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ABSTRACT 

Assessing the damage states of the built environment after a tornado is one method to 

better understand tornado induced loads and failure progress, as well as improve knowledge used 

for tornado mitigation, response, and recovery.  Building damage states and geometry need to be 

measured and taken into consideration when estimating tornado wind pressures and speeds.  This 

perishable damage data should be appropriately recorded, and investigations should be 

completed in a timely and unobtrusive manner in order to avoid interfering with clean up and 

recovery efforts that quickly change damage sites.   

Laser scanning or Light Detection And Ranging (LiDAR) provides 3D data that virtually 

captures damaged areas and allows for geometric queries and accurate measurements.  Although 

robust, the 3D LiDAR data requires sophisticated data processing to extract meaningful 

information.  The data processing becomes more challenging and time consuming when a large 

number of damaged buildings are investigated after a large-scale tornado. 

This research developed and tested a LiDAR data processing framework to automatically 

extract quantitative damage information needed for tornado wind speed estimation and structural 

damage analysis.  The framework developed in this research includes methods for: 1) detecting 

damaged roof and wall surfaces in scans of damaged sites, 2) quantifying the percentages of 

roof/wall sheathing and covering loss, 3) estimating wind speeds at individual building scales, 

and 4) evaluating current tornado fragility models with actual damage information obtained by 

laser scanning. 
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Performance of the developed methods was assessed with simulated data, laboratory 

scans, and actual data collected after large-scale tornadoes.  A series of experiments in controlled 

conditions were conducted to determine the best algorithm settings and also objectively evaluate 

the performance of the proposed methods under varying environmental conditions.  The 

proposed methods and their contributions to tornado wind speed estimation and structural 

fragility assessment were also tested with actual data collected after the 2011 Tuscaloosa, AL 

and 2013 Moore, OK tornadoes. 

The tests and case studies indicated that the detailed information extracted from LiDAR 

data could provide insight about tornado wind pressures and speeds with a resolution and 

accuracy not achievable with current visual inspections.  This research determined the optimum 

data collection and processing settings that resulted in less than 10% error in calculating the 

percentages of roof and wall losses.  The proposed method also estimates wind speeds at small-

scale (individual buildings) as opposed to large-scale estimates often provided by field 

reconnaissance teams.  Noting the fact that tornado wind speeds and pressures dramatically vary 

over short distances, the presented method provides engineers with a tool to improve the 

resolution and understanding of tornado effects, thereby improving building design and 

construction.  
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CHAPTER 1 

INTRODUCTION 

1.1. General  

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

and economic loss to communities in the path of these storms.  The average annual loss due to 

tornadoes in the United States is estimated to be $1 billion per year and this number is increasing 

every year (Changnon, 2009).  For example, in 2011, 1625 tornadoes occurred in the United 

States, which resulted in more than $25 billion in economic loss (Prevatt et al., 2012b). 

Investigations after recent major tornadoes in Tuscaloosa, Alabama; Joplin, Missouri; and 

Moore, Oklahoma; indicated that 85% of the affected buildings experienced Enhanced Fujita 

(EF)-2 wind speeds or lower; therefore, building damage could have been reduced by better 

design and construction (Prevatt et al., 2012a).  However, specific characteristics of tornadoes 

such as rotating high-speed winds, varying wind speeds in short distances, extreme localized 

wind pressures, and windborne debris have made the structural design for tornadoes difficult 

(van de Lindt et al., 2012).  Understanding tornado induced loads on buildings and the failure 

progression of a building is the primary step toward enhancing design. 

The investigation of built infrastructure after a tornado is an effective method to better 

understand tornado induced loads and failure progression and to improve knowledge used for 

tornado mitigation, response, and recovery.  Since directly measuring tornado wind speeds are 

not possible, the damage of buildings in the path of a tornado are used as a metric to estimate 

tornado wind speeds, which then can be used to improve and evaluate design (Prevatt et al., 
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2012b; van de Lindt et al., 2012; WISE, 2004).  The assessment of damage sustained by 

buildings also allows for evaluating the effectiveness of current mitigation efforts.  For instance, 

inspections of tornado induced damage allows for evaluating the current tornado fragility models 

that predict structural damage with probabilistic methods.  Damage assessments after tornadoes 

are also needed to produce loss estimates.  Decision makers in different organizations; such as 

federal and local governments, insurers, and tornado researchers, need accurate loss estimates for 

important decisions about disaster assistance programs, costs and pay-outs, and future research 

needs (NRC, 1999; Meade and Abbott, 2003; Okuyama and Chang, 2004). 

Field investigations in the aftermath of large-scale natural disasters such as tornadoes are 

traditionally performed by dispatching inspection teams to visually assess damage in affected 

areas, a method that has various limitations (GEER, 2011).  The inspection of damaged sites 

needs a coordinated team, room and board, transportation, and site access.  Transportation 

limitations and access restrictions can slow the arrival of teams to affected areas allowing for 

cleanup efforts to change the site.  In addition, the often large geographic area of damage 

coupled with rapid cleanup and reconstruction efforts decrease the chance of a well-timed and 

complete assessment.  Assessment teams are usually unable to comprehensively inspect all 

damaged buildings.  Therefore, a sampling survey is often performed on a limited number of 

buildings, which increase the granularity of the collected data and reduce the accuracy of the 

damage assessment and wind speed estimations. 

Airborne remote sensing technologies (e.g., satellite and aerial imagery as well as 

airborne laser scans) have been used after recent disasters such as the Haiti earthquake and 

hurricane Katrina to provide a rapid damage assessment (Chen and Hutchinson 2010; Dash et al., 

2004; Li et al., 2008; Olsen et al., 2013; Ozisik and Kerle 2004; Rehor et al., 2008; Womble et 
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al., 2008).  The main advantage of airborne data collection resides in the ability to cover large 

damaged areas within a very short time, which is very beneficial for broad damage assessment 

required in the early hours and days after disasters.  However, these methods do not provide 

accurate quantitative information about the amount of losses (e.g. the area of roof shingle loss) 

due to the lack of geometric information and low resolution.  Aerial collected data are often at a 

lower resolution than data collected with ground-based sensors, which prevents detailed building 

damage assessments.  In addition, because airborne sensors only capture the tops of objects, the 

collected data misses building walls and other vertical surfaces, which complicates the detection 

of wall damage (Charaniya et al., 2004; Forlani et al., 2006).  This lack of vertical surface 

information invariably hinders the assessment of the damage (Rehor et al., 2008). 

Recent developments in terrestrial remote sensing technologies such as 3D laser scanning 

or Light Detection And Ranging (LiDAR) provide an effective tool to rapidly acquire geometry 

of damaged buildings with high precision, which offer potential advantages for post-disaster 

damage assessment compared to airborne data collection methods.  The dense 3D LiDAR data 

produced by laser scanning virtually reconstructs the damage site and allows for geometric 

queries and measurements even after recovery efforts have been completed.  Figure 1.1 shows an 

example of LiDAR data collected from damaged buildings in the aftermath of the 2013 Moore 

OK tornado.  Some studies have indicated the advantages and capabilities of laser scanning data 

in post-disaster reconnaissance investigations (Gong, 2014; Olsen et al., 2008; Olsen et al., 

2012).  Olsen and Kayen (2013) discussed different applications of LiDAR data in structural and 

geotechnical forensic investigations.  Also, several studies proved the accuracy and efficiency of 

laser scanning technology to be used in structural deformation and defect analyses (Olsen et al., 

2010; Park et al., 2007, Pesci et al., 2011, Tang et al., 2011).  In addition, terrestrial laser 
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scanners are able to scan building walls and other vertical surfaces in the environment that are 

not detectable in airborne scans.  

Although robust, the 3D LiDAR data requires sophisticated data processing to extract 

meaningful information.  The totality of LiDAR data, known as a point cloud, is a collection of 

points with 3D coordinates, intensity, and color information.  A scanning point cloud includes 

points measured on all objects in the scanning field including the ground, buildings, trees, cars, 

etc.  Therefore, building points need to be identified and isolated.  Once points of a building are 

identified, additional processing is required to detect and quantify the damage sustained.  Current 

earthquake and hurricane-induced damage assessment methods using aerial remote sensing 

technologies often employs change detection algorithms to identify dissimilarities in shape, 

color, texture, or other properties of pre- and post-event datasets (Dash et al., 2004; Li et al., 

2008; Rehor et al., 2008, Womble et al., 2008).  These studies correlated changes in spatial data 

properties with actual physical damage and classified damage into qualitative damage states.  For 

instance, the method proposed by Womble et al., (2008) classifies hurricane-induced building 

roof damage into 4 states including: 1) no damage, 2) shingle removed, 3) decking removed, and 

4) roof collapsed.  However, these methods do not provide accurate quantitative information 

about the amount of losses (e.g. the area of roof shingle loss) due to the lack of geometric 

information and the low resolution of the aerial scans.  Still, further data processing methods 

need to be developed to extract quantitative and detailed damage information that is required for 

tornado wind speed estimation and structural damage analysis. 

1.2. Research Scope, Objectives, and Methodology 

This research developed and tested a LiDAR data processing framework to automatically 

extract quantitative damage information needed for tornado wind speed estimation and structural 
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damage analysis.  The focus of this study was on damage assessment of typical low-rise 

buildings with light-frame wood construction that comprise the majority of housing in United 

States.  These buildings are extremely vulnerable to wind hazards such as hurricanes and 

tornadoes.  To accomplish this objective, Geographic Information System (GIS)-enabled 

methods were developed to automatically detect damaged roof and wall surfaces and quantify 

the amount of sheathing and covering losses.  Also, methods were developed to retrieve 

geographic information including the building height, the roof pitch, the distance to the tornado 

path, etc. 

The performance of the developed methods was tested with simulated data, laboratory 

scans, and actual data collected after tornadoes.  A series of experiments in controlled conditions 

were conducted to determine the best algorithm settings and also objectively evaluate the 

performance of the proposed techniques under varying environmental conditions.  The proposed 

methods were also tested with actual damage data collected after the Tuscaloosa, AL and Moore, 

OK tornadoes.  Also, the benefit of quantifying small-scale damage to estimate tornado wind 

speed and structural damage analysis were investigated within the case studies.  

1.3. Dissertation Organization 

This dissertation is composed of three articles and a series of supporting appendices.  The 

three articles have been prepared for submission (with the dissertation author as the lead author) 

to peer-reviewed journals.  The appended information is provided to supplement the articles. 

The first manuscript (Chapter 2), “Automated Tornado Damage Assessment and Wind 

Speed Estimation Based on Terrestrial Laser Scanning,” presents an automated GIS-enabled 

method to detect roof and wall regions and calculate the percentages of roof and wall sheathing 

loss.  This chapter also presents a correlation of wind speed estimates and the loss percentages 
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that enables for automated tornado wind speed estimation at an individual building scale.  The 

results of testing the proposed method with simulated data made by 3D techniques and actual 

data collected after the 2011 Tuscaloosa tornado are also discussed.  This manuscript has been 

published in the ASCE Journal of Computing in Civil Engineering.  Appendix A presents results 

of testing the proposed method in Chapter 2 with data collected after the 2013 Moore OK 

tornado which was not included in the manuscript. 

The second manuscript (Chapter 3), “Cluster-Based Roof Covering Damage Detection in 

LiDAR Point Clouds,” presents a method on the basis of k-means clustering algorithm to 

automatically detect wind-induced roof covering damage in scans of damaged buildings.  This 

chapter explains a series of experiments conducted in controlled conditions to determine the best 

algorithm settings, and also objectively evaluate the performance of the method under varying 

environmental conditions.  Appendix B includes tables showing detailed settings and results of 

experiment explained in Chapter 3.  This manuscript has been prepared for submission to the 

Journal of Automation in Construction. 

The third manuscript (Chapter 4), “A LiDAR-Based Methodology to Evaluate Fragility 

Models for Tornado-Induced Roof Sheathing Losses,” presents a methodology to extract 

building geometry and damage information, which is used to evaluate current tornado fragility 

models with actual damage data obtained by scanning and data processing.  This chapter 

explains how detailed geometric information such as building height, roof pitch, and locations of 

pressure zones can be extracted from LiDAR data and used to evaluate the accuracy of current 

fragility models employed for tornado design.  This chapter also presents a case study with actual 

data collected after the Moore OK tornado.  Appendix C includes tables presenting detailed 

geometric and damage information extracted by the proposed method from the LiDAR dataset 
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collected in Moore OK.  This manuscript has been prepared for submission to the ASCE Natural 

Hazard Review.   

 

Fig 1.1. (a) 3D data collection from damaged buildings using ground-
based laser scanners; (b) LiDAR data of the damaged buildings 
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CHAPTER 2 

AUTOMATED TORNADO DAMAGE ASSESSMENT AND WIND SPEED ESTIMATION 
BASED ON TERRESTRIAL LASER SCANNING 

 

Alireza G. Kashani, Patrick S. Crawford, Sufal K. Biswas, Andrew J. Graettinger, & David Grau 

For submission to Computing in Civil Engineering 

2.1. Abstract 

There are more than 1,000 tornadoes in the United States each year, yet engineers do not 

typically design for tornadoes because of insufficient information about wind loads.  Collecting 

building-level damage data in the aftermath of tornadoes can improve the understanding of 

tornado winds, but these data are difficult to collect because of safety, time, and access 

constraints.  This study presents and tests an automated geographic information system (GIS) 

method using post-event point cloud data collected by terrestrial scanners and pre-event aerial 

images to calculate the percentage of roof and wall damage and estimate wind speeds at an 

individual building scale.  Simulations determined that for typical point cloud density ( greater 

than 25 points per m2), a GIS raster cell size of 40–50 cm resulted in less than 10% error in 

damaged roof and wall detection.  Data collected after recent tornadoes were used to correlate 

wind speed estimates and the percent of detected damage.  The developed method estimated 

wind speeds from damage data collected after the 2011 Tuscaloosa, AL tornado at finer scales 

than the typical large-scale assessments done by reconnaissance engineers. 

2.2. Introduction 

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

and economic loss to communities in the path of these storms.  For example, in 2011, 1625 
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tornadoes occurred in the United States, which resulted in more than $25 billion in economic loss 

(Prevatt et al., 2012b).  An assessment of recent tornadoes in Tuscaloosa, Alabama; Joplin, 

Missouri; and Moore, Oklahoma; indicated that 85% of the affected buildings experienced 

Enhanced Fujita (EF)-2 wind speeds or lower; therefore, building damage could have been 

reduced by better design and construction (Prevatt et al., 2012a).  However, specific 

characteristics of tornadoes such as rotating high-speed winds, varying wind speeds in short 

distances, and windborne debris have made the structural design for tornadoes difficult (van de 

Lindt et al., 2013).  Gathering scientific data in the aftermath of tornadoes and assessing building 

damage to estimate wind speeds can improve engineering knowledge about tornado-induced 

loads and structural failure mechanisms.  Investigating individual building failures in the path of 

a tornado can be used for estimating wind speeds and tornado loads, which then can be used to 

improve and evaluate design (Prevatt et al., 2012a; van de Lindt et al., 2013; WISE Research 

Center, 2004). Unfortunately, collecting building damage in the aftermath of a tornado is costly 

and time sensitive because cleanup efforts begin very soon after an event. 

Data collection and damage assessment in the aftermath of tornadoes and other large-

scale natural disasters is traditionally performed by dispatching inspection teams to visually 

assess damage in the affected area, a method that has various limitations (GEER, 2011).  The 

inspection of damaged sites needs a coordinated team, room and board, transportation, and site 

access.  Transportation limitations and access restrictions can slow the arrival of teams to 

affected areas allowing for cleanup efforts to change the site.  For instance, the damaged nuclear 

reactor hampered the performance of assessment teams after the earthquake and tsunami that hit 

Japan in 2011 (Graettinger et al., 2012).  Another example was the low transportation capacity of 

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



10 

 

 

to the devastated areas (Jones, 2011).  In addition, the often large geographic area of damage 

coupled with rapid cleanup and reconstruction efforts decrease the chance of a well-timed and 

complete assessment.  Assessment teams are usually unable to comprehensively inspect all 

damaged buildings.  Therefore, a windshield estimate sampling survey is often performed on a 

limited number of buildings assessable by viewing damage from a car window (Downton and 

Pielke, 2005).  Such approaches increase the granularity of the collected data and reduce the 

accuracy of the damage assessment and wind speed estimations. 

In recent years, several studies have proposed and implemented airborne remote sensing 

technologies (e.g., satellite and aerial imagery as well as airborne laser scans) with automated 

building detection and damage assessment techniques to overcome the limitations traditionally 

associated with on the ground damage assessment.  These techniques have been used after 

disasters such as the Haiti earthquake and hurricane Katrina (Chen and Hutchinson, 2010; Dash 

et al., 2004; Eguchi et al., 2010; Li et al., 2008; Olsen et al., 2013; Ozisik and Kerle, 2004; Rehor 

et al., 2008; Womble et al., 2008).  The main advantage of airborne data collection resides in the 

ability to cover large damaged areas within a very short time, which is very beneficial for broad 

damage assessment required in the early hours and days after disasters.  Some studies have 

indicated that airborne laser scanning data can improve building detection and damage 

assessment techniques by providing information about the height of objects (Dash et al., 2004; Li 

et al., 2008; Rehor et al., 2008).  However, these methods do not provide detailed and accurate 

quantitative damage information required for tornado damage classification, forensic 

engineering, and detailed wind speed estimation.  Aerial collected data are often at a lower 

resolution than data collected with ground-based sensors, which prevents detailed building 

damage assessment.  In addition, because airborne sensors only capture the tops of objects, the 
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collected data miss building walls and other vertical surfaces, which complicates the process of 

discriminating between objects and prevents the detection of wall damage (Charaniya et al., 

2004; Forlani et al., 2006).  This lack of vertical surface information invariably hinders the 

assessment of the damage (Rehor et al., 2008). 

Terrestrial laser scanning technologies, including stationary or mobile scanners, offer 

potential advantages for post-disaster damage assessment compared to airborne scanning (Olsen 

et al., 2012; Olsen and Kayen, 2012).  Terrestrial scanners can produce dense point clouds in 

which the distances between measured points are typically less than 10 cm. Some studies have 

shown that such high point density is appropriate for structural deformation analysis and post-

disaster damage assessment (Chock et al., 2013; Olsen et al., 2010; Park et al., 2007; Pesci et al., 

2011) as well as for the detection of flatness defects in concrete slabs (Tang et al., 2011).  In 

addition, terrestrial laser scanners are able to scan building walls and other vertical surfaces in 

the environment that are not detectable in airborne scans.  The scanning of vertical walls has 

been used in automated three dimensional (3D) building modeling techniques (Pu and 

Vosselman, 2009).  The ability of terrestrial scanners to capture building walls, tree trunks, and 

ground surface under trees allows for discriminating between buildings and trees and the 

detection of intact and damaged building components (Kashani and Grau, 2013). 

The approach presented in this paper uses post-event terrestrial laser scanning and pre-

event aerial imagery in a custom geographic information system (GIS) method for tornado 

damage assessment and wind speed estimation at an individual building scale.  The new damage 

assessment method uses custom GIS models to overlay point data sets with image layers, 

automatically detect roof and wall surfaces, and calculate the percent of damage by comparing 

pre-event and post-event geometry.  This study also developed a wind speed estimation model 
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based on the Enhanced Fujita scale (WISE Research Center, 2004) that correlates wind speed 

and the percent of wall and roof damage.  The custom GIS models and the wind speed estimation 

model are described in the following section.  Several simulations with synthetic data and a case 

study with real data collected after the 2011 Tuscaloosa tornado were also conducted in this 

study to evaluate the performance and accuracy of the damage assessment method, which are 

described later. 

2.3. Automated Damage Assessment Method 

The automated damage assessment method formalized in this paper detects building 

damage and estimates tornado wind speeds.  The main inputs are a post-event terrestrial point 

cloud data set and a pre-event aerial image.  The point cloud data set collected after the event 

containing (x, y, z) coordinates of measured points is used to detect the post-event geometry of 

roofs and walls.  The aerial image taken before the event is used to detect the pre-event geometry 

of roofs and walls.  The presented method detects roof and wall surfaces in input data sets and 

compares the pre-area and post-area of roofs and length of walls to quantify building damage.  

Then, the method estimates the tornado wind speed at the location of the dam- aged building 

based on the percent of roof and wall loss. 

To automatically implement the proposed method, custom GIS models and a tornado 

wind speed estimation model were developed and tested in this study.  The GIS models were 

programmed using ArcGIS Model Builder and were made of a combination of ArcGIS tools 

available in ArcGIS 10.0 (ESRI, 2010).  The GIS models detect and generate pre-event and post-

event roof polygons and wall polylines.  Figure 2.1 shows the sequence of the GIS models and 

the inputs and outputs.  As shown in Figure 2.1, the result of each model is used as the input for 

the subsequent model.  After comparing the pre-event and post-event geometry of buildings and 
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calculating the percent of roof and wall damage, the expected wind speed is estimated through 

the wind speed estimation model that correlates the extent of roof/wall damage to wind speed.  

The wind speed estimation model was developed based on empirical data from damaged 

buildings after recent tornadoes and regression techniques.  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 surfaces in the point cloud data and 

generates polygons representing the remaining portions of a roof after wind damage.  The top 

row of Figure 2.2 illustrates the procedure of the post-event roof detection model.  The input to 

the GIS model is the post-event terrestrial point cloud data set.  The model first uses a block 

minimum filter (Sithole and Vosselman, 2003).  The point cloud data are converted to a raster 

data set in which the minimum Z value of the points that fall within a raster cell is assigned to 

that cell.  The minimum Z value cell assignment filters out objects such as trees, light poles, and 

pedestrians, when ground points under those objects exist in the point cloud.  Only small 

portions of those objects (e.g., the trunk of trees) may remain in the raster, which are filtered by a 

morphological opening.  The resulting raster contains Z values of the ground and building roofs. 

Next, raster cells representing building roofs are separated from the ground cells by 

applying a slope-based filtering method adopted from Vosselman (2000).  The model calculates 

the slope of vectors connecting each cell to the other cells within a rectangular neighborhood as 

shown in the second column of the first row in Figure 2.2.  The model then detects non-ground 

cells (roof cells) in the raster where the vector has a steeper slope than a threshold value set 

based on the surrounding ground surface slope and typical roof pitches in the area.  In typical 

residential subdivisions, a threshold slope of 30% results in good classification because the 
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ground slope and the street grade is often smaller than 30%, whereas typical roof pitches are 

4/12–8/12 (larger than 30%).  The minimum Z value raster cell assignment in the previous step 

may filter roof overhangs.  Points located in the area around the identified roof cells are checked, 

and if a roof overhang is detected, that area is added to the roof segment detected in the raster.  

The result is a binary raster classified into roof cells and ground cells as shown in the third 

column of the first row in Figure 2.2.  Finally, the detected roof raster cells are converted to 

polygons.  To assure that the resulting polygons do not include small noises remaining from 

other objects than roofs; polygons with areas smaller than a size threshold (e.g. 1 m2) are filtered.  

The raster cell size entered by the user can influence the GIS model results.  This influence is 

analyzed and discussed later in the text.  For more information on additional tools and 

approaches to separate buildings from the terrain, readers are encouraged to see Vosselman and 

Maas (2010). 

2.3.2. GIS Pre-event Roof Detection Model 

The second GIS model uses the maximum likelihood classification method (Tou and 

Gonzalez 1974) to detect roof surfaces in pre-event aerial images and generate pre-event roof 

polygons.  The second row of Figure 2.2 illustrates the flow of the pre-event roof detection 

model.  The inputs for this model are an aerial image showing buildings before damage and the 

post-event roof polygons generated in the previous GIS model.  Because the post-event roof 

polygon overlaps only roof pixels in the aerial image, the pixels under the polygon are used as a 

set of training samples to establish a mean vector and covariance matrix of the red, green, and 

blue (RGB) and intensity values of roof pixels.  The model uses the GIS buffering tool to 

generate a polygon that is a 1.5-m band around the post-event roof polygon as shown in the 

second column of the second row in Figure 2.2.  Pixels under the buffer are used as another set 
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of training samples to establish a mean vector and covariance matrix of the RGB and intensity 

values for non-roof pixels.  Because the remaining portions of damaged roofs are typically 

connected to an external wall, the new buffered polygon will overlap many non-roof pixels 

(ground surface) in the image.  Using the established mean and covariance matrix for each 

individual building roof and a maximum likelihood classifier, the model identifies other roof 

pixels within a rectangular neighborhood as shown in the third column of the second row in 

Figure 2.2.  Then, the training samples are updated based on the newly detected roof pixels, the 

rectangular neighborhood is enlarged, and the image classification procedure iterates until the 

roof polygon overlaps the entire area of the roof in the image.  The classified image created by 

this method may include small regions that were misclassified because of the noise, contrasts, 

and shadows.  To improve the results, these regions are removed 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 the point cloud data and generates polylines 

representing the remaining portions of walls after wind damage.  The third row of Figure 2.2 

illustrates the procedure of the post-event wall detection model.  The inputs for this model are 

the post-event point cloud data set and the pre-event roof polygons produced in the previous 

model.  The point cloud data are first converted to a raster data set.  The difference between the 

maxi- mum and minimum Z values and the number of points within a cell are assigned to each 

cell.  The pre-event outline of buildings produced by the previous model is used to identify the 

probable locations of raster cells representing external walls.  Knowing that the maximum 

difference in Z values along walls will be consider- ably higher than at other locations, a 

threshold value is set to detect wall cells in the identified area.  Number of scanned points within 
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cells is also checked to be higher than a threshold to separate roof overhangs from detected 

walls.  Finally, detected wall raster cells are converted 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 percent of roof damage and wall damage for 

each detected building to estimate wind speed.  The percentages of roof damage and wall 

damage are calculated respectively with Equations 2.1 and 2.2 where Dr = percent roof damage; 

Apost = area of post-event roof polygon; Apre= area of pre-event roof polygon; Dw= percent wall 

damage; Lpost = length of post-event wall polyline; and Lpre = perimeter of pre-event roof 

polygon. 

�� = [1 − ��	
���	� �] × 100 (Equation 2.1) 

�� = [1 − ��	
���	� �] × 100 (Equation 2.2) 

The presented method uses the EF scale (WISE Research Center 2004) to estimate wind 

speeds.  According to the EF scale, damaged features are classified into 28 different categories 

which are called damage indicators (DI), such as one- and two-family residences, high-rise 

buildings, and trees.  For each DI, degrees of damage (DoD) and corresponding wind speed 

ranges are defined according to the descriptive extent of damage. 

A correlation between expected wind speeds and the percent of roof damage and percent 

of wall damage calculated in the developed GIS models was created based on empirical data 

collected after recent tornadoes.  Photographs of damaged buildings taken after the 2011 

Tuscaloosa, AL, Joplin, MO, and the 2013 Moore, OK tornadoes were analyzed and used to 

create and calibrate the wind speed estimation model.  For each of the 10 DoDs and 
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corresponding wind speeds defined by EF scale for one- and two- family residences, a minimum 

of 10 photographs were examined and assigned a percent roof damage and wall damage.  A 

cubic trend line was fitted to data points to produce an empirical correlation between the wind 

speeds and the percent roof damage and wall damage.  Figure 2.3 illustrates the regression lines 

that correlate wind speed to percent roof damage [Figure 2.3(a)] with an R2 value of 0.88 and 

percent wall damage [Figure 2.3(b)] with an R value of 0.91. 

2.4. Evaluation and Accuracy Analysis of the Models 

A set of simulations were designed and conducted to objectively evaluate the 

performance of the GIS roof and wall detection models and the wind speed estimation model.  

These simulations aimed to determine how input- and algorithm-related factors, such as the 

density of points in the input data sets, the raster cell size in the GIS models, and the extent of 

damage of scanned buildings, influence the performance of the models and the accuracy of 

results.  Scan data gaps from occluded portions of buildings and scanner noise were not 

considered in these simulations. 

Synthetic data including several 3D models and point cloud data sets with controlled 

conditions such as point density and extent of damage were created.  To prepare a point cloud 

data set, first, a solid 3D model of a building was created based on the footprint and dimensions 

extracted from the building aerial image.  Then, the 3D model was divided into planar segments, 

and points were randomly added on the segment until the point density reached the desired 

values. 

2.4.1. Evaluation of the Influence of Point Cloud Density and Raster Cell Size 

Simulations were run to evaluate the influence of point cloud density and raster cell size 

on the performance of the post-event roof and wall detection models.  To investigate these 
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factors, 3D solid models of a typical residential pitched roof home, a tree, and a wall with 

varying heights were drawn and converted to four point cloud data sets with varying point 

densities of 6, 25, 100, and 400 points per square meter.  Figure 2.4 illustrates a representative 

point cloud data set.  Using each created point cloud data set as input, each model was run 20 

times with varying raster cell size values ranging from 5 to 100 cm.  The ability of the post-event 

roof detection model to identify and ignore trees in the point cloud was evaluated.  Certain 

combinations of raster cell size and point cloud density can result in generating post-event roof 

polygons that inadvertently include trees.  The results of running the model with varying 

combinations of cell size and point density were compared to the actual locations of the building 

and tree in the test point cloud data set.  A combination of input parameters passes if the output 

polygon covers only the roof location and is considered to fail if any portion of the output 

polygon covers the tree location.  Figure 2.5(a) illustrates the combinations of raster cell size and 

point density that passed or failed.  Areas outside of the hatch in Figure 2.5(a) passed. 

The accuracy of the calculated area of remaining roofs, produced by the post-event roof 

detection model, was also evaluated.  Combinations of raster cell size and point density can 

impact the accuracy of roof area detection.  The model was run with varying cell size and point 

density, and the area of the detected roof polygon in each run was compared to the manually 

determined roof area to calculate the error. 

Figure 2.5(b) illustrates the trend of calculated roof detection errors for the tests with 

varying raster cell sizes and point densities.  Point cloud densities are represented by lines 

whereas raster size is shown along the abscissa.  Selecting a small raster cell size (smaller than 

the average distance of the point cloud) results in errors larger than 50%.  Figure 2.5(b) shows 

that the lowest error is achieved when the selected raster cell size is more than the average 
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separation distance of points in the point cloud, but the error will gradually increase with larger 

raster cell sizes. 

The results indicated that filtering of trees and calculating roof areas with the post-event 

roof detection model are more successful and accurate in data sets with higher point density.  

The results also indicated that for point densities greater than 25 points per square meter, which 

are typical point cloud densities collected with terrestrial scanners, a GIS cell size value of 40–50 

cm will result in both successful tree filtering and post-event roof area detection errors lower 

than 10%.  Figure 2.5 can be used to select an appropriate raster cell size for the post-event roof 

detection model based on the point density of the collected point cloud. 

The accuracy of the post-event wall detection model to identify walls with predefined 

heights was also evaluated.  Combinations of raster cell size and point cloud density impact the 

accuracy of wall length calculation.  The model was run with varying combinations of raster cell 

size, point density, and a minimum wall detection height of 2.75 m.  From these runs, the length 

of the detected wall polylines was compared to the length of the manually determined wall 

polylines to calculate the error in wall length. 

Figure 2.5(c) shows the trend of calculated wall detection errors for varying raster cell 

sizes and point densities.  Point cloud densities are represented by lines whereas raster size is 

shown along the abscissa.  The results indicated that for point densities greater than 25 points per 

square meter, a cell size value of 20–100 cm will result in wall length errors lower than 5%.  

Figure 2.5(c) is used to select an appropriate raster cell size for the post-event wall detection 

model based on the point density of the collected point cloud.  Overall, results of simulations in 

both the post-event roof and wall detection models indicated that for typical point cloud densities 
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greater than 25 points per square meter, a cell size value of 40–50 cm results in optimum 

performance of both GIS models. 

2.4.2. Evaluation of the Influence of the Extent of Damage 

Simulations were conducted to evaluate the influence of the extent of building damage on 

the performance and accuracy of the pre- event roof detection and the wind speed estimation 

models.  A 3D model of a typical pitched roof building was drawn and converted to a point 

cloud.  The 3D model was manually damaged by removing points on the building’s roof and 

walls.  The impact of scan data gaps due to building occlusion was not analyzed in the 

simulations.  As shown in Figure 2.6, six sets of point clouds with con- trolled degrees of 

damage were prepared for this test.  Each of these six-point data sets shown in Figures 6(a–f) 

was run through the pre- event and post-event roof detection models, and the results are shown in 

Figures 7(a–f).  Figure 2.7(g) also shows the results from a house that was shifted off its 

foundation.  Both the pre-event roof polygon and the post-event roof polygon are needed for this 

analysis and could be influenced by the amount of damage a building sustained.  The resulting 

pre-event roof polygons are shown in light gray whereas the post event roof polygons are shown 

in dark gray in Figure 2.7.  The area of the detected pre-event roof polygon in each test was 

compared with the actual roof area determined manually. 

As shown in Table 2.1, the roof detection error was lower than 5% for all input data sets 

except for the building with a DoD of 9.  Based on the EF scale, a DoD of 9 is when most parts 

of walls and roofs fail except some interior walls.  The area of the post-event roof polygon for 

the building with a DoD of 9 was very small (0.1% of the original roof surface).  Therefore, the 

number of pixel samples needed to train the classification approach was not adequate, and the 

GIS model only detected half of the pre-event roof in the aerial image as shown in Figure 2.7(f).  
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Also, as shown in Figure 2.7(g), the detected post-event roof polygon for the building with a 

DoD of 5 covers some portion beyond the actual outline of the building.  A DoD of 5 describes 

the building moving from its original location.  Because of the building shift, the roof point cloud 

and aerial photo do not line up and an error is generated.  However, as Table 2.1 shows, the error 

is still very low (approximately 5%). 

The performance of the wind speed estimation model was also evaluated within 

simulations.  Table 2.2 presents the estimated wind speed results, including the percentage of 

roof damage and wall damage, for the buildings shown in Figures 6 and 7.  As Table 2.2 shows, 

the wind speeds calculated by the wind estimation model fit within expected wind speed ranges 

extracted from the EF scale.  The wind speed for the building with a DoD of 9 is correctly 

estimated even though the entire pre-event roof area had not been accurately detected.  The only 

discrepancy between the EF scale expected wind speed and the model estimated wind speed is 

seen with a DoD of 5, when the building shifted from the original location.  The shift in location 

of the building impacts the accuracy of the roof and wall detection models; thus, the model 

slightly overestimates the wind speed (5 km/h more than the upper bound expected wind speed).  

This overestimation is not very significant; however, the manual improvement of results is 

recommended when several cases of a DoD of 5 are reported by reconnaissance engineers. 

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

An actual case study was conducted on a residential apartment complex that was severely 

damaged by the April 27, 2011 tornado that struck Tuscaloosa, Alabama1.  Figure 2.8(a) & (b) 

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

                                                           

 

1
 Another case study with data collected after the 2013 Moore OK tornado is described in Appendix A. 
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buildings primarily consisted of roof damage.  The extent of damage increased to the east and 

included roof loss, collapsed walls, and concrete slabs swept clean by the winds.  A commercial 

terrestrial scanner was used to collect point cloud data sets at the site from 10 different locations 

shown in Figure 2.8(b).  Data were captured by running full 360° scans with the resolution of a 

0.1-m horizontal and vertical sample spacing at a 100-m distance.  Scans from the different 

locations were registered using surveying targets as referencing points and point cloud 

processing software.  The point cloud was also manually geo-referenced and overlaid on the 

aerial image using control points with known global positioning system (GPS) coordinates.  Geo-

referencing and registration could be done automatically.  A comprehensive review of automated 

registration methods was presented by Mishra and Zhang (2012). 

The point cloud data sets along with the aerial image were imported into ArcMap and 

used as inputs for the custom GIS models.  Figure 2.8(c) illustrates the results of the GIS models, 

where post-event roof polygons are the dark-shaded areas, pre-event roof polygons are hatched, 

and post-event wall polylines are in solid lines.  Only in a few areas (e.g., at the east end of the 

north building and at the center of the south building) were debris and remaining roof rafters 

detected by the model as roof surfaces.  In other words, the GIS models slightly underestimated 

the percent of roof damage; however, further analysis indicated that the underestimation of roof 

damage did not cause differences in the estimated wind speed.  Table 2.3 presents the GIS 

damage detection and wind speed estimation results. 

The numbers shown in the last column of Table 2.3 are the estimated average wind 

speeds for the buildings; however, to properly understand the tornado behavior and loads, the 

wind speeds must be estimated at a smaller scale.  Because of the length of the buildings 

(approximately 100 m long), each end of the buildings experienced different tornado wind 
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speeds.  To estimate wind speeds at a smaller scale, the 100-m buildings were divided into three 

33-m portions as shown in Figure 2.8(d).  Then, percentage of roof and wall damage, wind 

speed, and EF rating were calculated for each of the small portions. 

The case study showed that the presented method could estimate wind speeds at fine-

grained scales.  The damage assessment team that had inspected the buildings after the tornado 

considered the heavily damaged portion of the south building at the east end and rated the 

damage of the buildings as EF4 with wind speeds of 290 km/h (Prevatt et al., 2012a).  However, 

as shown in Figure 2.8(d), the results of the case study indicated that the wind speed at the east 

end of the south building was close to 290 km/h (EF4) but varied at other points from 190 to 275 

km/h. 

2.6. Conclusions 

This study presented a novel automated method for quantifying tornado-induced roof and 

wall damage of typical pitch roof buildings including a technique for estimating wind speeds at 

individual building scales.  The presented method uses terrestrial laser scans of damaged 

buildings, pre-tornado aerial images, and GIS modeling.  Combination of post-event point cloud 

data and pre-event aerial images in the developed GIS models allows for the calculation of the 

percent of roof and wall damage without requiring the pre-event scans.  Also, the proposed 

method enables the estimation of approximate wind speeds based on the percent of roof and wall 

damage. 

The influence of the point cloud density, raster cell size, and the extent of building 

damage on the presented method were objectively evaluated within simulations.  It was 

determined that for typical point cloud densities greater than 25 points per square meter, a raster 

cell size within the range of 40–50 cm produced optimum results in tree filtering and less than 
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10% error in post-event roof and wall detection.  In addition, the estimated wind speeds fell in 

expected ranges for different DoDs, except for the case of a DoD of 5 which were slightly 

overestimated.  Therefore, the manual improvement of results is recommended in areas where 

the DoD of 5 is prevalent. 

A case study indicated that the presented method is able to estimate wind speeds over a 

detailed scale as opposed to large-scale estimates provided by field reconnaissance teams.  

Noting the fact that tornado wind speeds and loads dramatically vary over short distances, the 

presented method provides engineers with a tool to improve the resolution and understanding of 

tornado effects, thereby improving building design. 

The presented method was developed and tested on typical residential structures.  Some 

limitations of the current method that can be addressed with manual assessment include: damage 

to nonresidential structures, flat-roofed homes, debris on roofs, and scanning data gaps.  To 

address some of these issues within the model, improvements to the method will need to 

investigate post-event images and additional GIS data such as tax assessor building data.  

Additional field tests with real data need to be performed to evaluate the impact that scanning 

data gaps have on wind speed estimates.  Also, to improve wind speed estimates, additional 

physical parameters such as quality (age) of construction, shape of the building, and surrounding 

terrain need to be investigated and added to the model. 
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Table. 2.1. The accuracy of the pre-event 
roof detection model within simulations 

DoD 
Remaining 
Portion of 
Roof (%) 

Area of 
Detected 

Roof 
Polygon 

(m2) 

Roof 
Detection 
Error (%) 

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  

Model 
DoD 

Expected 
Wind 
Speed 
(km/h) 

Roof 
Damage 

(%) 

Wall 
Damage 

(%) 

Estimated Wind 
Speed (km/h) 

Based 
on Roof 
Damage 

Based 
on Wall 
Damage 

1_3 85-183 1.77% 7.46% 130 164* 
4 130-187 20.88% 3.76% 174* 150 
5 166-227 24.38% 67.96% 177 232* 
6 167-229 53.60% 18.88% 190 196* 
7 182-246 78.86% 49.51% 203 227* 
8 206-278 95.42% 68.31% 233* 232 
9 229-319 99.89% 100% 245 286* 

* Maximum number of estimated wind speed based on roof 
and wall damage is selected  
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Fig 2.1. Flow diagram of the GIS models 
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Fig 2.2. Automated GIS damage assessment models including the post-event roof detection model (top 
row), the pre-event roof detection model (middle row), and the post-event wall detection model (bottom 
row). (ESRI 2014, used by permission. Copyright © 2014 Esri, DigitalGlobe, GeoEye, i-cubed, USDA, 

USGS, AEX, Getmapping, Aerogrid, IGN, IGP, and the GIS user community. All rights reserved.) 
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Fig 2.3. Correlation between wind speed and (a) percent roof damage and (b) wall damage based on 
empirical data collected after the Tuscaloosa, Al, Joplin, MO, and Moore, OK tornadoes 

 

Fig 2.4. Input data set used to test the influence of the point cloud density and raster cell size on the GIS 
model results 
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(a) 

 
(b)  

(c) 
Fig 2.5. Evaluation of the post-event roof and wall detection model: (a) combinations of raster cell size and 
point density resulting in passed or failed tree filtering; (b) roof area detection 
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Fig 2.6. Point cloud of simulated buildings with different degrees 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) DoD 8 EF 3; (f) DoD 9 EF 4 
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Fig 2.7. Detected roof polygons and wall polylines of the building with different degrees of damage. 
(ESRI 2014, used by permission. Copyright © 2014 Esri, DigitalGlobe, GeoEye, i-cubed, USDA, 

USGS, AEX, Getmapping, Aerogrid, IGN, IGP, and the GIS user community. All rights reserved.): (a) 
DoD 1–3; (b) DoD 4; (c) DoD 6; (d) DoD 7; (e) DoD 8; (f) DoD 9; (g) DoD 5; (h) aerial photo 
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Fig 2.8. Case study of Chastain manor apartments after the 2011 Tuscaloosa tornado: (a) pre-event aerial 
photo (ESRI 2014, used by permission. copyright © 2014 Esri, DigitalGlobe, GeoEye, i-cubed, USDA, 
USGS, AEX, Getmapping, Aerogrid, IGN, IGP, and the GIS user community. all rights reserved.); (b) 

post-event aerial photo (Atlantic 2011, with permission from Atlantic); (c) GIS model detected roof 
polygons and wall polylines; (d) EF rates and wind speed estimates 
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CHAPTER 3 

CLUSTER-BASED ROOF COVERING DAMAGE DETECTION IN LIDAR POINT CLOUDS  

Alireza G. Kashani, Andrew J. Graettinger  

For submission to the Journal of Automation in Construction 

3.1. Abstract 

Efficient documentation and analysis of building damage states in the aftermath of 

extreme events is critical for loss estimation and forensic investigations.  Recent developments in 

remote sensing technologies such as Light Detecting And Ranging (LiDAR) and terrestrial laser 

scanning allows for robust acquisition of spatial data from damaged areas; however automated 

techniques are needed to extract meaningful damage information from the point cloud data.  This 

research formalized and tested a k-means clustering-based method to automatically detect wind-

induced roof covering damage in LiDAR scans of damaged buildings.  Experiments were 

conducted in controlled laboratory conditions to determine the best algorithm settings and also 

objectively evaluate the performance of the algorithm under varying conditions such as damage 

size, shingle color, and roof shadows.  Different clustering features were also tested. Clustering 

of laser reflection intensity (I) values resulted in the highest damage detection accuracy with the 

average false positive and negative error less than 5%.  In addition, with a success rate of 82%, it 

was determined that the “elbow” method is the best technique to determine the correct number of 

unique clusters in scans of damaged roofs.  The experimental evaluation also indicated that 
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environmental factors such as damage size, roof color, and shadows do not significantly 

influence the performance of the developed roof covering damage detection algorithm. 

3.2. Introduction 

Damage estimation in the aftermath of extreme events such as hurricanes, tornados, or 

strong windstorms is critical to improve knowledge used for response, recovery, and future 

damage mitigation through forensic engineering.  The assessment of building damage provides 

vital information about the actual performance of structures under extreme event loads and 

guides engineers to choose effective mitigation solutions to reduce future losses.  For instance, 

investigation of post-tornado building damage helps to estimate wind speeds and better 

understand the wind-induced pressures, thereby improving design.  In addition, there are many 

parties including home owners, insurance companies, and federal and local authorities that need 

timely loss estimates following an extreme event to improve post-event decision making.   

In recent years, remote sensing techniques have been used to efficiently capture, store, 

and analyze damage information in aftermath of large scale windstorms (Kashani et al., 2014a; 

Womble et al., 2008; Thomas et al., 2014).  Aerial imagery-based damage assessment methods 

that apply change detection algorithms to identify dissimilarities in shape, color, texture, or other 

properties of pre- and post-event image pairs have been employed (Womble et al., 2008; Thomas 

et al., 2014).  By correlating changes in image properties with actual physical damage; these 

methods are able to classify damage into categorical states.  For instance, roof damage can be 

classified into 4 states: 1) no damage, 2) shingle removed, 3) Decking removed, and 4) roof 

collapsed (Womble et al., 2008).  However, categorical damage classification does not provide a 

continuous spectrum of information about the amount of loss (e.g. percentage of shingle or 

sheathing loss), which can provide valuable information about component performance.  In 
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recent research efforts, employing geometric information obtained from terrestrial laser scanning 

in conjunction with pre-event aerial imagery allowed for the calculation of both building roof 

and wall loss percentages after an extreme wind event (Kashani et al., 2014b).  By comparing the 

location and area of roof and wall damage to the original area of the roof and walls, a percentage 

of component loss can be calculated. Still, further techniques need to be developed in order to 

automatically extract varying types of wind-induced damage (e.g. roof covering loss) from 

remotely sensed data.   

Terrestrial laser scanning measures the 3D coordinates (x,y,z) of many points on objects 

and provides high resolution spatial information that is useful in structural damage detection and 

analysis.  Several studies have indicated the great advantages of such geometric information to 

be used in post disaster forensic investigations (Gong 2014; Olsen et al. 2012; Olsen and Kayen 

2012; Cock et al. 2013; Kashani et al. 2014a), structural deformation analyses (Olsen et al. 2010; 

Park et al. 2007), and detection of flatness defects in concrete slabs (Tang et al. 2011).  However, 

beside the 3D coordinate information, terrestrial scanners often provide complementary 

information about the intensity of laser reflection (I) and color of the measured points (mostly in 

the form of Red, Green, and Blue (RGB) values) that is rarely used in damage analysis. 

Laser scanning point cloud of a damaged roof can be used to separate covering loss from 

other roof areas based on dissimilarities in color and laser reflection intensity.  Wind-induced 

roof covering damage areas visible in scans can be divided into two types of areas; shingle loss 

areas in which shingles are gone and roof felt is exposed, and felt loss areas in which felt layer is 

also gone and sheathing deck is exposed.  Scan points in each of these damage areas have either 

different colors or laser reflection intensities compared to intact roof areas.  Therefore, a 
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comprehensive technique is required to group roof points based on their color or intensity into 

undamaged areas, shingle loss areas, and felt loss areas. 

This paper presents an approach based on the k-means clustering algorithm that 

automatically detects wind-induced roof covering damage areas.  The methodology is explained 

in the “clustering-based roof covering damage detection” section.  Algorithm settings and 

environmental conditions can influence the accuracy of the clustering algorithm, and therefore 

the accuracy of roof covering damage detection.  In order to determine algorithm settings that 

produce the most accurate results, and also to objectively evaluate the influence of environmental 

conditions, tests were performed using point cloud datasets collected under varying controlled 

conditions.  Experimental settings and the evaluation framework are described in detail in the 

“experimental evaluation of the roof covering damage detection” section.  The best algorithm 

settings and the influence of environmental conditions are discussed in the “experimental results” 

section. 

3.3. Clustering-Based Roof Covering Damage Detection 

The roof covering damage detection method presented is based on clustering scanning 

points in a feature space.  Clustering is an unsupervised method to partition similar observations 

(data points) into groups called clusters.  In the problem addressed in this paper, observations are 

measured points in the point cloud.  Laser scanners produce an information vector for each 

measured point including x, y, z, coordinates, laser reflection intensity, and color values.  As 

shown in Figure 3.1 (a), measured points can be plotted in the Euclidean space using the x, y, 

and z coordinates.  Laser reflection intensity and color values are used to cluster the scanned 

points.  These information components that are used to perform clustering are called “clustering 

features”.  Therefore, the space in which values of clustering features are plotted is called the 
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feature space.  The goal of the feature space is to make groups of measured points in such a way 

that the points in each group have more similarity than differences.  For example, Figure 3.1 (b) 

shows a plot of clusters identified among the points shown in Figure 3.1 (a), in a 2D feature 

space with axes representing intensity and grayscale values.  The selection of proper clustering 

feature components to define the feature space is vital to produce the best separation among 

observations.  Once data points are clustered in the feature space, the clustered points can be 

plotted in the Euclidean space as shown in Figure 3.1 (c).   

The roof covering damage detection method presented in this paper employs the k-means 

clustering algorithm (Lloyd, 1982).  Each cluster in the k-means algorithm is defined by its mean 

(centroid point) in the feature space, and each measured point in the dataset is assigned to the 

cluster with the nearest mean.  Figure 3.1 (b) shows detected clusters and the centroid points.  

The goal is to minimize the within-cluster sum of squares (SSw) calculated by Equation 3.1, 

where; x represents observations, S represents clusters, and �i is the mean of observations in 

cluster Si.   

��� = ∑ ∑ 	�j∈�� ‖!" − ��‖#$�%&     (Equation 3.1) 

The standard k-means algorithm follows an iterative methodology.  First, k points in the 

feature space are randomly selected and used as initial means of k clusters.  Then each point in 

the dataset is assigned to the cluster with the nearest mean.  The sum of squares is the squared 

Euclidean distance; therefore, choosing the nearest mean will generate the minimum within-

cluster sum of squares.  Once all observations are assigned to the k clusters, the within-cluster 

sum of squares (SSw) is calculated and the centroids of the clusters are used as new means.  The 

point assignment and mean update steps repeat until the within-cluster sum of squares (SSw) is at 

a minimum.   
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Typically, the number of clusters (k) is predefined for the k-means algorithm.  The 

number of clusters in the problem addressed in this paper is from one to three: 1) intact roof, 2) 

roof with shingle loss, and 3) roof with shingle and felt paper loss.  The number of clusters can 

be determined by the user based on the type of damage seen during data collection.  In addition, 

there are different clustering evaluation criteria that can be used to estimate the optimum number 

of clusters in an input data set.  Some of the common criteria for cluster analyses were tested in 

this work to determine which criterion best estimates the number of clusters in the proposed roof 

covering damage detection.      

After roof points are grouped by the k-means algorithm, clusters are automatically 

labeled as: intact roof, shingle loss, or felt loss area.  The labeling task is performed by the 

supervised maximum likelihood method (Tou and Gonzalez 1974).  In this procedure, the user 

must input training samples for each of the cluster classes.  The training samples are used to 

define signatures for each class including; histogram, mean, and variance.  The roof clusters are 

then labeled based on the proximity of cluster properties to the predefined class signatures.         

3.4. Algorithm-Related Factors Influencing Roof Covering Damage Detection 

Selection of the clustering features and clustering evaluation criterion can influence the 

performance of the proposed roof covering damage detection.  Clustering features are used to 

make the feature space needed in the k-mean algorithm, and evaluation criteria allow for 

estimating the optimum number of clusters in an input dataset.  These factors are described and 

typical values are presented. These values were experimentally evaluated in this research to 

determine the best algorithm settings for roof covering damage detection.   
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3.4.1. Clustering Features 

Clustering features can be selected from laser reflection intensity and color information, 

which are generally captured by commercial laser scanners.  The laser reflection intensity of 

each measured point (I) represents the optical strength of the reflective echo of the emitted signal 

(Pfeifer et al., 2007).  The strength of a reflected laser highly depends on the material that a laser 

beam hits, distance between the scanner on objects, and the laser beam angle of incidence.  

Therefore, different materials - with an equal distance and angle toward the scanner - reflect a 

laser beam with different strengths which is captured in the I values.   

In addition to intensity, color information can be used to classify points.  Many scanners 

can provide Red, Green, and Blue (RGB) values that describe chromatic properties of each 

measured point.  Although RGB is suitable for color display, RGB is often not effective for 

cluster analysis (Cheng et al. 2001).  For example, if the lighting changes due to shadows, all 

three components of RGB will change; therefore, it is difficult to recognize a color with the same 

hue but under different lighting conditions.  RGB values can be transformed to other color model 

components, which are more suitable for cluster analysis.   

Color models that separates the chromatic properties of a color from the lighting 

conditions are the Hue-Saturation-Lightness (HSL) and Commission International de l'Eclairage 

LAB (CIE L*a*b) models.  The way that the HSL model defines a color is more compatible to 

the color of human perception.  In HSL, the hue (H) represents the basic color of objects (e.g. 

red), saturation (S) represents the amount of white light mixed with the hue (e.g. dark red), and 

lightness (L) represents the amount of lighting.  The CIE L*a*b model represents any color with 

three components: L, a, and b, where L represents the amount of lighting. The L*a*b model 
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allows for the difference of two colors to be expressed by the Euclidean distance of the color 

points in the L*a*b space, whereas the RGB or HSL models do not provide such an ability.   

3.4.2. Clustering Evaluation Criteria 

Different clustering evaluation criteria exist that can be used to estimate the number of 

clusters in an input data set.  Three criteria that were evaluated are; within-cluster sum of squares 

(Elbow method), Calinski-Harabasz index (CH) (Calinski and Harabasz, 1974), and Davies-

Bouldin index (DBI) (Davies and Bouldin, 1979). 

A common method to determine the optimum number of clusters in a data set is  to 

compare “within-cluster sum of squares” (SSw) for subsequent numbers of clusters.  As the 

number of clusters increases, the SSw decreases.  As long as the number of clusters is less than 

the optimum number of clusters, the changes in SSw values are considerable.  But when the 

number of clusters exceeds the optimum value then the number of clusters does not considerably 

change the SSw values.  A plot of the SSw versus the number of clusters for scanning points of a 

damaged roof is shown as the solid line in Figure 3.2.  In the example shown in Figure 3.2, there 

is an “elbow” in the “Damaged roof” plot identifying the optimum number of clusters.  

Sometimes, identifying the elbow point is not easy.  As shown in Figure 3.2, adding another SSw 

line related to an intact roof training sample (single cluster data set identified by the user) can 

help identify the elbow point when the slope of the damaged roof SSw line approximately reaches 

the slope of the intact roof SSw line. 

Calinski and Harabasz (1974) defined the CH index to evaluate clustering.  Equation 3.2 

presents how to calculate CH:  

'( = 	 ��)��* 	 . ,-$$-&   (Equation 3.2) 
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Where k is the number of clusters, n is the number of observations in the data set, and SSB and 

SSw are the “between” and “within-cluster sum of squares” respectively.  A proper clustering 

generates a large SSB and small SSw values, thus a large CH.  Therefore, the CH is calculated for 

different numbers of clusters and the cluster number with the maximum CH is selected.   

Davies and Bouldin (1979) proposed the Davies and Bouldin Index (DBI) to evaluate 

clustering.  Equation 3.3 presents how to calculate DBI:  

�./ = 	 &$ 	∑ ��$�%&   (Equation 3.3) 

Where Di is the ratio of “within-” to “between-cluster” distances for the most similar cluster to 

the cluster i, and N is the number of clusters.  A proper clustering of data produces large 

between-cluster and small within-cluster distances, thus a small DBI.  The DBI is calculated for 

different numbers of clusters and the clustering number with the minimum DBI is selected. 

3.5. Experimental Evaluation of the Roof Covering Damage Detection 

An experimental evaluation framework was designed and followed to determine the best 

algorithm settings and to objectively evaluate the performance of the clustering-based roof 

covering damage detection under varying environmental conditions.  Laboratory models of 

damaged roof panels with varying shingle color and damage size were constructed and scanned 

in direct sunlight and shadowed conditions.  Different clustering evaluation criteria and 

clustering feature combinations were used to evaluate roof covering damage detection. This 

section explains different components of the experimental evaluation framework. 

3.5.1. Laboratory Data Collection 

Roof panels consisting of plywood, felt paper, and three different colored shingles having 

defects of varying sizes were made and used in the experiments.  Three popular shingle colors 

with commercial names of “autumn brown,” “charcoal,” and “weathered gray” were used.  For 
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convenience and to better represent the shingle color, these colors are called brown, black, and 

green respectively in this paper.  Three roof panels, each with a different shingle color, were 

constructed by nailing shingles on 1.22m × 2.44m (4ft × 8ft) sheet of plywood.  To represent 

defects, roof felt and plywood were cut at varying sizes and placed on the roof panels. Figure 3.3 

(a) through (e) shows 5 different damage patterns placed on the roof panels and used in the 

experimental scans.  These damage patterns mimic the progression of roof cover damage in high 

wind situations observed in the damage field.  With increasing wind speed, roof shingles are 

often first pulled off a roof exposing the roof felt followed by the roof felt being removed 

exposing the plywood sheathing. 

The roof panels were scanned under lighting conditions similar to in-field scenarios.  

Figure 3.3 (f) shows a schematic of the scanning configuration in the laboratory.  Each roof panel 

was hung on the laboratory wall with a pitch of 7/12 to 8/12 and at a height of 4 meters off the 

ground.  Scans were collected from 10 meters away from the roof panel and at a medium 

scanning resolution, which produces a 1 centimeter horizontal and vertical point spacing at the10 

meter distance.  Also, panoramic photos were taken using the scanners built-in camera that 

allowed true color values to be associated with points in the scan.  The large laboratory window 

shown at the left side of Figure 3.3 (f) allowed for controlled lighting conditions.  Each of the 

roof panels with each of the damage patterns shown in Figure 3.3 were scanned twice, once in 

direct light and once in shadows.  Figure 3.3 (e) shows an example of a roof panel with shadows.           

3.5.2. Algorithm-Related Variables 

Algorithm parameters were varied to determine the best roof covering damage detection 

settings.  Table 3.1 shows clustering features and clustering evaluation criteria that were used in 

the tests. Different clustering feature combinations were evaluated by selecting among intensity, 
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I, and color model components such as RGB, HSL, and CIE l*a*b.  RGB and I were 

independently tested because these parameters are typically provided by scanners.  The lightness 

component in HSL and CIE l*a*b were removed to eliminate the impact of lighting conditions 

on clustering results.  All other model components were used individually, or combined with I, to 

make varying clustering feature combinations as shown in Table 3.1.  Once the best clustering 

feature combination was determined, the clustering evaluation criteria shown in the second 

column of Table 3.1 were tested to determine which criterion most properly estimates the 

number of clusters.   

3.5.3. Performance Measures 

In order to evaluate the accuracy of the clustering employing different clustering features, 

clustering results were compared with ground truth data produced by manually measuring the 

damaged roof areas.  Two types of errors were measured: 1) the false positive percentage and 2) 

the false negative percentage.  Figure 3.4 illustrates the difference between false negative and 

positive errors.  A false positive is a point incorrectly categorized as damage, while a false 

negative is a point in a damaged area that is not categorized as damage.  Based on this definition, 

in each run of the algorithm, the total number of false positive and negative error points was 

divided by the total number of roof points to calculate false positive and negative percentages.  

False positive errors generate false damage detection alarms, therefore should be avoided.  On 

the other hand, a low false negative percentage can be ignored. As shown in Figure 3.4, false 

negative points might be surrounded by correctly detected points. When detected damage points 

are aggregated to make a polygon illustrating the area of damage, the polygon will cover the 

single false negative points. Therefore, the single false negative points do not influence the 

detection of the damage area. 
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To evaluate the ability of a clustering criterion to estimate the correct number of clusters, 

the estimated numbers of clusters was compared to the actual numbers of clusters, and the 

success rates for each clustering evaluation criterion were measured.  Each criterion was tested to 

estimate the number of clusters in all input data sets.  The success rate corresponding to each 

criterion was defined as the number of success (i.e. number of correct estimations) over the total 

number of input datasets.    

3.5.4. Statistical Analyses 

In this research, the one-way ANalysis Of VAriance (ANOVA) test was used to 

determine if different algorithm settings or environmental conditions cause any difference in the 

amount of false percentages.  The one-way ANOVA compares means of two or more datasets in 

order to determine if datasets are statistically different.  In this research, α value of 0.1 

corresponding to 90% confidence level was used to reject the null hypothesis. The ANOVA test 

can only determine if resulting false percentages are significantly different.  If the ANOVA tests 

identified a significant difference then the Fisher test was applied to provide a pairwise 

comparisons and ranking. The Fisher test was used as a post-hoc test to indicate which clustering 

features combination resulted in better roof covering damage detection.   

3.6. Experimental Results2 

This section discusses the experimental evaluation results in the following order.  First, 

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

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

                                                           

 

2
 performance tables showing detailed experiment settings and results are presented in Appendix 
B 
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criteria shown in Table 3.1 and the ability of the techniques to estimate the number of clusters 

was compared   The influences of shadows, shingle colors, and damage sizes was also evaluated.   

3.6.1. Comparison of Clustering Features 

Statistical analysis of experimental results indicated that all clustering feature 

combinations generally resulted in statistically similar false negative percentages, but “I” and 

“a,b,I” combinations resulted in the lowest false positive percentages.  This trend can be seen in 

Figure 3.5 showing boxplots of false negative (Figure 3.5(a)) and positive (Figure 3.5(b)) 

percentages for each of the feature combinations.  The ANOVA and Fisher tests also indicated 

the same conclusion.  P-value of 0.471 indicated no significant differences between false 

negative percentages.  However, the p-value of testing positive percentages was less than 0.001 

indicating a significant difference.  The post-hoc Fisher test indicated that “I” and “a,b,I” 

combinations statistically result in similar false positive percentages with the lowest mean among 

all tested feature combinations.  Table 3.2 presents ranking of feature combinations based on the 

Fisher test, in which the highest in the ranking produce the lowest false positive percentage.   

3.6.2. Influence of Shadows 

A comparison of false percentages from scans with and without shadows indicate that the 

influence of shadows on the results varies between clustering feature combinations.  Figure 

3.6(a) shows the ANOVA p-values of this comparison.  A higher p-value indicates the less 

difference between accuracy of with- and without shadows; therefore, the less influence shadows 

have on roof covering damage detection algorithms.  As shown in Figure 3.4, shadows 

significantly influence on results of clustering H, S, and HSL feature combinations (p-value less 

than 0.1).  Also, shadows have the least impact on results from two feature combinations of 
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Intensity “I” and “a,b,I.”  In other words, the test results indicate that clustering “I” or “a,b,I” 

decrease the influence of shadows on the roof covering damage detection.   

3.6.3. Influence of Shingle Colors 

A comparison of false percentages from scans of roof panels with different shingle colors 

indicated that the color of shingles does not significantly influence the results of any of the 

clustering features.  Figure 3.6(b) shows the ANOVA p-values in which all p-values are higher 

than 0.1.  In other words, the p-values indicated the proposed roof covering damage detection 

algorithm produces the same results regardless of what color roof shingles are scanned.  

However, the low p-values for RGB and HSL feature combinations suggest those features should 

be avoided in order to minimize the influence of shingle color on the roof covering damage 

detection algorithm. 

3.6.4. Comparison of Clustering Evaluation Criteria 

The clustering evaluation criteria shown in Table 3.1 were tested to determine which 

criterion best estimated the correct number of clusters.  Based on the previous evaluations 

described above, the “I” and “a,b,I” combinations were selected and used as the clustering 

feature.  Table 3.3 presents the resulting success rates for each of the criterions.  As shown in 

Table 3.3, the evaluations that used the “I” as the clustering feature resulted in higher rates of 

success than those using the “a,b,I.”  Also the elbow and Calinski-Harabasz criteria resulted in 

the highest rates of success, 82% and 71% respectively.  The experimental evaluation indicated 

that the elbow criterion produces a higher accuracy, however, the implementation is not fully 

automated and the determination of the elbow point on the plot requires human interpretation.  

On the other hand, Calinski-Harabasz automatically estimates the number of clusters but with 

slightly lower accuracy.         
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3.6.5. Influence of Damage Sizes  

The clustering false percentages and success rates corresponding to different damage 

patterns shown in Figure 3.3 were compared to evaluate the influence of damage size on the 

damage detection method.  Figure 3.7 illustrates the false percentages and success rates for each 

of the damage patterns.   The Intensity (I) was used as the clustering feature, and the elbow and 

Calinski-Harabasz methods were used as the clustering valuation criteria in these tests.  As 

shown in Figure 3.7 (a) and (b), the resulting false negative and positive percentages were less 

than 20% for all damage patterns except the damage pattern (e) (Figure 3.3(e)).  Also, as shown 

in Figure 3.7 (c), the rates of success were above 60% for all damage patterns except the damage 

pattern (a) (Figure 3.3(a)).  Examining the damage patterns associated with (a) and (e), which are 

shown in Figure 3.3 (a) and (e), it is seen that these damage patterns include small areas of 

shingle loss where the roof felt is exposed.  The evaluation indicated that the chance of error in 

the damage detection methodology is higher when small areas of shingle loss (roof felt exposed) 

exist on the roof.    

3.7. Conclusions 

This research formalized and experimentally evaluated a clustering-based method to 

detect roof covering damage in point clouds collected from wind damaged buildings.  The roof 

covering damage detection method is based on the k-means clustering algorithm.  A series of 

experiments in controlled conditions were conducted to determine the best algorithm settings.  In 

addition, the performance of the damage detection method under varying environmental 

conditions was evaluated.   

This research indicated that the use of Intensity (I) values as the clustering feature, and 

the elbow or Calinski-Harabasz criteria for estimating the number of clusters result in the best 
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performance of the roof covering damage detection method.  The intensity (I) feature, with an 

average false detection percentage of 5%, produces higher damage detection accuracy than other 

feature combinations using color information.  The use of color information in different forms of 

RGB, HSL, and CIE L*a*b did not generate better damage detection than the use of only 

intensity information.  Therefore, the collection of panoramic pictures while scanning can be 

avoided to speed up the in-field data collection for this type of application.  The use of the elbow 

criterion for estimating the number of clusters resulted in the highest rate of success, 82%.  The 

Calinski-Harabasz resulted in a slightly lower success rate; however, Calinski-Harabasz can be 

used when full automation is a priority. 

This research also demonstrated that environmental factors such as shadows, roof colors, 

and damage sizes do not significantly influence the performance of the roof covering damage 

detection methodology.  The experimental evaluation indicated that when the intensity (I) feature 

was used for clustering, the existence of shadows or the change in color of roof shingles did not 

influence the amount of false percentages.  The evaluation also demonstrated that the error in the 

damage detection methodology is lower than 20% regardless of the size of the defects, except 

when only small areas of shingle loss exist on the roof.   

The roof covering damage detection technique formalized and tested in this research is a 

step toward a comprehensive laser scanning-based automated windstorm damage assessment.  

Such an automated damage assessment will efficiently provide comprehensive damage 

information applicable in post-tornado forensic investigations and loss estimation. In this study 

the scanning distance and angel were kept constant during the tests in order to avoid impacts of 

these factors on intensity values. However to be implemented in real-world settings, intensity 

values should be corrected (normalized) based on parameters such as the scanning angle and 
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distance.  This normalization becomes increasingly important when the point cloud data 

comprises registered scans that were captured from different locations.  In future research, this 

study can be extended to test the formalized roof covering damage detection with actual data 

collected from damaged buildings.     
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Table 3.1. Tested algorithm settings 

Clustering Feature 
Combinations 

Clustering Evaluation 
Criteria 

RGB 

I 

HSL 

H 

S 

HSI 

SI 

abI 

Elbow (SSw) 

Calinski-Harabasz (CH) 

Davies-Bouldin (DBI) 

Silhouette 

 

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

Ranking 
Feature 

Combination 
False Positive 

Percentage (Mean) 
Grouping 
(Fisher) 

1 

2 

3 

4 

5 

6 

7 

8 

abI 

I 

HSI 

SI 

RGB 

HSL 

H 

S 

5.2% 

5.3% 

16.8% 

19.1% 

27.2% 

34.3% 

45.7% 

46.9% 

A 

A 

B 

B 

C 

C 

D 

D 

 

 

Table 3.3. Rates of success in estimation of the number of clusters 
Clustering 

Feature 
Clustering Evaluation Criterion 

Calinski-Harabasz Davies-Bouldin Elbow 
I 71% 64% 82% 

abI 64% 46% 57% 
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Fig 3.1. Clustering the roof point cloud: (a) plot of roof points in Euclidean space, (b) identified 
clusters and means in a 2D feature space, (c) back plot of clustered points in Euclidean space 

 

Fig 3.2. Choosing the optimum number of clusters 
using the elbow criterion  
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Fig 3.3. Experimental setup: (a-e) roof boards with different damage patterns, (f) scanning configuration  

 

 
Fig 3.4. False positive and negative points 
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Fig 3.5. Comparison of false percentages generated by clustering feature 
combinations: (a) false negative percentages, (b) false positive percentages 
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Fig 3.6. Comparison of false percentages resulted from data collected 
under varying environmental conditions: (a) ANOVA p-values for 
testing the impact of shadows (b) ANOVA p-values for testing the 

impact of shingle colors  
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Fig 3.7. Evaluation of the influence of damage size: (a) false negative 

percentages, (b) false positive percentages, (c) rates of success 
corresponding to each damage pattern (damage patterns are shown in 

Figure 3.3)    



60 

 

 

 

 

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 of Natural Hazard Review 

4.1. Abstract 

Recently structural fragility models were developed to provide quantitative insight about 

tornado design wind speeds and failure progression.  However, limitations in gathering 

quantitative loss information in the aftermath of tornadoes have not allowed for comparing the 

fragility-based information with the actual building loss data.  This paper presents a methodology 

incorporating 3D data collection with laser scanning to automatically extract damaged building 

geometry and roof sheathing loss, which allows for evaluating current fragility models using 

actual damage data obtained from a large number of buildings.  A comparison conducted in a 

small case study with 3D data collected after the 2013 Moore, OK, tornado indicated that current 

fragility models underestimated the loss in the center and overestimated the loss in corners of 

roof planes.  This can be because the roof sheathing failures predicted by fragility models do not 

involve the influence of windborne debris and poor construction.  Implementing the proposed 

methodology in future case studies with a larger number of damaged buildings will provide more 

insight about the reliability of fragility models. 
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4.2. Introduction 

Even though tornadoes result in great hardship and loss in the United States, their low 

probability of occurrence and the lack of knowledge about the tornado loads and failure 

progression prevents the full consideration of tornadoes in current design codes (van de Lindt et 

al., 2012).  Understanding tornado induced loads and failure progression is the primary step 

toward enhancing design.  Unlike straight winds, tornado winds change speed and direction 

rapidly.  Tornadoes also produce destructive windborne debris and localized wind pressures, 

which have made it difficult to fully understand tornado failure mechanisms.   

Recently, several researchers used structural fragility assessment methodologies that 

could provide quantitative insight about design wind speeds and failure progression (Amini and 

van de Lindt 2013, Ellingwood et al., 2004, Lee and Rosowsky, 2005, van de Lindt et al., 2012).  

In the wind fragility assessment, the structural capacity and wind loads are defined as functions 

of variables related to the building geometry, construction, and position.  Then a probabilistic 

method is used to assess the reliability of the structure to withstand loads caused by varying wind 

speeds (Ellingwood et al., 2004).  A typical result is a fragility model (curve) that correlates wind 

speeds and the probability of failure for a structural component, which help researchers to 

identify the wind speed at which there is high confidence that the structural component will 

survive.   

The tornado wind loads in current fragility assessment methods are calculated with the 

same formula defined by the ASCE-7 code (ASCE, 2010) for straight winds (e.g. hurricane 

winds) where only an amplification factor is added to take into account the impact of increasing 

vertical wind velocity pressures in tornadoes.  This factor was added based on a tornado 

simulation study by Haan et al., (2010) indicating that the lateral wind pressures on buildings and 
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uplift pressures on components and cladding are respectively 1.8-3.2 and 1.4-2.4 times those 

made by straight winds.  Based on observations of damage caused by several tornadoes, Dao et 

al. (2014) stated that the amount of this amplification factor can be chosen based on the location 

of buildings in respect to the tornado path.  Closer to the tornado core, buildings experience 

winds in different directions and wind pressures with larger vertical components, therefore a 

higher amplification factor should be chosen in calculations.  But far from the tornado core, 

buildings experience straight winds; therefore the amplification factor can be ignored. Details of 

the wind fragility calculations for roof sheathing subjected to wind loads will be described in the 

following section.     

Comparison of failure predicted by fragility models with actual damage observed after 

tornadoes is required for evaluating the validity of the fragility model assumptions and results 

(Subramanian et al., 2013).  Some researchers discussed the similarity between damage observed 

after tornadoes and the information obtained from fragility assessments (van de Lindt et al., 

2012), however their damage observations were qualitative, and quantitative amounts of damage 

were not used in the investigations. Amini and van de Lindt (2014) indicated that the wind 

speeds and failures predicted by their tornado fragility models are in qualitative agreement with 

the degrees of damage defined by the Enhanced Fujita (EF) scale.  But, they did not conduct 

field studies to support such a claim.  It should be noted that the fragility models quantitatively 

predict the amount of failure caused by different wind speeds (i.e. probability of failure) while 

the EF degrees of damage have been defined with qualitative statements (e.g. large sections of 

roof removed).  Yet, comprehensive evaluations of the predictive accuracy of tornado fragility 

models have not been performed due to the lack of detailed and quantitative damage data.  
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Recent developments in remote sensing technologies such as 3D laser scanning or Light 

Detection And Ranging (LiDAR) provided an effective tools to rapidly acquire geometry of 

damaged buildings with high precision (Kashani et al. 2014b).  The dense 3D LiDAR data 

produced by laser scanning virtually preserves the geometry of the scanned damage site and 

allows for geometric queries and measurements even after recovery efforts have been completed.  

Several studies have indicated the great advantages of such geometric information to be used in 

post disaster forensic investigations (Gong 2014; Olsen et al., 2012; Olsen and Kayen, 2013; 

Cock et al., 2013; Kashani et al., 2014a), structural deformation analyses (Olsen et al., 2010; 

Park et al., 2007), and detection of flatness defects in concrete slabs (Tang et al., 2011).  Also, 

scanning-based methods have been developed to automatically detect and calculate the amount 

of wind-induced building damage including percentages of sheathing or covering losses 

(Kashani et al., 2014a; Kashani and Graettinger, 2014).  The automated nature of these methods 

allows for efficient and quantitative damage analysis of a large number of buildings after 

tornadoes.  

Motivated by the potential of LiDAR technology to accurately capture geometry, 

location, and quantitative damage states of buildings after tornadoes, this paper presents a Laser 

scanning-based methodology to compare damage predicted by current tornado fragility models 

with actual building damage gathered after tornadoes.  The scope of this study is the analysis of 

roof sheathing loss in typical low-rise buildings.  The methodology starts with extracting roof 

geometric information such as the height, slope, distance to the tornado path, and ASCE-7 

pressure zones (ASCE, 2010) for each damage building captured in scans.  This information is 

used as input to current fragility assessment methodologies to produce fragility curves for roof 

sheathing failures.  Also for each building in scans, the actual percentages of roof sheathing loss 
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over each of the ASCE-7 pressure zones are extracted and a wind speed is assigned based on EF 

scale.  Then the observed percentages of loss and wind speeds are compared with those predicted 

by the fragility curves.  This comparison provides feedback for enhancing fragility models. This 

paper also presents results of performing such comparison for 5 damaged buildings that were 

scanned after the 2013 Moore, OK tornado.  The automated damage analysis provided by the 

proposed methodology will allow for efficiently performing such comparison for more buildings 

on the path of future tornadoes.   

The rest of the paper is organized as follows: First, the fragility model for roof sheathing 

subjected to wind load is described.  Second, algorithms and steps to extract roof damage and 

geometric information are described.  Third, the performance of the proposed LiDAR data 

processing method on the Moore, OK data set is evaluated.  Finally, the roof damage predicted 

by fragility models are compared with the actual damage extracted from the Moore, OK LiDAR 

data set.   

4.3. Fragility Model for Roof Sheathing Subjected to Wind Load  

In this study, we evaluated the fragility model developed by Lee and Rosowsky (2005) 

with the tornado amplification factors suggested by Haan et al., (2010) and Dao et al., (2014).  

The fragility can be expressed with a conditional failure probability shown in Equation 4.1:  

0[12!3 < 0] = ∑ 0[12!3 < 0|� = 6]. 02� = 63788	9     (Equation 4.1)  

Where D is a random demand on the system (e.g. wind speed), P(D=y) is the probability of the 

natural hazard, G(x) is the limit state, and P[G(x)<0|D=y] is the conditional limit state 

probability that defines the fragility. 
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Wind-induced roof sheathing loss happens when uplift pressures over sheathing panels 

exceed the sum of the resistance of nails and weight of panels, therefore the limit state describing 

the roof sheathing loss can be shown as equation 4.2:   

1 = : − 2; − �3  (Equation 4.2) 

Where R is the resistance of the roof panel, w is the uplift wind load, and D is the dead load of 

the panel.  The resistance of the roof panel depends on the nail type/spacing and construction 

quality.  The resistance and dead load for typical panel installations were determined within 

experimental and analytical studies (Lee and Rosowsky, 2005). 

The uplift wind load on components and cladding (C&C) of a low-rise building can be 

calculated with Equation 4.3: 

; = <=. >?[1'@ − 1'@A] (Equation 4.3) 

Where qh is the velocity pressure at the mean roof height, Kc is the amplification factor (Dao et 

al., 2014), G is the gust factor, and Cp and Cpi are respectively external and internal pressure 

coefficients.  As explained by Dao et al., (2014), Kc can be determined based on the distance of 

building from the tornado core.  The GCp values vary by the sheathing panel location, height of 

the roof, roof pitch, and plan area.  Typically, panels along the roof edge and corners receive 

higher external pressure than the interior panels.  Therefore, ASCE-7 (2010) has defined three 

roof pressure zones.  Zone 1 includes interior panels and has the lowest GCp.  Zone 2 includes 

panels along roof ridges and eaves.  And Zone 3 includes corner panels and has the highest GCp.  

Creation of holes in the building envelope (e.g. broken windows, failed garage door, or roof 

sheathing loss) can change the internal pressure.  ASCE-7 (2010) defines nominal GCpi values 

for enclosed and partially enclosed buildings.  Statistical GCp and GCpi values were also 

determined within previous studies (Lee and Rosowsky, 2005). 



66 

 

 

Based on ASCE-7 (ASCE 2010), the velocity pressure can be calculated with Equation 

4.4:  

<=2@BC3 = 0.00256	. >=. >GH. >I. J#2JAK	L@ℎ3    (Equation 4.4) 

Where Kh is the exposure factor, Kzt is the topographic factor, Kd is the directional factor, and V 

is the basic wind speed in mile per hour.  Kh and Kzt are chosen based on the topographic 

situation of the building.  Statistical Kd values were suggested in previous studies to account for 

the reduced probability of the maximum pressure coefficient occurring for any given direction 

(Lee and Rosowsky, 2005). 

Using the statistics for wind load, dead load, and uplift resistance described, sheathing 

loss fragilities defined by Equation 1 can be evaluated.  Depending on where the sheathing panel 

is located (i.e. on Zone 1, 2, or 3) the pressure coefficients are selected and fragility curves 

correlating basic wind speeds and probabilities of failure are drawn.  Readers are encouraged to 

see Lee and Rosowsky (2005) for more a detailed description about the fragility assessment for 

wind induced roof sheathing failures.   

4.4. LiDAR Data Processing Framework 

The following sections present algorithms and techniques used in the proposed LiDAR 

data processing framework.  Each section first reviews related point cloud processing techniques 

and then describes how such techniques were adopted in the proposed framework.  These 

techniques have mostly been developed to extract geometric information from remotely sensed 

data such as aerial photographs and airborne/terrestrial LiDAR in order to produce 3D building 

models (Awrangjeb et al., 2013; Habib et al., 2010; Park et al., 2006; Pu and Vosselman, 2009).  

Although the 3D modeling problem has been well understood and addressed in different ways, 

these methods were designed and tested with data collected from intact buildings when the data 
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is complete and fits to assumptions of algorithms (Oude-Elberink and Vosselman, 2011).  

Indeed, processing of data collected from damaged buildings and extracting information needed 

for damage analysis have specific challenges not investigated in previous research studies.     

4.4.1. Detection of Building Regions 

The data processing procedure begins with building detection.  The building detection 

step aims at filtering ground points and other unwanted objects from the dataset and identifying 

building regions.  The detected building points will be used in the next steps to extract damage 

and geometric information.  Sithole and Vosselman (2004) and Vosselman and Mass (2010) 

provided a comprehensive review of filter algorithms and their experimental comparisons.  The 

framework proposed in this paper employs the detection method fully described in Kashani et al., 

(2014a).  That method detects roof and wall regions in the LiDAR dataset collected from tornado 

damage sites and produces GIS building polygons (e.g. Figure 4.4(a)).  The detected roof regions 

are used to reduce the search space in the next steps of the framework presented in this paper.  

Also, identified wall regions indicate if the building envelope at failure was enclosed.  In 

addition, the building plan dimensions are extracted by fitting rectangles to the detected building 

regions.  The building envelope state and dimensions will be used in creating fragility curves.   

4.4.2. Identification of Post-Tornado Roof Planes  

This step aims at identifying roof planes remaining after the tornado and generating GIS 

polygons which are referred to in this paper as post-tornado roof polygons.  As mentioned 

before, roof geometric features such as roof pitch and height should be extracted to develop 

fragility curves.  Also, loss over different pressure zones must be extracted.  To extract this 

information, the scanning points within each identified roof region should be divided into 
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segments which constitute different roof planes.  Identifying the roof planes allows for extracting 

the height, slope, and loss information.  

Several segmentation techniques have been made to recognize planar segments in point 

cloud data.  These techniques have been developed based on the assumption that a typical 

building façade is made of planar patches.  This assumption is also valid for finding intact 

sheathing panels that remain on buildings after tornadoes.  Vosselman et al., (2004) reviewed 

common segmentation approaches.  The most general segmentation approach is clustering.  In 

the clustering approach, a feature vector is defined for each point in the data set and used to 

identify clusters sharing similar feature vectors.  Feature vectors include properties that produce 

the best separation among clusters.  For example, Filin (2002) used a 7D feature vector including 

3D point coordinates, parameters of the local fitted plane, and height difference with adjacent 

points to identify planar surfaces.  But implementation of algorithms with such multidimensional 

feature vectors is not efficient particularly in the case of large and noisy datasets such as those 

collected from tornado sites.  Plane growing approaches facilitate segmentation by starting from 

a group of points making a seed plane.  The seed plane is expanded with merging adjacent points 

fitting into the seed plane.  However, the quality of segmentation highly depends on the proper 

selection of seed points, which is hard in large and noisy point clouds.  Data structure is also very 

critical in order to search for adjacent points in a plane growing method; therefore, using region 

growing methods results in poor segmentation of unstructured point clouds (Pu and Vosselman, 

2009). 

Plane fitting is another approach that provides a segmentation of unstructured and noisy 

point clouds such as those collected in tornado sites.  These methods produce the mathematical 

equation of a plane that fits to the maximum number of points in the input dataset.  In order to 
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identify multiple planes within the same point cloud, the method can be repeated but each time 

the previously identified point segment must be removed from the cloud.  A widely known plane 

fitting algorithm is the RANdom Sample Consensus (RANSAC) (Fischler and Bolles, 1981).  

This method starts with at least three points randomly selected in the cloud and calculates the 

equation of the fitted plane.  Then the points in the cloud that lie in the fitted plane (inliers) are 

identified.  This procedure repeats for several combinations of randomly selected points and each 

time saves the corresponding number of inliers.  The plane with the maximum number of inliers 

or above a pre-defined threshold is selected as the best fitted plane and inliers are grouped in a 

cluster (Rehor et al., 2008). 

In the framework presented in this paper, once points of a damaged building were 

separated from other points within the detection step (Figure 4.1 (a)), roof planes are identified 

with the RANSAC plane fitting technique.  The angle between the identified plane and the 

ground-fitted plane is calculated and used to determine whether the plane is a roof plane or not.  

The roof pitch of typical houses is between 4/12 – 12/12 with an angle of less than 45 degrees, 

while wall planes make an angle close to 90 degrees.  Once a roof plane is identified then its 

points, equation, and pitch are saved and the RANSAC process repeats in order to find other roof 

planes.  This procedure continues until the number of points in the identified segment reach 

below a threshold value set by the user.  Figure 4.1 (b) shows segmented roof points of the 

building shown in Figure 4.1 (a).   

Points of detected roof planes are imported into GIS to generate post-tornado roof 

polygons.  Polygons are created around segments of approximate points within a predefined 

aggregation distance.  The aggregation distance is set based on average point spacing in the input 

point cloud.  The roof plane segments detected by the RANSAC technique might include some 
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false points that do not actually belong to the roof plane.  After the point aggregation, those false 

points may introduce small unwanted polygons far from the main created polygon.  Predefined 

size and distance thresholds are used to filter the unwanted polygons from the results.  Figure 4.1 

(c) shows the post-tornado roof polygons created for the building shown in Figure 4.1 (a).   

4.4.3. Reconstruction of Pre-Tornado Roof Planes and Pressure Zones 

This step aims at reconstructing the pre-tornado shapes of identified roof planes and 

generating GIS polygons which are referred to in this paper as pre-tornado roof polygons.  There 

are two reasons for reconstructing the pre-tornado roof polygons.  First, pre-tornado roof 

polygons are compared with post-tornado roof polygons to quantify the amount of sheathing loss 

in each roof plane.  Second, they are used to determine locations of wind pressure zones on the 

roof planes.  Determination of roof pressure zones allows for understanding over which zone of 

the roof the sheathing loss has occurred.   

Common 3D reconstruction approaches developed mainly for reconstruction of intact 

buildings can be divided to two categories of model- and data-driven techniques.  Model-driven 

techniques use a predefined catalog of roof shapes and identify the best fit for the segmented 

points (Maas and Vosselman, 1999).  This approach provides an efficient and consistent 

approach for modeling non-complex roofs.  However, if the catalog does not include the roof 

model then the reconstruction fails.  On the other hand, data-driven techniques can reconstruct 

complex roofs by finding adjacent planar roof segments and extracting intersection lines and 

vertices (Kim and Shan, 2011).  An important task in this approach is to determine the spatial 

relationship (adjacency) between detected roof segments.  The adjacency is often described in 

the form of a matrix (Sampath and Shan, 2010) or a graph (Oude Elberink and Vosselman, 
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2009).  The framework presented in this paper employs a data-driven approach to reconstruct 

pre-tornado roof polygons which are described below.   

The reconstruction procedure begins with an adjacency analysis to find neighboring roof 

planes.  GIS provides proximity toolsets that facilitate the adjacency analysis.  One of them is the 

“near tool” which enables for identification of features within a search radius distance.  Each 

generated post-tornado roof polygon is used as input to the near tool and neighboring polygons 

are determined.  Remaining parts of roofs after tornadoes are usually connected to walls or roof 

edges (close to roof plane intersections); therefore a search radius distance of 1-2 meters is 

sufficient to accurately identify neighboring roof polygons.   

Once the neighboring roof polygons are identified, the corresponding plane equations are 

used to define intersection lines and roof vertices.  In 3D space, the intersection of two planes 

makes a line, and the intersection of three planes makes a point.  Detected neighboring roof 

planes are intersected and intersection lines and internal roof vertices are mapped in GIS.  Then 

the building boundary detected before is used to limit intersection lines.  As shown in Figure 4.2 

(a), the generated lines have extra parts that should be trimmed.  Figure 4.3 (a) to (c) shows 

possible situations of lines and internal roof vertices and the method of trimming.  Figure 4.3 (a) 

illustrates the situation where no internal roof vertex is detected on the line.  This is common in 

gable roofs.  In this case the whole length of the line inside of the building boundary is kept.  

Figure 4.3 (b) illustrates the situation where only one internal roof vertex is detected on the line.  

This situation commonly occurs when the intersected roof planes neighbor a hip roof.  In this 

case the line is split at the vertex and only the line segment closer to the intersected roof planes is 

kept.  Finally, Figure 4.3 (c) illustrates the situation where two internal roof vertices are detected 

on the line.  This often happens when the intersected roof planes neighbor two hip roofs.  In that 
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case the line is split at the location of the vertices and only the line segment between vertices is 

kept.  Once intersection lines are detected and trimmed, all lines related to each roof plane are 

merged with the boundary to reconstruct the corresponding pre-tornado roof polygon.  Figure 4.2 

(b) shows the trimmed intersection lines and generated pre-tornado roof polygons for the 

example shown in Figure 4.2 (a).  Comparing the area of pre-tornado polygons (Figure 4.2 (b)) 

and post-tornado polygons (Figure 4.1 (c)) allows for calculating the percentage of sheathing loss 

for each roof plane.   

Finally, wind pressure zones of reconstructed roof polygons are determined using the 

guidelines provided by ASCE-7 (2010).  ASCE-7 (2010) defines three different roof wind 

pressure zones.  Figure 4.2 (c) shows the pressure zones for the identified pre-tornado roof 

polygons, which were generated based on ASCE-7 (2010).  According to the ASCE-7 (2010), 

the distance “a” shown in Figure 4.2 (c) equals to the lesser of 10 percent of the least building 

dimension or 40 percent of mean roof plane height.  Building dimensions were extracted within 

the building detection step.  The mean height of each roof plane is also determined by calculating 

the average height of the highest and lowest intersection lines of internal roof vertices.  

Determining the “a” distance, the post-tornado roof polygon is shrunk by “a” (i.e. negative 

buffering) to create zone 1.  Zone 3 is also separated by making a buffer area around building 

corners.  Zone 2 is the remaining roof area on the edge of the roof plane after separating zone 1 

and zone 3.  Knowing the pressure zones, the roof loss in each pressure zone can be separately 

calculated. 

4.5. Case Study of Damaged Buildings in Moore, OK 

This part of the paper presents the implementation of the methodology on the LiDAR 

data set collected after the 2013 Moore, OK tornado.  Figure 4.4 (a) shows the Moore dataset 



73 

 

 

including 5 damaged buildings.  The data was collected with a commercial terrestrial scanner 

using medium scanning resolution (i.e. 0.1 meter point spacing @ 100 meter distance).  Point 

clouds captured from different scan stations were manually registered and then overlaid on the 

GIS aerial imagery basemap.  Figure 4.4 (b) shows the identified roof and wall regions in the 

Moore dataset using the methodology described in Kashani et al., (2014a).  Points over the 

identified building regions were used as input to the planar segmentation and roof reconstruction 

techniques described in this paper.  Actual percentages of roof sheathing loss over the three 

pressure zones were calculated and compared with the loss predicted by the fragility models.  

The following sections describe the results of the case study. 

4.5.1. Geometry and Damage Extraction from the LiDAR Data Set 

Figure 4.4 (c) shows the generated post-tornado roof polygons for the buildings in the 

Moore data set.  27 roof planes were identified in the Moore data set.  A comparison between 

results of the Kashani et al., (2014a) method shown in Figure 4.4 (b) and the method presented in 

this paper shown in Figure 4.4 (c) indicates that the planar segmentation not only identified roof 

planes but also allowed for filtering roof rafters and debris remaining on top of the buildings.  

Roof rafters and debris remaining on top of damaged buildings might be detected by the Kashani 

et al (2014a) method as intact roof regions, thereby causing error in the calculated amount of 

roof loss.  For example, only roof rafters and debris remained on the roof of building number 3.  

Planar segmentation allowed for filtering those areas from detected post-tornado roof polygons.  

Figure 4.4 (d) shows the pre-tornado roof polygons and corresponding pressure zones.  

Overall the proposed reconstruction method resulted in automatically generating 19 pre-event 

polygons out of the 27 detected roof planes (70% rate of success).  The rate of success in fully 

automated generation of pre-tornado roof polygons is a function of the overall roof sheathing 
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loss.  For example, all of the 11 roof polygons of building number 4 with the overall roof 

sheathing loss of (13%) were automatically generated.  However, 2 polygons out of the total 4 

roof polygons of building number 1 with the overall roof sheathing loss of (79%) needed manual 

edits.  The results indicated that as long as a part of a roof plane and the neighboring planes 

remained after the tornado then the proposed method could automatically reconstruct the pre-

tornado roof polygon.  However, manual edits based on aerial imagery were required for 

completing pre-tornado polygons when any of the neighboring planes was totally destroyed (e.g. 

planes number 1, 10 and 25).  Image-based roof reconstruction techniques can be incorporated in 

the future in order to automatically generate pre-tornado polygons for such damaged planes.   

As shown in Figure 4.4 (d) the location of pressure zones were determined for the pre-

tornado roof polygons.  However, some damaged buildings had roof surfaces that were totally 

destroyed by the tornado (i.e. areas with 100% sheathing loss) and the locations of pressure 

zones could not be identified.  To estimate the area of pressure zones over those areas (i.e. 100% 

loss), it was assumed that buildings in common neighborhoods and with similar plan dimensions 

have similar roof geometries.  Therefore, a ratio of pressure zone areas over total roof area was 

developed based on the detected pressure zones on the 5 buildings and used to estimate the area 

of pressure zones over the 100% loss areas.       

Geometric information and quantitative roof sheathing losses were extracted3.  

Comparing the pre- and post-tornado roof polygons allowed for detecting locations of roof 

sheathing losses.  Also, knowing the locations of pressure zones allowed for calculating the 

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

                                                           

 

3
 Appendix C presents detailed geometric and loss information extracted from the Moore OK data set. 
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mean heights, and roof pitches were also extracted to be used in fragility assessments.  Table 4.1 

presents information produced for the buildings in the Moore data set.       

4.5.2. Fragility Development for the Roof Sheathing of Scanned Buildings 

Fragility assessments were performed for the roof sheathing of the buildings in the Moore 

data set.  Buildings in this case study had similar plan dimensions, number of stories, roof 

sheathing nail pattern, roof type and pitch.  Therefore, one fragility model was developed for all 

of them.  The model included three curves associated with the three pressure zones, which allows 

for investigating sheathing loss progression on the roofs.  Table 4.2 presents statistics used to 

calculate the sheathing resistance and wind load in this study.  These statistics were obtained 

from previous experimental and analytical studies cited in Table 4.2.  Based on the work of Haan 

(2010) and Dao et al., (2014) the amplification factor was added for tornado wind load.  Figure 

4.5 (a) through (c) separately shows the roof sheathing fragility models for the panels over the 

three pressure zones.   

4.5.3. Comparison of Actual and Fragility-Based Damage 

In order to compare the fragility models, the actual data points shown on Figure 4.5 were 

plotted.  Wind speeds estimated at the building locations and actual percentages of sheathing loss 

extracted from the LiDAR dataset (Table 4.2) were used to plot actual data points on Figure 4.5.  

Wind speeds at building locations were estimated based on the EF scale because tornado winds 

are not directly measurable.  Kashani et al., (2014a) indicated a correlation between percentages 

of roof sheathing loss and tornado wind speeds that can be used to automatically determine the 

EF rating of buildings.  Buildings 1, 2, 3, and 5 were rated as EF2 and building 4 was rated as 

EF1.  The range of wind speeds related to each EF rate is shown on Figure 4.5 (a) through (c).   
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The comparison indicated discrepancies between actual damage and damage predicted by 

two of the fragility curves.  The mean of actual losses over zone 2 extracted from LiDAR data 

was close to the loss predicted by the zone 2 fragility curve.  But, as shown in Figure 4.5 (a) and 

(b) the fragility curves underestimated the loss in zone 1 and overestimated the loss in zone 3.  

This was observed in the 5 buildings studied in this case study.  Increasing the number of 

buildings in future studies can improve the insight about the validity of the fragility models. 

Different variables have not been considered in the current fragility models that could 

cause the discrepancy described above.  Damage caused by tornado windborne debris is 

extensive but not seen in the fragility models.  Authors observed several cases in damage areas 

after tornadoes where flying objects hit buildings and generated large holes in the sheathing of 

the home.  Not considering such a factor in the fragility assessments could cause the 

underestimation of loss in zone 1.  Also, the construction quality, particularly the quality of 

sheathing nailing, highly influences the uplift capacity of roof sheathing.  Current fragility 

models assume that the nailing pattern and quality is consistent over the whole roof area, which 

produces the same uplift resistance over the three pressure zones.  This assumption should be 

studied in construction sites to find if it fits with the actual construction.        

4.6. Conclusions 

This paper presented a LiDAR-based methodology to collect detailed roof sheathing loss 

information in the aftermath of windstorms such as tornadoes and to evaluate the current fragility 

models.  The efficient 3D data collection and the automated data processing method allows for 

assessment of a large number of damaged buildings and produces spatial and quantitative 

information about the actual roof sheathing losses.  The automatically produced information 

includes the roof dimensions, height, pitch, and sheathing loss over the three pressure zones 
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described by ASCE-7 (ASCE 2010).  The methodology described in the paper also allows for a 

comparison of the gathered actual loss information with the damage predicted with current 

fragility assessment methods. 

The performance of the proposed methodology was tested with a LiDAR data set 

collected after the 2013 Moore OK tornado.  The case study indicated the ability of the proposed 

method in extracting detailed damage and geometric information from damaged buildings.  It 

was noted that other sources of information such as pre-tornado aerial images and image 

processing techniques can be added in the future to enhance the level of automation.  The 

comparison conducted in the case study indicated that the current fragility models 

underestimated the loss in center of roof planes (i.e. zone 1) and overestimated the loss in the 

corners (i.e. zone 3).  This could be because the fragility models do not involve the impact of 

windborne debris and poor construction on roof sheathing failures.   

Results of the presented research suggest future studies in related topics.  Further 

investigations are suggested to determine the influence of construction quality and windborne 

debris in tornado-induced losses.  Implementing the proposed methodology in future case studies 

with a larger number of damaged buildings will provide more insight about the reliability of 

fragility models in predicting tornado losses.  Mobile scanning platforms can be incorporated to 

enhance large-scale data collections. Also, the proposed damage assessment methodology, 

fragility models, and financial loss estimation methods can be used to develop tornado loss 

estimation models. 
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Table 4.1. Building geometry and roof sheathing loss percentages extracted from the 
Moore dataset 

Building 
Number 

Plan 
Dimension 

(m.m) 

Highest Mean 
Roof Height 

(m) 

Roof 
Pitch 

(degree) 

Roof Sheathing Loss (%) 

Over 
Zone 1 

Over 
Zone 2 

Over 
Zone 3 

Total 

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 statistics 

Parameters Category Mean COV CDF source 

R 15cm /30cm nailing 69 psf 0.22 Normal Van de Lindt et al. (2012) 

D  3.5 psf 0.1 Normal Lee & Rosowsky (2005) 

Kz  1 0.14 Normal Lee & Rosowsky (2005) 

Kd C&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) 

GCp 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) 

GCpi Partially Enclosed 0.46 0.33 Normal Lee & Rosowsky (2005) 
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Fig 4.1. Identification of post-tornado roof planes; (a) LiDAR data of a damaged building, (b) 

Segmented roof points with the RANSAC plane fitting method, (c) GIS post-tornado roof polygons 
 

Fig 4.2. Reconstruction of pre-tornado roof; (a) roof plane intersection lines and vertices, (2) 
reconstructed pre-tornado roof polygons, (c) Identified ASCE-7 pressure zones 

 

 
Fig 4.3. Possible configurations of roof intersection lines and vertices; (a) gable, (b) 1-hip, (c) 2-hip 
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Fig 4.4. The Moore, OK, Case study; (a) LiDAR data collected after the 2013 tornado, (b) 
detected building roof and wall regions, (c) detected post-tornado roof polygons, (d) 

reconstructed pre-tornado roof polygons and pressure zones  
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Fig 4.5. Comparison of the fragility model for roof sheathing loss and actual data; (a) for 

panels over zone 1, (b) for panels over zone 2, (c) for panels over zone 3  
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SUMMARY OF CONCLUSIONS 

This research developed and tested a LiDAR data processing framework to automatically 

extract quantitative damage information needed for tornado wind speed estimation and structural 

damage analysis.  The framework developed in this research includes methods for: 1) detecting 

damaged roof and wall surfaces in scans of damaged sites, 2) quantifying the percentages of 

roof/wall sheathing and covering losses, 3) estimating wind speeds at individual building scales, 

and 4) evaluating current tornado fragility models with actual damage information obtained by 

laser scanning.   

The performance of developed methods was tested with simulated data, laboratory scans, 

and actual data collected after large-scale tornadoes.  A series of experiments in controlled 

conditions were conducted to determine the best algorithm setting and also objectively evaluate 

the performance of the proposed methods under varying environmental conditions.  The 

proposed methods were also tested with actual data collected after the Tuscaloosa, AL and 

Moore, OK tornadoes.  Also, contributions of the developed methods to tornado wind speed 

estimation and structural damage analysis were investigated.   

The following conclusions were drawn from the tests: 

1. For typical point cloud densities greater than 25 points per square meter, a GIS raster cell 

size (used in developed algorithms) within the range of 40 – 50 cm produced less than 10% 

error in damaged roof and wall detection.  In addition, the estimated wind speeds by the 
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developed method fell in expected ranges for different DoDs defined by the EF scale, except 

for the case of a DoD of 5 which were slightly overestimated.  Therefore, the manual 

improvement of results is recommended in areas where the DoD of 5 is prevalent. 

2. The use of laser reflection Intensity (I) as the clustering feature in the k-means clustering 

technique resulted in the highest roof covering damage detection accuracy (i.e. 5% false 

detection)  when compared to other feature combinations using color information.  The use 

of color information in different forms such as RGB, HSL, and CIE L*a*b did not produce 

better damage detection than using intensity information.  Therefore, the collection of 

panoramic pictures along with scanning can be avoided to speed up the in-field data 

collection process.  The use of the elbow criterion for estimating the number of clusters 

resulted in the highest rate of success (82%) among all tested criteria.  The Calinski-Harabasz 

resulted in a slightly lower success rate; however Calinski-Harabasz method can be used 

when full automation is a priority. 

3. Testing the proposed wind speed estimation method on damaged buildings after actual 

tornadoes indicated that the method is able to estimate wind speeds over small scales as 

opposed to large-scale estimates often provided by field reconnaissance teams.  Noting the 

fact that tornado wind speeds and loads dramatically vary over short distances, the presented 

method provides engineers with a tool to improve the resolution and understanding of 

tornado effects, thereby improving building design. 

4. The proposed methodologies produced quantifiable component loss information that was 

compared to the damage predicted with current fragility assessment methods.  It was shown 

that the current fragility models under estimate loss in the center of roof planes (i.e. zone 1) 

and overestimate the loss in the corners (i.e. zone 3).  This may be caused by the fact that 
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fragility models do not include damage produced by the impact of windborne debris or poor 

construction of roof sheathing.  Implementing the proposed methodology in future case 

studies with a larger number of damaged buildings will provide more insight into the 

reliability of fragility models in predicting tornado losses.  

Results of the presented research suggest future studies in related topics.  Methods should 

be added for detecting other types of tornado-induced damage such as garage door failures.  

Other methods of scanning such as airborne and mobile laser scanning should be investigated 

and possibly combined with the proposed method to enhance the efficiency and reduce time of 

data collection.  Additional field tests should be performed to evaluate the impact that in-field 

factors, such as scanning data gaps, access restrictions, etc., have on the performance of the 

developed automated damage assessment methodology.  Also, to improve wind speed estimates, 

additional physical parameters such as quality, age of construction, and windborne debris 

damage need to be investigated and added to the model. 

Contributions of the developed method in tornado wind speed estimation and structural 

fragility evaluation were investigated in this research.  The damage assessment framework 

developed in this research can be adopted for other practical applications in the construction 

industry including: 

• Automated generation of damage maps for disaster response and recovery, 

• Automated loss database updating for management of insurance and disaster assistance 

programs, 

• Automated preliminary loss estimation for cost analysis of repair and reconstruction projects.   
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APPENDICES 

Appendix A: Roof and Wall Sheathing Loss Detection; the Case of Moore OK 

This appendix is provided to supplement the article described in chapter 2. Chapter 2 

presented a GIS-enabled method to automatically quantify roof and wall sheathing losses and 

estimate wind speeds at individual building scale. This appendix describes the test of the 

proposed method with data collected after the Moore OK tornado.  

The developed GIS models were tested on an actual case study of a damaged residential 

area in the aftermath of the 2013 tornado that struck Moore, OK.  The residential neighborhood 

was at Eastmoore Ct. located to the north of the centerline of the tornado path.  Figure A.1 (a) 

shows an oblique view of the site taken after the tornado.  The extent of damage increased from 

north to the south, which was closer to the center of the tornado path.  

Point cloud data was collected with a Leica c10 scanner.  Ten full 360 degree scans were 

collected from different locations in order to cover the entire site.  Scans were then registered 

manually.  The process of data collection in the field and point cloud registration took 

approximately one day.  To reduce the data collection and registration time and achieve near-real 

time assessment, mobile scanners mounted on vehicles can be used.  Mobile scanners collect 

point cloud data while driving down streets; therefore, mobile scanners eliminate the need for 

setting up the scanner in different locations.  Also, the point cloud data collected by mobile 

devices are rapidly registered based on the scanning trajectory and locations. 
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The GIS models were run with the point cloud data as an input, and percentages of roof 

and wall damage were calculated.  Figure A.1 (b) illustrates the polygons and polylines 

generated by the GIS models, while Table A.1 presents the calculated percent of damage values.  

Building number 10, shown with hatch area in Figure A.1 (b), had been cleaned up before the 

data collection. Therefore, the GIS models did not identify any roof or wall surfaces associated 

with the building 10.  A comparison between the model results in Figure A.1 (b) and visual 

inspections by an assessment team indicates that the roofs and walls have been properly detected 

by the GIS models.  Minor discrepancies were seen in a few areas of the generated post-event 

roof polygons and wall polylines.  In a few buildings (e.g. building number 2), the roof sheathing 

is gone but the remaining roof rafters or debris were detected by the GIS tool as remaining intact 

roof surface.  Also in a few areas (e.g. south wall of building number 9), gaps in the point cloud 

data due to the scanner occlusion were detected as wall damage.  The error in results caused by 

these discrepancies is negligible and does not impact on wind speed estimation results. Figure 

A.1 (c) shows estimated wind speeds and EF rates at location of each building. Overall, the 

model produced detailed percentages of damage and EF rates for buildings, which was not 

provided with the same accuracy by infield inceptions. 
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Table A.1. Percentages of roof and wall sheathing losses for buildings of the Moore OK case study 

Building  
Pre-event 
Roof Area  

(m2) 

Post-event 
Roof Area 

(m2) 

Roof 
Damage 

(%) 

Pre-event 
Wall 

Length 
(m) 

Post-event 
Wall Length 

(m) 

Wall Damage 
(%) 

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% 
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Figure A.1 Case study of a damaged residential area after the 2013 Moore, OK 

tornado: (a) Post-event oblique aerial photo; (b) generated roof polygons and wall 
polylines with the GIS models; (c) Estimated wind speeds and EF rates 
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Appendix B: Tables of Roof Covering Damage Detection Experiment Settings and Results 

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

present detailed settings and results of experiments described in Chapter 3. 

Table B.1. Roof covering damage detection experiment settings and results 
Data and Algorithm Settings  Results 

Test 
ID 

Roof 
Model 

Shadow 
Shingle 

Loss Size 
Felt Loss 

Size 
Clustering 

Feature 
Roof 
Color 

 False 
Positive 

False 
Negative 

1 (a) 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 (a) 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 (a) 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 (a) 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 (a) 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 (a) Y 7% 0% H Brown  66% 2% 

24 (b) Y 41% 0% H Brown  49% 6% 
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Table B.1. cont. Roof covering damage detection experiment settings and results 

Data and Algorithm Settings  Results 

Test 
ID 

Roof 
Model 

Shadow 
Shingle 

Loss Size 
Felt Loss 

Size 
Clustering 

Feature 
Roof 
Color 

 False 
Positive 

False 
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 (a) 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 (a) 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,I Brown  63% 0% 

38 (b) N 41% 0% S,I Brown  0% 1% 

39 (c ) N 36% 9% S,I Brown  16% 2% 

40 (d) N 17% 34% S,I Brown  1% 3% 

41 (a) Y 7% 0% S,I Brown  46% 0% 

42 (b) Y 41% 0% S,I Brown  0% 0% 

43 (c ) Y 35% 8% S,I Brown  40% 4% 

44 (d) Y 11% 37% S,I Brown  9% 10% 

45 (e) Y 4% 52% S,I Brown  45% 12% 

46 (a) N 7% 0% H,S,I Brown  64% 0% 

47 (b) N 41% 0% H,S,I Brown  0% 1% 

48 (c ) N 36% 9% H,S,I Brown  14% 2% 

49 (d) N 17% 34% H,S,I Brown  0% 5% 

50 (a) Y 7% 0% H,S,I Brown  46% 0% 

51 (b) Y 41% 0% H,S,I 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 (a) N 7% 0% a,b,I Brown  0% 0% 
56 (b) N 41% 0% a,b,I Brown  0% 2% 
57 (c ) N 36% 9% a,b,I Brown  0% 3% 
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Table B.1. cont. Roof covering damage detection experiment settings and results 

Data and Algorithm Settings  Results 

Test 
ID 

Roof 
Model 

Shadow 
Shingle 

Loss Size 
Felt Loss 

Size 
Clustering 

Feature 
Roof 
Color 

 False 
Positive 

False 
Negative 

58 (d) N 17% 34% a,b,I Brown  0% 16% 

59 (a) Y 7% 0% a,b,I Brown  0% 0% 

60 (b) Y 41% 0% a,b,I Brown  0% 0% 

61 (c ) Y 35% 8% a,b,I Brown  1% 2% 

62 (d) Y 11% 37% a,b,I Brown  1% 13% 

63 (e) Y 4% 52% a,b,I 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 (a) 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 (a) 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% 
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Table B.1. cont. Roof covering damage detection experiment settings and results 

Data and Algorithm Settings  Results 

Test 
ID 

Roof 
Model 

Shadow 
Shingle 

Loss Size 
Felt Loss 

Size 
Clustering 

Feature 
Roof 
Color 

 False 
Positive 

False 
Negative 

91 (a) 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 (a) N 6% 0% S,I Green  48% 0% 

101 (b) N 36% 0% S,I Green  1% 4% 

102 (c ) N 33% 9% S,I Green  0% 5% 

103 (d) N 15% 36% S,I Green  1% 4% 

104 (e) N 4% 51% S,I Green  43% 28% 

105 (b) Y 47% 0% S,I Green  28% 0% 

106 (c ) Y 43% 8% S,I Green  1% 20% 

107 (d) Y 16% 36% S,I Green  4% 7% 

108 (e) Y 4% 49% S,I Green  47% 10% 

109 (a) 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 (a) N 6% 0% a,b,I Green  1% 0% 
119 (b) N 36% 0% a,b,I Green  1% 4% 
120 (c ) N 33% 9% a,b,I Green  1% 8% 
121 (d) N 15% 36% a,b,I Green  2% 16% 
122 (e) N 4% 51% a,b,I Green  1% 22% 
123 (b) Y 47% 0% a,b,I Green  0% 1% 
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Table B.1. cont. Roof covering damage detection experiment settings and results 

Data and Algorithm Settings  Results 

Test 
ID 

Roof 
Model 

Shadow 
Shingle 

Loss Size 
Felt Loss 

Size 
Clustering 

Feature 
Roof 
Color 

 False 
Positive 

False 
Negative 

124 (c ) Y 43% 8% a,b,I Green  2% 3% 

125 (d) Y 16% 36% a,b,I Green  1% 13% 

126 (e) Y 4% 49% a,b,I Green  2% 20% 

127 (a) 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 (a) 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 (a) 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 (a) 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 (a) 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 (a) 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% 
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Table B.1. cont. Roof covering damage detection experiment settings and results 

Data and Algorithm Settings  Results 

Test 
ID 

Roof 
Model 

Shadow 
Shingle 

Loss Size 
Felt Loss 

Size 
Clustering 

Feature 
Roof 
Color 

 False 
Positive 

False 
Negative 

157 (a) 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 (a) 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 (a) N 8% 0% S,I Black  1% 1% 

168 (b) N 51% 0% S,I Black  0% 5% 

169 (c ) N 33% 9% S,I Black  1% 4% 

170 (d) N 19% 36% S,I Black  1% 4% 

171 (e) N 6% 53% S,I Black  42% 13% 

172 (a) Y 8% 0% S,I Black  0% 1% 

173 (b) Y 52% 0% S,I Black  1% 6% 

174 (c ) Y 24% 12% S,I Black  1% 5% 

175 (d) Y 10% 39% S,I Black  51% 6% 

176 (e) Y 3% 54% S,I Black  44% 8% 

177 (a) 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 (a) 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 (a) N 8% 0% a,b,I Black  1% 1% 
188 (b) N 51% 0% a,b,I Black  0% 5% 
189 (c ) N 33% 9% a,b,I Black  1% 4% 
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Table B.1. cont. Roof covering damage detection experiment settings and results 

Data and Algorithm Settings  Results 

Test 
ID 

Roof 
Model 

Shadow 
Shingle 

Loss Size 
Felt Loss 

Size 
Clustering 

Feature 
Roof 
Color 

 False 
Positive 

False 
Negative 

190 (d) N 19% 36% a,b,I Black  1% 6% 
191 (e) N 6% 53% a,b,I Black  42% 13% 
192 (a) Y 8% 0% a,b,I Black  0% 1% 
193 (b) Y 52% 0% a,b,I Black  1% 6% 
194 (c ) Y 24% 12% a,b,I Black  1% 5% 
195 (d) Y 10% 39% a,b,I Black  2% 3% 
196 (e) Y 3% 54% a,b,I Black  44% 11% 
197 (a) 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 (a) 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 (a) 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 (a) 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 (a) 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% 
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Appendix C: Geometric and damage information extracted from the Moore OK LiDAR 

dataset 

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

present detailed geometric and loss information extracted from the Moore OK dataset. 

Table C.1. Information extracted from building 1 in Moore dataset 

Roof plane 
ID 

Mean 
Height 

(m) 

Roof 
Angle 

(degree) 

Roof Loss (%) 

Zone1 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% 

Area with 
100% loss 

n/a n/a 100% 100% 100% 

Building Dimension: 
17m x 21m 

Total 87% 76% 57% 

 

Table C.2. Information extracted from building 2 in Moore dataset 

Roof plane 
ID 

Mean 
Height 

(m) 

Roof 
Angle 

(degree) 

Roof Loss (%) 

Zone1 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 3.5 35 n/a 11% 44% 

Area with 
100% loss 

n/a n/a 100% 100% 100% 

Building Dimension: 
16m x 19m 

Total 67% 55% 63% 
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Table C.3. Information extracted from building 3 in Moore dataset 

Roof plane 
ID 

Mean 
Height 

(m) 

Roof 
Angle 

(degree) 

Roof Loss (%) 

Zone1 Zone2 Zone3 

Area with 
100% loss 

n/a n/a 100% 100% 100% 

Building Dimension: 
17m x 20m 

Total 100% 100% 100% 

 

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

Roof plane 
ID 

Mean 
Height 

(m) 

Roof 
Angle 

(degree) 

Roof Loss (%) 

Zone1 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: 
16m x 21m 

Total 17% 10% 13% 

 

Table C.5. Information extracted from building 5 in Moore dataset 

Roof plane 
ID 

Mean 
Height 

(m) 

Roof 
Angle 

(degree) 

Roof Loss (%) 

Zone1 Zone2 Zone3 

24 4.35 33 85% 77% 70% 
25 4.35 33 80% 67% 77% 
26 3.5 33 100% 66% 89% 
27 3.5 33 90% 84% 63% 

Area with 
100% loss 

n/a n/a 100% 100% 100% 

Building Dimension: 
15m x 18m 

Total 91% 86% 84% 

 


