Reconstruction of a Tornado Disaster Employing Remote Sensing Techniques: A
Case Study of the 1999 Moore, Oklahoma Tornado
by

Melissa A. Wagner

A Thesis Presented in Partial Fulfillment
of the Requirements for the Degree
Masters of Arts

Approved April 2011 by the
Graduate Supervisory Committee:

Randall S. Cerveny, Co-Chair
Soe W. Myint, Co-Chair

Elizabeth A. Wentz
Anthony J. Brazel

ARIZONA STATE UNIVERSITY

May 2011



ABSTRACT

Remote sensing has demonstrated to be an instrumental tool in monitoring
land changes as aresult of anthropogenic change or natural disasters. Most
disaster studies have focused on large-scale events with few analyzing small-scale
disasters such as tornadoes. These studies have only provided a damage
assessment perspective with the continued need to assess reconstruction. This
study attempts to fill that void by examining recovery from the 1999 Moore,
Oklahoma Tornado utilizing Landsat TM and ETM+ imagery. Recovery was
assessed for 2000, 2001 and 2002 using spectral enhancements (vegetative and
urban indices and a combination of the two), arecovery index and different
statistical thresholds. Classification accuracy assessments were performed to
determine the precision of recovery and select the best results. Thisanalysis
proved that medium resolution imagery could be used in conjunction with
geospatial techniques to capture recovery. The new indices, Shortwave Infrared
Index (SWIRI) and Coupled Vegetation and Urban Index (CVUI), developed for
disaster management, were the most effective at discerning reconstruction using
the 1.5 standard deviation threshold. Recovery rates for F-scale damages revealed
that the most incredibly damaged areas associated with an F5 rating were the
slowest to recover, while the lesser damaged areas associated with F1-F3 ratings
were the quickest to rebuild. These findings were consistent for 2000, 2001 and
2002 also exposing that complete recovery was never attained in any of the F-
scale damage zones by 2002. This study illustrates the significance the
biophysical impact has on recovery as well as the effectiveness of using medium

resolution imagery such as Landsat in future research.
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1. Introduction
1.1 Introduction

Hazard studies have recognized remote sensing technology as a powerful
tool in damage assessment and recovery analysis. These methods have been
extensively used in monitoring land cover changes resulting from natural and
anthropogenic processes as aresult of its ubiquitous coverage, regular data
collection and repeatabl e independent analyses (Magsig et al. 2000, Yuan et al.
2002, Myint et a. 2008, Myint et al. 2008b, Muraet al. 2008). Through the
manipulation of multispectral data, damaged areas can be detected by the
aterations of spectral signaturesin land cover features caused by a natural
disaster (Bentley et a. 2002, Yuan et a. 2002, Jedlovec et a. 2006). Depending
on the technology selection and resolution employed, different damage levels can
be discerned, thus serving as alow cost aternative to aeria photography or
intensive ground surveys (Y uan et al. 2002, Jedlovec et a. 2006, Myint et al.
2008, Myint et a. 2008b).

Improvements in resolution and image processing techniques have
recently made remote sensing an increasingly popular method for studying
disaster impacts (Yuan et a. 2002). Finer resolutions have improved the
discernment of small-scale features; yet, drawbacks exist as the result of more
intensive algorithms and increasing processing times for imagery analysis. While
detailed damage information can be obtained on individual objects with finer
resolution, thisimagery may fail to capture the extent of the impacted areas due to

much smaller scenes. Medium resolution imagery such as Landsat TM and



Landsat ETM+ considers ground features together with the bigger pixel size,
thereby providing atop-view assessment. With the development of an effective
series of image processing algorithms, thisimagery could better capture the
chaotic nature of damaged areas than fine resolution imagery.

Most disaster studies have focused on issues of vulnerability and recovery
with large-scale events such as floods, earthquakes, tsunamis and hurricanes.
While tornado damage may be viewed as only affecting a small concentrated area,
thereis still a need to examine the impacts tornadoes have on society. Depending
on the intensity of the tornado and the infrastructure within its path, the magnitude
of damage can actually be greater than large-scale events.

Understanding all aspects of a disaster from itsimpact to recovery is
crucia in implementing effective mitigation strategies for future events (Uitto
1998, Cutter 2003). More recently, issues of socia vulnerabilities and recovery
have been brought to the forefront with such notable disasters as the December
2004 Tsunami, Hurricane Katrina and Haitian Earthquake. While these factors
affect society’ s ability to recover, the scope and magnitude of the disaster still
playsacritical rolein societal recovery and resiliency (Cutter 1996, Cutter et al.
2003). Examining disparities in reconstruction due to the biophysical impact can
provide valuable information in the degree of restoration and recovery. This
knowledge would lead to better decision-making policies that could reduce
disparitiesin the reconstruction process within the most severely damaged aress.

1.2 Research Question



Hazard studies have shown that the effects of a natural disaster to a society
are not uniform. The scope and magnitude of the disaster can have alasting
impact based on the amount of damage sustained, thus affecting the ability to
fully recover (Dacy and Kunreuther 1969, Haas et a. 1977, Uitto 1998, Y asui
2007, Fitch et a. 2010, Aldridge 2011). Most disaster studies have assessed the
initial damages and reconstruction of large-scale events like hurricanes,
earthquakes and tsunamis, but very few hazard studies have examined the lasting
impacts of small-scale events like tornadoes.

Remote sensing techniques have more recently been employed in the few
tornado disaster studies. Their research (Magsig et al. 2000, Y uan et a. 2002,
Jedlovec et a. 2006, Myint et al. 2008, Wilkinson and Crosby 2010) only
examined the initial impact with regards to the extent and severity of damages.
Another study by Myint et al 2008b expanded on previous damage studies by
categorizing the different F-scale ratings through geospatial techniques.
However, no known study has employed geospatial methods as a means to
objectively capture the reconstruction of atornado disaster.

This study attempts to answer the following research questions:

e How effective are geospatial techniques in assessing recovery and
reconstruction using medium resolution imagery (e.g. Landsat TM or
Landsat ETM+)?

e Arerecovery rates uniform with regard to damage level (e.g., Fujita

scale)?



These questions can be addressed through a study involving remote
sensing and GIS technologies. My hypothesisisthat recovery rates are directly
dependent on the level of the damage sustained, as measured by the Fujita Scale.
Consequently, employing an analysis involving geospatia techniques will assess
the initial tornado damage and reconstruction using Landsat-TM and Landsat
ETM+ imagery before and severa years after the disaster.

This analysis focuses on the 1999 Moore, Oklahoma tornado event of May
3, 1999. The tornado first touched down in the central portion of Grady County
and traveled 38 miles before dissipating on the eastern side of Oklahoma City in
Oklahoma County. Within the path, the cities of Moore and Bridge Creek
sustained the most damage based on its dense infrastructure and inferred intensity
rating of F5 on the Fujita Scale. The impact of the 1999 Moore, Oklahoma
tornado was 36 people lost their lives and damages exceeded 1.6 billion US
dollars making it one of the costliest tornadoesin US history (Brooks and
Doswell 2002, NCDC 2010).

For the Moore, Oklahoma tornado, image-processing techniques were
performed on Landsat TM imagery of 1998, 1999, 2000, 2001, and 2002. These
images were normalized the data to reduce spatial and temporal variations not
associated with the tornado (Singh 1989, Myint et al. 2008). Spectral
enhancements and temporal differencing were also employed to discern changes
attributed to the tornado. Both damaged and recovered areas were classified

using arecovery index and spatially analyzed in conjunction with F-scale zones



determined by National Weather Service ground surveys. Recovery rates were
then computed for each F-scale zone.

By examining the recovery rate of the Moore, Oklahoma tornado, the
hypothesisis that the response to such a disaster is not uniform, but rather a
function of the biophysical impact. By revealing these issues of disparity, future
studies can use this knowledge to implement better planning methods and
mitigation strategies in the most impacted regions that can be expected to reduce
the recovery period for those groups most impacted by the storm.

1.3 Background

After atornado event, damage surveys are conducted to assess the extent
of the damaged area and classify the intensity of the tornado on the Fujita Scale.
Since no direct measurements can be made, the intensity of the tornado must be
inferred by correlating the level of damage and estimated wind speeds (Marshall
2002, McDonald 2002, Doswell et a. 2009). Ratings on this scale range from FO
to F5 where an F5 rating corresponds to the most incredible degree of damage
(Fujita 1971, 1981, 1993, Grazulis 1991). Recently, this scale was modified to
reduce the subjectivity of the scale and renamed to the Enhanced Fujita Scale with
EF ratings (McDonald 2002). However, this change was made several years after
the tornado, therefore, | used the classified tornado ratings in the context of the
original Fujita Scale.

To research recovery, remote sensing methods of spectral enhancements,
temporal differencing and series of image processing a gorithms were used.

Spectral enhancements can discern damages not readily visible to the human eye



either by either reducing data redundancy (e.g. principle components analysis
(PCA)) or agebraically manipulating bands (e.g. band ratioing) on asingle image.
Temporal differencing differs from spectral enhancementsin anew imageis
produced based on the subtraction two images of the same areato highlight
changed areas (Singh 1989, Myint et al. 2008). With these images, a series of
image processing techniques were employed to classify damaged and recovered
regions using arecovery index and different thresholds. The top-performing
results were spatially analyzed in conjunction with F-scale damage zones to
derive F-scale recovery rates for the specific recovery years of 2000, 2001, and
2002.

1.4 Framework

To accomplish this geospatial assessment of the reconstruction of the 1999
Moore, Oklahoma Tornado, my thesisis organized as follows:

Chapter 2 provides adetailed literature review on issues pertaining to both
hazards and remote sensing components. This section is divided into discussions
of biophysical and socia vulnerability factors concerning theinitial impacts and
the recovery process. This chapter also examines previous remote sensing studies
for both large-scale events and small-scal e events with regards to damage
assessments and recovery anaysis. By reviewing both hazard perspectives and
geospatial techniques, this section aims to produce a comprehensive view of the
recovery process after a natural disaster.

Chapter 3 discusses the study area, data selected for the analysis, and

methods involved in assessing reconstruction. Limitations inherent in the data



and quality control methods necessary for successful change detection are
addressed. Geospatia techniques for analyzing the reconstruction process are
discussed as well as how recovery rates were calcul ated.

In Chapter 4, the results produced from the methods are presented.
Detected changes in terms of damaged and recovered regions are discussed. Both
recovery rates and spatial disparities are analyzed and presented.

In Chapter 5, the results from Chapter 4 are interpreted with the key
findings discussed. Critical findings regarding geospatial assessments of the
reconstruction of atornado and spatial disparities are explained.

In Chapter 6, the key findings are summarized and fundamental
conclusions of thisthesis are offered. Suggestions for future work are highlighted

with the significance of thiswork closing this research.



2. Literature Review
2.1 Theory of Hazards

When a natural process or phenomenon negatively impacts society, that
event concentrated in time and space is labeled a natural disaster (Turner 1976,
Alexander 1991). Unlike adisaster, anatural hazard is the perceived threat or
likelihood of loss from a future occurrence of suffering an adverse effect where
human vulnerability intersects with the biophysical processes (Fussel 2007). At
thisintersection, the impacts of adisaster can either be attenuated or amplified
depending on the type of implemented mitigation strategies and underlining social
characteristics (Alexander 1991, Cutter 2003, Turner et al. 2003, Cutter 2008).
Understanding how the biophysical process integrates with the socio-environment
iscrucia in not only measuring the sensitivity of the impact, but also in
determining the recovery and resiliency of the region (Cutter 1996).

The emergence of hazard studies in geography began with Barrows (1923)
by taking an ecologica approach to human adaptation and the environment
(Alexander 1991). He analyzed spatial and temporal aspects of risk and
susceptibility, but only focused on high magnitude events. Brookfield (1964)
pointed out contradictions with perceptions and responses to hazards calling to
expand the scope of how it relates to the socio-environment system (Grossman
1977, Alexander 1991). Following Brookfield, Hewitt and Burton (1971)
recognized human elements in disasters in addition to geophysical components
(Cutter et a. 2003). Further research by Burton et al. 1978 stressed viewing

hazards as ongoing phenomena within socio-environment systems, thus



advancing hazards research beyond causal agents. Building on this ecological
perspective, Timmerman (1981) argued that disasters were largely functions of
societal vulnerabilitiesin terms of sensitivity and resiliency of a system (Cutter
1996, Adger 2006, Fussel 2007).

Hazard research can be broken down into aspects of vulnerability and
resiliency (Klein et a 2003, Adger 2006, Zhou et al. 2010). Vulnerability broadly
defined is the potential for loss (Cutter 1996, Cutter et al 2003, Etkin et al. 2004,
Berkes et al. 2005) and can be further subdivided into physical and social
components. Physical vulnerability, or risk, isthe likelihood of experiencing
some adverse effect based on the geophysical characteristics of the environment,
whereas, social vulnerability is concerned with whom or what is susceptible to the
loss (Turner 1976, Turner et al. 2003, Cutter et a 2003; 2008). Resiliency, unlike
risk and social vulnerability, is concerned with post-event impacts and measures
how an individual or group responds and recovers once the disaster has occurred
(Cutter 1996, Turner et a. 2003, Cutter et al. 2008).

In hazard studies, risk loosely defined is the likelihood of the phenomena
occurring with an undesirable outcome (Brooks et al. 2003). From the beginning
of hazard research, risk has been viewed as the distribution from some hazard
condition (Burton et al. 1978, Alexander 1991, Cutter 1996). Here, inhabiting in
hazard zones and the degree of lossis associated with aregionalized event based
on known past occurrences (Cutter 1996, Brooks et al. 2003). Within these zones,

risk can either be attenuated or amplified depending on the magnitude, duration,



impact and onset of the event as well as any mitigation strategies already in place
(Cutter 1996, Mileti 1999, Mitchell 1999, Uitto 1999, Cutter et al. 2008).

Social vulnerability likerisk is aso concerned with the antecedent
conditions of the event except the focus shifts from the physical characteristics of
the hazard to social concerns in terms of whom or what is exposed to the loss
(Turner 1976, Turner et al. 2003, Cutter et al. 2003; 2008). This concept views
the hazard draped over society as a given and investigates who or what would be
most adversely affected based on social conditions (Cutter et al. 2003; 2008).
Here, disadvantaged groups are more vulnerable to certain hazards based on lower
socioeconomic means, lack of resources and poor housing quality regardless of
the distance to the damaging source (Burton et al. 1993, Cutter 2000). The
disparaging impacts of a disaster can be attributed to social inequalities based on
factors of age, race, ethnicity, socioeconomic status, political institutions and
other socia variables (Liverman 1990, Burton et al. 1993, Blaikie et a 1994,
Cutter 1996; 2000, Cutter et a. 2003). Recent examples of these inequalities have
been noted with the impact and recovery of Hurricane Katrina and the 2004
Tsunami (Finch et al. 2010)

In addition to the aforementioned factors, socia vulnerability takesinto
account how the built environment is constructed from a generalized paradigm.
This aspect of socia vulnerability has essentialy evolved from engineering
mitigation strategies that have recognized shortcomings in dwelling types, certain
types of infrastructure, and urban versus rural settings. Certain dwelling types

and infrastructure have proven to be akey factor in disaster impacts based on

10



material composition and number of housing units within a dwelling as shown by
Uitto 1998, Mitchell 1999 and Mileti 1999. In particular, mobile homes and
manufacturing houses are far more susceptible to damage than the typical framed
house even when anchored to afoundation (Marsha 2002, Pan 2002). While
these dwellings only make up about 8% of the housing market, approximately
40% of the tornado fatalities occur in these structures (Simmons 2007). These
marginalized residents comprised of elderly and low-income familiesare 10 to 15
times more likely to diein atornado disaster than the occupants of asingle family
framed home (Brooks and Doswell 2002, Simmons 2007).

Urban settings can also compound the effects of a disaster due to higher
density and societal trends. Higher densities in the urban environment increase the
conditional risk for fatalities by generating more debris and consequently
projectiles (Brooks and Doswell 2002, Marshall 2002, Pan 2002, DeSilva et a.
2008). This produces a domino effect in damage patterns and can often lead to
structural failure of surrounding structures in wind driven disasters and flooding
events (Brooks and Doswell 2002, Marshall 2002, Pan 2002, Brooks et al. 2003,
DeSilvaet al. 2008). In the case of tornado disasters, both structural failures and
wind-driven projectiles are responsible for the leading cause of death (Brooks and
Doswell 2000, Boruff et al. 2003).

Societal trends in urban settings also pose a higher risk based on growing
populations. With an increased demand for housing and service buildings, rushed
decision making in planning and construction could affect the integrity of the

structure and consequently increase the building’s vulnerability (Uitto 1998,
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Marshall 2002, Brooks et al. 2003, Cutter 2003, Doswell 2005, Cutter et. al 2008,
Wentz et a. 2009). The presence of such vulnerable structures within this
environment could compromise the integrity of nearby buildings, thereby
producing alarger damage field (Uitto 1998, Marshall 2002, Brooks et a. 2003,
Cutter 2003, Doswell 2005, Cutter et. a 2008, DeSilva et a. 2008, Wentz et al.
2009). However, rural settings could just as vulnerable as the urban environment
due to the lack of building code enforcement necessary to ensure their structural
integrity despite their sparse spacing (Cross 2001, Cutter 2003).

Another social vulnerability factor that should be considered is hazard
perception. (Preston et al. 1983, Alexander 1991, Donner 2007). Dueto
variations within society, perception differences arise based on levels of interest
and the ability to implement protective measures (Donner 2007). How this threat
is perceived affects their anticipated responses and consequently the magnitude of
theimpact (Preston et al. 1983, Alexander 1991, Cutter 1996, Donner 2007).
Additionally, perception in terms of public apathy contributes to be a major factor
in how prepared a society is due to long intervals between high magnitude events
or frequent exposure to low impact events that become integrated within the
culture (Preston et al 1983, Alexander 1991, Cutter 1996, Brooks and Doswell
1998; 2002, Doswell 2005). Perceived psychological distances and imagined
boundaries drawn around the threat can also foster afalse sense of security,
thereby affecting the level of preparedness and consequently the degree of impact

(Davis 2003).
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Another aspect that has been evolving over recent yearsis place-based
vulnerabilities. Thisdimension of vulnerability fuses the biophysical and social
factors together to examine the most vulnerable subgroups within a geographic
region (Liverman 1990, Cutter 1996). Certain places or sites can exhibit higher
degrees of vulnerability based on the spatial clustering of social and biophysical
characteristics (Cutter et a. 2000). This paradigm seeks not only to understand
the local manifestation of vulnerability, but also the influence of larger factors
operating on bigger scales (Cutter 1996, Cutter et a. 2000, Turner et a. 2003,
Cutter et al. 2008). Asaresult, thisview has moved hazard studies away from the
fragmented or specialized approach common in the local or regional level to a
more integrative approach (Blaikie and Brookfield 1987, Wilhite and Easterling
1987, Mitchell et a. 1989, Lewis 1987; 1990, Liverman 1990, Degg 1993,
Longhurst 1995, Cutter 1996).

In addition to vulnerability, another core aspect studied in hazard research
isresiliency. This concept measures how well a system can handle stress by
focusing on the post-disaster responses and coping capacities of individuals or
groups (Cutter 1996, Turner et. al 2003, Cutter et. al 2008, Zhou et al. 2010). As
noted by Cutter et a. 2008, “Resiliency incorporates the capacity to reduce or
avoid losses, contain the effects of disasters, and recover with minimal social
disruptions’ (Buckle et al. 2000, Manyena 2006, Tierney and Bruneau 2007,
Cutter et al. 2008, p 600). This concept considers both pre-disaster mitigation and
post-disaster strategies with the notion that a well-designed and resourceful

system can handle the external stresses of an event and still maintain itsintegrity
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(Adger 1997, Klein et a. 2003, Bruneau et al. 2003, Berkes et al. 2005, Tierney
and Bruneau 2007, Cutter et al. 2008).

The relationship between resiliency and vulnerability has been argued
within the discipline based on how resiliency is conceptualized. Traditionally,
hazard studies have nested resiliency within vulnerability based on defining
resiliency as an outcome or coping mechanism to the disaster (Cutter 1996).
Other researchers, more in lined with socio-ecologists, treat vulnerability and
resiliency as separate and opposite concepts (Turner et a. 2003). With this
paradigm, resiliency is treated as a process by which a system modifies and copes
with the aftermath based on adaptive capacities and knowledge gained (Cutter et
a. 2008, Zhou et al. 2010). The last paradigm does not discriminate between
resiliency as a process or outcome, but instead links these two concepts through a
dynamical feedback with the ideology that a more resilient society will be less
vulnerable and vice versa (Cutter 1996). While this conceptualization has been
growing in popularity, problems exist in both measuring and delineating between
these core aspects (Cutter et a. 2008).

Issues in assessing vulnerability and resiliency also exist when dealing
with spatial and temporal components. In terms of scale, attributes selected to
measure a particular variable may not always transcend across other scales
without losing some detailed information (Turner et a. 2003). In regardsto
temporal aspects, the true onset of an event may be difficult to define depending
on measurement unit and scale (Turner et al. 2003, Cutter et al. 2008). In addition

to identifying the impact, the declaration of recovery can be somewhat ambiguous
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as other factors or outside scale influences can affect the reconstruction process
(Cutter et a. 2008).

After the disaster has occurred, there are two generalized phases within the
disaster management cycle. Thefirst phase deals with the initial consequences of
the disaster in terms of emergency responses including rescues, evacuations,
temporary shelters and damage assessments (Alexander 2000, Carter 1991,
Quarantelli 1998, Dunford and Li 2011). The second phase, recovery,
incorporates both short-term reconstruction and long-term planning. The short-
term reconstruction consists of repairing and rebuilding damaged housing and
infrastructure that could last up to three years, while long-term recovery pertains
to economic development and long-term mitigation plans (Alexander 2000, Carter
1991, Quarantelli 1998, Dunford and Li 2011). Ideally, these two recovery
concepts should overlap in the rebuilding phase to improve the resiliency of the
impacted society from future events (Burby 2001).

Focusing on short-term recovery, reconstruction rates depend on the
magnitude of the biophysical impact aswell as socia vulnerability factors. Dacy
and Kunreuther (1969) initialy noted that the rate of recovery was mainly
attributed to the magnitude of damage sustained in the recovery assessment of the
1964 Alaskan earthquake (Haas et a. 1977, Y asui 2007, Fitch et al. 2010,
Aldridge 2011). Both Haas et al. 1977 and Y asui 2007 elaborated on this finding
by pointing out that the lesser damaged structures will take less time and
resources to complete (Aldridge 2011). They continued to state that the most

severely damaged areas will lag in reconstruction due to more resources necessary
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for either intricate repairs or complete rebuilds as well as issues of shorter housing
supplies for temporary residence (Aldridge 2011). This finding was demonstrated
in an economic assessment by Desilva et a. 2004, which inferred recovery based
on property values returning to pre-tornado disaster prices in Oklahoma County.
They found that the housing prices associated with the most incredibly damaged
ranking of an F5 lagged the market prices of less damaged homes before finaly
rebounding three years later. Thisillustrates the significance that the magnitude of
the biophysical impact has on the rate of recovery (Cutter 1996; 2000; 2003, Fitch
et a. 2010).

Within short-term reconstruction, another indirect ramification of the
impact to consider isthe decision to rebuild or relocate. Thisdecisionis
predominantly based on the loss of livelihood and income opportunities or fear of
another event (Paul 2005). In astudy by Paul 2005, he examined the connection
between aid and outmigration in of atornado disaster in north-central Bangladesh.
Through mail surveys and interviews, he discovered that all residents stayed
based on receiving more aid than anticipated. However, he did point out that the
generous amount of aid was in response to a previous tornado disaster in this
region that had generated negatively publicity based on government negligence.
Contrary to thisfinding, another study by Cross 2001 revealed that only half of
the population returned to the rural community of Spencer, Kansas, Cross (2001)
based on mail surveys without mentioning of aid amounts. His study focused
more on the rura versus urban argument in which small town livelihoods played a

crucia rolein the decision to remain and rebuild.
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2.2 Damage A ssessment

Once atornado has occurred, damage surveys are conducted to determine
theinferred intensity of the tornado and extent of its path. From these surveys,
the tornado is assigned an F-scale rating on the Fujita Scale based on correlating
inferred wind speeds from the observed degrees of damages (Fujita 1971, 1981,
Fujitaand Smith 1993, McDonad 2002, Marshall 2002). All observed tornadoes
have been assigned an F-scale rating since the implementation of the Fujita Scale
in the 1970s and continues to be the most requested statistic following atornado
disaster to date (Grazulis 1991, McCarthy 2003).

Although the Fujita scale is meant to be an intensity scale, thisscaleis
really more of adamage scale (Doswell and Burgess 1988). F-scale ratings
implicitly equate damage with intensity primarily based on its interception with
the constructed environment (Doswell and Burgess 1988, Brooks 2003, Doswel |
et al. 2003, Dotzek et al. 2003). Significant tornado ratings, F3 or higher, are
often assigned only when tornadoes initiate construction failure and scatter debris
over large expanses (Doswell et a. 2003, Dotzek et a. 2003). Inrelatively
remote locations, tornadoes that are observed are usually assigned much lower
ratings because their paths often traverse vegetative cover with little chance to
intersect infrastructure. Although tornadoes in densely populated regions are
more likely to be reported with higher damage ratings, other difficulties existsin
rating F-0 tornadoes based on small damage amounts and brief lifetimes (Brooks
2003, Dotzek et a. 2003). These aforementioned problems highlight the issue of

the dependency of F-scale ratings with the underline material and not solely on

17



inferred wind speeds, which this scale aims to achieve (Doswell and Burgess
1988, Doswell et al. 2009).

Additional problems with the Fujita Scale result from the subjective nature
in damage assessments and other underline assumptions. When surveying
tornado damage, a great deal of uncertainty exists with the interpretation of the
single paragraph descriptors that are often deemed vague and limited in scope
(Grazulis 1991, Marshall 2002). These biases are often exacerbated based on the
knowledge of different estimators, which can lead to spatial and temporal
inconsistenciesin rating tornadoes (Doswell et al. 2009). Other discrepancies can
be attributed to the assumption of well-built structures and their homogeneous
construction instead of the considering the construction the variability of
construction (Marshall 2002, Doswell et a. 2009). Asaresult, these problems
and inconsistencies can affect the completeness and accuracy of tornado
climatology (McCarthy 2003, Doswell et a. 2009).

Some of these issues were addressed with the modification of the Fujita
Scale to develop the Enhanced Fujita Scale. Adjustments included more detailed
damage descriptors to reduce subjectivity in damage surveys and account for
construction variability and building types (Doswell et al. 2009). Additiona
damage indicators were also implemented to deal with damages to different types
of vegetation (Doswell et a. 2009). However, these indicators still fail to
represent the various vegetation types as well as capture any of the antecedent
conditions in terms of soil saturation that may contribute to damage severity. In

addition to the improved damage descriptors, wind speed ranges were also
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lowered based on the observation of building failure initiation at much lower
speeds than previous thought (Doswell et a. 2009). Y et, despite these
modifications, problems still remain due to the inherent subjectivity in damage
surveys and dependency of intercepting structures necessary to infer tornadic
intensity with wind speeds.

Despite the aforementioned issues in the Fujita Scale, relating damage to
intensity can be useful in modeling hazards associated with tornadoes (Schaefer et
a. 2002, McCarthy 2003). Since implementing the Fujita Scale, damaged
surveys have noted the different magnitudes of observed damages based on rough
guidelines built in the scale (Doswell and Burgess 1988). Upon surveying
different damage swaths, weaker structures were more susceptible to wind
damage based on materials and poor construction practices (Marshall 2002).
Within the past decade, damage surveys have brought forth new information on
the correlation of structural engineering and quality to observed damages.

In particular, detailed surveys of the Moore, Oklahoma tornado made
important discoveries concerning the relationship between architectural design
and degrees of damage. Roof attachment and geometry were found to contribute
to the magnitude of damage as the result of weight distribution and number of
connections (Brooks and Doswell 2002, Marshall 2002). These results were
important findings considering structural failureis often initiated when uneven
pressure fields expose these connections. Garage doors also posed a higher risk
for greater damage since positive wind pressure can easily raise these relatively

flimsy doors (Marshall 2002, Brooks and Doswell 2002). This breach of
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envelope creates additional pressure side loads that can cause the roof to uplift
and often initiates structural failure (Marshall 2002).

In addition to the direct impacts of the tornado itself, indirect impacts such
as projectiles or debris can often aggravate the extent of the damage path as well
as magnitude. Once a building has been compromised, projectilesin the debris
field become a serious threat to surrounding structures especialy those downwind
(Marshall 2002, Pan et a. 2002). These projectiles can breach the externad
envelopes of structures that might have otherwise resisted damage. Evidence of
this damage pattern can be seen emanating out from the source in a cascading
pattern suggesting the presence of vulnerable structures either directly within the
path or on the fringe (Brooks and Doswell 2002, Pan 2002).

Valuable information obtained from damage surveys in conjunction with
working with the Enhanced Fujita scale could still lead to instituting better
mitigation strategies. With any tornado occurrence, wind speeds can vary greatly
with the most intense winds often confined to a small area within the path. The
actual likelihood of encountering these winds associated with F3 rated tornadoes
or higher isrelatively low based on the climatology of observed significant
tornadoes (Brooks and Doswell 2000, Dotzek et al. 2003). Thereby, structural
integrity could be designed to handle most tornadic wind fields (Marshall 2002).
Marshall pointed out that “when wind speeds are overestimated in the Fujita
Scale, the genera public, designers and builders may conclude that is
economically unreasonable to design for these higher wind speeds and associated

loads (Marshall 2002, p597).” Understanding how engineering improvements can

20



withstand the mgjority of tornadic winds could lead to policy changesin building
codes and other construction practices, thus aiding those most vulnerable to such
disasters.

2.3 Aeria photography

Historically, tornado damage has been measured by ground and aerial
surveys. Beginning in 1965, the Fujita group used aeria photography and ground
surveys to determine multi-scale airflows of tornadoes and microbursts through
damage assessments (Fujitaand Smith 1993, Yuan et a. 2002). They found that
tornadoes had highly convergent swirling wind patterns that affected arelatively
narrow swath (Fujita 1981). These paths were easily discerned in violent
tornadoes based on damaged structures and associated debris (Fujita 1981).
Aeria photographs captured additional information of blown down grasses, but
often lost track of the path associated with weaker tornadoes or tornadoesin
dissipating stages (Fujita 1981, Fujitaand Smith 1993). Ground surveys aone
proved too difficult in distinguishing weak tornadoes and downbursts.

From aerial damage assessment, the Fujita group identified multi-scale
surface winds associated with tornadoes and their resulting damage patterns. The
multi-scale winds are the mesocyclone, the tornado, and suction vortices, which
are one magnitude smaller than the parent tornado. Instead of newly devoid
vegetative swaths, it was discovered that suction vortices would pick debris up
near itsrotational center and deposit it along their axes (Fujita1971, 1981, Fujita
and Smith1993). The level of damage sustained proved to be afunction of the

relative positioning of objects within its path to suction vortices rotating around
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the tornado itself as well as the tornado’ s diameter and ratio of rotational to
trandational velocity (Fujita 1981, Fujitaand Smith 1993).

While aerial surveys have played avital role in gaining knowledge of the
dynamics and structure of atornado, this approach does have its limitation.
Aeria surveys tend to be time consuming and costly in locating such an
operations as well as processing imagery (Y uan et al. 2002, Jedlovec et al. 2006,
Myint et al. 2008). Analysts must have prior knowledge of the affected region to
capture the damage swaths (Yuan et a. 2002, Jedlovec et al. 2006). Even with this
prior knowledge, additional damaged tracks that were not reported could easily go
undetected especially in remote regions (Yuan et al. 2002, Speheger et al. 2002,
Jedlovec et a. 2006, Myint et al. 2008). In cases of supercell outbreaks, not al
tornado tracks may be examined in detail due to limited resources and attention
focused on swaths that sustained the most damage (Fujita and Smith 1993).
2.4 Remote Sensing

Remote sensing can help minimize problems associated with traditional
methods. With routine satellite acquisition and reduced costs of satellite imagery,
damage assessment can be completed in arelatively inexpensive and timely
manner (Yuan et a. 2002, Myint et al. 2008). In addition, satellite data can detect
larger swaths of the damage tract provided with the synoptic view (Y uan et al.
2002, Myint et a. 2008). This synoptic view also provides access into otherwise
inaccessible regions on the ground from either the debris field or remote locations
(Yuan et a. 2002, Jedlovec et al. 2006, Myint et al. 2008). Another advantage of

using satellite imagery is the ability to detect damaged areas not discernable to the
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human eye through change detection methods and other geospatial techniques
(Yuan et a. 2002, Jedlovec et al. 2006, Myint et al. 2008).

Change detection methods have been widely utilized in monitoring land
cover changes either anthropogenically induced or disaster-related (Singh 1989,
Jensen 1996). These techniques have been employed in many large-scale
disasters such as earthquakes (Regjaie and Shinozuka 2004, Sun and Okubu 2004),
hurricanes (Wang et al. 2010, Kelmas 2009, Heneka and Ruck 2008, Lee et al.
2008), tsunamis (Belward et a. 2007, Kaplan 2009), wildfires (Gitas et a. 2008),
landslides (Lin et a. 2004) and floods (Wang et a. 2002, Islam and Sado 2000)
and afew small-scale disasters such as hail (Bentley et al. 2002) and tornado
assessments (Y uan et al. 2002, Jedlovec et a. 2006, Myint et a. 2008, Myint et al.
2008b).

The most common approach employed for hazard anal yses has been multi-
temporal differencing of imagery with the same sensor properties and resolution
size. In this method, pixel vaues assigned in the pre-event image are subtracted
from pixel values of the post-event image creating a changed image (Singh 1989,
Bentley 2002, Lillesand et al. 2004). Alterationsin surface features can then be
discerned based on changes in surface orientation or reflective properties as a
result of the disaster (Bentley et a. 2002, Y uan et al. 2002, Jedlovec et a. 2006,
Myint et al. 2008).

Band-ratio techniques in conjunction with multitemporal differencing
often yield better results in capturing changes associated with natural disasters.

Band ratio techniques manipul ate the data contained in the multispectral bands
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into indexed values by aggregating spectral responses of similar class features
(Sabins 1997, Lillesand et a. 2004). Working with known indexed values not
only makesit easier to track changes with different land class types, but can also
minimize scene differences by removing atmospheric effects (Y uan et a. 2002,
Lillesand et a. 2004, Jedlovec et al. 2006). While the resulting indexed images
can be used as stand-alone composites for direct comparison, multitemporal
differencing of these indexed images are often more effective in detecting the
smallest changes that could often go unnoticed (Y uan et al 2002).

Normalized Difference Vegetation Index (NDVI) is the most popular
index used in damage assessments and recovery analyses (Lin et al. 2004). NDVI
has been extensively employed to assess vegetative health, but can also indicate
the type of changes in other land classes based on known indexed values (Rouse
et al. 1973, Yuan et a. 2002, Lin et a. 2004, Jedlovec et a. 2006, Wilkinson and
Crosby 2010, Roemer et al. 2011).

In studies by Yuan et a. 2002, Jedlovec et al. 2006, and Myint et al. 2008,
they used NDV| composites as part of their damage assessment of atornado
disaster. They found that NDVI composites not only captured a broader portion of
the tornado track, but could aso differentiate between soil deposition and
vegetation removal from tornadic winds. Y uan et al. 2002 found that NDV |
composites could discern F2 related damages in the urban affected regions and F3
damagesin therural areas of their analysis. Bentley et al. 2002 also discovered
that NDV1 could distinguish between hail and wind damage in their severe storm

damage assessment. They revealed that hail damage vegetation had significantly
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lower NDV 1 values as the crop was completely destroyed, whereas wind damaged
vegetation had relatively minor differencesin NDVI values due to only temporary
disruptions in photosynthesis.

Even though NDV I composites have obtained valuable information in
disaster analysis, NDV I differencing has illustrated more success at discerning
damages and reconstruction. Yuan et a. 2002 was able to detect more portions of
the tornado track using NDV 1 differencing than NDVI composites with F2
damages captured in the rural areas and some F1 damages detected in urban
regions. They also demonstrated that NDV 1 differencing could delineate between
F-scale damages based on decreasing values with increasing F-scale ratings using
overlay analysis of F-scale damage data. Wilkinson and Crosby (2010) also
linked NDV I differencing values to tornado damage. However, unlike Yuan et al.
2002, their study was more simplistic in that they classified NDV | differenced
valuesinto categories of light, moderate and severe damages.

NDVI and NDVI differencing does, however, have some problemsin
providing a complete damage survey. First, monitoring vegetative damage tends
to be difficult using NDV | as stated by Bentley et al. 2002, because vegetation is
often blown and not uprooted in grassland or agriculture crop regions. With these
ground covers, much of the vegetation survives resulting in only subtle changesin
NDVI values making it difficult to detect any changes (Bentley et al. 2002,
Jedlovec et a. 2006). Other pitfalls with NDVI scenes correspond to seasonal
differences in vegetation and climatic changes that could complicate damage

assessments (Bentley et al. 2002, Y uan et al. 2002, Jedlovec et al. 2006, Myint et
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al. 2008). Jedlovec et al. 2006, in particular, noted problems due to spring
greenness that degraded the track’s signal in urban settings. NDV 1 also begins to
fail in detecting portions of the tracks along rivers and other water bodies possibly
due to similar reflectance values between bare soil of the tornado track and
riverbanks (Jedlovec et a. 2006, Yuan et a. 2002). Additionally, Jedlovec et a.
2006 reported some signature confusion between exogenous land use changes due
to anewly constructed road and land degradation from the tornado based on very
similar NDVI values.

Other spectral enhancements such as principal component analysis (PCA)
can be helpful in detecting damaged pixels in urban areas despite some of their
problems. Yuan et al. 2002 found that depending on the channels used to collect
data, PCA could extract some damage information in urban areas by reducing
noise and scattering associated with the atmosphere (Y uan et al. 2002). Myint et
al. 2008 aso found PCA effective in discerning the damaged path due to the
contrasting signatures of vegetation and soil surfaces. However, Jedlovec et al.
2006 noted difficulties with PCA detecting damage in rura environments where
land cover isfairly homogeneous due to subtle changesin texture. PCA also has
trouble recognizing the damage tract in severe damage cases where debris has
been scattered into small fragments (Jedlovec et a. 2006).

Classification techniques in conjunction with spectral enhancements have
also been utilized in many disaster studies including tornado damage assessments.
These techniques have been frequently used to differentiate between damaged and

non-damaged regions (Chou et al. 2009). More recently, shifts from pixel-based
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approaches to object-oriented approaches have significantly improved their
degree of accuracy increasing their popularity in hazard analysis (Myint et al.
2008b, Wentz et al. 2009).

Myint et al. 2008 demonstrated this finding with their damage assessment
of the 1999 Moore, Oklahomatornado. Using PC3 and PC4, they classified
damaged and non-damaged portions of the track using both traditional methods of
supervised and unsupervised approaches and object-oriented approach. His study
highlighted problems with traditional classification methods due to the high
variability in urban settings that matched the chaotic pattern of fragmented debris.
By developing an effective algorithm tailored to spatial relationships of
segmented objects in terms of damaged and non-damaged regions, they found the
highest accuracies using object-oriented approach over the traditional pixel-based
techniques. However, despite thisimprovement, their study still had problemsin
detecting some of the fine scale damages associated with FO and F1 ratings near
the river proving the difficulty in discerning small-scale damages.

Other geospatial-based research has used spatial indexes as a means to
capture damaged regions. Myint et al. 2008b performed such an analysis on the
same tornado to identify the different F-scale damages within the track. They
were able to correlate the changing spatial arrangements of objects with the
different magnitude of damages using Getis Index and awindow size of 21X21.
Although their study had some problems identifying some of the F-scale damages
due to resolution size, this method could still serve as an alternative to ground

studies where accessibility is a concern and fine resolution imagery is available.
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From these tornado damage assessments, factors of land cover classes,
damage severity and image quality should be considered when selecting spectral
enhancement type and imagery for future research. The ability to detect tornado
damage depends on the underline land cover and damage severity as noted by
Yuan et a. 2002, Jedlovec et a. 2006, and Myint et a. 2008. Urban areas with
high-class variability often obscure the track because of the similar chaotic pattern
in thetornado (Yuan et a. 2002, Myint et a. 2008). While homogeneous regions
such as forested regions were overall easier to discern, some vegetative covers are
problematic based on texture, land cover type and damage magnitude (Yuan et al.
2002, Jedlovec et a. 2006). Additionally, image quality plays akey rolein the
ability to discern damaged regions as Jedlovec et al. 2006 study was plagued with
atmospheric contamination from evaporation of damp surfaces and selection of
coarse resolution (250 meters). These issues can hamper the ability to discern the
damage track (Myint et al. 2008,Y uan et al. 2002).

While the af orementioned studies only employed remote sensing
techniques for tornado damage assessments, other analyses have used geospatial
methods to examine the recovery process from large-scale disasters. These
studies have obtained valuable in recovery by investigating uncovered spatia
disparities that could be applied in reconstruction assessments of small-scale
events such as tornadoes. One such exampleisLin et a. 2004 study of an
earthquake-induced landslide in Central Taiwan. Using arecovery index and
NDVI differenced images, their study assessed vegetation restoration of landslide-

affected region. Their analysis was able to distinguish between damaged and
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recovered regions and establish recovery rates based on the resulting index values.
By classifying recovery rates into ordinal rankings, they were also able to
investigate the spatial disparitiesin recovery where they uncovered further land
degradation after the landslide in the steep sloped areas.

In asimilar recovery analysis of a different landslide-damaged area, Chou
et a. 2009 employed amodified version of Lin et al. 2004 recovery index using
an exponential derivative. In their study, they predefined the damaged regions
first using unsupervised classification techniques using weighted values and then
employed their index. Although their index correlated recovery with low index
valuesunlike Lin et al. 2004, they too uncovered vulnerable regions in vegetation
regeneration along the river due to escarpment and invasion of non-native species.
Asaresult of thisfinding, they also noted that complete recovery was never
attained during their six year analysis.

Another recovery study conducted by Roemer et al. 2011 examined the
recovery rates for atsunami-affected area. They also modified Lin et a. 2004
index, but used the same recovery rate values as Lin et a. 2004 unlike Chou et al.
2009. They defined the damaged area like Chou et al. 2009, but employed an
impact threshold based on statistically analysis of sampled pixels to capture the
impacted region. Using this approach, they could distinguish between recovered
and damaged regions for each subsequent recovery analyzed. Through
classification accuracy assessments, their results proved successful when

compared with ground truth data with overall accuracies of 80.77%. From their
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results, they also revealed disparitiesin recovery rates due to different vegetative
species and shoreline exposure similar to Chou et a. 2009 findings.

Roemer et al. 2011 also used change vector analysis (CVA) asameansto
cross-reference hisrecovery index results. By detecting positional changesin
damaged and recovered pixels, their study could further investigate into the type
of land use changes after the tsunami and rate of recovery (Roemer et al. 2011,
Wang et a. 2009, Lunetta and Elvidge 1998, Engvall et a. 1977). By linking
different vegetation species data, they noted high recovery rates with non-woody
plants such as grasslands and low recovery rates for woody species. They aso
discovered through CVA that human induced land use changes could have
contributed to low recovery ratesin certain sections.

2.5 Conclusion

Hazard studies have uncovered many facets to disasters concerning the
initial impact and recovery process. These variables include both the biophysical
impact and socia vulnerabilities. Much of this research has focused on recovery
from large-scale eventsin terms of hurricanes, tsunamis, floods and earthquakes
with few studies examining the reconstruction after atornado disaster. These few
hazard studies have primarily focused on recovery from an economic assessment
using county assessor data or outmigration studies employing qualitative methods.

More recently, remote sensing methods have been used in damage
assessment of the biophysical impact of atornado, but have yet to be employed in
recovery assessments of this hazard type. Large-scale disasters have examined

both aspects of hazards from the initial impact and reconstruction analyses.

30



Therefore, the need still exists to provide an objective view of the reconstruction
from atornado disaster and understand the rate of recovery as a function of the

biophysical impact from a hazard perspective.

31



3. Study, Data and Methods
3.1 Introduction

Remote sensing has demonstrated to be a valuable tool in monitoring land
changes as aresult of anthropogenic change or natural disasters (Muraet al.
2008). Most disaster research that utilizes remote sensing has focused on large-
scale disasters such as earthquakes (Regjai e and Shinozuka 2004, Sun and Okubu
2004), hurricanes (Wang et al. 2010, Kelmas 2009, Heneka and Ruck 2008, Lee
et al. 2008), tsunamis (Belward et al. 2007, Kaplan 2009), wildfires (Gitas et a.
2008), landdlides (Lin et a. 2004) and floods (Wang et al. 2002, Islam and Sado
2000)), while only few studies have analyzed small-scale disasters like the
aftermath of atornado. The few tornado studies (Myint et a. 2008, Myint et al.
2008b, Jedlovec et a. 2006, Y uan et a. 2002, Wilkinson and Crosby 2010) have
focused on theinitial impact from a damage assessment perspective.
Conseguently, the need to examine reconstruction for even small-scale disasters
like tornadoes still exists. The fundamental goal of this research attempts to fill
that void by examining reconstruction from atornado disaster through remotely
sensed data and a series of image processing agorithms. This chapter discusses
the study area for the research, data and methods employed in the analysis.
3.2 Study Area

This research examines atornado disaster in Central Oklahomalocated in
the Southern Great Plains. Thisregion sits within the Mississippi River basin
where rich soils and proximity to the Canadian River provide fertile land for

agricultural purposes. With amixture of rural and urban landscapes, this stretch
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of Oklahoma includes the state capital, Oklahoma City, as well as the smaller
cities of Newcastle, Moore, Norman and Bridge Creek. The climatein thisregion
has a mean annual temperature of 60 degrees Fahrenheit with seasonal
temperature extremes that vary below 32 degrees Fahrenheit in the winter to
above 90 degrees Fahrenheit in the summer (OCS 2010). Mean annual
precipitation averages to 42 inches per year, but can deviate significantly
according to the seasons (OCS 2010). Most notably, the relatively flat terrain
allows for the formation of some of the worst convective storms during the
springtime and late fall when warm tropical air masses from the south clashes
with the dry, polar air to the north (Bluestein 2006, Grazulis 1991). Asaresult of
this synoptic climatology, a high frequency of tornadoes is produced per year,
thus earning its nickname of Tornado Alley (Bluestein 2006, Grazulis 1991).
Within Central Oklahoma, this study concentrates on the reconstruction of
tornado track A9 shown in Figure 1. Out of 74 tornadoes spawned from the May
3, 1999 supercell outbreak, track A9 was the most significant tornado producing
devastating damages associated with an F5 rating (refer to Chapter 2 for
information on the Fujita Scale) in the cities of Moore and Bridge Creek
(Speheger et a. 2001). Thistornado touched down in the central part of Grady
County near the town of Amber and traveled northeast for 38 miles through the
cities of Moore and Bridge Creek and dissipated on the eastern side of Oklahoma
City in Oklahoma County. While it could be argued that the two tornado tracks
A6 and A8 southwest of Chickasha could be a discontinuity of the focused track,

the NOAA’s publication “ Storm Data” records each touchdown as a separate
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tornado (NCDC 2010). Therefore, this research only examines the continuous
track labeled A9.

This particular tornado serves as a good example for analyzing the
reconstruction process of atornado disaster because of its track length, path and
varying degrees of damages. Thistornado tracked 38 miles on the ground, which
isconsidered avery long track compared to other recorded tornadoes (NCDC
2010). While on the ground, the tornado traversed different land cover types
affecting both rural and urban areas. Within its path, the magnitudes of damages
varied significantly thus affecting its Fujita Scal e ratings from moderate damages
of an F1 rating to the incredible damages of an F5 rating (Fujita 1971, 1973,
1981). With such adiverse cross-section of factors involved, this tornado disaster
provides arare opportunity to monitor recovery.

This study examines the recovery process of the Moore, Oklahoma
tornado for 2000, 2001 and 2002 by employing geospatial techniques with
remotely sensed data. These data are detailed in the next section along with F-
scale data provided by the Oklahoma Weather Center. Following the data section,
the methodol ogy portion is discussed in which two change detection methods are
presented to evaluate reconstruction. The first method quantifies recovery
through a series of image processing agorithms with a set of spectrally enhanced
images. The second method uses change vector analysis as a means to

gualitatively assess reconstruction.
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Fig. 1. Map of recorded tornado locations during the May 3, 1999 Tornado
Outbreak in Central Oklahoma. (image from
http://www.srh.noaa.gov/images/oun/wxevents/ 19990503/ maps/bigoutbreak.gif)
3.3. Dataand Data Preparation

For this multitemporal study, reconstruction was assessed using both
Landsat Thematic Mapper (TM) and Landsat Enhanced Thematic M apper
(ETM+) imagery at 30 meter spatial resolution with seven multispectral channels
spanning the blue to thermal portions of the electromagnetic spectrum. All of the
multispectral bands were utilized except for the thermal band due to its coarse
resolution (Myint et a. 2008). The panchromatic band was also excluded as a
result of its availability only with Landsat ETM+ data as well asits finer spatial
resolution than al the other bands. Cloud-free imagery for Central Oklahoma

(path 28, row 35) were obtained prior to the tornado disaster on June 26, 1998 and
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after the disaster on May 12, 1999, May 30, 2000, April 23, 2001 and September
17,2002 listed in Table 1. Ideally, imagery should be collected within two weeks
of the anniversary date for each scene, however, cloud contamination proved
problematic (Singh 1989, Jensen et al. 1995, Lillesand et al. 2004). Therefore, the
scenes for 1998 and 2002 were selected based on similar vegetative greenness to
ensure successful change detection analysis (Mahiny et al. 2007). Images after
2002 were not collected due to the lack of cloud-free scenes prior to the
occurrence of another tornado within the study areaon May 8, 2003.

Table 1. Specific satellite imagery utilized in the study

Date Satellite Spatial Resolution
June 26, 1998 Landsat TM 28.5 meters
May 12, 1999 Landsat TM 28.5 meters
May 30, 2000 Landsat TM 28.5 meters
April 23, 2001 Landsat ETM+ 28.5 meters
September 17, 2002 Landsat ETM+ 28.5 meters

The selected scenes were pre-processed to reliably monitor changes
attributed to the recovery process (Townsend et al. 1992). To minimize distortion
of actual surface reflectance from haze, relative radiometric corrections were
performed using the Cos(t) model in IDRISI Taiga (Version 16). This process
removes artifacts due to solar illumination, atmospheric scattering and absorption
by subtracting digital numbers of dark objects (deep-water bodies or shadows)
that should have pixel values close to zero (Chavez 1988, 1996, Mahiny et al.
2007). However, due to the absence of adark object in the scene, histogram
thresholds representative of haze were used. These values were located by sharp
increases in the histogram and then subtracted from each band (Chavez 1996).
Digital numbers were converted to apparent reflectance and imported into Erdas

Imagine 9.3 for further pre-processing and analysis.
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To ensure successful change detection of the tornado disaster, post-
tornado imagery were co-registered and normalized (Mahiny et al. 2007). Post-
tornado images were co-registered to the pre-tornado image below the standard
root mean square error (RM SE) of 0.5 pixelsto minimize pixel misregistration
(Myint et al. 2008b). Although locational errors cannot be entirely eliminated,
this procedure significantly reduces anomal ous results attributed to spatial
inconsistencies (Myint et al. 2008b, Myint and Wang 2006, Townsend et al.
1992). After co-registration, post-tornado scenes were normalized based on
densely vegetative values in the pre-tornado image to reduce reflectance
variations between the imagery (Mahiny et al. 2007, Hall et a. 1991, Jensen et al.
1995, Lunetta and Elvidge 1998). Band values for each image were adjusted as
needed by adding the difference of these averaged reflectance values between the
sel ected post-tornado image and pre-tornado image to the selected post-tornado
image (Hansen et a. 2008).

After pre-processing the data to obtain corrected surface reflectance
values, each image was layer stacked and subsets were made to extract the
tornado-affected region. Thisregion covered 1689.62 km?with upper left
coordinates of longitude 97° 44' 36.537" W and latitude 35° 35' 32.057" N and
lower right coordinates of longitude 97° 19' 4.331" W and latitude 35° 12' 0.343"
N. An example of acorrected image of the study areais referenced in Figure 2
and shown in Figure 3 as afase color composite displaying Bands 4, 3 and 2 as

red, green and blue respectively.
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Fig. 2. Map displaying county boundaries in the state of Oklahoma and the study

areaoutlined in red.

Fig. 3. False Color Composite of the Study Areadisplaying Band 4 inred, Band 3

in green and Band 2 in blue.
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In conjunction with Landsat imagery, F-scale contours developed from the
Oklahoma Wesather Center were utilized to define the exact damage track (Y uan
et al. 2002, Speheger et al. 2002). Using a high resolution F-scale map provided
by Speheger et a. 2001, F-scale contours were digitized in ArcGIS 9.3. These
contours were geo-referenced in Universal Transverse Mercator projection Zone
14 with World Geodetic System 1984 spheroid using the United States Geological
Survey Quadrangles, Oklahoma City North and Oklahoma City South, at ascale
of 1:100,000. The resulting shapefile was then clipped to the post-tornado image
to exclude asmall portion of the track that extended into the adjacent scene
below. Thisdecision to omit lessthan 10 miles of the track in a predominantly
densely, vegetative region was based on the requirement of radiometric
normalization. Including the adjacent scene would require different radiometric
corrections tailored to each scene for each year. Thiswould have more than
likely complicated results by introducing errors, therefore this scene and segment
of track was not included in the analysis. The final F-scale shapefile was
transformed into an Area of Interest file (AOI) using the perimeter of the entire
damaged track to extract recovery information for all the F-scale zones.

3.4. Digital Analysis

In order to monitor reconstruction of the Moore, Oklahoma tornado,
spectral enhancements were performed using data transformations and indices.
Both enhancements manipul ate the original multispectral bands to create a new
image that can highlight alterations in land cover associated with the tornado

(Yuan et a. 2002). Data transformations typically generate more meaningful
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images by reducing data redundancy, while indices use band ratios in order to
aggregate land cover types based on similar spectral responses (Singh and
Harrison 1985, Yuan et a. 2002). Indices, in particular, could prove instrumental
in assessing recovery based on the premise that alterations in surface features are
correlated with changing index values (Y uan et al. 2002, Bentley et a. 2002,
Myint et al. 2008).

Spectral enhancements based on data transformations were generated for
damage and reconstruction assessment using tasseled cap transformations. This
transformation type manipul ates the six bands into six new composite bands.
TCT enhances the structures in scene classes based on weights with the most
useful information usually captured into the first three bands brightness (Sabins
1997, Jensen et al. 1995, Lillesand et a. 2004). The set of equations for the first
three TC bands equation is listed below:

TC1=0.307(TM1)+ 0.2793(TM2) + 0.4743(TM3) + 0.5585(TM4)

+0.5082(TM5) +0.1863(TM7) (3.1
TC2 = 0.2848(TM1)+ 0.2435(TM2)+ 0.5436(TM3)+ 0.7243(TM4)
+0.0840(TM5) + 0.1800(TM7) (3.2

TC3=0.1509(TM1)+ 0.1973(TM2)+ 0.3279(TM3)+ 0.3406(TM4)

+0.7112(TM5) + 0.4572(TM7) (3.3

where (TC 1), greenness (TC 2) and wethess (TC 3) respectively measure soil
brightness, vegetative greenness, and soil moisture and canopy (Kauth and

Thomas 1976, Crist and Cicone 1984, Crist 1985). Thistype of imagery could
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help discriminate between damaged and recovered land covers by transforming
the original image into a more meaningful interpretation (Y uan et al. 2002).

In addition to Tasseled Cap transformations, spectral enhancements of
vegetative and urban indices as well as a combined index of these two
components were generated to help evaluate the recovery process. Thefirst
vegetative index, Normalized Difference Vegetation Index (NDV1), has been
extensively used to monitor vegetative health as well as distinguish between
different land cover types (Rouse et a. 1973, Bentley et al. 2002, Yuan €t al.
2002, Roemer et a. 2011). Thisindex quantifies the spectral signatures of ground
features using the near-infrared (NIR) and red (R) bands on ascaleof -1.0to +1.0
according to the following equation:

_ NIR(Band4)— R(Band3)

NDVI =
NIR(Band4)+ R(Band3)

(3.4)

(Tucker 1979, Jackson et a. 1983, Marsh et al. 1992, Yuan et a. 2002). Index
values fal in the high positive range for vegetation, low positive for artificial
surfaces, negative values for water features and near zero for bare soils (Rouse et
al. 1973, Bentley et a. 2002, Y uan et al. 2002, Roemer et a. 2011, Villa 2007).
By understanding the range of values associated with vegetative health and land
cover types, land cover changes associated with the Moore, Oklahoma tornado
can be monitored based on changing NDV | values (Yuan et a. 2002). Therefore,
NDVI outputs were generated for 1998, 1999, 2000, 2001 and 2002 to assess
recovery.

Another popular vegetative index utilized in this analysisis the Sail

Adjusted Vegetative Index (SAVI). Thisindex uses the same-scaled values as
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NDVI based on the manipulation of the same bands. However, SAVI differs

from NDV|1 by using asoil correction factor (L) in the following equation:

SAVI=(1+1) NIR(Band4)— R(Band3)

) (3.5)
NIR(Band4)+ R(Band3)+ L

where L ranges from 0 to 1. Thisfactor minimizes the external effects from solar
irradiances variations due to atmospheric effects or the interaction of spectral
responses between canopy cover and soil brightness (Huete 1988, Gilabert et al.
2002, Villa2007). Therefore, SAVI images were generated for each year using
the standard soil correction factor of 0.5, since exact soil conditions were
unknown (Huete 1988).

In addition to vegetative index outputs, Urban Index (Ul) images were
produced to aid in recovery assessment especially in urbanized areas. Thisindex
can highlight damages to built-up areas such as buildings, asphalt and other
impervious surfaces by incorporating information obtained in the second mid-
infrared band (MIR) and near-infrared band (NIR) using the following equation
(Kawamuraet a. 1997):

_ MIR(Band7)- NIR(Band4)

_ (3.6)
MIR(Band7)+ NIR(Band4)

The Urban Index has the same range as the aforementioned indices, but differs
from the vegetative indices by assigning high positive valuesto artificial surfaces
and low negative values to vegetative surfaces (Kawamuraet a. 1997, Villa
2007). With such awide range between vegetative and man-made surfaces, this
index could potentially better evaluate the recovery processin residential areas

and other built-environments.
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| aso explored two new indices that | believe could be better suited for
monitoring the effects of natural disasters such as the Moore, Oklahoma tornado.
The first index merges the Urban Index and NDV 1 into what | call the Combined
Vegetative Urban Index (CVUI) by combining the red (R), near-infrared (NIR)

and second mid-infrared (MIR) bands using the following equation:

CVUI - ( MIR(Band7) — NI R(Band4)]* ( NIR(Band4) — R(Band3)j (3.7)

MIR(Band7) + NIR(Band4) ) | NIR(Band4) + R(Band3)

By employing these band combinations, the aim of thisindex isto successfully
capture damaged regions in both vegetative and urban land covers based on their
sensitivity to the spectral responses of these materials. The second index named
the Shortwave Infrared Index (SWIRI) aso contains a vegetative assessment
component using the near-infrared band (NIR) and first mid-infrared band (MIR)
shown in the following equation:

_ MIR(Band5)- NIR(Band4)

SWIRI =
MIR(Band5)+ NIR(Band4)

(Eq 3.8)

With the inclusion of the first mid-infrared band commonly used to delineate
moisture content in vegetation and soils, thisindex could help indicate the state of
surface features in terms of damaged and recovered (Sabins 1997). Asaresullt,
both SWIRI and the Combo Index could be more effective than the
aforementioned indices. Therefore, CVUI and SWIRI images were produced for
each year to be included in the analysis.

Using the indexed images (NDV I, SAVI, Ul, SWIRI and CVUI), thefirst

change detection method assessed recovery for the years of 2000, 2001, and 2002
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utilizing arecovery eguation in conjunction with a series of image processing
algorithms. This equation was modified from Roemer et al 2011:

(Index, — Index, )+ 2
R=
(Index, — Index )+ 2 (3.9)

where R isrecovery and Index;, Index; and Index, are respectively the images for
the recovery year, post-tornado year and pre-tornado year. These indexed images
were subtracted according to the af orementioned equation and rescaled using a
factor of two changing the possible range from -2.0 to +2.0 to arange of 0.0 to
+4.0. While Roemer et al. 2011 respectively employed an impact threshold to
define damage as well as overcome a computer algorithm problem of near zero
values in the denominator, this study found it necessary to rescale the data
instead. This process ensured the inclusion of minor to moderately damaged
areas associated with FO and F1 ratings that could have otherwise been excluded
with an impact threshold. After rescaling the data, the resulting images were
divided accordingly for each spectral enhancement (index) to produce recovery
images for the years of 2000, 2001 and 2002.

These recovery images were further evaluated to capture true recovery by
employing different statistical thresholds to account for minor deviations that can
occur with annual changes. Using the recovery image for the year 2000, three
possible outcomes were generated based on thresholds of 0.5, 1.0 and 1.5 standard
deviations from the mean of the entire recovery scene (see Table 2). Valuesthat
fell within the selected standard deviation were classified as recovered while out

of bound pixels were classified as still damaged. To capture only those pixels that
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recovered in the subsequent year, a mask was applied to the 2001 recovery image
following the above procedures. This analysis was repeated for the 2002 recovery
image using masks for the recovered pixelsin 2000 and 2001 to acquire recovery
for 2002. This process was repeated for each threshold and spectral enhancement
(NDVI, SAVI, Ul, SWIRI, and CVUI) yielding atotal 45 possible recovery
outcomes. Subsets of these images were made to extract recovery information
only for the tornado-affected region using the damaged track Area of Interest
(AQI) file.

Table 2. List of Threshold Vaues of 0.5, 1.0, 1.5 standard deviations to define

recovery for each spectral enhancement type (e.g. index) and year.

0.5 1.0 15
Index Y ear Mean Min Max Min Max Min Max
NDVI 2000 1.015 0.987 1.044 0.958 1.072 0.930 1.101
2001 1.022 0.977 1.068 0.931 1.113 0.886 1.159
2002 1.000 0.968 1.033 0.935 1.065 0.903 1.098
SAVI 2000 1.009 0.991 1.028 0.972 1.046 0.954 1.065
2001 1.016 0.986 1.046 0.956 1.076 0.926 1.106
2002 1.006 0.984 1.028 0.962 1.050 0.940 1.072
Ul 2000 0.985 0.951 1.019 0.917 1.053 0.883 1.087
2001 1.007 0.961 1.054 0.914 1.100 0.868 1.147
2002 0.996 0.958 1.034 0.920 1.072 0.882 1.110
SWIRI | 2000 0.985 0.961 1.009 0.937 1.033 0.913 1.057
2001 1.010 0.973 1.047 0.936 1.084 0.899 1121
2002 1.028 1.000 1.057 0.971 1.085 0.943 1.114
Cvul 2000 0.989 0.965 1.013 0.941 1.037 0.917 1.061
2001 1.002 0.966 1.039 0.929 1.075 0.893 1.112
2002 1.005 0.978 1.033 0.950 1.060 0.923 1.088

To compare the results of the recovery outcomes, accuracy assessments
were performed and analyzed for each recovery scene. As suggested by
Congalton (1991), the minimum 50 points per class (recovered and still damaged)
were collected using a stratified random sampling approach generating a total of

100 points per scene (Myint et al. 2008c, Myint 2006, Congalton and Green
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1999). Theresults of these accuracy assessments generated error matrices, which
list the overall accuracies, producer’s accuracies, user’s accuracies and kappa
coefficients. These accuracies were averaged according to each threshold and
spectral enhancement type and ranked to determine the combination.

The best results were sel ected to generate maps displaying the annua
recovery changes and calculate recovery rates. By overlaying recovery changes
for 2000, 2001 and 2002, reconstruction maps were produced to display the
annual recovered and damaged regions onto asingle map. Annual recovery rates

were cal culated using the following equation:

Recovery area

Recovery Rate =
Total Area

}100 (3.10)

to assess the total arearecovered for each year. F-scale recovery rates were also
determined for each F-scale damaged zone by overlaying the F-scale contours
onto the reconstruction maps and cal culated using the aforementioned equation.
3.5 Change Vector Analysis

The second change detection method, Change Vector Analysis (CVA),
was employed in this analysis to help qualitatively assess land use changes in the
recovery process. This method examines positional changesin pixelswithin a
two-dimensional space through vector analysis (Roemer et al. 2011, Lunetta and
Elvidege 1998, Engvall et a. 1977). The magnitude and directional changes are

calculated using the following set of equations:

M= ((ya— yb)? + (xa— xb)z) (3.12)
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DIR= tanl{xa;xb}

(3.12)
ya-yb

where M is magnitude, ya and xa are selected bands from the earlier scene and yb
and xb are the second set of bands from the latter scene (Roemer et a. 2011,
Lunetta and Elvidege 1998, Engvall et al. 1977). Thedirectional changes (DIR)
indicate the type of changes within the feature space where 0 to 90 degrees (180
to 270 degrees) correlates with an increase (decrease) in both band values and 90
to 180 degrees (270 to 360 degrees) exhibits an increase (decrease) in band b and
decrease (increase) in band a (Roemer et al. 2011, Lunetta and Elvidege 1998,
Engvall et a. 1977). By understanding these positional changes, both quantitative
and qualitative changes can be attributed to the type and degree of land use
changes (Roemer et al. 2011, Engvall et a. 1977). Therefore, change vector
anaysis was performed using Tasseled Cap transformations employing the
greenness (y) and brightness (x) bands respectively.
3.6 Conclusion

In order to examine the reconstruction of the Moore, Oklahoma tornado,
remotely sensed data and a series of image processing a gorithms were employed.
Landsat TM and Landsat ETM+ imagery were acquired for the pre-tornado
year(1998), impacted year(1999), and three years after the tornado (2000, 2001,
and 2002). These images were pre-processed and normalized to remove artifacts
from haze or sun illumination effects and minimize scene variations. In addition
to imagery, detailed F-scale data was transformed into a shapefile and clipped to
remove asmall portion of the track that ran into the adjacent scene. A series of

image processing algorithms were utilized to calculate recovery by employing a
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recovery index and different thresholds. Classification accuracy assessments
were then performed to determine the best transformation type and threshold.
With the six top-performing results, both annual and F-scale recovery rates were
calculated for each F-scale damaged zone. The results of this analysis are detailed

in the following chapter.
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4. Results
4.1 Introduction

This research examines the recovery of atornado disaster using satellite
imagery and change detection analysis to investigate whether or not
reconstruction is a function of the level of damaged sustained as measured by the
FujitaScale. As previously mentioned, recovery from the Moore, Oklahoma
tornado was assessed for the years of 2000, 2001 and 2002 using a series of
spectrally enhanced images focusing on vegetation (NDVI, SAVI), urban (U,
SWIRI) and a combination of the two (CVUI) and determined based on different
thresholds. From the aforementioned analysis, the top performing results were
used to derive annual recovery rates and recovery rates corresponding to each F-
scale zone from maps depi cting reconstruction. This chapter details the outputs
from the recovery index and their overall performances and discusses the trendsin
the reconstruction maps and both annual and F-scale recovery rates.
4.2 Assessment of New Indices and Initial Impact of Tornado

Before assessing the initial impact or reconstruction of the tornado
disaster, the behavior of the two new indices, Shortwave Infrared Index (SWIRI)
and Coupled Vegetation and Urban Index (CVUI), were investigated by sampling
different land use and land cover types and comparing their values with known
indices values. Based on the sample means of the different land classeslisted in
Table 3 and shown in Fig.4, both the SWIR and CV UI indices exhibit similar
values to Ul producing low positive values for bare soil and fallow agriculture

and low negative values for healthy vegetation. This pattern is even more evident
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in Figure 5 as both SWIRI and CVUI show positive correlations with the Ul curve

and negative correlations with the SAVI and NDVI curves.

Table 3. Sampled Means of Different Land Cover Classes.

Bare Falow Active Dense
Index | Residential | Commercial | Soil Agriculture | Agriculture | Vegetation | Water
NDVI | 0.462 0.108 0.147 | 0.202 0.721 0.849 -0.295
SAVI | 0.297 0.072 0.121 | 0.150 0.509 0.502 -0.089
Urban | -0.315 0.027 0.067 | 0.063 -0.492 -0.662 -0.177
SWIR | -0.148 0.061 0.070 | 0.132 -0.237 -0.360 -0.128
CvU | -0.156 -0.003 0.007 | 0.009 -0.366 -0.567 0.053

Fig. 4. 1998 Urban Index showing the transect of different land covers of the

1999 Moore, Oklahoma Tornado-impacted region a year before the tornado

disaster.
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1998 Transect of Index Values

== CVUI
=i=NDVI
SAVI

Index Values

=>&=SWIRI

=== U|

Distance in Meters

Fig. 5. Reflectance Curves for Coupled Vegetation and Urban Index (CVUI),
Normalized Difference Vegetative Index(NDV1), Soil Adjusted Vegetative
Index(SAVI), Shortwave Infrared Index(SWIRI), Urban Index (Ul) for the Moore
Oklahoma tornado-impacted region.

However, SWIRI and CVUI deviate somewhat in terms of their ranges
with CVUI valuesfalling in between the lower Ul values and higher SWIRI
values. The new indices (SWIRI and CVUI) also appear to be less affected by the
mixture of vegetation with urban surfacesin the residential areas with overall
lower residential values than SAVI, NDVI and Ul means.

Both qualitative and quantitative damage assessments revealed that all of
the aforementioned indices were able to detect the majority of the damage tract.
When visually comparing the post-tornado imagery in Figures 6 — 10, there
appears to be no significant differences in discerning the damaged track even with
SWIRI and CVUI. Although CVUI captured the same extent of the tornado track,

the overall brightness of the scene makesit alittle harder to discern the upper
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portion of the damaged path within the residential area. Additionally, all of these
indices had difficulties in capturing portions of the path near the river aswell as
the regions of FO/ F1 damages found along the outer edges of the track. However,
the FO/ F1 damages could be discerned quantitatively by comparing reflectance
curves from the same transect in both pre-tornado and post-tornado imagery (see
Figs4, 5, 11 and 12). These curvesillustrate the changes due to the tornado by
curve flattening in some sections and near zero values similar to those of bare soil

or fallow agriculture indicating scattered debris and damaged vegetation.

Fig. 6. 1999 Coupled Vegetation and Urban Image (CVUI) of the Moore,

Oklahoma Tornado-impacted region.
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Fig. 7. 1999 Urban Index (Ul) of the Moore, Oklahoma Tornado-impacted region.

Fig. 8. 1999 Normalized Difference Vegetative Index (NDV1) of the Moore,

Oklahoma Tornado-impacted region.
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Fig. 9. 1999 Soil Adjusted Vegetative Index (SAVI) for the Moore, Oklahoma

Tornado-impacted region.

Fig. 10. 1999 Shortwave Infrared V egetative Index (SWIRI) for the Moore,

Oklahoma Tornado-impacted region.
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Fig. 11. 1999 Urban Index showing the transect for 1999 Moore, Oklahoma

Tornado-impacted region right after the tornado disaster.

1999 Transect of Index Values

=¢—CVUI
=@—=NDVI
==e=SAVI
=>é=SWIRI

Index Values

== Ul

Distance in Meters

Fig. 12. Transect of Damaged Area affected by the 1999 Moore, Oklahoma 4.3

4.3 Performance of the Recovery Index
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Although the post-tornado images displayed virtually identical damage
patterns, the recovery images highlighted some significant differences between
theindices in terms of the extent of reconstruction. Most notably, both vegetation
indices indicate faster reconstruction than the CVUI, SWIRI and Ul recovery
images as seen in Figures 13 —27. While NDVI and SAVI continue to show
extensive damages similar to CVUI, SWIRI and Ul for 2000, the 2001 recovery
images show only minor damages in the residential sections located in the upper
portion of the track and some of the forested regionsin the lower left quadrant.
Contrary to the vegetation indices, damage remains more widespread for CVUI,
SWRI and Ul scenesin 2001 particularly in the upper right and lower |eft sections
of thetrack (Figs. 13-27). Even more contrast between the 2002 recovery
patterns exists with the vegetation indices showing almost complete recovery with
only slight damage to the left of the airport and in the densely vegetative areas of
the lower left quadrant. Contrary to this pattern, the other indices show only
minor recovery changes in 2002 from 2001 with damage till visible in the
residential areasto the left of the airport as well as to the southwest (north of the
river) and in the vegetative areas in the lower |eft portion of the image.

Unlike the vegetation indices, there were some subtle differencesin
reconstruction among the CVUI, SWIRI and Ul recovery images. Overal, both
SWIRI and Ul displayed nearly identical damage patterns with some discernable
differences with the CVUI recovery scenes (Figs. 13 - 18, 25 - 27). Both SWIRI
and Ul showed dlightly more damage in some of the residential areas to the north

of the river compared to CVUI in 2000. For the following year, more damage can
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be seen in the urban areas located in the upper portion of the track with SWIRI
and Ul images. However, in the CVUI scene, there appears to be slightly more
damage than both the SWIRI and Ul images in the vegetative areas near the lower

left corner.

Fig. 13. 2000 Recovery Image of Coupled Vegetation and Urban Image CVUI of

the 1999 Moore, Oklahoma Tornado-impacted region.
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Fig. 14. 2001 Recovery Image of Coupled Vegetation and Urban Image CVUI of

the 1999 Moore, Oklahoma Tornado-impacted region.

Fig. 15. 2002 Recovery Image of Coupled Vegetation and Urban Image CV UI of

the 1999 Moore, Oklahoma Tornado-impacted region.
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Fig.16. 2000 Recovery Image of the Urban Index (Ul) of the 1999 Moore,

Oklahoma Tornado-impacted region.

Fig. 17. 2001 Recovery Image of the Urban Index (Ul) of the 1999 Moore,

Oklahoma Tornado-impacted region.
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Fig.18. 2002 Recovery Image of the Urban Index (Ul) of the 1999 Moore,

Oklahoma Tornado-impacted region.

Fig. 19. 2000 Recovery Image of Normalized Difference Vegetative Index

(NDV1) of the 1999 Moore, Oklahoma Tornado-region.
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Fig. 20. 2001 Recovery Image of Normalized Difference Vegetative Index

(NDV1) of the 1999 Moore, Oklahoma Tornado-impacted region.

Fig. 21. 2002 Recovery Image of Normalized Difference Vegetative Index

(NDV1) of the 1999 Moore, Oklahoma Tornado-impacted region.
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Fig. 22. 2000 Recovery image of Soil Adjusted Vegetative Index (SAVI) of the

1999 Moore, Oklahoma Tornado-impacted region.

Fig . 23. 2001 Recovery image of Soil Adjusted Vegetative Index (SAVI) of the

1999 Moore, Oklahoma Tornado-impacted region.
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Fig. 24. 2002 Recovery image of Soil Adjusted Vegetative Index (SAVI) of the

1999 Moore, Oklahoma Tornado-impacted region.

Fig. 25. 2000 Recovery image of the Shortwave Infrared Index (SWIRI) of the

1999 Moore, Oklahoma tornado-impacted region.
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Fig. 26. 2001 Recovery image of the Shortwave Infrared Index (SWIRI) of the

1999 Moore, Oklahoma tornado-impacted region.

Fig.27. 2002 Recovery image of the Shortwave Infrared Index (SWIRI) of the

1999 Moore, Oklahoma tornado-impacted region.
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For 2002, the only minor difference between the CVUI, SWIRI and Ul imagesis
adlightly stronger damage pattern in the urban areas in the upper section of the
track of both SWIRI and Ul scenes.

Accuracy assessments of the aforementioned indices and recovery
thresholds revealed several trends. Overall, the 0.5 standard deviation threshold
performed poorly among al the indices with an average overall accuracy of
70.13% based on results listed in Table 4. Within this assessment, the vegetation
indices were found to be the least effective indices with an average overall
accuracy of 66.83% with the lowest overall accuracies of 61.00% and 65.00%
with SAVI for 2000 and 2001 respectively. With only afew exceptions, both the
1.0 and 1.5 standard deviation thresholds were more effective at discerning
reconstruction by an average of 8.0% with overall accuracies above 80.00% for
Ul, SWIRI and CVUI. In particular, CVUI and SWIRI yielded the best results
with overall accuracies of 86.00%, 85.00% and 84.00% for CVUI at 1.5 for 2000,
1.0 for 2000 and 1.0 for 2002 followed by 84.00% for both SWIRI 1.5 for 2002
and Ul 1.5 for 2000. In addition to the trends of thresholds and spectral
enhancement types, both 2000 and 2002 recovery images generally reported
3.04% higher overall accuracies on average than the 2001 recovery images.

The same trend remained evident with the average overall accuracy
assessments according to the three recovery years by each spectral enhancement
type and threshold combination listed in Table 5. Again, the threshold values of
1.0 and 1.5 standard deviations were more effective at discerning recovery

compared to the 0.5 standard deviation thresholds (Table 5). The latter threshold
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performed poorly among all the indices with the least effective results of 65.00%

and 68.67% produced by both SAVI and NDVI. Overall, both vegetation indices

underperformed with their best accuracies of 75.67% and 76.33% respectively

still short of the 80% land use/ land change classification (Hord 1976).

Table 4. Accuracy Assessments listed by Index, Standard Deviation Threshold

and Year. (Overall = Overall accuracy, Producer’s. = Producer’ s accuracy, User’s

= User’s Accuracy)
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Recovery Damaged Overall
Index | StDev | Year | Producer's | User's | Producer's | User's Overall Kappa
NDVI 05 | 2000 | 61.73% | 100.00% | 100.00% | 38.00% | 69.00% | 0.3800
NDVI 05 | 2001 | 6351% | 94.00% 88.46% | 46.00% | 70.00% | 0.4000
NDVI 05 | 2002 | 65.79% | 100.00% | 100.00% | 48.00% | 74.00% | 0.4800
NDVI 1 2000 | 66.22% | 98.00% 96.15% | 50.00% | 74.00% | 0.4800
NDVI 1 2001 | 69.57% | 96.00% 93.55% | 58.00% | 77.00% | 0.5400
NDVI 1 2002 | 71.88% | 92.00% 88.89% | 64.00% | 78.00% | 0.5600
NDVI 15 | 2000 | 71.64% | 96.00% 93.94% | 62.00% | 79.00% | 0.5800
NDVI 15 | 2001 | 73.44% | 94.00% 91.67% | 66.00% | 80.00% | 0.6000
NDVI 15 | 2002 | 75.81% | 94.00% 92.11% | 70.00% | 82.00% | 0.6400
SAVI 05 | 2000 | 56.47% | 96.00% 86.67% | 26.00% | 61.00% | 0.2200
SAVI 05 | 2001 | 74.24% | 98.00% 97.06% | 66.00% | 82.00% | 0.6400
SAVI 05 |2002| 77.97% | 92.00% 90.24% | 74.00% | 83.00% | 0.6600
SAVI 1 2000 | 78.33% | 94.00% 9250% | 74.00% | 84.00% | 0.6800
SAVI 1 2001 | 78.69% | 96.00% 94.87% | 74.00% | 85.00% | 0.7000
SAVI 1 2002 | 84.62% | 88.00% 87.50% | 84.00% | 86.00% | 0.7200
SAVI 15 | 2000 | 60.00% | 90.00% 80.00% | 40.00% | 65.00% | 0.3000
SAVI 15 |2001| 64.52% | 80.00% 73.68% | 56.00% | 68.00% | 0.3600
SAVI 15 | 2002 | 63.77% | 88.00% 80.65% | 50.00% | 69.00% | 0.3900
SWIRI 05 | 2000 | 63.01% | 92.00% 85.19% | 46.00% | 69.00% | 0.3800
SWIRI 05 | 2001 | 63.89% | 92.00% 85.71% | 48.00% | 70.00% | 0.4000
SWIRI 05 | 2002 | 65.22% | 90.00% 83.87% | 52.00% | 71.00% | 0.4200
SWIRI 1 2000 | 66.18% | 90.00% 84.38% | 54.00% | 72.00% | 0.4400
SWIRI 1 2001 | 68.33% | 82.00% 7750% | 62.00% | 72.00% | 0.4400
SWIRI 1 2002 | 66.67% | 92.00% 87.10% | 54.00% | 73.00% | 0.4600
SWIRI 15 | 2000 | 68.12% | 94.00% 90.32% | 56.00% | 75.00% | 0.5000
SWIRI 15 |2001| 70.77% | 92.00% 88.57% | 62.00% | 77.00% | 0.5400
SWIRI 15 | 2002 | 75.00% | 84.00% 81.82% | 72.00% | 78.00% | 0.5600
ul 05 | 2000 | 70.15% | 94.00% 90.91% | 60.00% | 79.00% | 0.5800
ul 05 |2001| 74.58% | 88.00% 85.37% | 70.00% | 79.00% | 0.5800
ul 05 | 2002 | 74.60% | 94.00% 91.89% | 68.00% | 81.00% | 0.6200
ul 1 2000 | 60.81% | 90.00% 80.77% | 42.00% | 66.00% | 0.3200
ul 1 2001 | 62.32% | 86.00% 77.42% | 48.00% | 67.00% | 0.3400




Table4 Con't

ul
ul
ul
ul
CvUul
Cvul
CvUul
Cvul
Cvul
Cvul
Cvul
Cvul
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1
15
15
15
0.5
0.5
0.5

1

1

1
15
15
15

2002
2000
2001
2002
2000
2001
2002
2000
2001
2002
2000
2001
2002

69.57%
65.71%
67.65%
67.65%
62.34%
69.70%
70.15%
70.77%
72.58%
74.19%
77.19%
78.33%
76.56%

96.00%
92.00%
92.00%
92.00%
96.00%
92.00%
94.00%
92.00%
90.00%
92.00%
88.00%
94.00%
98.00%

93.55%
86.67%
87.50%
87.50%
91.30%
88.24%
90.91%
88.57%
86.84%
89.47%
86.05%
92.50%
97.22%

58.00%
52.00%
56.00%
56.00%
42.00%
60.00%
60.00%
62.00%
66.00%
68.00%
74.00%
74.00%
70.00%

69.00%
72.00%
74.00%
74.00%
75.00%
76.00%
76.00%
77.00%
78.00%
80.00%
81.00%
84.00%
84.00%

0.3800
0.4400
0.4800
0.4800
0.5000
0.5200
0.5200
0.5400
0.5600
0.6000
0.6200
0.6800
0.6800

Table 5. Averaged Accuracy Assessments listed by Index and Standard Deviation

Threshold. (Overall = Overall accuracy, Prod. = Producer’ s accuracy, User’s =

User’s Accuracy, R = Rank, PR = Producer’s Rank, UR= User’ s Rank)

Overall Recovery Damaged
St

Index Dev | Ave. R | Prod. User's PR. | UR | Prod. User's PR. | UR
SAVI |05 |65.00% | 15| 62.01% | 94.00% | 15 4 |86.74% |4133% |14 | 15
SAVI |10 | 7567% | 8 | 67.32% | 93.33% 9 8 |89.12% | 54.00% |7 10
SAVI |15 |7433% | 9 | 67.73% | 93.33% 8 8 | 89.05% |5533% |8 9
NDVI | 05 | 68.67% | 14 | 62.59% | 93.33% | 14 8 |8821% |44.00% |11 |14
NDVI | 1.0 | 76.33% | 7 | 69.49% | 94.00% 7 4 190.81% |58.67% |2 7
NDVI | 15 | 71.00% | 12 | 66.24% | 86.00% | 12 | 15 | 80.00% | 56.00% |15 |8
Ul 05 |73.00% | 11 | 66.42% | 93.33% | 11 8 | 89.63% |5267% |6 12
Ul 10 |8000% | 5 | 7459% | 91.33% 3 12 | 88.91% | 68.67% |9 4
Ul 15 | 79.00% | 6 | 72.88% | 94.00% 6 4 | 91.44% |64.67% |1 6
SWIRI | 0.5 | 73.67% | 10 | 66.85% | 94.00% | 10 4 |190.25% | 53.33% |4 11
SWIRI | 1.0 |80.33% | 3 | 74.34% | 92.67% 5 10 | 90.63% | 68.00% | 3 5
SWIRI | 1.5 |8167% | 1 | 77.10% | 90.00% 2 14 | 88.19% | 73.33% |12 |1
CvUl |05 | 70.33% | 13 | 64.08% | 92.67% | 13 | 10 | 86.77% | 48.00% | 13 | 13
CVvUl |10 |8033% | 3 | 7453% | 92.00% | 4 11 | 89.86% | 68.67% |5 3
CVvUIl |15 |8167% | 1 | 77.27% | 90.67% 1 13 | 88.74% | 72.67% |10 |2

Ul was consistently better than SAVI and NDV 1 with the best threshold of one

standard deviation accurately classifying 80% of damaged and recovered pixels

followed by 79.67% for the 1.5 standard deviation threshold. Performing even

better than Ul, both new indices, SWIRI and CV UI, were found to be the most

effective indices at capturing yearly reconstruction with the same average overall

67




accuracies of 80.33% and 81.67% for 1.0 and 1.5 standard deviation thresholds
respectively.

Additional accuracy assessments were able to correctly identify recovered
regionsin terms of the user’s accuracies, but had some difficulty with the
inclusion of damaged pixelsin the recovered class as noted by the producer’s
accuracies. For all the indices, the user’s accuracies were above 86.00%
suggesting little difficulty in classifying recovered pixels. The smallest threshold
of 0.5 standard deviations outperformed the other thresholds with auser’s
accuracy of 94.00% for SAVI, NDVI, SWIRI and Ul, while the 1.5 standard
deviation threshold had the greatest difficulty of misclassifying damaged pixels
especialy in the case of NDVI. Contrary to the user’ s accuracy assessments, the
largest deviations yielded the best results with producer’s accuracies of 77.27%
for CVUI followed by 77.10% for SWIRI. The worst producer’s accuracies
resulted with accuracies below 70.00% from both SAVI and NDVI. Overal, the
producer’ s accuracies had more problems excluding recovered pixels from the
damaged class with overal lower results than the user’ s accuracies.

Unlike recovered regions, damaged pixels were more difficult to classify
as noted by both lower producer’s and user’ s accuracy assessments. While
producer’ s accuracies remained at 80.00% or above, these accuracies were still
lower than those of recovered pixels by 19.00% on average. The most effective
results were produced by the Ul at 91.44% using 1.5 standard deviation followed
by NDVI and SWIRI at 1.0 standard deviation thresholds with 90.81% and

90.63% respectively. Both 0.5 and 1.5 standard deviation thresholds
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underperformed with the least effective results of 80.00% reported with NDV |
using the 1.5 standard deviation threshold. Unlike the producer’ s accuracies, the
user’ s accuracies deviated more with the lowest accuracy of 41.33% noted with
SAVI at 0.5 standard deviation to the highest accuracy of 73.33% reported by
SWIRI at 1.5 standard deviation threshold. Overal, the largest standard deviation
thresholds classified damaged pixels the best using Ul, SWIRI and CVUI
compared to the vegetation indices.

Although the larger thresholds reported higher overall accuracies, these
findings were mixed when examining producer’s and user’ s accuracies for both
classified damaged and recovered regions. For recovered pixels, the 0.5 standard
deviation threshold had the least problem of including damaged pixelsin
recovered class with the highest user’ s accuracy of 93.47%, while the 1.5 standard
deviation threshold had the least problems misidentifying recovered pixels as
damaged with the highest producer’ s accuracy of 72.24%. For damaged pixels,
the 1.0 standard deviation threshold noted the highest producer’s accuracy of
89.87%, while 1.5 standard deviation threshold reported the highest user’s
accuracy of 64.40%. Overall, the narrower ranges had fewer problems
misidentifying pixels, while the larger ranges were more susceptible to the
inclusion of the wrong class of pixels. However, the larger thresholds could be
less affected by exogenous land use changes such as agricultural practices and
newly built-environments.

4.4 Annua Reconstruction and Recovery Rates

69



Based on the top six overall accuracy assessments, maps depicting
reconstruction over three years portrayed similar recovery trends. These maps
shown in Figures 28 — 33 al suggested compl ete recovery was never achieved by
2002 with an average of 91.14% recovered in 2002 based on recovery information
listed in Tables 6. In fact, the majority of reconstruction occurred within the first
two years after the disaster by an average of 79.27% with only an 11.87%
increase in 2002. Similar damaged patterns also remained with the vegetative
regions still affected in the lower left quadrant and just south of the river and
residential sections located to the northeast of the river and to the left of the
airport (Figs. 28 - 33).

The type of differences between the recovery maps (Figs. 28 - 33) was
mainly impacted by the threshold selection followed by the spectral enhancement
type (CVUI, NDVI, SAVI, SWIRI, Ul). The 1.5 standard deviation threshold
illustrated more reconstruction overall with 94.24% recovered by 2002 compared
to only 88.05% recovered using the 1.0 standard deviation threshold. The
different thresholds aso highlighted deviations in annual recovery rates with the
1.5 standard deviation threshold depicting 12.70% more recovery in 2000
compared to the 1.0 standard deviation threshold. Although the latter threshold
portrayed 4.41% more reconstruction in 2001, the former threshold still captured
8.29% more recovery. The former threshold also handled land use changes better
particularly in the case of agricultura fields, which can be seen as distinct linear

shapesin McClain County. These regions were predominantly classified as
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recovered in 2001 using the former threshold, where as the latter threshold

consistently classified these regions as still damaged even in 2002.

Table 6. Annual Recovery Rates listed by Index, Threshold (Thres.) and Y ear.

Recovered Area | Damaged Area | Total Area Recovery Rate
Index | Thres. | Year (km) (km) (km) (%)
SWIRI | 15 2000 24,362.10 6,975.90 31,338.00 77.74%
2001 28,655.10 2,682.90 31,338.00 91.44%
2002 29,631.60 1,706.40 31,338.00 94.55%
1.0 2000 20,372.40 10,965.60 31,338.00 65.01%
2001 25,909.20 5,428.80 31,338.00 82.68%
2002 26,928.90 4,409.10 31,338.00 85.93%
Cvul 15 2000 24,804.90 6,533.10 31,338.00 79.15%
2001 28,607.40 2,730.60 31,338.00 91.29%
2002 29,391.30 1,946.70 31,338.00 93.79%
1 2000 20,815.20 10,522.80 31,338.00 66.42%
2001 26,239.50 5,098.50 31,338.00 83.73%
2002 27,894.60 3,443.40 31,338.00 89.01%
ul 15 2000 24,124.50 7,213.50 31,338.00 76.98%
2001 28,357.20 2,980.80 31,338.00 90.49%
2002 29,575.80 1,762.20 31,338.00 94.38%
1.0 2000 20,161.80 11,176.20 31,338.00 64.34%
2001 25,674.30 5,663.70 31,338.00 81.93%
2002 27,952.20 3,385.80 31,338.00 89.20%

Spectral enhancement types (CVUI, NDVI, SAVI, SWIRI, Ul) were also

affected by land cover changes with some noticeable differences determining

recovery in the vegetative regions and urban areas. Focusing on the 1.5 threshold

results, both the CVU and SWIR indicesillustrated dlightly more damage in the

urban areas located in the upper portion of the track as well as less damage in the

vegetative regions found in the lower portion of the track (Figs. 29 and 31).
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Fig. 28. Map of the 1999 Moore Oklahoma Tornado-impacted region showing
recovered and damaged regions for 2000, 2001 and 2002 using the Coupled

Vegetative and Urban Index (CVUI) and 1.0 standard deviation threshold.
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Fig. 29. Map of the 1999 Moore Oklahoma Tornado-impacted region showing
recovered and damaged regions for 2000, 2001 and 2002 using the Coupled

Vegetative and Urban Index (CVUI) and 1.5 standard deviation threshold.

Fig. 30. Map of the 1999 Moore Oklahoma Tornado-impacted region showing
recovered and damaged regions for 2000, 2001 and 2002 using the Shortwave

Infrared Index (SWIRI) and 1.0 standard deviation threshold.
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Fig. 31. Map of the 1999 Moore Oklahoma Tornado-impacted region showing
recovered and damaged regions for 2000, 2001 and 2002 using the Shortwave

Infrared Index (SWIRI) and 1.5 standard deviation threshold.
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Fig. 32. Map of the 1999 Moore Oklahoma Tornado-impacted region showing
recovered and damaged regions for 2000, 2001 and 2002 using the Urban Index

(UI) and 1.0 standard deviation threshold.

Fig. 33. Map of the 1999 M oore Oklahoma Tornado-impacted region showing
recovered and damaged regions for 2000, 2001 and 2002 using the Urban Index
(Ul) and 1.5 standard deviation threshold.

Although CVUI and SWIRI displayed nearly identical damage patterns,
more damage can be seen in urban areas in the top of the track in the case of
CVUI (Fig. 29). CVUI, in particular, had the least problem in misclassifying
agricultural changes as damaged areas when comparing the bottom portion of the
track to the other indices, whereas, Ul proved to be the most problematic with
more fields misidentified as damaged in the middle and bottom portions of the

track. Other differences among the indices could be seen in annual recovery rates
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with the CVUI, SWIR and Ul reporting the largest reconstruction for 2000, 2001
and 2002 respectively (Figs. 27, 29 and 31).
4.5 Recovery Rates as a Function of the Fujita Scale

By establishing recovery through the investigation of different indices and
thresholds in the previous analysis, recovery rates were determined to examine
whether or not the level of damage played akey role in reconstruction. The first
major finding of this analysis for the top six recovery indices and thresholds is the
consistent theme that the incredibly damaged regions associated with an F-5
rating were the slowest to recover, while the FO/F1 regions comprised of minor
damages reported the highest recovery rates. Specifically, in the first year
following the tornado event (2000), recovery from FO/F1-F3 damage occurred by
an average 73.45%, while the most substantial damage of F4-F5 only recovered
by an average of 58.69%. Even by the third year after the tornado event (2002),
recovery for the F5 zone was only 75.32% while FO/F1 damage had recovered to
94.07%.

Individual differencesin recovery rates based on F-scale zones were
affected by threshold selection and spectral enhancement type as aresult of the
previous analysis. The main differences were attributed to threshold selection
with the 1.5 standard deviation reporting 12.88%, 8.14% and 6.34% more
recovery on average for all the indices than the 1.0 standard deviation for 2000,
2001 and 2002 respectively (Table 6). The most significant differences occurred
during the first year after the tornado disaster with these deviations tapering off in

2001 and even more so in 2002. However, the SWIR index with the 1.5 standard
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deviation threshold reported anomalously higher valuesin 2002 that varied from
6.54% to 10.58% with the largest rate increase in the F4 zones. As aresult, the
SWIR index at the 1.5 standard deviation threshold had the highest recovery rates
for 2002 with the exception of Ul reporting the highest recovery rate for the F5
zone for both thresholds. Despite this result, the CVU index displayed the highest
recovery rates overall for both thresholds followed by the SWIR index with the
lowest recovery rates reported by Ul.

Using the information from the top six recovery results (Table 6), recovery
rates for each F-scale zone were averaged for further analysis according to each
year after the event. For any particular year (2000-2002), those values (Table 7)
illustrated that recovery in the F5 damage zones consistently lagged behind the
FO/F1 zone throughout 2000, 2001, and 2002 by a noticeable difference of
22.21%, 17.13% and 18.76% respectively. Therecovery rates for the F4 zones
were aso distinctly lower than the FO/F1 — F3 recovery rates with these lesser-
damaged regions exhibiting very similar behavior in terms of slope and range.

When the averaged values were plotted by year (Fig. 34), asignificant
difference in recovery rates was evident between 2000 and 2001 as opposed to
2001 to 2002 for al damaged levels. The 2000-2001 rates displayed a12.59% -
18.15% increase in recovery, while the 2001-2002 recovery rates increased from
2.05% to 5.55%. Other deviations regarding slope could be seen from 2001 to
2002 as the F4 zone reported the highest change in recovery by 5.55%, while the

F5 recovery rate nearly plateaued with only a 2.05% increase in 2002 with atotal
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75.32% recovered. Conversely, FO/F1-F3 recovery rates from 2000 to 2002
produced nearly identical slopes and arelatively narrow range.

Table 7. Recovery Rates for F-scale zones listed by Index, Threshold (Thres.) and

Y ear.
F-scale | Recovered | Damaged Area | Total Area Recovery
Index | Thres. | Year | Zone Area (km) (km) (km) Rate(%)
SWIR | 15 | 2000 1 8,149.50 1,701.00 9850.5 82.73%
2 6,468.30 1,744.20 8,212.50 78.76%
3 6,130.80 1,881.00 8,011.80 76.52%
4 3,174.30 1,400.40 4,574.70 69.39%
5 439.20 249.30 688.50 63.79%
2001 1 9,293.40 557.10 9850.5 94.34%
2 7,591.50 621.00 8,212.50 92.44%
3 7,322.40 689.40 8,011.80 91.40%
4 3,916.80 657.90 4,574.70 85.62%
5 531.00 157.50 688.50 77.12%
2002 1 9,544.50 306.00 9850.5 96.89%
2 7,842.60 369.90 8,212.50 95.50%
3 7,596.00 415.80 8,011.80 94.81%
4 4,110.30 464.40 4,574.70 89.85%
5 538.20 150.30 688.50 78.17%
Cvul 1.5 | 2000 1 8,298.90 1,551.60 9,850.50 84.25%
2 6,583.50 1,629.00 8,212.50 80.16%
3 6,236.10 1,775.70 8,011.80 77.84%
4 3,231.90 1,342.80 4,574.70 70.65%
5 454.50 234.00 688.50 66.01%
2001 1 9,290.70 559.80 9,850.50 94.32%
2 7,598.70 613.80 8,212.50 92.53%
3 7,304.40 707.40 8,011.80 91.17%
4 3,884.40 690.30 4,574.70 84.91%
5 529.20 159.30 688.50 76.86%
2002 1 9,502.20 348.30 9,850.50 96.46%
2 7,786.80 425.70 8,212.50 94.82%
3 7,512.30 499.50 8,011.80 93.77%
4 4,051.80 522.90 4,574.70 88.57%
5 538.20 150.30 688.50 78.17%
SWIR| 1.0 | 2000 1 6,997.50 2,853.00 9,850.50 71.04%
2 5,411.70 2,800.80 8,212.50 65.90%
3 5,060.70 2,951.10 8,011.80 63.17%
4 2,555.10 2,019.60 4,574.70 55.85%
5 347.40 341.10 688.50 50.46%
2001 1 8,494.20 1,356.30 9,850.50 86.23%
2 6,874.20 1,338.30 8,212.50 83.70%
3 6,583.50 1,428.30 8,011.80 82.17%
4 3,471.30 1,103.40 4,574.70 75.88%
5 486.00 202.50 688.50 70.59%
2002 1 8,831.70 1,018.80 9,850.50 89.66%
2 7,126.20 1,086.30 8,212.50 86.77%
3 6,851.70 1,160.10 8,011.80 85.52%
4 3,626.10 948.60 4,574.70 79.26%

78




Table7 Con't
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ul 15
ul 1

2000
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2000

2001
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2000
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493.20
7,203.60
5,516.10
5,129.10
2,597.40

369.00
8,631.00
7,022.70
6,612.30
3,484.80

488.70
9,081.00
7,411.50
7,118.10
3,784.50

499.50
8,220.60
6,488.10
5,998.50
3,031.20

386.10
9,228.60
7,527.60
7,261.20
3,817.80

522.00
9,543.60
7,827.30
7,568.10
4,095.00

541.80
7,115.40
5,438.70
4,941.00
2,366.10

300.60
8,490.60
6,830.10
6,522.30
3,361.50

469.80
9,098.10
7,426.80
7,134.30
3,792.60

500.40

195.30
2,646.90
2,696.40
2,882.70
1,977.30

319.50
1,219.50
1,189.80
1,399.50
1,089.90

199.80

769.50

801.00

893.70

790.20

189.00
1,629.90
1,724.40
2,013.30
1,543.50

302.40

621.90

684.90

750.60

756.90

166.50

306.90

385.20

443.70

479.70

146.70
2,735.10
2,773.80
3,070.80
2,208.60

387.90
1,359.90
1,382.40
1,489.50
1,213.20

218.70

752.40

785.70

877.50

782.10

188.10

688.50
9,850.50
8,212.50
8,011.80
4,574.70

688.50
9,850.50
8,212.50
8,011.80
4,574.70

688.50
9,850.50
8,212.50
8,011.80
4,574.70

688.50
9,850.50
8,212.50
8,011.80
4,574.70

688.50
9,850.50
8,212.50
8,011.80
4,574.70

688.50
9,850.50
8,212.50
8,011.80
4,574.70

688.50
9,850.50
8,212.50
8,011.80
4,574.70

688.50
9,850.50
8,212.50
8,011.80
4,574.70

688.50
9,850.50
8,212.50
8,011.80
4,574.70

688.50

71.63%
73.13%
67.17%
64.02%
56.78%
53.59%
87.62%
85.51%
82.53%
76.18%
70.98%
92.19%
90.25%
88.85%
82.73%
72.55%
83.45%
79.00%
74.87%
66.26%
56.08%
93.69%
91.66%
90.63%
83.45%
75.82%
96.88%
95.31%
94.46%
89.51%
78.69%
72.23%
66.22%
61.67%
51.72%
43.66%
86.19%
83.17%
81.41%
73.48%
68.24%
92.36%
90.43%
89.05%
82.90%
72.68%

Table 8. Recovery Rates for F-scale zones listed by Index, Threshold and Y ear.

Percent (%) Percent (%) Percent (%)

Recovered Recovered Recovered
F-scale Zone in 2000 in 2001 in 2002
1 77.81% 90.40% 94.07%
2 72.87% 88.17% 92.18%
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Table8 Con’t

3 69.68% 86.55% 91.08%
4 61.77% 79.92% 85.47%
5 55.60% 73.271% 75.32%

When the averaged recovery values were plotted by F-scale damage (Fig.
35), the most recovery at al levels occurred within the first two years after the
event with relatively minor changes between 2001 and 2002. Interestingly, the
recovery lines were not parallel across all damage levels, indicating that there
were differences in the degree of recovery as afunction of F-scale damage. The
biggest slope was associated with the 2000 recovery line and the smallest slope
was displayed by the 2002 recovery line. In particular, in 2002, the plotted values
of recovery between F1, F2, F3 and F4 were similar in terms of creating a nearly

horizontal line while the F5 values are still substantially lower.

Annual Recovery by F-scale rating
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Fig. 34. Graph for the 1999 Moore Oklahoma Tornado-impacted region
displaying annual recovery rates for 2000, 2001 and 2002 in percent by F-scale

intensity as established by the recovery index.
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Recovery based on F-scale Zones
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Fig. 35. Graph for the 1999 Moore Oklahoma Tornado-impacted region
displaying F-scale recovery rates in percent for 2000, 2001 and 2002 as
established by the recovery index.
4.6 Change Vector Analysis

The second change detection method, change vector analysis, investigated
the qualitative and quantitative changes for the years of 2000, 2001 and 2002.
This approach employed tasseled cap greenness and brightness bands with the
possible qualitative changes listed in Table 9. For thefirst year after the tornado
disaster, both class | and 1V changes are predominantly seen throughout the track
in Figure 36 with relatively small pockets of class |l and |11 types. These changes
(Fig. 37) interms of magnitude were relatively small except for afew isolated
spots located in lower left quadrant, middle portion of the track north of the river
and upper right portion of the track. Contrary to 2000, the magnitude of change
for 2001 (Fig. 38) was considerably higher than the 2000 CV A tasseled cap image
aswell as more widespread with the largest increases concentrated in the rural

areas especialy in the vegetative regionsin the lower left quadrant and
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agricultura areas south of theriver. Asaresult, type IV class changes were
observed for every pixel throughout the track, therefore a map was not produced.
The 2002 change vector image had very similar changes in terms of magnitude
(Figure 39), but observed type Il class changesinstead of type IV in the entire

track.

Table 9. List of land class types and associated land use changes

Class Type of Change

I Increase in Greenness, Increase in Brightness
I Increase in Brightness, Decrease in Greenness
Il Decrease in Greenness, Decrease in Brightness
v Decrease in Brightness, Increase in Greenness

Fig. 36. Change Vector Analysis Map of the 1999 Moore Oklahoma Tornado-

impacted region for 2000 showing different land class changes.

82



Fig. 37. Map of the 1999 Moore Oklahoma Tornado-impacted region showing the

magnitude of changes for 2000 using change vector analysis.
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Fig. 38. Map of the 1999 M oore Oklahoma Tornado-impacted region showing the

magnitude of changes for 2001 using change vector analysis

Fig. 39. Map of the 1999 Moore Oklahoma Tornado-impacted region showing the
magnitude of changes for 2002 using change vector analysis.
4.7 Conclusion

Reconstruction of the Moore, Oklahoma tornado disaster was examined
for the three subsequent years, 2000, 2001 and 2002 following the event using a
recovery index by utilizing a series of spectrally enhanced images (NDVI, SAVI,
Ul, SWIRI, CVUI). Thisresearch introduced two new indices, the Coupled
Vegetative Index and Urban Index (CVUI) and Shortwave Radiation Index
(SWIRI), which proved to be the most effective at assessing reconstruction in
conjunction with the 1.5 standard deviation threshold. From these findings,

reconstruction maps were created to calculate both annual and Fujita Scale
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recovery rates. Annual recovery ratesillustrated that complete recovery was
never achieved with the majority of reconstruction occurred within the first two
years. While these findings held true across all of the F-scale recovery rates, the
critical finding in this analysisisthat recovery was a direct and significant
function of the level of damage sustain, as measured by the Fujita Scale. The
most damaged area assessed with an F5 rating consistently lagged in recovery
behind the lesser-damaged zones of FO/F1-F3 ratings with the explanation of

these findings discussed in the next chapter.
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5. Discussion
5.1 Introduction

This research examined the recovery of the Moore, Oklahoma tornado
utilizing remote sensing techniques with medium resolution satellite imagery to
assess whether or not the level of damage sustained impacted recovery rates as
measured by the Fujita Scale. The degree of restoration and recovery was
determined by employing arecovery index with different thresholds on a series of
transformed images (NDV I, SAVI, Ul, SWIRI, CVUI). The findings from this
research can be segregated into two broad categories, the results involving the
assessment of the recovery index and its effectiveness and the results involving
the use of that index in the interpretation of tornado recovery.

With regard to the remote sensing aspect, the first major finding was that
medium resolution satellite imagery such as Landsat TM and ETM+ can be used
to establish both annual and F-scale recovery rates. Secondly, the two new
indices, the Shortwave Infrared Index (SWIRI) and the Coupled V egetation and
Urban Index (CVUI), developed for disaster management and reconstruction
proved to be best suited for assessing recovery over the Urban Index (Ul),
Normalized Difference Vegetation Index (NDV ) and Soil Adjusted V egetation
Index (SAVI). In addition to transformation types, recovery was most effectively
captured using the 1.5 standard deviation threshold with the best overall results
noted with SWIRI at the same threshold.

With regard to tornado recovery interpretation using these top-performing

results, analysis of both annual recovery rates and F-scale recovery rates revealed
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two significant findings. The first and most critical finding in this part of my
anaysis was that the level of damage sustained was a direct and significant
function of recovery. The second important finding in this section was that
complete recovery was never achieved by 2002 even within the F-scale zones.
This chapter discusses the findings of these results.
5.2 Remotely Sensed Data and Recovery Index

Overdll, reconstruction of the 1999 Moore, Oklahoma tornado could be
discerned using geospatial techniques with medium resolution imagery of Landsat
Thematic Mapper and Landsat Enhanced Thematic Mapper (30 meters per pixel).
The medium resolution imagery was able to capture the chaotic nature the tornado
track effectively by detecting the deviations within regular patterns of spatially
arranged ground features such as residential neighborhoods and other urban areas.
Using the same premise, reconstruction was then assessed based on changes in the
damage pattern on an annual basis for the specific years of 2000, 2001 and 2002.
Although detailed damagesto individual buildings, roads or trees and
reconstruction were not discernable, Landsat imagery considered the recovery of
ground features together with the bigger pixel size. Therefore, thisimagery
provided atop view assessment that could have otherwise been missed with the
finer resolution data such as QuickBird or Ikonos imagery.

The degree to which recovery could be accurately discerned proved to be a
function of threshold selection and spectral enhancement type. In regardsto
threshold, average overall accuracy assessments reveaed that the 1.0 standard

deviation threshold better represented recovery by 78.53% compared to 77.53%
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with the 1.5 standard deviation threshold. However, both of these thresholds
outperformed the 0.5 standard deviation threshold by an average of 8.00%. This
finding suggested that the larger range of values were more reflective of the actua
reconstruction similar to previous studies (Roemer et a. 2011, Lin et a. 2004)
that also employed thresholds to define damaged and recovered pixelsin
subsequent recovery year. By employing athreshold with the recovery index,
exogenous deviations were minimized due to climate deviations in index values
or land use changes, thus reducing the possibility of misclassifying recovered
regions as still damaged.

The use of arecovery threshold does pose some limitations in terms of
accurately classifying damaged and recovered regions due to range of values
representing recovery. Generally, the narrow range of recovered values
associated the smaller thresholds had fewer problems misidentifying recovered
pixels. However, this threshold had more difficulty accurately classifying
damaged pixels. Conversely, the wider range of recovered pixels made the larger
thresholds more susceptible to the inclusion of damaged pixelsin the recovered
class. Degspite thislimitation, the larger thresholds were more effective at
classifying damaged pixels and were able to best capture the recovery process
similar to the findings of Roemer et al. 2011 and Lin et al. 2004.

Regardless of threshold selection, damaged pixels proved to be the most
difficult to accurately classify dueto different land use and land cover changes.
In particular, changes in agricultural practices such as fallow versus active field

were repeatedly misidentified as damaged when performing classification
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accuracy assessments. Additionally, newly constructed urban surfaces were more
likely to be misclassified as damaged especially if this transformation occurred in
previously healthy vegetation areas. Such a change occurred with the
construction of the H.E. Bailey Turnpike Norma Spur (OK 4) in the lower left
quadrant of all 2000 recovery images (Figs 13, 16, 19, 22, and 25) and 2000
tasseled cap magnitude image (Figs. 36 and 37). Thisland use change was
repeatedly misidentified as damaged among all the thresholds during the
classification accuracy assessments and may have affected the surrounding
vegetation creating false damage areas. Consequently, these exogenous changes
did affect the overal accuracy of the recovery index, but were rather minimal in
comparison to the amount of reconstruction that was accurately identified.

In addition to threshold selection, spectral enhancement type also played a
significant role in the performance of the recovery index. The vegetation indices,
Normalized Difference Vegetation Index (NDV ) and Soil Adjusted V egetation
Index (SAVI), were the least effective in capturing the recovery process with an
average overall accuracy assessment of 66.83%. Although these indices have
been extensively employed in disaster studies, damaged and non-damaged areas
have been confused in the urban environment due to relatively narrow range of
values (Yuan et al. 2002, Jedlovec et al. 2006). Such signature confusion could
have hindered correctly identifying recovered pixels during the recovery
assessment. Additionally, SAVI and NDV I values can aso fall prey to sun
illumination effect even with radiometric corrections and normalization. Such

differences between years could result in erroneous classification of damaged or
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recovered pixels (McDonald et al. 1998, Lu et a. 2004). The composition of
vegetation could also affect the ability to discern recovery, as SAVI is generaly
more suited for densely vegetative areas (Villa2007). Thisfinding may explain
why SAVI consistently reported the lowest accuracies given that prairie grasses
and agricultural fields generaly dominate this study area with relatively small
areas of densely forested regions.

Contrary to the vegetation indices, the Shortwave Infrared Index (SWIRI),
the Coupled V egetation and Urban Index (CV UI) and the Urban Index (Ul) were
more effective at discerning the recovery process. Thisfinding could be
explained, in part, by the use of the mid-infrared bands in conjunction with the
near-infrared band with all these indices. The mid-infrared bands (bands 5 and 7)
can differentiate between different geology types and urban surfaces, while the
near-infrared band measures vegetation health (Lillesand et a. 2004, Sabins 1997,
Bentley et a. 2002). Asaresult, these indices have awider range of values for
non-vegetative surfaces and therefore, could better discriminate between damaged
and recovered regions especialy in the urban areas. Additionally, the contrast
between the tornado track and surrounding areas al'so made it easier to discern
damaged from recovered pixelsin the tornado track for each recovery year,
thereby improving classification accuracy results.

Among these indices, SWIRI at the 1.5 standard deviation threshold
yielded the best results followed by CVUI using the same threshold. Unlike CV UI
or Ul, SWIRI uses the first mid-infrared band (band 5). Thisis critical becausein

addition to discriminating between geology types and urban surface, this band
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also measures moisture content in soil and vegetation. Therefore, the use of this
band could further discriminate vegetative health as well as discern reconstruction
in the built-environment. This may explain why SWIRI outperformed CVUI and
Ul even though Ul and SWIRI had nearly identical damage and reconstruction
patterns. Although SWIRI yielded the best results, CVUI better handled
vegetative recovery of agricultural fields and densely vegetative areas. This
finding could be attributed to a better assessment of vegetation restoration with
the NDVI component, as thisindex is aproduct of NDVI and UI.

Other factors that could have affected the accuracy of the recovery index
were the quality of the images and sampling points for accuracy assessments. For
example, cloud-free imagery could not be obtained within the desired two weeks
of the anniversary date due to normal springtime storm activity for this region.
As aresult, atmospheric conditions between images may be different despite
radiometric correction attempts to obtain apparent reflectance values for ground
features. In addition to atmospheric effects, climate conditions were aso
significantly different at the acquisition time for 1999, 2000, 2001 and 2002. The
first year after the tornado (2000) was an abnormally wet year and then the
subsequent years were abnormally dry for April 2001 and September 2002 (OCS
2010b). Although normalization procedures should minimize variations between
scenes, some differences could still exist especially in the vegetative areas.

In addition to climate and atmospheric differences, other problems from
pixel misregistration and distribution of sampling points could have affected

classification accuracies. Locational errors may still exist between scenes despite
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co-registration efforts, as complete pixel misregistration is unattainable. While
the same approach of stratified random sampling was used, these points were
randomly generated and not reused for each accuracy assessment. The location of
these points could have a big impact on the accuracy assessment especialy if
there was arather high concentration of points in erroneous classified damaged
areas such as agricultural fields or on the newly constructed H.E. Bailey Turnpike
Norman Spur.

Despite some of these problems, the recovery index was able to correctly
identify reconstruction with SWIRI and CVUI using the 1.5 and 1.0 standard
deviation thresholds with overall accuracies of 81.67% and 80.33% respectively.
The next best results were reported with Ul using the larger thresholds with
overall accuracies of 80% and 79.33%. Among the best indices, damage patterns
were fairly consistent in showing damage in the densely vegetative areasin the
lower quadrant and in the urban areas just south of the river and upper portion of
track. These regions were some of the hardest hit areas sustaining F4 and F5
damages and would reasonably take longer to recover.

5.3 Recovery Rates as a Function of F-scale

From these top-performing results, | analyzed recovery rates for three
years following the 1999 Moore, Oklahoma tornado and established two
significant findings. The first and most critical finding in this analysis revea ed
that the incredibly damaged areas associated with an F-5 rating were the slowest
to rebuild, while the lesser-damaged areas of FO/F1 ratings reported the highest

recovery rates. These results were consistent throughout 2000, 2001 and 2002 as
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reconstruction in F5 damaged areas lagged behind FO/F1 damaged zones by a
considerable difference of 22.21%, 17.13%, and 18.76% respectively. The
recovery rates for F4 damaged areas were also significantly lower than the FO/F1
— F3 recovery ratesfor al the recovery yearsillustrating that the scope and
magnitude of the disaster has a profound and direct effect on recovery. This
finding is conclusive with other hazard studies (Dacy and Kuerether 1969, Haas et
al. 1977, Yasui 2007, Aldridge 2011) that have aso found recovery ratesto be a
function of the biophysical impact.

Higher reconstruction in the FO/F1-F3 damaged areas could be explained
by the contrasting differences in associated damages between these regions and
those associated with F4 and F5 ratings. Maximum damage indicators for FO/F1-
F3 ratings are noted by missing roofs and in some cases removal of walls, while
in F-4 rated damaged zones, well-constructed houses are leveled and weaker
structures are carried away for some distance (Fujita 1971). Damages associated
with F5 ratings are the most severe, as well-constructed structures are leveled and
carried away, trees debarked and automobile-sized missiles are generated (Fujita
1971). Asaresult, reconstruction within the lesser-damaged areas (FO/F1 — F3)
would typically require less financia resourcesto draw upon and timein
completing the repairs (Dacy and Kunreuther 1969, Y asui 2007, Finch et al. 2010,
Aldridge 2011). Thiswould explain the similar reconstruction rates and faster
recovery in the FO/F1 — F3 damaged zones. Unlike the lesser-damaged areas,
reconstruction in the most severely damaged areas (F4 and F5) would likely

require more financial resources and time rebuild. Severely damaged buildings
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and other infrastructure would also likely involve decision-making policies
regarding construction type, permits and even possibly relocation, therefore
requiring more time to complete (Finch et a. 2010).

In addition to anthropogenic reconstruction, vegetation regeneration is a
function of the magnitude of damage and plant size. Generally minor-wind
damages to vegetation will re-orient or blow over the plant, resulting in only
minor disruptions in photosynthetic activity (Bentley et a. 2002). Therefore,
much of the vegetation survives and recovers quickly back to the pre-tornado
state. Contrary to this, intense winds are more likely to snap the vegetation and
consequently destroy it recovering much slower. Additionally, the speed to which
vegetation regenerates al so depends on plant size before the disaster, as smaller
plants such as short grasses or small shrubs tend to recover quicker than large
trees (Peterson 2000). Typically, larger vegetation will take several yearsif not
decades for complete restoration based on tree size (Peterson 2000). This aspect
explains not only the vegetative response in terms of recovery rates, but aso the
location of still damaged areas in the bottom portion of the track due to the
densely forested region.

Annual recovery, utilizing the F-scale assessment of tornado damages,
also revealed that most reconstruction occurred within the first two years. During
thefirst year, the average recovery rate for all F-scale damage zones was 67.55%
indicating rather rapid reconstruction over the assessed time period. Typicaly,
after such adisaster, high priority is placed on reestablishing infrastructure and

rebuilding structures with minor damages in attempt to return to pre-disaster
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conditions (Uitto 1998, Mitchell 1999). Other structures may take longer to
rebuild due to available financial resources, amount of disaster relief, and
decision-making policies (Finch et al. 2010). Thiswould explain the additional
12.59% - 18.15% increase in recovery from 2000 to 2001. However, for 2001 —
2002, reconstruction only improved by 2.05% to 5.55% indicating that most
recovery occurred within the first two years. Recovery probably tapered off due
to the timing of insurance settlements and disaster relief payments within the first
couple of years, as most rebuilding occurs soon after the distribution of funds.
Additionally, temporary housing could also turn into permanent residence as
society becomes more settled with time, therefore foregoing complete
reconstruction in certain aress.

Within this recovery assessment, the second important finding was that
even by 2002, three years after the tornado event, complete recovery was never
achieved within any of the F-scale damaged zones. By 2002, the least damaged
regions (FO/F1) had rebuilt to 94.07%, while reconstruction in the most incredibly
damaged areas (F5) had reached only 75.32%. Part of this reason could be
accredited with too short assessment period, given that a subsequent F4 tornado
hit the same study area on May 8, 2003, thereby missing any continued
reconstruction. Different land use and land changes a so could occur during the
recovery process as a result of decision-making policies and political institutions
seeking to either mitigate future events or help improve current economic status.
Additionally, individual decisions to relocate could also impact reconstruction

based on damage severity, financia resources, and psychological decisionsto
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rebuild in the same area. With regards to vegetation regeneration, large-scale
vegetation in terms of trees and large shrubs will take severa yearsif not decades
to return to pre-tornado conditions, thus contributing to incomplete recovery.

In addition to the biophysical aspect of disaster, pre-existing conditions
could also affect recovery in terms of socia vulnerabilities and place-based
vulnerabilities. Socia vulnerabilities consider the pre-existing socia conditions
of age, race, ethnicity, dwelling type, socioeconomic status, political institutions
and other social variables in conjunction with the biophysical impact of the
disaster (Liverman 1990, Blaikie et a 1994, Cutter 1996, Cutter 2000, Cutter et
al. 2003). Lower socioeconomic status, lack of resources and poor housing
quality can magnify the impact of the disaster and consequently affect the ability
to fully recover (Liverman 1990, Blaikie et al 1994, Cutter 1996, Cultter et al.
2003). Such examples of this can be seen in the more recent cases of 2004
Tsunami, Hurricane Katrina, the Haitian Earthquake (Kaplan et. al 2009, Cutter et
al. 2006). These factors could have contributed to the incomplete reconstruction
after the tornado disaster, but were not analyzed in thisanalysis. Future research
would need to examine these social vulnerabilities in conjunction with the
biophysical impact for a complete recovery assessment.

Certain geographic locations may also be physically and socially
susceptible to a given hazard creating place-based vulnerabilities (Liverman 1990,
Cutter 1996). These regions can have higher degrees of vulnerability based on the
clustering of social and biophysical characteristics within the hazard zone (Cutter

et a. 2000). The city of Moore, Oklahoma was previously struck by atornado in
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October 1998, but that tornado produced considerably smaller damages with a
maximum F-scale rating of F2 and path length of only 2 miles. Nonetheless, this
could have affected individual and commercia decisions with regard to rebuilding
or re-locating. One known example occurred in aresidential section of Moore,
Oklahoma as decision-makers chose not to rebuild in this section due to the past
occurrence of tornadoes in this area and instead dedicated the land as a city park.
Other place-based vulnerabilities, similar to the af orementioned, could have also
existed within the track and affected individual and policy-making decisions on
reconstruction given the short time between disasters.
5.4 Conclusion

This research examined the reconstruction of the 1999 Moore, Oklahoma
tornado for the years of 2000, 2001, and 2002 utilizing remote sensing imagery
and change detection methods. The use of medium resolution imagery provided
to top-view assessment of reconstruction in which recovery was determined
employing arecovery index and different thresholds on a series of spectrally
enhanced images (NDVI, SAVI, Ul, SWIRI, CVUI). With these spectrally
enhanced images, the two new indices, the Shortwave Infrared Index (SWIRI)
and the Coupled Vegetation and Urban Index (CVUI), developed for disaster
management and reconstruction proved to be best suited for assessing recovery
over the Urban Index (Ul), Normalized Difference Vegetation Index (NDV1) and
Soil Adjusted Vegetation Index (SAVI). In addition to transformation types,
recovery was most effectively captured using the 1.5 standard deviation threshold

with the best overall results noted with SWIRI at the same threshold. This
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threshold accounted for annual deviations between scenesin terms of climate and
atmospheric condition and non-damaged land use changes mainly in agricultural
aress.

From these top-performing results, | analyzed the recovery rates and
established two significant findings. The most critical finding in this research
discovered that most severely damaged areas associated with an F5 rating were
the slowest to recover, while the lesser damaged areas associated with FO/F1
ratings were the quickest to recover. These results were consistent throughout
2000, 2001 and 2002 as reconstruction for F5 zones consistently lagged the FO/F1
zones by 22.15%, 17.13%, and 18.76% respectively. Recovery ratesfor F4
damaged areas were also significantly lower than those of the lesser damaged
areas (F1-F3) for al the recovery yearsillustrating that the scope and magnitude
of the disaster has a profound and direct effect on recovery. Within these
findings, the second important finding was that even by 2002, three years after the
disaster, complete recovery was never attained within any of the F-scale damaged
zones. The next chapter briefly summarizes this entire project and provides

suggestions for future work.
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6. Summary and Conclusion
6.1 Summary

This research examined the reconstruction of the 1999 Moore, Oklahoma
tornado for the specific years of 2000, 2001, and 2002 from two aspects. Thefirst
aspect sought to investigate the recovery process from aremote sensing approach
to seeif reconstruction could be discerned using geospatia techniquesin
conjunction with medium resolution imagery. These techniques used different
gpectral enhancements (NDVI, SAVI, Ul, SWIRI, CVUI) and employed a
recovery index and different thresholds to assess the recovery process. From
these top-performing results, the second aspect took a hazard approach and
explored whether or not recovery rates, as measured by the Fujita Scale, were
dependent on the scope and magnitude of the biophysical impact. My hypotheses
were that medium resolution imagery could effectively detect the recovery
process by providing atop-view assessment and that recovery rates were a
significant and direct function of the tornado disaster according to the level of
damage sustained. The results of this two-part analysis were able to successfully
validate both of my hypotheses with the key findings listed below

With regards to the remote sensing component, the first magjor finding was
that medium resolution such as Landsat TM and ETM+ was able to effectively
capture the recovery process and can be used to establish both annual and F-scale
damage recovery rates. Secondly, the two new indices, Shortwave Infrared Index
(SWIRI) and the Coupled V egetation and Urban Index (CV UI) that | developed

for disaster assessment and recovery analysis proved to be the most effective at
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discerning reconstruction over the Normalized Difference Vegetation Index
(NDV1), Soil Adjusted Vegetation Index (SAV1) and the Urban Index (Ul). This
analysis also found that the 1.0 and 1.5 standard deviation thresholds were most
effective at capturing recovery with the best results depicted by SWIRI using the
1.5 standard deviation threshold.

Using these top-performing results, tornado recovery interpretation
yielded two significant findings. The first and most critical finding in this
research was that the degree of damage proved to be adirect and significant
function of recovery. The most incredibly damaged areas associated with an
Fbrating were the slowest to rebuild, while the lesser damaged areas associated
with an FO/F1 rating were the quickest to recover. Thisfinding was consistent for
the assessed recovery years of 2000, 2001 and 2002 as recovery in the F5
damaged zones lagged behind the FO/F1 damaged areas by 22.15%, 17.13%, and
18.76% respectively. Thisrelationship was also evident with the severely
damaged areas of an F4 rating as reconstruction was significantly lower than the
lesser-damaged regions (FO/F1-F3) for al recovery yearsillustrating the impact
that disaster has in terms of the scale and magnitude on recovery. The second
important discovery was that even by 2002, compl ete reconstruction was never
achieved even with the lesser-damaged areas of (FO/F1-F3).

6.2 Suggestions for Future Research

Future research should compare this top-view assessment approach with

finer resolution data or other detailed data such as county approved building

permits to validate these findings. Other analyses could expand upon this
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research by including socioeconomic data such as census block data and parcel
information from county assessors' offices to provide a complete assessment of
both the physical and social components to the recovery process. In addition to
socia vulnerabilities, place-based vulnerabilities could also be analyzed to
examine regional differencesin recovery in conjunction with the biophysical
impact. With these future research endeavors, the period of recovery assessment
could be extended in order to capture the complete recovery analysis provided the
availability of quality data can be acquired.

6.3 Significance

These findings illustrate the need to examine not just the impact of small-
scale disasters such as atornado, but also stress the importance that the scope and
magnitude of the disaster has on the recovery process. Decision makers and other
policyholders could better understand the importance of the biophysical impact
and implement more resilient approaches to reconstruction within the most
severely damaged areas.

With regards to remote sensing capabilities, this research sets forth the
direction of recovery analysis for tornado disasters using cost effective resolution
imagery such as Landsat TM and ETM+ in conjunction with geospatial
techniques. Thistype of analysis provides atop-view assessment that could aid
decision-making processes in urban planning and developers in the reconstruction
process. Within this research, the two indices, SWIRI and CV UI, developed for

disaster management and reconstruction analysis should aso be explored with the
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traditionally employed indices (NDV1, SAVI, Ul) to better capture both the initial

impact and recovery process.
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