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Abstract
Transportation systems are vulnerable to hurricanes and yet their recovery plays a critical role in returning a community to
its pre-hurricane state. Vegetative debris is among the most significant causes of disruptions on transportation infrastructure.
Therefore, identifying the driving factors of hurricane-caused debris generation can help clear roadways faster and improve
the recovery time of infrastructure systems. Previous studies on hurricane debris assessment are generally based on field data
collection, which is expensive, time consuming, and dangerous. With the availability and convenience of remote sensing pow-
ered by the simple yet accurate estimations on the vigor of vegetation or density of manufactured features, spectral indices
can change the way that emergency planners prepare for and perform vegetative debris removal operations. Thus, this study
proposes a data fusion framework combining multispectral satellite imagery and various vector data to evaluate post-
hurricane vegetative debris with an exploratory analysis in small geographical units. Actual debris removal data were obtained
from the City of Tallahassee, Florida after Hurricane Michael (2018) and aggregated into U.S. Census Block Groups along with
four groups of datasets representing vegetation, storm surge, land use, and socioeconomics. Findings suggest that vegetation
and other land characteristics are more determinant factors on debris generation, and Modified Soil-Adjusted Vegetation
Index (MSAVI2) outperforms other vegetation indices for hurricane debris assessment. The proposed framework can help
better identify equipment stack locations and temporary debris collection centers while providing resilience enhancements
with a focus on the transportation infrastructure.

Natural disasters have devastating impacts on every
aspect of daily life. Some, such as the COVID-19 pan-
demic, occur once in a lifetime and lead to unprecedented
repercussions whereas others, such as hurricanes, occur
almost every year and yet still cause inevitable disrup-
tions. Regardless of the frequency of disasters, debris
management remains as one of the most critical activities
to build community resilience and return a community to
its pre-hurricane state (1). Storm debris is one of the main
reasons for failures on infrastructure networks such as
roadways, power grid, rail roads, water and natural gas
pipelines, and waste management services (2). For exam-
ple, roadway networks are vulnerable to post-hurricane
vegetative debris in such a way that there will be failed or
disrupted critical links after a hurricane because of rising
water, downed trees/branches, and debris accumulation
(3). If the debris is not removed from the streets, emer-
gency responders may be delayed in carrying out their
life-saving activities (4) and transportation accessibility
may be difficult, or in some cases impossible, for those

victims seeking help. In addition to the roadway closures,
delayed post-hurricane debris removal also has a signifi-
cant impact on traffic congestion and driving behaviors
of the residents (5). Reconstruction of any damaged
infrastructure network can also be delayed in the long-
term if debris is not cleared from the roadways (6).
Moreover, hurricanes striking the Southeast U.S. in the
last couple of decades highlight operational and financial
disruptions caused by post-hurricane debris on transpor-
tation systems. For example, Hurricane Katrina (2005)
generated 50 times more solid waste than the usual
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annual amount in Louisiana and the debris removal/dis-
posal operations continued for more than 2 years, creat-
ing significant burden on transportation infrastructure
(7). Also, during the 2004 and 2005 hurricane seasons, an
average of 488 cubic yards (cy=~0.76m3) vegetative
debris per every mile of roadway segment was collected
in Florida with a cost of $21.5 per cy (8). More recently,
Hurricane Michael (2018) caused more than 2million cy
vegetative debris in Florida Panhandle Region, and the
State of Florida has spent more than $150million from
federal emergency funds for debris removal operations
(9). All in all, debris management is one of the major con-
cerns for transportation and/or emergency agencies in
the aftermath of a hurricane. Conducting a detailed deb-
ris assessment can help to improve the recovery of trans-
portation systems through faster and cost-effective
removal operations.

As a part of hurricane damage evaluation, post-
hurricane debris assessment is a well-studied topic
among forestry and natural hazards scholars (8, 10–15).
Additionally, public agencies such as US Army Corps
Engineers (16), Federal Emergency Management Agency
(FEMA) (17), and Broward County, FL Emergency
Management Office (18) developed post-hurricane debris
volume estimation models to assist state Departments of
Transportation on post-hurricane debris removal opera-
tions. These studies provided great knowledge on hurri-
cane vegetative debris generation; however, their major
concern was using field data measurements such as tree
counts, diameters, and heights for the vegetation cover
inputs. Also, these datasets may not be available for all
trees in certain areas. Collection of such a tree database
could be very expensive and time consuming, as periodic
updates are required to evaluate hurricane impacts
(19–21). Remote sensing, on the other hand, is a cost-
effective and versatile tool that can be incorporated into
hurricane debris assessment (22). Spectral indices can
provide accurate estimations on land characteristics such
as vegetation health (23), developed land (24), or water
surfaces (25) to replace field data collection in debris
assessments. Additionally, recent damage assessments
studies from North Florida indicate that hurricane-
induced infrastructure disruptions such as roadway clo-
sures and power outages are more likely to occur in low-
income and vulnerable population areas (26–28). Thus,
this study proposes a data fusion framework combining
spectral and vector datasets to evaluate the vegetative
debris collected in Tallahassee, FL after Hurricane
Michael in 2018.

Literature Review and Research Gaps

We reviewed two main domains of research related to
our study. First, traditional hurricane damage

assessment studies are summarized to identify the
research gaps and potential driving factors for hurricane
debris. Second, we provide a background on remote
sensing-derived spectral indices to incorporate these sim-
ple, yet accurate land cover/use indicators into our
framework.

Hurricane Damage and Debris Assessment

Several studies have investigated hurricane damage on
infrastructure systems. For example, Hurricane Irene
(2011) made $65million damage to the transportation
network in Vermont (29) and Hurricane Andrew (1992)
caused 1.4million (44%) customers in Florida to lose
power (30). Another study proposed a new index, namely
Accessibility Decrease Index, to measure the delay on
emergency response travel times using real-life roadway
closures during Hurricane Hermine (4). Roadway disrup-
tion probabilities were also estimated using a convolu-
tional neural network model to identify trees along the
roadway from satellite images. A treefall probability esti-
mation model was developed using precipitation, road-
way density, and wind speed after Hurricanes Irene and
Sandy (2012) in New Jersey (31). It was found that road-
way density and wind speed were the leading factors.
Another study, evaluating the power outages during five
hurricanes at North and South Carolina, found that
maximum wind speeds were highly correlated with power
grid disruptions (32). This is completely logical, as wind
speed is one of the best known hurricane impact vari-
ables (33).

In addition to the storm surge, environmental charac-
teristics, such as soil type, land cover/use, vegetation,
and elevation, were also used to predict power outages
(34). Inclusion of environmental factors improved the
model accuracy twice, and it was stated that environmen-
tal factors were essential in preparing the power system
before a hurricane landfall. These studies expressed the
significance of storm surge and environmental character-
istics on evaluating the infrastructure disruptions caused
by hurricanes. As expected, similar attributes for storm
surge variables were observed in debris assessment stud-
ies (8, 10–15). Vegetation characteristics were identified
as the most determinant factors while developing spatial
predictive models on post-hurricane vegetative debris
(14). Also, a survey stated that hurricane damage to and
from trees was the major concern for homeowner associ-
ation leaders of two different urbanizing areas, namely
hurricane-prone Hillsborough and Broward Counties,
Florida (15).

Apart from the storm surge-related and environmen-
tal characteristics, several studies paid attention to the
impact of hurricane-related and debris-based disruptions
on different socioeconomic groups while considering
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vulnerability and resilience of those groups (26–28,
35–38). For example, a report from Congressional
Research Services states that the African-American pop-
ulation with low income suffered the most from
Hurricane Katrina-induced debris (36). With a focus on
infrastructure disruptions, it was found that power
outages after Hurricane Hermine were spatially clustered
rather than being randomly distributed across the city
(27). More importantly, it was found that areas with a
more elderly population and low-income households were
more likely to be in those clusters. More recently, a mod-
eling framework was proposed to assist decision makers
in developing resilience policy alternatives not only with
respect to technical aspects, but also with respect to the
socio-demographic impacts (35). The findings indicate sig-
nificant differences in the power restoration times between
the different age groups, ethnicity, and income levels for
customers in Tallahassee, Florida, after Hurricane
Hermine. Higher-income households were also found to
be more resilient after Hurricane Irma in Highlands and
Orange Counties, Florida (39). Note that power outages
after Hurricane Hermine were mostly caused by toppled
trees on the power lines. Another study analyzed power
outages and roadway closures during both Hurricanes
Hermine and Michael (26). The results showed that road-
way closures and power outages caused by fallen trees
and debris were associated with each other and vulnerable
population segments (i.e., low-income populations, minor-
ity populations) from such network disruptions. These
studies clearly indicate that resilience of our communities
against hurricanes depends on numerous considerations
including but not limited to socioeconomics, demo-
graphics, critical facility capacities, governmental and
municipal capabilities, and economic status.

Debris data are more difficult to collect than infra-
structure disruption data such as roadway closures and
power outages. This makes it harder to evaluate the
damage of a hurricane in the context of debris. This is
mainly because it is difficult to quantify debris damage.
US Army Corps Engineers developed the first debris esti-
mation model using data collected from Hurricanes
Frederic (1979), Hugo (1989), and Andrew (1992) (16):

Q=H Cð Þ Vð Þ Bð Þ Sð Þ 1ð16Þ
Q : Debris Volume

H : Number of Households

C : Storm category factor= 2, 8, 26, 50, 80f
for Hurricane Category f1 . . . 5g

V : Vegegation characteristics multiplier= f1:1, 1:3, 1:5g

B : Developed land multiplier= f1:0, 1:2, 1:3g
S : Precipitation multiplier= f1:0, 1:3g

Although this was an empirical model, it had the ability
to estimate debris volume with a maximum of 6 30%
error. The first deterministic model was developed using
the FEMA Project Worksheets, based on inputs from
communities which received monetary assistance for
damage after any of the seven hurricanes during the
2004 and 2005 hurricane season in Florida (12). A total
of 680 Project Worksheets were collected with volume
and expense information. A sample of these worksheets
was matched with field-measured historical tree data
(i.e., canopy cover, density), developed land cover, and
wind speed. The final model developed had values of
0.77 cy for low-damage storms, 4.44 cy for moderate-
damage storms, and 22.85 cy for high-damage storms for
every 100 ft. street segment (13). Following this form and
using the same dataset, an average of 488 cy vegetative
debris with a cost of $21.5 was calculated (8). Another
study evaluated the urban forest debris after Hurricane
Ike (2008) using permanent plots in Houston, TX (14).
The findings of the study indicated that in situ vegetation
variables explained greater variation in tree debris vol-
ume than the storm-related meteorological variables
such as wind speed. In addition, Duryea et al. (10, 11)
collected tree damage data from the field 2 days after
Hurricane Ivan (2005) to evaluate the resilience of indi-
vidual trees by their species, which is also dangerous
given the hurricane aftermath conditions. Overall, these
studies provided much knowledge on the generation of
hurricane vegetative debris; however, the major concern
was using field data measurements such as tree counts,
diameters, and heights for the vegetation cover inputs.
These datasets may not be available for all trees in cer-
tain areas. Collection of such a tree database could be
very expensive and time consuming, as periodic updates
are required to evaluate hurricane impacts. A satellite
image taken before and after the hurricane can provide
sufficient information about vegetation health to be used
in vegetative debris assessment. Reduction on vegetation
index may also provide information on tree damage
which can be used to analyze the resiliency of different
tree species.

Based on the extensive review of hurricane damage
assessment studies, the driving factors of hurricane deb-
ris formation are identified as: (a) vegetation cover, (b)
storm surge, (c) developed (built-up) land, and (d) popu-
lation/socioeconomics.

Remote Sensing and Spectral Indices

Remote sensing is a cost-effective and versatile tool that
can be incorporated into hurricane debris assessment
(22, 40–42). Spectral indices have been developed with
simple band arithmetic operations using the different
reflectance patterns of specific land cover/use objects on
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different spectrums of the light. Since multispectral satel-
lite images became available with varying temporal and
spatial resolutions, several spectral indices have been
developed with the difference to sum ratio—so-called
normalized difference—of visible spectrum, RGB (Red,
Green, Blue), and invisible spectrum such as near infra-
red (NIR) or short-wave infra-red (SWIR). In general,
the NIR and visible spectrum have been used to develop
vegetation indices (VIs) whereas the SWIR has been uti-
lized to indicate built-up (manufactured) features or
water surfaces, commonly named as miscellaneous
indices (MIs). Although the implementation of spectral
indices varies from burned area analysis (43) to coastline
change detection (44), the main focus remains on the
vegetation (23, 45). An investigation on the development
and applications of more than 100 VIs has been pre-
sented in a review study (46). Among these VIs,
Normalized Difference Vegetation Index (NDVI) has
been widely used for hurricane damage assessment pur-
poses (20–22, 47, 48). For example, a study identified the
sudden drop in NDVI values in Puerto Rico and
Dominica after Hurricane Maria (21). However, it is well
known that NDVI is sensitive to soil brightness and
atmospheric conditions (46, 49). Although these studies
present the feasibility and the accuracy of using NDVI
for hurricane damage assessment purposes, to the best of
the authors’ knowledge, an approach to evaluate the per-
formance of multiple spectral indices in the context of
hurricane debris has not been proposed.

The current study examines five different VIs and two
different MIs.

� NDVI: Normalized Difference Vegetation Index
is the most commonly used vegetation index
(20–22, 46–48). After launching Earth Resources
Technology Satellite (ERTS)—renamed Landsat
1—in 1973, NASA funded several research proj-
ects to understand its capabilities. One of those
projects, Great Plains, investigated the vegetative
cover in the Great Plains region of central U.S.
and found that the difference/sum ratio of NIR
and Red reflectance values highlights healthy
vegetation among other land cover/use features
(50). As a normalized difference ratio, NDVI
ranges from 21 to 1. Negative values are associ-
ated with water whereas values closer to zero
(20.1 to 0.1) generally correspond to barren areas
of rock, sand, or snow. Lower positive values, in
the span of 0.2 to 0.4, represent shrub and grass-
land whereas high positive values refer to tempe-
rate and tropical rainforest (51, 52).

� GNDVI: Green Normalized Difference
Vegetation Index is similar to NDVI. However, it
utilizes Green reflectance instead of Red

reflectance. The index performs better to identify
the concentration of chlorophyll pigment which is
essential for photosynthesis (53).

� MSAVI2: Modified Soil-Adjusted Vegetation
Index (MSAVI) (49) and its revision, MSAVI2
(54), were developed to overcome the soil-
brightness sensitivity of NDVI. The problem with
the original Soil-Adjusted Vegetation Index
(SAVI) (55) was the required input of soil-
brightness correction factor (L) along with NIR
and Red bands. MSAVI utilized the slope of visi-
ble density change on the feature space plot of
Red and NIR brightness values to calculate the L
value. Then, MSAVI2 simplified the equation
using only Red and NIR bands while preserving
the insensitivity on soil brightness. MSAVI2 is
used in many remote-sensing applications to asso-
ciate with the in situ vegetation cover (56), moni-
tor desertification with Leaf Area Index (LAI) in
China (57), or to estimate biomass (58). One
major drawback of the MSAVI2 is that some
overall sensitivity to detect changes on vegetation
cover/amount is lost while adjusting the band
arithmetic for the model to be less sensitive on the
soil surface brightness (46, 59).

� MTVI2: Modified Triangular Vegetation Index
(MTVI) and its revision MTVI2 were used for
LAI estimation (60). This index was calculated
with NIR, Red, and Green bands and it is the only
narrow band vegetation index used in this study.
Compared with broad band VIs, narrow band VIs
were found to be more sensitive to smaller changes
in the vegetation health (61).

� VARI: Visible Atmospherically Resistant Index
was calculated using only the visible spectrum
(62). Therefore, this index is especially useful when
only RGB images are available without NIR or
any other band (63). As its name suggests, VARI
is more resistant to atmospheric factors such as
aerosol.

� NDBI: Normalized Difference Built-up Index
highlights manufactured features, such as build-
ings and roadways, by using the reflectance differ-
ence on SWIR and NIR. It is generally used for
urban area mapping and land-use planning (24).

� MNDWI: Modified Normalized Difference Water
Index highlights water land cover while suppres-
sing the noise from vegetation, built-up land, and
soil (64, 65).

Research Questions

Based on the literature reviewed, the following research
questions are identified:
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(RQ1) Given that land characteristics (vegetation and
built development) are the most significant variables
to estimate debris volume before a hurricane’s landfall
(14), can spectral indices provide this information at
the U.S. Census Block Group (BG) level? If so, which
VI is the best for this purpose?
(RQ2) Given that individual tree damage was col-
lected in the field shortly after hurricane to determine
the resiliency of tree species (10, 11) and it is generally
hard to obtain hurricane-related debris data, can
reduction in VI after storm (VID) provide this infor-
mation to relevant agencies? If so, which VI is the best
for this purpose?
(RQ3) Given that power outages and roadway clo-
sures from Hurricanes Hermine and Michael affected
regions differently based on the socioeconomic differ-
ences in factors such as age, income, and the ethnicity
(26–28, 35–38), is there any socioeconomic indicator
related to post-hurricane vegetation debris? Can this
information identify higher-risk regions in terms of
debris and help debris removal operations for certain
BGs?

Research Framework and Expected Contributions

Vegetative debris is one of the major concerns for recov-
ery of the transportation network in the aftermath of a
hurricane. The best strategy for timely debris removal is
to identify those factors that affect debris generation.
Existing studies on post-hurricane debris assessments
used field-measured vegetative data such as tree height,
dimension, and counts (8, 12, 14, 18). However, such a
tree database may not be available for every location,
and it may not include all the tree types. In addition,

collection of this data can be costly and time consuming
with required periodic updates. With the availability and
convenience of remote sensing, powered with the simple
yet accurate estimations on the vigor of vegetation or
density of the manufactured features, spectral indices
can change the way that transportation and emergency
professionals prepare for and perform vegetative debris
removal operations.

Previous studies have proven the nonhomogeneous
distribution of hurricane impacts on different socioeco-
nomic groups, including those that are at-risk. Therefore,
there is also a need to study the impact of socioeconomic
factors on post-hurricane vegetative debris. Thus, this
study promotes a data fusion framework combining mul-
tispectral satellite imagery and various vector data to
evaluate post-hurricane vegetative debris. The proposed
framework is illustrated in Figure 1 and the major contri-
butions of this study are as follows:

� In terms of practical applications, the findings of
this study can assist transportation and emergency
professionals in the identification of equipment
and machinery staging sites, location of temporary
debris collection centers, early in-advance and
more appropriate procurement of contractors,
recruitment of extra staff and labor resources, and
better forecasting of costs affiliated with clean-up
and disposal of hurricane debris (14, 66).

� For the debris-focused research domain, the pro-
posed framework demonstrates the successful
integration of satellite-derived land cover/use
information into small geographical units to eval-
uate post-hurricane debris. The proposed frame-
work can be used to develop robust debris volume

Figure 1. Proposed research framework.
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prediction models at the BG level given the debris
data availability.

� With a focus on remote sensing literature, this
study evaluates the performance of five different
VIs to find the most suitable one for post-
hurricane debris assessment purposes. Findings
have high potential for (a) replacing field measure-
ments of pre-storm vegetation, and (b) identifying
the post-storm damage on vegetation by calculat-
ing the VI reduction after storm.

Note that the objective of this study is to provide an
assessment on the post-hurricane vegetative debris vol-
ume collected after Hurricane Michael in Tallahassee,
FL rather than attempting to develop predictive models
for the post-hurricane debris volume. Findings of this
study can help develop robust prediction models with
more data from multiple hurricanes and multiple
communities.

Case Study Area and Data Collection

Study Area and Hurricane Michael

The study presents a U.S. Census BG-level analysis in
the City of Tallahassee, Florida. A medium-size city and
the state capital, Tallahassee has a population of 193,551
(as of 2018 (67). It is also the home for two major univer-
sities, namely Florida State University and Florida
Agricultural and Mechanical University. As a result, stu-
dents comprise approximately 40% of the entire popula-
tion (68). Additionally, more than 30 state government
agency headquarters including the Capitol Building,
Florida Supreme Court, and Florida Governor’s
Mansion are in Tallahassee.

The urban forests in Tallahassee consist of short-lived,
weak-wooded species such as Carolina laurelcherry,
water oak, laurel oak, and camphor tree. These species
alone compromise 37% of the urban forest (69). More
importantly, tree canopy covers 55% of the total land,
and canopy roads are part of the southern culture (70).
Therefore, post-hurricane vegetative debris removal is an
essential task for a fast recovery of the entire transporta-
tion infrastructure network.

Figure 2 depicts the study area along with its relative
location to the path of Hurricane Michael and popula-
tion density of the BGs. Geocoded city limits were
extracted from the Tallahassee–Leon County GeoData
Hub (71) and those BGs completely within this limits
were analyzed. As the university campuses are in the cen-
tral west side of the town, the BGs in this area present
higher population densities.

Note that Hurricane Michael’s path in Figure 2 is
categorized according to the Saffir–Simpson Hurricane
Wind Scale (72, 73). This scale indicates that Tropical

Storm refers to 39 to 73mph wind speed, Category 1
refers to 74 to 95mph wind speed, Category 2 refers to
96 to 110mph, Category 3 refers to 111 to 129mph,
Category 4 refers to 130 to 156mph and Category 5
refers to 157mph or higher wind speeds. More details on
the wind speeds for the study area are presented in the
data description section along with other data sources.

A report from National Oceanic and Atmospheric
Administration (NOAA) states that the Southeast region
of the U.S. had suffered 15 named storms, eight hurri-
canes, and two major hurricanes in 2018, which is con-
siderably higher than the 1981 to 2010 average of 12.1
named storms, 6.4 hurricanes, and 2.7 major hurricanes
(74). Among these severe weather events, Hurricane
Michael was a highly destructive hurricane which
crushed the entire Florida Panhandle in 2018. It was the
first Category 5 hurricane to strike the mainland U.S.
since Hurricane Andrew in 1992 (75). Michael made a
landfall with peak winds of 160mph (260 km/h) and
affected the states of Florida, Georgia, Alabama, both
Carolinas, and even Virginia, causing directly or indir-
ectly the deaths of 74 people (75). The cost of the total
damage caused by Hurricane Michael was estimated to
be more than $25billion by NOAA’s National Centers
for Environmental Information (74).

Data Collection and Preparation

In this paper, the vector data such as debris collection
records and those that are related to the socioeconomics
as well as the raster (imagery) data such as satellite
images and wind gusts were collected from various
sources. ArcGIS Pro v2.5 was employed to process all
these datasets. The timeline for Hurricane Michael and
the data collection process is presented in Figure 3. The
collected data are introduced separately along with their
pre-processing steps. Note that S2A and S2B stand for
the satellites Sentinel-2A and Sentinel-2B, respectively.
These are identical satellites orbiting across opposite
sides of the world. Additionally, L1C refers to the top
level of pre-processing for the images acquired from
Sentinel-2 satellites. Basically, L1C products provide the
top-of-atmosphere reflectance in fixed cartographic
geometry.

Debris Data. The City of Tallahassee provided the debris
data used in this paper. Some 9,716 debris collection
points were recorded with the information on volume
and coordinates for loading and unloading locations.
The data have been cleaned by removing entries of zero
volumes and those that had the same locations for load-
ing and unloading. Presumably, some of the collecting
points were missing the loading location coordinates and
they were populated with the unloading location
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coordinates. This could have resulted in a biased aggre-
gation of the debris volumes into the 95BGs. After the
data cleaning, the remaining 7,820 debris collection
points were aggregated into the BGs based on where the
debris was collected from. Figure 4 indicates the debris
collection points and their aggregation into BGs with
their numerical and spatial distributions. Note that ‘‘n’’
represents the total number of debris collection points in
the upper distribution graph whereas ‘‘n’’ represents the
number of BGs in the lower distribution graphs.
Additionally, the count on y-axes indicates the partial
number of ‘‘n’’ in each graph.

As the total debris volume in BGs seems to follow an
exponential distribution, natural log of the total debris
volume is calculated and used as the dependent variable
for the exploratory analysis. Note that the debris

collection points are the locations where a stack or a pile
of vegetative debris was removed by the city. These
stacks may consist of a single fallen tree or multiple
branches and trunks from the surrounding of the collec-
tion point. However, the debris volume was aggregated
into BGs as the target geographical unit. This is a critical
assumption made in this paper.

Population Data. Population data were extracted from the
U.S. Census Bureau 2018 American Community Survey
(ACS) (76) using the Florida Geographic Data Library
(FGDL), a mechanism for distributing spatial data
throughout the State of Florida (77). Note that ACS is
conducted by the U.S. Census Bureau every year by sam-
pling the entire population. Unlike the every-10-year

Figure 2. The study area with population density and its relative location to the track of Hurricane Michael.
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census, ACS is based on estimates and utilized by federal
and state governments. ACS reveals socioeconomic char-
acteristics (i.e., race, education, age, and income) of the
population in geographic units from states to census
blocks (76).

Remote Sensing Data. The Copernicus Project of
European Space Agency provides various free earth
observatory data, which have been used for various pur-
poses such as flood detection (78) or air quality monitor-
ing (79). In this study, georectified Sentinel-2 satellite
imagery, obtained from the Copernicus Open Access
Hub (80), was used to calculate the land cover/use spec-
tral indices. As Table 1 indicates, Sentinel-2 provides
12 bands for different spectrums of the light with varying
spectral resolutions for each band within (10–60m
(~32 ft.–~197 ft.)/pixel) spatial resolution. This study used
only the NIR (Band 8) and the SWIR (Band 11) with the
visible spectrum in Bands 2, 3, 4 for ‘‘Blue’’, ‘‘Green’’,
and ‘‘Red,’’ respectively.

Before and after images were selected considering the
cloud coverage over the study area. Given that Hurricane
Michael was active between October 07 and 15 in 2018
(75), the acquisition date for the before image was
September 19, and it was November 3 for the after image.

After downloading the images and mapping them with
aforementioned composite bands, images were clipped
based on the Tallahassee City limits extracted from the
Tallahassee–Leon County GIS GeoData Hub (71).
Figure 5 indicates full size and clipped images in true
color format. To enhance the images with sharp contrast,
the display was set to 0.25 percent-clip rendering. Also,
as the magnified small images from Tallahassee clips
indicate, 10m/pixel resolution provides sufficient details
to generalize the vegetative cover at the BG level.

After obtaining the before and after Hurricane
Michael images with a clean view over the study area,

different indices were calculated for the vegetation,

water, and manufactured features. Table 2 shows these

indices along with their interest land cover/use, mathe-

matical definition, and the reference study. Spectral VIs

are the simplest measures of general quantity or vigor of

green vegetation. VIs are generally inspired by the fact

that plants absorb visible light for photosynthesis and

reflect back most of the NIR spectrum simply because

the longer wavelengths do not provide sufficient energy

for photosynthesis. On the other hand, MIs highlight

land cover features other than the vegetation. Such

indices utilize the reflectance difference on the visible

spectrum and SWIR.

Figure 3. Data sources and acquisition timeline.
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To eliminate the noise on VIs from the built-up areas
and water surfaces, areas with the high values of NDBI
and MNDWI were masked out. The masking process is
summarized in Figure 6. After masking the vegetation
indices, vegetation change (VID) was calculated using the
vegetation change of the before image (VIBEF) and after
image (VIAFT ) as follows:

VID=VIBEF � VIAFT 2

To statistically analyze the significance of VIBEF and VID

on the debris amount prediction, the average values were
calculated for each of the BGs using the zonal statistics

toolbox. This tool considers each BG as a zone and cal-
culates the mean of pixel values in each zone.

Wind Speed. Hurricane surge characteristics, such as
wind speed, are known to have a significant impact on
vegetation loss and debris generation (14, 16–18) where
the higher wind speeds cause more damage. In this
regard, the maximum wind gusts (average wind speeds
within ~20 s.) data were provided by StormGeo Inc. for
every 3 h period between October 7 and October 15. A
total of 72 georectified images were obtained.

Figure 4. Debris data points and aggregated debris volume into the BGs. The y-axes of the distributions represent the number of ‘‘n’’ in
each graph.
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Figure 7 depicts the process of extracting wind speeds
for each BG. First, maximum values for each pixel were
extracted from those 72 images as shown in Figure 7a.
After the nearest neighborhood resampling and unit con-
version from meter per second to mile per hour (Figure
7b), wind speeds for the study area were extracted using
the Tallahassee City limits similar to the process for

Sentinel-2 images (Figure 7c). Finally, the average wind
speeds were calculated within each BG using the zonal
statistics toolbox. Note that the scales between Figure
7(a, b) and Figure 7c are different, and based on the data
provided by StormGeo Inc., the wind speeds ranged
between 70mph and 79mph in the study area, which
corresponds to a Tropical Storm and Category 1 hurri-
cane in the Saffir–Simpson Hurricane Wind Scale,
respectively.

Finally, the descriptive statistics of the final
dataset are provided in Table 3. The descriptive statistics
are important to understand the potential of using VID
as the debris damage variable regarding the RQ2. The
discussion is provided in the results and discussion
section.

Methodology

In this paper, the main goal is to assess the post-
hurricane vegetative debris in Tallahassee, FL after
Hurricane Michael using an exploratory data analysis.
Two-way correlation analysis was used to oversee the
relationships among all datasets, and significance of cor-
relation was calculated between each independent vari-
able and the dependent debris variable. Second, a
variable importance metric was developed by evaluating
all possible combinations of independent variables in
hypothetical regression models.

Table 1. Sentinel-2 Bands and their Spatial Resolution. Adopted
from Wikipedia (81)

Sentinel-2 bands

Central
wavelength

(mm)
Resolution

(m)

Band 1 – Costal Aerosol 0.443 60
Band 2 – Blue 0.490 10
Band 3 – Green 0.560 10
Band 4 – Red 0.665 10
Band 5 – Vegetation Red Edge 0.705 20
Band 6 – Vegetation Red Edge 0.740 20
Band 7 – Vegetation Red Edge 0.783 20
Band 8 – NIR 0.842 10
Band 8A – Vegetation Red Edge 0.865 20
Band 9 – Water Vapor 0.945 60
Band 10 – SWIR - Cirrus 1.375 60
Band 11 – SWIR 1.610 20
Band 12 – SWIR 2.190 20

Note: NIR = near infra-red; SWIR = short-wave infra-red.

Figure 5. Before and after Sentinel-2 images and extracted clips for Tallahassee.
MNDWI = Modified Normalized Difference Water Index; NDBI = Normalized Difference Built-up Index; VI = Vegetation Index.
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Correlation

Pearson Correlation Coefficient (r) is a well-known mea-
sure of similarity measure of two variables (82). It is cal-
culated with element-wise multiplication of those
variables after normalization to standard normal distribu-
tion. This type of normalization of correlation is a com-
mon approach to test the similarities of variables with
different units (i.e., debris volume [cy] and wind speed
[mph]). Mathematically, Pearson’s r can be defined as:

r=
E½(X� mX)(Y� mY)�

sXsY
3

where r defines the correlation between X and Y and
takes a place in [21,1]. 21 indicates a perfect inverse cor-
relation, and 1 indicating a perfect correlation between
the tested variables. Please note that the r defines the
strength and direction of the linear relationship between
X and Y. However, the reliability of this metric also
depends on the sample size. Therefore, the significance of
correlation coefficients with hurricane debris was calcu-
lated using two-tailed t-test:

tscore =
r
ffiffiffiffiffiffiffiffiffiffiffi
n� 2
p
ffiffiffiffiffiffiffiffiffiffiffiffiffi
1� r2
p 4

Figure 6. VI masking process.
MNDWI = Modified Normalized Difference Water Index; NDBI = Normalized Difference Built-up Index; VI = Vegetation Index.

Table 2. Derived Spectral Indices

Index Interest land cover Definition Reference

NDVI Vegetation (NIR� Red)

(NIR+ Red)

Rouse et al. (50)

GNDVI Vegetation (NIR� Green)

(NIR+Green)

Buschmann and Nagel (53)

MSAVI2 Vegetation
2 � NIR+ 1�

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
(2 � NIR+ 1)2 � 8(NIR� Red)

q

2

Qi et al. (54)

MTVI2 Vegetation 1:5½1:2(NIR� Green)� 2:5(Red� Green)�ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
(2 � NIR+ 1)2 � 6 � NIR� 5 �

ffiffiffiffiffiffiffi
Red
p� �

� 0:5
q Haboudane et al. (60)

VARI Vegetation (Green� Red)

(Green+ Red� Blue)

Gitelson et al. (62)

NDBI Urban (SWIR� NIR)

(SWIR+NIR)

Zha et al. (24)

MNDWI Water (Green� SWIR)

(Green+ SWIR)

Xu (64)

Note: GNDVI = Green Normalized Difference Vegetation Index; MNDWI = Modified Normalized Difference Water Index; NDBI = Normalized Difference

Built-up Index; NDVI = Normalized Difference Vegetation Index; MSAVI2 = Modified Soil-Adjusted Vegetation Index (revised); MTVI2 = Modified

Triangular Vegetation Index (revised); VARI = Visible Atmospherically Resistant Index
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where n represent the number of counties (95) as the sam-
ple size and r is again the correlation coefficient. Based
on this test, the correlation between each independent
variable and debris volume were identified at 90%, 95%,
and 99% significance level.

Exploratory Regression

Exploratory regression is a tool provided in the GIS soft-
ware used in this study. This tool can evaluate all possi-
ble combinations of the explanatory variables, searching
for regression models that can best explain the dependent
variable with regards to the user-specified criteria (83).

As aforementioned, the aim of this study is to identify
variable importance rather than developing predictive
models. Indeed, the debris data used in this study were
collected for a relatively small section of the full hurri-
cane impact area and from only a single hurricane. This
would not be enough to represent the complex nature of
hurricane-caused debris. However, this tool provides sta-
tistics about the variable coefficients which can be used
solely for the purposes of exploratory data analysis to
evaluate the importance of predefined independent vari-
ables on explaining the variance of the debris dataset.

The importance statistics refer to the significance and
persistence of each independent variable by calculating

Figure 7. Wind data extraction for BGs. (a) Maximum wind gusts (m/s) between October 7 and 15, (b) resampled and converted wind
gusts (mph), and (c) extraction of the study area.
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the number of models in which the variable’s coefficient

was statistically significant (p-value \0.1) and the per-

centages of those significant coefficients with negative

and positive values. For example, an independent vari-

able with a high percentage of significance and a high

percentage of positive coefficients indicates that the vari-

able has a persistent positive correlation with the depen-

dent variable. Using these statistics, a variable

importance metric is developed:

VariableImportance(%)= Significance% �max

Negative%,Positive%ð Þ � 100
5

Note that p-value \0.1 for coefficients suggests that
the independent variables were evaluated at 90% signifi-
cance level. This is the only user-defined criterion on
using the exploratory regression tool in this study which
is logically adopted in most regression models.

Results and Discussions

This study presents an exploratory data analysis to deter-
mine the factors creating hurricane debris with a specific
focus on enhancing the resilience of infrastructure sys-
tems through better planned and performed debris
removal. A data fusion-based framework was proposed

Table 3. Final Data Descriptive Statistics

Variables Count Min Max Mean SD Definition

Debris Total (cy) 95 0 16,939 3,038.17 3,913.7 Total volume of collected vegetative debris in
BGs

Log Debris (ln (cy)) 95 0 9.74 6.46 2.64 Log total volume of collected vegetative debris
in BGs

NDVIBEF 95 0.28 0.62 0.52 0.07 Average NDVI before Michael in BGs
GNDVIBEF 95 0.26 0.48 0.41 0.05 Average GNDVI before Michael in BGs
MSAVI2BEF 95 0.41 0.76 0.66 0.07 Average MSAVI2 before Michael in BGs
MTVI2BEF 95 0.33 0.49 0.42 0.04 Average MTVI2 before Michael in BGs
VARIBEF 95 0.11 0.86 0.55 0.16 Average VARI before Michael in BGs
NDVID 95 20.02 0.02 0.00 0.01 Average NDVI reduction after Michael in BGs
GNDVID 95 20.03 0.00 20.01 0.01 Average GNDVI reduction after Michael in BGs
MSAVI2D 95 20.02 0.02 0.00 0.01 Average MSAVI2 reduction after Michael in BGs
MTVI2D 95 20.03 20.01 20.02 0.01 Average MTVI2 reduction after Michael in BGs
VARID 95 20.20 0.07 20.02 0.04 Average VARI reduction after Michael in BGs
Wind Spd (mph) 95 72.62 78.23 75.09 1.39 Average wind gust (speed) in BGs
ShortDist (mi) 95 46.48 54.60 51.10 1.82 Shortest distance from BG to Hurricane Track
NDBI 95 20.29 0.01 20.15 0.06 Average NDBI before Michael in BGs
Residential Area % 95 0.00 83.35 45.90 21.65 Percentage area of residential parcel in BG
Area (mi2) 95 0.06 1.49 0.44 0.28 Area of BG
PopD. (mi22) 95 656.46 22,266.67 4,465.12 3,386.50 Population per sq. mile in BGs
Total Pop. 95 480 3,095 1,513.5 653.18 Total population in BG
Households 95 0.00 1,652.00 590.18 327.53 Number of households in BG
Young (182) (%) 95 0.00 38.47 14.46 9.55 Percentage of 18 years and younger population in

BGs
Elderly (65+ ) (%) 95 0.00 49.23 11.49 10.46 Percentage of 65 years and older population in

BGs
African-American (%) 95 0.00 98.70 35.06 26.01 Percentage of African-American population in

BGs
White-American (%) 95 1.30 98.10 52.35 24.93 Percentage of White-American population in

BGs
Hispanic-American (%) 95 0.00 36.08 6.92 6.13 Percentage of Hispanic-American population in

BGs
Asian-American (%) 95 0.00 28.40 3.19 4.70 Percentage of Asian-American population in BGs
College Degree (%) 95 0.00 60.27 24.11 16.70 Percentage of people graduated from a college in

BGs
Median Income ($) 95 0.00 129,667 42,905 27,470 Median income of households in BGs
Owner Occ. HH (%) 95 0.00 100.00 35.64 29.52 Percentage of owner-occupied households in

BGs
No-Vehicle HH (%) 95 0.00 21.44 4.10 4.32 Percentage of households with no vehicle in BGs
Below Poverty (%) 95 0.00 73.18 26.54 21.79 Percentage of people below poverty level in BGs

Note: BG = US Census Block Group; PopD. = Population Density; Total Pop. = Total Population; HH = Household.

‘Debris Volume Vegetation Before Storm Surge Land Use Population Vegetation Change Socioeconomics.
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to combine spectral and vector datasets in such a way
that vegetative debris collected after Hurricane Michael
in Tallahassee, Florida can be evaluated with four major
groups of datasets.

The first and most important group of data represents
the vegetation characteristics of each BG with five com-
monly known VIs. They were tested to better explain the
variance on the debris volume in terms of pre-storm con-
ditions (VIBEF) and reduction after the storm (VID). This
is one of the most important contributions of this study
as, to the best of our knowledge, this is the first study to
evaluate the association of multiple VIs with actual hur-
ricane debris data. The second group of data represents
the storm surge, wind speed, and shortest distance to the
hurricane’s path. Although Hurricane Michael did not
pass through the City of Tallahassee directly, these vari-
ables still represent the impact of the hurricane on the
city. The third dataset represents the land-use character-
istics. In addition to an MI, classified parcels were tested
to best explain the post-hurricane vegetative debris.
Total area of each BG was also included, as the depen-
dent variable represents the debris volume collected
within each of the BGs. Finally, the fourth dataset repre-
sents the socioeconomics of each BG, including age, race,
education, and income distribution of the households.
Inclusion of this dataset was inspired by the previous
hurricane damage assessment studies conducted in the
same study area. For example, it was found out that geo-
graphical units with a more elderly population and low-
income households were likely to be located in areas with
a high risk of roadway closures and power outages after
Hurricane Hermine and Michael (26, 27).

Observations from the descriptive analysis (Table 3)
indicate that the VID values were significantly small com-
pared with the previous study findings (21, 48). Average
reductions on MSAVI2D and NDVID were found to be
less than 0.005, while the other VIDs showed an increase
with the negative change values. On the other hand, aver-
age reductions of 0.2 and 0.35 were observed on NDVIs
after Hurricane Maria in Puerto Rico and Dominica (21)
and in the costal Alabama after Hurricane Katrina (48),
respectively. This can be attributed to the 45-day gap
between before and after images used in this study, as the
NDVIs returned to normal values after 1.5months in
Puerto Rico and Dominica (21). However, the reduction
in NDVI still remained in coastal Alabama even after a
year (48). This is highly related with the land cover and
urbanization level of the studied areas, as well as the
direct impact of the hurricane surge. As such, estuarine
emergent wetland vegetation with increased salinity in
coastal Alabama was found to be the most sensitive habi-
tat with the least improvement on NDVI values even
after a year. Additionally, for both Puerto Rico and
Dominica, the cloud forest was found the most sensitive

habitat, but it recovered quickly compared with the wet-
lands. Also, both studies examined the landfall regions
where the maximum hurricane surges were observed.
Therefore, it makes sense that we observe lower VIDs in
our study area. On the other hand, an average of VI
decrease at the BG level may not be able to indicate the
direct relationships especially in a region reasonably
away from the hurricane impact area. Therefore, there is
a need to investigate the exploratory results further to
accurately answer the RQ2.

Results from the two-way correlation analysis are illu-
strated in Figure 8, indicating the correlation across all
datasets. Note that the red shade indicates a strong posi-
tive correlation, closer to the correlation coefficient,
r=1, whereas the blue shade indicates a strong inverse
correlation closer to r=21. VIBEF variables presents
the largest correlation with debris variables, and this fol-
lowed by the land-use characteristics index (NDBI). This
finding, alone, answers the RQ1: land characteristics
(vegetation and built-in environment) are the most deter-
minant variables to estimate debris volume before the
landfall (14) and spectral indices can provide similar
information obtained from field-measured data. Also,
MSAVI2BEF NDVIBEF outperform any other indepen-
dent variables with a correlation value of r=0.73 to the
log of debris volume. Based on the r.0.5 threshold, all
VIBEF variables, but only MSAVI2D from VID variables
(r=0.54) as well as NDBI (r=20.67) and well-being
variables such as Median Income (r=0.53) and Owner
Occupied HH % (r=0.54) are found to be correlated
with the log of debris volume.

Figure 8. Two-way correlation analysis.
BG = US Census Block Group; PopD. = Population Density; Total
Pop. = Total Population; HH = Household.
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It is worth mentioning that vegetation cover does not
present an equal distribution among all the BGs accord-
ing to the correlation matrix, and there is a big environ-
mental injustice issue especially based on the income
levels. The lower left side of the matrix (Figure 8) high-
lights this issue where income variables intersect with
VIBEF variables. It can be observed that the dark red col-
ors associated with the high-income variables turn to
dark blue colors for the poverty variables.
Unfortunately, we also see a similar pattern when we
focus on racial differences. It can be observed that BGs
with higher White-American population have higher
rates of vegetation land cover. There could be several
reasons for these differences; however, the proposed
framework integrates the remote sensing-derived envi-
ronmental characteristics into the census data, and can
be used to further analyze socio-ecological dynamics or
urban sustainability (84).

The significance of correlation coefficients between
debris variables and all other independent variables and
the variable importance results of the exploratory regres-
sion tool are presented in Figure 9. Also, the developed
importance metric quantifies and visualizes the impact of
each independent variable on the hurricane-caused gen-
eration of vegetative debris. Results indicate that
MSAVI2D has a high potential to represent the post-
hurricane debris damage at the BG level while answering
the RQ2. In addition, it was observed that causality of
storm surge variables is increased when we consider the
direction (i.e., negative or positive) of the coefficient.
However, the most interesting results are observed on the
well-being variables. According to these results, larger
volume of debris was observed at the higher income

BGs. This is the opposite result based on the relationship
between income levels and hurricane damage observed
through the power outages after Hurricane Hermine
(27). This could be attributed to the Tallahassee residents
with higher income preferring to live in less urbanized
areas covered with numerous trees contributing to more
debris. This can also be observed from the correlation
matrix (Figure 8) between the well-being variables and
VIBEF variables. Despite the larger impact of debris, the
infrastructure in high-income areas could be better main-
tained or renewed so that the power outages can be
solved faster compared with low-income communities.
However, the findings support that the areas with more
elderly people are more likely to suffer from hurricane
vegetative debris. With that partially being the answer of
RQ3, there is a need to analyze a larger region with more
diverse socioeconomics and hurricane impact so as to
determine the impact of hurricane debris on different
socioeconomic groups more clearly.

Conclusions

There will be failed or disrupted segments on a transpor-
tation network after a hurricane as a function of rising
water, downed trees/branches, and debris accumulation
(3). Therefore, post-hurricane vegetative debris is one of
the key concerns for the transportation network recovery
in the aftermath of a hurricane. The best strategy for
timely debris removal is to identify factors of debris gen-
eration. Therefore, this study promotes a data fusion
framework by combining spectral and vector datasets in
such a way that vegetative debris collected after
Hurricane Michael in Tallahassee, Florida can be evalu-
ated with four major groups of datasets. The first group
represents the vegetation in each BG comparing five dif-
ferent spectral VIs derived from Sentinel-2 imagery for
the pre-storm conditions (VIBEF) and post-storm reduc-
tion (VID), and the second group is related to the storm
surge with predictable variables even before the hurri-
cane hits (i.e., wind speed or distance to the track). The
third group depicts the land-use characteristics with
another spectral index highlighting the density of built-
up area in BGs, and the fourth group of data represents
the socioeconomics of each BG, including age, race, edu-
cation, and income distribution of the households.
Inclusion of this dataset was inspired by the previous
hurricane damage assessment studies conducted in the
same study area. For example, it was found out that geo-
graphical units with a more elderly population and low-
income households were likely to be located in areas with
a high risk of roadway closures and power outages after
Hurricane Hermine and Michael (26–28).

Data integration and correlation analysis indicates
that MSAVI2 is slightly better than NDVI in represent-
ing the variation in hurricane-caused vegetative debris,

Figure 9. Variable importance display.
BG = US Census Block Group; PopD. = Population Density; Total
Pop. = Total Population; HH = Household.
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and both can be used instead of field data collection.
This is one of the most important contributions of this
paper, as previous debris assessment studies used tree
damage data collected from the field. In addition to the
vegetation, NDBI can also represent the land-use charac-
teristics with a higher correlation than the storm surge
variables.

Regarding the socioeconomic variables, larger volume
of debris was observed at the higher-income BGs. This is
the opposite result based on the relationship between
income levels and hurricane damage observed through
the power outages after Hurricane Hermine (27). This
could be attributed to the Tallahassee residents with
higher income preferring to live in less urbanized areas
covered with numerous trees, contributing to more deb-
ris. This can also be observed from the correlation
between well-being variables and VIBEF variables.
Despite the impact of debris being higher, the infrastruc-
ture in high-income areas may be better maintained or
renewed so that power outages can be solved more
quickly compared with low-income communities.
However, the findings support that the areas with more
elderly people are more likely to suffer from hurricane
vegetative debris.

Findings of this study can assist transportation and
emergency professionals in the identification of equip-

ment and machinery staging sites, location of temporary

debris collection centers, early in-advance and more

appropriate procurement of contractors, recruitment of

extra staff and labor resources, and better forecasting of

costs affiliated with clean-up and disposal of hurricane

debris.
Despite the innovative approach and promising

results, we faced some practical challenges in this study
that we will address in the next steps of our research.
First, the study area is relatively small compared with
the hurricane impact area, and this leads to a limited var-
iation on the wind speeds (i.e., 70–79mph wind speeds).
Analysis of the impacts of such a massive disaster on
diverse communities by focusing only on 95 census BGs
(because of debris collection data availability) may also
be affected by some spatial bias. Second, the best images
(cloud-free) were obtained with a 46-day gap in between
before and after images. Considering the fall season foli-
age change, this gap could have a significant impact on
the vegetation change analysis. Nevertheless, no positive
change (reduction) in vegetation was observed in any VI.
This could be attributed to two reasons: (a) recovery
operations (i.e., removing fallen trees and planting new
ones) by city professionals occurred quickly, and (b) the
aggregation of pixel data into the BGs may lead to a loss
of sensitivity when upscaled to a larger area. Regardless,
MSAVI2D was found to be relatively more significant
compared with other VID variables. Therefore, it has a

high potential to be used for estimating hurricane debris
damage when combined with other indices. As such, it is
highly recommended to develop a debris estimation
model using MSAVI2 and NDBI. They may be utilized
in the US Army Corps Engineers model (Equation 1) as
vegetation and developed land multipliers.

Finally, aggregating all data into the BGs can be
considered as the third caveat of this study, as the tar-
get geographical unit in model development is deter-
mined subjectively. This allowed us to analyze the
debris volume at a relatively finer scale while counting
on the socioeconomics; however, the debris collection
points provided by the city refers to the stack of debris
loaded to a truck, and this stack may consist of the
vegetative debris from larger areas. In addition, the
accuracy of the sentinel data when aggregated into dif-
ferent geographical units can be tested in a future study
to determine the best scale. Nevertheless, the strength
of this study lies in the integration of sentinel satellite
data and census data to analyze the post-hurricane
vegetative debris, and in determining the important
variables on post-hurricane debris formation.
Additionally, five different vegetation indices were
tested to be used in hurricane impact analysis, and
MSAVI2 performed better than the other VIs.

There are multiple directions for future work and
extensions of this study. First, with the availability of
debris collection data, the study can be extended to ana-
lyze a larger area with more diverse BGs in terms of the
hurricane impact, land characteristics, and socioeco-
nomics. Second, vegetation species can be analyzed to
identify the most resilient ones to encourage their use in
landscaping applications. Third, imagery data from mul-
tiple satellites can be combined to obtain cloud-free
images with a smaller time gap between the pre- and
post-hurricane images, as shown in Thompson et al. (14).
This could also help in the analysis of the impact of sea-
sonal vegetation changes on debris formation and remote
sensing-based debris assessment. Fourth, one can focus
on the seasonal changes between before and after images
in more detail. Fifth, robust predictive models can be
developed using the proposed framework, which is out of
scope for this assessment paper. Finally, the proposed
approach, integrated with sentinel and census data, can
serve as a useful tool in analyzing socio-ecological injus-
tice and urban sustainability.
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