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Abstract

Satellite nighttime light observations show great promise for remote sensing of power outages,
yet have only been utilized in limited case studies to date. Here, we present generalized
detection of power outages across the globe at ~1-kilometer resolution. Our method, the Outage
Framework for Luminosity Interruptions (OWL-I), reveals the power outages can be reliably
detected from VIIRS/Black Marble nighttime light observations with no knowledge of the driver
event or infrastructural records. Confounding factors that have complicated past nighttime
light outage detection efforts—including lunar illumination, satellite viewing geometry, snow
albedo, and temporal factors—are, for the first time, jointly corrected in a unified framework.
While conventional outage detection methods from the literature are shown to be prone to false
positive detections, our method exhibits dramatically improved detection skill and remains well
calibrated and skillful even for extreme events it was never trained on. When applied to the
complete satellite nighttime light observational record 2012-2024, the structure, extent, and
time-evolution of power outages are revealed with unprecedented fidelity. These results enable
spatially detailed analyses of the drivers and impacts of power disruptions, supporting power
grid resilience planning, hazard impact assessment, and emergency management research.

1 Introduction

Reliable electric power is foundational to modern economies and public health [18]. Accurate
characterization of historical power disruptions, encompassing the spatial distribution, frequency,
and magnitude of power outages, is essential for understanding grid resilience and safeguarding
against future outages.

Despite this importance, publicly available high-resolution outage records are scarce. In the
United States, the most comprehensive national dataset is EAGLE-I [6], which tracks electricity
customers without power at 15-minute intervals for nearly all counties in the continental United
States (CONUS). While invaluable, datasets such as EAGLE-I are inherently limited in spatial
resolution: they cannot distinguish where outages occur within a county, nor whether outages are
widespread and diffuse or local and intense, features that may significantly modulate impacts. Since
counties vary greatly in size across the CONUS, with some comparable in area to e.g. mid-sized
European nations, sub-county resolution is critical for hazard attribution and impact analysis.
However, current power outage modeling and analysis efforts are fundamentally limited by this
resolution gap, with most efforts operating at county or service-area scales [3, 11, 15, 36, 40, 42].
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Figure 1: Confounding factors influencing satellite nighttime light retrievals: obscuration by
(a) vegetation, (c) urban structures, and (f) clouds, the effects of which may be dependent on
(e) viewing angle; enhancement due to (b) moonlight reflection and (d) snow albedo. Not
pictured: weekly, seasonal, and long-term temporal effects.

Proprietary sub-county scale data acquired in partnership with utility companies has occasionally
been analyzed in the literature [46, 47|, but is geographically limited to the utility’s service region
and cannot be shared publicly. Many other nations lack publicly-available high quality power outage
records at any spatial resolution.

Satellite observations of nighttime light offer a physically motivated alternative for detecting
power outages with much greater spatial fidelity [23]. When electricity goes out, nighttime brightness
retrievals drop measurably in imagery acquired by satellite sensors such as the Visible Infrared
Imaging Radiometer Suite (VIIRS) Day-Night Band (DNB). The widely-used Black Marble product
[37, 45], a post-processed and quality-controlled dataset produced by NASA, makes these deviations
even clearer. The conventional method of detecting outages in this data—which nevertheless provides
serviceable results and has been utilized by most studies to date [14, 16, 24, 25, 38, 43, 50, 51, 53|—is
to simply compute the ratio of nightly observed brightness to some baseline (usually a pre-event or
long-term mean), with ratios below 100% indicative of an outage. However, VIIRS-derived brightness
products are not designed exclusively with power outage detection in mind [45], and a growing body
of research [20, 21, 41, 44| has identified a number of non-outage factors—including satellite viewing
geometry, seasonal effects, snow albedo, and lunar illumination—that cause substantial variability in
nighttime brightness (Figure 1). These confounding factors have been an unrecognized limitation of
a disconcertingly large number of past studies, and while one or two confounding factors (usually
viewing geometry) have been corrected for in a handful of event-specific outage detection works
[7,9, 17, 48, 50, 52|, no study has developed and validated a method to systematically correct for
all known factors, nor apply such a method at a national or global scale across a wide range of
places, times, and events. The lack of a standardized, calibrated, and high-quality outage method
and dataset derived from nighttime satellite observations is thus a glaring gap in the literature, and
its establishment would be of obvious benefit to future research.
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Here we address this gap with the Outage Framework for Luminosity Interruptions (OWL-I),
the first generalized, standardized, and validated method for detecting power outages from satellite
nighttime light observations at a global scale. OWL-I consists of a two-stage pipeline, in which known
confounding factors in the nighttime light observation signal are first accounted for with a conceptual
model, and then calibrated against county-scale outage observations with a robust and validated
artificial intelligence approach while preserving kilometer-scale fidelity. This approach is found
to drastically outperform common methods from the literature across a wide range of conditions,
including extreme events for which it was never trained. With OWL-I, we produce a complete ~1km
daily power outage dataset for the entire CONUS spanning 2012-2024, and demonstrate promising
generalizability to any region on the globe. This method and the resulting publicly available dataset
represent a significant advance in high-resolution outage detection, enabling a range of previously
difficult analyses including power grid structure discovery, high-resolution outage risk modeling, and
sub-neighborhood scale vulnerability assessment.

2 Results

OWL-I is a two-stage framework which predicts outages given satellite nighttime light data, by (1)
correcting for confounding factors at the scale of individual pixels (Methods 4.3) and (2) converting
the corrected brightness to outage level with a robust machine learning method (Methods 4.4). These
stages are evaluated individually and together in the following sections.

2.1 Correcting confounding sources of brightness variability

Nighttime light radiance, even after the NASA Black Marble post-processing, varies substantially
due to known factors unrelated to power outages, including: satellite viewing angle [21, 41, 44], snow
cover (Figure S2b and [44]), moonlight (Figure S2c and [8, 44]), and temporal factors on weekly
(Figure S3 and [22]), seasonal [20, 22, 44], and long-term scales [20, 22|. These confounding factors
have largely been identified individually in the literature, but not yet been corrected together in a
unified framework. This is perhaps because many of these factors are too complex to model from a
process perspective, since they are the result of interactions between viewing conditions, terrain,
urban morphology, human behaviors, and natural processes (see, for example, the heterogeneous
response of brightness to satellite viewing angle in Figure 2). We instead derive empirical relationships
for these factors directly from the observational record with a “deconfounding” linear model grounded
in physical understanding of the problem (Methods 4.3).

A surprising amount of variance is captured by this deconfounding model. As visible in Figure 3,
the confounding factors represented in this simple model can explain up to 94.1% of the variance in
a pixel’s nighttime light observations. They explain 35.4% of the variance in the average pixel, 35.1%
in the median pixel, and 35.0% when taking the average weighted per-pixel by population. The
skill is widespread, but particularly noticeable in the urban-rural boundaries surrounding sprawling
metro areas, such as in the vicinity of Dallas, Texas. Put plainly, this result suggest that on average
at least one third of the variability in surface nighttime brightness is due to confounding factors
entirely unrelated to power outages.

This deconfounding model enables a new and more robust method of detecting outages. Instead
of the conventional approach often used in the literature (Methods 4.2)—which identifies deviations
between an observation and some long-term mean—we identify deviations between the observation
and the corresponding value predicted by the deconfounding linear model, which serves as a more
accurate “expected brightness baseline” that takes into account viewing geometry, lunar conditions,
etc. (Methods 4.3). Still, a number of uncertainties remain. Chief among them is whether true power
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Figure 2: Dependence of nighttime light brightness on interactions between viewing zenith
angle (6,) and viewing azimuth angle (¢,). (a) Composite 2012-2024 mean brightness for
the Phoenix, Arizona metropolitan area when viewed from overhead (6, < 5°). (b) The
city’s brightness shows a moderate and heterogeneous response when viewed from the west
(¢y < 0°) as opposed to the east (¢, > 0°) at moderate zenith angles (6, ~ 30°). (¢) When
the satellite is substantially off-nadir (6, ~ 60°) viewing azimuth angle has a much stronger
effect, with urban glow casting a brightening effect on the side of the urban center opposite
the satellite.

outage fraction varies linearly with brightness reduction (i.e., does a 25% reduction indicate 25% of
customers are without power, or greater or fewer?) and whether that relation is stable across different
population densities (i.e., is a 25% brightness reduction in rural Wyoming as indicative of power
outage as a 25% reduction in downtown New York City?). Additionally, there may be confounding
factor inter-relationships which are too complex to be included in the simple deconfounding model,
yet may be learnable from the data directly in a more generalized model. In the next section, we
address these concerns with the development of an artificial neural network model which corrects
and calibrates against observed county-level outage totals while preserving pixel-level structure.

2.2 Generalized outage detection with OWL-I

Our method, which we term OWL-I, is a robust neural network that relies primarily on the
corrected brightness signal derived from the deconfounding linear model, but learns to further
correct and calibrate it against EAGLE-I power outage observations. However, to properly calibrate
kilometer-scale predictions against county-level targets requires an unorthodox modeling approach.
This many-to-one (pixels-to-county) optimization problem would be challenging or impossible with
traditional regression or machine learning techniques, and even many standard computer vision
methods are ill-suited for this task. While window-based techniques such as convolutional networks
and vision transformers are state-of-the-art in many image-to-image tasks, they are naturally
inclined to blurriness even when trained on pixel-level targets [12]; when only aggregated targets
are available, they are by nature incapable of preserving pixel-scale output fidelity (as illustrated in
Figure S4). In contrast, OWL-I utilizes a novel framework which operates only on single pixels—
thus intrinsically preserving kilometer-scale fidelity—while being trained to accurately reconstruct
county-level EAGLE-T outage totals by summing outages over county areas (Methods 4.4).

To robustly test the generalizability of the OWL-I method, we train a ensemble of models with
eight-fold cross validation, and assess their skill across the entire period of EAGLE-I coverage by
evaluating ensemble members on years which they were never trained on. We compare OWL-I with
the uncorrected and uncalibrated “conventional method” (Methods 4.2) often found in the literature,
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Figure 3: Proportion of variance in Black Marble BRDF-corrected log-nighttime light obser-
vations explained by confounding factors, 2012-2024.

132 and corrected but still uncalibrated “deconfounded outage method” (Methods 4.3). R? is used as the
133 primary assessment metric, with linear-space R? primarily indicative of a method’s ability to capture
134 major outages, and log-space R? indicative of a method’s ability to discern outage magnitude across
135 all event and county sizes. Pearson and Spearman correlation provide additional context for the
136 comparisons, indicating whether a method captures the correct relative magnitudes and ordering of
137 outage events.

138 By all metrics in Table 1, OWL-I significantly outperforms both of these baselines in predicting
130 EAGLE-I outages at test time. Although the baselines have moderate Pearson correlations and
10 Spearman rank correlations with the EAGLE-I targets, they both exhibit negative R? indicating a
11 mean bias. OWL-I has substantially better performance in both linear- and log-space R?, suggesting
112 good calibration and skill across a wide range of outage events, as well as substantially better
13 correlation in both the Pearson and Spearman sense (with a Pearson correlation of more than
14 double that of the conventional method). The deconfounded outage method exhibits generally better
us  performance than the conventional method, though by a much smaller margin.

Table 1: Performance of three nighttime light outage detection methods in predicting 2014-
2024 county-level EAGLE-I outage observations. OWL-I ensemble members were evaluated
only for samples that they were never trained on. R%s and Pearson correlations are provided
in both linear space and log space. Bolded values indicate best performance among the three
methods; OWL-I achieves the best score in all cases.

Method o ﬁ% 77777 Pearson r  Spearman p
Lin Log. Lin Log
OWL-I (ours) 0.489 0.431 0.720 0.657 0.507

Deconfounded outage -3.128 -1.789 0.388 0.365 0.327
Conventional outage -4.628 -1.673 0.358 0.341 0.300

146 Given the state-of-the-art skill achieved by OWL-I, we apply the framework to the complete
17 nighttime light record for the continental United States 2012-2024 (Methods 4.5) and make the result-
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ing outage dataset publicly available on Zenodo at https://doi.org/10.5281/zenodo.20433558
[35].

2.3 Case studies

For deeper understanding of OWL-I’s abilities, we evaluate the method’s skill on notable outage
events within the record, using the ensemble member which was never trained on that event for an
unbiased characterization of model generalization skill.

2.3.1 Hurricane Michael, 2018

Hurricane Michael was a Category 5 hurricane which made landfall on the Florida panhandle near
Panama City around 1:30pm local time on October 10", 2018, with winds of approximately 160 miles
per hour [5]. It caused widespread damage, with an estimated $25 billion in direct losses throughout
Florida, Georgia, and Alabama [5]. As a recent major power outage event, it has been analyzed
using satellite outage detection methods in the literature, both with the conventional method (Zhang
et al. [50] and Mitsova et al. [24]) and partially-deconfounded methods (Zheng et al. [52] apply a
quadratic correction for satellite viewing zenith angle only). We use the conventional method (with
L, established as March-September 2018 mean nighttime brightness, following Mitsova et al. [24])
and our deconfounded outage method (as it is a superset of the corrections applied by Zheng et al.
[52]) as representative baselines to compare against, and analyze the period of October 10th-31%¢ to
capture the onset of outage and restoration of power over time. Pixel-level predictions are generated
with all three methods, and aggregated to county levels as in Equation 6, with a minimum satellite
population coverage (Fioy) of 75% for county-nights to be considered valid for inclusion.

Maximum predicted outage maps for all three methods for the period—at both pixel and county
scales—as well as the EAGLE-I ground truth are shown in Figure 4. It is immediately apparent that
both the conventional and deconfounded methods substantially overestimate the spatial extent of
outages, predicting a significant outage in nearly every county in the region at least once during the
period. OWL-I is much more accurate, slightly underestimating the extent of outages compared
to EAGLE-I but capturing the localization of damage along the storm’s track quite well. When
evaluated for all county-nights in the case study, OWL-I outperforms the two baselines by an obvious
margin (Table 2a). When isolating only those counties where peak EAGLE-I outages exceeded 5,000
customers (counties labeled by name in Figure 4a), the margin is smaller though still in OWL-I’s
favor, particularly for the log-space metrics which highlight skill for low and moderate outage levels
(Table 2b). These results suggest that the simpler methods are relatively suitable for identifying
major outage peaks, but are unskilled at identifying minor outages, non-outages, or the decaying
tails of major outages.

These insights are bolstered by visualizing the temporal progression of outages from the three
methods against nightly EAGLE-I observations (Figure S5). In Florida’s Leon and Bay counties,
where outage totals approached 100,000 customers or more, all methods appear similar. In moderately-
impacted counties (peak customers out <30,000), greater variability is evident: The conventional
method is prone to large and anomalous fluctuations—sometimes in the opposite direction of the
EAGLE-I trend, such as November 13*-15*" in Houston County, AL—and rarely settles to a zero
outage level following the event, thus overestimating outage durations. The deconfounded method
is similar but smoother, though still exhibiting obvious anomalies (e.g., the end of the month in
Houston County, GA). OWL-I tracks the overall shape of the observed outage curves much better,
though often settles to zero sooner than observations, thus underestimating outage durations.


https://doi.org/10.5281/zenodo.20433558

a) EAGLE-I outages b) LandScan population

——
=== Hurricane Michael track '

33°N

=
o
=
o
N

3L5°N
2
Customers out
315°N
Customers

-
v

103

-
o
Ed

30°N
30°N

HHHHH

K,
e 9% |
> =9 : s
o - ﬂ ,
9 o)
z| AL L A T T T e ,/ 10° g >
RN aras o
: i - g in |y
e Ve ° ]
g —RY 1 R )
= g
s :
N L '

10° 0.2

e) Deconfounded county outages

10°

-
o
2
Customers out
Outage fraction

10° 0.2

‘ g
4
AL
4 ] ‘f S
i = | o
| S Ya' 3o | t S
° Ou.t:gefracb’tion ® °

10° 1.0
0.8

s c

3 s

0.6%

10° 8 8

£

S &

E 048

o -1

o
10° 0.2
0.0

Figure 4: Maximum outages in the path of Hurricane Michael for October 10t"-31%¢, 2018,
from (a) nightly EAGLE-I and (c-h) three satellite outage detection methods at pixel and
county-aggregated scales, with (b) LandScan population for reference. For OWL-I, the
ensemble member that was never trained on 2018 is used.



Table 2: Hurricane Michael case study performance. Each method is evaluated for its skill in
predicting nightly county outage totals compared to EAGLE-I ground-truth, for all county-
nights with sufficient valid EAGLE-I and nighttime light data. Methods are evaluated for (a)
all counties shown in Figure 4, and (b) only for those counties with peak EAGLE-I outages
exceeding 5,000 customers. For OWL-I, the ensemble member that was never trained on 2018
is used. Bolded values indicate best performance among the three methods; OWL-I achieves
the best score in all cases.

(a) All counties in region

Method R > Pearson r  Spearman p
Lin Log. Lin Log

OWL-I 0.826 0.386 0.910 0.664 0.509

Deconfounded outage -0.295 -2.417 0.620 0.073 -0.016

Conventional outage  -0.242 -2.122  0.595  0.099 0.018

(b) Counties exceeding 5,000 peak customers out in EAGLE-I

Method R 2] Pearson r  Spearman p
Lin Log. Lin Log

OWL-I (ours) 0.904 0.582 0.969 0.775 0.776

Deconfounded outage 0.847 -0.424 0.933 0.372 0.331

Conventional outage 0.838 -0.349 0.925 0.353 0.320
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2.3.2 2021 Texas winter storms

In February 2021, a series of winter storms brought record cold and snow to much of Texas, resulting
in significant disruptions to power generation and distribution. Nearly 10 million people were left
without power at the peak of the outages, and over 200 deaths are attributable to the event [29].
We evaluate OWL-I against the baselines methods for the period February 10t"-28" with the
conventional method following a similar satellite outage detection study for this event (Xu et al.
[15]).

OWL-I is again clearly the best method for capturing the spatiotemporal pattern of outages
during this event (Table 3), although this event appears to be much more challenging for all satellite
outage detection methods than the case of Hurricane Michael. The baseline methods again somewhat
overestimate the extent of peak outages, while OWL-I slightly underestimates it (Figure S6); however,
the temporal progression (Figure S7) reveals that the baseline methods often predict their peak
well after the actual outages occurred, rendering the temporal-maximum maps misleading. Instead,
plotting the relation between observed and predicted outages for all county-nights simultaneously
(Figure S8) shows that the baseline methods frequently predict substantial (> 1000 customer) outages
when the true outages are minimal (~ 10 customers or less). Although OWL-I is not immune to
outlier predictions it follows EAGLE-I much more closely, with a log-space R? of 0.355 compared to
less than —1.0 for the baseline methods.

Table 3: 2021 Texas winter storms case study performance, as in Table 2, for (a) all counties
in the region, and (b) only those counties with peak EAGLE-I outages exceeding 20,000
customers. Bolded values indicate best performance.

(a) All counties in region

Method R > Pearson r ~ Spearman p
Lin Log. Lin Log

OWL-I (ours) 0.182 0.355 0.539 0.625 0.514

Deconfounded outage -0.520 -1.339 0.514 0.194 0.127

Conventional outage  -0.527 -1.152 0.486  0.210 0.150

(b) Counties exceeding 20,000 peak customers out in EAGLE-I

Method R > ] Pearson r  Spearman p
Lin Log Lin Log

OWL-I 0.141 0.469 0.528 0.689 0.539

Deconfounded outage -0.585 -1.659 0.478  0.180 0.181

Conventional outage  -0.595 -1.512 0.448 0.161 0.141

2.4 Kilometer-scale outage dynamics

In addition to quantifying OWL-I’s skill against county-level targets, a closer investigation of how
the framework operates at individual pixels is revealing of its capabilities and internal processes.
We find that OWL-I learns a sigmoidal relationship between brightness anomalies and predicted
pixel-level outages, depicted in the partial dependence plot of the two variables (Figure 5). The
learned relationship between brightness anomaly and outage level is strongly non-linear, despite
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Figure 5: Partial dependence between (deconfounded) brightness anomaly and OWL-I outage
predictions at the pixel level, weighted by per-pixel LandScan population. The blue line
shows the mean response, while the green density scatterplot shows the underlying data.

the common assumption of linearity in the literature. On average, the model predicts outages
when brightness dips below 50% of expected, and approaches total outage for brightnesses below
10% of expected. This curve highlights the importance of a trained and calibrated method such
as OWL-I; the linear assumption is intuitive and easy to make, but seems to be the source of
frequent overestimation by the conventional outage method as identified in our case studies. The
density scatterplot backdrop in Figure 5 also shows that model outputs are not solely a function of
brightness anomaly, but are modulated by learned corrections related to other confounding factors
and conditions, though primarily only for brightnesses between 10% and 60% of expected.

Another important feature of our proposed method is that it preserved kilometer-scale fidelity
while learning the proper calibration from county-level targets. To demonstrate this capability, we
can return to the 2021 Texas winter storms case study, with a focus on the Houston metropolitan
area. Houston (and broader Harris County) did not experience a total blackout during this event,
but instead the localized failure of individual circuits [53], as is visible in the raw brightness maps
(Figure 6a-b). OWL-I captures this spatially heterogeneous pattern of apparent outages qualitatively
quite well (Figure 6¢), and does not simply learn an average outage level applied to all pixels in
the county. By design, OWL-I's “pixel-independent” architecture (Methods 4.4) is not prone to the
loss of fidelity that many alternate approaches would be susceptible to when trained on county-level
targets.

2.5 Global outage detection

Although OWL-I is only trained on the continental United States where EAGLE-I is available, the
framework is intentionally designed to rely only on globally-available data sources (primarily Black
Marble and LandScan Global) at inference time, and is thus theoretically capable of generalizing to
any location on Earth. While some specific aspects of United States brightness dynamics may not
be applicable in other regions, we suspect the dominant relationships between population density,
brightness, and outage will remain similar enough that OWL-I can serve as a reliable first-order
estimate in global applications, where outage records of any kind (not to mention at 1km resolution)

10
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Figure 6: The Houston metropolitan area during the 2021 Texas winter storms. (a) NASA
Black Marble nighttime brightness before the event and (b) near peak outage. (¢) OWL-I
outages for the same date demonstrate that kilometer-scale fidelity is preserved.

may otherwise be scarce. To investigate further, we analyze three such events across diverse regions
and scales, and compare with contemporary news reports for a qualitative assessment of OWL-I's
global capabilities (Fig. 7).

2021 Pakistan blackout At 11:40pm local time on January 9*" 2021, a power system failure
plunged Pakistan into a nationwide blackout which was gradually restored over the following day.
Although widespread use of backup generators in this region [39] makes it difficult to assess the
exact proportion of people who were truly without access to power, NetBlocks estimated that
internet connectivity in the country dropped by 38% in the immediate wake of the outage [28]. From
the satellite nighttime brightness observations collected that night, OWL-I successfully detects a
national-scale power outage event with an estimated 41.2 million people experiencing outage in
cloudless regions (Fig. 7a). However, given that 47% of the nation’s population is obscured by clouds
on this date (primarily in the densely-populated Punjab region), the true total is potentially far
more; simple extrapolation suggests 77 million people out. OWL-I's estimated percentage of the
nation’s (satellite-visible) population experiencing outage is 32.3%, similar to NetBlocks’ estimate of
38% though consistent with OWL-I’s generally conservative tendencies found in preceding sections.

2023 Tiirkiye earthquakes On February 6" 2023, a M, 7.8 earthquake struck northwest of
Gaziantep, Tiirkiye, although the aftermath of this event was mostly obscured by clouds. A further
M,, 6.3 aftershock (ISC 625728181) struck near the city of Antakya in the evening of February 20",
further damaging the already fragile infrastructure [10]. OWL-I successfully detects this localized
outage in Antakya on that night, with severe outage across the city affecting at least 225,000 people
(Fig. 7b). Specific reporting of the power outage impacts of this event are difficult to find, but this
series of earthquakes is known to have damaged the entire city of Antakya [49].

2019 Java blackout Disruption to a critical East-West transmission line caused cascading
power system failures across the Indonesian island of Java starting around noon local time on August
4% 2019, primarily impacting the western and to a lesser extent central parts of the island [32].
Although upwards of 100 million faced outages at the peak [1], power was restored to the capital
Jakarta and some other areas in nine hours [33|. Still, many regions faced outages into the night, with
OWL-I detecting a widespread outage impacting at least 6.9 million people (Fig. 7c). The framework
correctly identifies the outages to be concentrated primarily on the western half of the island, while
also accurately capturing the largely-restored conditions in Jakarta providence—although a clearer
view of that region is precluded by cloud cover.

These examples suggest that OWL-I remains qualitatively skillful in global applications, and
captures coherent patterns of outage consistent with reported impacts. These results further highlight
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Figure 7: OWL-I outage detections at pixel (left) and district (right) levels for three major
outage events globally: (a) the 2021 Pakistan blackout, (b) 2023 earthquake-induced outages
in Tiirkiye, and (c) the 2019 blackout on the Indonesian island of Java. Grey patches
indicate populated areas with invalid (i.e. cloudy) nighttime light observations on that date.
Approximate impacted districts according contemporary news reports are outlined. Map
boundaries from Cartopy’s defaults may be contested, and do not imply official endorsement

by the authors.
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the benefits of OWL-I’s “pixel-independent” architecture (Methods 4.4), which is naturally capable
of generalizing to new regions whereas other methods that rely on pre-defined training domains
would fail. Still, it remains very difficult to quantitatively validate these results, since local power
outage records for these events are inaccessible, especially at sufficient spatiotemporal resolution to
assess kilometer-scale accuracy and co-locate with exact satellite overpass times.

2.6 Suggestions for future outage detection studies

Our results reveal that power outage detection from satellite nighttime lights is greatly complicated
by a number of factors that do not appear to be widely understood in the broader outage detection
community. Although all of these factors have been individually identified in the literature, only a
few works by the Black Marble developers themselves |44] have attempted a comprehensive survey of
these issues. For the benefit of future researchers, we list the challenges and misconceptions known
to us below:

1. Black Marble’s BRDF correction is imperfect, and further calibration is required to effectively
remove the influence of both moonlight (particularly in rural regions) and snow albedo.

2. A number of other confounding factors cause substantial non-outage variability in nighttime
brightness, namely: satellite viewing geometry (both zenith and azimuth angle), seasonality,
day-of-week effects, and long term trends.

3. The fraction of customers experiencing outage is not, in general, linearly proportional to the
fractional decrease in satellite observed brightness. Assuming so causes frequent false positive
outage detections.

4. Black Marble satellite acquisitions do not occur at the same time every night, nor do the
viewing times follow a strict 16-day cycle. Observation time effects should therefore be handled
individually for each pixel on each night.

3 Discussion

This study introduces OWL-I, a globally-applicable framework for deriving daily, kilometer-scale
power outage estimates from VIIRS/Black Marble nighttime light observations. The method
combines two complementary components: (1) a physically motivated deconfounding model that
removes major non-outage sources of surface brightness variability and (2) a neural calibration
model that maps residual dimming to outage fraction, which enforces agreement with county outage
totals while preserving pixel-scale spatial fidelity. Across held-out samples spanning the continental
United States 2014-2024, OWL-I substantially outperforms two baselines representative of the most
common satellite-based outage detection methods found in the literature. Case studies for 2018’s
Hurricane Michael and the 2021 Texas winter storms showcase that OWL-I captures both the spatial
localization and temporal evolution of outages better than the baselines. In particular, baseline
methods frequently overestimate outage extent and duration, whereas OWL-I remains well-calibrated
across both major and moderate events, even for years and conditions excluded from model training.
Applying this framework to the full nighttime light record of the continental United States yields
the first standardized, calibrated, and reproducible national-scale outage dataset at 1km nightly
resolution for 2012-2024, with pixel-level uncertainty estimates, and is made publicly available on
Zenodo at https://doi.org/10.5281/zenodo.20433558 [35]. This product helps close a persistent
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gap between county-level outage reporting and the sub-county scale needed for hazard attribution,
equity analysis, and resilience planning.

We further demonstrate that OWL-I maintains reasonable outage detection ability when general-
izing globally, for events ranging from localized disaster-induced outages to national power system
failures. OWL-I thus shows promise for serving as a globally-standardized high-resolution power
outage detection system, a step toward closing persistent power outage data gaps in vulnerable
regions across the globe. Given the large uncertainty bounds inherent in the global application
of OWL-I as outlined here due to the scarcity of ground-truth outage records, we leave further
quantitative validation and production of a complete global outage dataset for future work.

While OWL-I is a significant advance in satellite-based outage detection, it still faces a number
of limitations, the most obvious and challenging of which are due to the physical realities of the
problem. The task of measuring power outages from satellites is deeply confounded by many irregular
sources of light emission and dampening, as well as frequent cloud obfuscation, such that even a
“perfect” model would achieve far less than 100% detection accuracy. While validation suggests that
OWL-I explains approximately 49% of the variation in the outage record—a significant advance
over previous methods (Table 1)—the other half of outage variance remains unexplained due to
some combination of model error and the insurmountable problems detailed above. Our approach’s
model error generally manifests as conservative predictions, and thus may underestimate the extent
and duration of outages. Avenues for reducing model error are ripe for future exploration, with
improvements in training data (such as compiling outage data from multiple sources, or gathering
more accurate county-level customer counts) and modeling procedures (such as identifying additional
confounding factors or more advanced model architectures) being obvious candidates. For these
reasons, OWL-I is ideally utilized in concert with complementary outage data sources such as local
utility records; however, as it is often impossible to acquire such records (particularly in data-sparse
regions), satellite-derived outage data may serve as a valuable estimate where no others exist.
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4 Methods

We develop a well-calibrated dataset of kilometer-scale power outages derived from satellite nighttime
light brightness observations, correcting for a number of known confounding factors that have been
identified in the literature. Our methodology consists of: (1) nighttime light acquisition and quality
screening, (2) per-pixel deconfounding regression, (3) training of a neural network outage model
ensemble, and (4) nightly CONUS inference for the full observational period.

4.1 Data

OWL-I integrates data from various sources, summarized in Supplementary Table S1.

4.1.1 Nighttime light data

The day-night band (DNB) of the Visible Infrared Imaging Radiometer Suite (VIIRS) [13] is a sensor
aboard a constellation of NOAA-operated satellites, which measures visible light radiance from the
earth’s surface. These satellites observe every point on the earth at least once per night, usually
between midnight and 4:00am local time. While VIIRS represents a significant improvement over the
DMSP-OLS system it superceded, it is still subject to obfuscation by clouds and other challenges.
Data from the VIIRS DNB is processed by NASA to produce the Black Marble dataset [37, 45], a
suite of products which provides calibrated estimates of nighttime brightness of the earth’s surface
once per night, and is made available to the public via the NASA LAADS DAAC API. Two Black
Marble products are utilized in this study:

1. VNP46A1 [26] provides the raw brightness collected at the sensor, although we do not utilize
that variable in this work. The more relevant fields are the viewing conditions, especially the
time of observation and position of the satellite.

2. VNP46A2 |27]| provides corrected and quality-controlled data derived from VNP46A1. The key
resulting variable is DNB_BRDF-Corrected_NTL, nighttime light brightness corrected with a
conceptual bidirectional reflectance distribution function (BRDF) model, which accounts for
the expected influence of moonlight reflectance, snow albedo, atmospheric airglow, aurorae,
and other factors (as described in [37]). All references to “brightness observations” herein refer
to this variable. The product also provides quality flags which indicate possible interference by
clouds, snow-cover, aurorae, or other data quality issues.

We download and save the relevant variables for the entire temporal coverage period and all locations
intersecting the CONUS (Black Marble data is packaged in 10x10-degree tiles) in NetCDF format
optimized for fast machine readability, resulting in a store of approximately 550 GB. To ensure data
quality, we only utilize those observations which have a “High” data quality flag which excludes pixels
impacted by cloudiness, aurora, and other factors. Since LandScan gridded population estimates are
provided at 30 arcsecond resolution, native VIIRS pixels at 15 arcsecond (~500m) resolution were
downsampled in 2x2 blocks to 30 arcseconds (~1km). This aligned grid serves as the co-registration
reference for all downstream products. In the event that any pixel in the downsampling block is
labeled low-quality, the entire downsampled pixel is labeled low-quality and excluded as well. Given
that the minimum reliably detectable brightness of the Black Marble product is estimated to be 0.29
nW - ecm~2 - sr~! [37], we clip the nighttime light observations to that lower bound. Supplementary
Figure S1 shows the heterogeneity and complexity inherent in this data. Cloud obfuscation can be
widespread, and images may be stitched together from multiple satellite passes causing irregularities
and discontinuities in collection time.
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4.1.2 EAGLE-I

EAGLE-I [6] collects the number of electric customers out at 15-minute intervals for CONUS counties
scraped directly from utility company websites, and is one of the best publicly available source of
broad-coverage power outage data. While immensely useful, this dataset still suffers from a few
quality issues:

1. Coverage is imperfect (although improving over time), with some counties or service areas
exhibiting gaps of days to years at a time.

2. The EAGLE-I database makes no distinction between “zero customers experiencing outage”
and “missing observation” for any given timestep. Missing data can thus only be conclusively
ruled out when a non-zero observation is present.

3. The total number of customers in each county is not known. For convenience, EAGLE-I
provides modeled estimates of the total number of customers, but these estimates are imperfect
and sometimes result in county outage levels well exceeding 100%. Note that electric customers
is different from (although correlated with) people, and instead counts the number of electricity-
consuming endpoints (which may be residential, commercial, or industrial sources).

4.1.3 Other sources

LandScan [19] provides gridded population estimates. We select the LandScan Global product, which
represents an “ambient” population estimate (an average of daytime and nighttime population) to
best align with the distribution of electric customers. Gridded average gross building height data is
gathered from the Global Human Settlement Layer [31]. This measures building height averaged by
area, suspected to be impactful to the way satellite viewing geometry modulates observed brightness.
It also serves as a good proxy for level of urbanization. Moon position and brightness relative to
locations on the earth’s surface are computed exactly with the PyEphem package [34].

4.2 Conventional outage detection method

The most common approach for detecting outages in nighttime light observations is to compute the
fractional deviation below some reference brightness (usually a long-term or pre-event average), and
assume that the deviation is equal to fraction of residents experiencing outage [14, 16, 24, 25, 38, 43,
50, 51, 53|. Following these methods, we define the “conventional outage method” as:

. L
Fout —1_ obs

Conventional outage method

Lyet (1)

where Fly is the pixelwise fraction of customers experiencing power outage (clipped to the range
[0,1]), Lops is a single nighttime brightness observation, and for L. we use the annual median
brightness in that pixel unless otherwise specified.

4.3 Deconfounding linear model

Nighttime light radiance at a given pixel, even after NASA’s BRDF correction, varies substantially
due to known factors unrelated to power outages:

e Satellite viewing zenith (vertical angle relative to nadir, i.e., directly overhead) and azimuth
(compass direction, clockwise from north) angle greatly influences sensed brightness, primarily
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via their complex relationship to urban morphology (Figure 2) [21, 41, 44]. While the VIIRS
satellites nominally operate on a repeating 16-day orbital cycle—leading some studies to assume
observations captured every 16th day utilize a consistent viewing geometry [9, 17, 41]—this is
not true due to irregularities caused by cloud cover (see Figure S1).

o Weekly patterns are apparent in nighttime brightness, with weekends generally brighter than
weekdays in urban areas (see Figure S3 and [22]).

e Long-term trends due to population growth as well as land-use and development changes
[20, 22].

e Seasonality affects both human behavior and environmental factors such as vegetation [20, 22,
44].

e Snow cover substantially increases surface albedo (see Figure S2b and [44]).
e Moonlight reflected off Earth’s surface impacts sensed brightness (see Figure S2c and |8, 44]).

The fact that these last two factors influence the data is perhaps surprising, as both lunar radiance
and snow albedo are ostensibly controlled for by NASA’s BRDF correction in the Black Marble
products; however, the imperfection of the BRDF correction in accounting for these factors is evident
in the data (Figure S2) and an issue known to the Black Marble team [44]. In sparsely populated
regions, we find that a simple linear correlation with moon brightness routinely explains up to 45%
of the variability in Black Marble BRDF-corrected brightness data. Counterintuitively, this is due to
Black Marble exhibiting anomalous dips in brightness for rural regions during full moons, suggesting
that the BRDF formulation is actually over-correcting for the influence of the moon in these areas.
In the northern latitudes of the CONUS, the presence of snow cover further explains up to 20% of
the variability in BRDF-corrected brightness, most prominently in urban areas.

To isolate the outage-related dimming signal, we seek to find an empirical relation which captures
the dominant components of these confounding factors while avoiding capture of any true outage
signal. Crucially, a generalized model-—one which operates the same for all pixels in the domain—is
not possible, since a pixel’s brightness response to e.g. viewing conditions is an inherent attribute
which can differ strongly from even nearby pixels (see Figure 2), and would be quite difficult to
describe with a process-based approach. Instead, each pixel’s behavior must be learned empirically
and independently, though with a consistent framework. To this end, we fit an ordinary least-
squares regression model to the log-transformed radiance time series at each pixel individually.
This formulation allows us to encode domain knowledge of the structure of the relationships while
minimizing the potential for overfitting to other sources of variability (which may occur with the use
of a model with more degrees of freedom, e.g., a neural network). Specifically, we fit the following
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deconfounding linear model:

In(Lobs) = Bo Intercept
+ B10y + P20 Zenith effect
+ Bssin(¢py)0y + B4 cos(dy)by Linear zenith-azimuth interaction
+ Bssin(¢y)0? + Be cos(¢y)6? Nonlinear zenith-azimuth interaction
+ B7Lmoon Moonlight
+ BsS Snow
+ BoAy Population growth (2)
+ B1oD Long-term trend
+ B sin(Dy%) + B2 cos(Dy%) Seasonal effect
7 . )
+ ; B13+i ({(1) fﬂi‘:::l;s; Z) Day-of-week effects

+ € Residual

where Lgps is Black Marble’s BRDF-corrected observed nighttime light radiance, 6, and ¢, are
viewing zenith and azimuth angles, S is the binary Black Marble snow flag, Ay is the annual
LandScan population estimate in that pixel, Ly,o0n is lunar brightness, and D, Dy, and Dyeck are
integer-incrementing day, day of year, and day of week respectively. Following Li et al. [21] and Tan
et al. [41], viewing zenith angle effects are modeled as a quadratic expression. Our correction for
azimuth angle (handled in circular coordinates) is more novel; since the influence of azimuth angle is
strongly dependent on some nonlinear function of zenith angle (see Figure 2), no standalone azimuth
terms are included, only linear and quadratic zenith-azimuth interactions. Seasonal effects are
estimated as a sinusoidal function with amplitude and phase defined by sine and cosine components,
and a temporal trend term is included to capture long-term changes, both following Li et al. [20]. Day-
of-week effects are modeled with indicator variables for Tuesday-Sunday, representing their difference
from Monday brightness. By jointly estimating all of these parameters in a single expression—as
opposed to estimating each in isolation and summing together later—we find the optimal coefficients
(in the least-squares sense) and avoid erroneously attributing the same variation to multiple sources.
The log transform of target radiance is motivated by multiplicative noise in nighttime light: variance
in raw radiance scales approximately with the radiance level, so log space homogenizes variance,
which better aligns with ordinary least-squares regression assumptions.

Outage fraction derived from this deconfounded brightness signal can be computed as follows,
by comparing the brightness observation (Lops) with the corresponding “expected brightness” value
predicted by the deconfounding linear model (fzdec)i

~ L
Fout =1— EObS Deconfounded outage method (3)
dec

4.4 OWL-I
4.4.1 Architecture

We train a “pixel-independent” multilayer perceptron (MLP) to map per-pixel nighttime light features
to per-pixel outage fractions. Each pixel is processed identically and independently, with no spatial
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mixing. This design allows the model to handle counties with arbitrary shapes and sizes, and
generalizes naturally to full CONUS inference. Formally, the model f with parameters 6 maps:

fo : RPXT 5 j0, 1] OWL-I outage model
—— (4)
Fout
where P is the number of pixels in a county and [ is the number of input features. The model follows
a standard MLP architecture, with fully-connected hidden layers followed by normalization and
activation, and optional dropout applied before the final output layer. Finally, sigmoid activation is
applied so that the predicted pixel outage fractions (Fout) are constrained to the range [0, 1]. The
hidden layer sizes, input feature selection, and other architectural parameters are determined by
robust hyperparameter optimization (Methods 4.4.4). The complete list of potential input features

is provided in Supplementary Section S1. The model is implemented in PyTorch [30].

4.4.2 Optimization

Alignment of gridded and county data With predictions in the form of pixel-level outage
fractions, but our training targets in the form of county-level totals of customers out, three alignment
challenges present themselves: spatial, temporal, and unit of measure.

The spatial misalignment is most easily handled. The exactextract Python package [4] is used
to compute exact fractional overlaps between county boundaries and pixel extents, and pixel-county
membership is weighted accordingly. Pixel-level outages can then be summed over county areas.

Temporal misalignment is more complex. While satellite overpass time is sometimes assumed
to always be 1:30am local time in the literature [51], this is not always the case, as observation
time can vary from night to night by multiple hours [44]. Further, the nighttime light observations
comprising a single county may be stitched together from multiple satellite passes (as in Figure S1).
Since outage levels can change rapidly between satellite passes in the same night, a more careful
and precise alignment is required. To this end, for each pixel within a county on a given night, we
linearly interpolate between the nearest (15-minute) EAGLE-I observations according to that pixel’s
exact viewing time, and then take the average of these values across all county pixels weighted by
population density.

Lastly, a conversion factor is needed between population and electric customers. Since the true
number of electric customers in each county is not known, EAGLE-I modeled customer totals are
used. Thus for each CONUS county, we compute the county-specific customers-per-person (CPP)
ratio, defined as:

cpp, = e (5)
Z ApWp
pec

where N, is the modeled total customer count from EAGLE-I for county ¢, A, is the LandScan
population in pixel p, and w), is the fraction of the pixel’s area that falls within the county’s boundary.
The vast majority (94%) of CPP, values are larger than 0.3. However, a few outliers fall below this
range, the most extreme being Wahkiakum County, WA where EAGLE-I estimates there to be just
a single electric customer in a county of ~ 4500 people. In the absence of better estimates, we clip
the range of CPP, values to a minimum of 0.3 to eliminate these obviously erroneous outliers. This
correction affects only 62 of 3186 CONUS counties.

Loss function The county-level predicted number of customers out (Nout) is formed by

aggregating predicted pixel outage fractions for all cloud-free pixels, weighted by pixelwise customer
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count estimates, and scaled to extrapolate to missing (e.g. cloud obfuscated) pixels:

. . 1
Nowt = Y (Fout - Ap - wp - CPP,) - =
cov

PEC (o ——— -

outage pixel customers missing data

(6)

where, for each pixel p in county ¢, A, is LandScan population, w,, is the fraction of the pixel’s area
which lies within the county computed with exactextract, and CPP, is the county’s customers
per person ratio. Fgqy is the fraction of the county’s total population covered by valid nighttime
light observations, and acts as a simple scaling factor which assumes that missing pixels have the
same outage level as the customer-weighted average of observable pixels. The training loss for a
batch of B examples is then the mean squared logarithmic error (MSLE) between predicted and
EAGLE-I-observed county customer counts:

1 B A 2
L=, > (In(Nowt) — In(Nou)) (7)

Standard mean squared error was also explored, but because of the orders-of-magnitude range in
county-level populations the model was found to heavily overfit to populous counties and effectively
ignore rural areas. The MSLE target is found to correct for this bias while maintaining skillful
predictions for major outage events.

4.4.3 Training data

Because non-outage nights are far more frequent than outage nights, data imbalance is a frequent
problem in machine learning-driven outage modeling studies [54]. To gather a balanced, varied, and
representative dataset for our task, we stratify samples by county, and then select 50 nights for each,
comprising: 25 nights drawn at evenly-spaced quantiles of the EAGLE-I outage distribution for
that county (ensuring coverage across a wide range of outage levels including non-event nights); and
the 25 nights with the highest recorded outage counts (to capture the rarer but most important
outage events). To isolate only high-quality data, training samples are limited to those for which
Feov > 0.95, limiting the impact of extrapolating missing pixels to £5%. This threshold balances
data quality with quantity, allowing some slightly cloudy nights but limiting their impact. The
aligned training dataset spans the EAGLE-I coverage period, late 2014 through 2024.

4.4.4 Hyperparameter optimization & ensemble generation

The model architecture and training hyperparameters are optimized using Optuna [2] with the
tree-structured parzen estimator (TPE) algorithm over 250 trials. The hyperparameter search space
consists of:

Input feature set

Hidden layer sizes and depth
Dropout rate

Learning rate

Batch size

Batch normalization
Activation function

Number of training epochs
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Hyperoptimization trials were trained on data from 2014-2022, with 2023 used as the validation set.
Validation log-space R? was used as the hyperparameter optimization metric. Data from 2024 was
selected as the testing set, and put aside for evaluation only after the hyperoptimization process
was complete. Models were trained with the Adam optimizer and a cosine learning rate annealing
schedule, with parameters tuned by the hyperoptimization scheme.

To evaluate the framework’s generalization across all dataset years, an ensemble of eight models
is created aligning with eight year-stratified dataset folds constructed to each contain at least 1000
dataset samples each: 2014-2016 (1451 samples), 2017-2018 (1702 samples), 2019 (1046 samples),
2020 (1160 samples), 2021 (1226 samples), 2022 (1478 samples), 2023 (1817 samples), and 2024 (1762
samples); note that annual sample size generally increases over time due to improving EAGLE-I
coverage. The top eight hyperparameter configurations found during hyperoptimization (listed in
Table S2) are used, to ensure a diversity of models. This ensemble of models enables out-of-sample
skill evaluation across all dataset years and a convenient way to characterize pixel-level uncertainty
via inter-model spread.

4.5 CONUS-scale inference

The trained ensemble is applied to the full CONUS daily nighttime light record to produce the OWL-I
USA dataset, parallelized across spatial and temporal dimensions on DOE’s NERSC supercomputing
system. The ensemble mean for each pixel-night is computed to represent OWL-I’s best estimate of
the outage level, while the ensemble standard deviation provides a measure of pixel-level uncertainty.
The full record (January 19" 2012 through December 315¢ 2025) covers nearly two years prior to the
period training data availability (November 2014 through December 2024), providing an extended
record. The dataset is available at, and further described in, Rice et al. [35].

Data Availability

The OWL-I USA dataset, covering the continental United States at 30-arcsecond (~1km) nightly
resolution for the period 2012-2024, is made publicly available on Zenodo: https://doi.org/10.
5281/zenodo.20433558 [35]. NASA Black Marble |26, 27, 37, 45|, EAGLE-I [6], LandScan [19],
GHSL [31] are all publicly accessible.

Acknowledgments

This research was funded by the U.S. Department of Energy (DOE) Office of Science Biological and
Environmental Research (BER) as part of the Regional and Global Modeling and Analysis (RGMA)
and MultiSector Dynamics (MSD) program areas through the collaborative, multiprogram Integrated
Coastal Modeling (ICoM) project. The research used computational resources from the National
Energy Research Scientific Computing Center (NERSC), a U.S. DOE User Facility supported by the
Office of Science under contract DE-AC02-05CH11231. The Pacific Northwest National Laboratory
is operated for U.S. DOE by Battelle Memorial Institute under contract DE-AC05-76RL01830. The
authors thank the NASA Black Marble, NASA LAADS DAAC, LandScan, EAGLE-I, and Global
Human Settlement Layer development teams for making their products freely available.

21


https://doi.org/10.5281/zenodo.20433558
https://doi.org/10.5281/zenodo.20433558
https://doi.org/10.5281/zenodo.20433558

585

586

587

588

589

590

591

592

5

©

3

594

595

596

597

598

599

600

601

602

603

604

605

606

607

608

609

610

611

612

613

614

615

616

617

618

619

620

621

Author Contributions

J.R.

: Conceptualization, data curation, methodology, software, investigation, validation, visualiza-

tion, writing - original draft, review & editing. T.C.C., D.S.: Methodology, writing - review &
editing. K.B., B.D.: Conceptualization, methodology, supervision, writing - review & editing. N.S.:
Conceptualization, methodology, supervision, project administration, writing - review & editing.

Competing Interests

The authors declare no competing interests.

References

[1]

2]

3]

4]
[5]

[6]

7]

8]

19]

Muhammad Razin Abdullah. Averting Another 8 Hours of Dark Ages, 2020. URL https:

//purnomoyusgiantorocenter.org/opinion/averting-another-8-hours-of-dark-ages/.

Takuya Akiba, Shotaro Sano, Toshihiko Yanase, Takeru Ohta, and Masanori Koyama. Optuna:
A Next-generation Hyperparameter Optimization Framework, July 2019. URL http://arxiv.
org/abs/1907.10902. arXiv:1907.10902 [cs|.

Prateek Arora, Luis Ceferino, and Gregory Dobler. A Novel Framework for Detecting Disaster-
Induced Power Outages Globally via Satellite Observations, August 2025. URL https://
engrxiv.org/preprint/view/5148.

Daniel Baston. exactextract. URL https://github.com/isciences/exactextract.

John L. Beven II, Robbie Berg, and Andrew Hagen. Tropical Cyclone Report: Hurricane
Michael. May 2019. URL https://www.nhc.noaa.gov/data/tcr/AL142018_Michael.pdf.

Christa Brelsford, Sarah Tennille, Aaron Myers, Supriya Chinthavali, Varisara Tansakul,
Matthew Denman, Mark Coletti, Joshua Grant, Sangkeun Lee, Karl Allen, Evelyn John-
son, Jonathan Huihui, Alec Hamaker, Scott Newby, Kyle Medlen, Dakotah Maguire, Chelsey
Dunivan Stahl, Jessica Moehl, Daniel Redmon, Jibonananda Sanyal, and Budhendra Bhaduri.
A dataset of recorded electricity outages by United States county 2014-2022. Scientific
Data, 11(1):271, March 2024. ISSN 2052-4463. doi: 10.1038/s41597-024-03095-5. URL
https://www.nature.com/articles/s41597-024-03095-5.

Changyong Cao, Xi Shao, and Sirish Uprety. Detecting Light Outages After Severe Storms
Using the S-NPP/VIIRS Day/Night Band Radiances. IEEE Geoscience and Remote Sensing
Letters, 10(6):1582-1586, November 2013. ISSN 1558-0571. doi: 10.1109/LGRS.2013.2262258.
URL https://ieeexplore.ieee.org/abstract/document/6553428.

Changyong Cao, Yan Bai, Wenhui Wang, and Taeyoung Choi. Radiometric Inter-Consistency
of VIIRS DNB on Suomi NPP and NOAA-20 from Observations of Reflected Lunar Lights
over Deep Convective Clouds. Remote Sensing, 11(8):934, January 2019. ISSN 2072-4292. doi:
10.3390/rs11080934. URL https://www.mdpi.com/2072-4292/11/8/934.

Miaoying Chen, Yang Hu, Xin Cao, Shijie Li, and Luling Liu. Assessing Electricity Supply
Reliability by Detection of Anomalies in Daily Nighttime Light. IEEE Journal of Selected Topics
in Applied Earth Observations and Remote Sensing, 18:2990-2999, 2025. ISSN 2151-1535. doi:

22


https://purnomoyusgiantorocenter.org/opinion/averting-another-8-hours-of-dark-ages/
https://purnomoyusgiantorocenter.org/opinion/averting-another-8-hours-of-dark-ages/
https://purnomoyusgiantorocenter.org/opinion/averting-another-8-hours-of-dark-ages/
http://arxiv.org/abs/1907.10902
http://arxiv.org/abs/1907.10902
http://arxiv.org/abs/1907.10902
https://engrxiv.org/preprint/view/5148
https://engrxiv.org/preprint/view/5148
https://engrxiv.org/preprint/view/5148
https://github.com/isciences/exactextract
https://www.nhc.noaa.gov/data/tcr/AL142018_Michael.pdf
https://www.nature.com/articles/s41597-024-03095-5
https://ieeexplore.ieee.org/abstract/document/6553428
https://www.mdpi.com/2072-4292/11/8/934

622

623

624

625

626

627

628

629

630

631

632

633

634

635

636

637

638

639

640

641

642

643

644

645

646

647

648

649

650

651

652

653

654

655

656

657

658

659

660

661

662

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

18]

[19]

10.1109/JSTARS.2024.3520168. URL https://ieeexplore.ieee.org/abstract/document/
10807094.

D. Di Giacomo, D. A. Storchak, N. Safronova, P. Ozgo, J. Harris, R. Verney, and I. Bondar. A
New ISC Service: The Bibliography of Seismic Events. Seismological Research Letters, 85(2):
354-360, March 2014. ISSN 0895-0695. doi: 10.1785/0220130143. URL https://doi.org/10.
1785/0220130143.

Vivian Do. Shedding Light on Power Outages as a Climate Change-Related Health-Relevant
Exposure. 2025. ISBN 9798297617629.

Ricard Durall, Margret Keuper, and Janis Keuper. Watch Your Up-Convolution: CNN Based
Generative Deep Neural Networks Are Failing to Reproduce Spectral Distributions. In 2020
IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), pages 7887-7896,
Seattle, WA, USA, June 2020. IEEE. ISBN 978-1-7281-7168-5. doi: 10.1109/CVPR42600.2020.
00791. URL https://ieeexplore.ieee.org/document/9167579/.

Christopher D Elvidge, Kimberly Baugh, Mikhail Zhizhin, Feng Chi Hsu, and Tilottama
Ghosh. VIIRS night-time lights. International Journal of Remote Sensing, 38(21):5860—
5879, November 2017. ISSN 0143-1161. doi: 10.1080/01431161.2017.1342050. URL https:
//doi.org/10.1080/01431161.2017.1342050.

Thomas W. Gillespie, Elizabeth Frankenberg, Kai Fung Chum, and Duncan Thomas. Nighttime
lights time series of tsunami damage, recovery, and economic metrics in Sumatra, Indonesia.
Remote sensing letters (Print), 5(3):286-294, January 2014. ISSN 2150-704X. doi: 10.1080/
2150704X.2014.900205. URL https://pmc.ncbi.nlm.nih.gov/articles/PMC4235966/.

Seth David Guikema, Roshanak Nateghi, Steven M. Quiring, Andrea Staid, Allison C. Reilly,
and Michael Gao. Predicting Hurricane Power Outages to Support Storm Response Planning.
IEEE Access, 2:1364-1373, 2014. ISSN 2169-3536. doi: 10.1109/ACCESS.2014.2365716. URL
http://ieeexplore.ieee.org/document/6949604/.

Carolynne Hultquist, Mark Simpson, Guido Cervone, and Qunying Huang. Using nightlight
remote sensing imagery and Twitter data to study power outages. In Proceedings of the 1st
ACM SIGSPATIAL International Workshop on the Use of GIS in Emergency Management,
EM-GIS 15, pages 1-6, New York, NY, USA, November 2015. Association for Computing
Machinery. ISBN 978-1-4503-3970-4. doi: 10.1145/2835596.2835601. URL https://dl.acm.
org/doi/10.1145/2835596.2835601.

Minghui Jia, Xi Li, Yu Gong, Samir Belabbes, and Luca Dell’Oro. Estimating natural disaster loss
using improved daily night-time light data. International Journal of Applied Earth Observation
and Geoinformation, 120:103359, June 2023. ISSN 1569-8432. doi: 10.1016/j.jag.2023.103359.
URL https://www.sciencedirect.com/science/article/pii/S1569843223001838.

Kristina Hamachi LaCommare and Joseph H. Eto. Cost of power interruptions to electricity
consumers in the United States (US). Energy, 31(12):1845-1855, September 2006. ISSN 0360-
5442. doi: 10.1016/j.energy.2006.02.008. URL https://www.sciencedirect.com/science/
article/pii/S036054420600051X.

Viswadeep Lebakula, Kelly Sims, Andrew Reith, Amy Rose, Jake McKee, Phil Coleman, Jason
Kaufman, Marie Urban, Chris Jochem, Carrie Whitlock, Mitchell Ogden, Joe Pyle, Darrell

23


https://ieeexplore.ieee.org/abstract/document/10807094
https://ieeexplore.ieee.org/abstract/document/10807094
https://ieeexplore.ieee.org/abstract/document/10807094
https://doi.org/10.1785/0220130143
https://doi.org/10.1785/0220130143
https://doi.org/10.1785/0220130143
https://ieeexplore.ieee.org/document/9157579/
https://doi.org/10.1080/01431161.2017.1342050
https://doi.org/10.1080/01431161.2017.1342050
https://doi.org/10.1080/01431161.2017.1342050
https://pmc.ncbi.nlm.nih.gov/articles/PMC4235966/
http://ieeexplore.ieee.org/document/6949604/
https://dl.acm.org/doi/10.1145/2835596.2835601
https://dl.acm.org/doi/10.1145/2835596.2835601
https://dl.acm.org/doi/10.1145/2835596.2835601
https://www.sciencedirect.com/science/article/pii/S1569843223001838
https://www.sciencedirect.com/science/article/pii/S036054420600051X
https://www.sciencedirect.com/science/article/pii/S036054420600051X
https://www.sciencedirect.com/science/article/pii/S036054420600051X

663

664

665

666

667

668

669

670

671

672

673

674

675

676

677

678

679

680

681

682

683

684

685

686

687

688

689

690

691

692

693

694

695

696

697

698

699

700

701

702

703

704

[20]

[21]

[22]

23]

[24]

[25]

[26]

[27]

28]

Roddy, Justin Epting, and Eddie Bright. LandScan Global 30 Arcsecond Annual Global
Gridded Population Datasets from 2000 to 2022. Scientific Data, 12(1):495, March 2025.
ISSN 2052-4463. doi: 10.1038/s41597-025-04817-z. URL https://www.nature.com/articles/
s41597-025-04817-z.

Tian Li, Zhe Zhu, Zhuosen Wang, Miguel O. Roman, Virginia L. Kalb, and Yongquan Zhao.
Continuous monitoring of nighttime light changes based on daily NASA’s Black Marble prod-
uct suite. Remote Sensing of Environment, 282:113269, December 2022. ISSN 0034-4257.
doi: 10.1016/j.rse.2022.113269. URL https://www.sciencedirect.com/science/article/
pii/S0034425722003753.

Xi Li, Ruiqgi Ma, Qingling Zhang, Deren Li, Shanshan Liu, Tao He, and Lixian Zhao. Anisotropic
characteristic of artificial light at night — Systematic investigation with VIIRS DNB multi-
temporal observations. Remote Sensing of Environment, 233:111357, November 2019. ISSN
0034-4257. doi: 10.1016/j.rse.2019.111357. URL https://www.sciencedirect.com/science/
article/pii/S0034425719303761.

Juan Fernando Martinez, Kytt MacManus, Eleanor C. Stokes, Zhuosen Wang, and Alex
de Sherbinin. Suitability of NASA’s Black Marble Daily Nighttime Lights for Population Studies
at Varying Spatial and Temporal Scales. Remote Sensing, 15(10):2611, January 2023. ISSN
2072-4292. doi: 10.3390/rs15102611. URL https://www.mdpi.com/2072-4292/15/10/2611.

Steven D. Miller, Stephen P. Mills, Christopher D. Elvidge, Daniel T. Lindsey, Thomas F.
Lee, and Jeffrey D. Hawkins. Suomi satellite brings to light a unique frontier of nighttime
environmental sensing capabilities. Proceedings of the National Academy of Sciences, 109(39):
15706-15711, September 2012. doi: 10.1073/pnas.1207034109. URL https://www.pnas.org/
doi/10.1073/pnas.1207034109.

Diana Mitsova, Yanmei Li, Ross Einsteder, Tiffany Roberts Briggs, Alka Sapat, and Ann-
Margaret Esnard. Using Nighttime Light Data to Explore the Extent of Power Outages in the
Florida Panhandle after 2018 Hurricane Michael. Remote Sensing, 16(14):2588, January 2024.
ISSN 2072-4292. doi: 10.3390/rs16142588. URL https://www.mdpi.com/2072-4292/16/14/
2588.

Juan P. Montoya-Rincon, Shams Azad, Rabindra Pokhrel, Masoud Ghandehari, Michael P.
Jensen, and Jorge E. Gonzalez. On the Use of Satellite Nightlights for Power Outages Prediction.
IEEE Access, 10:16729-16739, 2022. ISSN 2169-3536. doi: 10.1109/ACCESS.2022.3149485.
URL https://ieeexplore.ieee.org/abstract/document/9706181.

NASA VIIRS Land Science Investigator-Led Processing System. VNP46A1 - VIIRS/NPP Daily
Gridded Day Night Band 500 m Linear Lat Lon Grid Night, 2024. URL https://ladsweb.
modaps.eosdis.nasa.gov/missions-and-measurements/products/VNP46A1/.

NASA VIIRS Land Science Investigator-Led Processing System. VNP46A2 - VIIRS/NPP
Gap-Filled Lunar BRDF-Adjusted Nighttime Lights Daily L3 Global 500m Linear Lat Lon
Grid, 2025. URL https://ladsweb.modaps.eosdis.nasa.gov/missions-and-measurements/
products/VNP46A2/.

NetBlocks. Pakistan  internet  connectivity collapses amid  nation-scale
power outage, January 2021. URL https://netblocks.org/reports/

pakistan-internet-connectivity-collapses-amid-nation-scale-power-outage-YAEvvoB3.

24


https://www.nature.com/articles/s41597-025-04817-z
https://www.nature.com/articles/s41597-025-04817-z
https://www.nature.com/articles/s41597-025-04817-z
https://www.sciencedirect.com/science/article/pii/S0034425722003753
https://www.sciencedirect.com/science/article/pii/S0034425722003753
https://www.sciencedirect.com/science/article/pii/S0034425722003753
https://www.sciencedirect.com/science/article/pii/S0034425719303761
https://www.sciencedirect.com/science/article/pii/S0034425719303761
https://www.sciencedirect.com/science/article/pii/S0034425719303761
https://www.mdpi.com/2072-4292/15/10/2611
https://www.pnas.org/doi/10.1073/pnas.1207034109
https://www.pnas.org/doi/10.1073/pnas.1207034109
https://www.pnas.org/doi/10.1073/pnas.1207034109
https://www.mdpi.com/2072-4292/16/14/2588
https://www.mdpi.com/2072-4292/16/14/2588
https://www.mdpi.com/2072-4292/16/14/2588
https://ieeexplore.ieee.org/abstract/document/9706181
https://ladsweb.modaps.eosdis.nasa.gov/missions-and-measurements/products/VNP46A1/
https://ladsweb.modaps.eosdis.nasa.gov/missions-and-measurements/products/VNP46A1/
https://ladsweb.modaps.eosdis.nasa.gov/missions-and-measurements/products/VNP46A1/
https://ladsweb.modaps.eosdis.nasa.gov/missions-and-measurements/products/VNP46A2/
https://ladsweb.modaps.eosdis.nasa.gov/missions-and-measurements/products/VNP46A2/
https://ladsweb.modaps.eosdis.nasa.gov/missions-and-measurements/products/VNP46A2/
https://netblocks.org/reports/pakistan-internet-connectivity-collapses-amid-nation-scale-power-outage-YAEvvoB3
https://netblocks.org/reports/pakistan-internet-connectivity-collapses-amid-nation-scale-power-outage-YAEvvoB3
https://netblocks.org/reports/pakistan-internet-connectivity-collapses-amid-nation-scale-power-outage-YAEvvoB3

705

706

707

708

709

710

711

712

713

714

715

716

717

718

719

720

721

722

723

724

725

726

727

728

729

731

732

733

734

735

736

737

738

739

740

741

742

743

744

745

746

747

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

NOAA National Centers for Environmental Information. The Great Texas Freeze:
February 11-20, 2021, February 2023. URL https://www.ncei.noaa.gov/news/
great-texas-freeze-february-2021.

Adam Paszke, Sam Gross, Francisco Massa, Adam Lerer, James Bradbury, Gregory Chanan,
Trevor Killeen, Zeming Lin, Natalia Gimelshein, Luca Antiga, Alban Desmaison, Andreas
Kopf, Edward Yang, Zach DeVito, Martin Raison, Alykhan Tejani, Sasank Chilamkurthy,
Benoit Steiner, Lu Fang, Junjie Bai, and Soumith Chintala. PyTorch: an imperative style, high-
performance deep learning library. In Proceedings of the 33rd International Conference on Neural
Information Processing Systems, number 721, pages 8026—8037. Curran Associates Inc., Red
Hook, NY, USA, December 2019. URL https://dl.acm.org/doi/10.5555/3454287 .3455008.

Martino Pesaresi, Marcello Schiavina, Panagiotis Politis, Sergio Freire, Katarzyna Krasnodebska,
Johannes H. Uhl, Alessandra Carioli, Christina Corbane, Lewis Dijkstra, Pietro Florio, Han-
nah K. Friedrich, Jing Gao, Stefan Leyk, Linlin Lu, Luca Maffenini, Ines Mari-Rivero, Michele
Melchiorri, Vasileios Syrris, Jamon Van Den Hoek, and Thomas Kemper. Advances on the Global
Human Settlement Layer by joint assessment of Earth Observation and population survey data.
International Journal of Digital Earth, 17(1):2390454, December 2024. ISSN 1753-8947. doi:
10.1080/17538947.2024.2390454. URL https://doi.org/10.1080/17538947.2024.2390454.

Seftie Muji Praminta, Susan Wiguna, and Anjas Pramana. Blackout Restoration Plan in Jakarta
Power Grid. In 2020 International Conference on Technology and Policy in Energy and Electric
Power (ICT-PEP), pages 295-300, September 2020. doi: 10.1109/ICT-PEP50916.2020.9249797.
URL https://ieeexplore.ieee.org/document/9249797/authors.

Reuters. Power restored to some areas in Indonesia capital, parts of
Java after 9 Thours, 2019. URL https://www.reuters.com/article/world/

power-restored-to-some-areas-in-indonesia-capital-parts-of-java-after-9-hours-idUSKCN1UUO5\

Brandon Craig Rhodes. PyEphem: Astronomical Ephemeris for Python, December 2011.
URL https://github.com/brandon-rhodes/pyephem. Published: Astrophysics Source Code
Library, record ascl:1112.014.

Julian Rice, Ning Sun, Karthik Balaguru, Tse-Chun Chen, Brent Daniel, and Suarez Drew. OWL-
I USA: Kilometer-Scale Power Outage Dataset for the Continental United States 2012-2024,
2026. URL https://doi.org/10.5281/zenodo.20433558.

Julian R Rice, Karthik Balaguru, Andrea Staid, Wenwei Xu, and David Judi. Projected
increases in tropical cyclone-induced U.S. electric power outage risk. Environmental Research
Letters, 20(3):034030, February 2025. ISSN 1748-9326. doi: 10.1088/1748-9326 /adad85. URL
https://dx.doi.org/10.1088/1748-9326/adad85.

Miguel O. Roman, Zhuosen Wang, Qingsong Sun, Virginia Kalb, Steven D. Miller, Andrew
Molthan, Lori Schultz, Jordan Bell, Eleanor C. Stokes, Bhartendu Pandey, Karen C. Seto,
Dorothy Hall, Tomohiro Oda, Robert E. Wolfe, Gary Lin, Navid Golpayegani, Sadashiva
Devadiga, Carol Davidson, Sudipta Sarkar, Cid Praderas, Jeffrey Schmaltz, Ryan Boller,
Joshua Stevens, Olga M. Ramos Gonzélez, Elizabeth Padilla, José Alonso, Yasmin Detrés, Roy
Armstrong, Ismael Miranda, Yasmin Conte, Nitza Marrero, Kytt MacManus, Thomas Esch,
and Edward J. Masuoka. NASA’s Black Marble nighttime lights product suite. Remote Sensing
of Environment, 210:113-143, June 2018. ISSN 0034-4257. doi: 10.1016/j.rse.2018.03.017. URL
https://www.sciencedirect.com/science/article/pii/S003442571830110X.

25


https://www.ncei.noaa.gov/news/great-texas-freeze-february-2021
https://www.ncei.noaa.gov/news/great-texas-freeze-february-2021
https://www.ncei.noaa.gov/news/great-texas-freeze-february-2021
https://dl.acm.org/doi/10.5555/3454287.3455008
https://doi.org/10.1080/17538947.2024.2390454
https://ieeexplore.ieee.org/document/9249797/authors
https://www.reuters.com/article/world/power-restored-to-some-areas-in-indonesia-capital-parts-of-java-after-9-hours-idUSKCN1UU05V/
https://www.reuters.com/article/world/power-restored-to-some-areas-in-indonesia-capital-parts-of-java-after-9-hours-idUSKCN1UU05V/
https://www.reuters.com/article/world/power-restored-to-some-areas-in-indonesia-capital-parts-of-java-after-9-hours-idUSKCN1UU05V/
https://github.com/brandon-rhodes/pyephem
https://doi.org/10.5281/zenodo.20433558
https://dx.doi.org/10.1088/1748-9326/adad85
https://www.sciencedirect.com/science/article/pii/S003442571830110X

748

749

750

751

752

753

754

755

757

758

759

760

761

762

763

764

765

766

767

768

770

771

772

773

774

775

776

7

778

779

780

781

782

783

784

785

786

787

788

789

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

Miguel O. Romaéan, Eleanor C. Stokes, Ranjay Shrestha, Zhuosen Wang, Lori Schultz, Edil
A. Sepulveda Carlo, Qingsong Sun, Jordan Bell, Andrew Molthan, Virginia Kalb, Chuanyi
Ji, Karen C. Seto, Shanna N. McClain, and Markus Enenkel. Satellite-based assessment of
electricity restoration efforts in Puerto Rico after Hurricane Maria. PloS One, 14(6):¢0218883,
2019. ISSN 1932-6203. doi: 10.1371/journal.pone.0218883.

Sophia Saifi. Power outage plunges Pakistan into darkness, January 2021. URL https:
//www.cnn.com/2021/01/10/asia/pakistan-power-hnk-intl.

Andrea Staid, Seth D. Guikema, Roshanak Nateghi, Steven M. Quiring, and Michael Z.
Gao. Simulation of tropical cyclone impacts to the U.S. power system under climate change
scenarios. Climatic Change, 127(3):535-546, December 2014. ISSN 1573-1480. doi: 10.1007/
s10584-014-1272-3. URL https://doi.org/10.1007/s10584-014-1272-3.

Xiaoyue Tan, Xiaolin Zhu, Jin Chen, and Ruilin Chen. Modeling the direction and magnitude
of angular effects in nighttime light remote sensing. Remote Sensing of Environment, 269:
112834, February 2022. ISSN 0034-4257. doi: 10.1016/j.rse.2021.112834. URL https://www.
sciencedirect.com/science/article/pii/S003442572100554X.

William O. Taylor, Diego Cerrai, David Wanik, Marika Koukoula, and Emmanouil N. Anag-
nostou. Community power outage prediction modeling for the Eastern United States. Energy
Reports, 10:4148-4169, November 2023. ISSN 2352-4847. doi: 10.1016/j.egyr.2023.10.073. URL
https://www.sciencedirect.com/science/article/pii/S2352484723015093.

Z. Wang, M. O. Roméan, Q. Sun, A. L. Molthan, L. A. Schultz, and V. L. Kalb.
Monitoring disaster-related power outages using nasa black marble nighttime light prod-
uct.  The International Archives of the Photogrammetry, Remote Sensing and Spatial
Information Sciences, XLII-3:1853-1856, April 2018. ISSN 1682-1750. doi: 10.5194/
isprs-archives- XLII-3-1853-2018. URL https://isprs-archives.copernicus.org/articles/
XLII-3/1853/2018/isprs-archives-XLII-3-1853-2018.html. Conference Name: ISPRS TC
ITT Mid-term Symposium “Developments, Technologies and Applications in Remote Sensing”
(Volume XLII-3) - 7-10 May 2018, Beijing, China.

Zhuosen Wang, Miguel O. Romén, Virginia L. Kalb, Steven D. Miller, Jianglong Zhang,
and Ranjay M. Shrestha. Quantifying uncertainties in nighttime light retrievals from Suomi-
NPP and NOAA-20 VIIRS Day/Night Band data. Remote Sensing of Environment, 263:
112557, September 2021. ISSN 0034-4257. doi: 10.1016/j.rse.2021.112557. URL https:
//www.sciencedirect.com/science/article/pii/S0034425721002777.

Zhuosen Wang, Miguel O. Roman, Ranjay Shrestha, Tian Yao, and Virginia Kalb. Black Marble
User Guide (Collection 2.0). October 2024. URL https://viirsland.gsfc.nasa.gov/PDF/
BlackMarbleUserGuide_Collection2.0.pdf.

D. W. Wanik, E. N. Anagnostou, B. M. Hartman, M. E. B. Frediani, and M. Astitha. Storm
outage modeling for an electric distribution network in Northeastern USA. Natural Hazards,
79(2):1359-1384, November 2015. ISSN 1573-0840. doi: 10.1007/s11069-015-1908-2. URL
https://doi.org/10.1007/s11069-015-1908-2.

D. W. Wanik, E. N. Anagnostou, M. Astitha, B. M. Hartman, G. M. Lackmann, J. Yang,
D. Cerrai, J. He, and M. E. B. Frediani. A Case Study on Power Outage Impacts from Future
Hurricane Sandy Scenarios. Journal of Applied Meteorology and Climatology, January 2018. doi:

26


https://www.cnn.com/2021/01/10/asia/pakistan-power-hnk-intl
https://www.cnn.com/2021/01/10/asia/pakistan-power-hnk-intl
https://www.cnn.com/2021/01/10/asia/pakistan-power-hnk-intl
https://doi.org/10.1007/s10584-014-1272-3
https://www.sciencedirect.com/science/article/pii/S003442572100554X
https://www.sciencedirect.com/science/article/pii/S003442572100554X
https://www.sciencedirect.com/science/article/pii/S003442572100554X
https://www.sciencedirect.com/science/article/pii/S2352484723015093
https://isprs-archives.copernicus.org/articles/XLII-3/1853/2018/isprs-archives-XLII-3-1853-2018.html
https://isprs-archives.copernicus.org/articles/XLII-3/1853/2018/isprs-archives-XLII-3-1853-2018.html
https://isprs-archives.copernicus.org/articles/XLII-3/1853/2018/isprs-archives-XLII-3-1853-2018.html
https://www.sciencedirect.com/science/article/pii/S0034425721002777
https://www.sciencedirect.com/science/article/pii/S0034425721002777
https://www.sciencedirect.com/science/article/pii/S0034425721002777
https://viirsland.gsfc.nasa.gov/PDF/BlackMarbleUserGuide_Collection2.0.pdf
https://viirsland.gsfc.nasa.gov/PDF/BlackMarbleUserGuide_Collection2.0.pdf
https://viirsland.gsfc.nasa.gov/PDF/BlackMarbleUserGuide_Collection2.0.pdf
https://doi.org/10.1007/s11069-015-1908-2

790

791

792

793

794

795

796

797

799

800

801

802

803

804

805

806

807

808

809

810

811

812

813

814

815

816

817

818

48]

[49]

[50]

[51]

[52]

[53]

[54]

10.1175/JAMC-D-16-0408.1. URL https://journals.ametsoc.org/view/journals/apme/
57/1/jamc-d-16-0408.1.xml.

Jinwen Xu, Yi Qiang, Heng Cai, and Lei Zou. Power outage and environmental justice in Winter
Storm Uri: an analytical workflow based on nighttime light remote sensing. International
Journal of Digital Farth, 16(1):2259-2278, October 2023. ISSN 1753-8947. doi: 10.1080/
17538947.2023.2224087. URL https://doi.org/10.1080/17538947.2023.2224087.

Vivian Yee and Nimet Kirac. ‘No More Antakya’: Turks Say Quake Wiped Out a City,
and a Civilization. The New York Times, February 2023. ISSN 0362-4331. URL https:
//www.nytimes.com/2023/02/09/world/middleeast/earthquake-antakya-turkey.html.

Danrong Zhang, Huili Huang, Nimisha Roy, M. Mahdi Roozbahani, and J. David Frost. Black
Marble Nighttime Light Data for Disaster Damage Assessment. Remote Sensing, 15(17):4257,
January 2023. ISSN 2072-4292. doi: 10.3390/rs15174257. URL https://www.mdpi.com/
2072-4292/15/17/4257.

Xizhi Zhao, Bailang Yu, Yan Liu, Shenjun Yao, Ting Lian, Liujia Chen, Chengshu Yang, Zuoqi
Chen, and Jianping Wu. NPP-VIIRS DNB Daily Data in Natural Disaster Assessment: Evidence
from Selected Case Studies. Remote Sensing, 10(10):1526, October 2018. ISSN 2072-4292. doi:
10.3390/rs10101526. URL https://www.mdpi.com/2072-4292/10/10/1526.

Qiming Zheng, Yiwen Zeng, Yuyu Zhou, Zhuosen Wang, Te Mu, and Qihao Weng. Nighttime
lights reveal substantial spatial heterogeneity and inequality in post-hurricane recovery. Remote
Sensing of Environment, 319:114645, March 2025. ISSN 0034-4257. doi: 10.1016/j.rse.2025.
114645. URL https://www.sciencedirect.com/science/article/pii/S0034425725000495.

Ryan Zhenqi Zhou, Yingjie Hu, Lei Zou, Heng Cai, and Bing Zhou. Understanding the
disparate impacts of the 2021 Texas winter storm and power outages through mobile phone
location data and nighttime light images. International Journal of Disaster Risk Reduction,
103:104339, March 2024. ISSN 2212-4209. doi: 10.1016/j.ijdrr.2024.104339. URL https:
//www.sciencedirect.com/science/article/pii/$2212420924001018.

Laiyin Zhu and Steven M. Quiring. Hybrid Machine Learning Model for Hurricane Power Outage
Estimation from Satellite Night Light Data. Remote Sensing, 17(14):2347, January 2025. ISSN
2072-4292. doi: 10.3390/rs17142347. URL https://www.mdpi.com/2072-4292/17/14/2347.

27


https://journals.ametsoc.org/view/journals/apme/57/1/jamc-d-16-0408.1.xml
https://journals.ametsoc.org/view/journals/apme/57/1/jamc-d-16-0408.1.xml
https://journals.ametsoc.org/view/journals/apme/57/1/jamc-d-16-0408.1.xml
https://doi.org/10.1080/17538947.2023.2224087
https://www.nytimes.com/2023/02/09/world/middleeast/earthquake-antakya-turkey.html
https://www.nytimes.com/2023/02/09/world/middleeast/earthquake-antakya-turkey.html
https://www.nytimes.com/2023/02/09/world/middleeast/earthquake-antakya-turkey.html
https://www.mdpi.com/2072-4292/15/17/4257
https://www.mdpi.com/2072-4292/15/17/4257
https://www.mdpi.com/2072-4292/15/17/4257
https://www.mdpi.com/2072-4292/10/10/1526
https://www.sciencedirect.com/science/article/pii/S0034425725000495
https://www.sciencedirect.com/science/article/pii/S2212420924001018
https://www.sciencedirect.com/science/article/pii/S2212420924001018
https://www.sciencedirect.com/science/article/pii/S2212420924001018
https://www.mdpi.com/2072-4292/17/14/2347

10

11

12

13

14

15

16

17

18

Supplementary Material for “Global Power Outage Detection at the
Kilometer Scale from Satellite Nighttime Lights”

Julian Rice”, Ning Sun, Karthik Balaguru, Tse-Chun Chen, Brent Daniel, and Drew Suarez

Pacific Northwest National Laboratory, Richland WA
"Corresponding author: julian.rice@pnnl.gov

S1 Neural network hyperoptimization details

The following features were made available for selection by the hyperoptimization algorithm (+log indicates
a log-scaled version was also made available): annual median brightness (+log), annual median deviation of
brightness (+log), average gross building height (+log), cloud confidence, cloud mask quality, cloud flag, day
of week, day of year (sine/cosine embedding), landscan population (++log), lunar azimuth angle (sine/cosine
embedding), lunar zenith angle, lunar brightness, angle between moon and satellite, normalized brightness
fraction (FL) (+log), normalized brightness z-score (Z1), satellite azimuth (sine/cosine embedding), sensor
zenith angle, and snow flag. F7, and Z, are derived from the deconfounding linear model’s outputs, defined
as:

- L obs

Fp == 1
t Ldec ( )
. 1

P — 2)

k- MAD(Fy, — 1)

where Fy is the fraction observed nighttime light brightness relative to “expected", and Zy, is the Z-score of
Fr—ie. normalizing F;, deviations by its usual variability—computed with the median absolute deviation
(MAD) for robustness (the k = 1.4826 factor makes the MAD a consistent estimator of standard deviation).
With this formulation, Fy, < 1 or Z <0 signifies anomalous dimming, possibly indicative a power outages.
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Table S1: Summary of primary input data sources, and resulting output from the OWL-I framework.

Dataset

Resolution

Coverage

Variables

NASA Black Marble
[3, 4, 7, 8]

15 arcseconds (~500m),
nightly

Global, 2012-01-19 to
present

Nightly BRDF-
corrected radiance,
quality flags, snow &
cloud cover, time of
observation, sensor
viewing angles

EAGLE-I [1]

County-level, 15-minute

USA, November 2014 —
2024

Ground-truth electric
customer outage counts,
estimated total

customers
LandScan Global [2] 30 arcseconds (~1km), Global, 2012 — 2024 Gridded ambient
yearly population

Global Human
Settlement Layer [5]

3 arcseconds (~100m)

Global, 2018

Average gross built-up
height

PyEphem library [6] Any Any Lunar position and
brightness

Output

OWL-I USA 30 arcseconds (~1km), Continental USA, Outage fraction

nightly

2012-01-19 to
12-31-2024

(ensemble mean and
standard deviation)
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Figure S1: A sample snapshot of NASA Black Marble nighttime light data (a-b) and viewing conditions
(c-f), for February 1st, 2018 over the mid-Atlantic coastline, illustrating data challenges related to cloud
obfuscation and boundaries between adjacent satellite passes.
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c) Brightness difference between full (>95%) and

a) Mean brightness b) Brightness difference when snow is present crescent (<50%) moon
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Radiance (nW/(cm”2 sr))
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—~10!

~10?

41°N

89°W 88°W 87°W

Figure S2: Moonlight and snow effects on BRDF-corrected nighttime brightness. (a) Composite 2012-2024
mean brightness centered on the Chicago, IL metropolitan area. (b) When snow is present, BRDF-corrected
brightness increases. (c¢) During full moons, BRDF-corrected brightness decreases in urban areas, and
increases in rural areas. This is despite NASA’s BRDF correction model ostensibly accounting for both of
these factors; it appears that snow albedo is under-corrected for, while moonlight is over-corrected for in
rural areas.

a) Mean brightness b) Weekend (Fri-Sun) minus weekday (Mon-Thu) nighttime brightness
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Figure S3: Day-of-week effects on nighttime brightness. (a) Composite 2012-2024 mean brightness for
the greater New York, NY metropolitan area. (b) Weekends (Fri-Sun) tend to be brighter at night than
weekdays (Mon-Thu) in urban regions.
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L=0
Latent outage Model predicts window- County-aggregated mean

information average

b e . gk <
(E—P ’
]

Latent outage Model preserves pixel County-aggregated mean
information structure

V' N

Figure S4: Conceptual comparison of possible model architectures, with gridded inputs (left), model predic-
tions (center), and training targets (right) in a hypothetical 3x3 “county”. (a) When using a convolutional-style
model with spatially-aggregated targets, loss is perfectly optimized (£ = 0) when the model outputs window-
averages, and thus there is no incentive to preserve pixel-level fidelity. (b) When modeling each pixel
independently (our approach), loss is perfectly optimized only when pixel structure is preserved, since the
model cannot access information from neighboring pixels.
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Figure S5: Hurricane Michael nightly outage timeseries for the five most impacted counties (by peak nightly
EAGLE-I customer outage count). Missing data poin$$ indicate missing (possibly zero) outage for EAGLE-I,
or insufficient satellite coverage for the satellite-based methods.



a) EAGLE-I outages

32.5°N

Smith

o
=z P P Uverty
> o st '
m lorado, Eo8
Bex
=z webo)
in
~
&
amer
102°W 99°W 96°W

e) Deconfounded county outages

30°N

27.5°N

102°wW

Figure S6: Maximum outages during the 2021 Texas winter storms, from (a) nightly EAGLE-I and (c-h)
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a) Harris County, Texas
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Figure S7: 2021 Texas winter storm outage timeseries for the four most impacted counties (by peak nightly
EAGLE-I customer outage count). Missing data points indicate missing (possibly zero) outage for EAGLE-I,
or insufficient satellite coverage for the satellite-based methods.
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S9



19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

a1

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

References

1]

2]

3]

[4]

[5]

(6]

7]

8]

Christa Brelsford, Sarah Tennille, Aaron Myers, Supriya Chinthavali, Varisara Tansakul, Matthew
Denman, Mark Coletti, Joshua Grant, Sangkeun Lee, Karl Allen, Evelyn Johnson, Jonathan Huihui,
Alec Hamaker, Scott Newby, Kyle Medlen, Dakotah Maguire, Chelsey Dunivan Stahl, Jessica Moehl,
Daniel Redmon, Jibonananda Sanyal, and Budhendra Bhaduri. A dataset of recorded electricity outages
by United States county 2014-2022. Scientific Data, 11(1):271, March 2024. ISSN 2052-4463. doi:
10.1038/s41597-024-03095-5. URL https://www.nature.com/articles/s41597-024-03095-5.

Viswadeep Lebakula, Kelly Sims, Andrew Reith, Amy Rose, Jake McKee, Phil Coleman, Jason Kaufman,
Marie Urban, Chris Jochem, Carrie Whitlock, Mitchell Ogden, Joe Pyle, Darrell Roddy, Justin Epting,
and Eddie Bright. LandScan Global 30 Arcsecond Annual Global Gridded Population Datasets from
2000 to 2022. Scientific Data, 12(1):495, March 2025. ISSN 2052-4463. doi: 10.1038/s41597-025-04817-z.
URL https://www.nature.com/articles/s41597-025-04817-z.

NASA VIIRS Land Science Investigator-Led Processing System. VNP46A1 - VIIRS/NPP Daily Gridded
Day Night Band 500 m Linear Lat Lon Grid Night, 2024. URL https://ladsweb.modaps.eosdis.nasa.
gov/missions-and-measurements/products/VNP46A1/.

NASA VIIRS Land Science Investigator-Led Processing System. VNP46A2 - VIIRS/NPP Gap-Filled
Lunar BRDF-Adjusted Nighttime Lights Daily L3 Global 500m Linear Lat Lon Grid, 2025. URL
https://ladsweb.modaps.eosdis.nasa.gov/missions-and-measurements/products/VNP46A2/.

Martino Pesaresi, Marcello Schiavina, Panagiotis Politis, Sergio Freire, Katarzyna Krasnodebska, Jo-
hannes H. Uhl, Alessandra Carioli, Christina Corbane, Lewis Dijkstra, Pietro Florio, Hannah K. Friedrich,
Jing Gao, Stefan Leyk, Linlin Lu, Luca Maffenini, Ines Mari-Rivero, Michele Melchiorri, Vasileios Syrris,
Jamon Van Den Hoek, and Thomas Kemper. Advances on the Global Human Settlement Layer by
joint assessment of Earth Observation and population survey data. International Journal of Digital
Earth, 17(1):2390454, December 2024. ISSN 1753-8947. doi: 10.1080/17538947.2024.2390454. URL
https://doi.org/10.1080/17538947.2024.2390454.

Brandon Craig Rhodes. PyEphem: Astronomical Ephemeris for Python, December 2011. URL
https://github.com/brandon-rhodes/pyephem. Published: Astrophysics Source Code Library, record
ascl:1112.014.

Miguel O. Romén, Zhuosen Wang, Qingsong Sun, Virginia Kalb, Steven D. Miller, Andrew Molthan, Lori
Schultz, Jordan Bell, Eleanor C. Stokes, Bhartendu Pandey, Karen C. Seto, Dorothy Hall, Tomohiro Oda,
Robert E. Wolfe, Gary Lin, Navid Golpayegani, Sadashiva Devadiga, Carol Davidson, Sudipta Sarkar, Cid
Praderas, Jeffrey Schmaltz, Ryan Boller, Joshua Stevens, Olga M. Ramos Gonzalez, Elizabeth Padilla,
José Alonso, Yasmin Detrés, Roy Armstrong, Ismael Miranda, Yasmin Conte, Nitza Marrero, Kytt
MacManus, Thomas Esch, and Edward J. Masuoka. NASA’s Black Marble nighttime lights product suite.
Remote Sensing of Environment, 210:113-143, June 2018. ISSN 0034-4257. doi: 10.1016/j.rse.2018.03.017.
URL https://www.sciencedirect.com/science/article/pii/S003442571830110X.

Zhuosen Wang, Miguel O. Roman, Ranjay Shrestha, Tian Yao, and Virginia Kalb. Black Mar-
ble User Guide (Collection 2.0). October 2024. URL https://viirsland.gsfc.nasa.gov/PDF/
BlackMarbleUserGuide_Collection2.0.pdf.

S10


https://www.nature.com/articles/s41597-024-03095-5
https://www.nature.com/articles/s41597-025-04817-z
https://ladsweb.modaps.eosdis.nasa.gov/missions-and-measurements/products/VNP46A1/
https://ladsweb.modaps.eosdis.nasa.gov/missions-and-measurements/products/VNP46A1/
https://ladsweb.modaps.eosdis.nasa.gov/missions-and-measurements/products/VNP46A1/
https://ladsweb.modaps.eosdis.nasa.gov/missions-and-measurements/products/VNP46A2/
https://doi.org/10.1080/17538947.2024.2390454
https://github.com/brandon-rhodes/pyephem
https://www.sciencedirect.com/science/article/pii/S003442571830110X
https://viirsland.gsfc.nasa.gov/PDF/BlackMarbleUserGuide_Collection2.0.pdf
https://viirsland.gsfc.nasa.gov/PDF/BlackMarbleUserGuide_Collection2.0.pdf
https://viirsland.gsfc.nasa.gov/PDF/BlackMarbleUserGuide_Collection2.0.pdf

	Introduction
	Results
	Correcting confounding sources of brightness variability
	Generalized outage detection with OWL-I
	Case studies
	Hurricane Michael, 2018
	2021 Texas winter storms

	Kilometer-scale outage dynamics
	Global outage detection
	Suggestions for future outage detection studies

	Discussion
	Methods
	Data
	Nighttime light data
	EAGLE-I
	Other sources

	Conventional outage detection method
	Deconfounding linear model
	OWL-I
	Architecture
	Optimization
	Training data
	Hyperparameter optimization & ensemble generation

	CONUS-scale inference


