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ABSTRACT 

The impacts of disasters should be examined from the aspects of natural 

phenomenon and human reactions. This dissertation builds on an interdisciplinary 

perspective that aims to reduce the negative social and economic impacts and enhance 

society's resilience to disaster. It consists of three papers on three studies that are 

independent and intertwined at the same time. The data are from two 2011 violent 

tornadoes that were rated as the costliest and second costliest tornadoes in U.S. history 

and together were responsible for 223 death and $5.2 billion in economic losses.  

The first study reconstructs near-surface wind field for the Joplin Tornado of 2011 

based on the post-tornado damage survey of residential buildings. This study innovatively 

uses a translating analytical vortex model and fits the model with the wind speeds 

estimated from the degrees of damage of 4,166 buildings. It’s found that the peak wind 

field produced by the model agrees reasonably well with the observed damaged pattern. 

The simulated tornado model could be used to estimate the time history of wind speed 

and direction at any given point, as well as helping to better understand the relationship 

between tornado parameters and wind field structures. 

The second study develops an Enhanced Remote-Sensing (ERS) scale to improve 

the accuracy and efficiency of the use of remote-sensing images of residential buildings 

to predict their overall damage conditions. The new scale, by incorporating multiple 

damage states observable on the remote sensing imagery, substantially reduces 

measurement errors and increases the amount of information retained. Analysis of 1,400 

residential buildings after the Joplin EF5 tornado shows that remote-sensing imagery 

assessed with ERS could precisely predict ground level damage. This offers strong 

empirical evidence for the effectiveness of the ERS scale and remote sensing technology 

in post- damage assessment for tornadoes and for other wind events, such as hurricanes 

and straight-line winds. 

The third study investigates how the number of tornado warning information 

sources affects people’s decision to take protective action. It also examines social 

disparity and contextual differences in the number of sources that people have access to. 
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The data come from a telephone survey of more than 1,000 residents of Joplin and 

Tuscaloosa approximately one year after the EF5 and EF4 tornadoes. This study 

addresses the important but rarely examined association between the number of sources 

of warnings received and taking protective action at the individual level. This study also 

directs attention to social disparity and contextual differences in people’s access to 

tornado warnings. The findings in this study provide partial support for the positive effect 

of having more warning information sources and identify populations who are vulnerable 

in the access to warning information sources. Social disparity and the number of warning 

information sources play a more consequential role in places that are less prepared for 

storms. Thus, it is crucial for emergency management agencies and public health officials 

to target those places when allocating limited resources to promote protective action and 

reduce casualties.  

These three studies and their findings make significant contributions to the efforts 

of risk analysis and modeling within an overarching framework that takes into 

consideration the influences of social, economic, and building environment on 

individuals and communities. Thus, it will help insurance companies, emergency officers, 

and policy makers to assess potential losses and better prepare for future disasters in 

order to enhance resilience to these disasters. 
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CHAPTER 1 

GENERAL INTRODUCTION  

Wind hazards, which include tornadoes, hurricanes, and severe thunderstorms, 

cause huge damages and losses to the United States every year, and the vulnerability of 

the country to these hazards is ever increasing (AAWE, 2004; Meade, 2004; NIST, 2014). 

To reduce the impact of windstorms, long-term research and implementation plans have 

been proposed (AAWE, 2004; Meade, 2004; National Science Board, 2007; NIST, 2014; 

NSTC, 2006, 2005). Among these proposals, four grand challenges are identified:  

1) Understanding hazards. This includes the advancement of knowledge and 

data on natural processes, improvements in the prediction of wind events, 

enhancement of forecast capability, and quantification of wind loading, etc.   

2) Assessing the impacts of hazards. This includes tasks and activities that 

can help develop models and tools for building performance assessment 

and loss assessment, etc. 

3) Reducing the impacts of hazards. This includes studies on mitigation 

strategies and technologies; cost effective wind-resistant technologies; 

codes, standards, and guidelines improvement; and emergency 

communication and response, etc. 

4) Enhancing community resilience. This includes the development of tools 

and methods for the society to better prepare and plan for hazards, as well 

as implement related education programs, etc. 

Wind disasters involve natural physical system and human system as well as their 

interactions. The risks from wind consist of hazard, exposure, and vulnerability and are 

results of complicated interactions between natural and social factors. Such complexity 

cannot be well-examined within a given discipline. Consequently, more critical problems 

need to be addressed even when our understanding of the wind hazard and the social 

mechanisms has improved greatly in the past several decades. An interdisciplinary 

perspective can provide innovative and productive outcomes that are not possible 

otherwise. Thus, for disaster research, interdisciplinary collaboration from the natural and 



Texas Tech University, Jianjun Luo, August 2014 

2 

physical sciences, engineering, and social sciences is desirable to better assess risks, 

reduce losses, and enhance resilience to wind hazards (Crichton, 1999; Nelson, 2013; 

Simmons and Sutter, 2012a; Smith, 2013). 

This dissertation consists of three papers on three studies that are independent and 

intertwined at the same time. These three studies employ approaches from different 

disciplines to examine the vulnerability of the built environment and human responses to 

tornadoes, with the aim of enhancing resilience to tornadoes. They use data from two 

2011 violent tornadoes that were rated as the costliest and second costliest tornadoes in 

United States history and thus attracted wide public attention and research interest. 

The first study, corresponding to the first grand challenge listed, uses residential 

building damage states observed from a post-tornado damage survey in Joplin after its 

EF5 tornado to reconstruct the near-surface wind field. The second study, corresponding 

to the second grand challenge listed, develops an Enhanced Remote-Sensing (ERS) scale 

to improve the accuracy and efficiency in the use of remote-sensing images of residential 

buildings to predict their overall damage conditions. The third study uses a telephone 

survey of Joplin and Tuscaloosa residents to examine social disparity and contextual 

differences in the number of information sources that respondents had access to and how 

the number of tornado warning information sources affected people’s decisions to take 

protective action. This study corresponds to the third grand challenge listed. Findings and 

methods developed from these three studies collectively contribute to the enhancement of 

community resilience.  

1.1 Background 

1.1.1 The economic and societal impacts of tornadoes  

The United States has the largest annual number of tornado events of any country 

in the world (Goliger and Milford, 1998), with an average number of over 1,000 tornado 

touchdowns according to the record of past decades. Most tornadoes have wind speeds 

less than 110 miles per hour, stretch approximately 250 feet across, and stay on the 

ground for a few miles. The extreme ones can be more than 250 mph in speed, more than 

two miles in width, and travel dozens of miles (Abraham et al., 2006; Bluestein, 2013; 
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Boruff et al., 2003; Brooks, 2004; Coleman and Dixon, 2014; Kelly et al., 1978; 

McCarthy and Schaefer, 2004; Mehta et al., 1976; Minor et al., 1977; Ramsdell Jr. et al., 

2007; Verbout et al., 2006).  

Most tornadoes occur in the so called “Tornado Alley,” which stretches across the 

Central Plains from Minnesota to Wyoming to Texas, though tornadoes also occur 

outside the Alley (Boruff et al., 2003; Dixon et al., 2011). Figure 1.1 shows the number 

of tornado events in 60 km × 60 km grids in the contiguous United States during a 62 

year period (1950-2011).  

 

 

Figure 1.1 Number of tornado events in 60 km × 60 km grids for 1950-2011 

Source: Calculated based on Severe Weather Database Files (1950-2011) from the Storm Prediction Center 

of the National Weather Service (NWS, 2012a).  

 

There is a trend of a steady increase in the number of tornadoes since the 1950s, 

as shown in Figure 1.2. Although, this is partly attributed to improvement in technology 

that catches those events, the increase in number is also partly due to an increase in the 

density of population and the expansion of urban areas (Aguirre et al., 1993; Anderson et 



Texas Tech University, Jianjun Luo, August 2014 

4 

al., 2007; Boruff et al., 2003; Brooks et al., 2003; Burgess et al., 1993; King, 1997; Luo 

and Liang, 2013; McCarthy and Schaefer, 2004; Ray et al., 2003; Sigal, 2000). Especially 

the WSR-88D radars operated by the National Weather Service (NWS) have greatly 

improved the quality of tornado detection (Simmons and Sutter, 2011). As a result, the 

annual number of tornadoes has been climbing significantly since the 1990s when the 

WSR-88D radars network was deployed across the nation. Most of the increase is due to 

weak tornadoes (EF0-EF1).  

 

 

Figure 1.2 Annual numbers of tornadoes reported in the United States from 1950 to 

2011 

Source: Calculated based on Severe Weather Database Files (1950-2011) from the Storm Prediction Center 

of the National Weather Service (NWS, 2012a).   
 

Tornadoes often result in huge damages and casualties (Changnon, 2001; 

Simmons and Sutter, 2011). The greatest financial loss from a single tornado (Joplin 

tornado 2011) reached as high as $2.8 billion (NWS, 2012b) and the single deadliest 
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tornado (The tri-state tornado of March 18, 1925) killed as many as 695 people (NOAA, 

2012). Overall, the number of fatalities caused by tornadoes from 1950 to 2011 in USA is 

5,614, which is more than the number of deaths from hurricanes and earthquakes 

combined (NIST, 2013). Table 1.1 is a summary of injuries, fatalities, and economic 

losses caused by tornadoes between 1950 and 2011. 

 

Table 1.1 Summary of injuries, fatalities, and economic losses due to tornadoes 

(1950-2011) 

Items Count Injuries Fatalities 
Economic loss 

(Million dollar) 

Economic loss with 

the dollar value of year 

2010 (Million dollar) 

Total 56221 90761 5614 49291 108663 

Annual AVG 907 1464 91 795 1752 

Annual SD 341 1275 103 1232 1736 

Annual MIN 201 350 15 30 274 

Annual MAX 1817 6824 550 9450 9160 

Source: Calculated based on Severe Weather Database Files (1950-2011) from the Storm 

Prediction Center of the National Weather Service (NWS, 2012a).  

 

Substantial injuries and fatalities caused by tornadoes are usually attributed to the 

rapid onset nature of tornadoes, which makes them hard to forecast accurately (Davies-

Jones et al., 2001; Johns and Doswell III, 1992; Simmons and Sutter, 2005). 

Consequently, the lead time for warnings is usually short and the false alarm rate is high. 

For example, before 1978, the average lead time was 3 minutes and the probability of 

detection for tornadoes was 0.22. In 1998, the average lead time was 11 minutes and the 

probability was 0.65 (Golden and Adams, 2000). In 2008, about 75% of tornado 

warnings issued were false alarms (Brotzge et al., 2011). Even when warnings are issued 

accurately, incompliance to warnings usually leads to injuries and fatalities. A 

complicated social process is involved in compliance with warnings from receiving the 

warning messages to taking protective action (Mileti and Sorensen, 1990). Social 

vulnerability is usually apparent during this process and injuries and fatalities usually 

happen with clear, strong social-demographic patterns (Donner, 2007; Sorensen and 

Sorensen, 2007). Built environment also makes a great difference in casualty rates when 

buildings were damaged in tornadoes. Notably, these kinds of building damages are 
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usually prevalent in tornadoes, especially in intense tornadoes. For example, more than 

5,100 buildings in Tuscaloosa (about 13% of the city’s total buildings) were damaged by 

the EF4 tornado on April 27, 2011, and more than 6,900 buildings in Joplin (about 30% 

of the city’s total buildings) were damaged by the EF5 tornado on May 22, 2011 (Prevatt 

et al., 2012). It is economically feasible to design structures to sustain minimal damage 

and maintain functionality during low-to-moderate tornadoes with low wind speeds and 

provide lifesaving protection during intense tornadoes with high wind speeds (De Silva et 

al., 2006; Van de Lindt et al., 2013). Therefore, it is important to understand meteorology 

(wind speed, vortex structure, etc.), engineering (wind field, wind load, damage patterns, 

etc.), and social mechanisms (emergency management, decision-making processes of 

individuals and their consequences, etc.) from empirical studies and theoretical models to 

make improvements on building codes, construction standards, emergency guidelines, 

and social policies for safety, damage control, effective response, and timely recovery.  

1.1.2 Tornado outbreaks in 2011 and related research 

A special year in the history of U.S. tornadoes, 2011, saw 1,691 tornadoes, second 

only to the year of 2004 which witnessed 1,817 tornadoes. This year also set the record of 

the greatest number of tornadoes in a single month (i.e., in April, 756 tornadoes were 

reported) and in a single day (i.e., in April 27, 200 tornadoes were reported). In addition, 

April 27, 2011, ranked the 4th in the U.S. history with the respect of the single day with 

the most tornado fatalities (NOAA, 2012).  

Figure 1.3 –1.5 show that in 2011 both injuries and fatalities reached a very high 

level and direct loss reached the highest value since modern recordkeeping began in 1950. 

The insurance loss also reached a record high of $35.9 billion, above the average loss of 

23.8 billion in the previous decade (Hedde, 2012).  
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Figure 1.3 Annual injures of tornadoes reported in the United States from 1950 to 

2011 

Source: Calculated based on Severe Weather Database Files (1950-2011) from the Storm Prediction Center 

of the National Weather Service (NWS, 2012a).  
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Figure 1.4 Annual fatalities of tornadoes reported in the United States from 1950 to 

2011 

Source: Calculated based on Severe Weather Database Files (1950-2011) from the Storm Prediction Center 

of the National Weather Service (NWS, 2012a).  
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Figure 1.5 Annual losses of tornadoes reported in the United States from 1950 to 

2011 

Source: Calculated based on Severe Weather Database Files (1950-2011) from the Storm Prediction Center 

of the National Weather Service (NWS, 2012a).  

 

Particularly, the year of 2011 experienced the most costly and second most costly 

tornadoes in U.S. history, i.e., the EF5 tornado on May 22 at Joplin, Missouri and EF4 

tornado on April 27 at Tuscaloosa, Alabama, which together resulted in about $5.2 billion 

loss, over 13,000 damaged buildings, 223 fatalities, and above 2,600 injuries (NWS, 

2012b; Prevatt et al., 2012).    

These two tornadoes have stimulated wide research interest. Several of 

researchers and institutes deployed survey teams to the fields after these two tornado 

events (Curtis and Fagan, 2013; Curtis and Mills, 2012; Dagnew et al., 2014; David et al., 

2011; Marshall, 2012; NIST, 2013; Prevatt et al., 2011). Most of the teams were 

equipped with new technologies such as personal data assistants (PDA), GPS video 
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camera survey systems, and damage assessment toolkits (DAT), which greatly improved 

the efficiency of ground surveys. For example, National Wind Institute (NWI) of Texas 

Tech University (TTU) set up two research teams for ground surveys. One was deployed 

on May 7, 2011, ten days after the Tuscaloosa tornado. The team spent the next 4 days 

collecting perishable data on the broad impacts the tornado had on the community. They 

traveled about 40 miles around the damaged areas. With GPS-enabled video cameras, 

they documented the damage states of over 5,000 buildings on 16 hours of high-

definition ground level videos. The other team was deployed six days after the Joplin 

tornado. The team spent four days traveling over 86 miles around the damaged areas and 

recorded 14 hours high-definition ground level videos for over 6,000 buildings. Street-

level damage data were further processed after the survey and integrated with other data 

from outside sources such as building and parcel information, fatalities, historical records 

of tornadoes, census, satellite images, and aerial images. All the tornado related data were 

stored into one Geographic Information System (GIS) platform, which supports several 

tornado damage and risk studies including this dissertation.   

Similar data collection methods were adopted by other researchers. For example, 

Curtis and Mills used a spatial video system to collect fine scale (house, street segment, 

block) damage data three weeks after Tuscaloosa tornado, and the data, which covered 

about half of the tornado track, were stored in GIS database for their further study on 

disaster recovery (Curtis and Mills, 2012). Curtis and Fagan did a ground survey 23 days 

after the Joplin tornado with three video cameras attached to the windows of a vehicle 

and connected with GPS units. With the 3,556 buildings recorded, fine-scale analysis of 

mortality were performed and a kind of tornado injury scale (TIS) based on damage states 

of FR12 in EF scale was proposed (Curtis and Fagan, 2013). The equipment used by 

Prevatt et al. (2011) included GPS units, digital cameras, a GPS video camera, smart 

phones, and a ground based LiDAR scanner. Their survey began 5 days after the 

Tuscaloosa tornado and lasted for 7 days. Part of the data and a report are available at a 

website (http://esridev.caps.ua.edu/tuscaloosa_tornado) with GIS interface setup by the 

rapid deployment damage assessment team (Prevatt et al., 2011).  

http://esridev.caps.ua.edu/tuscaloosa_tornado
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In addition to ground-based damage surveys, remote-sensing based damage 

assessment was also widely used by researchers. For example, Marshall et al. (2012) did 

both aerial and ground damage surveys in the week following the Joplin tornado. With 

the help of aerial imagery, Google Street View, and their own survey images, they rated 

7,191 residential buildings using EF scale in total. The near-surface tornado wind field 

model of NIST (2013) was built based on the tree fall patterns of Joplin observed from 

aerial imagery and validated with its structures damage data from a ground survey. 

Similarly, Karstens et al. (2013) also reconstructed near-surface tornado wind fields of 

Tuscaloosa-Birmingham and Joplin by analyzing the tree fall patterns from the post 

tornado aerial photography. 

The high level of injuries and fatalities in Joplin raised the question about 

effectiveness of warning systems. The National Institute of Standards and Technology 

(NIST) has issued a comprehensive report on Joplin tornado, including the studies on the 

communication of warnings and public responses, in addition to the analysis of near-

surface wind field and damage assessments (NIST, 2013). The NWS has also established 

a team to examine warnings and forecast and conducted more than 100 interviews with 

Joplin tornado survivors, local businesses, NWS staff, city officials, media, etc. (NWS, 

2011a).  

Tornadoes in 2011 have also raised many concerns about the current emergency 

preparation and disaster reduction system. Since the first warning of tornado issued in 

1948 (Bluestein, 2013), the number of tornado fatalities and injuries has continued to 

decrease. With an average 13 minutes leading time (Hoekstra et al., 2011), people could 

take protective actions and have more chance to survive. The experience before the year 

2011 seemed give people great hope that deadly tornadoes would disappear after decades’ 

efforts on reducing tornado lethality. On the other hand, since more and more people live 

in the areas with high probabilities of tornadoes due to population growth, there is always 

a concern that huge losses could occur if strong or violent tornadoes attack densely 

populated urban areas (Borden et al., 2007; Changnon, 2001; Schneider et al., 2009; 

Wurman et al., 2007b). A simulated EF5 tornado across the Dallas-Fort Worth region 

could cause over $2 Billion (2000 USD) losses and threaten more than 50,000 people 
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(Rae and Stefkovich, 2000). According to the estimation of Wurman et al. (2007b), the 

financial loss could exceed $40 billion and the death could be 13,000-45,000 in a city like 

Chicago if 10% of the residents killed in their completely destroyed structures from an 

intense tornado. However, this number was questioned by Brooks et al. (2008) as the 

death rate was more likely to be around 1% rather than 10% from empirical studies of 

several past significant tornadoes, which found high death probabilities only in small 

fractions of areas with the strongest wind.  

While the year of 2011 is the worst year in the tornado history of the United 

States, the number of fatalities in this year is hardly identified as an outlier. According to 

the regression model from Simmons and Sutter (2012b),  the death rate of 2011 is still 

located within the expected bounds.  

1.2 A Framework for Enhancing Society's Resilience to Tornado 

With the increasing impacts of natural disasters, the importance and the challenge 

of increasing the resilience to disasters is recognized (National Research Council, 2013, 

2012, 2011). Enhanced resilience requires being proactive in the anticipation of disasters 

and thus minimizing the negative impacts instead of waiting passively for hazards to 

occur (National Research Council, 2012). Improving resilience is a complicated long-

term process that incorporates planning, development, training, outreach, and evaluation, 

etc. (National Research Council, 2005) 

A framework of tornado risk analysis and recovery is proposed to guide the 

dissertation as shown in Figure 1.6. It can be used to understand the risks of tornado, 

prepare and plan for future events, estimate actual or potential damage and casualties, and 

quickly recover from devastation. 
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Tornado Hazard Model

Damage Model Casualty Model 

Recovery Model 

Event Generation

Wind Field Model

 

Figure 1.6 Framework of tornado risk analysis and recovery  

 

Unlike the catastrophe risk models from industry, e.g. AIR (AIR Worldwide 

Corporation) or RMS (Risk Management Solutions Inc.), which focus more on the 

commercial applications (e.g. insurance loss estimation, enterprise risk management), this 

framework emphasizes the whole process of disaster preparation, response, and recovery. 

It takes both the engineering and socioeconomic factors into consideration and aims to 



Texas Tech University, Jianjun Luo, August 2014 

14 

give an overall picture of damages and losses to buildings and individuals as well as 

lasting impacts on communities subjected to tornadoes. Three elements of risks (hazard, 

exposure, and vulnerability) and their interaction are studied from an interdisciplinary 

perspective.  

The ultimate goal of the framework is to increase the society’s resilience through 

addressing the main factors related to tornado risks and social responses to reduce the 

actual or potential impacts on the population, the built infrastructure, and the natural 

environment. Furthermore, it could be applied to other wind related hazards, such as 

hurricanes and straight-line winds. 

Four components are included in the framework: hazard model, damage model, 

casualty model, and recovery model. Tornado hazard model includes two major steps: 

event generation and wind field model. Event generation addresses probability, intensity, 

and spatial distributions of tornado events and involves the evaluation of historical 

tornado data and underreporting. Given the key parameters of a tornado, wind field 

model establishes the near-surface wind structure of the tornado. Damage model and 

casualty model estimate the loss (e.g. damages of constructions and casualty) for a certain 

community, given the wind field of a tornado, as well as related economic environment 

and social factors within the damage area. Recovery model estimates the social and 

economic recovery of individuals and communities, given their damages and losses. 

This dissertation consists of three studies, addressing some parts of the framework. 

The first study is a part of the hazard model. The second study is a part of the damage 

model and it also contributes useful tools to all other models. The third study is a part of 

the casualty model. 

1.3 Research Hypotheses 

To reduce the social and economic impacts of tornadoes, several gaps in current 

knowledge and literature have been identified. To fill in those gaps, this dissertation uses 

several data sets collected on the 2011 Joplin and Tuscaloosa tornadoes and addresses the 

following topics:  
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Topic 1: Reconstruction of the near-surface wind field of the Joplin tornado of 

2011 based on the damage survey of residential buildings (abbreviated as wind field 

study when referred to later). This study is a part of the hazard model in the overall 

framework presented in Figure 1.6.  

The characterization and quantification of near-surface wind fields of tornadoes 

are important for risk analysis, structural design, and public safety as wind speeds vary 

significantly in both the spatial and time domains. The direct wind speed measurements 

are limited because of the lack of sufficient in situ observations and the inaccessibility of 

wind lower than 20 - 30 m above ground level (AGL) for radars (Karstens et al., 2010; 

Wurman et al., 2013, 2007b). Since damage from tornadoes has a strong correlation with 

wind speeds, post-tornado damage surveys have been proposed to infer the near-surface 

tornadoes wind field (Bech et al., 2009; Beck and Dotzek, 2010; Holland et al., 2006; 

Karstens et al., 2013; NIST, 2013).  

However, residential buildings, a very common kind of damage indicator in EF 

scale and a type of building that receives most attention from academia and industry, has 

rarely been used to reconstruct wind field. Since the degree of damage of buildings 

directly relate to the wind speeds that those buildings experienced, it is possible for post-

tornado surveys of buildings to provide accurate information to reconstruct wind fields. 

During a tornado, each residential building is considered an anemometer that records the 

wind speeds it experienced. The wind field could be reconstructed after collecting large 

amounts of the observed damage states of buildings in different locations within a 

tornado swath from the post-tornado damage survey and estimating the wind speeds 

based on the EF scale. 

The following hypothesis is therefore proposed:  

H1: A simplified translating analytical vortex model results in a near-surface 

tornado wind field consistent with the degree of damage in buildings observed from a 

post-tornado damage survey. 

To test this hypothesis, this study uses post-tornado damage survey data collected 

from Joplin Tornado of 2011 and reconstructs its near-surface wind field with a 
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simplified translating analytical vortex model. The simulated damage patterns are 

evaluated based on how well they match the observed damage patterns in order to find 

the best model with statistical indicators. The results are then compared to those of other 

studies that have utilized forest damage pattern analysis on the same area. 

Topic 2: Rapid assessment of tornado damage with an Enhanced Remote-Sensing 

scale (abbreviated as remote sensing study when referred to later). As in Figure 1.6, this 

study is a part of the damage model and it also contributes useful tools to all other models.  

Tornadoes can cause severe damage to buildings, and it is critical to assess 

damages and losses as quickly as possible to assist post-disaster response and 

reconstruction (Bunting and Smith, 1993; Changnon, 2001; Simmons and Sutter, 2011). 

However, in most cases, estimating property damage is challenging due to complex field 

situations and the lack of standard methods for data collection (Gall et al., 2009). Ground 

surveys have traditionally been regarded as the means for providing reliable information 

because investigators have access to the actual situation and are able to evaluate damage 

to structures from different angles. However, ground surveys are time-consuming and 

expensive to implement and sometimes are not feasible because of blocked roads.  

In recent years, satellite and aerial imagery has been used to assess damage after 

natural disasters including tornadoes (Dong and Shan, 2013; Joyce et al., 2009; Voigt et 

al., 2007). Nevertheless, the development of remote sensing technology to rapidly assess 

damage after windstorms is still in its infancy and concerns persist because remote 

sensing imagery usually only provides information on the roofs of buildings, but do not 

contain data on other key components, such as windows, doors, and connections. Thus, it 

is important to examine how accurately damage ratings of roofs derived from remote 

sensing imagery can be related to the global condition of buildings.  

This study develops an Enhanced Remote Sensing (ERS) scale and proposes the 

following hypothesis:  

H2: The roof damage evaluated from remote sensing imagery with the ERS 

predicts the overall damage of a building evaluated from ground observations.  
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To test this hypothesis, this study examines the statistical relationship between the 

roof damage rated with the ERS and ground level damage rated with the degree of 

damage, using data collected from a remote-sensing survey and a ground-based damage 

survey after Joplin tornado in 2011.    

Topic 3: Number of warning information sources and personal decision making 

during tornadoes (abbreviated as warning information sources study when referred to 

later). This study is a part of the casualty model in the overall framework presented in 

Figure 1.6.  

Tornado warnings play a critical role in saving lives because taking proper 

protective action, such as seeking shelter, is a key factor to reduce fatalities and injuries 

(Hammer and Schmidlin, 2002; Paul and Stimers, 2012). Ignoring warnings could lead to 

devastating consequences. People receive warnings through different information sources 

(Coleman et al., 2011) and the information sources of warnings may make a difference in 

consequent actions (Balluz et al., 2000). With increased access to the Internet and cellular 

phone applications, people can receive warnings from more sources and use a 

combination of different information sources of warnings to make decisions (Coleman et 

al., 2011; Dow and Cutter, 1998). However, little evidence exists about the association 

between the number of information sources of warnings received and taking protective 

action at the individual level. In addition, although the existence of social disparity and 

vulnerability has been well supported in regards to responses to warnings, little is known 

about how social disparity and vulnerability are substantiated concerning how many 

warning information sources people have access to.  

Two hypotheses are proposed: 

H3: The number of warning information sources increases individuals’ likelihood 

of taking protective action.  

H4: The number of warning information sources is predicted by individuals’ 

socio-demographic factors and functional limitations.  

To test these hypotheses, this study examines predictors for the number of 

information sources of warnings received, as well as the association between the number 
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of information sources of warnings received and whether protective action was taken by 

individuals using a telephone survey on residents of Joplin and Tuscaloosa after their EF5 

and EF4 tornadoes in 2011.  

1.3 Intellectual Merit 

The impacts of disasters have to be examined from the perspective of natural 

phenomenon and human reactions (Simmons and Sutter, 2012a; Smith, 2013). This 

dissertation builds on an interdisciplinary perspective on disaster mitigation to minimize 

the negative social and economic impacts and thus promote resilience after disasters. It 

emphasizes the importance of both built environments and social processes for economic 

and social consequences.  

First, the data collection effort involves multiple disciplines. The wind field study 

relies on engineering knowledge and methods and focuses on damage patterns of 

buildings. The remote sensing study relates the ground-based field survey on building 

damage with data acquired from remote-sensing survey, applying expertise and 

knowledge in remote sensing and image processing. The warning information sources 

study is based on a survey guided by a social sciences perspective which focuses on 

social disparity and vulnerability in accessing information and taking protective action.  

Second, the approaches and methods used in this dissertation takes advantage of 

the author’s interdisciplinary training. Wind field study builds on the understanding of 

wind loads and wind field empirical and theoretical models. Simulations are used to find 

the model that best matches the observed damage patterns of buildings. The development 

of ERS scale utilizes the author’s training in computer programming and statistical 

modeling. The warning process study involves statistical techniques that are frequently 

used in social sciences.  

Furthermore, the intellectual merit of each study is summarized as the following.   

Wind field study. This study proposes a method to reconstruct the near-surface 

wind field of tornadoes based on a damage survey of buildings. It innovatively uses a 

translating analytical vortex model and fits the model with the wind speed estimated from 
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the degree of damage of residual buildings to produce a near-surface wind field for the 

Joplin Tornado of 2011. It’s found that the peak wind field produced by the translating 

analytical vortex model agrees reasonably well with the observed damaged pattern.  

Remote sensing study. First, this study proposes a new scale - the ERS scale - to 

evaluate roof damage from remote sensing imagery for improved prediction of ground 

damages. The ERS scale improves on previous scales by using not only the maximum 

damage state of roofs but incorporating all damage states based on the remote sensing 

imagery and thus substantially reduces errors in assessing damage states. Accordingly, it 

is expected that the new scale of damage will more accurately predict ground damage 

than previously used remote sensing damage scales. Second, using this scale, the 

relationship between remote sensing damage and ground-based damage is established 

with a simple linear model and an ordinal response regression model. Additionally, the 

information on surrounding damage and debris is included to strengthen the use of 

remote sensing imagery for ground level damage prediction.  

Warning information sources study. People have more access to tornado warnings 

than ever before thanks to technological advances. While it seems intuitive to increase 

warning information sources in order to encourage people to take protective action, little 

evidence exists about the association between the number of information sources of 

warnings received and taking protective action at the individual level, which is a gap 

filled by this study. This study also directs attention to the social disparity and contextual 

differences in people’s access to tornado warnings. In addition, this study examines 

differences among residents in Joplin and Tuscaloosa and suggests that historical and 

social contexts are important for examining predictors for the number of warning sources 

and its effects on people’s decision making.  

1.4 Broader Impacts 

The dissertation will contribute to reducing injuries, fatalities, and economic 

impacts from tornadoes and eventually enhancing disaster resilience.  

Reduce injuries and fatalities. To reduce injuries and fatalities, it is important for 

people at risk to take prompt protective actions upon receiving warnings (Hammer and 
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Schmidlin, 2002; Paul and Stimers, 2012). It is also important to build structures which 

could resist weak tornadoes and provide necessary shelter for intense tornadoes (De Silva 

et al., 2006; Van de Lindt et al., 2013). First, from the social science perspective, the 

warning information sources study will identify vulnerably population in their access to 

warnings and taking subsequent protect actions. The active intervention in increasing 

numbers of warning to those vulnerable populations will increase the effectiveness of 

communicating warning messages and the likelihood of compliance with warnings. This 

will reduce exposure to risks and thus reduce injuries and fatalities. In addition, from the 

engineering perspective, the wind field study will improve the understanding of the risks 

of buildings to collapse or experience substantial damage. The damaged buildings will 

present threats not only to their own occupants but also to people around those buildings 

because of flying/falling debris during tornadoes (Brown et al., 2002; McDonald, 2001). 

Consequently, risks of individuals to die or be injured are related to the surrounding 

building environment damages. The understanding of those risks will eventually help 

reduce injuries and fatalities. Furthermore, remote sensing study also provides a possible 

way to rapidly evaluate the physical damages from a tornado event, which could be used 

to estimate injury and fatality rates and thus facilitate disaster relief efforts and help 

minimize casualties.  

Reduce economic impacts and facilitate recovery. Tornadoes can cause severe 

damage to buildings. The wind field study will improve understanding of relationship 

between the near-surface wind structure and building performances, which could help 

enhance standard and industry codes for buildings to perform better against tornadoes. 

Consequently, the potential damage and economic impacts will be reduced. In addition, it 

is critical to assess damage and losses as quickly as possible to assist post-disaster 

response and reconstruction (Bunting and Smith, 1993; Changnon, 2001; Simmons and 

Sutter, 2011). Furthermore, rapid assessment of damage facilitates recovery, because it is 

important to invest limited resources in places that have the greatest needs (Rose et al., 

2007). The study of remote sensing provides a feasible alternative to ground-based field 

surveys and can assess damage levels of buildings or tracks the recovery progress of 
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communities in a quick and accurate way (Bertinelli and Strobl, 2013; Hodgson et al., 

2010; Rathfon et al., 2012; Wagner et al., 2012).  



Texas Tech University, Jianjun Luo, August 2014 

22 

CHAPTER 2 

RECONSTRUCTION OF THE NEAR-SURFACE WIND FIELD OF 

THE JOPLIN, MO TORNADO OF 2011 BASED ON THE DAMAGE 

SURVEY OF RESIDENTIAL BUILDINGS 

Abstract. In this study, residential building damage states observed from a post-tornado damage 

survey in Joplin after a 2011 EF5 tornado were used to reconstruct the near-surface wind field. It 

made the use of well-studied relationships between Degrees of Damage (DOD) of building and 

wind speeds in the Enhanced Fujita (EF) scale. A total of 4,166 one- or two-family residences 

(FR12) located in the study area were selected and their DODs were recorded. Then, the wind 

speeds were estimated based on the EF scale. The peak wind speed profile estimated from 

damage of buildings was used to fit a translating analytical vortex model. Agreement between 

simulated peak wind speeds and observed damages suggests the feasibility of using post-tornado 

damage surveys for reconstructing the near-surface wind field. Beyond peak wind speeds, the 

model can also produce the time history of wind speed and direction at any given point, helping 

to better understand the relationship between tornado parameters and wind field structures. 
 

Keywords: tornadoes; near-surface wind field; Rankine vortex model; Enhanced Fujita scale; Degree 

of Damage; post-tornado damage survey; residential buildings 

2.1 Introduction 

Characterization and quantification of near-surface wind fields of tornadoes are 

important for risk analysis, structural design, and public safety as wind speeds vary 

significantly in both spatial and time domains. Lack of sufficient direct observations 

continues to persist as tornadoes are relatively rare, short-lived, small in coverage area, 

difficult to forecast, and often possess violent destructive forces (Mehta, 2013; Wurman 

et al., 2013). To overcome these challenges, a somewhat idealized process is often 

adopted for modelling tornado wind field (Davies-Jones et al., 2001; Doswell III and 

Burgess, 1993; Lewellen and Lewellen, 2007).  

There are three general categories of methods employed to model tornado 

structures, i.e., theoretical, experimental, and empirical methods. Theoretical methods use 

mathematical representations of physical relationships to describe the vortex structure as 

derived from Navier-Stokes equations. With results from tornado generators, 

experimental methods transfer uncontrolled phenomena into controllable laboratory 

models to attain a better understanding of the dynamics of flow structures and wind fields. 

In comparison, empirical methods create tornado wind fields based on in situ 

measurement, radar observations, or post-storm damage survey.  
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Integrating theoretical and empirical methods, this study is aimed at 

reconstructing a near-surface wind field by fitting a simplified translating analytical 

vortex model with post-tornado damage survey data collected from Joplin, MO tornado 

of 2011. It makes the use of well-studied relationships between degrees of damage of 

buildings and wind speeds in the Enhanced Fujita (EF) scale. Furthermore, wind field 

parameters are estimated from statistical methods rather than subjective evaluations, 

which usually suffer from human biases, allowing the new method to be applied to and 

replicated in other events. 

The remaining of the paper is organized as follows: Section 1 reviews previous 

literature on tornado vortex models, past efforts in tornado observation, and various wind 

field modeling methods. Section 2 introduces the methodology, datasets, and statistical 

methods. The results of this study are presented in Section 3 and discussed in Section 4. 

Finally, Section 5 includes conclusions and comments on future work.    

2.1.1 Tornado vortex model 

For engineering applications, the Rankine vortex model and many of its variants 

are frequently used to characterize tornado structures. The Rankine vortex model assumes 

radial symmetry for a steady vortex in a viscous fluid (Rankine, 1882). Under a 

cylindrical coordinate system (r, θ, z), the vortex is divided into two regions: a forced 

vortex in its central core with tangential velocity linearly proportional to the radial 

distance and a free vortex surrounded the core with tangential velocity inversely 

proportional to the radial distance. The maximal tangential velocity appears on the 

interface of those two. The other velocity components (radial and vertical) are set 

identically to zero. The formulas for the velocity components of any point from the radial 

distance r to the vortex center are given by: 

              (2-1) 
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              (2-4) 
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where Vr is the radial wind velocity, Vz is the vertical wind velocity, Vt is the tangential 

wind velocity, Vtmax is the maximum tangential wind velocity, r is the radial distance 

from the vortex center, and Rtmax is radius of the maximum tangential wind velocity.  

Since the Rankine vortex model considers only the circumferential component of 

wind velocity, Letzmann, as well as other researchers (e.g. Zrnic et al., Brown and Wood, 

and Potvin et al.) extended this model by describing the axisymmetric radial flow in the 

same way as it did for axisymmetric tangential flow to model the divergent/convergent 

areas of the horizontal flow field (Brown and Wood, 1991; Peterson, 1992; Potvin et al., 

2009; Zrnic et al., 1985), as shown in the Eqs.(2-5)-(2-6).  
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where Vrmax is defined as the maximum radial velocity at its core radius Rrmax.  

The combined velocity profile of a more generalized Rankine vortex model can 

be given by: 
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where β is the decay coefficient. The earlier Rankine model is a special case of this 

model where β=1. 

In reality, the angular momentum outside the core radius is unlikely to be constant 

and then β could be a number other than 1. According to the field measurement, β might 

be around 0.5~0.8, or even 0.2~0.6 in some cases (Kosiba and Wurman, 2010; Kosiba et 

al., 2008; Mallen et al., 2005; Wurman and Alexander, 2005; Wurman and Gill, 2000). 
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Moreover, researchers have modified the original Rankine vortex model by 

altering assumptions or constraints on parameters. For example, the Burgers-Rott vortex 

model addressed the unrealistic assumption of zero values for vertical and radial 

components of wind velocity in the Rankine vortex model and reflected the effect of eddy 

viscosity. Hence tangential velocity has a rounded maximum at the core radius rather 

than cusp at its core radius as in the Rankine model (Burgers, 1948; Rott, 1958). Thus, 

the Burgers-Rott model is deemed more realistic (Wood and Brown, 2011).The Sullivan 

vortex model is a more complex model and can capture phenomenon such as the two-

celled vortex, which could not be explained by the previous two models (Sullivan, 1959). 

More recently, Wood and White (2011) presented a new parametric model by including 

five key parameters in the tangential velocity profile: maximum tangential wind, radius 

of maximum tangential wind, and three power-law exponents that shape different parts of 

the wind speed profile. Nevertheless, the Rankine vortex model is easy to implement and 

thus has been frequently adopted by engineering applications in spite of its over-

simplification of the dynamics.  

2.1.2 Empirical models and post-tornado damage survey 

Empirical models are based on observations, which could come from in situ 

measurement, Doppler radar and post-tornado damage survey. The closer the instruments 

are located to tornado, the better the measurements are to describe the temporally and 

spatially variances among the tangential, vertical and radial wind components as well as 

the translation speed of the tornado. However, reliable in situ measurement of the wind 

near the ground is extremely difficult to obtain because of risks presented by intense 

winds and striking debris (Karstens et al., 2010; Wurman et al., 2013). Thus, the majority 

of empirical models are based on radar observations and post-storm damage surveys.  

The use of radars in observing tornadoes dates back to 1950s as an effective and 

safe way for wind data collection. At its early stage, researchers used traditional 

stationary meteorological radars to discover tornado structures and estimate wind speeds. 

However, the limitations of the fixed-location meteorological radars are noticeable. Most 

tornadoes occur far away from stations and thus are hard to measure as radar beams 
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spread and deviate from the surface of the earth. Moreover, the spatial resolution of the 

traditional Doppler radar is too low to resolve uniquely the different portions of the 

tornado flow, and the temporal resolution restricted by scanning strategies of the radar is 

too limited to sample physical processes over the timescale of seconds to minutes 

(Davies-Jones et al., 2001; Wurman et al., 2010, 1997).  

To obtain high resolution observations of tornado vortices, Bluestein et al. (1995) 

installed a mobile 3-mm-wavelength pulsed Doppler radar on a van and observed severe 

convective storms in the Southern Plains during 1993 and 1994, while Wurman (1997) 

constructed a portable, pulsed, 3-cm wavelength Doppler radar called the Doppler on 

Wheels (DOW) and successfully measured several tornadoes. With those high resolution 

mobile radar systems, a large volume of data have been collected and the understanding 

of the tornado wind field has been enriched (e.g., Bluestein et al., 2003; Burgess et al., 

2002; Kosiba and Wurman, 2010; Kosiba et al., 2008; Lee and Wurman, 2005; 

Tanamachi et al., 2007; Wurman and Alexander, 2005; Wurman and Gill, 2000; Wurman 

et al., 2007). Furthermore, comparing the DOW measurements with corresponding WSR-

88D measurement, Toth et al. (2013) developed a linear regression model to estimate the 

low level tornadic wind speeds from WSR-88D.  

However, mobile Doppler radar generally cannot measure speeds of wind lower 

than 20 - 30m above ground level (AGL) because of ground clutter contamination 

(Lewellen and Zimmerman, 2008; Wurman et al., 2007b). To solve this problem, 

Wurman et al. examined the relationship of tornado winds above and below 30m AGL by 

combining in situ measurements and DOW measurements from several cases (Wurman et 

al., 2013, 2007b). From that, Wurman et al. (2007b) further developed a Rankine vortex-

based axisymmetric wind field model constrained by DOW data and estimated damage of 

several major cities from simulated tornadoes. 

According to Doswell III et al. (2009), only about 20 tornadoes have been 

observed every year by mobile Doppler radar compared to over 1,000 tornado 

occurrences in the United States. It is due to the unpredictable nature of tornadoes and 

relative limited resources available. Moreover, for hazard analysis, tornado intensity at 
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the ground level is essential because typical residential buildings are below 30m AGL 

where even mobile Doppler radar cannot sense with ground contamination.  

Since damage from the tornado has a strong correlation with wind speed, post-

tornado damage surveys have been proposed to infer the near-surface tornado wind field. 

For example, researchers have reconstructed the wind field from forest damage by 

matching observed tree damage patterns with simulated tree damage patterns (Bech et al., 

2009; Beck and Dotzek, 2010; Holland et al., 2006; Karstens et al., 2013; NIST, 2013). 

Their work usually includes three key parts: a translating Rankine vortex model, tree fall 

model, and forest damage pattern. Similarly, damage patterns of buildings contain useful 

information and can be used to reconstruct near-surface wind fields.  

However, a residential building, a very common damage indicator in Enhanced 

Fujita scale (EF scale) and a type of building that receives most attention from academia 

and industry, has rarely been used to reconstruct wind field. The idea to estimate wind 

speed in a tornado from the damage of buildings was proposed by Fujita who developed 

the Fujita scale (F scale) to classify the tornado intensity (Fujita, 1981, 1971). To 

overcome the problems associated with F scale, such as a shortage of damage indicators, 

ignorance of construction quality and variability, and overestimates of wind speeds, the 

EF scale was adopted for damage survey in 2007. The EF scale has 28 damage indicators 

(DIs) and corresponding degrees of damage (DODs) (WISE, 2006). For each DOD, it 

lists the wind speeds that could cause the damage, which include expected wind speed, 

lower bound wind speed, and upper bound wind speed. During a tornado, each damage 

indicator can act like an anemometer that records the wind speed it experienced. After 

collecting a large amount of DIs in different locations within a tornado swath from the 

post-tornado damage survey and estimating the wind speeds based on EF scale, the wind 

field can be reconstructed.  

As there was no direct near-surface wind speed measurement available during the 

Joplin Tornado (NIST, 2013), this study investigates the damage pattern of residential 

buildings from the post-tornado damage survey and rebuilds the near-surface wind 

environment. The results are compared to those of other studies that have utilized forest 

damage pattern analysis on the same area. 
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2.2 Methodology 

2.2.1 Data collection and processing 

On May 22, 2011, an EF5 tornado occurred in Joplin, Missouri, USA and resulted 

in extensive building damage, 158 fatalities and over 1,000 injuries. The Joplin tornado is 

the costliest and the 7th deadliest tornado in U.S. history, with the maximum wind speed 

estimated to be more than 322 km hr
-1

 (200 mph). The track length was estimated at 35.6 

km (22.1 miles), and the width was 1.2 km to 1.6 km (3/4 to 1 miles) (NWS, 2011b).  

Six days after the Joplin tornado, a damage assessment team from the National 

Wind Institute (NWI) of Texas Tech University (TTU) was deployed. It spent four days 

traveling over 138 km within affected areas (Figure 2.1) and recorded 14 hours of high-

definition ground level video for over 6,000 buildings. 

 

Figure 2.1 Survey route (green line) for the Joplin Tornado across the tornado track 

(red line) as determined by the National Weather Service (NWS, 2011b) 

 

During the survey, two GPS video cameras were positioned in the back of a 

vehicle and situated such that when the car drove along the streets, all structures on both 

sides of the road were recorded. The GPS video cameras could record 1,080p video, and 

GPS tags were added to the footage of video. After returning from the field, the GPS data 

and 50,435 images were extracted from videos for analysis, covering 6,579 buildings. An 

algorithm was designed to automatically create a Google Earth file (KML file) with a 

hyperlink of each image along the drive path established on a project website 

(http://aristo.tosm.ttu.edu). Using Google Earth, the ground-based images and remote-

sensing images were overlaid on one map, as shown in Figure 2.2. 

http://aristo.tosm.ttu.edu/
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Figure 2.2 A Google Earth file with GPS points of the ground-based images overlaid 

on a post-tornado satellite image 

 

Moreover, the post-tornado and pre-tornado building conditions were evaluated 

using these ground images and Google Street View (Figure 2.3). As the result, the 

damage states of 6,579 buildings were manually assessed according to the Degree of 

Damage (DOD) in the EF scale (WISE, 2006). For example, the building in Figure 2.3 

was rated as DOD 4 after comparing the damage descriptions given by the EF scale with 

the damage evidence in the pictures. 
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(a) A post-tornado ground-based image of building damage 

 

 
(b) A pre-tornado ground-based image of the building as in (a) 

 

Figure 2.3 Ground imagery of a residential structure damaged by 2011 Joplin 

tornado  

Source: (a) Photographs taken with GPS video camera survey system by NWI of TTU (b) Screenshot of 

Google Street View 
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Furthermore, to integrate datasets into one platform for further analysis, the KML 

files were converted to an ArcGIS database using the conversion toolbox. Figure 2.4 (a) 

shows the geographic distribution of the 6,579 buildings (labeled with DOD) included in 

the ground survey in the GIS database, along with the tornado path ratings determined by 

the National Weather Service (NWS). Other data from outside sources such as building 

and parcel information, fatalities, historical records of tornadoes in the study areas, 

census, as well as satellite and aerial images were also added to the ArcGIS database.  

For this study, a subset of Joplin tornado track was selected and 4,166 one- or 

two- family residences (FR12) buildings located in this area were used for the damage 

indicators and their DOD recorded, as shown in Figure 2.4 (b). There were two reasons to 

choose this subset. Firstly, in this region, the tornado reached its mature stage and made a 

large area of severe damage, Secondly, a huge amount of FR12 buildings in this area had 

been surveyed, which provided more stable and reliable measures of wind characters. 

 

(a) Buildings (labeled with DOD) included in the ground survey across the tornado path as determined by 

the National Weather Service (NWS, 2011b) 
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(b) A subset of Joplin damage swath (the region within the red square in (a)) and distribution of FR12 

around the center line (blue line) 

Figure 2.4 Distribution of buildings from the post-tornado damage survey 

 

2.2.2 Wind speed estimation 

Estimating wind speeds from the damage state of residence structures could be a 

very complex process when structural design, construction material, and aging are 

considered. Therefore, an assumption was made that the damage of a building was 

primarily caused by the peak wind speed of tornado it experienced. In this way, the peak 

wind speed experienced by every FR12 was estimated from its DOD by using the 

corresponding expected wind speed in the EF scale, as shown in Table 2.1. 

In the EF scale, there is no instruction on how to estimate the wind speed for an 

undamaged building, i.e. DOD=0, under the tornado wind environment. In this study, for 

buildings without any visual damage, the expected wind speed was set as 17.88 m s
-1

 (40 

mph), which was estimated from wind speeds outside the damage area measured by the 

Joplin ASOS station (NIST, 2013). More detailed information on estimation of the wind 
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speed for an undamaged building under the tornado wind environment is provided in 

Appendix A.  

 

Table 2.1 Degree of Damage (DOD) and associated wind speeds for one-and two-

family residences (FR12) (WISE, 2006) 
DOD       Damage Description   Expected 

wind speed* 

(mph) 

Lower bound 

wind speed* 

(mph) 

Upper bound 

wind speed* 

(mph) 

1       Threshold of visible damage   65 53 80 

2   Loss of roof covering material (<20%), 

gutters and/or awning; loss of vinyl or 

metal siding 

79 63 97 

3       Broken glass in windows and doors   96 79 114 

4   Uplift of roof deck and loss of significant 

roof covering material (>20%); collapse 

of chimney; garage doors collapse inward 

or outward; failure of porch or carport 

97 81 116 

5       Entire house shifts of foundation   121 103 141 

6   Large sections of roof structure removed; 

most walls remain standing 

122 104 142 

7       Exterior walls collapse   132 113 153 

8   Most walls collapsed in bottom floor, 

except small interior rooms 

152 127 178 

9       All walls collapsed   170 142 198 

10      Destruction of engineered and/or well-

constructed residence; slab swept clean 

200 165 220 

* The wind speeds shown in this table are 3-second gust speeds in mph (mile per hour) 

 

Due to the complex structure of a tornado, a significant degree of spatial 

variability in wind speed distribution should be expected. Therefore, a spatial averaging 

method was adopted to construct bins from the center line of the tornado track outward at 

a 100 m interval. To make a direct comparison between the peak wind speed profile 

estimated from the observations with the peak wind fields produced by the vortex 

simulations which moved from south to north, the map was rotated counterclockwise so 

that the tornado moved due north, as shown in Figure 2.5. The average peak wind speed 

and the standard deviation in each bin were calculated. Those estimates were later used to 

calibrate parameters of the wind field model.  
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Figure 2.5 Observed damage pattern  

* The map was rotated from figure 2.4 (b) so that the tornado moved due north and bins were constructed 

from the center line (blue line) of tornado track at a 100m interval 

 

2.2.3 Vortex simulation and peak wind field reconstruction 

A combined Rankine vortex model was used to simulate a steady tornado 

structure as shown in Eqs.(2-7)-(2-11). To simplify the model, it was assumed that the 

radius of maximum radial velocity is the same as the radius of maximum tangential 

velocity, i.e. Rrmax= Rtmax. 
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Then, to simulate the storm’s forward motion, a translational velocity (Vs) was 

added to the radial and tangential velocity components. The peak wind field is 

constructed by recording the peak wind speeds at every grid point in the model.  

In the translating Rankine vortex model, there were five main parameters, i.e. the 

radius of maximum radial/tangential velocity Rmax, the maximum tangential wind 

velocity Vtmax, the maximum radial wind velocity Vrmax, the decay coefficient β and the 

translational velocity Vs. The translational velocity of the tornado Vs was set as 11 m s
-1 

based on radar observation provided by the NWS (Karstens et al., 2013). The other four 

parameters were estimated based on the goodness-of-fit between the peak wind field 

model and observations. 

An exhaustive search algorithm was designed to construct possible wind fields 

with different combinations of the above four parameters (Rmax, Vtmax, Vrmax, β). For each 

combination, a vortex model was run through the study area, which has both length and 

width of 3000 m, from grid point (0, -150) to grid point (0, 150) with a northern 

translational velocity 11 m s
-1

. Meanwhile, the peak wind speed of every grid point was 

recorded and saved. In total, 408,000 peak wind fields were reconstructed.  

To avoid under-sampling, the model used a grid spacing of 10 m and time step of 

0.5 s, which was less than the threshold of time step given by Beck and Dotzek (2010) 

(Threshold = grid spacing/Vs = 10m/11m s
-1

 = 0.9 s). 

2.2.4 Model fitting and selection 

Two indicators of goodness-of-fit were used for the selection of the best 

parameter estimation (i.e. the best fit model). They were coefficient of variation of the 

Root Mean Squared Deviation (CV(RMSD)) and Pearson correlation coefficient (r). 

RMSD measures the differences between the predicted values and the actual observed 

values, and is computed as the root of the mean of the squared deviation between actual 

observed values and values predicted by the fitted model. CV(RMSD) is a dimensionless 

number, which is defined as the ratio of the RMSD to the average of the observed values. 

Pearson correlation coefficient reflects the strength of a linear relationship and thus 

measures the similarity in relative trend magnitudes of the observed data and the fitted 
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model (Schunn and Wallach, 2005). The best-fit model is the one with a smaller RMSD 

and higher r. 

2.3 Results 

Figure 2.6 shows a reasonable agreement between the peak wind speed profile 

produced by the best-fit model and those estimated from observed building damage. It 

has the smallest CV(RMSD) (0.06) among 408,000 possible cases and a relatively higher 

r (0.99). 

 
Figure 2.6 Comparison of peak wind speeds between the best-fit model and the post-

tornado damage survey 

 

In this best-fit model, the core radius Rmax is estimated to be 220 m, the maximum 

tangential wind velocity Vtmax is estimated to be 18 m s
-1

, the maximum radial wind 

velocity Vrmax is estimated to be 58 m s
-1

, and the decay coefficient β is estimated to be 

0.7. Figure 2.7(a) shows an example of the instantaneous wind field obtained from a 

translating Rankine vortex with those parameters, and Figure 2.7(b) shows the peak wind 
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field from the best-fit model with peak wind speed and direction on a 100 m by 100 m 

grid. It is noteworthy that the maximum wind speed is offset from the center line due to 

the effects of translation which increased the wind speeds on the right side and decreased 

the wind speeds on the left side of the vortex center by adding a northern uniform 

translational component to the radial and tangential velocity components of the tornado 

vortex.  

 
(a) An example of the instantaneous wind field obtained from a translating Rankine vortex 
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(b) The peak wind field from the best-fit model 

 

Figure 2.7 Wind field simulation from a Rankine vortex model with a northern 

uniform component 

 

Furthermore, two points were selected as examples to illustrate time history of 

wind speed and direction. The first one, grid point (0, 0), is located in the center of the 

study area and would be the tornado eye if there is no translational velocity. The second 

one, grid point (4, 0), is where the peak wind speed has the maximum value among all the 

points on the same horizontal line. The time histories of wind speeds and directions of 

those two points are shown in Figure 2.8. Both points contain two wind speed peaks 

about 40 seconds apart as well as one sharp drop in wind speeds between these two peaks 

that corresponds to the arrival and passing of the tornado eye. Meanwhile, wind direction 

also changed dramatically as the tornado eye is approaching and leaving (the wind 

direction was measured clockwise from north). More detailed analysis of time histories of 

wind speeds and directions is provided in Appendix B. 

 

Vr=58m/s, Vt=18m/s, Vs=11m/s, Rmax=220m
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(a) Time histories of wind speed 

 

(b) Time histories of wind direction 

Figure 2.8 Time histories of wind speeds and directions of (0,0) and (4,0) from the 

best-fit model 
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2.4 Discussion 

This study reconstructs the near-surface wind field based on building damage 

states observed from a field survey in Joplin after the 2011 EF5 tornado. It finds that the 

peak wind field produced by a simplified translating analytical vortex model agrees 

reasonably well with the observed damaged pattern, suggesting the validity of the method 

being used.  

By matching observed tree damage patterns with simulated forest damage, 

Karstens et al. (2013) and NIST (2013) reconstructed the near-surface wind field of the 

Joplin tornado separately. One difference between these two studies is their adopted tree-

fall models; the other is about their methods to find the best matched model, i.e., NIST 

(2013) used full factorial design, main- and interaction-effects plots to determine the 

effects of input parameters’ variation on output parameters and narrow the ranges of 

parameters, whereas Karstens et al.(2013) relied on subjective evaluation to match the 

observed tree-fall pattern with simulated patterns. 

Table 2.2 shows the comparison of parameters and outputs estimated by those 

three translating Rankine vortices in the best-fitting models.  

 

Table 2.2 Comparison of parameters and outputs of the best-fit models for the 2011 

Joplin Tornado 

 

Karstens et al.(2013) NIST (2013) This Study 

RMW (m) 300.00 258.00 220.00 

Vtmax (m s
-1

) 43.00 - 18.00 

Vrmax(m s
-1

) 86.00 - 58.00 

α (degree)* 26.57 15.00 - 25.00 17.24 

Gmax* 8.74 4.50 - 5.00 5.52 

β   1.00 0.60 - 0.70 0.70 

Maximum wind 

speed (m s
-1

) 104 78.23 ± 15.65 71.18 ± 22.72  

* α is the angle between the radial velocity and the circular velocity, the latter is the vector sum of  the 

radial velocity and the tangential velocity; Gmax is the ratio between the maximum circular velocity and the 

translational velocity (NIST, 2013). 
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For the best-fit model, the core radius was estimated to be 220 m by this study,  

closer to the estimate of NIST (2013), but much smaller than the subjective estimate from 

the remote sensing imagery by Karstens et al. (2013). Comparing to Karstens et al. 

(2013), the values of wind velocity components Vtmax and Vrmax in this study are smaller. 

NIST (2013) didn’t report its Vtmax and Vrmax but presented the values of α and Gmax, 

which was related to Vtmax,Vrmax and Vs. Given the values of these parameters, the values 

of α and Gmax could then be calculated for Karstens et al. (2013) as well as this study. It 

shows that the values of this study are relatively consistent with the values reported by 

NIST (2013). For the decay coefficient β, Karstens et al. (2013) adopted the model with 

β=1, whereas the value estimated by NIST (2013) was between 0.6-0.7 from the effect 

analysis, which is consistent with the 0.7 of this study. Finally, Karstens et al. (2013) 

presented a highest maximum wind speed, whereas the other two studies reached smaller 

expected maximum wind speed with uncertainty ranges. Notably, the uncertainty range 

estimated by NIST (78.23 ± 15.65 m s
-1

) was fully covered by the 95% predictive interval 

estimated by this study (71.18 ± 22.72 m s
-1

).  

The relatively large discrepancy in the maximum wind speed estimates of those 

three studies is possibly associated with the different methods in searching for the best-fit 

model. Karstens et al. (2013) chose their best-fit model by subjectively evaluating the 

similarity between the simulated and observed tree-fall patterns. The accuracy of 

subjective evaluation is always a concern because of potential biases introduced by 

individuals who conduct the evaluation. In contrast, this study uses statistical methods 

and thus minimizes the potential human biases associated with manually selecting and 

evaluating model parameters. Furthermore, Karstens et al. (2013) only presented one 

value of the maximum wind speed, whereas NIST (2013) and this study estimated 

intervals for the maximum wind speed, which are more desirable than a single value 

because they take into consideration uncertainties of tornado wind field caused by factors 

such as complex topographic effects and climate conditions. In addition, the estimated 

maximum wind speed from Karsten et al. (2013) fell in the range of EF5 tornado, 

whereas the expected maximum wind speeds from NIST (2013) and this study are less 

than the lower bound of EF5, which seem to underestimate the event. However, a closer 
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examination showed that this was not the case. Actually, according to the EF scale 

(WISE, 2006), the intensity of a tornado event is rated based on the highest rated DIs 

found in the damage area. It means that within an EF5 tornado track, some areas could be 

rated as EF5 and others may be rated with less intensity. Figure 2.4(b) shows clearly that 

even for the bin that is closest to the central line, only some buildings experienced the 

degree of damage that corresponded to EF5 wind force due to randomness intrinsic in the 

tornado process. Therefore, the average EF scale for that bin is lower than EF5. Since 

both intervals estimated by NIST (2013) and this study partially overlapped with the 

range of EF5 wind speeds, the fact that the expected maximum wind speeds from those 

two studies did not reach EF5 just reflects that EF scale is rated based only on the highest 

rated DI in the damage area.  

One advantage of using building damages to reconstruct the near-surface wind 

field is that buildings usually are less vulnerable to wind than other DIs are and thus can 

indicate higher wind speeds. For example, among all DIs used by the EF scale, the one- 

or two-family residences (FR12) can indicate the highest expected wind speed (89.41 m 

s
-1

). Other DIs, like the tree used by previous studies, can only indicate expected wind 

speed as high as 62.59 m s
-1

. Consequently, buildings are more suitable for reconstruction 

of violent tornado wind field than other DIs. Furthermore, buildings are places where 

people live and work. The damages to buildings carry more direct social and economic 

consequences and thus attracted wide public attention and research interests. Accordingly, 

the study of wind field in the area of buildings is more important and presents greater 

opportunities to understand how natural hazards interact with built environment and 

eventually affect the resilience to hazards. Moreover, since many more studies have been 

conducted about buildings than trees, there is greater potential to applying the latest 

findings on the relationship of building damage and wind speed to refine wind fields.  

Some limitations should be noted along with the contributions. Comprehensive 

sensitivity analysis has yet to be conducted to ensure that parameters were robust and not 

sensitive to different estimations of damage. Furthermore, in this study, only one factor 

(i.e. the peak wind speed) was considered in the model for causing building damage 

while in fact during the time histories of tornado wind speed and direction, the effect of 
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rapid changes in wind speed and direction, surrounding buildings, surface roughness, and 

building attributes (e.g. quality, orientation, style, building material), etc. are known to 

affect wind loading and structural performance (Haan et al., 2010; Kopp and Morrison, 

2010; Lewellen and Zimmerman, 2008; Zhang and Sarkar, 2009). Nevertheless, the peak 

wind speed is treated as the dominant factor among them and warrants priority in 

research.    

Relationships between DODs and wind speeds in the EF scale is important to the 

findings of this study and could affect the accuracy of wind speed estimation. According 

to the EF scale report (WISE, 2006), the estimation of wind speeds associated with DODs 

is based on expert elicitation, which is a subjective evaluation of wind speeds (Mehta, 

2013). There are two major problems with this method. Firstly, as mentioned above, wind 

speed is only one of the many factors that cause the structure damage and EF scale 

integrates all the factors into a single factor (i.e., peak wind speed). Consequently, the 

estimated wind speeds from expert elicitation may deviate from the actual wind speeds. 

Secondly, since direct and reliable measurements of near ground tornado wind speed 

were rare at the time when the report was delivered, experts’ elicitation was very likely to 

be based on their experiences on wind damage from straight-line winds or hurricanes, 

which have different mechanisms of wind loads from those of tornadoes (Haan et al., 

2010; Simiu and Scanlan, 1996). Thus, more credible and reliable estimation of the wind 

speed is desired. 

2.5 Conclusion and future work 

The post-tornado survey of buildings can provide the most accurate information 

on the degree of damage, which has direct connection with the wind speed those 

buildings experienced. Particularly when radar observations cannot measure wind lower 

than 20 - 30m AGL, this method can advance our knowledge about near-surface wind 

field. 

In spite of its simplicity, the analytical method developed in this study can 

produce a reasonable estimation of the near-surface wind field consistent with the degree 

of damage of buildings observed from a post-tornado damage survey. The resulting 
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model not only helps better understand the dynamics of near-surface tornado structure on 

both temporal and spatial scales, but also provides useful information for engineering and 

safety purposes. Furthermore, findings from this study can also be incorporated in 

catastrophe modelling of future tornado risks on the built environment and public health.  

One area of future work is to explore the use of remote-sensing based damage 

survey to reconstruct the near-surface wind field. A limitation about the post-tornado 

ground-based damage survey is that it could only cover those buildings that could be 

accessible at the time of data collection and would miss the buildings where the roads 

were damaged or blocked. Therefore, bias is always a concern because a representative 

sample is hard to reach. Moreover, ground-based survey is always time-consuming and 

expensive to carry out. Remote-sensing based damage survey could address those 

problems. It could be a rapid way to reconstruct the wind field after the relationship of 

remote-sensing damage scale and ground level damage scale is well studied (Brown et al., 

2012).  

Another area of future research involves the wind speed estimation from DODs in 

the EF scale. In this case, methods of wind speed estimation that are relatively more 

objective than expert elicitation are needed to validate and establish the credibility and 

reliability of the EF scale wind speeds. To find the relationships between tornado wind 

speeds and DODs of buildings, one method mentioned by the EF scale report (but not 

adopted due to time and budget limitations) is to use a load/resistance approach to 

estimate damage to a structure (WISE, 2006). Furthermore, simulations could be used to 

establish more reliable statistical relationships between building damage states and wind 

speeds. This is also the methodology adopted by HAZUS-MH Hurricane (Vickery et al., 

2006). This method relies on a great deal of laboratory test data and involves many 

assumptions to build idealized models for limited types of structures. Another method is 

to combine in situ observations or mobile Doppler radar measurement with traditional 

damage-based survey. In situ observations and mobile radar, particularly those that 

transmit at a high frequency (e.g., the Texas Tech Ka-band radars), could be used to 

measure wind and reconstruct wind field. Field surveys could provide DOD of buildings 

within the study area. Then the relationships between wind speeds and damage states of 
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buildings could be established. Through a large number of observations combining 

various damage states and wind speeds, the interactions of complex wind fields in space 

and time with different characteristics of structures would be observed and the 

uncertainties in structures and tornadoes can be addressed. With statistical models, the 

relationships between wind speeds and DOD of buildings could be better estimated by 

controlling other factors that influence the damage. 
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CHAPTER 3 

RAPID ASSESSMENT OF TORNADO DAMAGE TO RESIDENTIAL 

BUILDINGS WITH AN ENHANCED REMOTE-SENSING SCALE 

Abstract. This study develops an Enhanced Remote-Sensing (ERS) scale to improve the 

accuracy and efficiency of the use of remote-sensing images of residential building to predict 

their damage conditions. The new scale, by incorporating multiple damage states observable on 

the remote sensing imagery, substantially reduces measurement errors and increased the amount 

of information retained. A ground damage survey of buildings was conducted six days after the 

Joplin EF5 tornado in 2011. A total of 1,400 one- and two-family residences (FR12) were 

selected and their damage states were evaluated based on Degree of Damage (DOD) in the 

Enhanced Fujita (EF) scale. A subsequent remote-sensing survey was conducted to rate damages 

with the ERS scale using high-resolution aerial imagery. Ordinary Least Square regression 

indicated that ERS-derived damage states could reliably predict the ground level damage with 

94.3% of variance in DOD explained by ERS. Ordinal Response regression also suggested a high 

pseudo R
2
 (92.7%). The reasons for such a superior performance were further discussed. The 

regression model developed can be used for future rapid assessment of tornado damages. In 

addition, this study provides strong empirical evidence for the effectiveness of ERS scale and 

remote sensing technology in post-tornado damage assessment, as well as in other wind events 

such as hurricanes and straight-line winds. 

Keywords: tornadoes; damage assessment; remote-sensing; Enhanced Remote-Sensing scale; 

Enhanced Fujita scale; Degree of Damage  

3.1 Introduction 

Tornadoes can cause severe damage to buildings. Post-storm damage assessments 

are critical for insurance companies to refine damage functions, process claims, and set 

policies, as well as for emergency management agencies to estimate the losses, provide 

suitable supports, and improve policies and guidance (Bunting and Smith, 1993; 

Changnon, 2001; Khanduri and Morrow, 2003; Simmons and Sutter, 2011; Smith et al., 

2013). 

However, in most cases, estimating property damage is challenging due to 

complex field situations and the lack of standard methods for data collection (Gall et al., 

2009). Ground surveys have traditionally been regarded as the means for providing 

reliable information because investigators have access to the actual situation and are able 

to evaluate damage to structures from different angles. However, they are time-

consuming and expensive to perform. In addition, after a major disaster, many roads may 

be badly damaged or blocked, preventing people from approaching objects of interest for 

close examination. In recent years, satellite and aerial imagery has been used to assess 
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damage after natural disasters including tornadoes. Nevertheless, concerns persist 

because remote sensed imagery usually only provides information on building roofs but 

lacks data on other key components, such as windows, doors, and connections. With 

continuous improvements in image resolutions and processing algorithms (e.g. the spatial 

resolution from satellite Landset-1 launched in 1972 wasis 80 m, that from IKONOS 

launched in 1999 is 1 m, that from QuickBird launched in 2001 is 0.61m, and that from 

WorldView-2 launched in 2009 is further improved to 0.46 m), remote sensing based 

tools have a great potential of becoming a next generation solution to rapid post-tornado 

damage assessment.   

This study proposes a new Enhanced Remote-Sensing scale (ERS scale) to better 

measure roof damage with remote sensing imagery. Whether the new scale could 

improve the accuracy in predicting the overall degree of damage (DOD) of buildings was 

investigated. Statistical models were developed to aid future rapid and cost-effective 

assessment of windstorm damage to residential buildings. This study provides strong 

empirical evidence for the usefulness and effectiveness of the ERS scale in tornado and 

other hazards (e.g. straight-lines wind and hurricanes) applications. 

The remaining of the paper is organized as follows: Section 1 reviews previous 

literatures on damage estimates, advantages of remote sensing technology, and past 

efforts in constructing remote sensing scales. At the end of Section 1, an Enhanced 

Remote-Sensing scale is proposed. Section 2 introduces the methodology used in this 

study, discussing the dataset used, the details of the Enhanced Remote Sensing scale, and 

statistical methods used to develop the model. The results of this study are presented in 

Section 3 and discussed in Section 4. Finally, Section 5 comprises conclusions and 

comments on future work.    

3.1.1 Ground-based damage survey 

After significant disasters, ground-based survey teams are often deployed to 

spend several days collecting detailed and valuable damage data. However, ground 

surveys are time-consuming, labor intensive, and resource demanding (Brown, 2010; 

Brown et al., 2012; Speheger et al., 2002). It is also difficult to attain a comprehensive 
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view of a large event without the help of remote sensing images (Molthan et al., 2011). 

Additionally, there are concerns about the quality and feasibility of ground-based efforts. 

For example, when verifying the documents from the survey of tornadoes of 3 May 1999 

in central Oklahoma, Speheger et al. (2002) found the data from ground surveys were not 

always the best record of the events; eyewitness descriptions, video evidence, and high-

resolution remote sensing data could provide more substantial evidence for tornado 

evolution and damage. 

With new technologies such as personal data assistants (PDA), GPS video camera 

survey system (Womble et al., 2006), damage assessment toolkit (DAT) (Camp et al., 

2014), as well as appropriate sampling methods (Liang et al., 2012), ground surveys can 

be completed more efficiently. Nevertheless, response time and coverage could still pose 

challenges. Only after roads are cleared of debris and power lines could teams be 

dispatched to the field for data collection. Furthermore, there are always some areas 

which cannot be reached on the ground due to natural or legal obstacles, not to mention 

intimidating barriers to access some developing countries and isolated rural areas. 

Moreover, even when all necessary data have been collected, the subsequent analysis will 

consume substantial amounts of time and labor. Thus, other survey methods might be 

needed to supplement or replace the ground-based approach.   

3.1.2 Remote-sensing based damage assessment 

In recent years, remote sensing techniques have advanced and started to play an 

increasingly important role in assessing the damage for natural disasters (Dong and Shan, 

2013; Joyce et al., 2009; Voigt et al., 2007). Damage information with different levels of 

details can be collected rapidly, typically within 72 hours after the events, at a relatively 

low cost (Battersby et al., 2012). In the context of disaster assessment, remote sensing 

usually refers to two specialized techniques, i.e. aerial and satellite remote sensing, 

named after the platform from which data are acquired (Khorram et al., 2012).  

There are many applications of remote sensing and image processing techniques 

in prediction and assessment of natural hazards including earthquakes, hurricanes, 

wildfires, tornadoes etc., and a considerable amount of research has been taken 
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(Davidson, 2013; Geiß and Taubenböck, 2013; Joyce et al., 2009). For example, Eguchi 

et al. (2001) developed a change detection algorithm based on difference, correlation, and 

coherence from optical SPOT and SAR ERS satellite imagery before and after the 1999 

Marmara earthquake. With certain critical characteristics (hue, saturation, brightness and 

edge intensity) of building damage, Hasegawa et al. (2000) proposed an automated 

detection method of damaged buildings from aerial HDTV images taken after the 1995 

Kobe earthquake. Bertinelli and Strobl (2013) studied the impacts of hurricanes on local 

economic activities by analyzing the relationship between hurricane destruction and local 

economic activities measured by satellite imagery of nightlights. 

There are two types of remote sensing data commonly used in tornado damage 

assessment: pre-event and post-event data. Pre-event remote sensing data refers to images 

taken before a tornado touchdown and can serve as the reference when “before” and 

“after” images are compared to detect changes.  Those images indicate the geographic 

distribution of buildings, vehicles, trees and other objects, as well as dimension, 

orientation, and other factors of those objects (Davidson, 2013). Post-event remote 

sensing data refers to images collected after a tornado.  

Even though many damage detection methods take into account both pre-event 

and post-event data, post-event data alone is also widely used when the pre-event data is 

unavailable, pre- and post-event data fail to match, fast initial damage assessment and 

rapid responses are required, or human visual interpretation of post-event optical data are 

adopted (Dong and Shan, 2013). For example, with visual interpretation, Brown et al. 

(2012) performed remote sensing surveys on the 2008 “Super Tuesday” tornado from two 

sets of satellite images (one was taken 3 days after the event and the other 5 days after) 

and 2005 hurricane Katrina from two sets of aerial images following the event. By 

tracking debris deposit, Radhika et al. (2012) identified tornado damage paths using a 

texture-wavelet analysis method from post-storm aerial images of the 2006 Saroma, 

Japan EF3 tornado.  

Nevertheless, the development of remote sensing technology in rapidly assessing 

damage after windstorms is still in its infancy. This is in part attributed to a critical 

limitation for satellite and aerial pictures: they usually display the condition of roofs. 
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Thus, it is important to examine how accurately damage ratings of roofs derived from 

remote sensing imagery could be related to the global condition of buildings.  

3.1.3 Remote-sensing damage scale  

Researchers have examined the relationship between damage ratings of roofs 

assessed based on remote sensing imagery and damage ratings of overall buildings based 

on ground-based field surveys (Brown et al., 2012).  Such a relationship is evident 

because the roof damage has a strong correlation with the overall building damage when 

the structure is subject to extreme wind loading (Minor, 2005; Pinelli et al., 2004; Simiu 

and Scanlan, 1996; Womble, 2005). Thus it is feasible to apply remote sensing 

technology to rapidly assess the overall damage of buildings. 

To aid such efforts, Womble (2005) developed a Remote-Sensing (RS) damage 

scale for residential structures. The four-level scale assigns a damage rating, i.e. A, B, C, 

and D, to the roof according to the most severe observed, Table 3.1 shows the description 

of each RS damage rating. 

Table 3.1 Description of Womble’s Remote-Sensing (RS) damage scale for 

residential structures (Womble, 2005) 
Damage Rating Description of most severe physical damage 

RS-A No apparent damage 

RS-B Shingles/tiles removed, leaving decking exposed 

RS-C Decking removed, leaving roof structure exposed 

RS-D Roof structure collapsed or removed. Walls may have collapsed 

 

Nevertheless, Womble (2005) did not examine the relationship between the 

damage states of roofs observed by remote sensing and those of overall buildings by 

ground surveys. In fact, there exist inherent linkages between those two damage states as 

derived from their definitions. Based on the definition given by the HAZUS-MH 

Hurricane (FEMA, 2013; Vickery et al., 2006), the four states of the RS scale have 

descriptions similar to the roof part of the HAZUS hurricane tables of damage states, 

where RS-A corresponds to HAZUS-0 (No damage or very minor damage), RS-B 

corresponds to HAZUS-1 (Minor damage), RS-C corresponds to the combined HAZUS-2 

(Moderate damage) and HAZUS-3 (Severe damage), and RS-D corresponds to HAZUS-4 

(Destruction).  
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To characterize the relationship between the damage states of roofs observed by 

remote sensing and those of overall buildings by ground surveys, Brown et al. (2012) 

used a dataset of damage states (both ground-based damage data and matched remote-

sensing damage data from high resolution satellite imagery) of 271 one- and two-family 

residences (FR12) from the “Super Tuesday” tornado in 2008. Realizing that Womble’s 

four-level damage rating scale was often too coarse to describe damage states of the roof, 

they proposed an alphanumeric RS scale by adding a parameter into the RS scale to 

specify the percentage of damaged area. Damage assessed based on this modified RS 

scale could explain 68.6% of variance in ground survey based damage in the best model 

presented in the study (R
2
=68.6%)  (Brown et al., 2012).  

Notably, RS scales in Womble (2005)  and Brown et al. (2012) were based on the 

most severe damage observed, throwing away potentially valuable information about the 

different states of damage at different parts of a roof. When the damage of a small part of 

the building, i.e., the roof, is used to predict the overall damage of the whole building, the 

adequacy of information is always in question. Additionally, the previous damage 

descriptions of RS scale were not well suited for image processing, which presented 

challenges to automated damage detection.  

3.1.4 Enhanced Remote-Sensing scale and environmental factors 

This study proposes a new scale - the Enhanced Remote-Sensing scale (ERS) - to 

rate building damages from remote sensing images for improved prediction of ground 

damages. Similar to the scales developed by Womble (2005) and Brown et al. (2012), the 

ERS uses A, B, C, D classification and the percentage of damage observed. Different 

from their RS scales, the ERS scale not only considers the most severe damage but also 

tries to include all the damage states observed. For example, the classification of D with 

1-25% of damage is further augmented with information on how much B and C damage 

was observed. In doing so, the ERS scale has been expanded to 36 levels of damage, as 

explained in the Subsection 3.2.2, whereas Womble (2005) has up to four levels of 

damage in his RS scale, Brown et al. (2012) has up to 13 levels of damage in their RS 

scale.  
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The ERS scale improves on previous scales by using not only the maximum 

damage state of roofs but incorporating all damage states based on the remote sensing 

imagery and thus substantially reduces errors in assessing damage states. Accordingly, it 

is expected that the new scale of damage will more accurately predict ground damage 

than previously used remote sensing damage scales.  

Additionally, the information on surrounding damage and debris is included to 

strengthen the use of remote sensing imagery for ground level damage prediction. As 

certain impacts of windstorms are not seeable on top viewing imagery, such as the 

damages to doors, windows, and walls, debris field and surrounding damage could 

function as extra indicators for providing further information about the damage status of 

buildings of interest and reducing uncertainty in the damage prediction.  

3.2 Methodology 

3.2.1 Data collection and processing 

An EF5 tornado occurred in Joplin, Missouri on May 22, 2011, which resulted in 

devastating building damages, 158 fatalities and over 1,000 injuries. The Joplin tornado 

is considered the costliest and the 7th deadliest tornado in U.S. history. The maximum 

estimated wind speed exceeded 322 km hr
-1

 (200 mph). The track length and width were 

estimated at 35.6 km (22.1 miles) and 1.2 km to 1.6 km (3/4 to 1 miles) respectively 

(NWS, 2011b).  

Six days after the Joplin tornado, a damage assessment team from the National 

Wind Institute (NWI) of Texas Tech University (TTU) was deployed. It spent four days 

traveling over 138 km within affected areas and recording 14 hours of high-definition 

ground level video for over 6,000 buildings with two GPS-enabled video cameras. Later, 

50,435 images were extracted and archived in an ArcGIS database. Figure 3.1 shows the 

geographic distribution of 6,579 buildings observed in the survey, overlaid with storm 

intensities determined by the National Weather Service.  Data acquired from other 

sources such as building and parcel information, fatalities, historical records of tornadoes 

in the study areas, census, as well as satellite and aerial images were also added to the 

ArcGIS database.  
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Figure 3.1 Buildings included in the ground survey across the tornado path as 

determined by the National Weather Service  

Source: the track shown in the figure was made by NWS (2011b) 

 

Using the database, damage states of 6,579 buildings observed in the ground 

survey images were manually assessed according to the Degree of Damage (DOD) in the 

EF scale (WISE, 2006). 1,400 one-and two-family residences (FR12) were selected to be 

further rated using remote-sensing imagery. The ERS was assigned by visual 

interpretation, utilizing 0.1 m spatial resolution post-event aerial imagery taken 

approximately 10 days after the tornado (Source: the Geographic Information Services of 

Jasper County, Missouri). Pre-event aerial imagery with spatial resolution of 0.15 m 

taken in 2009 was also made available as reference.  

3.2.2 Measures of building damages 

3.2.3.1 Damage states of the overall building: Degree of Damage  

The overall damage state of a building was indicated by the numerical values of 

Degree of Damage (DOD). Table 3.2 shows the definition of each DOD as well as 

associated wind speeds according to WISE (2006). For example, Figure 3.2 shows the 

ground imagery of two residential structures damaged by 2011 Joplin tornado. The 

building in Figure 3.2 (a) was rated as DOD 4 because more than 20% of the roof 
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covering material was lost and garage door collapsed inward. The building in Figure 3.2 

(b) was rated as DOD 6 because large sections of roof structure were removed but most 

walls remained standing. 

Table 3.2 Description of Degree of Damage (DOD) for one-and two-family 

residences (FR12) (WISE, 2006) 
DOD       Damage Description   Expected 

wind speed* 

(mph) 

Lower bound 

wind speed* 

(mph) 

Upper bound 

wind speed* 

(mph) 

1       Threshold of visible damage   65 53 80 

2   Loss of roof covering material (<20%), 

gutters and/or awning; loss of vinyl or 

metal siding 

79 63 97 

3       Broken glass in windows and doors   96 79 114 

4   Uplift of roof deck and loss of significant 

roof covering material (>20%); collapse 

of chimney; garage doors collapse inward 

or outward; failure of porch or carport 

97 81 116 

5       Entire house shifts of foundation   121 103 141 

6   Large sections of roof structure removed; 

most walls remain standing 

122 104 142 

7       Exterior walls collapse   132 113 153 

8   Most walls collapsed in bottom floor, 

except small interior rooms 

152 127 178 

9       All walls collapsed   170 142 198 

10      Destruction of engineered and/or well-

constructed residence; slab swept clean 

200 165 220 

* The wind speeds shown in this table are 3-second gust speeds in mph (mile per hour) 

 

 
(a) DOD = 4 (TTU #687) 
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(b) DOD = 6 (TTU #254) 

Figure 3.2 Ground imagery of two residential structures damaged by 2011 Joplin 

tornado  

Source: Photographs taken with GPS video camera survey system by NWI of TTU 

 

3.2.3.2 Damage states of the roof: The Enhanced Remote-Sensing scale 

Damage state of a building’s roof was measured with an Enhanced Remote 

Sensing (ERS) scale. The numerical values of the ERS ranged from 0 to 10, 

corresponding to 36 discrete damage states as shown in Table 3.3.  

 

Table 3.3 The Enhanced Remote-Sensing scale for FR12 

State No. ERS Category Numerical Value Processing Code 

0 A 0 000 

1 B 1-25% 1 001 

2 B 26-50% 2 002 

3 B 51%-75% 2.286 003 

4 B >75% 2.571 004 

5 C 1-25% B 1-25% 2.857 011 

6 C 1-25% B 26-50% 3.143 012 

7 C 1-25% B 51-75% 3.429 013 

8 C 1-25% B >75% 3.714 014 

9 C 26-50% B 26-50% 4 022 
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10 C 26-50% B 51-75% 4.125 023 

11 C 26-50% B >75% 4.25 024 

12 C 51-75% B 51-75% 4.375 033 

13 C 51-75% B >75% 4.5 034 

14 C >75% B >75% 4.625 044 

15 D 1-25% C 1-25% B 1-25% 4.75 111 

16 D 1-25% C 1-25% B 26-50% 4.875 112 

17 D 1-25% C 1-25% B 51%-75% 5 113 

18 D 1-25% C 1-25% B >75% 5.125 114 

19 D 1-25% C 26-50% B 26-50 5.25 122 

20 D 1-25% C 26-50% B 51-75% 5.375 123 

21 D 1-25% C 26-50% B >75% 5.5 124 

22 D 1-25% C 51-75% B 51-75% 5.625 133 

23 D 1-25% C 51-75% B >75% 5.75 134 

24 D 1-25% C >75% B >75% 5.875 144 

25 D 26-50% C 26-50% B 26-50%  6 222 

26 D 26-50% C 26-50% B 51-75% 6.333 223 

27 D 26-50% C 26-50% B >75% 6.667 224 

28 D 26-50% C 51-75% B 51-75% 7 233 

29 D 26-50% C 51-75% B >75% 7.333 234 

30 D 26-50% C >75% B >75% 7.667 244 

31 D 51-75% C 51-75% B 51-75%  8 333 

32 D 51-75% C51-75% B >75% 8.333 334 

33 D 51-75% C >75% B >75% 8.667 344 

34 D >75% C >75% B >75% 9 444 

35 Slab swept clean 10 555 

 

Consistent with the RS scales developed by Womble (2005)  and Brown et al. 

(2012), the ERS scale combined an alphabetic RS scale with an indicator of the 

percentage of damage area. It used A, B, C, D to describe damage observed, following 

Womble (2005), and it also specified the percentage of damage (1-25%, 26-50%, 51-

75%, and >75%) related to each level of damage, following Brown et al. (2012). 

Different from RS scales developed by Womble (2005)  and Brown et al. (2012) 

that only assigned the maximum level of damage observed by a portion of the roof to rate 

the whole structure, the ERS scale used a more granular characterization of roof damage, 

taking into account a building might experience different levels of damage. For example, 

a building with Level D damage on some parts of its roof might also exhibit Level B or C 



Texas Tech University, Jianjun Luo, August 2014 

57 

damages on other parts. Consequently, there were a total of 36 damage states defined in 

the ERS scale.  

The numerical values of the ERS were determined according to intrinsic 

relationship with DOD.  First, six key damage states of ERS were identified, namely “A”, 

“B 26-50%”, “C 26-50% B 26-50%”, “D 26-50% C 26-50% B 26-50%”, “D >75% C 

>75% B >75%”, and “Slab swept clean”. Those states were assigned numerical values of 

0, 2, 4, 6, 9, and 10 to match the same numerical values as defined in DOD. After that, 

linear interpolation was applied to calculate proper numerical values for the remaining 30 

damage states. These numerical values are used as values for ERS to predict DOD. It is 

noteworthy that the choice of numerical values could potentially affect model 

performance. More detailed discussion on an alternative value assignment and 

corresponding model performance are included in Appendix C.  

Furthermore, each level of damage was assigned a unique processing code that 

was not directly used in the data analysis but was developed for easier coding. The 

processing code system was carefully designed for image processing and could be easily 

transferred into computer data structure for future automated damage detection. The code 

uses three digits numbers to describe the damage percentage of D, C, and B, in order. For 

example, for ERS damage state “D 26-50% C 51-75% B 51-75%”, the processing code is 

233. The first digit “2” suggests that the D level damage is 26-50%, the second digit “3” 

suggests that the C level damage is 51-75%, and the third digit “3” suggests that the B 

level damage is 51-75%. Similarly, for ERS damage state “D >75% C >75% B >75%”, 

the processing code is 444, suggesting that all three possible damage levels are at their 

maximum, i.e., 4. Code 555 is reserved for the situation when the slab is swept clean.  

Figure 3.3 shows the aerial imagery of the same two residential structures 

presented in Figure 3.2. The roof damage states of these two buildings were rated with 

ERS, which is summarized in Table 3.4. In addition to the ERS rating, ratings based on 

RS scales from Womble and Brown et al. are also provided to compare the differences 

among these three kinds of RS scales. For Figure 3.3 (a), because the most severe damage 

located at the middle of the roof was “Decking removed, leaving roof structure exposed”, 

Womble would rate the roof as C level damage. Brown et al. would further consider the 
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percentage of this most severe damage area in the roof, which is 1-25%, and rate the roof 

damage as “C 1-25%”. Using ERS scale, the building was rated as “C 1-25% B 51-75%” 

because of about 51% to 75% of B level damage (the shingles removed and leaving 

decking exposed) in addition to less than 25% of C level damage. For Figure 3.3 (b), the 

building was rated as “D 1-25% C >75% B >75%” based on the ERS since there were 

less than 25% roof structure removed at the bottom left corner (D 1-25%), almost all the 

roof structure exposed (C >75%), and all the singles/tiles removed from the roof (B 

>75%). In contrast, the building would be rated as D and “D 1-25%” based on Womble 

and Brown et al. respectively.  

 

 
(a) ERS Rating: “C 1-25% B 51-75%” (TTU #687) 
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(b) ERS Rating: “D 1-25% C >75% B >75%” (TTU #254) 

Figure 3.3 Aerial imagery of two residential structures damaged by 2011 Joplin 

tornado  

Source: the Geographic Information Services of Jasper County, Missouri 

 

Table 3.4 Results from three different damage rating systems 
Sample  RS (Womble) RS (Brown et al.) ERS  

(a) TTU #687 C C 1-25% C 1-25% B 51-75% 

(b) TTU #254 D D 1-25% D 1-25% C >75% B >75% 

 

3.2.3 Model development and performance 

Ordinary Least Square regression (OLS) and Ordinal Response regression (ORR) 

were used to estimate the relationship between ground-based damage rating characterized 

by DOD using EF Scale and remotely-sensed damage rating characterized by the newly 

developed ERS scale.  
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Coefficient of determination R
2
 and pseudo R

2
 were used to evaluate the 

goodness-of-fit of the model for OLS and ORR respectively. A major difference between 

an OLS model and an ORR model is whether the outcome variable could be assumed to 

be a continuous variable as in OLS or could be assumed to be an ordered categorical 

variable as in an ORR. According to the definition of degree of damage for building, 

DOD could only have discrete values in the 0-10 range. Thus, the normal distribution 

assumption of OLS model is violated when the outcome is a discrete variable because the 

normal distribution is a continuous probability distribution of variables with infinite 

range. In contrast, the dependent variable is assumed to be an ordered categorical variable 

in ORR model. Consequently, ORR is a better fit for the research question. Nevertheless, 

for the purpose of comparing to previous studies which used OLS, especially the work by 

Brown et al. (2012), OLS was also used in the analysis.  

When ERS is 0 (i.e., no damage is visually detected from the remote sensed 

image), the actual condition of the building could have one of the following possibilities: 

1) The building had minor damage, but the roof may have no damage or 

minor damage that was difficult to detect by visual examination. In this 

case, even though ERS is 0, the actual DOD of the building is not 0.  

2) The building was not damaged by the tornado at all. It was likely to be 

located outside the tornado track. If it was on the tornado track, it either 

withstood or was spared by the tornado wind. In this case, both ERS and 

DOD ought to be 0.  

As the purpose of this study was to evaluate the ability of the ERS scale to rapidly 

and reliably assess tornado damage of buildings using remote sensing images, buildings 

located far outside the track were eliminated from the sample set. However, for buildings 

located near the boundary of the storm track, it was reasonable to assume that ones with 

ERS 0 and no surrounding debris or building damages sustained no wind damage. Here 

an indicator was used to record the environmental factors around a building, indicating 

whether there was no debris or damage observed within a 20 meters radius around the 

building. As the result, 82 buildings meeting such a criterion were eliminated from the 
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sample set. The regression analysis was conducted on this constrained sample set, which 

contains 1,318 FR12 buildings. 

The performance of the model was further evaluated with splitting sample 

validation method. Splitting sample validation is a kind of internal validation, which 

randomly divides the dataset into two parts with one used as the training set to train a 

model and the remaining one used as the test set to examine the accuracy of the model. 

Because single data splitting is not reliable, in practice ten-fold cross-validation is often 

used. For the ten-fold cross-validation, the dataset is divided into 10 groups, with nine of 

them used to train a model and the remaining one used to validate the model. 

Furthermore, to reduce variability, this ten-fold cross-validation is usually repeated 

multiple times and the indicators for the accuracy of a model (e.g., R
2
 in OLS regression) 

are averaged (Cassell, 2007; Harrell, 2001).  

In this study, ten-fold cross-validation was used and repeated 1,000 times for 

better precision. For OLS model, R
2
 was chosen as the indicator of accuracy. The R

2
 was 

averaged across all the 1,000 test sets. A minimum decrease of R
2
 from the best-fit-model 

would indicate robustness of the model. For ORR model, the Pearson correlation 

coefficient (r) between the frequencies of DOD predicted by the model built using the 

training set and the raw frequencies of DOD in the test data set was chosen for the 

evaluation of the model performance.   

3.3 Results 

3.3.1 The distribution of the measures 

Figure 3.4 (a)-(c) presents the univariate and bivariate distribution of ERS 

numerical value (abbreviated as ERS in latter discussion) and DOD. ERS was 

concentrated on the lower levels of damage (0-2) while DOD was concentrated on the 

lower levels of damage (1-4). Correspondingly, the bivariate distribution was skewed 

toward the lowest levels of DOD and ERS.  
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(a) Univariate distribution of ERS 

 

 
(b) Univariate distribution of DOD 
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(c) Bivariate distribution of ERS and DOD 

Figure 3.4 Univariate and bivariate distribution of ERS and DOD 

 

3.3.2 Ordinary Least Square Regression model 

Table 3.5 presents results from Ordinary Least Square Regression. The model 

could be written as  

                          (3-2) 

where ε is a random error.  

The model had a high R
2
, which means the model could explain 94.3% of 

variance in DOD, suggesting ERS is a strong predictor for DOD with high accuracy.  

Table 3.5 Ordinary Least Square Regression of DOD on ERS damage state 

 
Coefficient Standard Error p Value 

ERS 0.853 0.006 <0.0001 

Constant 1.075 0.026 <0.0001 

  
  

N 1318   

F (DF) 21693.1 (1)  <0.001 

R
2
 0.943   
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Figure 3.5 presents the 95% confidence limits and the prediction limits of the 

DOD based on ERS along with the actual observation. It helps to visualize the accuracy 

of using ERS to predict DOD. The confidence limits, the two lines almost overlapping 

with the regression line, show the interval estimate of the mean, whereas prediction limits, 

the two dotted lines on the two sides of the regression line, show the interval estimate of 

data observations. In the model, most observations of DOD fell within the prediction 

limits and there was a clear linear relationship between ERS and DOD. 

 

Figure 3.5 Statistical relationship between ERS damage state and DOD in 

windstorm with 95% confidence interval and prediction interval  

 

Additionally, the 1,000 times ten-fold cross-validation resulted in an average R
2
 

of 0.942 across all the 1,000 test sets, which was almost identical to R
2
 in the model. 

Furthermore, of all those 1,000 R
2
, the minimum value of R

2
 was 0.904, the maximum 
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was 0.970, and the standard deviation was 0.010. Thus, it provided a strong evidence for 

the robustness of the model.   

3.3.3 Ordinal Response Regression model 

Table 3.6 presents the results from Ordinal Response Regression. In this model, 

the response variable DOD has 11 levels (0, 1, 2, ..., 10). Similar to OLS model, ORR 

model had a high pseudo R
2
, which also indicates that damage states evaluated based on 

the ERS scale could predict ground level damage with remarkable precision. 

Table 3.6 Ordinal Response regression of DOD on ERS damage state 

 
Coefficient Standard Error 

Intercept 0 -1.503 0.158 

Intercept 1 1.3634 0.085 

Intercept 2 2.818 0.105 

Intercept 3 4.926 0.148 

Intercept 4 8.405 0.271 

Intercept 5 8.548 0.273 

Intercept 6 11.656 0.366 

Intercept 7 14.235 0.456 

Intercept 8 16.166 0.498 

Intercept 9 17.591 0.529 

ERS -1.832 0.056 

  
 

N 1318  

Pseudo-R
2
 0.927  

Max-rescaled R
2
 0.942  

 

Normit link function, the inverse of the cumulative standard normal distribution 

function, was used in the ORR, as shown in Figure 3.6. The equations of cumulative 

probabilities in terms of link function could be written as: 

   ( ̂(     )) -     -             (3-3) 

   ( ̂(     ))                     (3-4) 

   ( ̂(     ))                     (3-5) 

   ( ̂(     ))                     (3-6) 

   ( ̂(     ))                     (3-7) 
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   ( ̂(     ))                     (3-8) 

   ( ̂(     ))                      (3-9) 

   ( ̂(     ))                      (3-10) 

   ( ̂(     ))                      (3-11) 

   ( ̂(     ))                      (3-12) 

where  

 ( )  
 

√  
∫   

 

 
    

 

  
     (3-13) 

Thus, when ERS takes a higher value, it is more likely to have a higher DOD than 

smaller ones. The estimated probabilities of DODs by ERS are shown in Figure 3.7.  

 

Figure 3.6 Estimated normits of ORR  
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Figure 3.7 Estimated probabilities of DODs by ERS 

 

With ORR model, the outputs are the probabilities of each DOD given an ERS, 

instead of a particular expected value such as the one in the OLS model. For example, 

when ERS is “B 1-25%”, the DOD could be 2 with the highest probability of 0.518, 

followed by DOD 1 with the probability of 0.319, DOD 3 with 0.161, and very low 

probabilities of being DOD 0, DOD 4, DOD 5, DOD 6, etc.. 

To further clarify, for each ERS damage category, the percentage distribution of 

DOD from observations and that from ORR model were compared, as displayed in 

Figure 3.8 (a)-(i). It shows that in most case, those two distributions fit very well. Lack of 

observations in some ERS is possibly the main reason for some discrepancies between 

observed values and the expected values from model. Moreover, it is noteworthy that the 

model predicts the probabilities even for some ERS where there was no observation at all.  
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(a) ERS states 0-3 (N is the number of observations) 
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(b) ERS states 4-7 (N is the number of observations) 
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(c) ERS states 8-11 (N is the number of observations) 
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(d) ERS states 12-15 (N is the number of observations) 
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(e) ERS states 16-19 (N is the number of observations) 
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(f) ERS states 20-23 (N is the number of observations) 
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(g) ERS states 24-27 (N is the number of observations) 
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(h) ERS states 28-31 (N is the number of observations) 
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(i) ERS states 32-35 (N is the number of observations) 

Figure 3.8 Comparison of the percentage distribution of DOD given ERS between 

observations and predictions from ORR  
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Figure 3.9 displays the overall percentage distribution of DOD in the observations 

and that from the prediction by the ORR model.  It shows the data produced by the model 

reasonably match the data of reality. The Pearson correlation coefficient (r) between 

those two data sets was 0.998. 

 

Figure 3.9 Comparison of the percentage distribution of DOD predicted by the ORR 

model and the raw percentage in the observations 
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3.4 Discussion 

In this study, an enhanced remote sensing damage scale (ERS) is proposed to rate 

residential building damages solely based on remote sensing imagery. Statistical models 

are developed to examine the relationships between the roof damage rated by the ERS 

and the ground truth provided by the EF scale.   

The models performed very well and provided consistent results. In the OLS 

models, ERS explained about 94% of the variance in DOD based on ground survey of the 

damage states of buildings, which was remarkably higher than that in Brown et al. (2012). 

Although the assumption of OLS was violated because the outcome was a discrete 

variable, the OLS model is parsimonious and could provide valuable guidance for the 

actual application of ERS in rapidly assessing damage states of residential buildings. On 

the other hand, ORR model predicts the distribution of DOD given ERS, which is very 

useful for the application of damage simulation. Overall, these models would be excellent 

tools for emergency managers during disaster relief efforts. 

The reasons that ERS outperforms previous remote sensing scales could be 

explained as follows. First, the ERS is designed to preserve and use additional 

information extracted from remote sensed imagery by reporting on the damage states of 

multiple components of a single building. In contrast, RS scales (Brown et al., 2012; 

Womble, 2005) only considers the most severe damage observed and led to the loss of 

valuable information on lesser damages. As remote sensing imagery has already been 

constrained in term of its ability to detect building conditions, extra information provided 

by the ERS proves intrinsically advantageous.  

In addition, the imagery spatial resolution used in this study is higher than that in 

previous studies using RS scales (Brown et al., 2012; Womble, 2005). Generally 

speaking, finer resolution offers more details and greater capability to detect damages. 

Jensen and Cowen (1999) studied the temporal and spatial resolution requirements for 

remote sensing of urban/suburban infrastructure. They recommended a minimum 

resolution for building and property infrastructure of 0.25 m - 0.5 m. Bolus and 

Bruzewicz (2002) examined the optimal resolution for differentiating roof structures. 
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They suggested that the resolution of 0.2 m (8 inch) was needed for the differentiation of 

individual roof rafters. However, due to the limited resolution of satellite remote sensing 

images available at that time, Brown et al. (2012) used the remote sensing imagery with 

spatial resolutions of 0.5 m and 0.61 m in their study on the 2008 Super Tuesday tornado, 

less than the suggested resolution. In contrast, the aerial remote sensing imagery used in 

this study has a resolution of 0.1 m, well suited for the detailed classification in the ERS.  

Furthermore, the dataset used in Brown et al. (2012) did not contain sufficient 

numbers of buildings with high levels of damage and most of the data used for the model 

fitting were at low and moderate damage states (i.e. DOD 4 or lower, and RS-B or lower) 

with very few buildings (2%) rated DOD 7 or above, which limited the power of the 

models. In contrast, this study includes 262 (18.7%) buildings rated as DOD 7 or above, 

increasing the power of the model in predicting higher levels of damage.  

This study also highlights the necessity to include surrounding environment as a 

sampling technique for delineate the boundary of tornado track. By focusing only on 

buildings located within the track, the uncertainty in model prediction due to differences 

in sampling methods is reduced. The intercept of OLS model suggests that the expected 

ground level damage was close to 1 (i.e. threshold of visible damage) even when ERS 

was 0, and ORR model also suggests the probability of ground level damage to be 1 is 

much higher than that to be 0, 2, 3 or other value given ERS was 0. This is consistent 

with field observations as the majority of buildings sustained debris damages to walls or 

openings not shown on remote sensing imagery. Thus, the inclusion of the surrounding 

environment helps increase the performance of the model. 

Another advantage of ERS is the clear and simple description of roof damage to 

minimize human biases. In contrast, DOD has a more complex syntax in which different 

building components and their damage levels are considered. From my own experience, 

rating with ERS could approximately be done ten times faster than rating with DOD for a 

trained evaluator. Furthermore, the inconsistency of the subjective assessment of DOD is 

always a big concern, and sometimes even experts do not agree with each other on the 

level of DOD for same buildings (Edwards et al., 2013; NIST, 2013).   
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With a detailed classification structure, the development of ERS is laying the 

foundation for automated damage detection. The potential benefit of using remote 

sensing to collect information declines with time following a disaster because other 

methods of collecting information become available (Hodgson et al., 2010). The timely 

analysis of remote sensing data can be enhanced with automated image processing. But 

these methods have not yet been fully developed and tested, leaving analyses heavily 

relying on visual and manual interpretation for the immediate impacts of disasters 

(Battersby et al., 2012; Joyce et al., 2009). Lack of robust damage detection algorithms 

and tools substantially limits the application of remote sensing technology in hazard 

monitoring, detection, and evaluation (Joyce et al., 2009). 

As aerial damage survey used in the study was conducted 10 days after the 

tornado, some debris had been removed and minor damage had been repaired. This could 

have limited the accuracy of damage assessment for buildings especially for those with 

low levels of damage. Aerial surveys, that are able to obtain high-resolution imagery, 

often lag considerably the actual events or are unavailable due to technical and financial 

challenges. In contrast, satellite-based surveys should cost less and have greater coverage, 

but image resolution is much lower. Nevertheless, as the technology improves, higher 

resolution satellite imagery will become available. In addition, other emerging 

technologies such as unmanned aerial vehicles (UAV) may someday become a preferred 

method for rapid damage survey (Adams and Friedland, 2011; Adams et al., 2012, 2010; 

DeBusk, 2010). Those advancement in technology will further strength the use of remote 

sensing imagery for rapid assessment of damage.  

3.5 Conclusion and future work 

This study proposes an Enhanced Remote Sensing scale and examines the 

relationships between roof damage rated with the ERS and the overall condition of the 

buildings rated with the DOD. The model developed demonstrates a high capability to 

predict overall damage of buildings because the ERS scale utilizes more information 

available in high resolution aerial remote sensing imagery and thus describes the roof 

damage with more accuracy.  
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The study develops methods and tools that promote the application of remote 

sensing in practice. Remote sensing has been proposed by researchers as a timely and 

cost-effective way to assess ground level damage. It is known that roof damage has a 

strong correlation with overall building damage due to wind; thus it is reasonable to use 

remote sensing imagery of roofs to estimate overall building damage. However, broader 

use of remote sensing technology in post windstorm damage assessment would call for 

more robust methods and tools. This study provides strong empirical evidence that 

remote sensing can be used to reliably assess building’s damage states and the 

consideration of surrounding environment substantially increases the accuracy.  

One topic of future work is to examine the effectiveness of ERS when applied to 

other occupancy types (e.g. apartments, motels, malls, mobile home). As there were 28 

damage indicators (DIs) adopted in the EF scale (WISE, 2006), additional datasets could 

be collected and analyzed, resulting in different models for different types of DIs.  

In addition, advanced technologies such as oblique imagery heavily used in a 

recent 2013 Moore, OK tornado are able to identify damage to windows, roof undersides, 

siding, etc, providing extra pieces of information for the future improvement to ERS  

Another topic involves the applicability of ERS to the cases of hurricanes and 

straight-line wind damages. Failure mechanisms differ among those types of extreme 

wind events, and the correlation between RS-derived damage rating and ground truth 

may vary (Haan et al., 2010; Kopp and Morrison, 2010; Marshall, 2008; Simiu and 

Scanlan, 1996). With similar methods, datasets collected from events such as Hurricane 

Katrina and Hurricane Ike could be analyzed. The result may then shed light on whether 

the same models and parameters can be adopted regardless of wind hazard types or 

whether adjustments should be made.  

Furthermore, the potential use of ERS to estimate insured loss could be explored. 

In loss models, insured loss is not linearly correlated with the severity of damage. When 

damage exceeds a certain level, the building would be beyond repair and need to be 

demolished, recording a total loss. In the Florida public hurricane loss model, when 

damage on a residential building exceeds 50%, the total loss will be set to 100% (Hamid, 
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2007). In HAZUS-MH Hurricane, replacement thresholds are defined as the levels 

beyond which building components should be completely replaced. For example, the 

replacement thresholds were set at 2.5% for roof covering and at 5% for roof sheathing 

(FEMA, 2013). With a better capability in detecting and classifying damages, the ERS 

could be well suited to quickly assess the economic losses after a major windstorm.  
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CHAPTER 4  

NUMBER OF WARNING INFORMATION SOURCES AND 

PERSONAL DECISION MAKING DURING TORNADOES 

Abstract.  
Taking proper protective action upon receiving tornado warnings is critical for saving 

lives and reducing casualties. People have the potential to access tornado warnings than ever 

before thanks to technological advances. While it seems intuitive to increase warning information 

sources in order to encourage people to take protective action, how the number of such 

information sources affect personal decision making has rarely been quantitatively investigated. 

The purpose of this study was to examine how the number of information sources from 

which respondents of a telephone survey received tornado warnings affected their decision to take 

protective action. This study also identified predictors for the number of warning information 

sources received.  

A telephone survey based on random sampling was conducted in 2012 with residents in 

Tuscaloosa, Alabama and Joplin, Missouri. Both cities experienced significant damages, injuries, 

and fatalities after violent tornadoes (EF4 and EF5) in 2011. The survey included 1,006 finished 

interviews. The analysis was conducted in 2013.  

Results from logistic regression showed that an increase in the number of warning 

information sources significantly elevated respondents’ likelihood of deciding to take protective 

action in Joplin but not in Tuscaloosa. Poisson regression and Zero Inflated Poisson (ZIP) 

regression showed that older age and having an emergency preparation plan were predictors for 

more warning information sources in both cities; higher levels of education predicted more 

warning information sources and being single was associated with fewer warning information 

sources in Tuscaloosa but not Joplin. In Joplin, ZIP regression showed that female and those with 

higher levels of education and an emergency plan were less likely to report no warning 

information sources and those who were single were more likely to do so relative to those who 

were married.  

The findings suggest that historical and social contexts are important for examining 

predictors for the number of warning sources and its effects on people’s decision making. It is 

crucial for emergency management agencies and public health officials to target those places 

when allocating limited resources to promote protective action and reduce casualties. 

Keywords: tornadoes; warning; warning information sources; protective action; social disparity  

4.1 Introduction 

With an average count of over 1,000 tornado touchdowns a year, the United 

States has more annual number of tornado events than any other country in the world 

(Goliger and Milford, 1998). Most tornadoes occur in the so called “Tornado Alley” 

region, stretching across the Central Plains from Minnesota to Wyoming to Texas, though 

tornadoes also occur outside the Alley, such as portions of the southeastern USA (Boruff 

et al., 2003; Dixon et al., 2011). Since tornadoes are difficult to forecast accurately and a 

large number of people live in those areas, these kind of events result in huge damages 
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and  impose a heavy toll on properties, people's health, and even lives, and could cause 

serious long-term consequences (Bourque et al., 2007; Simmons and Sutter, 2011, 2005). 

Tornado warnings play a critical role in saving lives because taking proper 

protective action, such as taking shelter, is a key factor to reduce fatalities and injuries 

(Hammer and Schmidlin, 2002; Paul and Stimers, 2012). Ignoring warnings could lead to 

devastating consequences. For example, high casualties from the Joplin tornado were in 

part attributed to people’s ignoring tornado warnings (Paul and Stimers, 2012).  

Meanwhile, an national average of 13 minutes’ lead time in tornado warnings from the 

National Weather Service (NWS) has somewhat limited the potential for people to shelter 

from the hazard (Hoekstra et al., 2011). In addition, high false alarm rates have been 

identified as a major reason that people did not respond properly to warnings (NIST, 

2013; Simmons and Sutter, 2011). During 2008, approximately 75% of tornado warnings 

issued by NWS were false alarms (Brotzge et al., 2011). Nevertheless, when the 

improvement of technology has allowed for certain lead time in tornado warnings for 

people to take protective action, the understanding of social mechanisms and individual 

behaviors centering on responses to warnings is especially important (Hoekstra et al., 

2011; Simmons and Sutter, 2008). 

People typically received warnings through different information sources 

(Coleman et al., 2011). One study showed that television and warning sirens were the 

most common means of receiving warnings (Balluz et al., 2000), while another study 

identified cell phones, computer instant messaging, and interpersonal communication as 

the most important information sources at a university although their relative importance 

was different among students and employees (Sherman-Morris, 2010). Previous studies 

have found that the information sources of warning are significantly related to subsequent 

actions; for example, those who watched TV were most likely to take shelter, followed by 

those who received warnings from siren; respondents were least likely to take shelter 

when the warning was issued in commercial radio (Balluz et al., 2000).  

With increased access to Internet and mobile applications, people can receive 

warnings from more information sources and use a combination of different information 

sources of warnings to make decisions (Coleman et al., 2011; Dow and Cutter, 1998). For 
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example, a study on wildfire in 2002 found that over 75% of respondents used more than 

one source of information (mainly television, phone, newspaper, and the Internet) for 

warnings, 50% used three or more sources, 35% used 4 or more sources, and 15% used 5 

or more information sources (Benight et al., 2004). Specifically, people have an increased 

likelihood of receiving and using private sector warnings (e.g. from commercial websites, 

the Weather Channel, and cell phones) relative to the public top-down model warnings 

(Benight et al., 2004; Dow and Cutter, 1998). Recent growth in social media such as 

Facebook and Twitter has further increased the potential of receiving warnings from 

private sources (Durage et al., 2013).  

The number of warning information sources that residents received warnings from 

could possibly promote compliance to warnings because it reduces the threat denial and 

increases the perception and personalization of the risk (Drabek, 1999; Mileti, 1999). 

However, little empirical evidence exists about the association between the number of 

information sources of warnings received and taking protective action at the individual 

level. In addition, little is known about predictors for the number of sources. In this study, 

the following two research questions were formulated:  

1) How is the number of information sources of warnings received associated 

with taking protective action by individuals?  

2) What are factors affecting the number of information sources of warnings 

received?  

The study used data collected from two cities, Tuscaloosa AL and Joplin MO, 

which were hit by EF4 and EF5 tornadoes in 2011. Both tornado events were well 

warned but witnessed astounding casualties (Paul and Stimers, 2012; Simmons and Sutter, 

2012b). This has triggered wide discussion about the effectiveness of the warning 

communication (NIST, 2013; NWS, 2011a, 2011c; Simmons and Sutter, 2012a). In 

addition, the differences between these two cities provide opportunities to examine the 

proposed research questions under different social and historical contexts.  
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4.2 Methods 

4.2.1 Subjects and survey instrument 

The data were obtained in October, 2012, about one year after two violent 

tornadoes occurred in 2011: a EF5 tornado that hit Joplin, Missouri and caused over 160 

fatalities and 1,000 injuries, and a EF4 tornado that hit Tuscaloosa, Alabama and caused 

over 60 fatalities and 1,500 injuries (NWS, 2011b, 2011d).  

The sample included 2,383 telephone numbers randomly selected from zip codes 

of 35401 and 35406 in Tuscaloosa, which included 17,121 households, and 2,557 

telephone numbers randomly selected from zip code of 64804 in Joplin, which included 

15,462 households. These zip codes were selected because they overlapped with the path 

of tornadoes. A telephone survey was conducted with respondents aged 18 and older after 

the approval by the Institutional Review Board of Texas Tech University (The IRB 

approval letter is provided in Appendix D). During the survey, each telephone number 

was called up to five times, depending on the day and time to ensure many opportunities 

to contact possible respondents. Response rates were calculated using American 

Association for Public Opinion Research (AAPOR) Response Rate 1 (RR1) definitions. 

The response rates were 22.77% and 22.87% in Tuscaloosa and Joplin respectively. 

Altogether, 1,006 interviews were completed.  

Based on the research questions, the sample was constrained to the 962 

respondents who gave valid answers concerning the number of warning sources. Listwise 

deletion of the missing values in variables in further reduced the sample size to 903 

respondents in the analysis of predictors for the number of warning sources. Table 4.1 

showed the distribution of the number of warning information sources in the whole 

sample (N=962) and in the constrained working sample (N=903). For the analysis of how 

the number of warning information sources affected individuals’ responses (i.e., research 

question 1), the sample was further constrained by eliminating respondents who did not 

receive warnings before the tornadoes and who did not have valid answers for individuals’ 

questions. Consequently, 782 cases remained in the sample that analysis.   
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4.2.2 Measures 

For the first research question, the outcome was a dichotomous variable indicating 

whether respondents took protective action or not upon receiving tornado warnings. 

Respondents’ responses to tornadoes in the telephone survey included: ignored it, stayed 

where you were, took shelter in the current building, took shelter in a nearby building, or 

tried to outrun the tornado. Taking protective action (or intending to) included took 

shelter either in the current building or in a nearby building and tried to outrun. Not 

taking protective action included ignoring the warning or staying where they were. Since 

the choice “took shelter in the current building” was offered, respondents who reported 

“stay where you were” did not even take protective action in their current buildings and 

made minimum efforts to protect themselves and thus were counted as those who did not 

take protective action.  

The key predictor in the first research question is the number of warning sources. 

A question in the survey was asked about whether the respondents received a warning 

before the tornado. If the answer was yes, a follow-up question was asked: How did you 

receive a tornado warning? Respondents were checked whether they received warnings 

from the following ten information sources one by one: TV, Radio, Phone, In-Person 

Communication, Email, News, Website, Social network (e.g. Facebook, Twitter, or 

Message Board), Tornado sighting, and Tornado siren. Respondents chose all the 

information sources they received the warnings from and the number of information 

sources was then counted, with zero meaning that the respondents did not receive any 

warning. Table 4.1 summarized the distribution of the number of information sources in 

the sample.  

 

Table 4.1 Distribution of the number of warning information sources (%) 
 Whole Sample Constrained Working Sample 

Number  Total 

(N=962) 

Tuscaloosa 

(n = 484) 

Joplin 

(n = 478) 

Total 

(N=903) 

Tuscaloosa 

(n = 453) 

Joplin 

(n = 450) 

0 13.62 6.20 21.13 13.40 6.18 20.67 

1 15.8 9.50 22.18 15.95 9.71 22.22 

2 17.88 10.95 24.90 17.72 10.82 24.67 

3 14.24 17.15 11.30 13.73 15.67 11.78 

4 12.68 14.46 10.88 13.18 15.01 11.33 

5 10.50 15.5 5.44 10.74 16.11 5.33 
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6 7.48 12.19 2.72 7.86 13.02 2.67 

7 4.37 8.06 0.63 4.21 7.73 0.67 

8 2.18 3.72 0.63 2.10 3.53 0.67 

9 0.62 1.24 0.00 0.66 1.32 0.00 

10 0.62 1.03 0.21 0.44 0.88 0.00 

Total 100.00 100.00 100.00 100.00 100.00 100.00 

 

Respondents’ socio-demographic factors as well as their functional limitations 

were used as controlling variables when the relationship between the number of warning 

information sources received and decision-making was examined. This helped to 

eliminate the possibility of spuriousness, i.e., the observed relationship between the 

number of warning information sources and decision-making was caused by their shared 

variances with those socio-demographic factors and functional limitations.  

Age was categorized into 4 groups, 19-39, 40-49 (reference), 50-64, and 65 and 

above. The actual chronological age was not used because the relationships between age 

and the number of information sources may not necessarily be linear.  Other socio-

demographic factors included gender (0=male, 1=female), level of education (high school 

or less (reference), some college, and college graduate), marital status (married 

(reference), divorced, and unmarried and others), and race (1=white, 0=others). Four 

indicators of functional limitations were included by asking: how much difficulty you had 

with 1) walking, 2) running, 3) vision, and 4) hearing. The choices were: 1 No difficulty, 

2 Mild, 3 Moderate, 4 Severe, 5 Could not walk/run/see/hear. Because of the skewed 

distribution of these variables, these four variables were dichotomized respectively, with 

0 meaning no difficulty and 1 meaning having difficulties.  

For the second research question, the outcome variable was the number of 

warning sources. Predictors included the socio-demographic factors and functional 

limitations that were used as control variables in the first research question.  

4.2.3 Statistical analysis 

Logistic regression was used to examine the relationship between the number of 

information sources and taking protective action. The dependent variable for the second 

research question is a count variable, which is usually modeled with Poisson regression. 
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When there are excess zeroes, Zero Inflated Poisson regression (ZIP) is preferred. Two 

sets of parameters are estimated with ZIP. One is for a Zero-Inflation model that uses a 

logit model to estimate predictors for membership in a latent class where respondents 

received zero warnings with a probability of 1 vs. not in that class. The other is for a 

count model that estimates factors influencing the number of warning sources among 

those who did not always receive zero warnings, which is assumed to be from a Poisson 

distribution. Both Poisson and ZIP regression were used and compared in respect to how 

well they fit the data. The analysis was conducted with SAS 9.4 (SAS Institute Inc., 2013) 

for Tuscaloosa, Joplin, and the whole sample respectively. In the analysis of the whole 

sample, a variable indicating where the data were collected was coded “0” for Tuscaloosa 

and “1” for Joplin.  

4.3 Results 

Table 4.2 showed the characteristics of the two working samples used for the 

analyses (N=903 and N=782).  T-test and χ
2
 test were used to examine whether 

Tuscaloosa and Joplin residents were significantly different from each other in each 

working sample respectively. The results were consistent across the two working samples, 

except that in the bigger working sample higher percentage of Tuscaloosa residents had 

emergency preparation plan than Joplin residents did. Only the characteristics of the 

working sample with 903 respondents were reported. 79.47% Tuscaloosa respondents 

and 75.56% Joplin respondents responded to the tornado by taking protective action; the 

response patterns were not significantly different between the two cities. Tuscaloosa 

residents had significant more warning information sources (M = 4.00, SD = 2.25) than 

Joplin residents had (M = 2.05, SD = 1.71). The average ages in Tuscaloosa (M = 51.27, 

SD = 14.40) and Joplin (M = 49.38, SD = 14.46) were not significantly different from 

each other, but how respondents were distributed among different age groups were 

significantly different. Similar percentages of respondents were female in Tuscaloosa 

(66.89%) and Joplin (61.78%). Joplin had significantly higher percentage of White 

(91.33%) than Tuscaloosa (67.99%) did.  
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Around 60.69% respondents were married, 9.19% were divorced, and 30.12% 

were unmarried and others. No significant differences were found concerning these 

percentages in the two cities. Tuscaloosa respondents had higher levels of education than 

Joplin respondents did. Among Tuscaloosa respondents, 24.06% had high school or less, 

19.21% had some college, and 56.73% had bachelor degree or more. Among Joplin 

respondents, 27.33% had high school or less education, 29.11% had some college 

education, and 43.56% had bachelor degree or more.  

Higher percentage of Tuscaloosa respondents in the working sample (61.15%) 

had emergency preparation plan than Joplin respondents did (53.33%) and this difference 

was significant. For the total sample, 9.97% of respondents had difficulties with walking 

and 39.98% had difficulties with running. No significant difference was found 

concerning these percentages in the two cities. Joplin respondents had significantly 

higher percentage of vision (14.00%) and hearing difficulties (7.78%) than Tuscaloosa 

respondents did (6.62% and 3.75%).  

As seen in Table 4.3, two models were estimated for the total working sample, 

Tuscaloosa, and Joplin respectively. Model 1 for the Tuscaloosa and Joplin residents 

showed the raw association between the number of warnings sources and the likelihood 

of taking protective action. Model 1 for the total working sample also controlled for 

whether the data were collected in Tuscaloosa or Joplin. Other controls were introduced 

in Model 2. For the total sample, the number of information sources showed significant 

effects on taking protective action in Model 1 (Odds Ratio (OR) = 1.13, CI = 1.02, 1.26), 

but adding other control variables reduced the effect to being not significant in Model 2 

(OR = 1.07, CI = 0.95, 1.20). In Tuscaloosa, the number of warning information sources 

did not significantly increase the odds of taking shelter either in Model 1 (OR = 1.07, CI 

= 0.94, 1.21) or Model 2 (OR = 0.96, CI = 0.83, 1.12). In contrast, for Joplin residents the 

number of warning information sources significantly increased the odds of taking shelter 

in Model 1 (OR =1.29, CI = 1.05, 1.58) and in Model 2 (OR =1.27, CI = 1.01, 1.58). 

Other variables that significantly increased the odds of taking protective action 

included having an emergency preparation plan in the whole sample (OR = 2.17, CI = 

1.48, 3.19), in Tuscaloosa (OR = 1.89, CI = 1.09, 3.28), and in Joplin (OR = 2.58, CI = 
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1.46, 4.57), being white in Tuscaloosa (OR = 1.88, CI = 1.03, 3.45), and being older in 

the whole sample (OR = 2.23, CI = 1.13, 4.40 for those aged 65 and above relative to 

those aged 40-49).   

As seen in Table 4.4, for the total sample, ZIP regression was preferred over 

Poisson regression. In the first place, there seemed to be excess zeroes in the outcome 

(13.40%). In addition, ZIP had slightly better model fit (e.g., AIC and Pearson χ2/DF) 

than Poisson regression did. Figure 4.1 shows the comparison between observed 

probabilities and predicted probabilities from the Poisson and ZIP model. The Poisson 

model clearly underestimated the proportion of those who received zero warnings but the 

ZIP model worked well here. Both models performed well at the larger numbers of 

warning information sources. Nevertheless, significant predictors were approximately 

consistent across two models. The significant predictors for the number of information 

sources included place, age, education, and whether having an emergency preparation 

plan. According to the ZIP regression, Joplin residents had significantly less warning 

information sources than Tuscaloosa residents (Incident Rate Ratio (IRR) = 0.54, CI = 

0.49, 0.59). Relative to the 40-49 age group, those who were 65 or above had more 

information sources (IRR = 1.24, CI = 1.10, 1.41), and those who were between 19 and 

39 had less information sources (IRR = 0.84, CI = 0.73, 0.96). Those who had some 

college education had significantly more warning information sources than those who 

had high school or less education (IRR = 1.14, CI = 1.01, 1.29). Finally, those who had 

an emergency preparation plan reported more warning information sources (IRR = 1.19, 

CI = 1.09, 1.30). Significant predictors for reporting zero warning information sources 

included marital status, education, and whether an emergency preparation plan was in 

place. The odds of reporting zero warning information sources were increased for those 

who were single in relative to those who were married (OR = 4.08, CI = 1.18, 14.10), 

reduced for those who had bachelor degree or more in relative to those who had high 

school or less education (OR = 0.28, CI = 0.10, 0.81), and reduced for those who had an 

emergency plan (OR = 0.21, CI = 0.06, 0.71). Poisson regression also showed that those 

who were single reported fewer warning information sources than those who were 

married (IRR = 0.91, CI = 0.83, 1.00) and those who had bachelor degree or more 
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education had more warning information sources than those who had high school of less 

education (IRR = 1.22, CI = 1.09, 1.36).  

ZIP regression for Tuscaloosa was not reported. This was because there did not 

seem to be excess zeroes in the number of warning information sources in Tuscaloosa. In 

addition, with only around 6% of residents reporting no warning sources, ZIP did not 

provide reliable estimates when the logit model was used for factors predicting the group 

membership for the always zero group. In Tuscaloosa, significant predictors included age, 

marital status, education, and having an emergency preparation plan. Those respondents 

aged 50-64 (IRR = 1.14, CI = 1.01, 1.30) and aged 65 and above (IRR = 1.28, CI = 1.11, 

1.49) reported more warning information sources than those who were 30-49. Being 

single reduced the number of warning information sources (IRR = 0.85, CI = 0.76, 0.96). 

Those who had some college education (IRR = 1.40, CI = 1.20, 1.64) or had at least 

bachelor degree (IRR = 1.37, CI = 1.18, 1.58) had significantly more warning 

information sources than those who had high school or less education. Having an 

emergency preparation plan increased the number of warning information sources (IRR = 

1.21, CI = 1.09, 1.34).  

In Joplin, ZIP was preferred Poisson regression. First, over 20% of Joplin 

residents reported no warning sources, a sign of excess zero, which was further supported 

by that ZIP had better model fit than Poisson regression did. Similar to the pattern 

observed for the total sample, Figure 4.2 shows that the Poisson model clearly 

underestimated the proportion of those who received zero warnings but the ZIP model 

worked well at this point; both models performed well at the larger numbers of warning 

information sources.  Nonetheless, these two models provided consistent results 

concerning predictors for the number of warning sources. According to the ZIP, two 

factors that significantly affected the number of warning information sources included 

whether there was an emergency preparation plan (IRR = 1.16, CI = 1.00, 1.35) and age 

(IRR = 0.75, CI = 0.60, 0.92 for those who were aged 19-39 relative to those who were 

aged 40-49). In Joplin, those who were single were more likely to report zero warning 

information sources (OR = 4.35, CI = 1.13, 16.71), while being female (OR = 0.13, CI = 

0.03, 0.56) and having an emergency preparation plan (OR = 0.10, CI = 0.02, 0.57) 
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reduced the likelihood. Furthermore, having higher levels of education reduced the odds 

of reporting zero warning information sources (OR = 0.09, CI = 0.01, 0.97 for those with 

some college education relative to those with high school or less education and OR= 0.22, 

CI = 0.05, 0.91 for those with bachelor degree or more relative to those with high school 

or less education). 
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Table 4.2 Characteristics of the working samples (% unless otherwise noted) 

 
 Bigger Working Sample Smaller Working Sample 

 Total  

(N = 903) 

Tuscaloosa  

(n = 453) 

Joplin  

(n = 450) 

Total  

(N = 782) 

Tuscaloosa 

(n = 425) 

Joplin  

(n = 357) 

Place         

   Tuscaloosa 50.17   54.35   

   Joplin 49.83   45.65   

Response       

  Took no protective action 22.48 20.53 24.44 18.80 18.35 19.33 

  Took protective action 77.52 79.47 75.56 81.20 81.65 80.67 

Number of information sources 

(Mean(SD)) 

3.03 

(2.22) * 

4.00 

(2.25)  

2.05  

(1.71) 

3.44  

(1.89) * 

4.17  

(1.89) 

2.57  

(1.50) 

Age (Mean(SD)) 50.33  

(14.54) * 

51.27  

(14.40) 

49.38  

(14.64) 

50.60  

(14.23) * 

51.27  

(14.25) 

49.81  

(14.19) 

  19-39 23.81 20.53 27.11 23.02 20.71 25.77 

  40-49 24.58 23.18 26.00 24.42 22.35 26.89 

  50-64 34.33 37.97 30.67 35.04 39.06 30.25 

  65& above 17.28 18.32 16.22 17.52 17.88 17.09 

Female 64.34 66.89 61.78 65.22 67.29 62.96 

White 79.62* 67.99 91.33 79.54* 69.65 91.17 

Marital Status       

  Married (reference) 60.69 62.03 59.33 62.92 64.00 61.62 

  Divorced 9.19 9.27 9.11 8.82 9.18 8.40 

  Single and other 30.12 28.70 31.56 28.26 26.82 29.97 

Education       

  High school or less (reference) 25.69* 24.06 27.33 22.89* 21.65 24.37 

  Some college 24.14 19.21 29.11 24.55 20.00 29.97 

  Bachelor degree or more 50.17 56.73 43.56 52.56 58.35 45.66 

Having an emergency plan 57.25* 61.15 53.33 60.74 63.29 57.70 

Having any difficulties with       

  Walking 9.97 10.60 9.33 9.34 10.12 8.40 

  Running 39.98 41.94 38.00 40.03 42.82 36.69 

  Vision 10.30* 6.62 14.00 9.97* 6.82 13.73 
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 Bigger Working Sample Smaller Working Sample 

 Total  

(N = 903) 

Tuscaloosa  

(n = 453) 

Joplin  

(n = 450) 

Total  

(N = 782) 

Tuscaloosa 

(n = 425) 

Joplin  

(n = 357) 

  Hearing 5.76* 3.75 7.78 5.63* 3.53 8.12 

 

* p < 0.05 with χ
2
 test/t-test concerning the difference in distribution/mean between Tuscaloosa and Joplin. The results were consistent 

across two working samples, except that in the bigger working sample higher percentage of Tuscaloosa residents had emergency plan 

than Joplin residents did.  
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Table 4.3 Logistic regression of taking protective action vs. not 

 
 Odds ratio (95% confidence interval) of taking protective action vs. not 

 Total (N = 782) Tuscaloosa (n = 425) Joplin (n = 357) 

 Model 1 Model 2 Model 1 Model 2 Model 1 Model 2 

Place 1.13 (0.76, 1.68) 0.94 (0.60, 1.46)     

Number of sources 1.13 (1.02, 1.26) 1.07 (0.95, 1.20) 1.07 (0.94, 1.21) 0.96 (0.83, 1.12) 1.29 (1.05, 1.58)  1.27 (1.02, 1.58) 

Age (reference: 40-49)       

  19-39  1.31 (0.75, 2.30)  1.29 (0.57, 2.91)  1.23 (0.54, 2.80) 

  50-64  0.81 (0.50, 1.30)  1.10 (0.57, 2.10)  0.58 (0.28, 1.19) 

  65 and above  2.23 (1.13, 4.40)  2.52 (0.98, 6.50)  2.05 (0.74, 5.73) 

Female  1.46 (0.98, 2.16)  1.70 (0.99, 2.93)  1.38 (0.75, 2.52) 

White (vs. Others)  1.48 (0.92, 2.39)  1.88 (1.03, 3.45)  0.96 (0.34, 2.69) 

Marital Status (reference: 

Married) 

      

  Divorced  0.48 (0.26, 0.87)  0.58 (0.25, 1.35)  0.40 (0.17, 0.99) 

  Single and other  0.71 (0.45, 1.11)  0.70 (0.37, 1.29)  0.67 (0.34, 1.31) 

Education(reference: High 

school or less) 

      

  Some college  1.10 (0.64, 1.90)  1.35 (0.61, 2.99)  0.86 (0.39, 1.89) 

  Bachelor degree or more  1.00(0.61, 1.63)  1.11 (0.54, 2.27)  0.88 (0.42, 1.84) 

Family emergency plan  2.17 (1.48, 3.19)  1.89 (1.09, 3.28)  2.58 (1.46, 4.57) 

Having any difficulties with       

  Walking  1.37 (0.68, 2.77)  1.27 (0.51, 3.15)  1.44 (0.44, 4.77) 

  Running  0.97 (0.62, 1.50)  0.82 (0.45, 1.52)  1.28 (0.66, 2.49) 

  Vision  1.16 (0.60, 2.25)  1.96 (0.62, 6.18)  0.78 (0.33, 1.86) 

  Hearing  1.07 (0.46, 2.48)  1.07 (0.27, 4.20)  1.24 (0.41, 3.75) 

Constant 2.71 (1.67, 4.41) 1.42 (0.64, 3.15) 3.43 (1.92, 6.12) 1.48 (0.53, 4.10) 2.27(1.34, 3.85) 1.63 (0.39, 6.80) 

       

Likelihood Ratio χ
2
 5.23 48.65 0.92 28.36 6.64 32.60 

DF 2 16 1 15 1 15 
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Table 4.4 Poisson and ZIP regression predicting the number of warning information sources 

 

 

Total (N=903) Tuscaloosa 

(N=453) 

Joplin (N=450) 

 

Poisson ZIP Poisson Poisson ZIP 

 

IRR IRR OR IRR IRR IRR OR 

place 0.53 (0.49, 0.58) 0.54 (0.49, 0.59) 1.90 (0.61, 5.86) 

    Age (reference: 30-49) 

         19-29 0.89 (0.78, 1.00) 0.84 (0.73, 0.96) 0.37 (0.07, 1.86) 0.92 (0.78, 1.07) 0.82 (0.67, 0.99) 0.75 (0.60, 0.92) 0.32 (0.05, 2.04) 

  50-64 1.09 (0.98, 1.20) 1.05 (0.94, 1.17) 0.48 (0.10, 2.29) 1.14 (1.01, 1.30) 1.01 (0.84, 1.20) 1.05 (0.86, 1.28) 1.66 (0.31, 8.97) 

  65 and above 1.25 (1.11, 1.40) 1.24 (1.10, 1.41) 0.89 (0.31, 2.62) 1.28 (1.11, 1.49) 1.20 (0.99, 1.46) 1.22 (0.99, 1.50) 1.25 (0.21, 7.55) 

Female 1.08 (0.99, 1.17) 1.04 (0.95, 1.13) 0.37 (0.14, 1.02) 1.07 (0.96, 1.18) 1.09 (0.95, 1.25) 0.95 (0.81, 1.11) 0.13 (0.03, 0.56) 

White (vs. Others) 1.09 (0.99, 1.21) 1.09 (0.98, 1.21) 0.97 (0.36, 2.63) 1.10(0.98, 1.25) 0.85 (0.68, 1.06) 0.85 (0.68, 1.08) 1.05 (0.15, 7.12) 

Marital Status (reference: Married) 

        Divorced 1.00 (0.87, 1.14) 1.03 (0.89, 1.20) 2.74 (0.65, 11.51) 1.07 (0.90, 1.26) 0.94 (0.73, 1.19) 0.95 (0.73, 1.24) 2.02 (0.28, 14.55) 

  Single and other 0.91 (0.83, 1.00) 0.97 (0.88, 1.07) 4.08 (1.18, 14.10) 0.85 (0.76, 0.96) 1.01 (0.86, 1.18) 1.11 (0.94, 1.31) 4.35 (1.13, 16.71) 

Education(reference: High school or less) 

        Some college 1.30 (1.16, 1.46) 1.14 (1.01, 1.29) 0.10 (0.01, 1.23) 1.40 (1.20, 1.64) 1.18 (0.99, 1.41) 0.97 (0.80, 1.17) 0.09 (0.01, 0.97) 

  Bachelor degree or more 1.22 (1.09, 1.36) 1.10 (0.98, 1.23) 0.28 (0.10, 0.81) 1.37 (1.18, 1.58) 1.01 (0.85, 1.20) 0.85 (0.70, 1.03) 0.22 (0.05, 0.91) 

Having an emergency plan 1.28 (1.18, 1.39) 1.19 (1.09, 1.30) 0.21 (0.06, 0.71) 1.21 (1.09, 1.34) 1.37 (1.20, 1.57) 1.16 (1.00, 1.35) 0.10 (0.02, 0.57) 

Having any difficulties 

with 

         Walking 0.93 (0.80, 1.07) 1.00 (0.85, 1.17) 4.28 (0.92, 19.84) 0.85 (0.71, 1.02) 1.07 (0.84, 1.36) 1.17 (0.88, 1.57) 4.45 (0.73, 26.97) 

  Running 1.03 (0.94, 1.13) 0.98 (0.89, 1.08) 0.41 (0.13, 1.34) 1.05 (0.94, 1.18) 1.06 (0.90, 1.24) 1.12 (0.94, 1.32) 2.54 (0.68, 9.42) 

  Vision 0.91 (0.79, 1.06) 0.91 (0.78, 1.06) 1.34 (0.24, 7.47) 0.86 (0.69, 1.06) 0.94 (0.77, 1.16) 0.96 (0.77, 1.21) 1.60 (0.29, 8.79) 

  Hearing 0.98 (0.81, 1.19) 0.99 (0.81, 1.21) 0.87 (0.17, 4.53) 1.03 (0.78, 1.34) 0.90 (0.69, 1.18) 0.87 (0.66, 1.17) 0.84 (0.11, 6.44) 

Constant 2.51 (2.14, 2.93) 3.13 (2.65, 3.69) 0.32 (0.09, 1.20) 2.34 (1.94, 2.83) 1.79 (1.32, 2.43) 2.55 (1.86, 3.51) 0.45 (0.05, 4.17) 

        

Log Likelihood -1792.02 -1757.49 

 

-956.86 -822.05 -795.93 

 AIC 3616.04 3578.99 

 

1943.73 1674.10 1651.86 

 Pearson Chi-Square/DF 1.24 1.09 

 

1.08 1.35 1.16 

  

 



Texas Tech University, Jianjun Luo, August 2014 

98 

 

Figure 4.1 Comparison between observed probabilities and predicted probabilities 

from the Poisson and ZIP model (Total sample) 

 

 

Figure 4.2 Comparison between observed probabilities and predicted probabilities 

from the Poisson and ZIP model (Joplin sample) 
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4.4 Discussions 

This study examined how the number of warning information sources received 

affected an individual’s response to tornado warnings using survey data collected from 

two cities hit by violent tornadoes in 2011. These findings suggest that the effects of the 

number of warnings information sources may depend on the social and historical contexts 

of places where tornadoes occur. 

It was found that the number of warning information sources significantly 

increased the respondents’ odds of taking shelter in Joplin but not in Tuscaloosa, even 

though Tuscaloosa residents were much more likely to receive warnings (a much higher 

percentage of Tuscaloosa residents received warnings than Joplin residents did) and had 

more information sources of warnings than Joplin residents did (among those who 

received warnings, the average number of warning information sources was more than 4 

for Tuscaloosa residents but less than 3 for Joplin residents).  

Firstly, this difference might be related to these two cities’ past exposure to 

tornadoes, as previous exposure to hazards increases the perception and personalization 

of the risk (Siebeneck and Cova, 2012; Siegrist and Gutscher, 2008). Notably, these two 

cities had different past experiences with tornadoes. Since 1996, 36 events of tornadoes 

were reported in Tuscaloosa County and 8 were EF2 or above, with one EF3 tornado 

happened just two weeks before the study tornado; whereas during the same period, only 

10 tornado events were reported in Jasper County which includes Joplin; among those 

events, only one tornado was rated as EF2 or above (NOAA, 2013). Thus, it is possible 

that in Tuscaloosa what mattered was whether residents received a warning or not rather 

than how many types of warnings they received.  Receiving a warning from any source 

may strongly motivate immediate action due to past experiences with significant 

tornadoes and first-hand knowledge of serious consequences. Therefore, multiple 

warning information sources did not further increase the likelihood of taking protective 

action. However, in Joplin only when the warnings had been repeated multiple times 

would residents take protective action, in part because of previous false alarms and 

disbelief that a tornado would actually happen. Joplin residents had experienced 

considerable false alarms but no actual significant tornadoes, which resulted in reluctance 
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to respond to warnings (NWS, 2011a). This was regarded as one of the major reasons for 

the high casualties in Joplin even though the tornado warning was issued (NIST, 2013; 

Paul and Stimers, 2012). Some residents even believed that there was a “protective 

bubble” around and “storms [are] always blowing over and missing Joplin” (NWS, 

2011a). Given such a situation, the number of sources from which warnings were 

received would influence whether people take protective action or not. 

Additionally, we also suspect that the relatively high risk of not receiving 

warnings in Joplin may explain why the repeated warnings from different sources made a 

difference in residents’ behaviors. Social cues such as seeing others taking protective 

action motivate similar behaviors (Mileti and Sorensen, 1990; Sorensen and Sorensen, 

2007). When a considerable percentage of residents did not receive any warning and thus 

did not disseminate signals for taking protective action in Joplin, residents needed more 

warning information sources to justify their taking protective action. Notably, multiple 

reasons contributed to Joplin residents’ higher risks of not receiving warnings. For 

example, Joplin tornado happened in a weekend, a factor associated with compromised 

access to warnings and consequently higher levels of casualties (Simmons and Sutter, 

2011). Joplin and Tuscaloosa were also different concerning their siren systems, TV 

weather coverage, and local preparation (NIST, 2013; NWS, 2011a, 2011c).  

The study further examined predictors for the number of warning sources. It is 

interesting to note that different factors came in to play for residents in these two cities. 

In Tuscaloosa, very few respondents were left unwarned possibly because of the good 

preparation of the community; thus social disparity is more reflected in how many 

warning information sources residents received warnings rather than whether they 

received any warnings. In contrast, in Joplin, gender, marital status, education, and 

having an emergency preparation plan affected the likelihood of receiving warnings. 

Thus, it is reasonable to suspect that disadvantages in receiving warnings are more 

obvious in places that are not well-prepared. But in places with experiences of tornadoes, 

the inequality in receiving warnings could possibly be eliminated.  

Having an emergency preparation plan and older age were factors that increased 

the number of warning information sources in both cities, even with other social-
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demographic factors controlled. Having an emergency preparation plan may make people 

more attentive and alert to potential hazards, and thus raise the possibility of receiving 

warnings from more information sources. For example, respondents who have emergency 

preparation plans may install applications on their cell phones to monitor severe weather, 

and thus they have more warning information sources than those who do not.  

Furthermore, although older adults may be less likely to use newly developed media, they 

are more likely to use traditional communication channels. For example, one study 

showed that older adults were more likely to get information concerning weather 

warnings from radio and TV, which were less used by younger adults (Hayden et al., 

2007). The current study suggests that younger adults were not necessarily advantaged in 

their access to warnings because they were using new technology to replace traditional 

methods instead of supplementing them. Education is also an important predictor for the 

number of information sources in Tuscaloosa, which seems intuitive, as those with higher 

education had access to diverse warning sources. But education is not a significant 

predictor for the number of warning information sources in Joplin, even though it did 

affect the likelihood of reporting no warnings. Thus, the findings might suggest an 

underlying mechanism in which education makes a difference in whether and how people 

receive warnings instead of the number of warnings they receive. This deserves further 

examination as suggested by Hayden et al. (2007).   

It is noteworthy that the working sample (labeled as smaller working sample in 

Table 4.2) for the analysis of how the number of warning information sources affected 

individuals’ responses included residents with at least one information source, which was 

different from the original sample collected in the survey. For example, in the original 

sample, Tuscaloosa residents were significantly more likely to have an emergency 

preparation plan, whereas for the smaller working sample, the difference was not 

significant. Thus, although the original sample was drawn with a random sampling 

strategy, the characteristics of the smaller working sample might be different from the 

general population.  
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4.5 Conclusion and future work 

In conclusion, people have more access to tornado warnings than before. While it 

seems to be intuitive to increase warning information sources as much as possible to 

encourage protective action, how the number of warning information sources is actually 

affecting individuals’ responses has rarely been examined. The findings in this study 

provide partial support to the positive effects of having more warning information 

sources. This study also suggests that for places with different experiences with tornadoes, 

the number of information sources has different effects and predictors for the number of 

warnings information sources also vary. In places that are not well-prepared for tornadoes, 

the number of warning information sources may be more consequential and social 

disparity may presents more risks for not receiving warnings. Therefore, it is crucial for 

emergency management agencies and public health officials to target places at risk but 

having few experiences with tornadoes when formulating decisions and policies to spend 

limited resources to effectively promote protective action and reduce casualties. 

The future work is to identify different combinations of warnings information 

sources and examine in details those patterns of receiving warnings. For example, some 

people may rely solely on TV, some may rely solely on social media, and some may use 

a combination of these information sources. These different patterns may prove to be 

more consequential than the number of information sources in predicting people’s 

responses to warnings. Consequently, it is also important to examine how those different 

patterns of receiving warnings information sources affect decision making. Furthermore, 

it is worthwhile examining factors that affect the membership of individuals in those 

different types.  
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CHAPTER 5  

GENERAL CONCLUSIONS 

5.1 Conclusion 

This dissertation uses survey data from two 2011 violent tornado events and 

examines three research topics that are important for disaster mitigation and community 

resilience.   

The first hypothesis (H1) is tested and supported. The wind field study 

reconstructs near-surface wind field with a post-tornado damage survey of the buildings 

of Joplin. This study has used the relationship between the degree of damage of buildings 

and wind speeds in EF scale to estimate the peak wind speed those buildings experienced.  

It finds that the peak wind field produced by a simplified translating analytical vortex 

model agreed reasonably well with the observed damaged pattern. The results are 

compared to those of other studies that have utilized forest damage pattern analysis on the 

same area.  

The second hypothesis (H2) is also tested and supported. The remote sensing 

study develops an Enhanced Remote-Sensing scale and empirically examines the 

relationship between the roof damage rated with the ERS and the ground level damage 

rated with the degree of damage, using data collected from a remote-sensing survey and a 

ground-based damage survey after the Joplin tornado in 2011. The results show that the 

roof damage evaluated from remote sensing imagery with the ERS could precisely 

predict the overall damage of buildings evaluated with the degree of damage in the EF 

scale from ground observations, which supports H2. In addition, the findings provide 

strong support for the use of remote sensing techniques in rapid loss assessment with 

well-designed tools.  

The third hypothesis (H3) and the fourth hypothesis (H4) are all partially 

supported. The warning information sources study uses a telephone survey with a large 

representative sample of Joplin and Tuscaloosa residents to investigate how the number 

of warning information sources that respondents received affected their decision to take 

protective action and which factors predicted the number of warning information sources. 
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The findings suggest that the effects of the number of warning information sources may 

depend on the social and historical contexts of where tornadoes occur. Especially, results 

show that an increase in the number of warning information sources significantly 

elevated respondents’ likelihood of deciding to take protective action in Joplin but not in 

Tuscaloosa, which provides partial support to H3. Age, gender, education, marital status, 

and having an emergency plan all have some effect on the number of warning 

information sources people have access to, but functional limitations do not show any 

effect, which provides partial support to H4.  

Those studies and their findings will make significant contributions to the efforts 

of risk analysis and recovery modeling, as depicted in Figure 1.6. The wind field study 

will help estimate the time history of wind speed and direction at any given point. The 

understanding of wind field will provide knowledge about wind load and building 

performance. In spite of its simplicity, the analytical model developed can produce a 

reasonable estimation of the near-surface wind field consistent with the degree of damage 

of buildings observed from a post-tornado damage survey. The resulting model not only 

helps better understand the dynamics of near-surface tornado structures on both temporal 

and spatial scales, but also provides useful information for engineering and safety 

protection purposes. Furthermore, findings from this study can also be incorporated in 

catastrophe modeling to examine tornado risks to the built environment and public health.  

 The remote sensing study suggests that the Enhanced Remote-Sensing Scale and 

the models developed are very useful in the application of remote sensing techniques for 

rapid damage assessment. It is critical to assess damage and losses as quickly as possible 

to assist post-disaster response and reconstruction. This study provides strong empirical 

evidence for the effectiveness of the use of the ERS scale and remote sensing technology 

in post-tornado damage assessment, as well as in other wind events such as hurricanes 

and straight-line winds. 

The warning information sources study directs attention to the effect of warning 

information sources and finds that the number of warning information sources 

significantly increases respondents’ likelihood of taking shelter in Joplin but not in 

Tuscaloosa. These findings suggest that the effects of the number of warning information 
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sources may depend on the social and historical contexts of where tornadoes occur. For 

places with different experiences of tornadoes, the number of information sources has 

different effects. Consequently, it is crucial to target places at risk but having few 

experiences with tornadoes in order to maximize the number of warning information 

sources. Those findings could help emergency management agencies and public health 

officials when they formulate decisions and policies to spend limited resources to 

effectively promote protective action and reduce casualties.  

5.2 Future work 

While this dissertation has addressed a number of important questions, there are 

still many areas in which concerted efforts are called for. In addition to the further work 

proposed at the end of each study, the following topics are identified guided by the 

framework proposed in Figure 1.6.  

The first one is to improve the prediction of future tornado risk. Under the 

framework of tornado risk analysis and recovery model, a better event generation model 

is a critical part of the hazard model. The most common way to estimate the probability 

of tornado events is to use temporal and spatial variability of past events derived from 

historical data. Particularly, the database maintained by the Storm Prediction Center (SPC) 

of the NWS is widely used (available online at http://www.spc.noaa.gov/gis/svrgis/). 

However, the disadvantages of this database are obvious. First, the number of records is 

limited as only 60+ years of tornado data are available (since 1950). Second, a significant 

underreporting problem exists and the missing values are not evenly distributed across 

the dataset. The quality of the historical records of an area varies across different time 

periods because it depends on factors such as the area’s population density, its distance to 

the NWS radar sites, and the observation technologies used (Aguirre et al., 1993; 

Anderson et al., 2007; Boruff et al., 2003; Brooks et al., 2003; Burgess et al., 1993; King, 

1997; Luo and Liang, 2013; McCarthy and Schaefer, 2004; Ray et al., 2003; Sigal, 2000). 

To address this problem, some mathematical methods were developed to smooth or 

interpolate historical data before using it for modeling purposes (Anderson et al., 2007; 

Ashley, 2007; Ray et al., 2003; Sigal, 2000). Even though such methods were successful 

http://www.spc.noaa.gov/gis/svrgis/
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in solving certain problems, the quality of the storm database on which they were based 

failed to be systematically evaluated. Furthermore, other related sources of information, 

such as geographic and climatological data, should be examined and integrated into the 

process of estimation. 

Another topic worth pursuing is the investigation of casualty, emergency 

communication, and public responses within a broader context of hazard, vulnerability 

and exposure. The damage to buildings and the casualties of individuals are usually 

highly correlated (Curtis and Fagan, 2013). The casualty rate of individuals to some 

extent could be predicted by the degree of damage of the building they stayed in, e.g. 10% 

of residents would be killed if their buildings were completely destroyed from the largest 

and most intense tornado (Wurman et al., 2007b). That could be one important research 

question in the future. However, to estimate the casualties of communities, it is not 

sufficient since only two elements of risks, i.e. hazard and vulnerability, are addressed. 

The third element, exposure, such as how many people stay in a certain building before 

the tornado hit, is unknown. This number varies for different time periods during the day 

and also varies for different communities. Consequently, the same degree of damage of 

buildings at different times or locations may result in different numbers of casualties. 

Simmons and Sutter (2011) found casualties could be higher if a tornado occurred at 

night and they attributed this to the reduced likelihood for residents to receive tornado 

warnings because most of them were asleep. Nevertheless, another possible reason is that 

more people stay at home at night than any other time period of a day and thus the 

exposure to hazard is greater. To estimate the exposure of residents from different 

communities, a model could be built based on the data from the Census and the American 

Time Use Survey (US Bureau of Labor Statistics, 2014; US Census Bureau, 2014). 

Furthermore, other factors like tornado warning lead time, emergency communication, 

and public response can influence the number of the people in a certain building and also 

need to be included in the model for casualties. 

The third topic involves using analytical and experimental tools for modeling 

human behaviors and consequences. For example, there is a debate about whether people 

should try to drive out of the path of a tornado or stay where they are and try to find a 
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possible shelter around after they get warnings (Schmidlin et al., 2009, 1998; Simmons 

and Sutter, 2012a). Official tornado safety tips recommend “Do not try to outrun a 

tornado in your car; instead, leave it immediately.” (NWS, 2008). However, studies 

found that many people survived by driving away from the tornado path whereas those 

who stayed at homes or outdoors were at high risk in the Oklahoma May 3, 1999 EF5 

tornado (Daley et al., 2005; Hammer and Schmidlin, 2002). Furthermore, Hammer and 

Schmidlin (2000) found that the number of death in mobile homes increased while 

vehicle-occupant deaths significantly decreased after 1980’s because of safer vehicles, 

widely use of seat belts, and the better warning system that provides more information. 

Consequently, evacuation may offer an option for saving lives for communities where the 

shelters are not widely deployed. Nevertheless, the potential rush-hour traffic, the length 

of tornado lead time, and the accuracy of forecasting the tornado path will impose 

constraints on evacuation. In that case, simulation of different scenarios would help 

formulate evidence-based strategies.   

The fourth topic is to examine recovery as a result of multilevel interactions 

among individuals, families, and communities, with individuals as social agents who 

actively make decisions that influence others and are influenced by other individuals, 

families, and communities. Decisions are made with the purpose of maximizing well-

being and reducing losses. Family and community interactions as well as built 

environment usually present opportunities and constraints on individual’s decision 

making (Drabek, 1999). People respond to disasters and recovery as families, e.g., they 

usually evacuate together, continue their life after-disaster together, and recover together 

(Morrow, 1997; Sorensen, 2000). For example, an individual’s decision on labor force 

participation is affected by the damage levels of communities, the availability of 

employment opportunities, and relevant policies. On the other hand, those individual 

decisions as a whole will decide the supply of the labor force and thus affect the recovery 

of the local economy and employment opportunities. Furthermore, the decision is usually 

made at the family level. Each family member’s health, injury, stress, etc. after a disaster 

are important factors in the decision making process. In addition, each member’s decision 

will present opportunities and constraints on other members’ decisions. Consequently, 



Texas Tech University, Jianjun Luo, August 2014 

108 

how individuals, families, and communities recover after a disaster should be modeled 

together considering multilevel factors from an interdisciplinary perspective under the 

framework proposed in Figure 1.6.   
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APPENDIX A 

WIND SPEED ESTIMATION FOR AN UNDAMAGED BUILDING 

UNDER THE TORNADO WIND ENVIRONMENT 

An empirical method was used to estimate the wind speed for a building under the 

tornado wind environment but with no visual damage founded.  

Figure A.1 is the time history of wind speed and direction measured by Joplin 

Airport Automated Surface Observing System (ASOS) station during the time period 

when the tornado passed through Joplin on May 22, 2011. ASOS was located about 5 

miles north of the tornado track, well outside of the damage area. 

 In the figure, the box area with yellow lines inside is roughly corresponding to 

the time period when the tornado was on the ground. 

 
 

Figure A.1 Time history of wind speed and direction from ASOS station  

Source: NIST(2013) 
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By averaging the wind speeds of the time period when the tornado was on the 

ground, as shown in the figure with yellow lines, an wind speed of 40 mph (3-second 

wind gust) is estimated for the area where no visual damage to the buildings were 

founded under the tornado wind environment. 

Thus, the expected wind speed for DOD=0 can be set as 40 mph. 
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APPENDIX B 

THE ANALYSIS OF TIME HISTORIES OF WIND SPEEDS AND 

DIRECTIONS AT SELECT LOCATIONS  

Figure B.1 shows time histories of wind speeds and directions of grid (0, 0) from 

the best-fit model.  

 
 

Figure B.1 Time histories of wind speeds and directions of grid (0, 0) from the best-

fit model 

 

In the best-fit model, the core radius Rmax is estimated to be 220 m, the maximum 

tangential wind velocity Vtmax is estimated to be 18 m s
-1

, the maximum radial wind 

velocity Vrmax is estimated to be 58 m s
-1

, the decay coefficient β is estimated to be 0.7, 

and the translation speed is set as 11 m s
-1

, derived from the NWS radar data. 

The following explains four special cases in the time history, corresponding to 

points labeled A, B, C, and D in the figure B.1. 
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At this point of time, the vortex center moves to the position where the grid point 

(0, 0) is just on the northern part of the core circle, i.e. the distance from the study point 

to the circle center is the core radius (220 m), as shown in figure B.2 (a). In this figure, 

the dark point is the center of vortex at a given time, the triangle point is the study point, 

the circle has the core radius (220 m), the line is x=0. The figure B.2 (b) shows the 

instantaneous wind vectors of the grid point (0, 0) at the time corresponding to figure B.2 

(a). In this figure, the green arrow is the tangential wind velocity, the red arrow is the 

radial wind velocity, the blue arrow is the translation speed, and the dark arrow is the 

vector sum of wind velocity. Similar shape marks are used in the figures B.3, B.4 and B-5.  

From the Rankine vortex model, it is easy to know that the wind speed of the 

study point is  

  √(        )       
  √(     )            (     ) 

and the wind direction (measured clockwise from north) is 

            (
     

        
)            (

  

     
)          

 

Figure B.2 Position and wind vectors for A 

                                                       
(a) The position of vortex and study point         (b) wind vectors of study point 
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Case 2: B (the second peak) 

 

At this point of time, the vortex center moves to the position where the grid point 

(0, 0) is just on the southern part of the core circle, as shown in figure B.3. 

The wind speed for the study point is  

  √(        )       
  √(     )            (     ) 

and the wind direction (measured clockwise from north) is 

            (
     

        
)            (

  

     
)          

 
Figure B.3 Position and wind vectors for B 

 

Case 3: C (the bottom) (in the middle of above two times) 

 

At this point of time, the vortex center moves to the position where the grid point 

(0, 0) has the lowest wind speed during whole time history. The position and wind 

vectors are shown in figure B.4. 

                              
(a) The position of vortex and study point         (b) wind vectors of study 

point 
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Figure B.4 Position and wind vectors for C 

 

According to equation 2-7 and 2-9 of the Rankine vortex model, the wind 

velocities of the study point are 
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To get the r where the minimum wind speed locates, it has 
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(a) The position of vortex and study point       (b) wind vectors 
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r=38.06 m 

Thus, when the vortex center arrives to the point (0, -38.06), the wind speed of 

grid point (0, 0) reaches its minimum, i.e. 

  √  
  (     )

  √(
  

   
 )
 

 (   
  

   
 )
 

 √(
  

   
       )

 

 (   
  

   
       )
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where    
  

   
          ,    

  

   
            

and the wind direction (measured clockwise from north) is 

       (
  

     
)       (

    

        
)         

 

 

Case 4: D (When vortex center arrives to the grid point (0, 0)) 

 

At this point of time, the vortex center moves to the grid point (0, 0), as shown in 

figure B.5. 

According to equation 2-7 and 2-9, the wind velocities of the study point are 

        
 

    
   

        
 

    
   

The wind speed for the study point is  

        (   
  ) 

and the wind direction (measured clockwise from north) is 
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Figure B.5 Position and wind vectors for D 

 

  

                                      
 

(a) The position of vortex and study point       (b) wind vectors 

 

 

 



Texas Tech University, Jianjun Luo, August 2014 

132 

APPENDIX C 

ALTERNATIVE ERS VALUE ASSIGNMENT  

The choice of numerical values could potentially affect model performance. This 

section discusses an alternative value assignment and corresponding model performance. 

Supplemental analysis was conducted using the values of the original damage states (0-35) 

to fit both the OLS and ORR model.  

Table C.1 presents results from Ordinary Least Square Regression of DOD on 

damage state number. Several models were estimated, including linear (Model 1), 

quadratic (Model 2), and cubic (Model 3). Model 1 is discarded because it does not have 

random, normally distributed residuals. In addition, since the cubic term is significant, 

model 3 was regarded as the best fitting model, which is written as  

DOD = 1.292 + 0.651 × No - 0.035× No
2
 + 0.663E-3 × No

3
+ ε  (C-1) 

where No represents damage state No. and ε is a random error. 

Table C.1 Ordinary Least Square Regressions of DOD on damage state number No. 

Items Model 1 Model 2 Model 3 

No. 0.198* 0.257* 0.651* 

No.
2 

 
-0.002* -0.035* 

No.
3 

 
 0.000663* 

Intercept 1.985* 1.843* 1.292* 

    

R
2
 0.895 0.899 0.942 

*p<0.001 

Figure  C.1 presents the 95% confidence limits and the prediction limits of the 

DOD based on damage state number No. along with the actual observation. Except for a 

few cases, most observations of DOD fall within the prediction limits. 
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Figure C.1 Statistical relationships between damage state number and DOD in 

windstorm with 95% confidence interval and prediction interval. 

 

Table C.2 presents the results from Ordinal Response Regression model. 

Table C.2 Ordinal Response regression of DOD on damage state number No. 

 
Coefficient Standard Error 

Intercept 0 -1.9385 0.1521 

Intercept 1 -0.0529 0.0565 

Intercept 2 0.8297 0.0557 

Intercept 3 2.2803 0.0826 

Intercept 4 6.2220 0.2628 

Intercept 5 6.3560 0.2665 

Intercept 6 11.2732 0.4568 

Intercept 7 13.3188 0.5417 

Intercept 8 14.8159 0.5720 

Intercept 9 15.7781 0.5836 

No. -0.4444 0.0171 

  
 

N 1318  

Pseudo-R
2
 0.882  

Max-rescaled R
2
 0.896  
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Figure C.2 shows the normit link function. The equations of cumulative 

probabilities in terms of link function could be written as: 

   ( ̂(     ))                      (C-2) 

   ( ̂(     ))                       (C-3) 

   ( ̂(     ))                      (C-4) 

   ( ̂(     ))                      (C-5) 

   ( ̂(     ))                     (C-6) 

   ( ̂(     ))                     (C-7) 

   ( ̂(     ))                       (C-8) 

   ( ̂(     ))                       (C-9) 

   ( ̂(     ))                       (C-10) 

   ( ̂(     ))                       (C-11) 

where  

 ( )  
 

√  
∫   

 

 
    

 

  
     (C-12) 

Thus, when damage state number takes a higher value, it is more likely to have a 

higher DOD than smaller ones. The estimated probabilities of DODs by No. are shown in 

Figure C.3.  
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Figure C.2 Estimated normits of ORR  

 

Figure C.3 Estimated probabilities of DODs by No. 
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Figure C.4 (a)-(i) shows the comparison between the percentage distributions of 

DOD from observations and that from ORR model for each ERS damage category. 

 

(a) ERS states 0-3 (N is the number of observations) 
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(b) ERS states 4-7 (N is the number of observations) 
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(c) ERS states 8-11 (N is the number of observations) 
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(d) ERS states 12-15 (N is the number of observations) 
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(e) ERS states 16-19 (N is the number of observations) 
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(f) ERS states 20-23 (N is the number of observations) 
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(g) ERS states 24-27 (N is the number of observations) 
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(h) ERS states 28-31 (N is the number of observations) 
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(i) ERS states 32-35 (N is the number of observations) 

Figure C.4 Comparison of the percentage distribution of DOD given ERS between 

observations and predictions from ORR  
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To sum up, in either case, the model performed worse than that in this dissertation. 

This is because the method to assign numerical values for ERS scale in this dissertation 

considers the intrinsic relationships between DOD and ERS, whereas the values of 

original damage states number only reflect an order among the values. Thus, the method 

in the dissertation is better than using the original values of the damage states of ERS.  

Nevertheless, the method in the dissertation is not without limitations. Although 

the key values were identified based on the intrinsic relationship between DOD and ERS, 

other values were assigned based on interpolation of values between key values, 

assuming a uniform distribution between two key values. This assumption may not 

necessarily be satisfied. A better understanding of the differences among damage states 

of ERS scale will contribute to a more rigorous method of assigning numerical values of 

ERS scale and will improve the usefulness of ERS in predicting DOD even further.  
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APPENDIX D 
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APPENDIX E 

INTERDISCIPLINARY STATEMENT  

This dissertation builds on an interdisciplinary perspective to minimize the 

negative social and economic impacts and thus promote the resilience. Establishing 

resilience to disaster is in essence an interdisciplinary problem and requires collaboration 

of researchers from various disciplines, contributing their perspectives, knowledge, and 

expertise to a unified target.  

This dissertation exemplifies the synergy of knowledge, data, and methods from 

multiple disciplines. The wind field study relies on engineering knowledge and methods 

and focuses on damage patterns of buildings. Wind field study builds on the 

understanding of wind loads and wind field empirical and theoretical models. Simulations 

are used to find the model that best matches the observed damage patterns of buildings. 

The remote sensing study relates the ground-based field survey on building damage with 

data acquired from remote-sensing survey, applying expertise and knowledge in remote 

sensing and image processing. The development of ERS scale utilizes knowledge in 

computer programming and statistical modeling. The warning information sources study 

is based on a survey guided by a social sciences perspective which focuses on social 

disparity and vulnerability in accessing information and taking protective action. The 

warning process study involves statistical techniques that are frequently used in social 

sciences.  

Furthermore, the three studies contribute to the advancement of interdisciplinary 

knowledge for the purpose of reducing injuries, fatalities, and economic impacts from 

tornadoes and eventually enhancing disaster resilience. The framework guiding the 

development of this dissertation emphasizes the importance of both built environment 

and social processes for economic and social consequences. In addition, the dissertation 

committee members are from different fields. The committee chair, Dr. Daan Liang, is 

from the field of Construction Engineering. Dr. Kishor Mehta is from Civil Engineering, 

Dr. Peter Westfall is from Statistics, and Dr. Christopher Weiss is from Atmospheric 

Science. Each committee member provides their unique perspective and input, which 

leads to a concerted effort to build up dissertation. 
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