of the tsportation (on local and city roads) are much bigger than the
vibrational forces produced during the middle of the transportation (on highways), indicating the

poor road quality and conditions of local roads.
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After visualizing the acceleration data, the data analysis was carried out on the raw acceleration

data.
a. Data Collection anéreprocessing Module

In the first step, a dataset was defined to accommodate the raw acceleration data in XYZ
directions. When the dataset was created, the@meessing module searched to detect if there
were any missing values in tdataset. Then, the mean value of the available acceleration readings
replaced the missing values in each direction (X, Y, and Z). It should be noted that missing values

were replaced by the same mean value
b. Damage Sensitive Feature Extraction

We groupedhe created datasets based @b@0acceleration group size. We calculated the
RMS value for use separately as a dansagesitive feature of each group. FigGr&0 shows the
number ofRMSvalues and RMS data points in XYZ directions. As shown in Figet8, 91
RMSvalues were calculated and extracted from the raw acceleration dataset with 1,728,600 data

points
c. Noise Elimination Module

In this step,we identified and removethe noisy data from the dataset toprove the
clusteringaccuracy.The quantile methodwas used tdind the noise Data were considered an
outlier if their valuewasless thariow quantile(1st percentilg, the point where 1% of the data
have values less than énd greaterthanhigh quantile(99" percentild, the point where 99% of
the data have values less than it erad tagged adaNand then removed from the datasetthis
dataset, we identified dremoved 3@utliers. Figures$-11 and3-12 show the outpstof theNoise

Elimination Module In Figure 312, outliers are marked with aircle (O).
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Figure 311 The number of RMS data points after noise elimination
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Figure 312: The pair plot of the RM8ataset before and after noise elimination step

d. Data Dimensionality Reduction Module

TheData DimensionalityReductionModuleuseshe PCA algorithmto reduce the ataset's

dimensionfrom 3D to 2D.The PCA creates bbw-dimensional representation of the samples from

a data setwhich is optimal because it retains as much variance in the original dasgpestsile.

The first step of PCA is feature scalil®jandardization is a scaling technique wherevéthees are

centered on the mean with a unit standard devialiba.PCA calculates a new projection of the

data set, and the new axis is based on the standard deviation of the variables. Thdrgfore, a

standard deviation variableill have a higher weilgt for calculating theaxis than a variable with

a low standard deviation. If RMS data are standadliak data points have the same standard

deviation thus all features have the same weigiitd the PCA calculatékerelevant axis

We used thestandard scalemethod to scale the RMS values in all directidguation (7)

is the formula for standardization.
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— (7)

where:
Ais the mean of feature value,
and, isthe standard deviation of the feature values.

After standardizing the RMS dataset, we applied the PCA algorithm to decrease the
dimension of the data set to 2D. Fig@r&3 shows both principal components (PCs) calculated for

each feature (X, Y, and 2Z).
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Figure 313: The PCs of the RMS dataset for each direction

Therefore, the corresponding PCs multiplied by the RMS values in each direction calculate
a new data point for the PC dataset. The first and second PCs are calculated based on the following
formulas:
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where:

X, Y, and Z are RMS values in X, Y, and Z directions, respectively.

The scatter Ipt, as shown in Figurg-14, displays the results from PCA.
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Figure 314 The scatter plot of PCA data

PCs are extracted to represent the patterns encoding the highest variance in the data set.
However, in many higldimensional realvorld data sets, the most dominant patterns (i.e., those
captured by the first pri nci malps flom ong anoten.t s )

Therefore, the PCA datanbe used as a practigaputinto theclustering algorithms

e. Pattern Recognition Module

The Pattern RecognitionModulewas applied to the PCA data to detect any dissimilarity

between data. Figui215 shows that only one data pattern was found bk-theansclustering
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algorithm where the data are compacted, meaning that no structural damage occurred on the

prefabricateanodule.
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Figure 315: The cluster resulting frorkkmeansclustering
3.8.Validation

3.8.1. Damage Simulation on the Test Data

After analyzing the data measured by the monitoring system units, we determined that no
damage occurred on the instrumented prefabricated building unit during transportation. As Table
3-1 shows, three scenarios weyeoposedo simulate different structural damage levels on the
acceleration data to validate the developed system and workflow and select the best classification
method The damage simulation Scenarios, used in this study, were established based on the
method useth the research conducted by Ding et@014)for simulating the effects of structural
damages on the RMS values of acceleratt@enario 1 indicates two types of classification, intact
and low damage data. Scenario 2 shows three types of clagsifigatact, low damage, and
medium damage data. And finally, scenario 3 indicates four types of classification, intact, low,

medium, and high damage data
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Table 31: The proposed scenarios description

Scenario Level of Damage Damage Simulation Description

Scenario 1| One level of damage 1 Amplifying the last %35 of RMS dat
Damage Classification Number: by & factor of 1.05

Intact:0

Damage Level 11 (low)
Scenario 2| Two levels of damages 1 Amplifying the last %35 of RMS dat
by a factor of 1.05 & 1.10

1 %80 of data by 1.05
Intact: 0 1 %20 of data by 1.10
Damage Level 11 (low)
Damage Level 22 (medium)
Scenario 3|Three levels oflamages 1 Amplifying the last %35 of RMS dat
by a factor o0fL.03, 1.06 & 1.08

1 %60 of data by 1.03
Intact: 0 1 %25 of data by 1.06

Damage Level 11 (low) 1 %15 of data by 1.08
Damage Level 22 (medium)
Damage Level 33 (high)

Damage Classification Number:

Damage Classification Number:

3.8.2. Evaluation of Clustering Method®dased on Proposed Scenarios

As Table 31 describes, in scenario 1, only one level of damage (low damage) was defined
by amplifying the last 35% of RMS data points by a factor of 1.05. We standardized the modified
RMS dataset, and applied PCA to it to use as the input to differesteighg algorithms. We
applied the PCA algorithm to the modified RMS dataset in all established scenarios. We classified
the vibration data according to the damage classification numbers to evaluate the accuracy of
different clustering algorithms used inig study and identify them visually. FiguBel6 shows
PCA plots based on different proposed damage simulation scenarios. A specific color shows each

level of damages.
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Figure 316: PCA plots based on different damage classifications
a. K-means clustering

The kmeansalgorithm was used to evaluate its effectiveness and accuracy in identifying and
classifyingdamages in different proposed scenarios. Because the number of clusters must be
predetermined in the-meansclustering, we usethe elbow method andsilhouette analyses to

optimize the number of clusters We appl i ed both methods to the
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and determined their optimum number of clusters. We calculated the number of clusters for
scenarios 1, 2, and 3 to be two, three, and four regplyc which was correct based on the damage
simulation. Figure &7 shows the optimum number of clusters found beithev method for the

first and third scenarios wheB&um of Squared Error§SSH decreases abruptly. As shown, the
number ofclusters was identified as two and four correctly for the first and third scenarios, which
means there are two and four damage classifications in scenarios number one and three,

respectively

The Elbow Method showing the optimal k

The Elbow Method showing the optimal k

125

Distortion

Figure 317: The optimum number of clusters for the first and third scenarios calculated by the

Elbow method

We also appliedsilhouette analysis to the data dfifferent scenarioso determine the
optimum number of clusters and validateeli@owmethod results. The output (humber of clusters)
from theslhouetteanalysis was the same as the outputs determined lelptivemethod, and for
Scenarios 1, 2, and 3 we calculated twaeehand four, respectivelhs shown in Figure-38, the
silhouettescore fom_clusters= 4 in scenario 3 has the highest value and is closer to one, which

shows the optimum number of clusters.
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Figure 318: The optimum number of clusters for the first and third scenarios calculated by the

silhouetteanalysis

After identifying the optimum number of clusters, we used the number of clusters as input

for thek-meangclustering. Figures-39 and 320 illustrate he classification results of scenarios 1,

2, and 3. As shown, although the algorithm accurately detected the number of clusters (damage

classification), only the damaged and undamaged data in scenario one was grouped in suitable

clusters, and thikemeansalgorithm could not classify all the damaged data accurately in scenarios

2and 3
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Figure 319: K-meansclustering classification result on the scenario 1 data
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Figure 320: K-mean<lustering classification result on the scenario two and scenario three data

As shown in Figur&-19, thek-meansalgorithm could successfully group all damaged and
intact data into a separate cluster in scenario 1. However, in scenarios 2 and 3, as shown in Figure
3-20,k-meanscould only group intact and damage level 3 data correctly into a separate cluster. At

thesame time, it could not classify damage level 1 and damage level 2 accurately.
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b. Mean shift clustering

Unlike thek-meansalgorithm, the number of clusters is estimated based doatigwidth
parameters such as samplesandquantile The bandwidth is the distance/size scale of the kernel

functionor windowsizeacrossavhich the meais calculated

Then_ sampleparameter refers to the number of input points (in this case, the number of
RMS data pointsQuantileshould ben the range of0, 1]. The optimum value diquantiled was
identified as 0.5 for scenarios 1 and 2 and 0.3 for scenario 3, which also worked for scenarios 1
and 2, using the trisdnderror method to estimate the correct number of clusters for different
scenarios. A quantile @.5 means that the median of pdlirwise distancewasused Using the
specifiedquantile parameter valueve estimated the number of clusters correctly (2, 3, and 4 for
scenarios 1, 2, and 3, respectively). LKKemeansclustering, themean shiftalgorithm could
successfully group all damaged and intact data into a separate cluster in scenario 1. Scenario two
could only group intact and damage level 2 data correctly into a different cluster (Fifa]y.
In scenario three, thmean shifcould only group intet and damage level 3 data correctly into a
separate cluster (FigureZl [b]). At the same time, it could not accurately classify damage level

1 and damage level 2 data into suitable clusters

69



7’ \
1 ‘< ‘
/ %, "2 \
’ e
- ’ A 1
) R ’ i I
i ’ ! -t !
5y ’ -1 /
: L ’ A o /
i 1 4 [ dg%e ’
F 4 A s
3 ! , ,”l"" 4
‘- -’ <47 .y
e II /
/ &y, ’
’ - “els ’
. / H
I, ’ ‘\ ’f_-\-‘: e
, - -,
\ -,
] / , N - _-
\_ - \\_‘__—’
PPt ~.
pa N
// \
E: dm‘vtero‘ 4 \
7 A
’ et \
/ LR 1
4 . - 1
I, L VT 1,
Phoind ety 1
, ! ! fae /
7/ ! L /
/7 / le *a* . /
/ / 7T A - 4
1 ’ . 2 . , -~
| Al 4 '3' b e - !
~- ’ A I e /
/ R ANAN - 7 4
/ ’ \ 7 ’
) L7 S ,’// ’
- ,
\ S =" A ’
= , ,
’ ,
7 '
'
4 -
’ e
\_--
3

Figure 321: Mean shiftclustering classification result on (a) scenario two and (b) scenario three

data (b)
c. Agglomerative clustering

Agglomerativeclustering uses theuclidean distanc@arameter to find similar data
points and group them into the same cluster. Although the number of clusters cannot be estimated
automatically by the algorithm, it can be identified by the algorithm dendrogram. As Figare 3
[a, b] shows, the number of sliers was identified correctly from the dendrograrke k-means

andmean shiftlustering, theagglomerativeclustering could successfully group all damaged and
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intact data into a separate cluster in scenario 1. However, in scenario 2, as shown i8-Fxure
[c], it could only group the intact and damage level 2 data correctly into a separate cluster.
Simultaneously, scenario 3 only grouped the intact and damage level 3 data correctly and could not

accurately classify damage level 1 and damage level 2
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Figure 322 Theagglomerativeclustering classification result on the scenario two (a, ¢) and
scenario three data (b, d)

d. DBSCAN clustering

The DBSCANalgorithm is one of the most common clustering algorithms that separates
high-densityfrom low-density clustersSome substantial advantages of iBSCANalgorithm are

estimating the number of clusters, sorting data into clusters of varying shapes, and being robust to
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outliers. Because the simulated damaged data was already labeled based on different damage
classifications, we considered different sets of values forntleed e | 6 s pGepdandet er s,
i n P o torachigv@ the correct number of clusters and classificalioe.optimum value of
epHandMinPointswasidentified as 0.6 and 15, respectively, using the-amaterror method to
estimate the correct number of clusters for different proposed scenarios. As Fagusa@vsthe
number of clusters was estimated correctly using the speeggthdMinPoints parameter values
(2, 3, and 4 for scenarios 1, 2, and 3, respectivelgyvever,becausen modular building, most
of the individuaimoduleshavethesame size anaretransported to the site with the same temporary
configurationof supporton the trug, the optimum valueslentified for the DBSCANalgorithm
for the first individual modules anthe same road profile can be used for otfwefabricated
modules

As Figure3-23 shows unlike other algorithms, the DBSCAN algorithm could classify all
damage levels in all scenarios and group them correcitypultd group idensely groupetldata
points into a single clustewhich plays a substantial role in correctly classifying different levels
of damage. The most exciting feature of DBSCAN clusteriisgthat it is robust to outlierg\s
shownin Figure 323, outliers were illustrated in black. In this case, because the dataset was already
denoised, these outliers might be caused by the impact loads produced because of the weak road
condition. Therefore, if required, outliers can automatically be added to their closest cluster for

further analysis
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@)

Automatically created module for IPython interactive environment
Estimated number of clusters: 3 Automatically created module for IPython interactive environment

4 Estimated number of noise points: © Estimated number of clusters: 4
Estimated number of noise points: 10
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Figure 323: The DBSCANclustering classification result on the scenario one, two and three (a, b,

and c respectively)
3.9. Evaluating the Accuracy of Different Clustering Algorithms

We comparedhteclassification accuracy of different clustering algorithms used in this study
for different proposed scenarios (scenarios 1 and 2) and different sizes of event (625 [5s], 1250
[10s], and B00 [20s]to identify the most effective algorithm and optimum size of event for the
developed framework. We investigated the accuracy of algorithms using two paraaoeierscy

scoreandconfusion matrix
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Theaccuracy scorés the ratio of the numbef correct predictions and the total number of
predictions calculated by the algorithAconfusion matrixs an N x N matrix used for evaluating
the performance of a classification model, where N is the number of target classes. The matrix
gives a holistic view of what kinds of errors it is makifigble 32 shows the structure of the
confusion matriXor two types of classes (scenario ani@) Table 32, the columns represent the
actual values of the target variable, and the rows represent the predicted values of the target
variable. In theconfusion matrixTP (true positive) and'N (true negative) show theumber of
data points correctly clustered by the algorithm, BRdfalse positive) andN (false negative)
show the number of data points falsely predicted by the algorithm. TalBlesn@ 34 show the
accuracy of the clustering algorithms used in thesliged framework for scenarios one and two

for different events

~ o~ ~ ~ A e

| AAOOAR QA (10

Table 32: The structure ofonfusion matrix

Positive| Negative
Positive TP .

Negative| [EM TN

As Table3-3 shows, in scenario 1, in case of a single level of damage, for data windows of
10s and 20s, all algorithms could yield the compdemuracy score of 1. In the data window of 5s,
the only algorithm that could not obtain campleteaccuracy score was thagglomerative

algorithm with two false negative (FN) predictions, which could be negligible.
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Table 33: The accuracy performance of different clusteatgprithms fordifferent sizes of the

event in case of existing one level of damage
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Table 34: The accuracy performance of different clustering algorithmdifterent sizes of the
event in case of existing two levels of damage



As Table3-4s h o ws , in the case of mor e tadcaaty one
scoreswere decreased. The only algorithm with the acceptdidaracy scoref 1 in a case of
existing different damage classifications in other data windows (5s, 10s, and 20s) RAS@¥eN

algorithm which could classify all the data points in their associated clusters

3.10. Sensor Failure Analysis Module

The developed sensor fait analysis module can be used to detect the sensor failure using a
correlation matrix. We used RMS data, calculated in sed@i@nto evaluate theorrelation
between the variables on each afiaccelerometer sensors. As shown in Figu2d 3a heat rap
plot was used t@xplain the correlation among the variabtdseach sensor. We evaluated the
correlation of RMS acceleration data in X, Y, and Z directions, captured by the sensors placed on
the same type of element. Therefore, the outputs of sensors attached to the walls and floors were
compared to calculate thesorrelation.Correlation ranges frorrl to +1. Values closer to zero
mean there is no linear trend between the two variablescdimelation coefficientlose to 1
indicates that the data are m@msitively correlatedThe diagonals are ajlellow becaise those
squaresorrelateeach variable to itself (soig a perfect correlation) he largewvaluesare shown
in lighter colors and indicate higher correlation between the two variables. The plot is also

symmetrical about the diagor@@caus¢he saméwo variables are paired together in those squares
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Figure 324: The heat maplot used to show the correlation between the sensors

The purple cells in the heat map pléigure 3-24) mean there is noorrelation between
the sensor data. For example, as Figu?d 3hows, there is no correlation between sensor number
4 and sensors 2 and 3. Tablé 3hows the correlation between pairs of associated sensors.
According to Table &, the checkmark meanseth sensor sdé data are correl

means there is no correlation between them
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and there is no correlation between seng8@sand 63 in the Z direction. Thus, we can conclude
that sensorgl and 5 failed in all directions (XYZ) and sensor number 3 failed only in the Z

direction. The sensor failure analysis madohn help SHM engineers find failed sensors quickly

Table 35: The correlation between different sensors

Sensors Combination RMS (X) RMS (Y) RMS (2)
Sensor 1 _ Sensor 7 v v v
Sensor 1 _ Sensor 5 X X X
Sensor 1 _ Sensor 8 v v
Sensor 2 _ Sensor 6
Sensor 2 _ Sensor 3 X
Sensor 3 _ Sensor 4 X X X
Sensor 2 _ Sensor 4 X X X
Sensor 3 _ Sensor 6 X
Sensor 4 _Sensor 6 X X X
Sensor 5 _ Sensor 8 X X X
Sensor 5 Sensor 7 X X X

Sensor 7 _ Sensor 8

As Table 35 shows, there is no correlation between seriddr2-4, and6-4 (attached to

he modul eds

Wba85]) apd7-a(nadt tseemtseod st o

to exclude their data in the data analysis

3.11. Discussion

can lead to misalignment issues aodtinuitydisruptionin the building envelope, causipgoject
delays and cost increase because of additional rewaddifications andsubstantial air leakage
and moisture deposition, therelyeatinglong-term durability, mold problems, and heat loss

respectively.This paper introduced a novel seautomated datdriven monitoring system,

Structural damages may occur because of transpoHatioiced vibration forces, which

in hlledireationd, u |
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particularly for monitoring prefabricateduidding modules during their transportation, to ensure

their structural integrity before their installation

In terms of the sizef the hardware system, the developed sensing system (set up in a
protection box) can be attached to different parts of bpteéabricated building modules to track
and monitor their structural behavior against the road and dndaced vibrational forces during
transportation to the sitd.he MPU6050accelerometer was selected for the system, which is
designed for low power, low cost, and higarformanceequirements. The system can measure
the modul esdé acceleration in XYZ directions a
during transport#zon. The SD card module was preferred over wirebessed, remotsensing
monitoring for two reasons. First, in case of structural damage occurring on prefabricated modules
during transportation, the truckiverscannot safely stogheir vehicleon theroad, and repairing
the modules is impossible in transit. Second, it is much morestfestive than wireless systems.
Using an onboard card data storage module (in this case, using an SD card) is more practical and
less costly.Therefore, the developedatdware system is efficient in monitoring prefabricated

building modules in terms of size and power

The developed system integrates the sensing system and machine learning technology to
monitor the structural behavior of prefabricated building modulasgmiautomated mannes
we mentioned earlier, although structural damages (minor or major) might occur during
transportation, few studies have examined this occurrence. In our current study, we selected the
Python programming language to analyze tatzause of its simplicity, speed, and the availability
of effective machine learning libraries and frameworks. After creating databases and preprocessing
the acceleration data, we selected the RMS parameter as the dansaifjee featurelhe reason

for choosing the RMS parameter over other common parameters such as acceleration frequency
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was the sensitivity of RMS acceleration against minor structural damages usually hidden in the
prefabricated moduleddodal parameters identificatideadsto a loss of mformationcompared

with the raw datandcan erasany small changesaused btructuraldamageWe used the PCA
algorithm to reduce dimensionality and remove the environmental effects for better visualization
and damage classification and extrardical information from the data. As shown in Figurg53

PCA could make the damage detection and classification processes significantly easier. In scenario
3, where there were three levels of damage, as shown in Fi@s{a]3damage identification én
classification were not easily possible based on the initial RMS data point plot, whereas after the
PCA process, different levels of damage could be visualized easily. Thus, RMS acceleration has
been used as a practical damagasitive feature in tranggationinduced vibration monitoring,

and the PCA algorithm has been utilized in the data analysis module for an easier and more efficient

damage detection and classification process
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Figure 325: The data points plot before and after PCA
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The output of PCA was used as inputiie machine learning algorithms. The reason for using
means meanshift, agglomerativeandDBSCANunsupervised clustering algorithms in this study
was their application and popularity in SHM studies and pro{Bciszenackt al., 2019Entezami

et al., 2020 Agarwal and Reddy, 202@zimi et al, 2020 Andradeet al, 202Q Panget al, 2020
Hamishebahaet al, 2020 Huanget al., 2019Chen et al., 2018erera et al, 201Bull et al.,
2018. After optimizing the clustering parameteks(number of clusters) for the-meansand
agglomerativealgorithms using thelbow method andilhouettdndex (SlI) quantilefor themean
shift algorithm, andminPtsand epsfor the DBSCANalgorithm by triatanderror method, the
al gor i t h msaéevauatedibasadcoy intentional simulatedadge labels. After analysis,
it was found thatlensitybasedclusteringsuch aghe DBSCANalgorithmcould classify different
damage levels based densitylevels Because of random vibration production and unexpected
road conditions, we found that the shapk clusters might be arbitrary, which can be
distinguishableby densitybasedclustering whereas patrtitioftbased and hierarchical clustering
techniques are highly efficient with typical clustefsgure 3-26 shows the high classification
accuracy of th®BSCANCclustering algorithmFigure 326 (a) shows the classification output of
the DBSCANalgorithm on scenario 3 data, and Figur263(b) shows the classification based on
the actual damage labels. As shomBSCANcould assign the data point in its correct cluster
(cluster number), although it is further from other cluster membeshich shows the high
classification accuracy afie DBSCANalgorithmin this caseThis result has beesbserved in the
accuracy scoreand confusion matrixanalysis in whicnthe DBSCANalgorithm yields the full
accuracy score in the case of more than one level of damage compartbért@algorithms.
Therefore, theccuracy scor@andconfusion matrihave proven effective methods for comparing
different types of clusterintechniques to identify the algorithm with the highest classification

accuracy
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Estimated number of clusters: 3

(a) DBSCANclustering (b) Real ClassificationRCA)

Figure 326: The high accuracy ddBSCANclustering

According to Table 31, six monitoring modules (out of eight) could successfully measure
and store acceleration ddteith a sampling rate of 125 Hz) during transportatidfhen erroneous
data produced by orlend of sensing unit out of a painat resulin serious consequencestte
systemoperationsand data analysisdentifying the faulty sensor plays an essential role in the

correct functioning of thenonitoring systemsOn the other hand, identifying W sensor out of

a pair is faulty can be challenging. Therefore, there is a critical need to detect such failures before

starting the data interpretation. Most of
based on machine learning techniquiest researchers have found that, in this case, machine
learning techniques ammputationallyintensiveand need large training datas@f¢eisset al.,

2016 Gaddamet al., 202). The developed sensor failure identification module presented in our
study effectively detects sensorods failure

developed module, the correlation is considered among sensors placed in the samatatdimn

he

by

sensors attached to the same components such as walls and floors. A sensor failure happens if there

is no correlation between a pair of sensors installed in the same area. Because the elements of a

prefabricated module experience almost the sarbmtonal force during transportation, the
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developed module also investigates the correlation among sensors installed in different positions
on a component (e.g., wall or floor) to compare the correlation between a sensor to all other sensors
to identify the faulty one. Another benefit of this module is its integration with the developed

framework, which works as a part of the system

Our study introduced a muffunctional datadriven SHM system to monitahe structural
behavior of individual buildingnodulesduring transportation to detect any possible damages after

the delivery. Howevemyve note the following limitations to our study

1. The system developed here was tested with a limited number of sémspsensors on
a wall and t wo o.Thesystenncamatsabe Expaihded td use differgnt
sensors for other purposes, sucltagin sensors to monitor the deformation of structural
elementsThe developed system should be tested fudhenore prefabricated modules
with a larger number and multiple types of sensors

2. The developed monitoring system was tested on only two prefabricated individual
modules transported by the same truck. Because the transpeindiiced damages on
prefabricatd modules are inevitablas observed in our visit to the factory siteore tests
on prefabricated modules of different sizes should be conducted to validate the developed
system on units with some actual structural damages

3. The three damage scenariogdi$n our research were hypothetical to simulate different
possible intensities of structural damage (low, medium, and high) on prefabricated
building modules during transportation using amplification factors. However, more
monitoring tests need to be camted on prefabricated modules to find actual damaged

data
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4. In our study, we searched for theptimumvalues of the following parameters fmean
shift and DBSCANCclustering using the trisdnderror methodto determinethe most
suitablepredictions An optimization technique is required to find the optimum clustering
parametersd values automatically. However,
prefabricated with the same size in modular building construction projects and trashsporte
to the site with the same configuration of temporary supports on the truck, the optimum
values for the clustering algorithm for the same road profile can be used for other building

modules

3.12. Conclusion

Monitoringthe structuraintegrity of prefabricated building modules during transportation

is critical for manufacturers and owners to ensure that modules are delivered safely to The site.
main purpose 6 this research was tdevelop a datariven monitoring system to monitohe
structural condition of individual building modules during transportation to detect possible
damages caused during their delivefgr this purpose, a system, which consists of two main
components (DAQ and data analysis components), was developeslystée used acceleration
data and unsupervised clustering techniques to detect and classify damaged and undamaged data.
A userfriendly visualizatiorbased method was also integrated into the system to identify sensors
malfunction. The capability of the deloped system was explored via a real case study.

Based on the study presented haremadedhe following conclusions

C The developed monitoringystemsould successfully record tivéoration of prefabricated

building modules durinthetransportation to the site.
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C Acceleration RMSvas usedas apractical and effectivstatistical damagseensitivefeature
in the developed system

C PCAwasused as addid and effective data reduction algorithm to remove envirariaie
impacts during transportaticend make the damage detection and classification process
more efficient.

C Different clustering algorithms were appli¢ol RMS data during the damage detection
process and accuracy scoreand confusion matrixparameterswere usedas effective
parameterso evaluatéhe performance of thesdégorithms

C All algorithms could successfully estimate the correct number of clusters (two clusters) and
appropriately assign data points to their corresponding clusters for one |eashade.

C After detailed analysissingdifferent clustering algorithms, it was found that B2SCAN
algorithm yields the&eompleteaccuracy score of one in the case of more than one level of
damage compared temeans meanshift, andagglomerativeclustering with the accuracy
score of 0.81, 0.79 and 0.78 respectively.

C Using thesensor failure identification module developed in gtigdy, we identified two

malfunctioning sensors (numbers 4 and 5), and their data were excluded from the analysis.

Timely modifications of damaged prefabricated modules can prevent protfledastional
costs and time arising from misalignment issues during the installation phase and problems during
the operational phase such as air leakage and moisture depositbrcatinegatively impact the
performance obuilding envelope of thenodules The system we developed in our study aims to
solve the issues that existed in previous studies, such as the size of the monitoring system (which
is critical in the monitoring oindividual prefabricated building modules during transportation),

the cost and complexity of a modwsed approach in the structural damage detection process, the
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inapplicability of a modebased approach (which is tirsensuming and requires detailed

mockeling data), and the possible uncertainties in loading data and temporary support configurations
(which might affect the outputs of modehsed approach in this ca3éje developedsystem can

allow for timely replacement of damaged parts of the prefaledaaindules before installatiot

canalspr ovi de evidence to support manufacturersc¢
costs andmprove customer perceptions of the quality of prefab constructiomever, the

developed systershould be tested further on more numbers and types of prefabricated building
modules with a larger number of senstwsbe validated with some real damages rather than
damages simulated in this studyloreover, optimized parameters wal of some clustering
techniques, used in this study, should be found automatically by using some optimization technique

which will be addressed in the feature research.

References

Abdallah L., and Shimshoni. (2014)i Mean Shi ft Clustering Al gor.i
Valueso International Conference on Data Warehousing and Knowledge Disc®&:4§,
ISBN: 9783-319-101590.

Agarwal S., ReddyC. R. K. (20200 A’ Compr ehensi ve Study @f Cl us
Streamd ntérnational Journal of Engineering Research & Technology (IJERTD) 9

Alamdari M. M., RakotoarivelpT., and KhoaN. L. D. (2017) A A s p-leaset clustering for
structural health monitoring of the Sydney Harbour Briddeurnal of Mechanical Systems
and Signal Processing, 87, Part384-400.

Ali, H. H., and KadhumL. E. (2017) K- Means Clustering Algorithm Applications in [Rat
Mining and Pattern Recognitian | nt er nat i onal Journal6@of Sci e
15777 1584.

AmezquitaSanchezJ. P., AdeliH. (2015)i Feat ur e extraction and cl a
health monitoring of structur@sSci.lran. 22:1931 1940.
87



Anand S, Mittal, S., Tuzel O., and MeerP. ( 2 0 1 4 ) ;Supérn/SednkKiernel Mean Shift
Clusteringo IEEE Transactions on Pattern Analysis and Machine Intellig&6): 12017
1215.

Andrade N. L., Finotti Amaral R. P, BarbosaF. D. S, andCury, A. A. (20200 A A hybr i d
learning strategy for structural damage deteddo St r uct ur al Heal t h Mo
Journal.

Avci, O., AbdeljaberO., Kiranyaz S., HusseinM., GabboujM., and InmanD. (2021) i Aeview
of vibrationbased damage detection in civil structures: From traditional methods to Machine
Learning andDeep Learning applicatiors Journal of Mechanical Systems and Signal
Processing, 147.

Azimi, M., EslamloyD. A., and PekcanG. (2020) i D aDrigen Structural Health Monitoring
and Damage Detection through Deep Learning: Sthtee-Art Review.0 Sensaos, 20, 2778.

Bagchi, A., Humar, J. and Noman, £007). i Dev el op ment of a Finite
Vibration Based Damage ldentification in Structubes J our n al of Applied
24042413.

Boady E. F, Wang C. C, and SunindijpR. Y. ( 2 0 2 Oharacteritics of the Construction
Industry in Developing Countries and Its Implications for Health and Safety: An Exploratory
StudyinGhana | nt . J. Environ. Res. Public Health

BouzenadA. E., MountassirM., Yaacoubj S., DahmeneF., Koabaz M., Buchheit. L, and ke,
W. (2019) A A  S®upervised Based -Kleans Algorithm for Optimal Guided Waves
Structural Health Monitoring: A Case Studynventions 4, 17.

Brownjohn, J. M. W., Omenzetter, P., and Moyov, P. (2009).at a Mi ni ng and Vi s
Anomaly Detection and Diagnosis in Civil Structute23rd International Modal Analysis
Conference, At Orlando, USA.

Bull, L., Worden K., Manson G., and DervilisN. (2018)i Act i ve | e asupeniseg f or

structural health monitoring Jour nal of Soud7838&nd Vi brati on

Catbas, F. N., KijewskCorrea, T., and Aktan, A. E. (201 XStructural Identification (STd) of
Constructed Facilitiee. American Societyf Civil Engineers (ASCE) Structural Engineering
Institute (SEI).

88


https://journals.sagepub.com/action/doSearch?target=default&ContribAuthorStored=Piazzaroli+Finotti+Amaral%2C+Rafaelle
https://journals.sagepub.com/action/doSearch?target=default&ContribAuthorStored=Souza+Barbosa%2C+Fl%C3%A1vio+de
https://journals.sagepub.com/action/doSearch?target=default&ContribAuthorStored=Abrah%C3%A3o+Cury%2C+Alexandre

Chen W., Hu, X., Chen W., Hong Y., and YangM. (2018) flAirborne LIDAR Remote Sensing
for Individual Tree Forest Inventory Using Trunk Detectidided Mean Shift Clustering
Technique® Remote Sensin§j0(7):1078

Clayman C., SrinivasanS. M., and SangwarR . S. ( -ehré&nasC)ustering End Principal
Component Analysis of Microarray Data of L1000 Landmark Genésmplex Adaptive
Systems Conference with Theme: Leveraging Al and Machine Learning for Societal
Challenges, Procedia Computer Science 1681@%.

DaSilva, S., Junior, M. D., andJunior, V. L. (2007) iDamage Detection in a Benchmark Structure
Using ARARX Models and Statistical Pattern Recogniton J . of t he Braz. So
& Eng, XXIX(2): Pages:174.84.

Deng D. (2020) "DBSCAN Clustering Algorithm Based on Density2020 7th International
Forum on Electrical Engineering and Automation (IFEE®9-953

Diez, A., Khog N. L. D., Alamdari M. M., Wang Y., Chen F.,, and RuncieP. ( 2016 ) , A A
clustering approach for strugtl health monitoringonbridges J Ci vi |l Struct H
6:429445.

Ding, Y., SunP., WangG., SongY., Wu, L., Yue Q., and Li A. (2014) i E a-Warning Method
of Train Running Safety of a HigBpeed Railway Bridge Based on Transverse Vibration
Monitoringd Hi nda wi Publishing Corporation, Shock

Duan Z., and ZhangK. (2006) i Dat a Mi ni ng Technol ogy foor Str
Pacific Science Review, 27-36.

EnDAQ, (2021) Retrieved from
https://endaq.com/collections/endsigpckrecordersvibrationdatalogge-sensors.

Entezamj A., Sarmadi H., and Saeedi RzavB. (2020) fAn innovative hybrid strategy for
structural health monitoring by modal flexibility and clustering metliods J o ur n al of
Structural Health Monitoring, 1@45 859.

89



Entezarj H. O., GhalehnoviM., and EntezamiA. (2018) fiEarly damage detection in structural
health monitoring by a sensitivity method and DBSCAN clustedirGih International
Conference on Acoustics & Vibration (ISAV2016) At: K. N. Toosi University of Techmglo

Tehran, Iran

Freight Insurance Coverage Terms & Conditio(2003). Retrieved 1 9, 2014, fropanfins

http://mwww.pafins.com/freightinsurancecoverage.htm

Gaddam A., Wilkin, T., Angelova M., and GaddamJ . ( 2 Dek@ing, Sendor Faults,
Anomalies and Ouitliers ithe Internet of Things: A Survey on the Challenges and Soludions
Electronics, 9, 511.

Global Infrastructure Hub(Dec 2020. i Pr ef abri cati on of Buil din

Constructiord Retrievedrom https://www.gihub.org

Godbole S,, Lam. N, Mafas M., FernandgS., Gad. E, and Hashemd. (2018)i Dy nami ¢ | oadi
on a prefabricated modular unit of a building during road transpor@atiodd our nal of B
Engineering, 18260-269.

Gupta G., Asiz, A., and Smithl. (2008) fiStructural Performance of Prefabricated Wood Building
during Handling andransportatio® P r o ¢ e e d i""nprld €énferencezon Tidber
Engineering, June-32, Miyazaki. Japan.

Hamishebahary., Li,H. Z,and GuanH. ( 202 0) #AApplication of Machi
in Structural Health Monitoring ResearcliEASEC16: 219-228.

Han J.,, Kamber M., and PeiJ. (2012)i Dat a Mi ni ng Con e plths ran EdT dad

Morgan Kaufmann Publishers.

Horvat M., Jovic A., and BurnikK. (2021)i Assessing the Robustness
EmotionallyAnnotated Pictures Using Mont@arlo Simulation Stabilized H#leans

Algorithm.6 Jour nal of Machine Learnii4bg. and Knowl

Huang F., Chen Y., Li, L., Zhou J.,, Taq J,, Tan X., and FanG. (2019)A | mp|l ement at i on
parallel mean shifbased image segmentation algorithm on a GRIdtetd | nt er nat i o
Journal of Digital Earth, 13).

90


http://www.pafins.com/freightinsurancecoverage.htm
https://www.sciencedirect.com/science/article/abs/pii/S2352710218300196#!
https://link.springer.com/book/10.1007/978-981-15-8079-6

Innella, F.,Bai, Y., andXhu, Z. (20200)i Accel erati on responses of bu
transportatom Engi neering Structures, 210: 110398

JafariM.(2015)i Opt i mal redundant sensor configuratiol
navigationsystem Jour nal of Aerospace 8®i ence and T
Jolliffe, 1. T., and CadimaJd. (2016) A Pr i nci pal component anal ysi

developments Philos Trans A Math Phys Er&ri, 374(2065).

Karthikeyan G. B., ManikandanG., and ThomasT. (20200 i A compar at imeans st udy

clustering and agglomerative hierarchical clustedngternational Journalf Emerging

Trendsin EngineeringResearch8(5): 1600 1604.

Li, S, Pan J.,, Luo, G., and WangJ. (2020) flAutomatic modal parametédentification of high
arch dams: feasibility verification Earthquake Engineering and Engineering Vibratith
953 965.
Lopez D., andFroeseT. M. (2016) i Anal ysi s of costs and benef i

prefabricated homes | nt er nati onal Conference on Sust

Construction, Procedia Engineerjigl5: 12911 1297.

Noman A.S.,, Deeba, Fand Bagchi. A(2012.i Heal t h Moni toring of Stru
Pattern Recognition Techniques ASCE J of Per for man,@2&5rof Con

575584, DOI: 10.1061/ (ASCE) CF.194509.0000346.
PangL., Liu, J., Harkin J., Martin, G., McElholm, M., JavEdA., and McDaidL. (2020)ii Ca s e
Study-Spiking Neural Network Hardware System for Structural Health Monita@ri8gnsors

(Basel).20(18): 5126.

PATH Inventory.(2003. fiModular Multiple Dwellings Partnership in Advanced Technology in
Housingo Washington, DC, 2

PerafanLopez J. C, and SierrdPerez J. (2021) i An unsupervised patt e
methodology based on factor analysis and a geBBCAN algorithm to infer opeational
conditions from strain measurements in structural applicaionsChi ne s e Soci e

Aeronautics and Astronautics& Beihang University (34 165181.

91


https://link.springer.com/journal/11803
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7570929/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7570929/

PereraR., Torres. L, Ruiz A., Barris C., and BaenaVl. (2019) i A n -Badéd Clustering for
Structural Health Monitoring of NSM FRP Strengthening Syste®ensors (Basel), 19(17):
3775.

Posenat o, D., Kripakaran, P., | naudimodeD. |, and
freedata interpretation of civiieni neering structures. @), Comput el
467 482.

Salem N., and HusseinS. (2019) i Dat a di mensi onal reduction a
analysiso 16th International Learning & Technology Conference,
Procedia Computer Sciendg3 292-299.

Santos A., Figueiredo E., and Costad. (2015 A Cl ust ering studies for
bridges: A comparison study I n Proceeding of 10th I nterna
Health Monitoring 1165 1172 Stanford University, Stanford, CASA, Sep 2015

SantosA., Silva M., SantosR., FigueiredoE., SalesC., JoagC. (2016)i O u t-oplystructural
health monitoring based on mean shift clustering for vibrédtimsed damage detectioBth
European Workshop on Structural Health Monitoring (EWSHM 2016) nSgabao.

Shi, P., Zhaq Z., Zhong H., Shen H., and Ding L. (2020) AAn improved agglomerative
hierarchical clustering anomaly detection method for scientific.@aancurrency and

Computation: Practice and Experien88(6).

Shuklg S., and NagannaS. (2014) i A Re v i emean® Data KClustering Approagh,
International Journal of Information & Computation Technologd, 4: 18471860.

Silva, M., SantosA., SantosR., FigueiredoE., SalesC., Joa C. (2016) fi Astructural damage
detection technique based on agglomerative clustering applied to-2HeBfidgeo 8th
European Workshop on Structural Health Monitoring (EWSHM 2016), Spain, Bilbao.

Smarsly K., DragosK., and Wiggenbrockl. (2016) i Ma ¢ h i n e echnigaes foristrugtural
health monitoring 8th European Workshop on Structural Health Monitoring (EWSHM 2016),
5-8 July 2016, Spain, Bilbao.

92


https://www.sciencedirect.com/science/journal/18770509/163/supp/C
https://onlinelibrary.wiley.com/journal/15320634
https://onlinelibrary.wiley.com/journal/15320634
https://onlinelibrary.wiley.com/toc/15320634/2021/33/6

Smith, 1., Asiz, A., and GuptaG. (2007) fiHigh Performance Modular Wood Construction
System® F Repart, Value to Wood Program, Project UNB5, Natural Resources Canada,
Ottawa, Canada, pp. 80.
Splittgerber, H. (1978 Ef f ect of Vi brati on on BoConfeegenceg and
on Instrumentation for Ground Vibration and Earthquakes; 18627 Institution of Civil
Engineers, London, UK.

SunY., Wang J., Wy, J., Shi W., Ji, D.,, Wang X., and Zha¢X. (20200i Const r ai nt s Hi 1
the Development of HigRRise Modular Building , Appl . Sci.. 2020, 10,

Syakur M. A., Khotimah B. K., RochmanE. M., and SatotoB. D. (2018) fiintegration kMeans
Clustering Method and Elbow Method fadentification of The Best Customer Profile

Clustero IOP Conferenceseries MaterialsScienceandEngineering

Valinejadshoubi, M., Bagchi. A., and Moselhi, @018&). i Dev el oBwrkRasetd Dataf a
Management System for Structural Health Monitoring with Application to Modular Buildings:
ACaseStudp ASCE J of Computing in Civil Enginee

Valinejadshoubi, M., Bagchi, A., & Moselhi, O. (201AManaging structural éalth monitoring
data using building information modelliigin SMAR 2017, the Fourth international
conference on smart monitoring, assessment and rehabilitation of civil structures, (September
13-15, 2017)

Valinejadshoubi, M., Bagchi, A., Moselhi, @Qnd Shakibaborough, A. (20b3 filnvestigation on
the potential of building information modeling in structural health monitoring of buildings.
CSCE annual conference, June, Fredericton, NB-1G&).

Weiss, B., Helu, M., Vogl, G., Qiao, G. (2016)Us e Case Devel opment to A
Diagnostics, and Prognostics in Manufacturing Operationsl HPAp€rsOnLine 49(31), pp:
13-18.

SpotSee (2021) il mpact Sensor s, | mpact .0 Nairievied fooms and

www.spotsee.io

Yuan C., and YangH. (2019) fiResearch on R/alue Selection Method of #fleans Clustering
Algorithm.o , Mul tidiscioplil8r2262%ci enti fic Journal

93


https://iopscience.iop.org/journal/1757-899X
http://www.spotsee.io/

Zhou Y., Maig N. M. M., SampaioR. C, and Wahald\.. A. (2016) iiStructural damage detection
using transmissibility together with hierarchical clustering analysis and similarity m@&asure
Structural Health Monitorin@1(6).

94



Chapter 4: Development of a BIM-Based Data Management System for
Structural Health Monitoring with application to Modular Buildings: A Case
Study

General

In this chapter, the published paper is presented as is, followed by an updated literature review
section. This paper was accepted and published idotireal ofComputing in Civil Engineering

in 2019. The main objective of this paper isdevelopan atomatic workflow to integrate BIM

into the SHM process to increase the speed and efficiency of structural condition assessment.

Abstract

Modular buildings or offsite construction of building units are increasingly gaining momentum.
Although such constaiion practices have advantages in terms of cost competitiveness and
delivery time, they have many issues related to structural integrity and secondary stresses from
vibration during transit and misalignment during installation. Therefore, monitoringbttzion,

strain, and deformation of the modules using structural health monitoring (SHM) techniques is
important. The primary purpose of this study is to exphurigding information modeling (BIM)
techniques to facilitate effective data management and the representation of sensory components
of the SHM system in a building and to render or visualize the damage or distress in building
components based on the intetation of sensor datdhe proposed framework consists of two

main modules: (1) an automated sersased data acquisition and storage module, which extracts

sensor data for a structure from a corresponding relational datahd9@) an automated datad

" Valinejadshoubi. M, Bagchi. A, and Moselhi. O, (201®yurnal of Computing in Civil
Engineering, Vol. 33, Issue 3, Page$d
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damage visualization modulthrough which sensor data argerpreted to identify damage or
anomalies in the structure and the affected building components are highlighted and tagged in the
BIM of the building to facilitate visualization. The damaged or ftEanaged elements of the
modules are highlighted in ti&M model through colecoding based on predefined threshold
strain values. Because detecting buckled or yielded steel members (local damages) in a building or
a module is challenging given that these components are often hidden behind fireproof cdating an
drywall, the proposed SHMased condition assessment system will contrébetgpecially in the
preinstallation and operational phadéds providingefficient, neaireattime health monitoring of
buildings and increasing the efficiency of the structuraldd@mn assessment process. These
benefits could be particularly useful for modular buildings, for which the modules are constructed
in a plant and transported to the site for installation. In these stages, a module may undergo hidden
or visible damage, thenstalled sensors are expected to provide a mechanism to assess such
damage, and the entire process can be managed through BIM. Importantly, note that although a
similar conceptvas explored by other researchers to integrate SHM with BIM, the present stud
provides a more comprehensive methodology through the complete implementation of the system

to demonstrate the concept through a case study.

Keywords: Structural Health Monitoring (SHM) building information modeling (BIM),

Relational databas®amage visualizatiorModular buildings
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4.1. Introduction

The modular construction process represents the highest aégnelistrialization of the
building construction process, which is currently growing rapidigsently, in some construction
projects, prefabrication/modular construction is approximately @8&traw-Hill Construction
2011). Clientsod6 requirements for rapid constr.
are some of the motivating factors for modular construction.

Modular steel buildings are usually composed of prefabricated-formed steel
assemblies or modules that are fabricated imamufacturing plant and then shipped to the
construction site todanstalled to form a building. Compared with frotled steel structures, cold
formed light steel structures are lighter but more susceptible to structural damage given normal and
extreme loadgYang and Baj 2017). A sufficient understanding of the stwral behaviorof
multistory modular buildings subjected to different load typelacking (Ramaji and Memari
2013). Different situations exist theduld lead to the failure of a module, such as increased damage
during erection or transportation. Geonevariability is inevitableand can cause problems in the
assembl y pr occemspsnentgeonatoycdanicharigs from its original design because
of problems arising from the manner in which it is handletiénplant, during transportation, and
at installation (Rausch et a2017). The geometric change may lead exceed the toleraficaraf
generate secondary stresses at installation, causing fdaimage

From the manufacturing to the operational phase, modulesibyected taifferent types
of direct and indirect loads. The modules are required to be designed to withstand fabrication,
transportation, and installation loads (Naqvi et 2014). Predicting the final and capacity of a
modular building after being transporteddifficult and lifting-induced stresses are not entirely

predictable Because the structural elements of a modulelnfilding are usually hidden behind
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the fireproof coatings or drywall, detecting the buckled or yielded steel members (local damages)
in amodule is challenging (Zhang and B2015). In thiscontext, a useful monitoring tool such as
SHM is needed for earlstructural condition assessment and damage detection in specifof

the modules in each phase. SHM systems are raskede or aambination of the following SHM
categories: sensoadeployment studies (category 1), anomaly detection (categoryn@jel
validation (category 3), threshold check (category 4), dathage detection (category 5),
(Vardanega et gl2016). Higherevel categries (e.g., categoriesahd 5) have the potential to

yield significant values to many stakeholders. According to Webb (281id)\Webb et al. (2014),

mostpublished SHM studies are devotect&tegories 1 to 3 and the least to category 4

In practice, monitoring the strain response contributes to an assessment of the structural
condition (Park et 812013; Ni et al.2010,2008). Continuous monitoring of a rdahe dynamic
strain in astructure can provide valuable information for damagesassentsinspections, and
decision making. Strain provides informatiahout the local behavior of structural components
and is one othe most used parameters in SHM. Strain is essential in conditmitoring of
modular buildings, which can aid in thesessmerdf damage in structural members in building
modules at differerdtages, and helps assess the reliability of structural components

Fast and accurate assessment of the structural condition of modules and buildings (modular
or other) is essentifbr timely maintenance and repair to avoid project delays, and is impfatant
occupant safety and occupancy after extreme load events. The challenge, in general, is an effective
visualization tool utilizing BIM to make the SHM information easily acd#ssiunderstood, and
applicable (Zhang and B&015), which could increase the efficiency of the structural condition
assessment process and facilities management. BIM can be used effectively to capturntiee real

building information that can besed for owners and facility managers to provide accurate and
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upgraded details on the state of various parts of the building (Chenz2&la). BIM combined
with reattime monitoring of structural health and damage assessmethiods could provide a
robust and intelligent system for managing modern buildings, including the modular building type
(Seam et al.2013). However, integrating SHM into the BIM environment has challenges. The
study run by Rio et al. (2013) revealed taatomplishing a dynamic mioring system for the
structural behavior of a building to provide sensor data to BIM is not part of BIM functionality and
is still a challenge. They concluded that BIM standards need to be extended to allow them to
represent monitoringelated informatia. The study by Wang et al. (2017) found that applying
BIM in SHM can improve the effectivenesd monitoring processes and decision making in
construction informatics applications

Despite its potential benefits, few attempts have been madéstgyate BM into SHM.
Sternal and Dragos (2016) propod®dM -based modeling of wirelesSHM systems using the
industry foundation class (IFC) standard. Although they believed that integrating monitoring
relatedinformation into BIM helps categorizdpcument, andpdate this information throughout
the entire lifecycle of the monitored structure, it was mentioned at the endhaturrent IFC
standard does not provide sufficient entitiebabstically model and digitally represent an overall
wirelessSHM systemTheiler et al. (2017) attempted to design a Bikkedprototype SHM and
control system by using the extended IB€hema. Smarsly and Tauscher (2016) proposed a
conceptual monitoring information modeling built on the IFC standard. Altholeghauthors
defined a semantic model to extend the existing IF€tafhdard for digital representation of
monitoringrelated information, the paper was conceptual and did not include implemewtation
validation. Del Grosso et al. (2017) attempted to explore theoidi@gegrating 6D digital models
with SHM systems, but the studyainly focused on creating and modeling the sensor system in

the BIM software application and did not provide the linkage to senlsta or facilitate
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visualization. Although the authors tfis studydiscussed the state of the art of the current and
potential relationshigppetween SHM and BIM, they believed that the topic is not explored
well and needs further investigation. Additionally, it was nated no preferred workflow exists

to inform the BIM model withSHM and interpreted data regarding elements of the project. A
preliminary scheme for utilizing BIM to manage SHM data boildings was developed in
Valinejadshoubi et al. (2018c, 201B)M was also effectively used in thermal contfioronitoring
(Valinejadshoubi et 812018b) and the assessment of the seissk®f nonstructural components

in buildings (Valinejadshoul#t al, 2018a).

Although BIM is desired as a dynamic workbench for managihglata related to a
building projet, connectivity between BIM an8HM is lacking. The full integration between
virtual and physicalkensors, connecting and inserting sensor data remotely into an external
database through Internet of Thing (IoT) technology, and applying a-dhmemsional(3D)
visualizationbased alarm systefor SHM projects have not been adequately addressed in previous
studies, and the BIM approach has not yet been fully appliedadidéted for SHM purposes. To
address some of these issues, inghesent study, a noventegrated system is developed for
structuralcondition monitoring of building components. SHM data are storéide database and
automatically accessed by the BIM model, #relconditions of the relevant building elements are
calculated ananapped orthe BIM model to visualize the overall state of the structure. The main
purpose of this study is to create a mechanismBiMamodel of a building or module to represent
and access senstata, run a data interpretation or damage assessment peowhssp it on the
corresponding building components. Doingsmuld facilitate an effective visualization capability
for a rapid ancefficient structural condition assessment based on the SHM Taaproposed
framework can be applied by engineers and tsaianagers to interpret and assess the ongoing

condition of modulegluring the transportation, installation, and operational phasedendfy
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hidden damages, and to replacedamaged parts by providing and managing updated monitoring

data in a rapignanner tgoromote timely repair

4.2.BIM and its Role in the Modular Building Construction

Presently, the architectural, engineering, and construction (ABdijstries have been
seeking an effective tool for reducing the cost emmhpletion time of projects and increasing their
productivity and quality (Azhar et al.2008). BIM has significantly altered the
way that building information is managed by the AEC industry. BIM incorporates digital modeling
software to design and manageroject more efficiently (Nass&€010) and provides powerful
new value to construction firms. BIM breaks down the barriers between
di sciplines by encouraging the sharing of K n
improves constructability andelr t ens a project s completion ti
documents are not used in traditional ways; instead, they are digitized and added to a database in
BIM software. All information is built into an intelligent BIM model instead of needing tk &do

separate drawings, schedules, and specifications for the information on a particular. element

BIM is an organized collection of building data. Regardsiil, everything begins with a
3D building model. This model hasore than just simple geometry a&didto it for visualization.
A true BIM model consists of the virtual equivalent of actual buildsegtions. These intelligent
elements are the digital prototypetbe physical elements, including walls, columns, windows,
doors, specialty equipment, andthers. The model allows us to simulatee building and
understand its behavior before actual construdiegins. Of course, the most basic BIM model is
used to createealistic visualizations of the planned building. As previously mentioned, the data in

a BIM model are not only used during the desagd construction phases of the building project
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but also throughout he bui | di ngos |-reldteel dataycanlbe easdythived inb ui | d i

the BIM model for such things as future usage, analgeiseval, and maintenance

Because modular construction has an additional manufactigiage relative to
conventional construction, utilizing BIM aspawerful information management tool is required.
A current issu@f offsite construction has beeerceived as a process lacking flexibility in design.
BIM can partially address this limitation by providing access to a vastly broader range of
constituent parts inarious levels of detail, from the micro level of an individual fastener to the
macro levé of a volumetric component (Patlakas et, @015). BIM can be used for proper
information exchange betweedifferent disciplines, which is a fundamental need in
multidisciplinary projects such asodular building projects. Datach modelssuch as BIM ca be
used effectively by other members of the desi
different systems (Nawar2012). BIM can be used in effective simulation arslalization of a
building and its components in digital formshich areuseful for accurate planning of onsite
module installations and can resolve any spatial constraints (Han 20Hl).Due to the large
number of elements in modulatructures, an automated system is needed for visualizing and

monitoring the structuradonditionof elements in modules in each phase of the project

4.3. SHM in Modular Buildings

A modular building is erected by assembling individual moduasery module is a
primary rectangular frame made of steelwmod frames. The modular unase stacked on top of
and or nexto one another through a connector at every joint. Two typesrofectiond vertical

(column to column) and horizon&lareused in modular building construction
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Potential failure modes in modular buildings incletieicturalcomponent failures within a
modular frame and connection failusgthe modular joints. Regarding component failures, corner
posts buckling or loadbearing studs and bending of columns/beams pw@our. Regarding
connection failures at the jos)t modular unitdoecome separated, which reduces their axial
stiffness to zero, causing a critical situation concerning the overall integrity of thesysteen.

Local connection failure (LCF) occurs due to excessiwecentrated force on the connection
region, causing complications the load transfer path. Different types of loads, such as
manufacturing, transportation, installation, and operation, are applied toodules. Any damage
to the modules before installation mayect the operational penfmance of the same. Hence, the
modulesmust be erected without any hidden damage. SHM can be apmliedrly and rapid
structural condition assessment and dandeatification of building modules during every phase
to assist engineers in deciding orhreb i | i t ati on meas ucom@nenishen t
experience unexpected changes in excessive deformation, deflection, and strain

SHM system design is developed based on failure modesa lis ant ageous f or
components to be equipped with SHiystems as they are being manufactured. Particular care
should be taken regarding the installed sensors on the elements from
roughnessnduced vibration forces during transportation. Different types of sensors can be applied
in the SHM of the moduled-or instance, linear variable displacement transducer (LVDT)/
ultrasonic sensors are used to measure critical structural deformation (serviceability) and the
module separation at the connectregion (LCF). Moreover, strain gauges are used to measure

thereaktime strain on critical structural members in the modular system
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4.4. Determining the Locations of Strain Sensors

Modules can be made from light gauge/efddned steel ohot-rolled steel such as pipe
chassis. However, compared whbtrolled geel modules, coldormed light steel modules are
moresusceptible to deformation and buckling due to applied loads

The level of strain in structural elements serves as a significdicator of the level of
deformation and damage in theucturaland nonrstructural elements. Considering this fact, SHM
systemsoften employ strain gauges to measure strains in critical components. Modular
construction projects amore complex than conventional ones given the additional manufacturing
and tansportatiorprocesses. Therefore, in addition to operational load, the buildauyles are
subjected to manufacturing, transportation, and installation loads that make their structural
elements more susceptilite damage or excessive deformations. Fetance, transportaticand
handling of modules is an important part of the overall lifthefmodules when they experience
high mechanical loads. To identify vulnerable and critical elements, a detailed and accurate
structural analysis is needed for e@tfase for typical modules

For example, the force from vibrations during the transportatiomodules can be
simulated in a finite element (FE) modelindlividual modules to identify their critical elements
that couldbe damaged given roadduced vibrabn. For this purpose, random vibration data can
be used to simulate field and transportatonditions. Random vibration is typically described by
power spectral density (PSD) curves of average acceleration intensityfregbhency domain.
Different transport vehicles can be relateddifferent PSD shapes and amplitudes. In North
America, modulesre commonly transported by road (using trattaiters). TheASTM D4169
Truck Profile [ASTM D4169 (ASTM 2016)] is among the most widely used reediuced

vibration profiles forgeneral simulation and random vibration tests in laboratory experiments. In
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such cases, the vibration test on a truck is performedsiaigée intensity level (e.g., Assurance
Level Il) for the entire testluration. The recently updat version of the standard [ASTM
D4169 (ASTM 2016)] recommends the use of three different intensity levels: low, medium, and
high, corresponding to th@0th, 95th, and 99th percentile intensitiegure4-1 shows the PSD
levels for differentfrequencies according to the ASTM D4169 standard, which is typically used
for performance testing of shippiegntainers and systems. The typical PSD units are acceleration
[G"2/Hz] versus frequency [Hz]. Note that the amplitude is act{@RMS"2/Hz], whkere RMS =
rootmean square. The RMS notation is typically omitted for brevity. GRMS is used to define the
overall energy or acceleration level of random vibration&idmre4-1, profiles 1 to 3 correspond

to low-, medium, and highlevel PSDlevels, respctively.

As an example, the FE model of an industrial pipe chassidule (hotrolled steel

module) used by Shahtaheri et al. (2067d s been devel oped here usi
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Figure 41: Random Vibration Profiles of Trucks (ASTM D4169 Truck Assurance Levels 1 to 3)
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To simulate the transportation vibration forces, high PSD level,itandorresponding
frequencies as given Figure4-1 were applied to théeveloped FE modeFkigure4-2 shows the
FE model of a pipe chassmodule. The arrangement of the temporary supports and module
dimensions are assumed to be the same as that used in Shah&hD17)As shown inFigure
4-2, the most criticaklements with thehighest displacement should be monitored during the
transportatiorphase. Although the maximum displacement obtained frorarthlysis is found to
be very small (approximately 0.26 mm),tire case of a light gauge/cold formed steel module, it
could bemuch larger. In contrast, uncertainties such as temporary swopdiguration, which is
usually based on experiments rather tbijective analysis, might even increase the magnitude of

the maximundisplacement in the structural elements ofrtiaslule

(a) The industrial pipe chassis module (Shahtaheri g2@1.7)
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Figure 42: A sample of random vibration simulation of a pipe chassis module
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Similarly, the structural behavior of modules coulddmalyzedagainst manufacturing,

installation, and operational loads to determine their critical elements in each phase.

4.5. Data Management Challenges in SHM Process

One of the inherent challenges in SHM is higlilume datananagement. Management of
all original raw data and all postprocessed data during the entire life cycle of the structure with
possible size of hundreds of gigabytes can become a problhoifthe original data are to be
kept for future processing (Rio et,@013). In periodic SMI installations, all data are stored onsite
on adata acquisition (DAQ) unit. Additional computation and stonag®urces are required for
continuous monitoringn most casesensors are set at a frequency of 100 Hz and ar1Btbit
resolution per sample, yielding 26 megabytes of daily volume frasmgle sensor channel.
Therefore, setting up network communications between an onsite DAQ system and a remote data
server imecessary

Efficient storage of SHM data facilitates easy ex®tion andbackup. The best approach
for SHM data storage is storing themaisommercial database system or a database storage system
from athird party such as MySQL or PostgreSQL. Taking the SHM filakasaved in the DAQ
system and loaded into thetalbase imecessary (Karbhari and Ans&009).

After collecting and analyzing the data from the DAQ syst&Hlyl measurements need to
be archived for their protection agairgdta loss and to maintain a chronology record of the
structures. Given the high volume of data in the SHM process, downsizing
the data for better management is critical. Jeong et al. (2016NaS¥gL database technologies

to propose a data management infrastructure framework for bridge monitoring applications
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Koo et al.(2011) presented an SHM data management sy6&dVIS) based on the
MySQL database management sys(@BMS) for efficient data storage, retrieval, and sharing of
largemeasurement data sets acquired continuously from SHM syd#emvever, to solve SHM

datamanagement issues, a greater resasts for more efficient tools and integrated systems

4.6. Research Methodology

The proposed framework consists of several modules and submodules. The objective of
SHM-based condition assessment modulwia s sess t he buil ding modul e
strain sensordata in an automated manner. Depending on the type of sensors,
different methods can be applied. For example, in the case of strasors, the threshold value
analysis (TVA) method is often grtoyed to detect the exceedance of available threshold strain
levels. In contrast, accelerometer data are often processed using difféggeal processing
techniques in time or frequency domains to determine global parameters such as frequencies and
mode shapes. By integrating SHM with the BIM model, the detected changes
in the system properties or the local damage can be mappid @iM model and visualized
dynamically. In the present studynly strain sensors are considered for demonstration purposes.
Strain sensors can be used to rapidly identify and locate thevepogin an element exceeds the
pre-set strain threshold. The systesninked to the BIM model to highlight the damaged elements

in anautomated manner

By linking SHM to BIM, the efficency and speed of structurandition assessment
processes can be increased, and the praegspotentially help neengineers interact with the
building elements and gain an overall sense of the structural condMithough this system is

applicable or all types of structures amafrastructures, its uniqueness in modular construction is
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in its ability to rapidly detect the buckled or yielded steel members (#farahges) in a module,
which are often hidden behind the fireproodating and drywall adifferent phases (e.g.,

manufacturingshipping and installation)

The developed framework consists of four subcomponents, including an Arduino Uno
microcontroller (Arduino, Ivrea, Italy@quipped with a strain sensor, an amplifier aneF\shield
(sensory system); Autodesk Revit 2017 (BIM software); Dynafwisual programming
environment); and SQL Server (databassmagement system). In this framework, two links exist:
the link between the sensory system and the SQL server and the link betw&&pLtlserver and

the BIM model

First, the BIM model is developed with all elements includinguinieial sensor and its
essential parameters, such StsainMaxPoint DamageFlag SensofiD, and others. The BIM
model is used as @ntral model to visualizand monitor the strain level remotgbyoduced in
critical elements. After developing the BIM modalspecific database is designed in a MySQL
environment to houseand update the captured sensors data. DAQ systems such as
Arduino Uno are coded toremotelye nd t he sensorsd measurements
database using the Arduin@SM Shield (Arduino, Ivrea, Italy). The Arduino GSM Shield
connects the Arduino to the Internet using a GPRS wireless network. Before transferring the sensor
data to My®)L server, asschema (database) table and essential parameters such as|Reuwtd
SensofValue are generated for the strain sensothi database to accommodate the sensor
information and the sampling data. In this study, only strain value is of col¢kemstrain sensor
data are imported into the database, they nebd tead by an external tool before processing. For
this purposea visual programming and computational design tool called Dynamo is utilized for

automation purposes (Dynamo BJ|RD17).
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To link the MySQL database (physical sensors data) anBIMenodel (virtual sensors),
nine modules were developed armtled in Dynamo to automatically read the strain data stored in
the database, sort the data, and update the BIM model witht¢ise reakime sensor data. These
data were used to send notifications to engineers through their wireless devices, such as personal
computers or smartphones, enabling them to then take the necessary actions if strain values exceed
the predefined straifevel. Theindividual steps of the workflow, developed in Dynamo, are

subsequently described

Once the strain data are read, a module is developed to automatically sort and interpret.
For example, when strain sensors are usegheasure theeattime strain on critical structural
members in thenodular system, the developed module sorts the strain databaaits the
maximum strain value in every time interval. Ontke strain data are sorted, and the maximum
strain value is extracted, andiiional module then updates the corresponding virtual sensor
parameter in the BIM model. One or more -pet strainthreshold values can be defined to
automatically highlight the structural elements in the BIM model to rapidly identify and locate the
elements for which preset threshold strain occurs. In this stualyly one threshold is defined. The
damaged elements for white strain exceeds the threshold are highlighted in the BIM ntodel

generate an alarm signal. The hierarchy of the processidgles is shown irFigure4-3.

To illustrate the capabilities of the system developed, a s&taih values is utilized to

mimic the data produced by a strain sensor.
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4.7.The System Framework

4.7.1. The Conceptual Framework of Wireless Stkéamitoring System

The DAQ system recommended in this framework consists of sgaumges, a
microcontroller and its software, an instrumentaéioplifier module, a 9V battery, a V¥ shield,
jumper wires, ané computer with programmable software

The gstem configuration is based on the Arduino Wp@nsource microcontroller used
for onboard data acquisitioifthe microcontroller is based on the ATmega328P, an Atmel AVR
processor that can be programmed in a computer usirg ldr@eguage through a Unisal Serial
Bus (USB) port. The microcontroller can sense the environment by receiving inpud framety
of sensors and can be powered by connecting ¢computer with a USB cable, an AGDC
adapter, or a batteryin this study, a battery is useduring monitoring. The Arduino
board can operate on an external supply of 6 to 20 V. Howéweipplied with less than 7V, it
may be unstable. If using motbean 12V, the voltage may overheat and damage the board.
Therefore, the range should be betweamd 12V. Hence, @V battery is recommended

Strain gauges are variable resistors for which the resisthaoges when they are stretched
or compressed along thelength. When bonded to a structural element, the resistance
changes proportionally to thetrain of the element depending the force applied to deform it.
Although directly reading thgoltage change of the bridge of a strain gauge is possible, doing
so is normally impractical without an amplifier. The maximuottage change from the stram |
too small for the digital to analog converter in an Arduino to register. The instrumentation
amplifier boosts the signal to bring it to a readable rangettf®mpurpose, an instrumentation
amplifier, such as the INA125&mplifier, should be used wheneasuring the strain gauge data

with the Arduino
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Figure 43: Hierarchy of the steps in this study

The opersource Arduino software (IDE) can program the Arduino Uno to process the raw
data and extract the results ioferest to be transmitted to a central station, thus reducing the
data communication demand that is particularly suitable for wireless communication in SHM
systems. St or i n g claudbased database server suctaas anvSQL database is
alsopossible. Creating a website or another app to read the sensor values in the SQL database and
track the events according to tiheeshold values will give considerable power to any SHM project.

For this purpose, a ki shield compatible with the Arduindno is recommended. An Arduino

compatible shield, such #s ESP8266 WiFi Shield, equips the Arduino with the alilityonnect
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to the wireless networks that can be used for Intevhd@things (IoT) or WiHrelated projects.
Monitoring data such asrain values can be stored directly in a MySQL server usinglysQL
Connector in the Arduino library. The MySQL Connedtothe Arduino library can be used to
connect the Arduino projedirectly to a MySQL server without using an intermediate computer
or a web or cloudbased service. When the stramlues araneasured and stored in a prebuilt
MySQL database, they can bealyzed in remote wireless connected devices such as personal
computers, tablets, emartphones. An alarm system couldobeposedn these devices for rapid
detection of excessivideformation (plastic deformation) in structural elements for timely repair or
replacement of thdaulty elements.Figure 4-4 illustrates the architecture of @nceptual

framework of a wireless strain monitoring system.

Internet

((TJ)
< Wireless
(IDE) Database Server Router

Arduino GSM
Shield

MySQL

MySQL Connector/Arduino |

Wireless
Connected
Devices

9V Battery

Real-time
Strain Monitoring

Figure 44: The conceptudramework of a wireless strain monitoring system
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4.7.2. SHM System Modeling in the BIM Model

After developing the BIM model, SHensors need to be simulatedhe model. A strain
sensor is modeled and attached to its specifiedtions in the BIM model. Many different
categories exist in th&8IM objects, such as column, beam, floor, roof, door, window, and
others. In BIM, each ¢agory has its own IFC class name, suclic&olumn and IfcRoof to name
a few, and in sensdislfcSensor andfcSensorType class hames are categorized under the specific
equipment category. Therefore, sensors in the BIM model must be developed subject to t

specialty equipment category

Different parameters are defined for the strain sensor dorodgling: identity data (e.g.,
manufacturer, label, mark, modeipst), phasing, scope, station, and d&&a{nMaxPoint
DamageFlag. Stationparameter is defined to show the exact location osémsors in the BIM
model, and the mark parameter is set to linkghgsical sensors to virtual sensors in the BIM
model. In fact, thephy si cal sensorsbo speci fic i dent i f i
each corresponding virtual sensor in the BIM model to link ghgsical and virtual sensor.
StrainMaxPointis the parameter created to accommodate the maximum strain value recorded by
thestrain sensor at each time interval, &ainageFlags generatetb show the structural elements
condition rate. A building modulend a strain sensor modeled in the BIM tool, along with some

of its defined parameters, are illustratedrigure 4-5.
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Figure 45: Developing the BIM modednd the virtual strain sensor

4.7.3. Definingthe Sensor Database Model

To insert the sensed data from a sensor into a database MyBQ@lks, a schema (database)
and a table, along with all essenpakameters, are to be defined. The tableemiibody the sensor
datareceived from the DAQ system. To prevent users from manually generating the sensor
database model, two modules are created in Dynamo to draw a schema, producinguadtable
columns in arautomated manner. The schémshmsysted is defhned along witha table called
strainsensor_1. Three parameters are introduced forstitansensor 1 tableRecord ID
Sensor_Valueand Sensor_Namewhere Record_ID constitutes the primary key. Appropriate
nodesgcode blocks, and connections are requicegutomate this procesihe modules developed
to generate the schema and table inMg&QL database in an automatic sense and to embody the

strainsensor measurements are illustrateBigure4-6.
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Figure 46: Automated generation of a schema and table for the strain gauge in database

Dynamo supports the use of code blocks, elements contamalf scripts written in a

textual programming language suctCas+ and PythornThese code blocks allow for the generation

of short algorithms that introduce more complex functionalitiesatteamot possible to be generated

by other nodes. As shown kigure4-6, two code blocks are applied when generating a schema

and itstable, andne code block is employed to create the parametéhe table

The database model can be expanded in the case of usingssinawrs for multiple

structural elements, and if a comprehengie¢abase model for the entire sensory system, the

information on the corresponding structural elements and their conditiorequéed.Figure4-7

shows the entity relationship diagram (ERD}hed proposed database model when using multiple

strain sensorge.g., four strain sensors) in the system
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Figure 47: ERD of the SHM System Database

As shown inFigure4-7, the ERD consists of six entiti€Strainsensor_/1Strainsensor_2
Strainsensor_3Strainsensor_d4structural_elementand condition The relationship among the
entitiesshows that a on®-many relationship exists betwestnainsensoandstructural_element
entities, and a onw-one relationship betweestructural_elementand condition entities.
Therefore, eachtrain sensor is installed on only one structulainent, but a structural element
may have multiple sensors. Each structural elemaay also have a condition: undamaged,

partially damaged, or severely damaged
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4.7.4.Connecting to the Database

After generating modules for developingensor database modtie module(s) need to
be connected to another module(s) to be integrated into the database. Consequently, a new module
needs to bgenerated for connecting other modules to the MySQL databdbkes inodule, several
code blocks arevolved in inserting server amubrt number, user id, and password. In fact, this

module performs aa central module to which all other modules are to be connected

4.7.5.Extracting Parameters from the BIM Model

Here, a module is generatedrétrieve the virtual sensor parametiosn the BIM model.
The sensor parameters need to be obtaineti@ok the latest values of these parameters in the

BIM model.

In this module, first, the specialty equipment category is fieaud the list of categoess in
the BIM model because the virtusirain sensor object is modeled in this category. Next, all
elementsare selected in this category (virtual sensors in the BIM motleén, the usedefined
sensor parameters such @gainMaxPointand DamageFlag the values of which are to be

displayed, arextracted from the BIM model, and shown in one list

4.7.6.BIM Model to the Database Linkage

After extracting the essential parameters from the BIM model,rtbeg to be linked to the

parameters in thdatabase already generated for each sensor. This integration is requaney for
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future BIM model updating. A module is developed to connect the paranesteasted from the

BIM model to the sensor parameters definethenMySQL database

Using this modle, theSensor_Valuparameter generated in thlySQL database is linked
to theStrainMaxPointparametegenerated in the BIM model. Inevitably, the module needs to be

connected to the modules previously developed

4.7.7.AutomaticReading of Sensdralues from MySQL Database Server

When a connection was established between the BIM modethanilySQL database

server, the next step is to automatically rdéssensed data from the MySQL database.

Different nodes are applied and connected to amaher forthis automatic sensor data
reading. As previously mentioned, t8&ainMaxPointparameter is generated and assigned to the
virtual sensor in the BIM model. Consequently, only the maximum strame at every time
interval is to be sent to ti &M model to updat¢he StrainMaxPoinparameter of the virtual strain
sensor. In thisnodule, to find the maximum value of the strain at each imegval, the strain
values are sorted because, for comparison purposes, only the maximum volume ofrnthe stra
required. If themaximum strain value is less than the predefined threshold stahie, then the

structural element is not damaged and remaiast

4.7.8.Updating the Virtual Sensor Parameter in the BIM Model

After retrieving andsorting the sensed values stored in the MyS8@iabase, the associated

virtual sensor parameters are updated irBilemodel using a module developed for that purpose
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In this module, theSetParamaterByNampode is used to updatbe StrainMaxPoint
parameéer of the strain sensor in the Biodel based on the maximum strain value recorded from
the MySQL database. The maximum strain value is recorded anthef each time interval, and
the corresponding parameter time BIM model is updatedccordingly. A set of modules is
developed for defining the threshold strain values and -@@lding schemes for the damaged
structural components to represent their status in the BIM model. Therefore, an alarm system can

be generated and transmitted te tesponsible personnel to attend tostnecture

4.7.9.Defining the Threshold Strain Value

Identifying an appropriate threshold value is essential for strainitoring of critical
structural elements. The allowable stri@ithe studs can be detemed basednthe yield strength
(207.0MPa) and Elastic Modulus (210,000 MPa) of the material, wisieglnound 990 microstrain

(eU) for t.he present <case

By applying this module, the condition of tBemageFlagparameter of the virtual strain
sensor is classified into the followitgyo cases: undamaged and damaged. If the maximum strain
measurement does not exceed the predefined threshold strain valDanthgeFlagparameter is
considered undamaged. Otherwise, flagged as damaged. To check these conditions, this module
needgo be connected to the module previously developed for whicbtthenMaxPoinfparameter
value is applied as one of the inptist indicates the maximum strain value measured by the

physical strairsensor
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4.7.10.Mapping a Virtual Sensor ithe BIM Model to the intersecting Structural Framing
Members

To visualize damaged elements in the BIM model, a paramcaiied condition needs to be
updated based oDamagbFagaameter.ilfth®amageBlagraramseter is set,
thest ructur al el ement 6s condi tdanmaged.Befareaupgeatirgr | n d
the condition parameter based tie DamageFlagparameter, the virtual sensor intersection by
the correlating structural framing member in the BIM model rhasassured.

In the module performing this function, first, the geomedgted intersection between the

virtual sensors (specialty equipmepategory) and structural members (structural framing
category) ixhecked. If an intersection is found between these two menthensthe module will
update the condition parameter of the structorainber based on tlizamagefag parameter of
the correlating sensor in the BIM model. Accordingly, the damaged structural mearbers

identified if their condition parameter identifies the membeataamaged

4.7.11.Color-Coding of Damage Structural BIM Element

Afterupgrading the &édConditi on dmembens,aheeamaged f or
elements are highlighted using a predefined color code. It works as an alarm system to highlight
theelements where the strain produced by external forces etrepdedefined threshold value.

For this purpose, a module is created, in which, the structural framing elements with damaged
oconditiond parameter are f i | membeescndfhightigmed:t h e |

in the BIM model
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4.8.Model Implementation

The initial step of integrating BIM into the SHM process is to timk physical sensors to
virtual sensors and connect them to real ttata the field. This integration is possible by attaching
the physicakensor ID to the virtual sensor in the Bivbdel. To do so, first, BIM model of an
individual foursided steel module is develop&®cond, the process modules, as described in the
previous sectionare generated to introduce a workflow to link the virtual tophgsical strain
sensor, update ¢hassociated parameters, suctsaainMaxPoint DamageFlag and condition,
and then highlighthe damaged structural framing members in the BIM model

The Arduinebased DAQ system can be coded to transfesémsed data to an external
database such #s MySQL databasserver. Before sending and accommodating the sensor data,
theschema, tables, and relevant parameters need to be genetatedlySQL database. When
sensorsod6 dat a arteey sheull be pteprocessee befdra beaomipgsed, to
furtheranalysis. In this study, a list of one hundred strain data poimgasluced to a MySQL
database. The strain values and their retidsdare imported into the MySQL database, as shown

in Figure4-8.
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Figure 48: The physical strain sensor readinyoducedo the database

As observed irFigure 4-8, theshmsysterschema and thstrainsensor_1 table with three
parameters, includinBecord_IDQ Sensor_ValueandSensor_Nameare generated in the MySQL
database before introducing the strain data. Once the straiardatalded to the database, the
values are read from the MySQatalase server and sorted through the module previously
developed in an automatic sense. All parameters are capturedameasiprted. The maximum
strain reading from the list of strain values is extracted after the values are sorted because, if the
maximumstrain value of an element in every time interval does not exiteedllowable strain
(threshold) value, the element is regardeduadamaged. In contrast, if the maximum strain
produced in a structural member exceeds the predefined allowablesatteintherthe element is

damaged and needs specific considerationcamdctive action. How the strain sensor values are
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read from theredefined schema and sorted to updaté&thenMaxPointparameter of theirtual

strain sensor in the BIM moded illustratedn Figure4-9.
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Figure 49: Automatic reading of strain sensor data and updating BIM model

As observed irFigure 4-9, only one strain sensor with ID humigk3556 exists in the

example BIM model. Aftereading the straimalues from the database, the maximum strain value
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(o]

is found to be9 95 ¢ U,

parameter of the corresponding virtual sensah&BIM model. The virtual strain sensor atsl

wh i

c h i s transf er r StdinMax®oint h e

parameter updatad the BIM model are shown iRigure4-10.
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Figure 410: Updating BIM parameter based on maximum strain valu@ th

As observed irFigure 4-10, after running the program, tisgrainMaxPointparameter is
automatically updated. This step is an initalmage visualization process in the BIM model in a

sense that theamage detection scenario begins from transferringDdimageFlagparameter

information from a virtual strain sensor to t@relating structural framing member. By adopting

the previouslydescribed module, thBamageFlagparameter becomes damadgeecause the

extracte

d maxi
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eU. To wupgrade the condition parameter of
DamageFlagparameter of the virtual strain sensor, the interseti@tween the virtual sensor and
correlating structural framingnember needs to be checked in the BIM model through the

previously described module, as showirigure4-11.

Figure 411 Checking the intersection between the virtual sensor and the BIM structural element

126

t







































































































































































































































































































































