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ABSTRACT

While severe hurricanes continue to challenge the resilience of local communities, fine-scale knowledge of post-
hurricane recovery remains scarce. Existing recovery tracking approaches mainly rely on aggregated metrics that
would disguise the spatial heterogeneity in recovery patterns. Here, we present a spatiotemporally explicit
investigation into the recovery of human activity after 10 recent severe hurricanes in the U.S., with daily
nighttime light (NTL) time series images from NASA’s Black Marble VIIRS NTL product suite. We utilized a
Bayesian-based time series change detection model and temporal clustering algorithm to analyze the post-
hurricane recovery of each built-up area pixel within 446 counties severely affected by the hurricanes. To
investigate the potential inaccuracies stemming from assessments using aggregated statistics, we further
compared the recovery pattern estimated at pixel scale with that estimated by aggregated NTL radiance at county
and census tract scales. Last, we examined the inequality in post-hurricane recovery and how it related to so-
cioeconomic factors and current hurricane assistance programs. Our analysis shows a 7-fold difference in the
recovery duration of hurricane-affected built-up areas within a county, with one-third of the areas experiencing a
prolonged recovery lasting over 200 days. We emphasize the necessity of fine-scale knowledge in recovery as-
sessments as aggregated statistics tend to largely underestimate the severity of hurricane impact and spatial
heterogeneity of recovery. More importantly, we identify a prevailing recovery inequality across minority and
disadvantaged populations, as well as a continued disproportionate allocation of hurricane assistance served as a
key driver of exacerbating recovery inequality. Our study offers nuanced insights into the spatial heterogeneity of
post-hurricane recovery that can inform strategic and equitable recovery efforts, as well as more effective hur-
ricane relief programs and protocols.

1. Introduction

have inflicted approximately $1400 billion in inflation-adjusted dam-
age, accounting for over 50 % of all damages incurred by natural di-

Hurricanes are among the most destructive natural disasters in the U. sasters (Smith and Matthews, 2015). The number of severe hurricanes
S. (Barton-Henry and Wenz, 2022). In the past four decades, hurricanes with damages exceeding $1 billion is also increasing, causing the total
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costs of hurricane damage to surge elevenfold (NOAA, 2024). Besides
direct costs, hurricanes are known to trigger a cascade of societal and
ecological impacts, as well as adverse effects on physical and mental
health(Andresen et al., 2023; Baade et al., 2016; Thonis et al., 2024).
Given that hurricane-prone areas along the Gulf and Atlantic coasts
overlap with hotspots of future population and wealth growth, the im-
pacts of hurricanes are likely to escalate in the near future (Balaguru
et al., 2023; Ohenhen et al., 2024; Wehner and Kossin, 2024).

Ensuring a timely recovery from the escalating impacts of hurricanes
is therefore one of the ambitious goals for governments, as well as in-
ternational initiatives such as the Sendai Framework for Disaster Risk
Reduction 2015-2030 and SDGs (Target 11.5 — make human settlement
resilient) (Markhvida et al., 2020). Spatiotemporally explicit informa-
tion for post-hurricane recovery assessments, particularly on tracking
recovery progress and its spatial pattern, is crucial for pinpointing areas
in need, optimizing resource allocation, and reducing restoration costs
(Sauer et al., 2023).

However, obtaining spatiotemporally explicit information on post-
hurricane recovery remains challenging due to the following reasons.
First, most recovery tracking methods are built upon aggregated post-
hurricane statistics (e.g., at state or county scale), such as total popu-
lation and electricity load (Lindell et al., 2011; Sotolongo et al., 2021),
or by oversimplified approaches that compare the before-after changes
of hurricanes (Chakraborty and Stokes, 2023; Zhang et al., 2023). These
approaches only provide snapshots of the recovery after hurricanes,
while largely overlooking the spatiotemporal heterogeneity in how
neighborhoods across geographical and socioeconomic contexts respond
to hurricanes differently (Jing et al., 2024). Second, recovery tracking
data with large spatiotemporal availability and comparability are lack-
ing. Power outage data, for instance, is collected under a decentralized
electricity infrastructure in the U.S., comprising over 1600 utility com-
panies with inconsistent outage reporting formats and standards (Xu
et al., 2023). Other geospatial data, such as cell phone signals and point-
of-interest data, offer limited spatial and temporal availability (Kerber
et al., 2023). Most of the investigations using these data are constrained
to a single hurricane or even a single hurricane-affected county, and
their resulting conclusions are limited to be local-specific (Park et al.,
2024).

These challenges have further incurred uncertainty in whether the
obtained recovery information maintains fidelity across spatial scales. If
not, the mismatch in spatial scale between the obtained recovery in-
formation (e.g., at state scale) and the recovery taking place (e.g., at
neighborhood scale) is prone to misinterpretation of recovery progress
and even worse, maladaptive interventions. Moreover, hurricanes do
not equally affect neighborhoods in different socioeconomic contexts
(Hong et al., 2021; Howell and Elliott, 2019; Wing et al., 2022). Despite
ambitious goals and initiatives to enhance equality in disaster resilience,
the lack of spatiotemporally explicit knowledge hinders investigations
into hurricane recovery from the lens of environmental justice
(Markhvida et al., 2020).

Nighttime light (NTL) satellite sensors are uniquely capable of
detecting artificial light emitted from the Earth’s surface at night
(Imhoff et al., 1997; Levin et al., 2020; Shi et al., 2023). Due to a close
correlation with socioeconomic variables, such as Gross Domestic
Product, population density, electrification rate, and energy consump-
tion, the detected NTL radiance has been well-documented as an ideal
and integrated indicator of overall human activity intensity (Chen et al.,
2019; Elvidge et al., 1997; Sanchez de Miguel et al., 2014; Zheng et al.,
2022b). NTL images, such as DMSP-OLS and VIIRS, have been widely
applied to quantitatively assess changes in human activity intensity
incurred by natural disasters, including hurricanes (Hu et al., 2024;
Levin, 2023; Roman et al., 2019). Nevertheless, existing NTL-based
studies mostly rely on oversimplified approaches and aggregated met-
rics due to the high temporal variation, noises, and missing data of daily
NTL images (Mu et al., 2024; Wang et al., 2021).

In this study, we provide a spatiotemporally explicit assessment of
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the post-hurricane recovery of human activity using daily nighttime
light images and time series modelling approaches. We aim to answer
three key questions: (1) how fine-scale data can better reveal the
spatiotemporal heterogeneity of post-hurricane recovery? (2) whether
fine-scale knowledge is necessary for post-hurricane recovery assess-
ment, compared with aggregated statistics? (3) whether people under
different socioeconomic contexts recover at an equal rate and what are
the underlying factors leading to recovery inequality? Overall, our fine-
scale insights into the post-hurricane recovery pattern hold a broad
scientific significance in offering data-driven knowledge to inform
strategic and equitable recovery efforts, as well as more effective hur-
ricane relief programs and protocols.

2. Study area & datasets
2.1. Study area

We focused on severe Atlantic hurricanes reaching category 4 level
(max. sustained winds>209 km per hour) and category 5 level (>252
km per hour) in the U.S., which have received major disaster declara-
tions from the Federal Emergency Management Agency (FEMA) and
caused catastrophic impacts. Given that NASA’s Black Marble VIIRS NTL
product suite has only been available since 2012, we further narrowed
our study objects down to 10 hurricanes, covering 7 states across the U.
S. (Fig. 1). We treated each hurricane and its affected state separately as
hurricane scale differs across affected states, which resulted in 17
hurricane-state pairs (e.g., Michael-Florida). For each hurricane-state
pair, we only focused on the counties that were severely affected by
hurricanes (n = 446), according to the “Designated Areas” (i.e.,
counties) defined by the corresponding disaster declaration documents
of FEMA (FEMA, 2024a).

2.2. Datasets

In this study, we used the NASA’s Black Marble VIIRS NTL Product
Suite (VNP46A2), generated from the Visible Infrared Imaging Radi-
ometer Suite (VIIRS) of Suomi-NPP satellite (Roman et al., 2018). The
Black Marble Product suite provides temporally consistent and daily
NTL images at a 15-arcsec resolution (~ 500 m), an ideal spatial scale for
reflecting changes at parcel level or neighborhood level (Oke et al.,
2017; Zheng et al., 2022a). The Black Marble Product suite largely im-
proves the quality of raw VIIRS NTL images via a series of routine cor-
rections, including lunar BRDF, cloud, terrain, atmospheric, airglow,
stray light, as well as a substantial sensitivity enhancement of low-lit
structures (Roman et al.,, 2018). Our analysis relied on the BRDF-
corrected NTL radiance layer of VNP46A2 product. This layer of NTL
image data only keeps high-quality observations, while masking out all
low-quality observations, such as with cloud contamination, snow
coverage, and outliers, using the Mandatory Quality Flag layer. The
View Zenith Angle layer of the At-sensor TOA Nighttime Radiance data
of the Black Marble Product suite (VNP46A1) were obtained for angular
effect correction.

In addition to NTL images, the following datasets were obtained: (1)
MODIS Land Cover Type V006 Product (MCD12Q1) (Friedl and Sulla-
Menashe, 2019); (2) 11 socioeconomic variables at census tract level
from the American Community Survey (ACS) via ACS API (Table S1)
(Folch et al., 2016). Given that ACS are known to produce inaccurate
estimates of socioeconomic variables for some census tracts, we used the
ACS 5-year estimate data rather than ACS 1-year estimate data to favor
accuracy over currency (Wing et al., 2022). The rationale of variable
selections lies in two aspects. First, these variables are among the most
commonly-used in studies assessing socioeconomic inequalities (Drakes
et al.,, 2021; Sanders et al., 2022; Smiley et al., 2022). Second, these
variables were available not only in the U.S. but also other countries,
making our assessment framework easily transferable to assessing
disaster recovery inequality in other countries; (3) Historical records of
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Fig. 1. The studied 17 hurricane-state pairs and the corresponding hurricane-affected counties (n = 446) based on the disaster declaration of the Federal Emergency

Management Agency (FEMA).

approved FEMA assistance — via Public Assistance Program and In-
dividuals and Households Program - of each studied hurricane via
OpenFEMA database (FEMA, 2024d). Public Assistance Program (PA),
FEMA’s largest grant program, provides financial assistance to com-
munities after a federally declared disaster to save lives, protect prop-
erty, and restore community infrastructure. Individuals and Households
Program (IHP) provides financial assistance to uninsured or under-
insured individuals and households to meet their basic needs and sup-
plement disaster recovery efforts (Emrich et al., 2022). The FEMA
assistance records document detailed information about FEMA assis-
tance approved for supporting the recovery of communities (PA) and
individuals (IHP) during each hurricane, including geolocation (e.g., zip
code) of assistance applicants and the amount of approved financial
assistance. We calculated the total FEMA assistance received by each
county and each hurricane, and inflation-adjusted total assistance to the
US dollar in 2020.

3. Methods

Our analytical framework comprises three parts: (1) applying the
BEAST time series modelling and change detection algorithm to the
angular effect corrected nighttime light pixel time series; (2) analyzing
the post-hurricane recovery pattern of hurricane-affected built-up area
pixels; (3) investigating the scale effect and inequality of post-hurricane
recovery. The following sections detail analysis employed in this study,
together with a methodological flowchart provided in Fig. 2.

3.1. Nighttime light image pre-processing

Despite these enhancements, daily NTL images are subject to an
angular effect, which has resulted in inconsistency among observations
of the same location across different viewing zenith angles (VZA) (Li
etal., 2022; Li et al., 2019; Tan et al., 2022). Building on the conceptual
relationship identified in previous studies (Hu et al., 2024; Li et al.,
2019; Xu et al., 2023), we applied a quadratic regression-based
approach to convert the radiance of each pixel observation with
different VZAs into the radiance at nadir observation (VZA = 0°).

NTLiys = aVZA? + BVZA; + ¢ €))
fisza = NTL;z0-0 /NTLisza 2
NTL;cor = fi,vza X NTL; yzq 3

Where NTL; ¢or and NTL; i, refer to angular-effect-corrected and raw

(with angular effect) NTL radiance of pixel i. VZA; indicates the viewing
zenith angle of pixel i; a and p are coefficients of the quadratic model.

This angular effect correction approach assumes that for a stable
pixel, its NTL radiance follows a quadratic relationship against its VZA
(Eq. 1). We used the NTL pixel time series during the pre-hurricane
period to train a quadratic regression model (Eq. 1) and estimated the
percentage difference (f;,.) between nadir observations (NTL;y;a—0)
and angular observations (NTL;y;,) (Eq. 2). Then, we applied the esti-
mated percentage difference to convert all angular observations into
nadir observations (Eq. 3). Utilizing our approach, we corrected all the
NTL pixel time series within our study area. We reported that on
average, the angular effect contributed to an average of 5.6 % (VZA =
30°) and 10.3 % (VZA = 60°) NTL radiance bias from nadir observation
(Fig. S1).

3.2. Time series modelling of daily NTL data

Here, we used a time series analysis approach to identify the pixels
experiencing significant decrease in human activities (i.e., indicated by
significant decrease in NTL radiance) during hurricane landfall and es-
timate their post-hurricane recovery patterns. We focused on built-up
area pixels of hurricane-affected counties designated by FEMA (n =
446; colored areas in Fig. 1), where built-up areas were obtained from
the 500-m MCD12Q1 land cover map product. However, in addition to
angular effect, daily NTL data used in this study are subject to two main
issues — prevailing data gaps and a large background temporal variation
— that would affect the robustness of our analysis. Given that poor-
quality observations (e.g., cloud contamination) had been masked out
in the BRDF-corrected NTL radiance layer, there were prevailing data
gaps in the daily time series. On average, these data gaps covered 30.9
%, or 113 out of 365 days, of the daily observations of each pixel.
Furthermore, impacts, such as seasonality, flickering cycle and,
ephemeral signals, altogether resulted in a particularly high background
variations in daily NTL time series, with an average coefficient of vari-
ation of 17 % (Fig. 2) (Elvidge et al., 2022; Hsu et al., 2021; Zheng et al.,
2022a).

To address these two issues, we utilized the Bayesian Estimator of
Abrupt change, Seasonal change, and Trend (BEAST) model, a robust
time series decomposition and change detection algorithm (Zhao et al.,
2019). With an ensemble learning scheme to combine many individual
models via Bayesian model averaging, the BEAST model stands out from
other conventional time series models adopting a single-best-model
paradigm, which is susceptible to inter-model inconsistencies against
time series data with complex temporal patterns, such as daily NTL time
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Fig. 2. Methodological flowchart of this study and the NTL time series of a typical built-up pixel of BRDF-corrected NTL radiance layer of VNP46A2 product.

series data (Wang et al., 2021; Wu and Li, 2024; Zheng et al., 2023).
Moreover, the BEAST model can detect changes in irregular time series
with data gaps, making it particularly suitable for the daily NTL time
series used in this study.

Specifically, the BEAST model was applied to fit the daily NTL time
series of each built-up pixels two years before and after the hurricane

landfall. It served for two purposes: (1) to decompose the NTL time se-
ries into trend, seasonality (seasonal effect), and remainder components
(other under-captured NTL variations and noises). The resulting NTL
trend component - representing the response of human activity intensity
to hurricane’s impact — was used for the subsequent analyses; and (2) to
identify built-up pixels experiencing statistically significant decrease in



Q. Zheng et al.

NTL intensity and thus human activity intensity during hurricane
landfall (hereafter referred as “hurricane-affected pixels”).

We carried out a series of approaches to conservatively ensure the
robustness of the detected changes; that is, the detected change should
be resulted from hurricane impact and rather than the background
temporal variation of daily NTL data, modelling errors, or other co-
occurring events. First, the detected change must (i) fall within 15
days before and after the hurricane landfall date; (ii) have a change
occurrence probability larger than 95 % - one of the output parameters
of BEAST (see sensitivity analysis in Supplementary Text 1); and (iii) not
be concurrent with land cover changes, such as from built-up area to
non-built-up area, which is one of the key causes of significant NTL
changes (Stokes and Seto, 2019; Zheng et al., 2021). Second, we
calculated the deviation of observed NTL intensity to pre-hurricane NTL
trend of each daily observation (ANTL; Eq. 4 and Fig. 3).

ANTLt = NTLpre_rrend.t - NTLobs,t

t € PreHurricane
t € PostHurricane

NTerend_bea.s[.t ’

4
NTLtrend,bau,u ( )

where NTLpre,Uend.t = {

Where t indicates the date of observation; ANTL stands for the de-
viation of observed NTL intensity (NTLgps) to pre-hurricane NTL trend;
the pre-hurricane NTL trend is represented by the NTL trend estimated
by BEAST model (NTLirend peast) and the BAU NTL trend (NTLgrend bau)
during pre-hurricane period and post-hurricane period, respectively.

The ANTL during pre-hurricane period represent the distribution of
background temporal variation of daily NTL data. If the ANTL during
post-hurricane period (ANTLps,) is significantly lower than the ANTL
during pre-hurricane period (ANTLpe; t-test), it re-affirms that the
detected change is caused by hurricane rather than other issues, such as
background variation and modelling error (Fig. 3b).

3.3. Estimating the spatiotemporal pattern of post-hurricane recovery

With the resulting NTL trend and identified hurricane-affected built-
up pixels, we quantitatively analyzed the extent and intensity of the
hurricane’s impacts on human activity intensity and estimated the
duration of post-hurricane recovery. (1) Extent of hurricane’s impact:
For each hurricane-affected county, we calculated the proportion of
hurricane-affected built-up areas among the total built-up areas of the
county. (2) Intensity of hurricane’s impact: For each hurricane-affected
built-up area pixel, we measured the impact intensity by calculating the
relative NTL decrease between the 180-day average NTL radiance of the
pre-hurricane period and the maximum NTL radiance decrease during
the hurricane landfall period. (3) Recovery duration: For each
hurricane-affected built-up pixel, we estimated the recovery duration of
its human activity intensity by the lapse between the timing of the
detected change and the timing that the NTL trend rebounds to its

Remote Sensing of Environment 319 (2025) 114645

business-as-usual (BAU) level. The BAU referred to a counterfactual
condition that assumes the continuation of pre-hurricane condition
without the influences of hurricane. The BAU NTL time series was
projected by assuming a linear continuation of the NTL trend from the
pre-hurricane period. By comparing the difference between BAU NTL
trend (without hurricane) and observed NTL trend (human activity
changes after hurricane, e.g., downturn and recovery), it allowed us to
track the post-hurricane recovery trajectory and estimate the recovery
duration.

To analyze the spatial heterogeneity of the post-hurricane recovery,
we used a time series clustering approach to categorize the hurricane-
affected built-up pixels into three recovery trajectory types based on
their recovery trajectory: fast recovery, normal recovery, and prolonged
recovery. Firstly, we obtained recovery trajectory by calculating the
ratio between observed NTL trend and BAU NTL trend. Then, we
employed a stratified sampling strategy to collect recovery trajectories
of 5000 built-up pixels based on their recovery duration. Third, we used
a k-mean clustering approach, with Time-Weighted Dynamic Time
Warping (TWDTW) as distance measurement, to obtain three clustering
centroids, representing three recovery trajectory types (i.e., fast recov-
ery, normal recovery and prolonged recovery) (Belgiu and Csillik,
2018). For the remaining hurricane-affected built-up area pixels, we
measured the distance of their recovery trajectories to the clustering
centroids of each recovery trajectory type using TWDTW and assigned
them to the type with the shortest distance.

We further examined how the analyses would be affected by
analytical scales and whether the identified hurricane impact and re-
covery patterns remain fidelity across spatial scales. We aggregated the
daily NTL radiance of built-up pixels and calculated the total NTL
radiance of each census tract and county. Then, we applied the analyses
conducted at pixel scale to the aggregated census tract scale and county
scale, and compared the differences in the hurricane recovery pattern, as
well as identified hurricane impacts.

3.4. Inequality of hurricane recovery and its determinants

We utilized a two-pronged approach to analyze socioeconomic
inequality in post-hurricane recovery. Given that census tract is the
finest spatial scale with available socioeconomic variables, we used
average recovery duration of hurricane-affected pixels within a census
tract to match the spatial scale of the socioeconomic variables, totaling
7175 census tracts among 17 hurricane-state pairs. We employed the
Lorenz curve and Gini index to assess the inequality in recovery duration
by comparing the cumulative share of recovery duration with cumula-
tive share of variables (i.e., socioeconomic variables and received FEMA
assistance) sorted in an ascending order (Sanders et al., 2022). If the
recovery duration is equally distributed across these variables, the curve
would distribute along the diagonal 1:1 line. Gini index gauges the

a Hurricane landfall " T
o 2 & T o -
'5 -~ Recovery duration - — NTL trend (BEAST)
S i
L --- BAU NTL trend
-
'_
Z ] [ ] [ ] [ X X ) [ ] [ ] [ 1) [N ® __e_ " ee ] 000®O ® 00 @ e [ ] Tl
b Pre-hurricane Time (t) Post-hurricane = ) [
(&) A _
c pr
E )
< g
L

0
ANTL

Fig. 3. Conceptual diagram of observed NTL, NTL trend estimated by BEAST model, BAU NTL trend, and recovery durations (a) and the NTL deviation to pre-

hurricane NTL trend (ANTL; b).
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extent of deviation from the equal distribution line and quantitatively
measures the inequality of recovery duration distribution, ranging from
0 (equal) to -1/1 (unequal). Additionally, we used partial correlation
analysis to quantify the influence of each variable to the inequality in
recovery duration, while controlling the effects of other variables (e.g.,
hurricane intensity).

Time series modeling
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4. Results
4.1. Time series modelling
By summarizing the time series modelling performance of all the

pixels, we report an average R? of 0.81 + 0.14 (mean =+ std) in fitting
daily NTL data. Fig. 4 and Fig. S2 illustrate the modelling outcomes for
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during pre-hurricane period (ANTLp.,) and post-hurricane period (ANTLp.,), where the p-value was derived from t-test. Change_occ%: change occurrence

probability of the detected change point.
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pixels across hurricanes, locations, and NTL intensity. Our model ex-
hibits a robust performance in detecting NTL decrease caused by hur-
ricanes. For the pixels identified with significant NTL decrease by BEAST
algorithm, 99.84 % of them show statistically significant lower ANTLos
than ANTLpe, which re-affirms that the detected NTL decrease is
resulted from hurricane rather than background temporal variation of
daily NTL data or modelling errors. Nevertheless, we find that the
identified hurricane-affected pixels are all with an NTL intensity
approximately above 4 nW/cm?/sr. This suggests that our model might
under-detect hurricane-affect pixels in peri-urban and rural areas with
low NTL intensity, as the hurricane-induced NTL decreases are likely to
be buried in the high background temporal variation.

4.2. Pervasive, intense, and enduring impacts of severe hurricanes

We find that the selected hurricanes have caused pervasive and
intense impacts on human activity intensity, marked by the significant
decrease in NTL intensity. Figs. 5a & 5b summarize the frequency dis-
tribution of the percentage of hurricane-affected pixels of each county
(Impact extent) and their corresponding NTL intensity decrease
compared with the pre-hurricane level (Impact intensity) over all 17
hurricane-state pairs. Specifically, about 26 + 24 % of the built-up pixels
within each county experienced a significant decrease in NTL intensity
(p < 0.05), and most pronounced for Hurricanes Maria (51 + 26 %),
Hurricane Matthew in Florida (32 & 20 %), and Hurricane Michael in
Florida (831 + 21 %; Fig. 5a). For these hurricane-affected built-up
pixels, we observe an average decrease of 50 + 35 % in NTL intensity
during hurricane landfall, compared with the corresponding pre-
hurricane levels (Fig. 5b). Taking together, for each hurricane,
approximately 19 % of the counties were severely affected, with over 50

a 30%
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% of built-up pixels therein experiencing at least a 75 % decrease in NTL
intensity.

Our analysis shows that the pervasive and intense impacts of hurri-
cane pose substantial challenges to a timely recovery of human activity
intensity. It takes a median of 93 days (38-203 days; 25th-75th
percentile, same hereinafter) for hurricane-affected built-up areas to
recover to BAU level (Fig. 5¢). Our estimated recovery duration at pixel
scale are in accordance with the electricity restoration statistics from US
Department of Energy (U.S. DOE, 2018) (Pearson correlation coefficient
= 0.86), while direct comparison is not possible since different hurri-
cane assessment indicators are used (Fig. S3). Besides, the estimated
recovery duration and patterns are consistent with previous case studies
looking into a single hurricane at different spatial scales (Chakraborty
and Stokes, 2023; Friedrich et al., 2024; Jia et al., 2023; Park et al.,
2024; Roman et al., 2019). In addition, despite different socioeconomic
conditions and coping capabilities from other states of the conterminous
the U.S. (Dietz, 2018), our further analysis indicates the inclusion of
Hurricane Maria would not significantly bias the overall recovery
duration statistics (Supplementary Text S2).

We observe significant heterogeneity in the recovery duration within
a county. For hurricane-affected built-up area pixels within a county,
there is an average of 7-fold differences in the recovery duration be-
tween the higher 75th percentile and the lower 25th percentile (Fig. 5d).
Comparing the recovery duration of built-up pixels in urban and rural
areas within each county (n = 446), however, built-up pixels in urban
areas and rural areas share a similar recovery duration without statis-
tically significant difference for most counties (p > 0.05; 73 %). Built-up
pixels in rural areas exhibit longer recovery durations than those in
urban areas for 20 % of the counties, suggesting the rural areas in these
counties are less resilient to hurricane impacts (Fig. S4).
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Our temporal clustering analysis reveals that the majority (48 %) of
the built-up areas recover to their BAU level of human activity intensity
in a median of 68 days (49-89 days; normal recovery), while 24 % of the
built-up areas only take less than 19 days (13-25 days) to return to BAU
level (fast recovery) (Fig. 6a). However, a considerable portion of built-
up areas (28 %) undergo a prolonged recovery lasting for 205 days
(150-299 days), which triples the median recovery duration of those
with a normal recovery trajectory. Among the built-up areas experi-
encing a prolonged recovery, 42 % fail to recover to their BAU level of
human activity intensity even 12 months after the hurricane landfall.
Our wall-to-wall maps provide insights into the spatial distribution of
built-up areas experiencing prolonged recovery within a county
(Figs. 6b & 6¢; more examples in Fig. S5).

4.3. Needs for spatiotemporally explicit information in hurricane recovery
assessment

Applying our method at pixel scale to census tract scale and county
scale using the aggregated total NTL intensity of all built-up pixels
therein and comparing the resulting recovery patterns, we find that
spatiotemporally explicit information is imperative for accurately
assessing post-hurricane recovery (Fig. 7). The recovery patterns esti-
mated at the pixel, county and census tracts scales vary greatly and
relying on aggregated statistics tends to misinterpret recovery condi-
tions. Our estimates at county and census tract scales show that 94 % of
the counties and 60 % of the census tracts experience statistically sig-
nificant decrease in human activity intensity upon hurricane landfall
(Fig. 7a). Among these counties and census tracts, however, an average
of 92 % and 59 % of hurricane-affected built-up area pixels therein
exhibit a longer recovery duration than their corresponding county and
census tract, respectively (Fig. 7b). This finding suggests that when the
aggregated NTL radiance indicates a county or census tract has recov-
ered to its BAU level, a considerable portion of hurricane-affected built-
up area pixels therein actually remains unrecovered. On average, 40 %
and 36 % of hurricane-affected built-up area pixels only recover to less
than half of their BAU level, respectively, even when their corresponding
counties and census tracts indicate to have fully recovered (Fig. 7c).
These figures can go up to 66 % at county scale (Hurricane Maria) and
46 % at census tract scale (Hurricane Harvey). Furthermore, built-up
areas experiencing a prolonged recovery trajectory are prone to be
underestimated and buried in assessments using aggregated statistics.
While pixel-scale analysis reports that nearly 30 % of the hurricane-
affected built-up areas suffer from a prolonged recovery, it becomes
less prevailing when being analyzed from census tract (14 %) and county
(9 %) scales (Fig. S6).

Comparison among the recovery patterns estimated by NTL time
series of hurricane-affected built-up pixels (pixel scale), aggregated NTL
time series (county scale), and electricity restoration statistics (state
scale) (U.S. DOE, 2018) further corroborates our finding on the scale
dependency of recovery assessments. The recovery duration estimated
at pixel scale is 36 days (17-72 days) and 61 days (33-83 days) longer
than that estimated at county scale and state scale, respectively (Fig. S2).
In fact, analysis at census tract and county scale may also under-detect
the extent of hurricane-affected areas and the intensity of hurricane
impacts (Supplementary Text S3).

4.4. Inequality in post-hurricane recovery and its determinant

The Lorenz curves and Gini index (G) of all 17 hurricane-state pairs
indicate a noticeable inequality in the recovery duration across different
socioeconomic contexts (hereafter referred as “recovery inequality”).
Hispanic population (G = 0.52) and non-Hispanic Black population (G
= 0.65) tend to experience an overwhelmingly longer recovery duration
than other ethnic groups (Figs. 8b & 8c). On average, census tracts with
Hispanic and non-Hispanic Black populations greater than 50th
percentile contribute 88 % and 90 % of the cumulative share of recovery
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duration, respectively. In contrast, populations with a larger share of
non-Hispanic White population, a higher household income, and a
larger amount of received disaster assistance from the Federal Emer-
gency Management Agency (FEMA) show a disproportionately shorter
recovery duration (Figs. 8e-8g). Taking Hurricane Michael in Georgia as
an example, the median recovery duration of the populations with
household incomes above the 50th percentile is 16-day shorter than
their counterparts. Despite the prevailing inequality across most socio-
economic variables, we observe minor recovery inequality over property
value (G = -0.08) and the share of non-Hispanic Asian population (G =
0.10), whose Lorenz curves indicate no statistical significance in devi-
ating from the 1:1 equal distribution line (p > 0.05; Figs. 8d & 8h).

Outcomes of partial correlation analysis corroborate the close asso-
ciation between recovery inequality and socioeconomic factors (Fig. 9).
Census tracts with large proportion of Non-Hispanic Black population (r
= 0.50 £+ 0.16; 95 % CI), White population (r = 0.32 £+ 0.21), and
Hispanic population (r = 0.20 + 0.18) are vulnerable to recovery
inequality, underscoring disparities in coping capabilities of severe
hurricanes across races and ethnic groups. Under-education rates (i.e.,
with a high school diploma and below) and unemployment rates also
play a significant role in worsening recovery inequality. Surprisingly,
while FEMA assistance is designed to expedite post-hurricane recovery,
we observe a notable inequality in FEMA assistance allocation (hereafter
referred as “FEMA allocation inequality”; G = 0.59), which serves as a
key contributing factor to the recovery inequality (r = 0.65 + 0.35; p <
0.05). Besides, there is a statistically significant increasing trend in the
FEMA allocation inequality, which would very likely continue to exac-
erbate the recovery inequality in future hurricanes (Fig. S7). The amount
of received FEMA assistance (r = 0.14 + 0.13; p < 0.05) and whether
FEMA assistance is provided (r = 0.06 + 0.26; p > 0.05), however, only
play a marginal role in recovery inequality, respectively.

5. Discussions
5.1. Advantages of NTL-based Post-hurricane recovery assessment

Our proposed framework re-affirms and further expand the capa-
bility of daily NTL time series data as a feasible solution to effective post-
hurricane recovery assessment. It advances traditional approaches in the
following aspects. First, daily NTL time series provide temporally
consistent and near real-time estimation of post-hurricane recovery,
which largely addresses the inconsistency and temporal lagging issues in
traditional approaches. Taking Hurricane Maria as an example, the
official weekly hurricane recovery reports from the US Department of
Energy first adopted the electricity load as a rough proxy of customers
with power when the actual statistics were not available in the first two
months (Period 1 in Fig. 10) (U.S. DOE, 2018). Estimates of power
restoration of customers were only available four months after the
hurricane landfall (Period 3 in Fig. 10). Even so, the customers with
power might not accurately represent the population with power as
customers are typically defined by an electric meter, a building, or a
facility (Brelsford et al., 2024).

Second, given that the daily NTL images are continuously updating
and freely accessible globally, our framework holds a promising po-
tential to be adapted for other regions and disasters (e.g., floods, winter
storms, and earthquakes) with minor adjustments and additional
sensitivity analyses. For many developing countries, particularly,
effective disaster recovery tracking are still unavailable or simply
relying on bottom-up indicators such as utility records, population sta-
tistics, and self-reporting data (Farquharson et al., 2018). For example, a
recent study of 109 developing countries indicated that utility records
only report 15 % of customer-reported extent of power outages (Correa
et al., 2018). The use of daily NTL images, coupled with geospatial and
time series modelling approaches, will bring tangible benefits to
improve these countries’ disaster recovery assessment capability at a
minimal cost. Third and most importantly, the fine-scale insights into
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recovery duration patterns deliver a series of implications essential to
support effective post-hurricane recovery (see detailed discussions
below).

5.2. Implication to a better Post-hurricane recovery

The identified large difference in the recovery duration of pixels
across space and hurricanes highlights the importance of understanding
the spatiotemporal heterogeneity of post-hurricane recovery. It offers
guidance on where decision-makers, emergency management agencies,
and insurance companies should strategically prioritize their restoration
efforts. Our identified built-up areas experiencing a prolonged recovery
enable decision-makers to pinpoint the locations most in need of
prioritized assistance on a sub-county or sub-census tract scale, which
are unattainable from traditional recovery tracking approaches relying
on aggregated statistics (Figs. 7b & 7c). This is crucial to mitigating the
socioeconomic consequences of failure to speed up recovery, such as
morbidity and mortality, displacement, social segregation, and bank-
ruptcy (Billings et al., 2022; Fussell et al., 2010; Parks et al., 2022).
Besides, a spatiotemporally explicit understanding of recovery patterns
can help to shift the widely adopted density-based hurricane restoration
protocols — prioritizing densely populated urban areas that tend to
disadvantage vulnerable populations in rural and detached communities
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— to evidence-based protocols and better balance trade-offs between
densely populated communities and vulnerable communities (Khan
et al., 2018; Park et al., 2024). Last, our analysis indicates estimation of
post-hurricane recovery is heavily scale dependent. Aggregated statistics
or data with very coarse spatial resolutions (e.g., >10 km) should be
used with caution for informing post-hurricane recovery. Using aggre-
gated statistics or coarse-resolution data will risk disguising consider-
able heterogeneity and overlooking the neighborhoods struggling in
recovery, consequently leading to maladaptation outcomes. Thus, it is of
urgent necessity for future post-hurricane assessments to incorporate
fine-scale information, at least as a complement, with other approaches
to obtain a more comprehensive understanding on the recovery
progress.

Spatiotemporally explicit understanding of hurricane recovery also
facilitates decision-makers in identifying possible solutions to reduce
recovery inequality in the future. Our analysis suggests that rates of
recovery are highly dependent on the ethnic makeup and education
level of an area, suggesting a compounding impact of natural disasters
on disadvantaged communities. This corroborates existing arguments
that communities with better education are often more informed, risk-
aware, and resilient, thereby better equipped to adapt and respond to
severe hurricanes (Brelsford et al., 2024; Gould et al., 2024; Ronco et al.,
2023). It also implies that the language barrier and complexity of
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Fig. 9. Partial correlation coefficients of the driving factors for recovery
inequality. Results are summarized from 17 hurricane-state combinations (*: p
< 0.05; **: p < 0.01; ***: p < 0.001).

assistance application procedure can hinder disadvantaged communities
from obtaining support for recovery (Li et al., 2023). As one of the
largest expenditures of disaster relief programs, one of FEMA’s ongoing
endeavors is to “break down barriers and ensure an equal disaster re-
covery” (FEMA, 2024b). However, our findings suggest that the FEMA
assistance allocation, in fact, exacerbates the inequality of hurricane
recovery. This finding echoes a growing body of evidence and sentiment
that the federal disaster program lacks the ability to effectively reduce
the financial burden of natural disasters for many who need it urgently,
particularly for minorities and disadvantaged populations. Unfortu-
nately, this adverse influence is expected to continue and even escalate
due to the regression trend in the amount of FEMA assistance provided
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per application and its allocation equality (Billings et al., 2022). One
recent study found a three-time higher denial rate for neighborhoods
with high Black people share than those with high White people share,
which accounts for the falling approval rate of FEMA individual assis-
tance program (Vestby et al., 2024). These shreds of findings emphasize
that it is insufficient to provide disaster recovery assistance for effective
hurricane recovery, and highlights the urgent need for FEMA to enhance
its allocation equality, such as via an improved application and review
procedure, providing targeted assistance to disadvantaged groups (e.g.,
the under-educated and unemployed).

At a broader scale, our findings hold significance for buttressing and
improving initiatives aimed at reducing risks and enhancing resilience of
disasters, such as the 2022-2026 FEMA Strategic Plan (Goal 1 - instill
equity) (FEMA, 2023, 2024c), the Sendai Framework for Disaster Risk
Reduction (Aitsi-Selmi et al., 2015; Markhvida et al., 2020), and SDGs
(Target 11.5 - make human settlements resilient and Target 10.4 —
achieve great equality) (Griggs et al., 2013). For example, our findings
necessitate the following essential improvements in the current 38
assessment indicators for measuring the implementation progress of
Sendai Framework Disaster Risk Reduction: (1) including recovery
assessment indicators in addition to indicators assessing disaster impacts
(e.g., loss and damage); (2) adding a sub-set of assessment indicators
looking into the equality in disaster risk reduction, which is absent in the
current indicator set. In fact, such improvement was also suggested by a
recent review report from the United Nations (UN, 2023); (3) devel-
oping disaggregated assessment indicators: many Sendai Framework
indicators are assessed at a per 100,000 people basis, which approxi-
mately is four-time of median population size of a county in the U.S.
(25,950 as of 2023) (United States Census Bureau, 2023). Disaggregated
indicators accounting for local conditions at sub-county or sub-census
tract scale are necessary for accurate disaster risk assessment without
overlooking spatial heterogeneity in the impact and recovery of disaster.

5.3. Limitations and uncertainties

It is important to acknowledge several constraints and limitations in
our study. Firstly, we treated and tracked the impact of each hurricane
separately, which may have underestimated the cumulative impact in
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percentage of population with power (restored) compared with pre-hurricane period. Note: *PREPA: The Puerto Rico Electric Power Authority; **DOE: Department

of Energy; *** USACE: U.S. Army Corps of Engineers.

cases where consecutive hurricanes strike the same location in quick
succession (Machlis et al., 2022). An example is Hurricane Laura (Aug.
26, 2020) and Hurricane Delta (Oct. 6, 2020), both affecting Louisiana
in 2020. Upon the landfall of Hurricane Delta, about 38 % of the built-up
pixels affected by Hurricane Laura have fully recovered to BAU level,
while 12 % only recovered to less than 25 % of their BAU level. Despite a
low occurrence rate of sequential hurricanes in the past decades, the
chance of sequential hurricanes is projected to increase sharply under
median/high emission future development scenarios (Xi et al., 2023).
Secondly, while the capability of indicating human activities changes of
VIIRS NTL data has been well-acknowledged, its inherent limitations
would introduce uncertainties into our analysis, including the impacts of
overpass time (Li et al., 2020), flicker cycle (Elvidge et al., 2022), data
gaps (Zheng et al., 2022a), and spectral setting (Kyba et al., 2014). For
example, the overpass time of VIIRS NTL data is about 1:30 am (local
time), during which many outdoor lighting facilities are turned off
(Elvidge et al., 2013). Our simplified sensitivity analysis indicates that
the off-peak overpass time of VIIRS is likely to underestimate spatial
heterogeneity in the identified recovery duration and recovery
inequality (Supplementary Text S4). While the BEAST model can fit time
series with data gaps, our sensitivity analysis indicates that the data gaps
during hurricane landfall period would underestimate the hurricane
impact intensity by approximately 7 % and slightly overestimate re-
covery duration by 3 % (Supplementary Text S5). Despite these limita-
tions, VIIRS thus far remains as the only NTL data with a global and long-
term data coverage, free accessibility, and radiometrically calibrated
NTL intensity. New NTL data, such as SDGSAT-1, might open new op-
portunities for an improved representation of human activities, but the
validity requires further scrutiny (Jia et al., 2024). Thirdly, while NTL
data closely correlate with socioeconomic activities, they only serve as a
general proxy for human activity intensity and its changes, omitting
recovery in other dimensions such as physical and mental well-being,
supply chains, and regional economic linkage, etc. (Kim and Bui,
2019). Besides, recovery inequality may be associated with several other
factors that were not measured directly or not available for our analysis
(e.g., hurricane insurance, building materials, and greenspace configu-
ration). Further investigations into these dimensions are expected to
better inform post-hurricane recovery efforts.
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6. Conclusions

The increasing frequency and severity of hurricanes along the U.S.
Gulf and East coasts, coupled with the projected population and eco-
nomic growth therein, are anticipated to pose challenges to socioeco-
nomic recovery from hurricanes. This study illustrates the benefits of
utilizing NTL imagery and time series modelling to derive spatiotem-
porally explicit measures of post-hurricane recovery. Our findings sug-
gest a large spatial heterogeneity in recovery duration, which is prone to
be underestimated when aggregated statistics are used in recovery as-
sessments. Also, we identify substantial inequality in recovery across
racial and disadvantaged groups, with current disaster relief programs
exacerbating the issue. Nuances derived from such fine-scale analyses
are necessary for countries to develop a precise and equitable hurricane
recovery strategy and improve current disaster restoration and assis-
tance protocols.

We highlight the necessities of following improvements and in-
vestigations in future studies: (1) to translate NTL-based recovery
knowledge into actionable information that can be easily interpreted
and applied by non-technical stakeholders (e.g., first-responders of
hurricanes and rescue resource allocators), as well as poorly equipped
developing countries; (2) to calibrate and improve top-down recovery
tracking approaches (e.g., our NTL-based method) with bottom-up
datasets, such as customer reports and utility companies (e.g., a recent
data product from (Brelsford et al., 2024)); (3) to examine the perfor-
mance of our method in tracking the recovery of other disasters; and (4)
to better quantify the uncertainties and disentangle the noises of daily
NTL data.
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