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ABSTRACT

Assessing the damage states of the built envirohafear a tornado is one method to
better understand tornado induced loads and fgitogress, as well as improve knowledge used
for tornado mitigation, response, and recoveryildtwg damage states and geometry need to be
measured and taken into consideration when estigjmédrnado wind pressures and speeds. This
perishable damage data should be appropriatelydedpand investigations should be
completed in a timely and unobtrusive manner ireotd avoid interfering with clean up and
recovery efforts that quickly change damage sites.

Laser scanning or Light Detection And Ranging (Li®®provides 3D data that virtually
captures damaged areas and allows for geometriceguand accurate measurements. Although
robust, the 3D LIDAR data requires sophisticateté giocessing to extract meaningful
information. The data processing becomes morderigaihg and time consuming when a large
number of damaged buildings are investigated aftarge-scale tornado.

This research developed and tested a LIDAR dateegsing framework to automatically
extract quantitative damage information neededdorado wind speed estimation and structural
damage analysis. The framework developed in #ssarch includes methods for: 1) detecting
damaged roof and wall surfaces in scans of damsites] 2) quantifying the percentages of
roof/wall sheathing and covering loss, 3) estintatiind speeds at individual building scales,
and 4) evaluating current tornado fragility modeith actual damage information obtained by

laser scanning.



Performance of the developed methods was asse#$esimulated data, laboratory
scans, and actual data collected after large-soaladoes. A series of experiments in controlled
conditions were conducted to determine the bestritign settings and also objectively evaluate
the performance of the proposed methods undern@gmvironmental conditions. The
proposed methods and their contributions to tornaitdd speed estimation and structural
fragility assessment were also tested with actatd dollected after the 2011 Tuscaloosa, AL
and 2013 Moore, OK tornadoes.

The tests and case studies indicated that thdetktaformation extracted from LiDAR
data could provide insight about tornado wind puess and speeds with a resolution and
accuracy not achievable with current visual inspast This research determined the optimum
data collection and processing settings that reguit less than 10% error in calculating the
percentages of roof and wall losses. The proposstiod also estimates wind speeds at small-
scale (individual buildings) as opposed to largalesestimates often provided by field
reconnaissance teams. Noting the fact that tormand speeds and pressures dramatically vary
over short distances, the presented method proeitigiseers with a tool to improve the
resolution and understanding of tornado effeceseihy improving building design and

construction.
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CHAPTER 1
INTRODUCTION
1.1. General

The United States is hit by more than 1000 tornag@eh year that cause great hardship
and economic loss to communities in the path cddélstorms. The average annual loss due to
tornadoes in the United States is estimated tallalon per year and this number is increasing
every year (Changnon, 2009). For example, in 20625 tornadoes occurred in the United
States, which resulted in more than $25 billioed@nomic loss (Prevatt et al., 2012b).
Investigations after recent major tornadoes in aleisa, Alabama; Joplin, Missouri; and
Moore, Oklahoma; indicated that 85% of the affediadidings experienced Enhanced Fujita
(EF)-2 wind speeds or lower; therefore, buildingdge could have been reduced by better
design and construction (Prevatt et al., 2012aweéVer, specific characteristics of tornadoes
such as rotating high-speed winds, varying wincedpen short distances, extreme localized
wind pressures, and windborne debris have madstithetural design for tornadoes difficult
(van de Lindt et al., 2012). Understanding tornexdiniced loads on buildings and the failure
progression of a building is the primary step tavanhancing design.

The investigation of built infrastructure aftercartado is an effective method to better
understand tornado induced loads and failure pssgra and to improve knowledge used for
tornado mitigation, response, and recovery. Sthiextly measuring tornado wind speeds are
not possible, the damage of buildings in the pathtornado are used as a metric to estimate

tornado wind speeds, which then can be used toowepasind evaluate design (Prevatt et al.,



2012b; van de Lindt et al., 2012; WISE, 2004). &ksessment of damage sustained by
buildings also allows for evaluating the effectiees of current mitigation efforts. For instance,
inspections of tornado induced damage allows fatuating the current tornado fragility models
that predict structural damage with probabilistiethods. Damage assessments after tornadoes
are also needed to produce loss estimates. Decrsaders in different organizations; such as
federal and local governments, insurers, and tarmesearchers, need accurate loss estimates for
important decisions about disaster assistance @nogyrcosts and pay-outs, and future research
needs (NRC, 1999; Meade and Abbott, 2003; OkuyamdaCihang, 2004).

Field investigations in the aftermath of large-saadtural disasters such as tornadoes are
traditionally performed by dispatching inspectiearns to visually assess damage in affected
areas, a method that has various limitations (GEIBR]1). The inspection of damaged sites
needs a coordinated team, room and board, tramsioostand site access. Transportation
limitations and access restrictions can slow thiearof teams to affected areas allowing for
cleanup efforts to change the site. In additibe,dften large geographic area of damage
coupled with rapid cleanup and reconstruction ¢ffdecrease the chance of a well-timed and
complete assessment. Assessment teams are usuale to comprehensively inspect all
damaged buildings. Therefore, a sampling surveyten performed on a limited number of
buildings, which increase the granularity of thexied data and reduce the accuracy of the
damage assessment and wind speed estimations.

Airborne remote sensing technologies (e.g., staind aerial imagery as well as
airborne laser scans) have been used after reisaisters such as the Haiti earthquake and
hurricane Katrina to provide a rapid damage assess(@Chen and Hutchinson 2010; Dash et al.,

2004 Li et al., 2008; Olsen et al., 2013; Ozigikl &erle 2004; Rehor et al., 2008; Womble et



al., 2008). The main advantage of airborne dallactmn resides in the ability to cover large
damaged areas within a very short time, which ry beneficial for broad damage assessment
required in the early hours and days after dissstelowever, these methods do not provide
accurate quantitative information about the amaidihdsses (e.g. the area of roof shingle loss)
due to the lack of geometric information and lowaletion. Aerial collected data are often at a
lower resolution than data collected with grounddzhsensors, which prevents detailed building
damage assessments. In addition, because airbemsers only capture the tops of objects, the
collected data misses building walls and othene@rsurfaces, which complicates the detection
of wall damage (Charaniya et al., 2004; Forlaralet2006). This lack of vertical surface
information invariably hinders the assessment efdamage (Rehor et al., 2008).

Recent developments in terrestrial remote sensicignblogies such as 3D laser scanning
or Light Detection And Ranging (LIDAR) provide affextive tool to rapidly acquire geometry
of damaged buildings with high precision, whicheofpotential advantages for post-disaster
damage assessment compared to airborne data iollestthods. The dense 3D LIiDAR data
produced by laser scanning virtually reconstrustsdamage site and allows for geometric
gueries and measurements even after recoverysfiaute been completed. Figure 1.1 shows an
example of LIDAR data collected from damaged buidgdi in the aftermath of the 2013 Moore
OK tornado. Some studies have indicated the adgastand capabilities of laser scanning data
in post-disaster reconnaissance investigations z20i4; Olsen et al., 2008; Olsen et al.,
2012). Olsen and Kayen (2013) discussed diffeapptications of LIDAR data in structural and
geotechnical forensic investigations. Also, selvsttadies proved the accuracy and efficiency of
laser scanning technology to be used in structlefdrmation and defect analyses (Olsen et al.,

2010; Park et al., 2007, Pesci et al., 2011, Tard,2011). In addition, terrestrial laser



scanners are able to scan building walls and otkrtical surfaces in the environment that are
not detectable in airborne scans.

Although robust, the 3D LIDAR data requires sopbatd data processing to extract
meaningful information. The totality of LIDAR datllnown as a point cloud, is a collection of
points with 3D coordinates, intensity, and coldormation. A scanning point cloud includes
points measured on all objects in the scanning fretluding the ground, buildings, trees, cars,
etc. Therefore, building points need to be idedifand isolated. Once points of a building are
identified, additional processing is required ttedé and quantify the damage sustained. Current
earthquake and hurricane-induced damage assessratrads using aerial remote sensing
technologies often employs change detection algostto identify dissimilarities in shape,
color, texture, or other properties of pre- andtygy®nt datasets (Dash et al., 2004; Li et al.,
2008; Rehor et al., 2008, Womble et al., 2008)esEstudies correlated changes in spatial data
properties with actual physical damage and clasbifiamage into qualitative damage states. For
instance, the method proposed by Womble et alQgR6lassifies hurricane-induced building
roof damage into 4 states including: 1) no damayshingle removed, 3) decking removed, and
4) roof collapsed. However, these methods do rmtige accurate quantitative information
about the amount of losses (e.g. the area of ok loss) due to the lack of geometric
information and the low resolution of the aeriadss. Still, further data processing methods
need to be developed to extract quantitative atalldd damage information that is required for
tornado wind speed estimation and structural daraagéysis.

1.2. Research Scope, Objectives, and Methodology
This research developed and tested a LIDAR dateegsing framework to automatically

extract quantitative damage information neededdorado wind speed estimation and structural



damage analysis. The focus of this study was omada assessment of typical low-rise
buildings with light-frame wood construction thatneprise the majority of housing in United
States. These buildings are extremely vulnerableind hazards such as hurricanes and
tornadoes. To accomplish this objective, Geog@ptiormation System (GIS)-enabled
methods were developed to automatically detect datheoof and wall surfaces and quantify
the amount of sheathing and covering losses. Amathods were developed to retrieve
geographic information including the building hdigime roof pitch, the distance to the tornado
path, etc.

The performance of the developed methods was testegimulated data, laboratory
scans, and actual data collected after tornaddeseries of experiments in controlled conditions
were conducted to determine the best algorithnmgstand also objectively evaluate the
performance of the proposed techniques under v@emvironmental conditions. The proposed
methods were also tested with actual damage ddéteal after the Tuscaloosa, AL and Moore,
OK tornadoes. Also, the benefit of quantifying drsaale damage to estimate tornado wind
speed and structural damage analysis were investigadthin the case studies.

1.3. Dissertation Organization

This dissertation is composed of three articlesagsdries of supporting appendices. The
three articles have been prepared for submissiagh {iae dissertation author as the lead author)
to peer-reviewed journals. The appended informas@rovided to supplement the articles.

The first manuscript (Chapter 2), “Automated Torm&hmage Assessment and Wind
Speed Estimation Based on Terrestrial Laser Scgrirpnesents an automated GIS-enabled
method to detect roof and wall regions and caleula¢ percentages of roof and wall sheathing

loss. This chapter also presents a correlatiomimd speed estimates and the loss percentages



that enables for automated tornado wind speed astimat an individual building scale. The
results of testing the proposed method with sinedlatata made by 3D techniques and actual
data collected after the 2011 Tuscaloosa tornael@alao discussed. This manuscript has been
published in the ASCE Journal of Computing in Cialgineering. Appendix A presents results
of testing the proposed method in Chapter 2 wita dallected after the 2013 Moore OK
tornado which was not included in the manuscript.

The second manuscript (Chapter 3), “Cluster-Bassaf Rovering Damage Detection in
LiDAR Point Clouds,” presents a method on the baslsmeans clustering algorithm to
automatically detect wind-induced roof covering @@ in scans of damaged buildings. This
chapter explains a series of experiments conduetedntrolled conditions to determine the best
algorithm settings, and also objectively evalubtegerformance of the method under varying
environmental conditions. Appendix B includes ésbdhowing detailed settings and results of
experiment explained in Chapter 3. This manustigstbeen prepared for submission to the
Journal of Automation in Construction.

The third manuscript (Chapter 4), “A LiIDAR-Based tiedology to Evaluate Fragility
Models for Tornado-Induced Roof Sheathing Losspie$ents a methodology to extract
building geometry and damage information, whichdged to evaluate current tornado fragility
models with actual damage data obtained by scarandglata processing. This chapter
explains how detailed geometric information suchwailing height, roof pitch, and locations of
pressure zones can be extracted from LIDAR datauaad to evaluate the accuracy of current
fragility models employed for tornado design. Télspter also presents a case study with actual
data collected after the Moore OK tornado. Apperiglincludes tables presenting detailed

geometric and damage information extracted by thpgsed method from the LIDAR dataset



collected in Moore OK. This manuscript has beappared for submission to the ASCE Natural

Hazard Review.
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CHAPTER 2

AUTOMATED TORNADO DAMAGE ASSESSMENT AND WIND SPEEBSTIMATION
BASED ON TERRESTRIAL LASER SCANNING

Alireza G. Kashani, Patrick S. Crawford, Sufal Ks\Bas, Andrew J. Graettinger, & David Grau
For submission t&€omputing in Civil Engineering

2.1. Abstract

There are more than 1,000 tornadoes in the UnitaigSeach year, yet engineers do not
typically design for tornadoes because of insugfitinformation about wind loads. Collecting
building-level damage data in the aftermath of aolwes can improve the understanding of
tornado winds, but these data are difficult to@dllbecause of safety, time, and access
constraints. This study presents and tests ametéal geographic information system (GIS)
method using post-event point cloud data collebteterrestrial scanners and pre-event aerial
images to calculate the percentage of roof and deatiage and estimate wind speeds at an
individual building scale. Simulations determirtdt for typical point cloud density ( greater
than 25 points per fy a GIS raster cell size of 40-50 cm resultec#s than 10% error in
damaged roof and wall detection. Data collectéer aécent tornadoes were used to correlate
wind speed estimates and the percent of detectedgka The developed method estimated
wind speeds from damage data collected after thé Z@scaloosa, AL tornado at finer scales
than the typical large-scale assessments donecbymaissance engineers.
2.2. Introduction

The United States is hit by more than 1000 tornadaeh year that cause great hardship

and economic loss to communities in the path odeélstorms. For example, in 2011, 1625



tornadoes occurred in the United States, whichitexssin more than $25 billion in economic loss
(Prevatt et al., 2012b). An assessment of recenatloes in Tuscaloosa, Alabama; Joplin,
Missouri; and Moore, Oklahoma; indicated that 85%he affected buildings experienced
Enhanced Fujita (EF)-2 wind speeds or lower; tleesgfbuilding damage could have been
reduced by better design and construction (Pretatt, 2012a). However, specific
characteristics of tornadoes such as rotating bgged winds, varying wind speeds in short
distances, and windborne debris have made theastalidesign for tornadoes difficult (van de
Lindt et al., 2013). Gathering scientific datahe aftermath of tornadoes and assessing building
damage to estimate wind speeds can improve engigderowledge about tornado-induced
loads and structural failure mechanisms. Investigandividual building failures in the path of
a tornado can be used for estimating wind speedisaanado loads, which then can be used to
improve and evaluate design (Prevatt et al., 20d&ade Lindt et al., 2013; WISE Research
Center, 2004). Unfortunately, collecting buildingndage in the aftermath of a tornado is costly
and time sensitive because cleanup efforts beginsaeon after an event.

Data collection and damage assessment in the aftleroh tornadoes and other large-
scale natural disasters is traditionally perforrhgdlispatching inspection teams to visually
assess damage in the affected area, a methodathaahous limitations (GEER, 2011). The
inspection of damaged sites needs a coordinated team and board, transportation, and site
access. Transportation limitations and accesdatshns can slow the arrival of teams to
affected areas allowing for cleanup efforts to deathe site. For instance, the damaged nuclear
reactor hampered the performance of assessmerd tftanthe earthquake and tsunami that hit
Japan in 2011 (Graettinger et al., 2012). Anotx@mple was the low transportation capacity of

the international airport in Port-au-Prince, Haafter the 2010 earthquake which limited access



to the devastated areas (Jones, 2011). In addihieroften large geographic area of damage
coupled with rapid cleanup and reconstruction ¢ffdecrease the chance of a well-timed and
complete assessment. Assessment teams are usuale to comprehensively inspect all
damaged buildings. Therefore, a windshield esemsatmpling survey is often performed on a
limited number of buildings assessable by viewiagdge from a car window (Downton and
Pielke, 2005). Such approaches increase the gnatyudf the collected data and reduce the
accuracy of the damage assessment and wind spigadtems.

In recent years, several studies have proposedthgildmented airborne remote sensing
technologies (e.g., satellite and aerial imagenye$as airborne laser scans) with automated
building detection and damage assessment technigue®rcome the limitations traditionally
associated with on the ground damage assessmbase Techniques have been used after
disasters such as the Haiti earthquake and hueikatrina (Chen and Hutchinson, 2010; Dash
et al., 2004; Eguchi et al., 2010; Li et al., 2008sen et al., 2013; Ozisik and Kerle, 2004; Rehor
et al., 2008; Womble et al., 2008). The main athge of airborne data collection resides in the
ability to cover large damaged areas within a \&yrt time, which is very beneficial for broad
damage assessment required in the early hoursaausdafter disasters. Some studies have
indicated that airborne laser scanning data camawegpbuilding detection and damage
assessment technigues by providing information ath@uheight of objects (Dash et al., 2004; Li
et al., 2008; Rehor et al., 2008). However, thmasthods do not provide detailed and accurate
guantitative damage information required for tomddmage classification, forensic
engineering, and detailed wind speed estimatioeriafcollected data are often at a lower
resolution than data collected with ground-baseses, which prevents detailed building

damage assessment. In addition, because airbemsers only capture the tops of objects, the



collected data miss building walls and other vaittgurfaces, which complicates the process of
discriminating between objects and prevents thedtieth of wall damage (Charaniya et al.,
2004; Forlani et al., 2006). This lack of vertisakface information invariably hinders the
assessment of the damage (Rehor et al., 2008).

Terrestrial laser scanning technologies, includitagionary or mobile scanners, offer
potential advantages for post-disaster damagesasses compared to airborne scanning (Olsen
et al., 2012; Olsen and Kayen, 2012). Terrestgahners can produce dense point clouds in
which the distances between measured points ai@thypless than 10 cm. Some studies have
shown that such high point density is appropriatestructural deformation analysis and post-
disaster damage assessment (Chock et al., 201&h é&sl., 2010; Park et al., 2007; Pesci et al.,
2011) as well as for the detection of flatness cisfen concrete slabs (Tang et al., 2011). In
addition, terrestrial laser scanners are ableda btilding walls and other vertical surfaces in
the environment that are not detectable in airbsoams. The scanning of vertical walls has
been used in automated three dimensional (3D) ingilchodeling techniques (Pu and
Vosselman, 2009). The ability of terrestrial saansrto capture building walls, tree trunks, and
ground surface under trees allows for discrimirgabetween buildings and trees and the
detection of intact and damaged building compongfashani and Grau, 2013).

The approach presented in this paper uses post-&regstrial laser scanning and pre-
event aerial imagery in a custom geographic infeionasystem (GIS) method for tornado
damage assessment and wind speed estimationradisiglial building scale. The new damage
assessment method uses custom GIS models to opeilatydata sets with image layers,
automatically detect roof and wall surfaces, arldutate the percent of damage by comparing

pre-event and post-event geometry. This studyagseloped a wind speed estimation model



based on the Enhanced Fujita scale (WISE Reseancte; 2004) that correlates wind speed
and the percent of wall and roof damage. The ocugdS models and the wind speed estimation
model are described in the following section. $av&mulations with synthetic data and a case
study with real data collected after the 2011 Tlesrsa tornado were also conducted in this
study to evaluate the performance and accuradyeofldmage assessment method, which are
described later.
2.3. Automated Damage Assessment Method

The automated damage assessment method formalizieid paper detects building
damage and estimates tornado wind speeds. Theimpaits are a post-event terrestrial point
cloud data set and a pre-event aerial image. ©h# ploud data set collected after the event
containing (X, y, z) coordinates of measured pastssed to detect the post-event geometry of
roofs and walls. The aerial image taken beforeetrent is used to detect the pre-event geometry
of roofs and walls. The presented method detectsand wall surfaces in input data sets and
compares the pre-area and post-area of roofs agthlef walls to quantify building damage.
Then, the method estimates the tornado wind speibe docation of the dam- aged building
based on the percent of roof and wall loss.

To automatically implement the proposed methodtaru<s1S models and a tornado
wind speed estimation model were developed anddestthis study. The GIS models were
programmed using ArcGIS Model Builder and were maideg combination of ArcGIS tools
available in ArcGIS 10.0 (ESRI, 2010). The GIS misddetect and generate pre-event and post-
event roof polygons and wall polylines. Figure 8bws the sequence of the GIS models and
the inputs and outputs. As shown in Figure 2.& résult of each model is used as the input for

the subsequent model. After comparing the preteaeth post-event geometry of buildings and



calculating the percent of roof and wall damage,dkpected wind speed is estimated through
the wind speed estimation model that correlategxttent of roof/wall damage to wind speed.
The wind speed estimation model was developed basednpirical data from damaged
buildings after recent tornadoes and regressidmtgaes. These custom models are described
in the following subsections.
2.3.1. GIS Post-event Roof Detection Model

The first GIS model automatically detects roof aaés in the point cloud data and
generates polygons representing the remaininggmsrof a roof after wind damage. The top
row of Figure 2.2 illustrates the procedure of plest-event roof detection model. The input to
the GIS model is the post-event terrestrial poiotid data set. The model first uses a block
minimum filter (Sithole and Vosselman, 2003). Hant cloud data are converted to a raster
data set in which the minimum Z value of the potht fall within a raster cell is assigned to
that cell. The minimum Z value cell assignmertefsé out objects such as trees, light poles, and
pedestrians, when ground points under those olgeeisin the point cloud. Only small
portions of those objects (e.g., the trunk of tyeeay remain in the raster, which are filtered by a
morphological opening. The resulting raster corga values of the ground and building roofs.

Next, raster cells representing building roofsseparated from the ground cells by
applying a slope-based filtering method adoptethfkosselman (2000). The model calculates
the slope of vectors connecting each cell to theratells within a rectangular neighborhood as
shown in the second column of the first row in Fegg@.2. The model then detects non-ground
cells (roof cells) in the raster where the veci@s h steeper slope than a threshold value set
based on the surrounding ground surface slopeygncht roof pitches in the area. In typical

residential subdivisions, a threshold slope of 3@%ults in good classification because the



ground slope and the street grade is often snthlder 30%, whereas typical roof pitches are
4/12-8/12 (larger than 30%). The minimum Z valaster cell assignment in the previous step
may filter roof overhangs. Points located in theasaround the identified roof cells are checked,
and if a roof overhang is detected, that areadeddo the roof segment detected in the raster.
The result is a binary raster classified into roelfs and ground cells as shown in the third
column of the first row in Figure 2.2. Finally etldetected roof raster cells are converted to
polygons. To assure that the resulting polygonaatanclude small noises remaining from
other objects than roofs; polygons with areas sméflan a size threshold (e.g. ) mare filtered.
The raster cell size entered by the user can infle¢he GIS model results. This influence is
analyzed and discussed later in the text. For nmboemation on additional tools and
approaches to separate buildings from the terraaders are encouraged to see Vosselman and
Maas (2010).
2.3.2. GIS Pre-event Roof Detection Model

The second GIS model uses the maximum likelihoadstfication method (Tou and
Gonzalez 1974) to detect roof surfaces in pre-eaenél images and generate pre-event roof
polygons. The second row of Figure 2.2 illustrdkesflow of the pre-event roof detection
model. The inputs for this model are an aerialgenshowing buildings before damage and the
post-event roof polygons generated in the previel&model. Because the post-event roof
polygon overlaps only roof pixels in the aerial geathe pixels under the polygon are used as a
set of training samples to establish a mean vectdrcovariance matrix of the red, green, and
blue (RGB) and intensity values of roof pixels. efthodel uses the GIS buffering tool to
generate a polygon that is a 1.5-m band aroungddkeevent roof polygon as shown in the

second column of the second row in Figure 2.2.eBixnder the buffer are used as another set



of training samples to establish a mean vectorcavdriance matrix of the RGB and intensity
values for non-roof pixels. Because the remaipogdions of damaged roofs are typically
connected to an external wall, the new bufferegguan will overlap many non-roof pixels
(ground surface) in the image. Using the estabtishean and covariance matrix for each
individual building roof and a maximum likelihoothssifier, the model identifies other roof
pixels within a rectangular neighborhood as shawthe third column of the second row in
Figure 2.2. Then, the training samples are upda&séd on the newly detected roof pixels, the
rectangular neighborhood is enlarged, and the inckgsification procedure iterates until the
roof polygon overlaps the entire area of the radhie image. The classified image created by
this method may include small regions that wereclassified because of the noise, contrasts,
and shadows. To improve the results, these regimmeemoved and roof boundaries are
smoothed. The output is the pre-event roof polygon
2.3.3. GIS Post-event Wall Detection Model

The third GIS model detects external walls in thenpcloud data and generates polylines
representing the remaining portions of walls afterd damage. The third row of Figure 2.2
illustrates the procedure of the post-event wakkcd#&n model. The inputs for this model are
the post-event point cloud data set and the prataweef polygons produced in the previous
model. The point cloud data are first converted taster data set. The difference between the
maxi- mum and minimum Z values and the number aftsavithin a cell are assigned to each
cell. The pre-event outline of buildings produtsdhe previous model is used to identify the
probable locations of raster cells representingres walls. Knowing that the maximum
difference in Z values along walls will be considably higher than at other locations, a

threshold value is set to detect wall cells inittentified area. Number of scanned points within



cells is also checked to be higher than a threstoodgparate roof overhangs from detected
walls. Finally, detected wall raster cells arevanted to polylines as shown in the last column
of the last row in Figure 2.2.
2.3.4. Wind Speed Estimation Model

The wind speed estimation model uses the percanbbdamage and wall damage for
each detected building to estimate wind speed. pEneentages of roof damage and wall
damage are calculated respectively with Equatiohs1.8d 2.2 where [> percent roof damage;
Apost = area of post-event roof polygon;& area of pre-event roof polygony® percent wall

damage; host= length of post-event wall polyline; ang,d= perimeter of pre-event roof

polygon.

—_ (Equation 2.1)

—_— (Equation 2.2)

The presented method uses the EF scale (WISE Rbsganter 2004) to estimate wind
speeds. According to the EF scale, damaged fesateeclassified into 28 different categories
which are called damage indicators (Dl), such as and two-family residences, high-rise
buildings, and trees. For each DI, degrees of denf@oD) and corresponding wind speed
ranges are defined according to the descriptivergxif damage.

A correlation between expected wind speeds an@d¢heent of roof damage and percent
of wall damage calculated in the developed GIS rsodas created based on empirical data
collected after recent tornadoes. Photographsuofadied buildings taken after the 2011
Tuscaloosa, AL, Joplin, MO, and the 2013 Moore, tOKadoes were analyzed and used to

create and calibrate the wind speed estimation mdéw each of the 10 DoDs and



corresponding wind speeds defined by EF scalerfer and two- family residences, a minimum
of 10 photographs were examined and assigned amamof damage and wall damage. A
cubic trend line was fitted to data points to proglan empirical correlation between the wind
speeds and the percent roof damage and wall dantagere 2.3 illustrates the regression lines
that correlate wind speed to percent roof damaiggif€ 2.3(a)] with an Rvalue of 0.88 and
percent wall damage [Figure 2.3(b)] with an R vadt©.91.

2.4. Evaluation and Accuracy Analysis of the Models

A set of simulations were designed and conductabgectively evaluate the
performance of the GIS roof and wall detection nie®dad the wind speed estimation model.
These simulations aimed to determine how input-agdrithm-related factors, such as the
density of points in the input data sets, the rast# size in the GIS models, and the extent of
damage of scanned buildings, influence the perfooa&f the models and the accuracy of
results. Scan data gaps from occluded portiotsibdings and scanner noise were not
considered in these simulations.

Synthetic data including several 3D models andtpdoud data sets with controlled
conditions such as point density and extent of dgmweere created. To prepare a point cloud
data set, first, a solid 3D model of a building wasated based on the footprint and dimensions
extracted from the building aerial image. Thee, 3D model was divided into planar segments,
and points were randomly added on the segmenttuetpoint density reached the desired
values.

2.4.1. Evaluation of the Influence of Point Cloud Bnsity and Raster Cell Size
Simulations were run to evaluate the influence@hpcloud density and raster cell size

on the performance of the post-event roof and detiection models. To investigate these



factors, 3D solid models of a typical residentiétiped roof home, a tree, and a wall with
varying heights were drawn and converted to fountpdoud data sets with varying point
densities of 6, 25, 100, and 400 points per squeater. Figure 2.4 illustrates a representative
point cloud data set. Using each created pointccltata set as input, each model was run 20
times with varying raster cell size values randmogn 5 to 100 cm. The ability of the post-event
roof detection model to identify and ignore treeshe point cloud was evaluated. Certain
combinations of raster cell size and point cloudsity can result in generating post-event roof
polygons that inadvertently include trees. Theilteof running the model with varying
combinations of cell size and point density wermpared to the actual locations of the building
and tree in the test point cloud data set. A coatimn of input parameters passes if the output
polygon covers only the roof location and is coasgdl to fail if any portion of the output
polygon covers the tree location. Figure 2.5(agtrates the combinations of raster cell size and
point density that passed or failed. Areas outsidée hatch in Figure 2.5(a) passed.

The accuracy of the calculated area of remainindstgproduced by the post-event roof
detection model, was also evaluated. Combinatdmaster cell size and point density can
impact the accuracy of roof area detection. Thdehwas run with varying cell size and point
density, and the area of the detected roof polyg@ach run was compared to the manually
determined roof area to calculate the error.

Figure 2.5(b) illustrates the trend of calculatedfrdetection errors for the tests with
varying raster cell sizes and point densities.nPdoud densities are represented by lines
whereas raster size is shown along the abscisgactifg a small raster cell size (smaller than
the average distance of the point cloud) resulesiars larger than 50%. Figure 2.5(b) shows

that the lowest error is achieved when the selee@si@dr cell size is more than the average



separation distance of points in the point cloud,tbe error will gradually increase with larger
raster cell sizes.

The results indicated that filtering of trees aattulating roof areas with the post-event
roof detection model are more successful and atzuralata sets with higher point density.
The results also indicated that for point densigiesater than 25 points per square meter, which
are typical point cloud densities collected withréstrial scanners, a GIS cell size value of 40-50
cm will result in both successful tree filteringdapost-event roof area detection errors lower
than 10%. Figure 2.5 can be used to select aroppate raster cell size for the post-event roof
detection model based on the point density of tikected point cloud.

The accuracy of the post-event wall detection mealedentify walls with predefined
heights was also evaluated. Combinations of rastésize and point cloud density impact the
accuracy of wall length calculation. The model was with varying combinations of raster cell
size, point density, and a minimum wall detectierght of 2.75 m. From these runs, the length
of the detected wall polylines was compared td¢hgth of the manually determined wall
polylines to calculate the error in wall length.

Figure 2.5(c) shows the trend of calculated walkdion errors for varying raster cell
sizes and point densities. Point cloud densitiesegpresented by lines whereas raster size is
shown along the abscissa. The results indicatddh point densities greater than 25 points per
square meter, a cell size value of 20-100 cm wedult in wall length errors lower than 5%.
Figure 2.5(c) is used to select an appropriaterastl size for the post-event wall detection
model based on the point density of the collecwdtloud. Overall, results of simulations in

both the post-event roof and wall detection modelgcated that for typical point cloud densities



greater than 25 points per square meter, a celhvsiie of 40-50 cm results in optimum
performance of both GIS models.
2.4.2. Evaluation of the Influence of the Extent obDamage

Simulations were conducted to evaluate the infleesfadhe extent of building damage on
the performance and accuracy of the pre- eventdetgction and the wind speed estimation
models. A 3D model of a typical pitched roof biniglwas drawn and converted to a point
cloud. The 3D model was manually damaged by rengppoints on the building’s roof and
walls. The impact of scan data gaps due to buldeclusion was not analyzed in the
simulations. As shown in Figure 2.6, six setsahpclouds with con- trolled degrees of
damage were prepared for this test. Each of thigseoint data sets shown in Figures 6(a—f)
was run through the pre- event and post-eventdet#dction models, and the results are shown in
Figures 7(a—f). Figure 2.7(g) also shows the testdm a house that was shifted off its
foundation. Both the pre-event roof polygon anelpbst-event roof polygon are needed for this
analysis and could be influenced by the amountaiabe a building sustained. The resulting
pre-event roof polygons are shown in light gray melas the post event roof polygons are shown
in dark gray in Figure 2.7. The area of the det@gre-event roof polygon in each test was
compared with the actual roof area determined nibnua

As shown in Table 2.1, the roof detection error Yeager than 5% for all input data sets
except for the building with a DoD of 9. Basedtba EF scale, a DoD of 9 is when most parts
of walls and roofs fail except some interior wallEhe area of the post-event roof polygon for
the building with a DoD of 9 was very small (0.1%loe original roof surface). Therefore, the
number of pixel samples needed to train the classibn approach was not adequate, and the

GIS model only detected half of the pre-event iadhe aerial image as shown in Figure 2.7(f).



Also, as shown in Figure 2.7(g), the detected pwstat roof polygon for the building with a

DoD of 5 covers some portion beyond the actuaimeitf the building. A DoD of 5 describes
the building moving from its original location. 8ause of the building shift, the roof point cloud
and aerial photo do not line up and an error ieged. However, as Table 2.1 shows, the error
is still very low (approximately 5%).

The performance of the wind speed estimation madslalso evaluated within
simulations. Table 2.2 presents the estimated wedd results, including the percentage of
roof damage and wall damage, for the buildings shmaFigures 6 and 7. As Table 2.2 shows,
the wind speeds calculated by the wind estimatiodehfit within expected wind speed ranges
extracted from the EF scale. The wind speed fbihlding with a DoD of 9 is correctly
estimated even though the entire pre-event roaf laael not been accurately detected. The only
discrepancy between the EF scale expected windispekthe model estimated wind speed is
seen with a DoD of 5, when the building shiftediiirthe original location. The shift in location
of the building impacts the accuracy of the road arall detection models; thus, the model
slightly overestimates the wind speed (5 km/h nbam the upper bound expected wind speed).
This overestimation is not very significant; howewbe manual improvement of results is
recommended when several cases of a DoD of 5 pogteel by reconnaissance engineers.

2.5. Case Study: A Damaged Residential Complex eftthe 2011 Tuscaloosa Tornado

An actual case study was conducted on a residapeatment complex that was severely

damaged by the April 27, 2011 tornado that struekcBloosa, Alabama Figure 2.8(a) & (b)

are the pre-aerial and post-aerial photographeosite. Damage at the west end of the




buildings primarily consisted of roof damage. Bx¢ent of damage increased to the east and
included roof loss, collapsed walls, and concritbssswept clean by the winds. A commercial
terrestrial scanner was used to collect point cldaiz sets at the site from 10 different locations
shown in Figure 2.8(b). Data were captured by imgpfull 360° scans with the resolution of a
0.1-m horizontal and vertical sample spacing &d@h distance. Scans from the different
locations were registered using surveying targetegerencing points and point cloud
processing software. The point cloud was also raliyhgeo-referenced and overlaid on the
aerial image using control points with known glopaskitioning system (GPS) coordinates. Geo-
referencing and registration could be done autaralyi A comprehensive review of automated
registration methods was presented by Mishra aroh@li2012).

The point cloud data sets along with the aerialgenaere imported into ArcMap and
used as inputs for the custom GIS models. Figi8eRillustrates the results of the GIS models,
where post-event roof polygons are the dark-shadeals, pre-event roof polygons are hatched,
and post-event wall polylines are in solid lin€3nly in a few areas (e.g., at the east end of the
north building and at the center of the south bagyiwere debris and remaining roof rafters
detected by the model as roof surfaces. In otloedsy the GIS models slightly underestimated
the percent of roof damage; however, further amaiyslicated that the underestimation of roof
damage did not cause differences in the estimated speed. Table 2.3 presents the GIS
damage detection and wind speed estimation results.

The numbers shown in the last column of Table 23lze estimated average wind
speeds for the buildings; however, to properly usidad the tornado behavior and loads, the
wind speeds must be estimated at a smaller sBaeause of the length of the buildings

(approximately 100 m long), each end of the buddiexperienced different tornado wind



speeds. To estimate wind speeds at a smaller, sleal@00-m buildings were divided into three
33-m portions as shown in Figure 2.8(d). Thenc@etage of roof and wall damage, wind
speed, and EF rating were calculated for eacheo$mhall portions.

The case study showed that the presented methdd estimate wind speeds at fine-
grained scales. The damage assessment team thaspacted the buildings after the tornado
considered the heavily damaged portion of the sbuilding at the east end and rated the
damage of the buildings as EF4 with wind speed®6fkm/h (Prevatt et al., 2012a). However,
as shown in Figure 2.8(d), the results of the sasay indicated that the wind speed at the east
end of the south building was close to 290 km/h4(H$ut varied at other points from 190 to 275
km/h.

2.6. Conclusions

This study presented a novel automated methoduantifying tornado-induced roof and
wall damage of typical pitch roof buildings incladi a technique for estimating wind speeds at
individual building scales. The presented metheesuerrestrial laser scans of damaged
buildings, pre-tornado aerial images, and GIS maodelCombination of post-event point cloud
data and pre-event aerial images in the develop8dr@&dels allows for the calculation of the
percent of roof and wall damage without requiring pre-event scans. Also, the proposed
method enables the estimation of approximate wedds based on the percent of roof and wall
damage.

The influence of the point cloud density, rastdl size, and the extent of building
damage on the presented method were objectivelyaea within simulations. It was
determined that for typical point cloud densitiesager than 25 points per square meter, a raster

cell size within the range of 40-50 cm producednopin results in tree filtering and less than



10% error in post-event roof and wall detection.atldition, the estimated wind speeds fell in
expected ranges for different DoDs, except fordage of a DoD of 5 which were slightly
overestimated. Therefore, the manual improvemerdsults is recommended in areas where
the DoD of 5 is prevalent.

A case study indicated that the presented methablésto estimate wind speeds over a
detailed scale as opposed to large-scale estimpeiegled by field reconnaissance teams.
Noting the fact that tornado wind speeds and |laldmatically vary over short distances, the
presented method provides engineers with a toohpoove the resolution and understanding of
tornado effects, thereby improving building design.

The presented method was developed and testegimaltyesidential structures. Some
limitations of the current method that can be aslsled with manual assessment include: damage
to nonresidential structures, flat-roofed homes$yrideon roofs, and scanning data gaps. To
address some of these issues within the modelpweprents to the method will need to
investigate post-event images and additional Gt& siach as tax assessor building data.
Additional field tests with real data need to befpened to evaluate the impact that scanning
data gaps have on wind speed estimates. Alsmpgmve wind speed estimates, additional
physical parameters such as quality (age) of coctsbn, shape of the building, and surrounding
terrain need to be investigated and added to theemo
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Table. 2.1. The accuracy of the pre-event
roof detection model within simulations
Area of
Remaining Detected Roof
DoD Portion of Roof Detection
Roof (%) Polygon Error (%)

(m?)
1-3 98% 330.83 1%
4 79% 326.98 3%
5 75% 353.17 5%
6 46% 326.94 3%
7 21% 325.91 3%
8 5% 325.70 3%
9 0.1% 147.32 56%

Table 2.2. Results of testing the validity of the wind speed
estimation model within simulations

Expected Estimated Wind

. Roof Wall Speed (km/h)
Model Wind Damage Damage Based Based
DoD Speed
(km/h) (%) (%) on Roof on Wall

Damage Damage

1.3 85-183 1.77%  7.46% 130 164*
130-187 20.88% 3.76% 174* 150
166-227 24.38% 67.96% 177 232*
167-229 53.60% 18.88% 190 196*
182-246 78.86% 49.51% 203 227*
206-278 95.42% 68.31%  233* 232

229-319 99.89% 100% 245 286*

© 0o~ 0N

* Maximum number of estimated wind speed basecdboh r
and wall damage is selected
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Fig 2.3. Correlation between wind speed and (a) percentdanfage and (b) wall damage based on
empirical data collected after the TuscaloosaJaplin, MO, and Moore, OK tornadoes

Fig 2.4. Input data set used to test thuence of the point cloud density and rastel sigke on the Gl
model results



(@)

(b) (c)
Fig 2.5.Evaluation of the post-event roof and wall detettioodel: (a) combinations of raster cell size and
point density resulting in passed or failed trdéterfing; (b) roof area detection



Fig 2.6. Point cloud of simulated buildings with differerggtees of damage: (a) DoD 1-3 EF 0-1; (b)
DoD 4 EF 1; (c) DoD 6 EF 2; (d) DoD 7 EF 2; (e) D8IEF 3; (f) DoD 9 EF 4



Fig 2.7. Detected roof polygons and wall polylines of thdding with different degrees of damage.
(ESRI 2014, used by permission. Copyright © 2014, EEsgitalGlobe, GeoEye, i-cubed, USDA,
USGS, AEX, Getmapping, Aerogrid, IGN, IGP, and @& user community. All rights reserved.): (a)
DoD 1-3; (b) DoD 4; (c) DoD 6; (d) DoD 7; (e) DoD @) DoD 9; (g) DoD 5; (h) aerial photo



Fig 2.8. Case study of Chastain manor apartments afterGh# Zuscaloosa tornado: (a) pre-event aerial
photo (ESRI 2014, used by permission. copyright0®£Esri, DigitalGlobe, GeoEye, i-cubed, USDA,
USGS, AEX, Getmapping, Aerogrid, IGN, IGP, and &I& user community. all rights reserved.); (b)

post-event aerial photo (Atlantic 2011, with persios from Atlantic); (c) GIS model detected roof
polygons and wall polylines; (d) EF rates and wépéed estimates



CHAPTER 3
CLUSTER-BASED ROOF COVERING DAMAGE DETECTION IN LIBR POINT CLOUDS
Alireza G. Kashani, Andrew J. Graettinger
For submission to the Journal of Automation in Garetion
3.1. Abstract
Efficient documentation and analysis of buildingndaye states in the aftermath of
extreme events is critical for loss estimation tordnsic investigations. Recent developments in
remote sensing technologies such as Light DetegtimjRanging (LIDAR) and terrestrial laser
scanning allows for robust acquisition of spatigiedfrom damaged areas; however automated
techniques are needed to extract meaningful damémenation from the point cloud data. This
research formalized and tested a k-means clustbasgd method to automatically detect wind-
induced roof covering damage in LIDAR scans of dgeadbuildings. Experiments were
conducted in controlled laboratory conditions ttedmine the best algorithm settings and also
objectively evaluate the performance of the algoniunder varying conditions such as damage
size, shingle color, and roof shadows. Differdastering features were also tested. Clustering
of laser reflection intensity (1) values resultedhe highest damage detection accuracy with the
average false positive and negative error less%B&n In addition, with a success rate of 82%, it
was determined that the “elbow” method is the bastnique to determine the correct number of

unique clusters in scans of damaged roofs. Therarpntal evaluation also indicated that



environmental factors such as damage size, roofcahd shadows do not significantly
influence the performance of the developed rookcog damage detection algorithm.
3.2. Introduction

Damage estimation in the aftermath of extreme evemth as hurricanes, tornados, or
strong windstorms is critical to improve knowledged for response, recovery, and future
damage mitigation through forensic engineeringe agsessment of building damage provides
vital information about the actual performancetofictures under extreme event loads and
guides engineers to choose effective mitigationtsmis to reduce future losses. For instance,
investigation of post-tornado building damage hétpsstimate wind speeds and better
understand the wind-induced pressures, therebyovimpy design. In addition, there are many
parties including home owners, insurance compaanigs federal and local authorities that need
timely loss estimates following an extreme eventiprove post-event decision making.

In recent years, remote sensing techniques haveussal to efficiently capture, store,
and analyze damage information in aftermath ofdacple windstorms (Kashani et al., 2014a;
Womble et al., 2008; Thomas et al., 2014). Aenmagery-based damage assessment methods
that apply change detection algorithms to iderdi§similarities in shape, color, texture, or other
properties of pre- and post-event image pairs baem employed (Womble et al., 2008; Thomas
et al., 2014). By correlating changes in imagegprbes with actual physical damage; these
methods are able to classify damage into catedatates. For instance, roof damage can be
classified into 4 states: 1) no damage, 2) shirgieoved, 3) Decking removed, and 4) roof
collapsed (Womble et al., 2008). However, categdalamage classification does not provide a
continuous spectrum of information about the amadihbdss (e.g. percentage of shingle or

sheathing loss), which can provide valuable infdramaabout component performance. In



recent research efforts, employing geometric infitirom obtained from terrestrial laser scanning
in conjunction with pre-event aerial imagery allafer the calculation of both building roof

and wall loss percentages after an extreme windtg¥@shani et al., 2014b). By comparing the
location and area of roof and wall damage to thgirtal area of the roof and walls, a percentage
of component loss can be calculated. Still, furteehniques need to be developed in order to
automatically extract varying types of wind-induaamage (e.g. roof covering loss) from
remotely sensed data.

Terrestrial laser scanning measures the 3D codedin(&,y,z) of many points on objects
and provides high resolution spatial informatioattis useful in structural damage detection and
analysis. Several studies have indicated the gabatintages of such geometric information to
be used in post disaster forensic investigatiorm(2014; Olsen et al. 2012; Olsen and Kayen
2012; Cock et al. 2013; Kashani et al. 2014a) cttiral deformation analyses (Olsen et al. 2010;
Park et al. 2007), and detection of flathess dsfectoncrete slabs (Tang et al. 2011). However,
beside the 3D coordinate information, terrestrzainers often provide complementary
information about the intensity of laser reflecti®nand color of the measured points (mostly in
the form of Red, Green, and Blue (RGB) values) ihatrely used in damage analysis.

Laser scanning point cloud of a damaged roof camskd to separate covering loss from
other roof areas based on dissimilarities in calut laser reflection intensity. Wind-induced
roof covering damage areas visible in scans cativi@ed into two types of areas; shingle loss
areas in which shingles are gone and roof felkposed, and felt loss areas in which felt layer is
also gone and sheathing deck is exposed. Scatspoieach of these damage areas have either

different colors or laser reflection intensitiesmquared to intact roof areas. Therefore, a



comprehensive technique is required to group roaftp based on their color or intensity into
undamaged areas, shingle loss areas, and felileas.

This paper presents an approach based on the ksmokestering algorithm that
automatically detects wind-induced roof coveringhdge areas. The methodology is explained
in the “clustering-based roof covering damage detetsection. Algorithm settings and
environmental conditions can influence the accurddhe clustering algorithm, and therefore
the accuracy of roof covering damage detectionordier to determine algorithm settings that
produce the most accurate results, and also tectlgéy evaluate the influence of environmental
conditions, tests were performed using point cldathsets collected under varying controlled
conditions. Experimental settings and the evabmatiamework are described in detail in the
“experimental evaluation of the roof covering damagtection” section. The best algorithm
settings and the influence of environmental condgiare discussed in the “experimental results”
section.

3.3. Clustering-Based Roof Covering Damage Detectio

The roof covering damage detection method presesteased on clustering scanning
points in a feature space. Clustering is an unsigezl method to partition similar observations
(data points) into groups called clusters. Ingheblem addressed in this paper, observations are
measured points in the point cloud. Laser scanmeduce an information vector for each
measured point including X, y, z, coordinates,astection intensity, and color values. As
shown in Figure 3.1 (a), measured points can biégolan the Euclidean space using the x, vy,
and z coordinates. Laser reflection intensity emldr values are used to cluster the scanned
points. These information components that are ts@eérform clustering are called “clustering

features”. Therefore, the space in which valuedustering features are plotted is called the



feature space. The goal of the feature spacensat@ groups of measured points in such a way
that the points in each group have more simildhgn differences. For example, Figure 3.1 (b)
shows a plot of clusters identified among the mositown in Figure 3.1 (a), in a 2D feature
space with axes representing intensity and gragsadles. The selection of proper clustering
feature components to define the feature spacéaiste produce the best separation among
observations. Once data points are clustereckifetiture space, the clustered points can be
plotted in the Euclidean space as shown in Figuréd.

The roof covering damage detection method presenttus paper employs the k-means
clustering algorithm (Lloyd, 1982). Each clusteithe k-means algorithm is defined by its mean
(centroid point) in the feature space, and eaclsored point in the dataset is assigned to the
cluster with the nearest mean. Figure 3.1 (b) shdetected clusters and the centroid points.
The goal is to minimize the within-cluster sum qtiares (S calculated by Equation 3.1,
where; X represents observations, S representeiduand ; is the mean of observations in
cluster &

e i ! # (Equation 3.1)

The standard k-means algorithm follows an iterathethodology. First, k points in the
feature space are randomly selected and usedtias$ inéans of k clusters. Then each point in
the dataset is assigned to the cluster with theesemean. The sum of squares is the squared
Euclidean distance; therefore, choosing the nearean will generate the minimum within-
cluster sum of squares. Once all observationassigned to the k clusters, the within-cluster
sum of squares (Spis calculated and the centroids of the clustezsuaed as new means. The
point assignment and mean update steps repeathatiithin-cluster sum of squares (3% at

a minimum.



Typically, the number of clusters (k) is predefifedthe k-means algorithm. The
number of clusters in the problem addressed inpeer is from one to three: 1) intact roof, 2)
roof with shingle loss, and 3) roof with shingleddelt paper loss. The number of clusters can
be determined by the user based on the type ofglaseen during data collection. In addition,
there are different clustering evaluation critéhiat can be used to estimate the optimum number
of clusters in an input data set. Some of the comariteria for cluster analyses were tested in
this work to determine which criterion best estiesathe number of clusters in the proposed roof
covering damage detection.

After roof points are grouped by the k-means atbari clusters are automatically
labeled as: intact roof, shingle loss, or felt lassa. The labeling task is performed by the
supervised maximum likelihood method (Tou and Gez&974). In this procedure, the user
must input training samples for each of the clustasses. The training samples are used to
define signatures for each class including; histogrmean, and variance. The roof clusters are
then labeled based on the proximity of cluster proes to the predefined class signatures.

3.4. Algorithm-Related Factors Influencing Roof Coering Damage Detection

Selection of the clustering features and clusteewagjuation criterion can influence the
performance of the proposed roof covering damaggecten. Clustering features are used to
make the feature space needed in the k-mean &gorand evaluation criteria allow for
estimating the optimum number of clusters in autrgataset. These factors are described and
typical values are presented. These values werriexgntally evaluated in this research to

determine the best algorithm settings for roof cmgpdamage detection.



3.4.1. Clustering Features

Clustering features can be selected from lasezaidin intensity and color information,
which are generally captured by commercial lasansers. The laser reflection intensity of
each measured point (I) represents the opticalgtneof the reflective echo of the emitted signal
(Pfeifer et al., 2007). The strength of a reflddteser highly depends on the material that a laser
beam hits, distance between the scanner on obguishe laser beam angle of incidence.
Therefore, different materials - with an equal @nste and angle toward the scanner - reflect a
laser beam with different strengths which is cagdun the | values.

In addition to intensity, color information can bged to classify points. Many scanners
can provide Red, Green, and Blue (RGB) valuesdésatribe chromatic properties of each
measured point. Although RGB is suitable for calisplay, RGB is often not effective for
cluster analysis (Cheng et al. 2001). For examflke lighting changes due to shadows, all
three components of RGB will change; therefores difficult to recognize a color with the same
hue but under different lighting conditions. RG&lues can be transformed to other color model
components, which are more suitable for clustelyaisa

Color models that separates the chromatic proesfia color from the lighting
conditions are the Hue-Saturation-Lightness (HS1g @ommission International de I'Eclairage
LAB (CIE L*a*b) models. The way that the HSL modkdfines a color is more compatible to
the color of human perception. In HSL, the hue rigpresents the basic color of objects (e.g.
red), saturation (S) represents the amount of Wigité mixed with the hue (e.g. dark red), and
lightness (L) represents the amount of lightindie TIE L*a*b model represents any color with

three components: L, a, and b, where L represkatarnount of lighting. The L*a*b model



allows for the difference of two colors to be e)gsed by the Euclidean distance of the color
points in the L*a*b space, whereas the RGB or HSldets do not provide such an ability.
3.4.2. Clustering Evaluation Criteria

Different clustering evaluation criteria exist tltain be used to estimate the number of
clusters in an input data set. Three criteria Wexe evaluated are; within-cluster sum of squares
(Elbow method), Calinski-Harabasz index (CH) (Cglinand Harabasz, 1974), and Davies-
Bouldin index (DBI) (Davies and Bouldin, 1979).

A common method to determine the optimum numbetudters in a data set is to
compare “within-cluster sum of squares” ($®r subsequent numbers of clusters. As the
number of clusters increases, thg,88creases. As long as the number of clustersssian
the optimum number of clusters, the changes ipvafiies are considerable. But when the
number of clusters exceeds the optimum value themtimber of clusters does not considerably
change the S3ralues. A plot of the S9versus the number of clusters for scanning pahgs
damaged roof is shown as the solid line in Figue 3n the example shown in Figure 3.2, there
is an “elbow” in the “Damaged roof” plot identifygrthe optimum number of clusters.
Sometimes, identifying the elbow point is not easg. shown in Figure 3.2, adding anothe,SS
line related to an intact roof training sample géncluster data set identified by the user) can
help identify the elbow point when the slope of tleenaged roof SSine approximately reaches
the slope of the intact roof S38ne.

Calinski and Harabasz (1974) defined the CH indeavaluate clustering. Equation 3.2

presents how to calculate CH:

'( —L % (Equation 3.2)



Where k is the number of clusters, n is the nunobebservations in the data set, ang &6d
SSy are the “between” and “within-cluster sum of seasdrrespectively. A proper clustering
generates a large $8nd small Spvalues, thus a large CH. Therefore, the CH isutaled for
different numbers of clusters and the cluster nunabilh the maximum CH is selected.
Davies and Bouldin (1979) proposed the Davies amaldn Index (DBI) to evaluate

clustering. Equation 3.3 presents how to calcuDié

¥, % %s  (Equation 3.3)

Where Dis the ratio of “within-" to “between-cluster” detces for the most similar cluster to
the cluster i, and N is the number of clusterspréper clustering of data produces large
between-cluster and small within-cluster distantt®ss a small DBI. The DBI is calculated for
different numbers of clusters and the clusteringnber with the minimum DBI is selected.
3.5. Experimental Evaluation of the Roof Covering Bmage Detection

An experimental evaluation framework was designetifallowed to determine the best
algorithm settings and to objectively evaluategeeormance of the clustering-based roof
covering damage detection under varying environai@unditions. Laboratory models of
damaged roof panels with varying shingle color dachage size were constructed and scanned
in direct sunlight and shadowed conditions. D#f#rclustering evaluation criteria and
clustering feature combinations were used to evalgof covering damage detection. This
section explains different components of the expenital evaluation framework.
3.5.1. Laboratory Data Collection

Roof panels consisting of plywood, felt paper, #mée different colored shingles having
defects of varying sizes were made and used iexperiments. Three popular shingle colors

with commercial names of “autumn brown,” “charcbahd “weathered gray” were used. For



convenience and to better represent the shingte,dblese colors are called brown, black, and
green respectively in this paper. Three roof pgresich with a different shingle color, were
constructed by nailing shingles on 1.22m x 2.44fnhX48ft) sheet of plywood. To represent
defects, roof felt and plywood were cut at varyammes and placed on the roof panels. Figure 3.3
(a) through (e) shows 5 different damage pattelaxsegd on the roof panels and used in the
experimental scans. These damage patterns mimarttgression of roof cover damage in high
wind situations observed in the damage field. Whitlrteasing wind speed, roof shingles are
often first pulled off a roof exposing the rooftfédllowed by the roof felt being removed
exposing the plywood sheathing.

The roof panels were scanned under lighting camaktsimilar to in-field scenarios.
Figure 3.3 (f) shows a schematic of the scannimdigoration in the laboratory. Each roof panel
was hung on the laboratory wall with a pitch ofZ’t&a 8/12 and at a height of 4 meters off the
ground. Scans were collected from 10 meters aveay the roof panel and at a medium
scanning resolution, which produces a 1 centinteterzontal and vertical point spacing at the10
meter distance. Also, panoramic photos were talsary the scanners built-in camera that
allowed true color values to be associated witmsain the scan. The large laboratory window
shown at the left side of Figure 3.3 (f) allowed ¢ontrolled lighting conditions. Each of the
roof panels with each of the damage patterns showigure 3.3 were scanned twice, once in
direct light and once in shadows. Figure 3.3 (@w&s an example of a roof panel with shadows.
3.5.2. Algorithm-Related Variables

Algorithm parameters were varied to determine & boof covering damage detection
settings. Table 3.1 shows clustering featuresciustering evaluation criteria that were used in

the tests. Different clustering feature combinagiorere evaluated by selecting among intensity,



I, and color model components such as RGB, HSL,G&d*a*b. RGB and | were
independently tested because these parametergaraly provided by scanners. The lightness
component in HSL and CIE I*a*b were removed to a@hate the impact of lighting conditions
on clustering results. All other model componemtse used individually, or combined with I, to
make varying clustering feature combinations asvshio Table 3.1. Once the best clustering
feature combination was determined, the clustezirajuation criteria shown in the second
column of Table 3.1 were tested to determine whralerion most properly estimates the
number of clusters.
3.5.3. Performance Measures

In order to evaluate the accuracy of the clusteemgloying different clustering features,
clustering results were compared with ground tdta produced by manually measuring the
damaged roof areas. Two types of errors were medsil) the false positive percentage and 2)
the false negative percentage. Figure 3.4 illtetrthe difference between false negative and
positive errors. A false positive is a point inemtly categorized as damage, while a false
negative is a point in a damaged area that isategorized as damage. Based on this definition,
in each run of the algorithm, the total numberatéé positive and negative error points was
divided by the total number of roof points to cédéta false positive and negative percentages.
False positive errors generate false damage daetealiarms, therefore should be avoided. On
the other hand, a low false negative percentagéeagnored. As shown in Figure 3.4, false
negative points might be surrounded by correcthected points. When detected damage points
are aggregated to make a polygon illustrating tka af damage, the polygon will cover the
single false negative points. Therefore, the sifgge negative points do not influence the

detection of the damage area.



To evaluate the ability of a clustering criteri@netstimate the correct number of clusters,
the estimated numbers of clusters was compardtetadtual numbers of clusters, and the
success rates for each clustering evaluation iitevere measured. Each criterion was tested to
estimate the number of clusters in all input data.sThe success rate corresponding to each
criterion was defined as the number of successnumber of correct estimations) over the total
number of input datasets.

3.5.4. Statistical Analyses

In this research, the one-way ANalysis Of VAriaid®lOVA) test was used to
determine if different algorithm settings or envinental conditions cause any difference in the
amount of false percentages. The one-way ANOVAmam@s means of two or more datasets in
order to determine if datasets are statisticaltigdent. In this research,value of 0.1
corresponding to 90% confidence level was usedjext the null hypothesis. The ANOVA test
can only determine if resulting false percentagessagnificantly different. If the ANOVA tests
identified a significant difference then the Fistest was applied to provide a pairwise
comparisons and ranking. The Fisher test was usadoast-hoc test to indicate which clustering
features combination resulted in better roof cavggdamage detection.

3.6. Experimental Resulté

This section discusses the experimental evaluagisults in the following order. First,

results of different clustering feature combinatigmown in Table 3.1 were compared and the

best clustering feature was chosen. The bestreeatas used in the three clustering evaluation

performance tables showing detailed experimeninggstand results are presented in Appendix
B



criteria shown in Table 3.1 and the ability of teehniques to estimate the number of clusters
was compared The influences of shadows, shiraltes; and damage sizes was also evaluated.
3.6.1. Comparison of Clustering Features

Statistical analysis of experimental results intidathat all clustering feature
combinations generally resulted in statisticallyigar false negative percentages, but “I” and
“a,b,I” combinations resulted in the lowest falsesiive percentages. This trend can be seen in
Figure 3.5 showing boxplots of false negative (Fegd.5(a)) and positive (Figure 3.5(b))
percentages for each of the feature combinatidie ANOVA and Fisher tests also indicated
the same conclusion. P-value of 0.471 indicatedigiwificant differences between false
negative percentages. However, the p-value ahtgpbsitive percentages was less than 0.001
indicating a significant difference. The post-tisher test indicated that “I” and “a,b,I”
combinations statistically result in similar fajsesitive percentages with the lowest mean among
all tested feature combinations. Table 3.2 presemtking of feature combinations based on the
Fisher test, in which the highest in the rankingdurce the lowest false positive percentage.
3.6.2. Influence of Shadows

A comparison of false percentages from scans withvéthout shadows indicate that the
influence of shadows on the results varies betwagsiering feature combinations. Figure
3.6(a) shows the ANOVA p-values of this comparis@nhigher p-value indicates the less
difference between accuracy of with- and withowtdghws; therefore, the less influence shadows
have on roof covering damage detection algorithAs shown in Figure 3.4, shadows
significantly influence on results of clustering §i,and HSL feature combinations (p-value less

than 0.1). Also, shadows have the least impacesults from two feature combinations of



Intensity “I” and “a,b,l.” In other words, the ta®sults indicate that clustering “I” or “a,b,I”
decrease the influence of shadows on the roof oayeiamage detection.
3.6.3. Influence of Shingle Colors

A comparison of false percentages from scans dfpanels with different shingle colors
indicated that the color of shingles does not $icgmtly influence the results of any of the
clustering features. Figure 3.6(b) shows the ANQdRalues in which all p-values are higher
than 0.1. In other words, the p-values indicateddroposed roof covering damage detection
algorithm produces the same results regardless$at eolor roof shingles are scanned.
However, the low p-values for RGB and HSL featwmbinations suggest those features should
be avoided in order to minimize the influence ahgte color on the roof covering damage
detection algorithm.
3.6.4. Comparison of Clustering Evaluation Criteria

The clustering evaluation criteria shown in Tahlk Bere tested to determine which
criterion best estimated the correct number oftehgs Based on the previous evaluations
described above, the “I” and “a,b,I” combinationsrevselected and used as the clustering
feature. Table 3.3 presents the resulting suaedss for each of the criterions. As shown in
Table 3.3, the evaluations that used the “I” asctbstering feature resulted in higher rates of
success than those using the “a,b,l.” Also thewland Calinski-Harabasz criteria resulted in
the highest rates of success, 82% and 71% respbctiVhe experimental evaluation indicated
that the elbow criterion produces a higher accuyraowever, the implementation is not fully
automated and the determination of the elbow pmirthe plot requires human interpretation.
On the other hand, Calinski-Harabasz automatiestymates the number of clusters but with

slightly lower accuracy.



3.6.5. Influence of Damage Sizes

The clustering false percentages and successo@tesponding to different damage
patterns shown in Figure 3.3 were compared to atalihe influence of damage size on the
damage detection method. Figure 3.7 illustrateddlse percentages and success rates for each
of the damage patterns. The Intensity (I) wasl @sethe clustering feature, and the elbow and
Calinski-Harabasz methods were used as the clogtealuation criteria in these tests. As
shown in Figure 3.7 (a) and (b), the resultingdalegative and positive percentages were less
than 20% for all damage patterns except the dampaigern (e) (Figure 3.3(e)). Also, as shown
in Figure 3.7 (c), the rates of success were ab0%e for all damage patterns except the damage
pattern (a) (Figure 3.3(a)). Examining the damaaféerns associated with (a) and (e), which are
shown in Figure 3.3 (a) and (e), it is seen thas¢hdamage patterns include small areas of
shingle loss where the roof felt is exposed. TWauation indicated that the chance of error in
the damage detection methodology is higher whenl sireas of shingle loss (roof felt exposed)
exist on the roof.
3.7. Conclusions

This research formalized and experimentally eveldiat clustering-based method to
detect roof covering damage in point clouds colddtom wind damaged buildings. The roof
covering damage detection method is based on thedas clustering algorithm. A series of
experiments in controlled conditions were condud¢tedetermine the best algorithm settings. In
addition, the performance of the damage detectiethad under varying environmental
conditions was evaluated.

This research indicated that the use of Intengjtyalues as the clustering feature, and

the elbow or Calinski-Harabasz criteria for estimgithe number of clusters result in the best



performance of the roof covering damage detectiethod. The intensity (1) feature, with an
average false detection percentage of 5%, prochigasr damage detection accuracy than other
feature combinations using color information. Tise of color information in different forms of
RGB, HSL, and CIE L*a*b did not generate better dgsdetection than the use of only
intensity information. Therefore, the collectiohpanoramic pictures while scanning can be
avoided to speed up the in-field data collectiantlids type of application. The use of the elbow
criterion for estimating the number of clustersutexd in the highest rate of success, 82%. The
Calinski-Harabasz resulted in a slightly lower sgscrate; however, Calinski-Harabasz can be
used when full automation is a priority.

This research also demonstrated that environmédtdrs such as shadows, roof colors,
and damage sizes do not significantly influencepg@ormance of the roof covering damage
detection methodology. The experimental evaluatidicated that when the intensity (1) feature
was used for clustering, the existence of shadawiseochange in color of roof shingles did not
influence the amount of false percentages. Thkiatran also demonstrated that the error in the
damage detection methodology is lower than 20%rdégss of the size of the defects, except
when only small areas of shingle loss exist orrtiod.

The roof covering damage detection technique faredland tested in this research is a
step toward a comprehensive laser scanning-basechated windstorm damage assessment.
Such an automated damage assessment will effigieravide comprehensive damage
information applicable in post-tornado forensicastigations and loss estimation. In this study
the scanning distance and angel were kept condtaimy the tests in order to avoid impacts of
these factors on intensity values. However to h@emented in real-world settings, intensity

values should be corrected (normalized) based manpeters such as the scanning angle and



distance. This normalization becomes increasimgportant when the point cloud data
comprises registered scans that were captureddifdenent locations. In future research, this
study can be extended to test the formalized roeéeng damage detection with actual data
collected from damaged buildings.
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Table 3.1. Tested algorithm settings

Clustering Feature Clustering Evaluation
Combinations Criteria
RGB Elbow (SS)
I Calinski-Harabasz (CH)
HSL Davies-Bouldin (DBI)
H Silhouette
S
HSI
Sl
abl

Table 3.2. Ranking and grouping feature combinations
based on the Fisher test

Ranking Fegturg False Positive Grquping
Combination Percentage (Mean) (Fisher)

1 abl 5.2% A

2 I 5.3% A

3 HSI 16.8% B

4 Sl 19.1% B

5 RGB 27.2% C

6 HSL 34.3% C

7 H 45.7% D

8 S 46.9% D

Table 3.2. Rates of success in estimation of the number cteta

Clustering Clustering Evaluation Criterion
Feature Calinski-Harabasz Davies-Bouldin Elbow
I 71% 64% 82%

abl 64% 46% 57%




Fig 3.1. Clustering the roof point cloud: (a) plot of rq@fints in Euclidean space, (b) identified
clusters and means in a 2D feature space, (c)atkf clustered points in Euclidean space

Fig 3.2. Choosing the optimum number of clusters
using the elbow criterion



Fig 3.3. Experimental setup: (@) roof boards with different damage patternss¢Bnning configuratic

Fig 3.4. False positive and negative points



Fig 3.5. Comparison of false percentages generated byecingtfeature
combinations: (a) false negative percentages albgfpositive percentages



Fig 3.6. Comparison of false percentages resulted from atdtected
under varying environmental conditions: (a) ANOVA@lues for
testing the impact of shadows (b) ANOVA p-valuestésting the

impact of shingle colors



Fig 3.7. Evaluation of the influence of damage size: (3dalegative
percentages, (b) false positive percentages, (€3 @& success
corresponding to each damage pattern (damagemmter shown in
Figure 3.3)



CHAPTER 4

A LIDAR-BASED METHODOLOGY TO EVALUATE FRAGILITY MODELS FOR
TORNADO-INDUCED ROOF SHEATHING LOSSES

Alireza G. Kashani, Andrew J. Graettinger
For submission to the journal Nfatural Hazard Review

4.1. Abstract

Recently structural fragility models were developegrovide quantitative insight about
tornado design wind speeds and failure progresdttowever, limitations in gathering
guantitative loss information in the aftermathafiadoes have not allowed for comparing the
fragility-based information with the actual buildifoss data. This paper presents a methodology
incorporating 3D data collection with laser scagnim automatically extract damaged building
geometry and roof sheathing loss, which allowsef@luating current fragility models using
actual damage data obtained from a large numbleuitifings. A comparison conducted in a
small case study with 3D data collected after h&32Moore, OK, tornado indicated that current
fragility models underestimated the loss in theteeand overestimated the loss in corners of
roof planes. This can be because the roof sheptailures predicted by fragility models do not
involve the influence of windborne debris and poonstruction. Implementing the proposed
methodology in future case studies with a largeniber of damaged buildings will provide more

insight about the reliability of fragility models.



4.2. Introduction

Even though tornadoes result in great hardshigd@sgdin the United States, their low
probability of occurrence and the lack of knowleddpeut the tornado loads and failure
progression prevents the full consideration of aolees in current design codes (van de Lindt et
al., 2012). Understanding tornado induced loadkfaiture progression is the primary step
toward enhancing design. Unlike straight windspaolo winds change speed and direction
rapidly. Tornadoes also produce destructive wimdéalebris and localized wind pressures,
which have made it difficult to fully understandnado failure mechanisms.

Recently, several researchers used structuralifyaggsessment methodologies that
could provide quantitative insight about designdveapeeds and failure progression (Amini and
van de Lindt 2013, Ellingwood et al., 2004, Lee &ubowsky, 2005, van de Lindt et al., 2012).
In the wind fragility assessment, the structurglacaty and wind loads are defined as functions
of variables related to the building geometry, ¢ardion, and position. Then a probabilistic
method is used to assess the reliability of thecsire to withstand loads caused by varying wind
speeds (Ellingwood et al., 2004). A typical ressila fragility model (curve) that correlates wind
speeds and the probability of failure for a struafeomponent, which help researchers to
identify the wind speed at which there is high aderfice that the structural component will
survive.

The tornado wind loads in current fragility assesstimethods are calculated with the
same formula defined by the ASCE-7 code (ASCE, 2@dr0straight winds (e.g. hurricane
winds) where only an amplification factor is addedake into account the impact of increasing
vertical wind velocity pressures in tornadoes. sTactor was added based on a tornado

simulation study by Haan et al., (2010) indicatihgt the lateral wind pressures on buildings and



uplift pressures on components and cladding apeotively 1.8-3.2 and 1.4-2.4 times those
made by straight winds. Based on observationswfadje caused by several tornadoes, Dao et
al. (2014) stated that the amount of this amplifazafactor can be chosen based on the location
of buildings in respect to the tornado path. Qldsehe tornado core, buildings experience
winds in different directions and wind pressurethdarger vertical components, therefore a
higher amplification factor should be chosen ircakdtions. But far from the tornado core,
buildings experience straight winds; thereforeahwplification factor can be ignored. Details of
the wind fragility calculations for roof sheathiagbjected to wind loads will be described in the
following section.

Comparison of failure predicted by fragility modelgh actual damage observed after
tornadoes is required for evaluating the validityhe fragility model assumptions and results
(Subramanian et al., 2013). Some researchersssisduhe similarity between damage observed
after tornadoes and the information obtained froagifity assessments (van de Lindt et al.,
2012), however their damage observations weretatia®, and quantitative amounts of damage
were not used in the investigations. Amini and glarLindt (2014) indicated that the wind
speeds and failures predicted by their tornaddlitagiodels are in qualitative agreement with
the degrees of damage defined by the EnhancedKEJR) scale. But, they did not conduct
field studies to support such a claim. It showddnbted that the fragility models quantitatively
predict the amount of failure caused by differemtarspeeds (i.e. probability of failure) while
the EF degrees of damage have been defined withajiva statements (e.g. large sections of
roof removed). Yet, comprehensive evaluationdefgdredictive accuracy of tornado fragility

models have not been performed due to the laclet@ildd and quantitative damage data.



Recent developments in remote sensing technolsgigsas 3D laser scanning or Light
Detection And Ranging (LIDAR) provided an effectivm®ls to rapidly acquire geometry of
damaged buildings with high precision (Kashanile2@14b). The dense 3D LIDAR data
produced by laser scanning virtually preservegtwnetry of the scanned damage site and
allows for geometric queries and measurements aftenrecovery efforts have been completed.
Several studies have indicated the great advantdgesh geometric information to be used in
post disaster forensic investigations (Gong 2014e@et al., 2012; Olsen and Kayen, 2013;
Cock et al., 2013; Kashani et al., 2014a), strattdeformation analyses (Olsen et al., 2010;
Park et al., 2007), and detection of flatness def@cconcrete slabs (Tang et al., 2011). Also,
scanning-based methods have been developed to @itally detect and calculate the amount
of wind-induced building damage including perceetagf sheathing or covering losses
(Kashani et al., 2014a; Kashani and Graettinget420The automated nature of these methods
allows for efficient and quantitative damage anialys$ a large number of buildings after
tornadoes.

Motivated by the potential of LIDAR technology tocarately capture geometry,
location, and quantitative damage states of buglsliafter tornadoes, this paper presents a Laser
scanning-based methodology to compare damage teddig current tornado fragility models
with actual building damage gathered after tornaddéhe scope of this study is the analysis of
roof sheathing loss in typical low-rise buildingBhe methodology starts with extracting roof
geometric information such as the height, slopgtadice to the tornado path, and ASCE-7
pressure zones (ASCE, 2010) for each damage bgitdiptured in scans. This information is
used as input to current fragility assessment nuetlogies to produce fragility curves for roof

sheathing failures. Also for each building in sahe actual percentages of roof sheathing loss



over each of the ASCE-7 pressure zones are extraata wind speed is assigned based on EF
scale. Then the observed percentages of loss mdspeeds are compared with those predicted
by the fragility curves. This comparison providesdback for enhancing fragility models. This
paper also presents results of performing such easgn for 5 damaged buildings that were
scanned after the 2013 Moore, OK tornado. Thernaated damage analysis provided by the
proposed methodology will allow for efficiently germing such comparison for more buildings
on the path of future tornadoes.

The rest of the paper is organized as follows:tRine fragility model for roof sheathing
subjected to wind load is described. Second, dlgos and steps to extract roof damage and
geometric information are described. Third, theqgrenance of the proposed LIDAR data
processing method on the Moore, OK data set iuated. Finally, the roof damage predicted
by fragility models are compared with the actuahdge extracted from the Moore, OK LIDAR
data set.

4.3. Fragility Model for Roof Sheathing Subjecteda Wind Load

In this study, we evaluated the fragility model deyped by Lee and Rosowsky (2005)
with the tornado amplification factors suggestedHagn et al., (2010) and Dao et al., (2014).
The fragility can be expressed with a conditioréllfe probability shown in Equation 4.1:
01234 8800 1234 5 6 +02 63 (Equation 4.1)

Where D is a random demand on the system (e.g. sypadd), P(D=y) is the probability of the
natural hazard, G(x) is the limit state, and P[&Q{[P=y] is the conditional limit state

probability that defines the fragility.



Wind-induced roof sheathing loss happens whentymi#ssures over sheathing panels
exceed the sum of the resistance of nails and weigtanels, therefore the limit state describing
the roof sheathing loss can be shown as equatibn 4.

1.2 3 (Equation 4.2)

Where R is the resistance of the roof panel, wesuplift wind load, and D is the dead load of
the panel. The resistance of the roof panel dependhe nail type/spacing and construction
guality. The resistance and dead load for tygealel installations were determined within
experimental and analytical studies (Lee and RokpyZ)05).

The uplift wind load on components and cladding (©&f a low-rise building can be
calculated with Equation 4.3:
< +31'@ 1'@A (Equation 4.3)

Where ¢ is the velocity pressure at the mean roof heigbtis the amplification factor (Dao et
al., 2014), G is the gust factor, angldhd G,; are respectively external and internal pressure
coefficients. As explained by Dao et al., (20K can be determined based on the distance of
building from the tornado core. The @@lues vary by the sheathing panel location, hesfht
the roof, roof pitch, and plan area. Typicallynpks along the roof edge and corners receive
higher external pressure than the interior pan€lerefore, ASCE-7 (2010) has defined three
roof pressure zones. Zone 1 includes interior jsaaned has the lowest GCZone 2 includes
panels along roof ridges and eaves. And Zonel8des corner panels and has the highest GC
Creation of holes in the building envelope (e.@kien windows, failed garage door, or roof
sheathing loss) can change the internal presABE€E-7 (2010) defines nominal G@alues

for enclosed and partially enclosed buildings.tiStiaal GG, and GG; values were also

determined within previous studies (Lee and Rosgw2€05).



Based on ASCE-7 (ASCE 2010), the velocity pressarebe calculated with Equation
4.4:.
<.2@0BE& + DEF +> _+33>+J2JAK L@M3 (Equation 4.4)

Where K, is the exposure factor,Ks the topographic factor,4{s the directional factor, and V
is the basic wind speed in mile per hour, akd K; are chosen based on the topographic
situation of the building. StatisticalyKalues were suggested in previous studies to at¢ou
the reduced probability of the maximum pressurdfiment occurring for any given direction
(Lee and Rosowsky, 2005).

Using the statistics for wind load, dead load, aplift resistance described, sheathing
loss fragilities defined by Equation 1 can be eatdd. Depending on where the sheathing panel
is located (i.e. on Zone 1, 2, or 3) the pressasdficients are selected and fragility curves
correlating basic wind speeds and probabilitieiibdire are drawn. Readers are encouraged to
see Lee and Rosowsky (2005) for more a detailecrigion about the fragility assessment for
wind induced roof sheathing failures.

4.4. LiDAR Data Processing Framework

The following sections present algorithms and tépines used in the proposed LIDAR
data processing framework. Each section firstewsirelated point cloud processing techniques
and then describes how such techniques were adoptieel proposed framework. These
techniques have mostly been developed to extrachgeic information from remotely sensed
data such as aerial photographs and airborne/teatdsDAR in order to produce 3D building
models (Awrangjeb et al., 2013; Habib et al., 2(Réxk et al., 2006; Pu and Vosselman, 2009).
Although the 3D modeling problem has been well usiw®d and addressed in different ways,

these methods were designed and tested with diééated from intact buildings when the data



is complete and fits to assumptions of algorith@sde-Elberink and Vosselman, 2011).
Indeed, processing of data collected from damagédibgs and extracting information needed
for damage analysis have specific challenges maisitigated in previous research studies.
4.4.1. Detection of Building Regions

The data processing procedure begins with build&tgction. The building detection
step aims at filtering ground points and other umed objects from the dataset and identifying
building regions. The detected building pointd Wwé used in the next steps to extract damage
and geometric information. Sithole and Vosseln2004) and Vosselman and Mass (2010)
provided a comprehensive review of filter algorighand their experimental comparisons. The
framework proposed in this paper employs the detechethod fully described in Kashani et al.,
(2014a). That method detects roof and wall reginrike LIDAR dataset collected from tornado
damage sites and produces GIS building polygows Fegure 4.4(a)). The detected roof regions
are used to reduce the search space in the npstaftéhe framework presented in this paper.
Also, identified wall regions indicate if the buihd) envelope at failure was enclosed. In
addition, the building plan dimensions are extradig fitting rectangles to the detected building
regions. The building envelope state and dimerssiaitl be used in creating fragility curves.
4.4.2. ldentification of Post-Tornado Roof Planes

This step aims at identifying roof planes remairaftgr the tornado and generating GIS
polygons which are referred to in this paper as-pmsado roof polygons. As mentioned
before, roof geometric features such as roof @tuth height should be extracted to develop
fragility curves. Also, loss over different preeszones must be extracted. To extract this

information, the scanning points within each idied roof region should be divided into



segments which constitute different roof planegentifying the roof planes allows for extracting
the height, slope, and loss information.

Several segmentation techniques have been madedgmize planar segments in point
cloud data. These techniques have been devel@sed lon the assumption that a typical
building facade is made of planar patches. Thssimption is also valid for finding intact
sheathing panels that remain on buildings afteradoes. Vosselman et al., (2004) reviewed
common segmentation approaches. The most gemrgralesntation approach is clustering. In
the clustering approach, a feature vector is ddffoe each point in the data set and used to
identify clusters sharing similar feature vectoFeature vectors include properties that produce
the best separation among clusters. For examilile (F002) used a 7D feature vector including
3D point coordinates, parameters of the localdifteane, and height difference with adjacent
points to identify planar surfaces. But implemdotaof algorithms with such multidimensional
feature vectors is not efficient particularly iretbase of large and noisy datasets such as those
collected from tornado sites. Plane growing apghea facilitate segmentation by starting from
a group of points making a seed plane. The semtep$ expanded with merging adjacent points
fitting into the seed plane. However, the quabtsegmentation highly depends on the proper
selection of seed points, which is hard in large aoisy point clouds. Data structure is also very
critical in order to search for adjacent pointaiplane growing method; therefore, using region
growing methods results in poor segmentation ofrungired point clouds (Pu and Vosselman,
20009).

Plane fitting is another approach that providesdgareentation of unstructured and noisy
point clouds such as those collected in tornads sit hese methods produce the mathematical

equation of a plane that fits to the maximum nundfgroints in the input dataset. In order to



identify multiple planes within the same point dpthe method can be repeated but each time
the previously identified point segment must beaeed from the cloud. A widely known plane
fitting algorithm is the RANdom Sample Consensu8RAC) (Fischler and Bolles, 1981).

This method starts with at least three points ramgselected in the cloud and calculates the
equation of the fitted plane. Then the pointshm ¢loud that lie in the fitted plane (inliers) are
identified. This procedure repeats for several lmmations of randomly selected points and each
time saves the corresponding number of inlierse glane with the maximum number of inliers
or above a pre-defined threshold is selected abahkefitted plane and inliers are grouped in a
cluster (Rehor et al., 2008).

In the framework presented in this paper, oncetpamha damaged building were
separated from other points within the detectiep $Figure 4.1 (a)), roof planes are identified
with the RANSAC plane fitting technique. The angitween the identified plane and the
ground-fitted plane is calculated and used to datex whether the plane is a roof plane or not.
The roof pitch of typical houses is between 4/112A 2 with an angle of less than 45 degrees,
while wall planes make an angle close to 90 degr@sse a roof plane is identified then its
points, equation, and pitch are saved and the RABISmcess repeats in order to find other roof
planes. This procedure continues until the nurobeoints in the identified segment reach
below a threshold value set by the user. Figut€l). shows segmented roof points of the
building shown in Figure 4.1 (a).

Points of detected roof planes are imported int® Blgenerate post-tornado roof
polygons. Polygons are created around segmemggpobximate points within a predefined
aggregation distance. The aggregation distansetibased on average point spacing in the input

point cloud. The roof plane segments detectech®yRANSAC technique might include some



false points that do not actually belong to thef pdane. After the point aggregation, those false
points may introduce small unwanted polygons famfthe main created polygon. Predefined
size and distance thresholds are used to filteutineanted polygons from the results. Figure 4.1
(c) shows the post-tornado roof polygons createdhi® building shown in Figure 4.1 (a).

4.4.3. Reconstruction of Pre-Tornado Roof Planes drPressure Zones

This step aims at reconstructing the pre-torna@dpe$ of identified roof planes and
generating GIS polygons which are referred to ig plaper as pre-tornado roof polygons. There
are two reasons for reconstructing the pre-tormadbpolygons. First, pre-tornado roof
polygons are compared with post-tornado roof pahggim quantify the amount of sheathing loss
in each roof plane. Second, they are used tordeterlocations of wind pressure zones on the
roof planes. Determination of roof pressure zalkesvs for understanding over which zone of
the roof the sheathing loss has occurred.

Common 3D reconstruction approaches developed ynfinkeconstruction of intact
buildings can be divided to two categories of medall data-driven techniques. Model-driven
techniques use a predefined catalog of roof shape@sdentify the best fit for the segmented
points (Maas and Vosselman, 1999). This approaaviges an efficient and consistent
approach for modeling non-complex roofs. Howeifghe catalog does not include the roof
model then the reconstruction fails. On the ottard, data-driven techniques can reconstruct
complex roofs by finding adjacent planar roof segta@nd extracting intersection lines and
vertices (Kim and Shan, 2011). An important taskhis approach is to determine the spatial
relationship (adjacency) between detected roof sedgn The adjacency is often described in

the form of a matrix (Sampath and Shan, 2010)gmagh (Oude Elberink and Vosselman,



2009). The framework presented in this paper epspdodata-driven approach to reconstruct
pre-tornado roof polygons which are described below

The reconstruction procedure begins with an ad@canalysis to find neighboring roof
planes. GIS provides proximity toolsets that ftatié the adjacency analysis. One of them is the
“near tool” which enables for identification of te@es within a search radius distance. Each
generated post-tornado roof polygon is used ag tapine near tool and neighboring polygons
are determined. Remaining parts of roofs afteradoes are usually connected to walls or roof
edges (close to roof plane intersections); theeefosearch radius distance of 1-2 meters is
sufficient to accurately identify neighboring rquflygons.

Once the neighboring roof polygons are identifibe, corresponding plane equations are
used to define intersection lines and roof vertides3D space, the intersection of two planes
makes a line, and the intersection of three plamsses a point. Detected neighboring roof
planes are intersected and intersection linesatednal roof vertices are mapped in GIS. Then
the building boundary detected before is usedmd intersection lines. As shown in Figure 4.2
(a), the generated lines have extra parts thatidheutrimmed. Figure 4.3 (a) to (c) shows
possible situations of lines and internal roof et and the method of trimming. Figure 4.3 (a)
illustrates the situation where no internal roaftee is detected on the line. This is common in
gable roofs. In this case the whole length oflithe inside of the building boundary is kept.
Figure 4.3 (b) illustrates the situation where ome internal roof vertex is detected on the line.
This situation commonly occurs when the intersected planes neighbor a hip roof. In this
case the line is split at the vertex and only the $egment closer to the intersected roof plases i
kept. Finally, Figure 4.3 (c) illustrates the ation where two internal roof vertices are detected

on the line. This often happens when the inteeskriof planes neighbor two hip roofs. In that



case the line is split at the location of the wediand only the line segment between vertices is
kept. Once intersection lines are detected antgd, all lines related to each roof plane are
merged with the boundary to reconstruct the comedmg pre-tornado roof polygon. Figure 4.2
(b) shows the trimmed intersection lines and gdedrare-tornado roof polygons for the

example shown in Figure 4.2 (a). Comparing tha afgre-tornado polygons (Figure 4.2 (b))
and post-tornado polygons (Figure 4.1 (c)) allowrscilculating the percentage of sheathing loss
for each roof plane.

Finally, wind pressure zones of reconstructed pmdygons are determined using the
guidelines provided by ASCE-7 (2010). ASCE-7 (20d€¥ines three different roof wind
pressure zones. Figure 4.2 (c) shows the pregsues for the identified pre-tornado roof
polygons, which were generated based on ASCE-7{§20According to the ASCE-7 (2010),
the distance “a” shown in Figure 4.2 (c) equalhtolesser of 10 percent of the least building
dimension or 40 percent of mean roof plane heightilding dimensions were extracted within
the building detection step. The mean height cheaof plane is also determined by calculating
the average height of the highest and lowest iatti@n lines of internal roof vertices.
Determining the “a” distance, the post-tornado noalfygon is shrunk by “a” (i.e. negative
buffering) to create zone 1. Zone 3 is also sapdray making a buffer area around building
corners. Zone 2 is the remaining roof area orettge of the roof plane after separating zone 1
and zone 3. Knowing the pressure zones, the ossfih each pressure zone can be separately
calculated.

4.5. Case Study of Damaged Buildings in Moore, OK
This part of the paper presents the implementatiadhe methodology on the LIDAR

data set collected after the 2013 Moore, OK torndéigure 4.4 (a) shows the Moore dataset



including 5 damaged buildings. The data was ctdbtbavith a commercial terrestrial scanner
using medium scanning resolution (i.e. 0.1 meténtEpacing @ 100 meter distance). Point
clouds captured from different scan stations weaaunlly registered and then overlaid on the
GIS aerial imagery basemap. Figure 4.4 (b) shbesdentified roof and wall regions in the
Moore dataset using the methodology described shai et al., (2014a). Points over the
identified building regions were used as inputh® planar segmentation and roof reconstruction
techniques described in this paper. Actual pesggd of roof sheathing loss over the three
pressure zones were calculated and compared vetlosls predicted by the fragility models.
The following sections describe the results ofdase study.
4.5.1. Geometry and Damage Extraction from the LIDR Data Set

Figure 4.4 (c) shows the generated post-tornadiopaggons for the buildings in the
Moore data set. 27 roof planes were identifiethenMoore data set. A comparison between
results of the Kashani et al., (2014a) method shiowngure 4.4 (b) and the method presented in
this paper shown in Figure 4.4 (c) indicates thatplanar segmentation not only identified roof
planes but also allowed for filtering roof raftensd debris remaining on top of the buildings.
Roof rafters and debris remaining on top of damdgeldlings might be detected by the Kashani
et al (2014a) method as intact roof regions, thecalusing error in the calculated amount of
roof loss. For example, only roof rafters and agelemained on the roof of building number 3.
Planar segmentation allowed for filtering thoseaarfom detected post-tornado roof polygons.

Figure 4.4 (d) shows the pre-tornado roof polygamd corresponding pressure zones.
Overall the proposed reconstruction method resutteditomatically generating 19 pre-event
polygons out of the 27 detected roof planes (70 ahsuccess). The rate of success in fully

automated generation of pre-tornado roof polygeresfunction of the overall roof sheathing



loss. For example, all of the 11 roof polygon$®oilding number 4 with the overall roof
sheathing loss of (13%) were automatically gendratédowever, 2 polygons out of the total 4
roof polygons of building number 1 with the overalbf sheathing loss of (79%) needed manual
edits. The results indicated that as long as tgba roof plane and the neighboring planes
remained after the tornado then the proposed meathold automatically reconstruct the pre-
tornado roof polygon. However, manual edits basederial imagery were required for
completing pre-tornado polygons when any of thgmeoring planes was totally destroyed (e.qg.
planes number 1, 10 and 25). Image-based roohstation techniques can be incorporated in
the future in order to automatically generate jpreddo polygons for such damaged planes.

As shown in Figure 4.4 (d) the location of presszores were determined for the pre-
tornado roof polygons. However, some damaged imgigdhad roof surfaces that were totally
destroyed by the tornado (i.e. areas with 100%thkireploss) and the locations of pressure
zones could not be identified. To estimate the afepressure zones over those areas (i.e. 100%
loss), it was assumed that buildings in commonhi®ghoods and with similar plan dimensions
have similar roof geometries. Therefore, a ratipressure zone areas over total roof area was
developed based on the detected pressure zonhs &rbuildings and used to estimate the area
of pressure zones over the 100% loss areas.

Geometric information and quantitative roof sheagHbsses were extracted
Comparing the pre- and post-tornado roof polygdlesvad for detecting locations of roof
sheathing losses. Also, knowing the locationsresgure zones allowed for calculating the

percentage of sheathing loss over each of the gressure zones. Building dimensions, roof

gl % & & " & #



mean heights, and roof pitches were also extraotbé used in fragility assessments. Table 4.1
presents information produced for the buildingthe Moore data set.
4.5.2. Fragility Development for the Roof Sheathingf Scanned Buildings

Fragility assessments were performed for the rbe&thing of the buildings in the Moore
data set. Buildings in this case study had sinfilan dimensions, number of stories, roof
sheathing nail pattern, roof type and pitch. Theee one fragility model was developed for all
of them. The model included three curves assatiatth the three pressure zones, which allows
for investigating sheathing loss progression orrtlods. Table 4.2 presents statistics used to
calculate the sheathing resistance and wind lo#ltisrstudy. These statistics were obtained
from previous experimental and analytical studiesddn Table 4.2. Based on the work of Haan
(2010) and Dao et al., (2014) the amplificatiortdaevas added for tornado wind load. Figure
4.5 (a) through (c) separately shows the roof s$iegfragility models for the panels over the
three pressure zones.
4.5.3. Comparison of Actual and Fragility-Based Damge

In order to compare the fragility models, the actieda points shown on Figure 4.5 were
plotted. Wind speeds estimated at the buildingtioas and actual percentages of sheathing loss
extracted from the LIDAR dataset (Table 4.2) weseduto plot actual data points on Figure 4.5.
Wind speeds at building locations were estimatexthan the EF scale because tornado winds
are not directly measurable. Kashani et al., (2)iddicated a correlation between percentages
of roof sheathing loss and tornado wind speedsctirabe used to automatically determine the
EF rating of buildings. Buildings 1, 2, 3, and Bre rated as EF2 and building 4 was rated as

EF1. The range of wind speeds related to eaclateFs shown on Figure 4.5 (a) through (c).



The comparison indicated discrepancies betweerlag&umage and damage predicted by
two of the fragility curves. The mean of actuades over zone 2 extracted from LiDAR data
was close to the loss predicted by the zone 2lityagurve. But, as shown in Figure 4.5 (a) and
(b) the fragility curves underestimated the loszane 1 and overestimated the loss in zone 3.
This was observed in the 5 buildings studied is tase study. Increasing the number of
buildings in future studies can improve the insigbout the validity of the fragility models.

Different variables have not been considered irctireent fragility models that could
cause the discrepancy described above. Damagedchydornado windborne debris is
extensive but not seen in the fragility models.th&us observed several cases in damage areas
after tornadoes where flying objects hit buildirzgel generated large holes in the sheathing of
the home. Not considering such a factor in thgilitg assessments could cause the
underestimation of loss in zone 1. Also, the caasion quality, particularly the quality of
sheathing nailing, highly influences the uplift eapty of roof sheathing. Current fragility
models assume that the nailing pattern and qualitgpnsistent over the whole roof area, which
produces the same uplift resistance over the fnessure zones. This assumption should be
studied in construction sites to find if it fitstwithe actual construction.

4.6. Conclusions

This paper presented a LIDAR-based methodologylieat detailed roof sheathing loss
information in the aftermath of windstorms suchi@sadoes and to evaluate the current fragility
models. The efficient 3D data collection and theomated data processing method allows for
assessment of a large number of damaged buildmypr@duces spatial and quantitative
information about the actual roof sheathing lossHse automatically produced information

includes the roof dimensions, height, pitch, anebshing loss over the three pressure zones



described by ASCE-7 (ASCE 2010). The methodolaggcdbed in the paper also allows for a
comparison of the gathered actual loss informatrdh the damage predicted with current
fragility assessment methods.

The performance of the proposed methodology wasdesith a LIDAR data set
collected after the 2013 Moore OK tornado. Theecady indicated the ability of the proposed
method in extracting detailed damage and geomefocmation from damaged buildings. It
was noted that other sources of information sughregornado aerial images and image
processing techniques can be added in the futugahtance the level of automation. The
comparison conducted in the case study indicatadthie current fragility models
underestimated the loss in center of roof planesZbne 1) and overestimated the loss in the
corners (i.e. zone 3). This could be becausertwglity models do not involve the impact of
windborne debris and poor construction on roof gheg failures.

Results of the presented research suggest futusieestin related topics. Further
investigations are suggested to determine theantla of construction quality and windborne
debris in tornado-induced losses. Implementingotioposed methodology in future case studies
with a larger number of damaged buildings will pcevmore insight about the reliability of
fragility models in predicting tornado losses. Melscanning platforms can be incorporated to
enhance large-scale data collections. Also, thpgeed damage assessment methodology,
fragility models, and financial loss estimation hwts can be used to develop tornado loss
estimation models.
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Table 4.1. Building geometry and roof sheathing loss percesgaaxtracted from the
Moore dataset

Plan Highest Mean  Roof Roof Sheathing Loss (%)
Building Dimension Roof Height  Pitch
Number Over Over Over Total
(m.m) (m) (degree) Zone 1 Zone 2 Zone 3
1 17*21 4.0 33 87% 76% 57% 80%
2 16*19 4.4 33 67% 55% 63% 59%
3 16*21 4.4 33 100% 100% 100% 100%
4 16*21 4.4 33 17% 10% 13% 13%
5 15*18 4.4 33 91% 86% 84% 88%
Table 4.2. Sheathing uplift resistance and wind load stassti
Parameters Category Mean Ccov CDF source
R 15™ /30°" nailing 69 psf 0.22 Normal Van de Lindt et al. 120
D 3.5 psf 0.1 Normal Lee & Rosowsky (2005)
K, 1 0.14 Normal Lee & Rosowsky (2005)
Kg Cc&C 0.89 0.16 Normal Lee & Rosowsky (2005)
Kzt 1 0 Normal Lee & Rosowsky (2005)
Kc Tornado factor 1.6 0.12 Normal Dao et al. (2014)
GG, Zone 1 -0.855 0.12 Normal Dao et al. (2014)
Zone 2 -1.615 0.12 Normal Dao et al. (2014)
Zone 3 -2.470 0.12 Normal Dao et al. (2014)
Partially Enclosed 0.46 0.33 Normal Lee & RosowEMy05)

GG



Fig 4.1. Identification of post-tornado roof planes; (a) AR data of a damaged building, (b)
Segmented roof points with the RANSAC plane fittmgthod, (c) GIS post-tornado roof polygons

Fig 4.2. Reconstruction of pre-tornado roof; (a) roof plamersection lines and vertices, (2)
reconstructed pre-tornado roof polygons, (c) |d&®tiASCE-7 pressure zones

Fig 4.3. Possible configurations of roof intersection liaesl vertices; (a) gable, (b) 1-hip, (c) 2-hip



Fig 4.4. The Moore, OK, Case study; (a) LIDAR data collecéer the 2013 tornado, (b)
detected building roof and wall regions, (c) dezdgbost-tornado roof polygons, (d)
reconstructed pre-tornado roof polygons and preszsomes



Fig 4.5. Comparison of the fragility model for roof sheationss and actual data; (a) for
panels over zone 1, (b) for panels over zone Zp(q)anels over zone 3



SUMMARY OF CONCLUSIONS

This research developed and tested a LIDAR dateegsing framework to automatically
extract quantitative damage information neededdorado wind speed estimation and structural
damage analysis. The framework developed in #search includes methods for: 1) detecting
damaged roof and wall surfaces in scans of damsites] 2) quantifying the percentages of
roof/wall sheathing and covering losses, 3) esiimgawind speeds at individual building scales,
and 4) evaluating current tornado fragility modeith actual damage information obtained by
laser scanning.

The performance of developed methods was testédsivitulated data, laboratory scans,
and actual data collected after large-scale toresid@ series of experiments in controlled
conditions were conducted to determine the bestrigiign setting and also objectively evaluate
the performance of the proposed methods undernggnvironmental conditions. The
proposed methods were also tested with actualaddiected after the Tuscaloosa, AL and
Moore, OK tornadoes. Also, contributions of th@eleped methods to tornado wind speed
estimation and structural damage analysis werestigaged.

The following conclusions were drawn from the tests
1. For typical point cloud densities greater than @m{s per square meter, a GIS raster cell

size (used in developed algorithms) within the eaafj40 — 50 cm produced less than 10%

error in damaged roof and wall detection. In additthe estimated wind speeds by the



developed method fell in expected ranges for dgfieDoDs defined by the EF scale, except
for the case of a DoD of 5 which were slightly astimated. Therefore, the manual
improvement of results is recommended in areaseviiner DoD of 5 is prevalent.

. The use of laser reflection Intensity (I) as thesttring feature in the k-means clustering
technique resulted in the highest roof covering agendetection accuracy (i.e. 5% false
detection) when compared to other feature comisingitusing color information. The use
of color information in different forms such as RG#BSL, and CIE L*a*b did not produce
better damage detection than using intensity in&tion. Therefore, the collection of
panoramic pictures along with scanning can be abtd speed up the in-field data
collection process. The use of the elbow critefamrestimating the number of clusters
resulted in the highest rate of success (82%) arabrigsted criteria. The Calinski-Harabasz
resulted in a slightly lower success rate; how&ainski-Harabasz method can be used
when full automation is a priority.

. Testing the proposed wind speed estimation methadbmaged buildings after actual
tornadoes indicated that the method is able tonesti wind speeds over small scales as
opposed to large-scale estimates often providdtelmyreconnaissance teams. Noting the
fact that tornado wind speeds and loads dramatigally over short distances, the presented
method provides engineers with a tool to imprower#solution and understanding of
tornado effects, thereby improving building design.

. The proposed methodologies produced quantifiabiegpoment loss information that was
compared to the damage predicted with currentlitagissessment methods. It was shown
that the current fragility models under estimatslo the center of roof planes (i.e. zone 1)

and overestimate the loss in the corners (i.e. 3)nd his may be caused by the fact that



fragility models do not include damage producedhgyimpact of windborne debris or poor
construction of roof sheathing. Implementing thepmsed methodology in future case
studies with a larger number of damaged buildingdjsprovide more insight into the
reliability of fragility models in predicting tormi losses.

Results of the presented research suggest futwtleestin related topics. Methods should
be added for detecting other types of tornado-iedudamage such as garage door failures.
Other methods of scanning such as airborne andlenlalser scanning should be investigated
and possibly combined with the proposed methoahb@ece the efficiency and reduce time of
data collection. Additional field tests shouldgesformed to evaluate the impact that in-field
factors, such as scanning data gaps, accesstiesgj®tc., have on the performance of the
developed automated damage assessment methodd@\tsgy.to improve wind speed estimates,
additional physical parameters such as quality,odg®enstruction, and windborne debris
damage need to be investigated and added to thelmod

Contributions of the developed method in tornadodispeed estimation and structural
fragility evaluation were investigated in this rasgh. The damage assessment framework
developed in this research can be adopted for pitaetical applications in the construction
industry including:

* Automated generation of damage maps for disassponse and recovery,
» Automated loss database updating for manageniemsurance and disaster assistance
programs,

* Automated preliminary loss estimation for cosalgsis of repair and reconstruction projects.
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APPENDICES

Appendix A: Roof and Wall Sheathing Loss Detectionthe Case of Moore OK

This appendix is provided to supplement the artiescribed in chapter 2. Chapter 2
presented a GIS-enabled method to automaticallgtduaioof and wall sheathing losses and
estimate wind speeds at individual building sc@las appendix describes the test of the
proposed method with data collected after the M@ietornado.

The developed GIS models were tested on an acisalstudy of a damaged residential
area in the aftermath of the 2013 tornado thatktMioore, OK. The residential neighborhood
was at Eastmoore Ct. located to the north of timeeckne of the tornado path. Figure A.1 (a)
shows an oblique view of the site taken after dreado. The extent of damage increased from
north to the south, which was closer to the ceoftéihe tornado path.

Point cloud data was collected with a Leica clheea Ten full 360 degree scans were
collected from different locations in order to cotiee entire site. Scans were then registered
manually. The process of data collection in tleé&dfand point cloud registration took
approximately one day. To reduce the data collecind registration time and achieve near-real
time assessment, mobile scanners mounted on velc@tebe used. Mobile scanners collect
point cloud data while driving down streets; theref mobile scanners eliminate the need for
setting up the scanner in different locations. cAtke point cloud data collected by mobile

devices are rapidly registered based on the scanrajectory and locations.



The GIS models were run with the point cloud dataminput, and percentages of roof
and wall damage were calculated. Figure A.1 (b}itates the polygons and polylines
generated by the GIS models, while Table A.1 prissiie calculated percent of damage values.
Building number 10, shown with hatch area in Fighire (b), had been cleaned up before the
data collection. Therefore, the GIS models dididentify any roof or wall surfaces associated
with the building 10. A comparison between the sladsults in Figure A.1 (b) and visual
inspections by an assessment team indicates thabdiis and walls have been properly detected
by the GIS models. Minor discrepancies were seenfew areas of the generated post-event
roof polygons and wall polylines. In a few builgs(e.g. building number 2), the roof sheathing
is gone but the remaining roof rafters or debrisendetected by the GIS tool as remaining intact
roof surface. Also in a few areas (e.g. south wibuilding number 9), gaps in the point cloud
data due to the scanner occlusion were detectegldamage. The error in results caused by
these discrepancies is negligible and does notetmrawind speed estimation results. Figure
A.1 (c) shows estimated wind speeds and EF ratesaion of each building. Overall, the
model produced detailed percentages of damage amdt&s for buildings, which was not

provided with the same accuracy by infield incepsio



Table A.1. Percentages of roof and wall sheathing losseluibdings of the Moore OK case study

Pre-event

Pre-event Post-event Roof Wall Post-event Wall Damage
Building Roof Area Roof Area Damage Wall Length
2 2 Length (%)
(m%) (m) (%) (m) (m)
1 246.27 117.6 52% 73.99 56.4 24%
2 335.34 314.08 6% 93.87 90.8 3%
3 299.55 178.08 41% 76.08 62.4 18%
4 270.6 192.8 29% 74.31 54 27%
5 302.62 179.68 41% 80.54 71.05 12%
6 205.49 86.4 58% 65.82 33 50%
7 281.63 127.36 55% 74.48 70.49 5%
8 249.84 115.2 54% 73.45 68.4 7%
9 285.51 116.48 59% 81.53 40.8 50%




Figure A.1 Case study of a damaged residential area aft&(h@ Moore, OK
tornado: (a) Post-event oblique aerial photo; @)agated roof polygons and wall
polylines with the GIS models; (c) Estimated wip@eds and EF rates



Appendix B: Tables of Roof Covering Damage DetectioExperiment Settings and Results

This appendix is provided to supplement the artiescribed in chapter 3. It includes tables that

present detailed settings and results of experisndescribed in Chapter 3.

Table B.1.Roof covering damage detection experiment set@amgsresults

Data and Algorithm Settings Results
Test Roof Shadow Shingle Felt Loss Clustering Roof False False
ID Model Loss Size  Size Feature  Color Positive  Negative
1 €)) N 7% 0% I Brown 0% 0%
2 (b) N 41% 0% I Brown 0% 2%
3 (c) N 36% 9% I Brown 0% 3%
4 (d) N 17% 34% I Brown 0% 17%
5 (@) Y 7% 0% I Brown 0% 0%
6 (b) Y 41% 0% I Brown 0% 0%
7 (c) Y 35% 8% I Brown 1% 2%
8 (d) Y 11% 37% I Brown 1% 13%
9 (e) Y 4% 52% I Brown 40% 25%
10 €)) N 7% 0% H,S,L Brown 60% 0%
11 (b) N 41% 0% H,S,L Brown 19% 0%
12 (c) N 36% 9% H,S,L Brown 23% 2%
13 (d) N 17% 34% H,S,L Brown 33% 8%
14 €)) Y 7% 0% H,S,L Brown 38% 0%
15 (b) Y 41% 0% H,S,L Brown 37% 0%
16 (c) Y 35% 8% H,S,L Brown 44% 5%
17 (d) Y 11% 37% H,S,L Brown 42% 15%
18 (e) Y 4% 52% H,S,L Brown 43% 17%
19 €)) N 7% 0% H Brown 85% 1%
20 (b) N 41% 0% H Brown 15% 14%
21 (c) N 36% 9% H Brown 57% 5%
22 (d) N 17% 34% H Brown 53% 9%
23 €)) Y 7% 0% H Brown 66% 2%
24 (b) Y 41% 0% H Brown 49% 6%



Table B.1. cont.Roof covering damage detection experiment set@amgisresults

Data and Algorithm Settings Results
Test Roof Shadow Shingle Felt Loss Clustering  Roof False False
ID Model Loss Size  Size Feature  Color Positive  Negative
25 (c) Y 35% 8% H Brown 27% 18%
26 (d) Y 11% 37% H Brown 58% 17%
27 (e) Y 4% 52% H Brown 58% 17%
28 €)) N 7% 0% S Brown 64% 0%
29 (b) N 41% 0% S Brown 32% 0%
30 (c) N 36% 9% S Brown 30% 2%
31 (d) N 17% 34% S Brown 32% 4%
32 €)) Y 7% 0% S Brown 46% 0%
33 (b) Y 41% 0% S Brown 39% 0%
34 (c) Y 35% 8% S Brown 53% 5%
35 (d) Y 11% 37% S Brown 48% 11%
36 (e) Y 4% 52% S Brown 44% 13%
37 (a) N 7% 0% S, Brown 63% 0%
38 (b) N 41% 0% S, Brown 0% 1%
39 (c) N 36% 9% S, Brown 16% 2%
40 (d) N 17% 34% S, Brown 1% 3%
41 €)) Y 7% 0% S, Brown 46% 0%
42 (b) Y 41% 0% S, Brown 0% 0%
43 (c) Y 35% 8% S, Brown 40% 4%
44 (d) Y 11% 37% S, Brown 9% 10%
45 (e) Y 4% 52% S, Brown 45% 12%
46 €)) N 7% 0% H,S,I Brown 64% 0%
a7 (b) N 41% 0% H,S,I Brown 0% 1%
48 (c) N 36% 9% H,S, Brown 14% 2%
49 (d) N 17% 34% H,S,I Brown 0% 5%
50 €)) Y 7% 0% H,S, Brown 46% 0%
51 (b) Y 41% 0% H,S,l Brown 0% 0%
52 (c) Y 35% 8% H,S,I Brown 40% 4%
53 (d) Y 11% 37% H,S,I Brown 40% 15%
54 (e) Y 4% 52% H,S,I Brown 0% 11%
55 (@) N 7% 0% a,b,l Brown 0% 0%
56 (b) N 41% 0% a,b,l Brown 0% 2%
57 (c) N 36% 9% a,b,l Brown 0% 3%



Table B.1. cont.Roof covering damage detection experiment set@amgisresults

Data and Algorithm Settings Results
Test Roof Shadow Shingle Felt Loss Clustering  Roof False False
ID Model Loss Size  Size Feature  Color Positive  Negative
58 (d) N 17% 34% a,b,l Brown 0% 16%
59 (@) Y 7% 0% a,b,l Brown 0% 0%
60 (b) Y 41% 0% a,b,l Brown 0% 0%
61 (c) Y 35% 8% a,b,l Brown 1% 2%
62 (d) Y 11% 37% a,b,l Brown 1% 13%
63 (e) Y 4% 52% a,b,l Brown 41% 25%
64 (a) N 6% 0% I Green 1% 0%
65 (b) N 36% 0% I Green 1% 4%
66 (c) N 33% 9% I Green 1% 8%
67 (d) N 15% 36% I Green 2% 16%
68 (e) N 4% 51% I Green 1% 22%
69 (b) Y 47% 0% I Green 0% 1%
70 (c) Y 43% 8% I Green 3% 3%
71 (d) Y 16% 36% I Green 1% 13%
72 (e) Y 4% 49% I Green 2% 21%
73 €)) N 6% 0% H,S,L Green 43% 0%
74 (b) N 36% 0% H,S,L Green 13% 3%
75 (c) N 33% 9% H,S,L Green 13% 3%
76 (d) N 15% 36% H,S,L Green 50% 6%
77 (e) N 4% 51% H,S,L Green 47% 13%
78 (b) Y 47% 0% H,S,L Green 31% 0%
79 (c) Y 43% 8% H,S,L Green 28% 29%
80 (d) Y 16% 36% H,S,L Green 0% 0%
81 (e) Y 4% 49% H,S,L Green 9% 21%
82 €)) N 6% 0% H Green 79% 0%
83 (b) N 36% 0% H Green 24% 10%
84 (c) N 33% 9% H Green 56% 14%
85 (d) N 15% 36% H Green 59% 12%
86 (e) N 4% 51% H Green 16% 7%
87 (b) Y 47% 0% H Green 31% 4%
88 (c) Y 43% 8% H Green 33% 10%
89 (d) Y 16% 36% H Green 63% 15%
90 (e) Y 4% 49% H Green 0% 27%



Table B.1. cont.Roof covering damage detection experiment set@amgisresults

Data and Algorithm Settings Results
Test Roof Shadow Shingle Felt Loss Clustering  Roof False False
ID Model Loss Size  Size Feature  Color Positive  Negative
91 €)) N 6% 0% S Green 48% 0%
92 (b) N 36% 0% S Green 58% 1%
93 (c) N 33% 9% S Green 58% 4%
94 (d) N 15% 36% S Green 50% 7%
95 (e) N 4% 51% S Green 47% 14%
96 (b) Y 47% 0% S Green 32% 0%
97 (c) Y 43% 8% S Green 38% 8%
98 (d) Y 16% 36% S Green 39% 11%
99 (e) Y 4% 49% S Green 48% 10%
100 (@) N 6% 0% S, Green 48% 0%
101 (b) N 36% 0% S, Green 1% 4%
102 (c) N 33% 9% S, Green 0% 5%
103 (d) N 15% 36% S, Green 1% 4%
104 (e N 4% 51% S, Green 43% 28%
105 (b) Y 47% 0% S, Green 28% 0%
106 (c) Y 43% 8% S, Green 1% 20%
107 (d) Y 16% 36% S, Green 4% 7%
108 (e Y 4% 49% S, Green 47% 10%
109 (@) N 6% 0% H,S,I Green 48% 0%
110 (b) N 36% 0% H,S,I Green 1% 4%
111 (c) N 33% 9% H,S,I Green 0% 5%
112 (d) N 15% 36% H,S,I Green 1% 4%
113 (e) N 4% 51% H,S,I Green 1% 16%
114 (b) Y 47% 0% H,S,I Green 1% 0%
115 (c) Y 43% 8% H,S,I Green 19% 6%
116 (d) Y 16% 36% H,S,I Green 0% 15%
117 (e) Y 4% 49% H,S,I Green 50% 22%
118 (@) N 6% 0% a,b,l Green 1% 0%
119 (b) N 36% 0% a,b,l Green 1% 4%
120 (c) N 33% 9% a,b,l Green 1% 8%
121 (d) N 15% 36% a,b,l Green 2% 16%
122 (e) N 4% 51% a,b,l Green 1% 22%
123 (b) Y 47% 0% a,b,l Green 0% 1%



Table B.1. cont.Roof covering damage detection experiment set@amgisresults

Data and Algorithm Settings Results

Test Roof Shadow Shingle Felt Loss Clustering  Roof False False
ID Model Loss Size  Size Feature  Color Positive  Negative
124 (c) Y 43% 8% a,b,l Green 2% 3%
125 (d) Y 16% 36% a,b,l Green 1% 13%
126 (e Y 4% 49% a,b,l Green 2% 20%
127 (@) N 8% 0% I Black 1% 1%
128 (b) N 51% 0% I Black 0% 5%
129 (c) N 33% 9% I Black 1% 4%
130 (d) N 19% 36% I Black 1% 8%
131 (e N 6% 53% I Black 42% 13%
132 (@) Y 8% 0% I Black 0% 1%
133 (b) Y 52% 0% I Black 1% 6%
134 (c) Y 24% 12% I Black 1% 5%
135 (d) Y 10% 39% I Black 2% 3%
136 (e Y 3% 54% I Black 46% 3%
137 (@) N 8% 0% H,S,L Black 17% 3%
138 (b) N 51% 0% H,S,L Black 36% 6%
139 (c) N 33% 9% H,S,L Black 57% 1%
140 (d) N 19% 36% H,S,L Black 46% 6%
141 (e N 6% 53% H,S,L Black 42% 5%
142 (@) Y 8% 0% H,S,L Black 35% 1%
143 (b) Y 52% 0% H,S,L Black 21% 14%
144  (c) Y 24% 12% H,S,L Black 30% 9%
145 (d) Y 10% 39% H,S,L Black 56% 5%
146 (e Y 3% 54% H,S,L Black 48% 13%
147 (@) N 8% 0% H Black 44% 0%
148 (b) N 51% 0% H Black 17% 3%
149 (c) N 33% 9% H Black 52% 6%
150 (d) N 19% 36% H Black 67% 14%
151 (e) N 6% 53% H Black 71% 4%
152 (@) Y 8% 0% H Black 65% 0%
153 (b) Y 52% 0% H Black 15% 5%
154  (c) Y 24% 12% H Black 29% 10%
155 (d) Y 10% 39% H Black 34% 13%
156 (e) Y 3% 54% H Black 56% 13%



Table B.1. cont.Roof covering damage detection experiment set@amgisresults

Data and Algorithm Settings Results

Test Roof Shadow Shingle Felt Loss Clustering  Roof False False
ID Model Loss Size  Size Feature  Color Positive  Negative
157 (@) N 8% 0% S Black 83% 2%
158 (b) N 51% 0% S Black 45% 2%
159 (c) N 33% 9% S Black 57% 2%
160 (d) N 19% 36% S Black 46% 6%
161 (e N 6% 53% S Black 42% 5%
162 (@) Y 8% 0% S Black 69% 1%
163 (b) Y 52% 0% S Black 17% 14%
164 (c) Y 24% 12% S Black 60% 9%
165 (d) Y 10% 39% S Black 45% 8%
166 (e Y 3% 54% S Black 43% 8%
167 (@) N 8% 0% S, Black 1% 1%
168 (b) N 51% 0% S, Black 0% 5%
169 (c) N 33% 9% S, Black 1% 4%
170 (d) N 19% 36% S, Black 1% 4%
171 (e N 6% 53% S| Black 42% 13%
172 (@) Y 8% 0% S, Black 0% 1%
173 (b) Y 52% 0% S, Black 1% 6%
174  (c) Y 24% 12% S, Black 1% 5%
175 (d) Y 10% 39% S, Black 51% 6%
176 (e) Y 3% 54% S, Black 44% 8%
177 (@) N 8% 0% H,S,I Black 1% 1%
178 (b) N 51% 0% H,S,I Black 0% 5%
179 (c) N 33% 9% H,S,I Black 1% 4%
180 (d) N 19% 36% H,S,I Black 1% 3%
181 (e) N 6% 53% H,S,I Black 42% 13%
182 (@) Y 8% 0% H,S,I Black 0% 1%
183 (b) Y 52% 0% H,S,I Black 1% 6%
184 (c) Y 24% 12% H,S,I Black 1% 5%
185 (d) Y 10% 39% H,S,I Black 53% 11%
186 (e) Y 3% 54% H,S,I Black 46% 12%
187 (@) N 8% 0% a,b,l Black 1% 1%
188 (b) N 51% 0% a,b,l Black 0% 5%
189 (c) N 33% 9% a,b,l Black 1% 4%



Table B.1. cont.Roof covering damage detection experiment set@amgisresults

Data and Algorithm Settings Results

Test Roof Shadow Shingl'e Felt' Loss Clustering Roof Fa!ge Falsge
ID Model Loss Size  Size Feature  Color Positive  Negative
190 (d) N 19% 36% a,b,l Black 1% 6%
191 (e N 6% 53% a,b,l Black 42% 13%
192 (@) Y 8% 0% a,b,l Black 0% 1%
193 (b) Y 52% 0% a,b,l Black 1% 6%
194 (c) Y 24% 12% a,b,l Black 1% 5%
195 (d) Y 10% 39% a,b,l Black 2% 3%
196 (e) Y 3% 54% a,b,l Black 44% 11%
197 (@) N 7% 0% R,G,B Brown 10% 0%
198 (b) N 41% 0% R,G,B Brown 7% 1%
199 (c) N 36% 9% R,G,B Brown 16% 1%
200 (d) N 17% 34% R,G,B Brown 14% 2%
201 (@) Y 7% 0% R,G,B Brown 33% 0%
202 (b) Y 41% 0% R,G,B Brown 34% 0%
203 (c) Y 35% 8% R,G,B Brown 29% 10%
204 (d) Y 11% 37% R,G,B Brown 35% 10%
205 (e) Y 4% 52% R,G,B Brown 28% 11%
206 (@) N 8% 0% R,G,B Black 24% 2%
207 (b) N 51% 0% R,G,B Black 36% 6%
208 (c) N 33% 9% R,G,B Black 22% 7%
209 (d) N 19% 36% R,G,B Black 47% 11%
210 (e) N 6% 53% R,G,B Black 43% 20%
211 (@) Y 8% 0% R,G,B Black 36% 1%
212 (b) Y 52% 0% R,G,B Black 20% 14%
213  (c) Y 24% 12% R,G,B Black 29% 9%
214 (d) Y 10% 39% R,G,B Black 22% 7%
215 (e) Y 3% 54% R,G,B Black 20% 8%
216 (@) N 6% 0% R,G,B Green 16% 0%
217 (b) N 36% 0% R,G,B Green 14% 3%
218 (c) N 33% 9% R,G,B Green 13% 3%
219 (d) N 15% 36% R,G,B Green 50% 19%
220 (e) N 4% 51% R,G,B Green 47% 24%
221 (b) Y 47% 0% R,G,B Green 28% 5%
222  (c) Y 43% 8% R,G,B Green 29% 17%
223 (d) Y 16% 36% R,G,B Green 30% 13%
224 (e) Y 4% 49% R,G,B Green 30% 8%




Appendix C: Geometric and damage information extrated from the Moore OK LiDAR

dataset

This appendix is provided to supplement the artilescribed in chapter 4. It includes tables that

present detailed geometric and loss informationaektd from the Moore OK dataset.

Table C.1.Information extracted from building 1 in Moore dsgé
Mean Roof Roof Loss (%)

Roof plane .
ID H(erlng)ht (:Q g?rle6e) Zonel Zone2 Zone3
1 3.95 33 84%  62% 1%
2 3.95 33 1%  13%  23%
3 3.95 33 0% 0% 0%
4 3.50 34 n/a 0% 0%
féga)"}’ggs n/a n/a 100%  100%  100%
B”"d'ln% 'i'rznlﬁns"’”: Total  87%  76%  57%

Table C.2.Information extracted from building 2 in Moore dsg¢é
Mean Roof Roof Loss (%)

Roof plane :
ID H(erlng)ht (:; g?rle6e) Zonel Zone2 Zone3
5 4.35 33 n/a 66% 91%
6 4.35 33 85% 48% 33%
7 4.35 33 n/a 8% 18%
8 4.35 33 88% 79% 90%
9 4.35 33 81% 36% 14%
10 4.35 33 17% 38% 0%
11 4.35 33 1% 15% 57%
12 35 35 n/a 11% 44%

lA(;g;"‘l’(')tgs n/a nfa  100% 100%  100%

Building Dimension: 0 0 0
16" x 19" Total 67% 55% 63%




Table C.3.Information extracted from building 3 in Moore dsgé

Mean Roof Roof Loss (%)

Roof plane Height Angle

b (m) (degree) Z4onel  Zone2  Zone3
féga)"}'ggs n/a nfa  100%  100%  100%
Bu"dlln% Slrznc;nsmr]: Total 100%  100%  100%

Table C.4.Information extracted from building 4 in Moore dsgé

Mean Roof Roof Loss (%)

Roof plane :
Height Angle

ID m) (degree) Zonel Zone2  Zone3
13 2.65 33 n/a 16% 37%
14 2.65 33 0% 0% 0%
15 2.65 33 n/a 0% 0%
16 4.4 33 51% 29% 4%
17 4.4 33 0% 0% 0%
18 4.4 33 6% 10% 19%
19 4.4 33 0% 8% n/a
20 2.65 33 0% 0% 0%
21 3.4 33 0% 0% 0%
22 3.4 33 0% 0% 0%
23 3.1 33 100% 31% 68%

Building Dimension:

0 0 0
16" x 217 Total 17% 10% 13%

Table C5. Information extracted from building 5 in Moore dsgé

Mean Roof Roof Loss (%)

Roof plane Height Angle
ID (m)  (degree) Zonel Zone2  Zone3
24 4.35 33 85% 77% 70%
25 4.35 33 80% 67% 7%
26 3.5 33 100% 66% 89%
27 35 33 90% 84% 63%
Area with 0 0 0
100% 0SS n/a n/a 100%  100% 100%

Building Dimension: . ) )
15" x 18" Total 91%  86% 84%




