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ARTICLE INFO ABSTRACT

Keywords: Transportation systems are vulnerable to catastrophic storms while their recovery is vital for
Hurricane debris returning a community to its pre-storm state. Therefore, performing an accurate damage evalu-
Catastrophic storms ation and identifying the patterns based on the strengths of these extreme weather events are
Resilient transportation systems essential for emergency professionals. A critical problem associated with this damage assessment

Remote sensing
NDVI
Google earth engine

is the logistics of quickly coordinating and implementing an extensive ground-based damage
survey. Another significant challenge in developing a predictive understanding of the long-term
effects of storms on coastal communities is the development of quantitative models that can relate
the storm intensity and the resulting severity of damage on the different zones of the impacted
areas. It is also unclear how urbanization and critical infrastructure affect the extent of the
damage caused by them. Thus, this paper introduces a remote sensing-based approach that can
rapidly analyze the damage caused by catastrophic storms with different strengths while
providing a weighted statistical comparative assessment. We also evaluate an existing debris
volume estimation method developed by the U.S. Army Corps of Engineers (USACE) and compare
the results to validate the proposed model. Results indicate that suburban and urban areas as well
as moderate and high roadway density areas have generated more debris than rural and low
roadway density areas. This relationship was also observed based on the normalized difference
vegetation index (NDVI) reductions. Findings of this study can help to perform more accurate and
faster damage assessments using satellite imagery and remote sensing techniques.

1. Introduction

Catastrophic storms such as hurricanes are among the most lethal and costly natural disasters affecting mankind. In recent years,
social and economic damages caused by hurricanes have increased dramatically, which has raised greater concern among the public.
While the loss of life can be greatly reduced by a highly successful program of warnings for evacuations and emergency response,
property losses and failures on critical infrastructure links are increasing rapidly due to accelerated construction in hurricane-prone
areas. This draws attention to the importance of infrastructure performance subjected to hurricanes and assessing the hurricane

* Corresponding author.
E-mail addresses: akaraer@fsu.edu (A. Karaer), adam 2021 @qq.com (M. Chen), Michele.Gazzea@hvl.no (M. Gazzea), mgl7x@my.fsu.edu (M. Ghorbanzadeh),
abichou@eng.famu.fsu.edu (T. Abichou), rajo@hvl.no (R. Arghandeh), eozguven@fsu.edu (E.E. Ozguven).

https://doi.org/10.1016/j.ijdrr.2022.102857

Received 9 October 2021; Received in revised form 14 February 2022; Accepted 15 February 2022
Available online 25 February 2022

2212-4209/© 2022 Elsevier Ltd. All rights reserved.


mailto:akaraer@fsu.edu
mailto:adam_2021@qq.com
mailto:Michele.Gazzea@hvl.no
mailto:mg17x@my.fsu.edu
mailto:abichou@eng.famu.fsu.edu
mailto:rajo@hvl.no
mailto:eozguven@fsu.edu
www.sciencedirect.com/science/journal/22124209
https://www.elsevier.com/locate/ijdrr
https://doi.org/10.1016/j.ijdrr.2022.102857
https://doi.org/10.1016/j.ijdrr.2022.102857
http://crossmark.crossref.org/dialog/?doi=10.1016/j.ijdrr.2022.102857&domain=pdf
https://doi.org/10.1016/j.ijdrr.2022.102857

A. Karaer et al.

International Journal of Disaster Risk Reduction 72 (2022) 102857

oS N
C,Q
Alabama Oc it
OMontgomery
Savannah
o
_Valdosta
bile ,
P | Tallahassee N .
Pensacola o Jacksonville
Florida )
Gainesville
o)

__Palm Coast

N OOrlando

\ Lakeland
OTampa o

Port St Lucie
(o]

: )West Palm

a1}
0Coral Springs
Miami
a
Everglades
National Park
jas
ark
Straits of
Florida
10 Miles @raph, FAC, METI/NASA, USGS, EPA,
l ] NPS, Esri, CGIAR, USGS
/ Havana
\\\ £
0 50 100 Miles Esri, CGIAR, USGS, FDEP, Esri, HERE, Garmin, FAO, NOAA, USGS, EPAGMRASs Cld
| | o
Cienfuegos

Fig. 1. Study area and selected hurricane/storm tracks.
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damages properly. This kind of resilience assessment requires a deeper understanding of the impact of severe storms and hurricanes on
communities and infrastructure.

The aftermath of a hurricane often includes a large amount of debris due to infrastructure or landscape damage. Multiple studies
have spatially and statistically investigated the impact and damage of hurricanes. For instance, to better understand hurricane damage
on residential buildings, Friedland [1] proposed a forecast model to describe and assess residential building damage from a hurricane
storm surge. Unlike traditional methods, he categorized hurricane damages on a loss-consistent basis, regardless of the primary in-
tensity mechanism. In a similar study conducted by Massarra [2], a comprehensive building damage assessment was performed
including the combination of hurricane winds and flood loads. A protocol to standardize data collection and damage assessment was
also suggested so that the performance of multiple buildings can be addressed given various levels of a hazard. Contrary to the detailed
assessment, rapid damage assessment was also used to capture a general impression of damaged structures.

Roadway networks have been known to be one of the highly vulnerable infrastructure systems to hurricanes [3-7]. Therefore, it is
crucial to better evaluate the roadway infrastructure against hurricanes. Houser [8] focused on the roadways along Santa Rosa Island
in Northwest Florida. Their findings indicated that sections of the roadway that experienced major damage or were completely
destroyed tended to be in narrow sections of the island where the elevation was relatively high. Ghorbanzadeh et al. [9] have studied
the power outages and roadway closures in the City of Tallahassee based on actual data on the impact of Hurricane Hermine (2016)
and Michael (2018) throughout the city. Conducting statistical and spatial analyses, this study showed those locations that were under
high risk of electricity outages and roadway disruptions.

Remote sensing technologies have been increasingly used for damage assessment purposes [3,7,10,11,40,41]. There are different
types of remote sensing data that are useful for post-disaster damage assessment including the following: aerial photo, drone imagery,
satellite imagery, and light detection and ranging (LIDAR) data. Jiang and Friedland [12] proposed a methodology for automatic urban
debris zone extraction from high-resolution aerial imagery. To separate urban debris from non-debris areas, three classification ap-
proaches were used in this paper: spectral, textural, and combined spectral textural methods. The results indicated that multivariate
texture information significantly improves debris classification performance by decreasing the confusion between debris and other
land cover types. Wang et al. [13] developed a rapid assessment algorithm for post-hurricane forest damage estimation using moderate
spatial resolution satellite imagery, which investigated and evaluated the performance of five commonly used vegetation indices. The
paper suggested the use of an index, namely the Normalized Difference Infrared Index (NDII), which was identified as the optimal
damage indicator among these. Similarly, in a recently published study [3], the authors proposed a data fusion framework combining
multispectral satellite imagery and various vector data by comparing the performance of five different vegetation indices to find the
most suitable one for post-hurricane debris assessment purposes. Results indicated that Modified Soil Adjusted Vegetation Index
(MSAVI2) is slightly better than Normalized Difference Vegetation Index (NDVI) representing the variation in hurricane-caused
vegetative debris and both are recommended in lieu of the field data collection.

There are few methods in existence for accurately estimating urban debris in costly natural disasters. The U.S. Army Corps of
Engineers (USACE) Emergency Management staff has developed a modeling methodology designed to forecast potential amounts of
hurricane generated debris [14]. The model is based on several factors such as hurricane intensity, population, vegetation, and
commercial density. The estimated quantities produced by the model have a predicted error of around 30% [15].

A critical problem associated with damage assessment of hurricanes is the logistics of quickly coordinating and implementing an
extensive ground-based damage survey. Another significant challenge on developing a predictive understanding of the long-term
effects of hurricanes on coastal communities is the development of quantitative models to explain the relationships between the
storm intensity and the resulting severity of damage on the different zones of the impacted areas. Moreover, it is unclear that how
urbanization and critical infrastructure may affect the extent of the damage caused by hurricanes. As such, the objectives of this paper
are to:

e introduce a remote sensing-based approach that can rapidly analyze the damage caused by tropical storms and hurricanes with
different strength levels

e provide a statistical comparative method that includes diverse demographic factors to estimate the differences between damages
caused by these extreme weather events.

e evaluate an existing debris estimation method developed by the USACE (14) and compare their results to validate the proposed
model.

2. Study area and selected disasters

2.1. Study site

Among the hurricane-prone areas in the U.S., Bay County of Florida has suffered substantial damages from storms and hurricanes,
which led to a catastrophic death toll and property losses. According to the National Oceanic and Atmospheric Administration (NOAA),
the Bay County area has experienced a total of 26 hurricanes and tropical storms since 1842 [16]. The county’s largest city is Panama
City, best known for its white sand beaches and emerald, green water. According to the U.S. Census Bureau, the county has a total area
of 1033 square miles, of which 758 square miles is land and 275 square miles is water. As of 2019, the population was estimated to be
174,705 [17]. Fig. 1 highlights the location of Bay County in the State of Florida along with the selected hurricane tracks.

2.2. Overview of selected storms and hurricanes

In this paper, two tropical storms and three hurricanes that impacted Bay County are chosen based on their intensity, direction, and
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data accessibility. Their names as well as their years and intensities are listed as follows:

1. Tropical Storm Beryl (1994) was one of the reasons that made the 1994 hurricane season so peculiar. It started as a tropical
depression and intensified into a tropical storm with maximum sustained winds of 60 mph (95 km/h) before making landfall near
Panama City, Florida. Total damage from Beryl was estimated as $73,000,000 [18]. Although Beryl caused no direct fatalities, there
were a large number of people injured and harmed by.

2. Tropical Storm Fay (2008) was a strong and unusual tropical storm that moved erratically across the State of Florida and the
Caribbean Sea. Unlike other hurricanes, Fay gained strength over Florida’s inland waters after the process of weakening due to the
landfall. Thirteen deaths were blamed directly to Fay [19]. Damage was primarily caused by rainfall-induced floods that affected
residential structures. The total damage of Fay in the U.S. was estimated at about $560 million (19).

3. Hurricane Earl (1998) was a short-lived Category 2 hurricane that caused moderate damage throughout the Southeast U.S. It was
formed on August 31, 1998 and dissipated on September 8, 1998. Hurricane Earl killed three people and caused $79 million in
damage in 1998. Coastal communities were inundated due to severe storm surge and heavy rain induced by the hurricane. The most
extensive damage occurred in Bay County where 1112 structures were damaged by flooding and three were destroyed [20].

4. Hurricane Kate (1985) was the final in a series of tropical cyclones to impact the U.S. in 1985. It was formed on November 15, 1985
and disappeared on November 23, 1985. Kate caused destructive storm surge and flooding that crashed coastal infrastructure,
which caused many people to lose their jobs in the weeks after the storm. High-speed wind contributed to downed trees and
building damage, and downed power poles, leading to extensive power outages. Overall, Kate resulted in 15 fatalities and $700
million in damage [21].

5. Hurricane Michael (2018) is the most intense and recent hurricane in this study. With maximum sustained wind speeds of 161 mph
(259 km/h), Hurricane Michael made its landfall near Mexico Beach in the Florida Panhandle region on October 10, 2018. This
indicates that it was a Category 5 hurricane based on the Saffir-Simpson Hurricane Wind Scale. Therefore, it became one of the four
Category 5 hurricanes on record to have hit the U.S. mainland. It pushed a massive and destructive storm surge to the coast, which
resulted in catastrophic damages [22].

Each of these events had its own intensity, which was significantly affected by the maximum wind speed associated with the event.
Table 1 presents maximum wind speeds relative to each hurricane and storm. Fig. 1 illustrates the track (path) of each storm and
hurricane while passing over the Bay County. The tracking data were obtained from ESRI’s Living Atlas [23] and visualized in ArcGIS
Pro v2.9. All hurricanes were moving from Southwest (SW) to Northeast (NE) except Tropical Storm Fay, which was traveling from
Southeast (SE) to Northwest (NW).

2.3. The Saffir-Simpson Hurricane Wind Scale

Wind speeds have often been used to determine the intensity of hurricanes. However, hurricane damage not only comes from the
winds, but can also come from rain, tornadoes, floods, and very low air pressure. In the 1970s, a system was developed to characterize
the destructive potential of hurricanes and named as the Saffir-Simpson scale after its inventor. In addition to maximum sustained wind
speed, the Saffir-Simpson scale considers different levels of central pressure and storm-surge height [24]. The scale is listed in Table 1.
Saffir-Simpson Hurricane wind scale includes a 1 to 5 rating based on a hurricane’s sustained wind speed. Storms that have maximum
sustained surface winds less than 73 mph have been considered as tropical storms. This scale only estimates the potential hurricane
damage. Hurricanes reaching Category 3 and higher are considered major hurricanes because of their potential for significant loss of
life and damage. However, Category 1 and 2 hurricanes and tropical storms are still dangerous and require preventative measures.

3. Methodology

The methodology adopted in this paper consists of three modules (1): A damage assessment of the aforementioned disasters using
the NDVI derived from satellite imagery (2), implementation of the USACE hurricane-caused debris volume estimating model, and (3)
a comparative analysis performed between these two methods. Fig. 2 illustrates the process of hurricane damage assessment and
comparison. The steps of the methodology are discussed in more detail in the following sections.

Table 1
Saffir-Simpson hurricane scale and associated strengths of selected storms and hurricanes.
Saffir-Simpson Scale (Category) Central Pressure (inch) Wind Speeds (mph) Storm Surge (feet) Observed
Damage
1 >28.94 74-95 4-5 Minimal
2 28.50-28.91 96-110 6-8 Moderate
3 27.91-28.47 111-130 9-12 Extensive
4 27.17-27.88 131-155 13-18 Extreme
5 <27.17 >155 >18 Catastrophic
Selected Storms and Hurricanes
Beryl Fay Earl Kate Michael
Year 1994 2008 1998 1985 2018
Max Wind Speed (mph) 60 68 100 120 160
Category Tropical Storm Tropical Storm Category 2 Category 3 Category 5
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3.1. Damage evaluation using NDVI reduction

Although the hurricanes and storms studied in this paper span more than 30 years of a time frame, we have used the Google Earth
Engine (GEE) to acquire a single band NDVI for the before and after of each hurricane and storm from the following sensors:

e Landsat 5 (1984-2013) for Hurricane Kate (1985), Tropical Storm Beryl (1994), and Hurricane Earl (1998)
e Landsat 7 (1999-2021) for Tropical Storm Fay (2008)
e Landsat 8 (2013 -) for Hurricane Michael (2018).

Please note that, even though the overall product quality has significantly improved on each new Landsat mission, the moderate
spatial resolution (30 m/pixel, ~98.43 feet/pixel) to calculate the NDVI has been maintained since Landsat 4 (1982-1993) [25]. In
addition, GEE is a globally recognized platform to acquire, visualize, and process several types of satellite imagery. The platform not
only allows user to write codes for customizing the remotely sensed data but it also provides ready to use scripts especially for
automated NDVI extraction [26], which was partially employed in this study. To obtain images with a minimum cloud influence on the
Bay County area we also used cloud and cloud-shadow masking algorithm Fmask, developed by Zhu et al. [27], which helped to
remove images where the cloud cover was greater than 10%. Then, composite images were constructed from an image collection
recorded in the 90-day period before and after each hurricane and storm made their landfalls. Finally, the single band NDVI images
were calculated from each composite image collection. Because the NDVI data are more accessible and easier to preprocess for the long
study period via GEE, it was used in the study as the primary spectral index despite MSAVI2 was found to be slightly more accurate
than NDVI to represent the variations on hurricane-caused vegetative debris in our previous study (3).

NDVI is proven to be one of the great approaches to analyze the hurricane damage [3,7,10,28]. Particularly, when vegetation was
ripped out by the hurricane, trees would fall, plants would die and the chlorophyll would greatly decrease, leading to decrease in NDVI
values. Therefore, NDVI values were calculated for each composite image using Equation (1):

NDVI— NIR — RED )
NIR + RED

The change of NDVI was obtained by subtracting the NDVI values of before and after storm composite images at the pixel level. The
resulting image was converted and exported as a GeoTIFF image for the future analysis and visualization in ArcGIS Pro v2.9 along with
the vector data acquired from U.S. Census Bureau for the county borders and population [29] as well as for the street centerlines [30].

Population data were presented by census block groups in polygon type covering the entire county. Roadway data were imported as
line features and bounded with block groups. The length of roadways in each population block group was first summed up using the
summarize within tool in the utilized GIS software. Then, the population and the total roadway length of each block group were
converted to point data at the centroid of each block group. Lastly, the density distribution of the magnitude of population and
roadway length were determined using a kernel density estimation (KDE) approach based on the point data at the centroids. Please
note that, KDE tool has allowed us to convert the vector data (i.e., population and roadway densities) to raster data with higher pixel
values on high population and roadway density areas.

To integrate these preprocessed data, namely the change of NDVI, population density, and roadway density, the Rasterio package,
offered in Python programing language by MapBox [31], was used. This package particularly reads and writes those raster datasets
while allowing the users to customize and analyze. In order to normalize the input data, a new field was created to scale the magnitude
in each dataset from 1 to 10, as a similar approach was adapted in a previous study [42]. For population, this normalized value was
divided into three equal intervals as [1,4), [4,7), and [7,10] to label the data as “rural”, “suburban”, and “urban”, respectively as a
similar method was used in a previous study [43]. Similarly, for roadway density, the equal intervals of the normalized value were
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labeled as “low roadway density”, “moderate roadway density”, and “high roadway density”. Finally, for the NDVI Reduction data the
normalized values were labeled as “minor damage”, “moderate damage” and “severe damage”. These were simply a measure of ur-
banization and hurricane-caused damage at a given block group which helped conceptualize the comparison of the damage caused by
different hurricanes and storms in different urbanization settings.

The total NDVI reduction for each storm and hurricane was calculated by summing up each pixel in the block group. Every pixel of
NDVI reduction was then analyzed within the aforementioned categories of population and roadway density, separately. Therefore,
NDVI reduction under each scenario and average NDVI reduction per pixel were determined.

3.2. USACE debris estimation model

In terms of hurricane damage assessment, the debris data is more difficult to collect than the infrastructure 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 issue is
mainly because it is difficult to quantify the debris damage. The USACE developed the first debris estimation model using data
collected from Hurricanes Frederic (1979), Hugo (1989), and Andrew (1992) (32). This model is described in Equation (2):

Q=H(C)(V)(B)(S) 2

Q : Debris Volume (cubic yard (cy = ~0.76 m®))

V : Vegegation characteristics multiplier = {1.1, 1.3, 1.5} for vegetation cover {Light, Medium, Heavy}

B : Commercial land use multiplier = {1.0, 1.2, 1.3} for commercial category {Light, Medium, Heavy}

S : Precipitation multiplier = {1.0, 1.3} for precipitation characteristics {None/Light, Medium/Heavy}

Although this was an empirical model, it had the ability to estimate the debris volume with a maximum of +30% error [32,33]. The
first deterministic storm-related debris volume estimation model was developed using the Federal Emergency Management Agency
(FEMA) Project Worksheets, based on the support provided for the damage after any of the seven hurricanes during the 2004 and 2005
hurricane season in the State of Florida [34]. 680 Project Worksheets were collected with the expense and debris volume details. The
final model calculated the debris volume as 0.77 cubic yard (cy = ~0.765 m® = ~27 ft®) 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 [35]. Following this concept and using
the same dataset, an average of 488 cy vegetative debris with a cost of $21.5 was calculated [36]. Another study focused on the urban
forest debris after Hurricane Ike (2008) using permanent plots in Houston, TX (33). The findings revealed that vegetation related
variables explained greater variation in tree debris volume than the storm-related meteorological variables such as wind speed.
Furthermore, Duryea et al. [37,38] collected tree damage data from the field shortly after the Hurricane Ivan (2005) to evaluate the
resilience of single trees by their species, which is very dangerous given the hurricane aftermath conditions. These pioneering studies
provided a great knowledge on hurricane vegetative debris generation; however, the major concern was using field data measurements
such as tree counts, diameters, and heights for the vegetation cover inputs. These data sets might not be available in certain areas.
Collection of such a tree database could be very expensive and intrusive as periodic updates are necessary to evaluate hurricane
impacts. A satellite image taken before and after the hurricane can provide sufficient information about vegetation cover that could be
used in the damage assessment. Therefore, there is a great potential for using remote sensing data to improve the performance of
traditional hurricane damage assessment methods.

To compare the remote sensing-based damage assessment with the USACE’s debris volume estimation, the storm category
multiplier was determined based on the intensity of each of the selected storms and hurricanes that hit Bay County. Note that Tropical
Storms Beryl and Fay are treated as Category 1 hurricanes since their wind speeds were very close to that of a Category 1 hurricane
(Table 1), therefore a value of 2 cy was used as the “C” multiplier for both storms. The assumption of 3 persons per household (H) was
used for this model. Therefore, the developed population per pixel values obtained in the population image, which was generated using
a KDE approach, was used to determine a value for H as one-third of the population. The determination of vegetation multiplier (V)
relayed on initial NDVI value per pixel, which was simply the value before the storm or hurricane hit. The initial NDVI value was also
divided into three equal intervals from O to 1 and the associated vegetation multiplier is determined. Commercial factor (B) is the
multiplier that considers areas that are not solely single-family residential, but it also includes small retail stores, schools, apartments,
shopping centers, and light industrial/manufacturing facilities. Considering the development and economy of the Bay County area, the
value of 1.1 was selected for this factor. Precipitation multiplier (S) also depends on the hurricane intensity. Hurricanes that were
category 3 or greater were considered to have a heavy precipitation with a multiplier of 1.3, while other low-intensity hurricanes
belonged to the group with a light precipitation having a multiplier of 1.0. Once all factors were determined, the total volume of debris
and average debris per pixel were calculated. In addition, demographic factors of population density and roadway density were used
for weighted debris damage evaluation. In this way, debris volume under each scenario could be estimated.

Table 2
Descriptive statistics of NDVI reduction in Bay County, FL.
Beryl Fay Earl Kate Michael

Category Tropical Storm Tropical Storm 1 3 5
Number of pixels 2,574,805 2,574,765 2,547,831 2,467,861 2,574,656
Mean 0.015 0.011 0.013 0.094 0.113
Standard Deviation 0.042 0.039 0.035 0.065 0.100
Min 0 0 0 0 0
Max 0.586 0.699 0.639 0.701 1.157
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4. Results and discussion

4.1. Damage assessment with NDVI reduction

First, descriptive statistics of NDVI reductions in Bay County due to each storm and hurricane are demonstrated in Table 2. Note
that the number of pixels was different for each event since the cloud part in each image was removed. The maximum NDVI reduction
value was for Hurricane Michael among all the storms, which was 1.157. Hurricanes Kate and Michael had similar mean reduction
values around 0.1 while other means for other hurricanes were around 0.013. Hurricane Michael also had the largest standard de-
viation of 0.1 whereas Hurricane Earl had the smallest standard deviation of 0.035.

NDVI reduction method can highlight the impact only after a certain threshold on the strengths of the storms and hurricanes. For
example, Category 3 and Category 5 hurricanes indicate much larger expected NDVI reductions compared to the tropical storms and
the Category 1 hurricane. Also, the NDVI reduction exponentially increases after this threshold as the mean reduction increases by 20%
from the Category 3 hurricane to the Category 5 hurricane. Based on this observation, total NDVI reductions were analyzed with the
given wind speed in mph as a continuous variable instead of a categorical scale while considering the population and roadway density.

The total NDVI reduction of all hurricanes are illustrated in Fig. 3a and Fig. 3b with a focus on the population and roadway density.
Note that these storms and hurricanes have their own intensities as assigned by the maximum wind speeds (Table 1). Overall, the
reduction of NDVI was low and stable when the intensity of the event was low based on the wind speeds below 100 mph. That is, there
is no significant change observed. It is also clear that the total NDVI reduction increased drastically when the intensity reached a peak
value based on the maximum wind speed of 120 mph, where the total NDVI reduction increased by a factor of 7.01. The sharp increase
in NDVI reduction flattened to a factor less than 1.5 when the hurricane the maximum wind speed increased from 120 mph to 160
knots.

The pattern in rural areas is similar to the overall assessment whereas suburban and urban areas tend to experience more NDVI
reduction. When the hurricane intensity increased with a speed reaching 120 mph, the total NDVI reduction increased by a factor of
9.86 for suburban areas and by a factor of 9.36 for urban areas, respectively. Total NDVI reduction based on the roadway density was
almost identical, except the total NDVI reduction, a factor of 9.51 for moderate roadway density areas and 9.33 for high roadway
density areas once the intensity of the hurricane exceeded 120 mph.

The results of damage assessment for all storms and hurricanes are illustrated in Fig. 4 and Fig. 5 in terms of population and
roadway density, respectively. As aforementioned, the extent of damage was classified as “Minor”, “Moderate”, and “Severe” based on
the NDVI reduction caused by storms and hurricanes. Each assessment was weighted with demographic factors of population and
roadway density. Overall, Figs. 4 and 5 indicate that Tropical Storm Beryl caused minor damage at approximately 70% of the total
area. Tropical Storm Fay and Hurricane Earl also caused minor damage at more than 60% of the total area. Only 20% and 25% of the
county experienced minor damage during Hurricane Kate and Michael, respectively.

Figs. 4 and 5 suggest that Hurricane Kate caused the most moderate damage in the county compared to all other hurricanes and
storms, and with Hurricane Michael, 45% of the area had moderate damage. On the other hand, Tropical Storm Beryl, Tropical Storm
Fay, and Hurricane Earl led to a moderate damage for less than 40% of the area. More importantly, Figs. 4 and 5 reveal that Hurricane
Michael was responsible for the most damage where 23% of the area suffered severely. Other hurricanes only caused severe damage for
less than 8% of the study area.

Using the population density classification, Fig. 4 suggests that Tropical Storm Beryl, Tropical Storm Fay, and Hurricane Earl
produced mainly minor damage in suburban and urban areas. Hurricanes Kate and Michael, on the contrary, caused the most severe
damage in suburban and urban areas. Note that the largest portion of severe damage was caused by Hurricane Michael in 35% of the
urban areas. This is a critical finding that indicates the difference in how severe hurricanes hit urban areas compared to rural areas. In
urban areas, 30-35% of the total area severely impacted after strong hurricanes whereas this rate is 20% in the rural areas experienced
severe impacts. Despite the rural areas better represents the overall results, there are more people to be affected in urban and sub urban
areas.

Fig. 5 shows that damage assessment based on the roadway density happens to have a similar pattern compared to the case of
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Fig. 5. Damage assessment based on roadway density.

population density. Much more severe damage was generated at moderate and high roadway density areas once the intensity of the
hurricane reached higher levels with speeds of 120 mph. Low roadway density areas seemed to experience more moderate damage for
all studied storms and hurricanes. Moderate roadway density areas, on the other hand, endured more minor damage for hurricane
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intensities associated with winds speeds less than 100 mph. The highest severe damage was caused by Hurricane Michael in high
roadway density areas. This can be attributed to the fact that high roadway density areas are the main priority for debris removal
operations and the remaining downed trees in the rural areas may result in high NDVI values in the aftermath of the hurricanes.

Suburban and urban areas, as well as moderate and high roadway density areas, are verified to suffer more severe damage when
they experience high-intensity hurricanes. Among these, urban and high roadway density areas suffered more severe damage
compared to suburban and moderate roadway density areas. Rural and low roadway density areas, on the contrary, faced more
moderate damage than others in all types of hurricanes and storms. These findings are also proven by the average NDVI reduction per
pixel (Fig. 6).

The average NDVI reduction per pixel are presented in Fig. 6a and b. Both indicate that Tropical Storm Beryl, Tropical Storm Fay,
and Hurricane Earl caused NDVI reduction values less than 0.02 per pixel. The average NDVI reduction values of Hurricane Kate and
Hurricane Michael were found as 0.09 and 0.11, respectively. The largest NDVI reduction per pixel was around 0.16, which occurred in
urban areas and high roadway density areas.

4.2. USACE debris estimation

USACE hurricane debris estimating model was applied using the same data. The storm category multiplier (C) was based on the
hurricane category. As aforementioned, the same multiplier was used for Tropical Strom Beryl and Fay as Hurricane Earl which is a
Category 1 Hurricane. Vegetation multiplier (V) was determined by the initial NDVI before each hurricane occurred. Three equal
intervals of initial NDVI were calculated from O to 1, and each interval is the range to determine the multiplier of vegetation factor.
Commercial characteristics multiplier (B) was chosen as light with a 1.0 multiplier considering all shopping centers, industrial and
manufacturing facilities within the Bay County area.

The outcomes of USACE debris estimation are plotted in Fig. 7a and Fig. 7b. Note that both figures are log-linear plots, where the
debris volume is log-scale and maximum intensity is a linear scale. The results indicate that Tropical Storm Beryl, Tropical Storm Fay,
and Hurricane Earl generated debris around log (1.1 x 10°) cy while Hurricane Kate generated debris around log (1.6 x 10'°) cy and
Hurricane Michael generates debris around log (6 x 10'°) cy. It is clear that debris caused by hurricanes and storms happened to be
minimal as long as the intensity of the hurricane is low with wind speeds less than 100 mph.

Unlike the NDVI reduction, the debris increased by a factor of 14.5 when the wind speeds reached 120 mph. After this point, the
debris increased by a factor of 3.7 with speeds of 160 mph. In the USACE method, it is apparent that the factors of population density
and roadway density affected the debris estimation only to a small degree (less than 5% difference). This is a critical analytical finding
that indicates the differences between the USACE method and the proposed NDVI reduction method regarding demographic factors.

Fig. 8a and Fig. 8b show the average estimated debris volume in each pixel. Tropical Storm Beryl, Tropical Storm Fay, and Hur-
ricane Earl created debris less than 1000 cy per pixel whereas Hurricane Kate and Hurricane Michael caused debris around 5000 cy and
20,000 cy per pixel. Both figures indicate that suburban and moderate roadway density areas generated more debris than rural and low
roadway density areas. Meanwhile, urban and high roadway density areas produced more debris than suburban and moderate
roadway density areas. This pattern is identical to the findings of the NDVI reduction analysis despite the fact that USACE debris
volume increases exponentially for the urban and suburban areas for very high intensity storms. This could be attributed from the fact
that the debris volume estimation method is heavily weighted on the number of households and storm intensity variable “C”.
Particularly, high-intensity hurricanes would enlarge this difference of average estimated debris at each pixel.

4.3. Damage evaluation comparison using USACE and NDVI reduction approaches

Using the observations of hurricane damage evaluations based on NDVI Reductions and USACE’s debris volume estimation, a new
model was developed to estimate the volume of debris depending solely on the NDVI reduction. Fig. 9 presents the goodness-of-fit of
the calculated debris from the USACE method and total NDVI reduction obtained from the proposed methodology. It can be observed
that a practically exponential relationship is present based on the utilized log-linear plot. As observed in the graph, the function fits
well as validated by the R-square value of 0.97. The function is presented in Equation [3] below.
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Fig. 6. Average NDVI reduction per pixel weighted on (a) population and (b) roadway.
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Pixel scale Debris-based Damage Assessment per Storm Pixel scale Debris-based Damage Assessment per Storm
50.les a) Population Density Categorization 1e5 b) Roadway Density Categorization

2.0

— ~®- Overall s~ ~®- Overall
%5 1.8 —e= Rural Areas %5 1.8 == Low Roadway Density
> Suburban Areas > Moderate Roadway Density
] 1.6 _g= uUrban Areas i 167 o High Roadway Density
x x
214 2 14
T 12 T 1.2
Qo o
E 1.0 E 1.0
w08 0 0.8
3 3
D 0.6 © 0.6
a a
v 0.4 o 0.4
o o
£o2 - So2 -
= =3 5 =
Z 00 ; Z o0 ¢ :
Tropical Str.| Cat.1 |Cat.2| Cat.3 |Category 4| Category 5 Tropical Str.| Cat.1 |Cat.2| Cat.3 |Category4 | Category 5
60 80 100 120 140 160 180 60 80 100 120 140 160 180
Storm Intensity - Max Wind Speed (mph) Storm Intensity - Max Wind Speed (mph)
Fig. 8. Average debris per pixel based on (a) population and (b) roadway density.
¥ =700000000x"°%0"™ 3)

where x represents total NDVI reduction and Y represents debris in log (cy), which was estimated as the natural log of the USACE’s
debris volume estimation formula.

Note that the USACE Emergency Management staff has developed a debris estimation model based on actual data from Hurricanes
Frederic, Hugo, and Andrew. Also, the major factors used by the model are the number of households, hurricane intensity, vegetative
cover, commercial density, and precipitation. This model is acknowledged to have an error of nearly 30%. In addition, the USACE
debris model’s multiplier of vegetation input is extracted from the pre-storm NDVI values in this study, while the pre-storm NDVI is
also used to determine the reduction of NDVI.

In our comparative assessment, the total NDVI reduction is found to have a strong and positive exponential relationship with debris
estimated using the USACE method. The exponential relationship between the two methods indicates that the USACE debris model
could be overestimating the debris caused for a hurricane that is Category 3 or greater especially in the urban and suburban areas.
Particularly, a higher intensity hurricane would enlarge this error. For lower strength hurricanes, on the other hand, both the USACE
model and the proposed approach provided similar results.

5. Conclusion and future work

There will be failed or disrupted segments on a transportation network after a hurricane as a function of rising water, downed trees/
branches, and debris accumulation [39]. Hence, understanding hurricane damage in the context of debris and vegetation decrease is
one of the key concerns for the transportation network recovery in the aftermath of a hurricane. Remote sensing-derived spectral
indices are versatile and convenient tools to incorporate hurricane damage within this context. Therefore, in this paper, the impacts of
different hurricanes and storms on coastal communities have been evaluated and compared using the data on NDVI reduction, and
population and roadway densities. For this research, three hurricanes and two tropical storms with different strengths that hit Bay
County, Florida were selected. NDVI values were derived from the NASA’s Landsat satellites. Specifically, the amount of NDVI
reduction from before and after landfall of each hurricane was quantified for the Bay County area. The variability of NDVI reduction of
each hurricane was examined and compared with others. Additionally, the hidden variety on the damage was highlighted with
categorized analyses focusing on the different population and roadway densities.
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Fig. 9. Fitting NDVI Reduction-based debris estimation on the USACE’s method.

The existing debris estimation model developed by USACE was also evaluated using the same dataset. Results from the model
present similar patterns to the findings of the developed methodology based on the NDVI reduction. It was found that suburban areas,
urban areas, moderate and high roadway density areas generated more debris and NDVI changes than rural and low roadway density
areas. Particularly, high-intensity hurricanes would enlarge this difference. Such an implementation of remote sensing techniques that
can measure the vegetative response to hurricanes can enable mapping the spatial patterns of hurricane impact on coastal commu-
nities. Understanding the changes of NDVI following a major hurricane may also lead to improved emergency management strategies.

Findings of this study can assist transportation and emergency professionals to conduct a damage assessment of hurricanes while
benefiting the logistics of quickly coordinating and implementing an extensive remote sensing-based damage survey. Additionally, the
results can help predictive understanding of the long-term effects of hurricanes on coastal communities and eventually develop
quantitative models to explain the relationships between the storm intensity and the resulting severity of damage on the different zones
of the impacted areas. Moreover, this study puts a spotlight on how urbanization and critical infrastructure may affect the extent of the
damage caused by hurricanes, which may help communities and emergency professionals determine prioritizing areas during the pre-
storm preparedness.

This study inevitably has its own limitations, and there are possible future work directions. Although NDVI has been widely used in
ecological research and it has been found to be a robust and reliable indicator, NDVI carries only a fraction of the information available
in the original spectral reflectance data and can be affected by factors such as atmosphere, clouds, soil, and sun angle. Also, NDVI tends
to estimate a large number of vegetation properties, which is not perfect for an urban environment. A future study can modify NDVI or
develop new indices to estimate the hurricane damage. Moreover, this study is lacking Category 2 and 4 hurricanes for intensity
assessment due to the unavailability of data for the study area. Future research can be conducted using all types of the intensity of
hurricanes and multiple study areas. The demographic factors other than population and roadway networks can also be utilized,
including age, household, income, commercialization, and power networks.
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