
Citation: Mitsova, D.; Li, Y.; Einsteder,

R.; Roberts Briggs, T.; Sapat, A.;

Esnard, A.-M. Using Nighttime Light

Data to Explore the Extent of Power

Outages in the Florida Panhandle

after 2018 Hurricane Michael. Remote

Sens. 2024, 16, 2588. https://doi.org/

10.3390/rs16142588

Academic Editor: Elias Symeonakis

Received: 1 May 2024

Revised: 9 July 2024

Accepted: 9 July 2024

Published: 15 July 2024

Copyright: © 2024 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

remote sensing  

Article

Using Nighttime Light Data to Explore the Extent of Power
Outages in the Florida Panhandle after 2018 Hurricane Michael
Diana Mitsova 1,* , Yanmei Li 1, Ross Einsteder 2, Tiffany Roberts Briggs 3, Alka Sapat 4 and Ann-Margaret Esnard 5

1 Department of Urban and Regional Planning, Florida Atlantic University, Boca Raton, FL 33431, USA;
yli22@fau.edu

2 Consultant, Planning & Design, Riverview, FL 33568, USA; rosseinsteder@gmail.com
3 Department of Geosciences, Florida Atlantic University, Boca Raton, FL 33431, USA; briggst@fau.edu
4 School of Public Administration, Florida Atlantic University, Boca Raton, FL 33431, USA; asapat@fau.edu
5 Andrew Young School of Policy Studies, Georgia State University, Atlanta, GA 30302, USA; aesnard@gsu.edu
* Correspondence: dmitsova@fau.edu

Abstract: The destructive forces of tropical cyclones can have significant impacts on the land, con-
tributing to degradation through various mechanisms such as erosion, debris, loss of vegetation,
and widespread damage to infrastructure. Storm surge and flooding can wash away buildings and
other structures, deposit debris and sediments, and contaminate freshwater resources, making them
unsuitable for both human use and agriculture. High winds and flooding often damage electrical
disubstations and transformers, leading to disruptions in electricity supply. Restoration can take days
or even weeks, depending on the extent of the damage and the resources available. In the meantime,
communities affected by power outages may experience difficulties accessing essential services and
maintaining communication. In this study, we used a weighted maximum likelihood classification
algorithm to reclassify NOAA’s National Geodetic Survey Emergency Response Imagery scenes into
debris, sand, water, trees, and roofs to assess the extent of the damage around Mexico Beach, Florida,
following the 2018 Hurricane Michael. NASA’s Visible Infrared Imaging Radiometer Suite (VIIRS)
Day/Night Band (DNB) was processed to estimate power outage duration and rate of restoration
in the Florida Panhandle based on the 7-day moving averages. Percent loss of electrical service
at a neighborhood level was estimated using the 2013–2017 American Community Survey block
group data. Spatial lag models were employed to examine the association between restoration rates
and socioeconomic factors. The analysis revealed notable differences in power-restoration rates
between urbanized and rural areas and between disadvantaged and more affluent communities. The
findings indicated that block groups with higher proportions of minorities, multi-family housing
units, rural locations, and households receiving public assistance experienced slower restoration of
power compared to urban and more affluent neighborhoods. These results underscore the impor-
tance of integrating socioeconomic factors into disaster preparedness and recovery-planning efforts,
emphasizing the need for targeted interventions to mitigate disparities in recovery times following
natural disasters.

Keywords: tropical cyclones; infrastructure disruptions; debris; emergency response database;
NASA’s nighttime light data; socioeconomic vulnerability; community recovery

1. Introduction

The devastating impact of tropical cyclones on land can be profound, manifesting
through erosion, debris accumulation, downed coarse woody vegetation, and extensive in-
frastructure damage [1–3]. Storm surges and floods sweep away buildings, leaving behind
construction debris and sedimentation [1,3] while also polluting freshwater sources, ren-
dering them unfit for human consumption and agriculture [4]. Hurricane-force winds and
inundation can wreak havoc on electrical and cell tower infrastructure, causing widespread
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power outages and loss of communication [2]. Restoring normalcy in such scenarios can be
a protracted process, stretching over days or even weeks, contingent upon the severity of
the destruction, access to the hardest hit areas, and availability of resources [2]. Meanwhile,
communities grappling with the loss of electricity may encounter obstacles in accessing
vital services, including food, fuel, and healthcare [2,5].

Hurricane Michael (6–18 October 2018), a Category 5 storm, was one of the strongest
hurricanes to make landfall in the conterminous United States and the strongest in recorded
history to hit the Florida Panhandle [6–9]. The hurricane intensified shortly before landfall,
producing sustained winds of nearly 260 km per hour (161 miles per hour) and storm
surge inundation heights between 2.7 and 4.5 m (9 and 14 feet) with localized maximum
wave crest elevation of up to 6 m (20 feet) [6,7]. The extreme winds and the massive storm
surge caused by Hurricane Michael resulted in the destruction of hundreds of commercial
and residential buildings. The cumulative damages caused by Hurricane Michael totaled
USD 25 billion [6,8], while agriculture and forestry losses, mainly in Florida and Georgia,
exceeded USD 3.87 billion [6]. According to the Florida Office of Insurance Regulation, there
were nearly 150,000 claims filed in Florida after Hurricane Michael, with a total value of
over USD 7 billion in estimated losses [9]. The areas in and around Mexico Beach, Panama
City Beach, and Cape San Blas experienced the highest level of devastation. Damages to
the amount of nearly USD 3 billion were also inflicted on the Tyndall Air Force Base [6].

In addition to structural damages, Hurricane Michael caused massive power outages
throughout the entire Southeastern United States. According to the situation reports of the
U.S. Energy Information Administration, between 10 October and 20 October 2018 more
than 1.7 million customers across six states (Florida, Georgia, Alabama, South Carolina,
North Carolina, and Virginia) experienced widespread power outages [10]. Peak outages in
North Carolina and Virginia reached over a million customers [10]. Several counties in the
hardest hit areas in the Florida Panhandle reported that 100% of their customer accounts
were out of electricity for several days [11]. On 19 October, nearly 80% of the customers
remaining without power because of the infrastructure damage caused by Hurricane
Michael were in northern Florida [10].

Large electrical disruptions attributed to weather-related events in the United States
have been on the rise [12,13]. Over 80 percent of the extensive power outages reported
by utility companies over the past two decades have resulted from severe weather [13].
Between 2011 and 2021, the number of incidents resulting in large disruptions of the
electrical supply increased by over 60% compared to the 2000–2011 period [13]. Hurricane
Maria in 2017 caused one of the largest and longest blackouts in the history of the United
States. The hurricane made landfall in Puerto Rico on 20 September 2017 as a Category
5 storm claiming the lives of over three thousand and causing at least USD 90 billion
in infrastructure damage [14]. The hurricane-force winds of two hurricanes striking the
island in rapid succession (Hurricane Irma, which made landfall on 6 September 2017, and
Hurricane Maria two weeks later) damaged nearly 80 percent of Puerto Rico’s electrical
grid [15]. Six months after the initial impact, nearly 30 percent of the customers in the rural
areas in the central and eastern parts of the island were still without power [15]. Damages
to the transportation network, including crumbling and inoperable bridges, and roadblocks
caused by debris and floodwaters as well as limited resource availability delayed the
power-restoration process [14,15].

In 2017, another catastrophic storm, Hurricane Harvey (25–30 August), stalled over
Texas producing a record-breaking precipitation with an estimated return period of over
1000 years (750 mm3day−1) [12]. An analysis of the extreme precipitation patterns in
the Houston area using observational data and the output of atmospheric EC-Earth
2.3 model [16] found that the increase in global temperatures contributed to 15% increase
in rainfall and made such an event three times more likely [16]. Hurricane Harvey claimed
the lives of nearly 100 people and inundated a vast area in southeastern Texas and parts of
Louisiana [17]. The record-breaking rainfall and strong winds affected some of the most
densely populated areas on the Gulf Coast, damaging nearly 300,000 structures. FEMA
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conducted almost 40,000 water rescue operations for residents stranded by floodwaters [17].
Hurricane Harvey caused massive damage to infrastructure leading to power blackouts
for nearly 340,000 customers. Weeks after the storm, thousands of homes were still expe-
riencing disruptions of power supply [17]. The total cost of damages was estimated at
USD 125 billion [17]. Another weather extreme in Texas, Winter Storm Uri (13–17 Febru-
ary 2021), produced freezing temperatures that forced many power plants to shut down
operations, resulting in electrical service disruptions for over 15 million customers (half
of the state’s population) and causing USD 20 billion in damages [18]. The winter storm
froze water pumps and mains, inflicted damages to the oil-producing sector, damaged the
water-cooling systems at the nuclear power plant and some of the thermal power plants,
and resulting in icing of wind turbine blades, affecting renewable energy generation [18].

The level of vulnerability in a community depends on several factors, including its
physical exposure, demographic makeup, and socioeconomic conditions [19–22] as well
as the capacity for post-disaster response and recovery by households, institutions, and
communities [22–24]. Social vulnerability, a multifaceted concept, is often intertwined with
factors such as socioeconomic status, gender, age, ethnicity, access to resources, housing,
and employment [22]. Ethnic and racial minorities frequently face heightened levels of
social vulnerability [25–27]. Rowan and Kwiatkowski [27] investigated the correlation
between housing recovery and social vulnerability in the aftermath of hurricanes Irma and
Maria in Florida and Puerto Rico, respectively. Their study identified income inequality,
as indicated by median income at the census tract level, along with socioeconomic status,
household composition, minority status, and language, as significant predictors of housing
damage [27].

Following a disaster, a rapid assessment of the damage extent becomes imperative as
the first step to begin search and rescue operations and address restoration and recovery
priorities of electric power and other essential utilities [1,3]. However, the lack of consis-
tency in public access to data on power outages poses significant challenges for emergency
managers and local authorities [2]. Although data sporadically becomes available from
various public or private sources, the absence of standardized formats and regular updates
complicates these tasks. The lack of spatial granularity hampers the effectiveness in as-
sessing disaster impacts and disparities at the neighborhood level, especially in racially
diverse and economically disadvantaged and smaller rural communities. Remote sensing
data has emerged as a valuable resource aiding emergency managers and local officials
during the response phase. Daytime remote sensing mainly provides information on land
features, while nighttime light data captures artificial light emissions, revealing human
activities [28].

Cole et al. [29] developed a power outage assessment tool leveraging Suomi-Visible
Infrared Imaging Suite (VIIRS) Day/Night Band (DNB) observations to estimate power
disruptions following Hurricane Sandy in 2012. This tool, augmented with established
power outage records and estimates of local population density, was then integrated into
a feedforward neural network model to forecast power outages [29]. This integration
represents a pioneering effort in synergistically harnessing multiple data sources to quanti-
tatively predict power disruptions, successfully detecting initial light losses in the aftermath
of Hurricane Sandy, as well as the gradual restoration of electrical service [29].

Roman et al. [14] utilized the NASA Black Marble products to monitor the restoration
of the severely damaged electrical grid in Puerto Rico following Hurricane Maria in 2017.
The study aggregated NTL data at the level of 900 administrative units (barrios) to link
the estimated recovery rates to the demographic and socioeconomic characteristics of the
affected neighborhoods [14]. The study estimated the potential number of people without
electric service four months after Hurricane Maria made landfall. The findings indicated
that rural municipalities experienced significantly longer power outages of more than
120 days compared to urban areas [14]. Disparities in power restoration were also observed
among urban communities, with the poorest residents residing away from dense urban
centers experiencing the lengthiest blackouts in the aftermath of Hurricane Maria [14].
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Shermeyer [30] developed a data-fusion mapping approach that integrates data from
the Visible Infrared Imaging Radiometer Suite (VIIRS) and Landsat images to track the
recovery of affected power infrastructure and identify locations of severe damage where
power-restoration crews could concentrate their efforts.

In this study, we combined datasets from several publicly available data sources to
explore the multidimensional impacts of Hurricane Michael on the Florida Panhandle.
The study focused on two key objectives: (1) evaluate the extent and duration of the
electrical service disruptions in the most affected counties in the Florida Panhandle; and
(2) contextualize the rates of loss and restoration using Mexico Beach as a case study to
show how catastrophic damage and land degradation can affect recovery efforts. We
estimated the extent and duration of disrupted electrical service and the rates of restoration
in the Florida Panhandle using outage data from the Florida Public Service Commission
at the county level as well as NASA’s Visible Infrared Imaging Radiometer Suite (VIIRS)
Day/Night Band (DNB) data. We tested two hypotheses: (1) power-restoration rates in
rural areas lag behind those in the urbanized regions; and (2) social vulnerability factors
affect the extent and duration of the power outages as well as the electric service-restoration
rates. We also presumed that areas with high levels of property damage would experience
much slower restoration rates. To address our first hypothesis, we used the urban-rural
classification scheme for counties provided by the Centers for Disease Control (CDC)-
National Center for Health Statistics (NCHS) (CDC 2024). We differentiated between urban
and rural counties in estimating power-restoration rates and developing restoration curves
for the 14 counties in our study area. To investigate our second hypothesis, the percent loss
of electrical service and restoration rates were aggregated at the block group level using
the 2013–2017 American Community Survey (ACS) data. Two spatial autoregressive lag
models were estimated to examine the association between socioeconomic characteristics
and the extent and duration of the power outages as well as recovery rates. Finally, to link
power restoration to the level of damage, we overlaid the results of a power-restoration
hotspot analysis with a maximum likelihood reclassification of NOAA’s National Geodetic
Survey Emergency Response Imagery scenes. The scenes were reclassified into debris,
sand, water, trees, barren land, and roofs to assess the extent of the devastation around
Mexico Beach, Florida. The combination of various types of remote sensing data, official
power outage records, and census data provided a detailed account of the initial damage,
the restoration process, and the impact on the most vulnerable social groups.

2. Materials and Methods
2.1. Study Area

The Florida Panhandle is characterized by a humid subtropical climate or Group C
-category Cfa on the Köppen–Geiger climate classification scheme (https://en.climate-data.
org/; accessed 12 June 2024). The average annual temperature is around 20.2 ◦C Total
annual precipitation averages 1466 mm (https://en.climate-data.org/; accessed 26 May
2024). Rainfall occurs year-round even throughout the dry season. For the purposes
of this analysis, our study area includes the 15 counties in the Florida Panhandle most
affected by Hurricane Michael. As Figure 1 shows, disaster declarations were issued
for each of the counties included in the study area allowing FEMA and other federal
agencies to implement various assistance programs to support the impacted individuals,
businesses, and communities. Previous studies have identified a number of demographic
(e.g., age, race, ethnicity, educational attainment) and socioeconomic factors (e.g., median
income, poverty rate, median property values, rurality) as precursors of higher levels of
vulnerability to natural disasters [2,5,14,19–27]. We have used data from the 2013–2017
American Community Survey at the block group level [31] to gain further insight into the
demographic and socioeconomic profile of the study area. The area is predominantly rural
with a few major urban areas, including Tallahassee, the capital of the State of Florida, and
Panama City, located near the Tyndall Air Force Base. The region has a diverse population
of college students and young professionals, contributing to a demographic mix where the

https://en.climate-data.org/
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average age is around 40 years old and the percentage of individuals holding bachelor’s
degrees (19%) exceeds the national average [31]. Around 30% identify themselves as
belonging to one or more racial/ethnic minority groups. Leon, Bay and Gadsden County
have the highest percentage of African American population [31]. The median household
income across the study area is around USD 50,000 [31]. Five counties in the study area
have poverty rates above 20 percent. According to the 2016 ACS data, Franklin County
had the highest poverty rate of 43%, followed by Madison (28%), Jackson (24%), Holmes
(22%), and Washington (21%) [31]. The majority of counties in the Panhandle have low
population densities. The highest population densities are observed in Leon County, with
437 people per square mile, and Bay County, with 230 people per square mile [31]. Prior to
Hurricane Michael, the counties in the study area were exempt from the strictest provisions
of the Florida Building Code due to the absence of major hurricane strikes in recorded
history. The waivers compromised the structural integrity of hundreds of residential and
commercial buildings in the Mexico Beach area, where Michael made landfall (Figure 2).
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While densely populated coastal areas of Florida are served by investor-owned compa-
nies such as Florida Power and Light Company, Duke Energy, or Tampa Electric Company,
the counties of the Florida Panhandle are served by municipal providers and rural coop-
eratives [32] (Figure 3). In Florida, municipal electric utilities are overseen by municipal
agencies, while smaller rural electric cooperatives are collectively owned by the residents
they serve. Owing to the ownership structure, restoration timelines of utility services in
areas served by municipal agencies or rural cooperatives are usually longer [2]. Hence, it is



Remote Sens. 2024, 16, 2588 6 of 22

essential for first responders, utility managers, and local officials responsible for disaster
recovery in these areas to be able to conduct rapid damage assessments with the amount of
limited resources they have available.
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2.2. Data

NASA’s operational Black Marble product suite (VNP46) was downloaded from
NASA’s LAADP archive. VNP46A1 provides daily at-sensor nighttime light radiances
at TOA (top-of-atmosphere) derived from the Visible Infrared Imaging Radiometer Suite
(VIIRS) Day-Night Band (DNB) sensor on board of the Suomi National Polar-orbiting
Partnership (SNPP). The spatial resolution of the data is 15 arc-seconds or approximately
500 m [33–35]. VNP46A1 assimilates diverse input datasets to generate accurate pixel-level
estimates of observed radiance of artificial light emissions or NTL (nighttime lights). The
nighttime light radiance, LNTL, is observed in the spectrum of 505–890 nm [33–35] and
measured in µWatts·cm−2·sr−1 [33–35]. NASA’s Black Marble product suite is corrected for
cloud cover and various terrain, atmospheric, and stray light distortions [33–35]. The data-
processing algorithm integrates daytime VIIRS DNB surface reflectance, surface albedo,
and corrections for illumination direction and lunar irradiance, aiming to reduce biases
stemming from incidental artifacts in the VIIRS NTL time series data [33–35].

High temporal resolution (3 to 6 h) power outage data from 10 October through
6 November 2018 at the county level were obtained from Florida Public Service Commis-
sion [11]. The data included the total number of accounts, percent accounts served by
investor-owned electric utilities, percent accounts served by rural electric cooperatives,
percent accounts served by municipal electric utilities, percent total customers without
power; percent investor-owned utilities accounts without power, percent rural electric
cooperatives accounts without power, and percent municipal electric utilities accounts
without power [11].

Demographic and socioeconomic data at the block group data were obtained from the
2013–2017 American Community Survey [31]. The variables used in the analysis included
the number of households on public assistance, percent minority population, percent
multi-family housing units, population density, and median property value.

Post-storm imagery from 11 October through 14 October for the Mexico Beach area,
where Hurricane Michael made landfall was downloaded from the National Geodetic
Survey Emergency Response Imagery database managed by the National Oceanographic
and Atmospheric Administration (NOAA). High-resolution aerial photogrammetry is
acquired via Trimble Digital Sensor Systems (DSS) Version 6 on board crewed aircraft
missions flown by NOAA’s Remote Sensing Division [36]. The imagery has a pixel ground
sample distance (GSD) of ~0.25 m at zoom level 19 [36]. The data are collected at both nadir
and oblique viewing geometries to help with post-event damage assessments and recovery
efforts [36].

In order to estimate the extent of the damages, pre-disaster 2017 aerial imagery was
obtained from the Earth Explorer website operated by the United States Geographic Survey
(USGS) (https://earthexplorer.usgs.gov/; accessed 16 November 2023). We downloaded
2017 USDA’s National Agriculture Imagery Program (NAIP) dataset because of its high
spatial resolution (0.6 m) and full coverage of the study area (https://earthexplorer.usgs.
gov/; accessed 25 May 2023).

2.3. Data Processing

A total of 74 nighttime light scenes from NASA’s operational Black Marble product
suite (VNP46) were downloaded from NASA’s LAADP archive covering the period from
10 October 2018 to 23 December 2018. Additional NTL scenes were acquired between March
2018 and September 2018 to create a composite image and compare pre- and post-event
NTL radiances. To assess power infrastructure loss and restoration rates, the difference
between the baseline image and post-storm NTL radiance was computed, followed by
estimating the percent NTL radiance recovery for each day between 11 October 2018 and
23 December 2018. Based on the estimates, a seven-day moving average at the block
group level was calculated to quantify the loss and restoration of electric service. Two
measures were derived: (a) percent of NTL radiance recovery as a proxy of estimated
proportion of the electric service restored (i.e., observed NTL radiance divided by the base-

https://earthexplorer.usgs.gov/
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line value); and (b) the average rate of change in NTL radiance recovery (ROC) calculated
as (LDayX − LDay0)/LDay0 × 100, where LDayX is the percent NTL radiance at Day X, and
LDay0 is the percent NTL radiance at the start date.

The power outage at the county level was available from the Florida Public Service
Commission in a PDF format [11]. The data covered the period from 10 October through
6 November 2018 in 6 h increments. We used the number of accounts without electricity at
6 am of each day as a baseline to estimate the severity and duration of the power outages
in the 14 counties most affected by Hurricane Michael.

The pre-disaster and post-disaster aerial imagery were assembled into two mosaic
datasets. The two sets of aerial imagery were reclassified using the maximum-likelihood
algorithm using the ESRI’s ArcMap 10.8.1 software. Spectral signatures for six classes
including construction and demolition debris, sand deposition, barren land, roofs, grass,
trees, and water were obtained following the methodology described in Davis et al. [1].
Between 25 and 100 training samples were collected for each classification category. Overall,
475 training samples were collected with 100 training samples for each of roofs, sand,
debris, and barren land classes, 50 for vegetation, and 25 for water. Accuracy assessment
was performed using 560 reference (ground truth) points. Extract values to points tool in
ArcGIS ProTM (ESRI 2024) was employed to obtain the classification value for each reference
point. The frequency values of the reference and classified points were crosstabulated in
STATA (StataCorp LP v.15, 2017) to create a confusion matrix (known also as the error
matrix) [37,38]. The matrix allows comparisons of correctly classified and misclassified
pixels on a class-by-class basis using three metrics: (i) overall accuracy; (ii) producer’s
accuracy, which provides the percentage of the correctly classified points (leading diagonal
divided by the column totals; and (iii) user’s accuracy, which is found by dividing the
diagonal totals by the row totals [37,38].

To evaluate the extent of storm surge inundation in the coastal areas most affected
by Hurricane Michael, surge elevations and velocities hindcast output generated by the
ADvanced CIRCulation Coastal Circulation and Storm Surge Model (ADCIRC) [39] were
obtained from the Coastal Emergency Risks Assessment (CERA) interactive website (https:
//cera.coastalrisk.live/). ADCIRC outputs include maximum water height above ground,
significant wave height, significant wave period, and maximum water levels over the
hindcast period [39]. To validate the ADCIRC output, we collected high water mark data for
Hurricane Michael from 15 USGS Short-term Network (STN) Flood Event stations, available
through the USGS Flood Event Viewer (https://stn.wim.usgs.gov/FEV/, accessed 15
June 2020).

2.4. Statistical Analysis

Patterns of spatial clustering of infrastructure service loss and recovery rates were
examined using the Getis-Ord Gi* test statistic [35]. The Getis-Ord Gi* is a local measure
of spatial association calculated as the sum of the differences between the observed and
estimated attribute values multiplied by a spatial weight matrix [40].

We conducted diagnostic tests for spatial dependence to determine if a spatial au-
toregressive model would be a good fit for the data. Spatial dependence was estimated
using the simple Lagrange Multiplier (LM) or the Robust Lagrange Multiplier (Robust
LM). Highly significant values confirmed strong spatial dependence in the data. Spatial
Lagrange multiplier tests compare a model without a spatial term (e.g., OLS) with a model
incorporating a spatial term estimated on the basis of a spatial weights’ matrix [41–43].
The test statistic for the Spatial Lagrange multiplier test is twice the difference between
the log-likelihoods of these models. The test statistics follows a chi-square distribution
with one degree of freedom. The null hypothesis states that there is no spatial dependence.
Thus, rejecting the null hypothesis suggests evidence of spatial dependence [41–43]. Spatial
weights matrices (SWMs) include binary contiguity matrices (assigning 1 to neighboring
areas and 0 to others using the rook or queen options in the GeoDa software) and inverse
distance-based matrices (e.g., K-nearest neighbors or adaptive kernel) [41–43].

https://cera.coastalrisk.live/
https://cera.coastalrisk.live/
https://stn.wim.usgs.gov/FEV/
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Since the LM tests confirmed spatial dependence, two spatial autoregressive statistical
models were estimated using GeoDASpace v1.2 [43]. The dependent variable in Model 1 was
the percent of NTL radiance recovery as a proxy of estimated fraction of power restored,
while in Model 2, the average rate of change in NTL radiance recovery (ROC) (11 October
2018 to 23 December 2018) was used as the dependent variable. Several census variables
at the block groups level were used as covariates including the number of households
on public assistance, percent minority population, percent multi-family housing units,
population density, median property value, and urban vs. rural setting. Multicollinearity
was assessed using the multicollinearity condition number.

3. Results
3.1. Hurricane Michael Impact on Mexico Beach and Surrounding Areas

Hurricane Michael caused massive devastation in the Panama City Metropolitan area,
where nearly 45,000 structures were damaged [36]. The area was impacted by hurricane-
force winds with observed wind gusts of 185 km/h (115 mph) and severe storm surge
inundation of 2.7–4.2 m (9–14 ft), with the highest water marks measured between Crystal
River and Aucilla River. Mexico Beach experienced the highest level of destruction, with
more than 90% of the structures severely damaged, including two hospitals [36]. A total of
809 buildings were destroyed, which is nearly 50% of the existing housing stock in Mexico
Beach [36]. Figure 4 illustrates Hurricane Michael’s wind swaths, and the maximum
ADCIRC-computed storm surge water levels. The ADCIRC output data was obtained
from the Coastal Emergency Risks Assessment (CERA) website (https://cera.coastalrisk.
live/) and validated with high water mark data from 15 USGS STN Flood Event stations
(RMSE = 0.5 m).
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To further identify debris fields and areas of extensive sand deposition, we performed
maximum likelihood classification analysis on the 2018 post-Hurricane Michael imagery.
Several samples were taken from each of the six classes included in the analysis, namely
debris, sand, barren land, roofs, greenspace, trees, and water. For four categories (i.e.,
roofs, barren land, debris, and sand) we obtained 100 samples for each class to increase
the accuracy of the classification. A total of 50 training samples were gathered for the
vegetation category, while 25 training samples were allocated to the water category. The
samples were merged to create a composite signature file, which was used as an input to
the maximum likelihood classification tool in ArcMap 10.8.1. Figure 5 displays the results
from the reclassification.
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Figure 5 illustrates the stark transformation of the Mexico Beach area in the aftermath
of Hurricane Michael. Strong winds and powerful waves led to heavy erosion along the
beach. The storm demolished numerous structures, scattering debris, blocking roads, and
hindering emergency response efforts. The storm surge also brought a large amount of sand
deposits to the area. Following Hurricane Michael, ponded water and sand overwash from
the storm surge flooding extending hundreds of meters inland from the shoreline (Figure 5).
Overwash affected nearly the entire beach-dune system at Mexico Beach, causing burial
or uprooting of approximately four kilometers (~2.5 miles) of beach-dune vegetation. The
erosion and damage to coastal vegetation likely contributed to the obstruction of roadways
and damage to nearby infrastructure assets.

Effective maximum likelihood classification is dependent upon the number of training
samples (where larger number of samples would reduce misspecification error) and well-
defined boundaries between the various classes [1, 3]. In a highly disturbed and degraded
environment where almost 90% of the existing housing stock is reduced to rubble while
at the same time there is a substantial amount of overwash and sand deposition from the
storm surge, it is challenging to establish well-defined boundaries between the different
classes. Well-defined objects (e.g., remaining roofs) were accurately classified (in black).
Water, vegetation, and debris are interspersed. To address this issue, we developed an
extensive training sample dataset. Although the algorithm performed well in characterizing
the key classes of interest such as remaining roofs, sand deposition and debris, slight over-
classification of water was observed, which was acknowledged as one of the limitations of
the proposed approach. Table 1 displays the confusion matrix for the ML classification.

Table 1. Confusion (error) matrix for the supervised ML classification.

Reference
Classified Total Reference

Points
User’s

AccuracyRoof Vegetation Water Barren Debris Sand

Roof 82 2 3 20 3 0 110 82.0
Vegetation 12 62 14 4 0 0 92 67.4
Water 1 21 58 1 1 0 82 70.7
Barren 0 1 1 66 3 4 75 88.0
Debris 7 0 0 10 50 13 80 62.5
Sand 1 0 0 3 8 109 121 90.1

Total classified points 103 86 76 104 65 126 560

Producer’s accuracy 79.6 72.1 76.3 63.5 76.9 86.5

Total correct reference points 427
Percent accuracy 76.25

The overall accuracy of the ML classification was found to be 76.25% (Table 1). This
result is consistent with the findings of Khatami and Mountrakis [37]. The accuracy
assessment of the classified post-Katrina imagery resulted in an overall accuracy index of
74.7% [37]. Sand and barren land had the highest user’s accuracy results (90% and 88%,
respectively), followed by roofs (82%). The classification result for roofs can be explained by
the fact that many of the roofs on the post-hurricane imagery had various levels of collapse
and damage, which made the categorization more challenging. The error matrix (Table 1)
indicated that the roof class included classified pixels from the debris category, while water
had the highest number of misclassified pixels from the vegetation class, and vegetation
included misclassified pixels from the water category. Debris, water, and vegetation were
found to have lower user’s accuracy. These results can be explained by the fact that debris
(user’s accuracy of 62.5%), vegetation (67.4%), and water (70.7%) were mixed up and
interspersed. For comparison, Khatami and Mountrakis [37] achieved post-Katrina user’s
accuracy of 50.9% for vegetation, 65% for soil, and 92.5% for water. Sand had a producer’s
accuracy of 86.5%, followed by roofs (79.6%), debris (76.9%), water (76.3%), vegetation
(72.1%), and barren (63.5%).
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3.2. Electric Service-Restoration Curves across Urban/Rural Counties

Based on the definitions provided by the CDC’s National Center for Health Statis-
tics [35], six of the counties included in the analysis were classified as urban (u = 1) while
eight were classified as rural (r = 0). Table 2 indicates what percent of the accounts in
each county are associated with investor-owned electric utilities, rural electric coopera-
tives, and/or municipal providers. Except for Bay and Franklin counties, in which 90% to
100% of all accounts are associated with investor-owned companies, most counties in the
Panhandle are served by rural electric cooperatives and municipal agencies. Municipal
electric providers serve 33.4% of the accounts in Calhoon County, 32.8% of the accounts in
Gadsden County, and 82.7% of the accounts in Leon County, where the capital Tallahassee
is located. Rural electric cooperatives serve 13 out of the 14 counties in the study area with
Liberty County having the highest number (81%) of the accounts associated with this type
of electric service provider, followed by Holmes (75.2%) and Gadsden (67.2%). Investor-
owned companies possess greater resources and a broader array of mutual aid agreements
compared to municipal electric providers or rural cooperatives. Rural cooperatives tend
to rely more on mutual aid agreements with neighboring utilities. However, when all
these providers are simultaneously affected, as was the case after Hurricane Michael, the
likelihood of swift recovery for the entire area diminishes considerably. Extensive damage
to infrastructure and limited resources can significantly impede the recovery timelines of
smaller communities.

Table 2. Total number of accounts by county, including percentage served by investor-owned utilities,
rural electric cooperatives, and municipal providers.

County Urban/Rural 1 Total Number
of Accounts

Percent Accounts
Investor-Owned
Electric Utilities 2

Percent Accounts
Rural Cooperative

Percent Accounts
Municipal Providers

BAY 1 115,624 89.9% 10.1% 0.0%
CALHOUN 0 3936 23.5% 43.1% 33.4%
FRANKLIN 0 10,199 100.0% 0.0% 0.0%
GADSDEN 1 22,294 0.0% 67.2% 32.8%
GULF 1 10,916 59.3% 40.7% 0.0%
HOLMES 0 10,423 24.8% 75.2% 0.0%
JACKSON 0 26,161 46.9% 53.1% 0.0%
JEFFERSON 1 8152 57.4% 42.6% 0.0%
LEON 1 143,799 0.0% 18.4% 82.7%
LIBERTY 0 4058 19.0% 81.0% 0.0%
MADISON 0 10,718 35.7% 64.3% 0.0%
TAYLOR 0 12,936 46.7% 53.3% 0.0%
WAKULLA 1 15,477 44.1% 55.9% 0.0%
WALTON 0 59,476 38.9% 61.1% 0.0%

1 Based on CDC National Center for Health Statistics classification [44]. 2 FPL, Duke, Gulf Power, Tampa
Electric, FPU).

Figure 6 shows power-restoration curves for the urban (a) and rural (b) counties as
described in Table 1. For three of the six urban counties (Jefferson, Leon, Wakulla), power
returned to normal within seven days following the disaster. As shown on Figure 6a,
Gadsden County regained 100 percent of its electric service within seventeen days while
for Bay and Gulf, the counties most affected by Hurricane Michael, the timeline was much
longer. Figure 6b indicates that rural counties had a much longer and uneven recovery.
Franklin County, which is entirely served by an investor-owned company, restored electric
power within 9 days after the storm, while rural counties such as Liberty, Washington,
Calhoun, and Jackson, which are mostly served by rural cooperatives took the longest
to recover, with a restoration period exceeding in some cases 28 days. Examining both
graphs reveals that, overall, urban areas experienced faster recovery compared to rural
areas. Greater access to necessary resources in urban areas, predominantly served by
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investor-owned or municipal electric utilities, contributed to the shorter recovery time.
These findings align with our first hypothesis, affirming that urban areas tend to recover at
a quicker pace than rural areas.
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3.3. Estimating Power Outages from Nighttime Light Data

The VNP46 Day/Night Band was extracted from each scene for the period from
10 October through 23 December 2018. Ten additional NTL scenes acquired between March
2018 and September 2018 were compiled to create a composite image. The image was
used as a baseline to evaluate changes in the pre- and post-storm nighttime light radiance.
Figure 7 shows pre- and post-storm nighttime light imagery.
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Figure 7. Before and after images from the nighttime light data from the NASA’s operational Black
Marble product suite (VNP46).

The percentage loss of electrical service was estimated as the difference between the
baseline image and each of the NTL scenes for the period between 10 October and 23 De-
cember 2018. Using integrated moving average time series trend analysis, we calculated
ROC for 7, 21, and 73 days after Hurricane Michael made landfall. Figure 8 shows the
difference between the baseline and post-storm nighttime NTL radiance between 11 and
31 October 2018, following Hurricane Michael. The top image indicates that there was
a notable reduction in light emission, particularly evident in two primary areas: Mexico
Beach and Tallahassee. Additionally, a discernible difference was observed in the north-
western quadrant. Three weeks later, the differences between pre-storm and post-storm
NTL radiance were considerably reduced in many areas except for Mexico Beach. Visible
changes have occurred in the Tallahassee area, where the difference between the baseline
and post-storm NTL radiance has dramatically decreased.

These findings were then utilized to conduct hotspot analysis of infrastructure service
disruptions and recovery rates employing the Getis-Ord Gi* statistic. The Getis-Ord Gi*
statistic is calculated as the sum of the differences between the observed and average
attribute values multiplied by a spatial weight matrix. The hotspot tool in ArcGIS 10.8.1
generates z-scores (and the associated p-values), which indicates whether the observed
spatial clustering of high or low values is statistically significantly different from a random
distribution. A statistically significant positive Gi* value (at α = 0.1; α = 0.05; or α = 0.01)
represents a ‘hot spot’, indicating that there is clustering of high values around an observed
value of the feature of interest [33]. Figure 9 displays the results from the hotspot analysis
with respect to (a) percent NTL radiance recovered, and (b) rate of restoration based on the
7-day moving average. Both sets of results indicated that there was a statistically significant
clustering of high positive values in the Tallahassee area, an indication of a ‘hotspot’ of
restoration activities. In terms of percent recovered NTL radiance, the Mexico Beach area
was not statistically significant. However, in terms of rate of restoration, this area was
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clearly a ‘cold spot’, which is consistent with a delay in restoration due to the level of
destruction, and vast amounts of debris and sand deposition. The surrounding rural areas
were also found to be statistically significant cold spots in both analyses. This affirms our
hypothesis that restoration rates in rural areas lag behind those in the densely populated
urban regions.
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3.4. Statistical Analysis

The diagnostic tests for spatial lag dependence were statistically significant. For
Model 1, the Lagrange Multiplier (LM) test for spatial lag equaled 10.230 (p-value < 0.001)
while for Model 2, LM was 4.916 (p-value 0.0266). The diagnostic tests for spatial error
dependence were also statistically significant but a spatial error model was not considered
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in this analysis. In a spatial lag model, the spatial autocorrelation of the dependent variable
is taken into account, whereas in a spatial error model, the interdependence of error values
in the associated independent variables is considered. A spatial lag model highlights
the significance of spatial clustering. The multicollinearity condition number for Model
1 was 4.404, while for Model 2, it was 7.36. A value below 20 indicates that there were
no multicollinearity issues in the models. The dependent variable in Model 1 was the
percent of NTL radiance recovery as a proxy of estimated proportion of power restored.
The independent variables included the maximum NTL radiance lost for the block group of
interest as an indicator of damage levels, rate of change in NTL radiance recovery over the
first three weeks, and urban vs. rural setting. Several census variables at the block groups
level were used as covariates including the number of households on public assistance,
percent multi-family housing units, percent minority population, and urban vs. rural
setting. In Model 2, the average rate of change in NTL radiance recovery (ROC) (11 October
2018 to 23 December 2018) was used as the dependent variable. The covariates included
population density, median property value, maximum NTL radiance lost, percent NTL
radiance recovery over the first 7 days post-landfall, and urban vs. rural setting. Table 3
summarizes the descriptive statistics for the independent variables included in the analysis.

Table 3. Descriptive statistics of the census and NTL variables at the block group level.

Variable Mean Std. Dev. Min Max

Population density (inhabitants/square mile) 1463 581 46 5947
Number of households on public assistance 154 117 11 231
Percent minority population 24.20% 15.10% 0 44.50%
Percent multi-family housing units 8.80% 13.40% 0 34.30%
Maximum NTL radiance lost 82.43 18.86 3.18 100.00
Percent of the NTL radiance recovered
relative to the baseline 33.42 20.65 0.00 97.23

Urban vs. rural setting 232 BGs as urban, 237 BGs as rural

Table 4 provides an overview of the covariate estimates for Model 1 (a maximum
likelihood spatial lag model). The results suggest a negative statistically significant associa-
tion (at α = 0.10) between the percent of electric service recovery at a census block group
level and the percentage of households on public assistance. The negative sign suggests
an inverse relationship between a higher percentage of households on public assistance
and the pace of electrical service restoration. The study also found a highly significant
inverse association between the recovery and the percentage minority population at a block
group level. The percentage of multi-family housing units in a census block group was
also found to be inversely associated with the percent NTL radiance recovered. The results
also show that urban areas are positively associated with a greater proportion of NTL
radiance recovered.

Table 5 summarizes the model coefficients for Model 2. The maximum NTL radiance
loss, which was used as a proxy of the level of electrical service disruptions, was found
to be highly statistically significant (p-value < 0.000). The negative sign is in the expected
direction, indicating that there is an inverse association between the extent of the power
outages and the rate of recovery. The rate of change as a proxy of the rate or restoration
over the first three weeks was found to be statistically significant at α = 0.05 confidence
level. The positive sign is also in the expected direction, suggesting that the speed of power
restoration in the immediate aftermath of the hurricane strike has a favorable effect on the
process of overall rate of recovery. Median property values and urban settings are also
statistically significant (at α = 0.10 and α = 0.01, respectively) and positively associated
with the rate of power restoration. Population density was not found to be statistically
significant. These findings affirm our first hypothesis that there are differences in both the
rates of recovery and overall percent recovery between urban and rural areas. They also



Remote Sens. 2024, 16, 2588 18 of 22

suggest that social vulnerability factors are statistically significantly associated with both
dependent variables as formulated in our second hypothesis.

Table 4. Maximum likelihood spatial lag model using as the dependent variable the percent NTL
radiance restored by 23 December 2018 (Model 1).

Variable Coefficient Std. Error t-Statistic p-Value

CONSTANT 57.43021 10.00654 5.73926 0.000
HH on Public Assistance −0.07253 0.04079 −1.77823 0.075
PCT Multifamily housing units −0.95275 0.13166 −7.23632 0.000
Maximum NTL radiance lost −0.00962 0.00205 −4.66863 0.000
ROC (21 days) 0.06734 0.03018 2.23096 0.025
Urban/Rural 5.97345 1.43903 4.15100 0.000
Spatial autoregressive coefficient 0.36719 0.11566 3.17484 0.001

Model parameters

S.D. of dependent variable 14.814 Log likelihood −1884.692
Sigma-square ML 180.071 Akaike info criterion 3785.384
S.E of regression ML 13.419 Schwarz criterion 3818.588
Multicollinearity condition number 4.404

Table 5. Maximum likelihood spatial lag model using as the dependent variable the rate of change in
NTL radiance recovered as a proxy for a rate of power restoration (Model 2).

Variable Coefficient Std. Error t-Statistic p-Value

CONSTANT 5.50393 1.16913 4.70771 0.000
Population density 0.22096 0.15793 1.39911 0.062
Pre-storm NTL radiance −0.00350 0.00121 −2.89099 0.004
Median property values 0.00008 0.00004 1.84375 0.065
NTL radiance recovered in the first 7 days
post-landfall −0.07340 0.02049 −3.58316 0.000

Urban/Rural 2.44564 0.93973 2.60247 0.009
Spatial autoregressive coefficient 0.27447 0.11954 2.29612 0.021

Model parameters

S.D. of dependent variable 8.207 Log likelihood −1619.744
Sigma-square ML 58.337 Akaike info criterion 3253.487
S.E of regression ML 7.638 Schwarz criterion 3282.542
Multicollinearity condition number 7.359

4. Discussion

Hurricane Michael wreaked havoc on Mexico Beach and the surrounding areas,
prompting FEMA to declare most counties in the Florida Panhandle as disaster zones
requiring both individual and public assistance. However, the magnitude of Michael’s
impact cannot be solely attributed to the storm’s intensity. Notably, Florida boasts one of
the nation’s strictest building codes. One significant factor contributing to the extensive
destruction of structures in Mexico Beach was waiving some of the most stringent require-
ments of the Florida Building Code. The region’s exemption from building code standards
stems in part from its relatively limited history of hurricane activity. Unfortunately, this
leniency resulted in heightened infrastructure and property damage, business closures, and
challenges to household recovery efforts. The destruction caused by Hurricane Michael
prompted widespread consensus on the need to reassess and revise the building code to
prevent similar devastation in the future. South Florida adopted stricter building stan-
dards following the devastation of Hurricane Andrew in 1992. Palm Beach, Broward, and
Miami-Dade counties implemented markedly stricter building codes, requiring structures
to withstand wind speeds of up to 175 mph. Regrettably, this higher standard was not uni-
versally adopted across Florida. The devastation caused by Hurricane Michel in the Florida
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Panhandle resulted in notable changes in building codes and floodplain ordinances [45].
The most important policy changes include the following: (1) increasing the building wind
load resistance requirement to 140 m/h; (2) implementing new stricter requirements for
urban development in the floodplains; and (3) introducing new regulations that would
require any accessory structure be permitted regardless of size [45,46].

Lacking the power and resources of larger investor-owned companies, numerous rural
electrical cooperatives face heightened risk during natural disasters. Further investigation
is essential to understand the root causes of risk among smaller electrical service providers
and to propose policy measures that strengthen their resilience. Expanding the reach of
mutual aid agreements beyond state borders presents a viable strategy to address the needs
of these cooperatives and enhance their capacity to respond effectively to crises.

As previously noted, eight of the counties in the study area are classified as rural. That
region of Florida suffered major agriculture and forestry financial losses [6].

At the household level, loss of electric power can have ripple effects for households
without a means to salvage, and replace, refrigerated items. This can be particularly catas-
trophic in our study areas where five counties have poverty rates above 20 percent. The
uprooting of beach dune vegetation and beach erosion were also notable and have implica-
tions for the tourism sector. Such land degradation has additional adverse implications
beyond the affected communities given the domino effect that the loss of land and soil has
on food production, food insecurity and higher food prices.

Coastal land degradation can further exacerbate subsequent storm damages. When
erosion leads to land elevation loss, inundation and flooding can occur with lower elevated
water levels (i.e., total water level exceeds the highest elevation of a coastal barrier system).
For example, in a recent study on the impact of Hurricane Ian on a southwest barrier island,
shoreline advance was measured but the beaches lost sediment volume and elevation, cre-
ating a scenario of increased vulnerability. Damage can also be influenced by contemporary
geomorphology or structural distribution (e.g., of buildings). In the same evaluation of
the Estero Island impacts, overwash deposits and washout channels were observed in
relation to low morphologic elevations, whereas scouring occurred adjacent to a seawall [3].
Understanding the role of land degradation from storms is necessary to prepare for short-
to long-term resiliency to future events. We conducted image classification analysis to
gain further understanding of the degree of destruction, debris and sand deposition. Due
to the highly disturbed nature of the built environment, there was a higher potential of
misspecification error, which is one of the limitations of our approach. To address these
issues, we developed a large training sample dataset, which increased the processing time,
see also [1,3].

Consistent with prior studies, the findings from this study further confirm that insuf-
ficient post-disaster recovery disproportionally affects households and families in disad-
vantaged neighborhoods and rural communities [15,27]. These communities tend to be
vulnerable to natural disasters and often suffer more severe damage compared to other
areas [25,26]. Delayed recovery in key infrastructure, such as the power grid, will further
devastate these communities. Operation of air conditioning units, food storage, entertain-
ment, working, schooling, and even drinking water for households with wells, all rely on
electricity. Therefore, power loss and delayed restoration have a profound negative impact
on households and families, ranging from health to economic productivity. In addition
to stricter building codes and mutual aid agreements, it is critical to promptly provide
social and supportive services to vulnerable households and families in the affected areas.
Temporary housing and emergency shelters, food and water distribution, and other aid
services should continue to serve the residents in these areas as well.

There are several limitations to our approach. Nighttime light data originates from
the (VIIRS) sensor aboard the Suomi National Polar-orbiting Partnership satellite, which
is highly sensitive to visible and infrared wavelengths [47,48]. However, this sensitivity
can lead to interference from stray light [48]. NASA has developed several algorithms to
correct the effect of stray light and provide radiance-calibrated data to the end users [49]. In
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addition, despite using high spatial resolution of the NOAA disaster response imagery, we
encountered some challenges related to misclassification in certain supervised classification
classes. Post-storm changes in watercolor and turbulence, particularly in breaking waves,
small canals, waterways, creeks, and forested areas, led to spectral properties resembling
those of grass or tree classes. This discrepancy stems from vegetation’s spectral signatures,
which exhibit higher reflectance in the green and near-infrared bands, unlike water, which
reflects minimally across all bands [50]. Furthermore, the presence of shadows in the
imagery exacerbated land cover classification accuracy issues. These issues were addressed
by manual reclassification of the areas where such issues were detected.

5. Conclusions

NASA’s Visible Infrared Imaging Radiometer Suite (VIIRS) Day/Night Band (DNB)
was employed to gauge the scale and duration of electric utility infrastructure disruption
in the aftermath of Hurricane Michael in the Florida Panhandle. Utilizing data from the
2013–2017 American Community Survey (ACS), the percentage loss of electrical service was
then scaled down to the census block group level. Spatial autoregressive lag models based
on maximum likelihood estimation were fitted to explore the relationship between socioe-
conomic characteristics and the scope and duration of the power outages and the power-
restoration rates. Through hotspot analysis, significant variations in power-restoration rates
were highlighted, with urban areas, particularly those surrounding Tallahassee, demonstrat-
ing notably higher rates compared to rural regions and areas heavily affected by structural
damage, like Mexico Beach.

These findings were substantiated by analyses utilizing data from the Florida Public
Service Commission. Recovery curves deduced from this data showcased prolonged
recovery times in rural areas compared to their urban counterparts. Additionally, the study
pinpointed block groups with elevated percentages of minorities, multi-family housing
units, and households receiving public assistance as facing slower power-restoration rates
compared to urban and more affluent neighborhoods. The area is generally characterized
by a low population density, and therefore, this factor did not seem to have a significant
association with the rate of restoration.

Our analysis confirms the findings of previous studies [1,3] that using remote sens-
ing data to estimate the extent and severity of damage after a natural disaster provides
rapid and cost-effective methods to conduct independent assessments. In addition to
underscoring the importance of revisiting building codes and fostering new mutual aid
agreements between rural electrical cooperatives and larger entities within and outside
Florida, these findings also highlight need for more focused scholarship on disparate
disaster impacts on smaller rural communities, coastal and agricultural ecosystems and
policy solutions to address these disparities. Such initiatives and scholarship hold promise
for addressing future challenges and enhancing the resilience of predominantly rural and
underserved communities.
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