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Spatiotemporal analysis and analytical consistency, and lacks comprehensive, longitudinal, large-scale, and fine-grained
Power system resilience analyses to capture the spatiotemporal dynamics of vulnerability. Recognizing this, we
analyzed 179,053,397 county-level power outage records with a 15-min interval across 3,022 US
counties during 2014-2023. Applying a framework encompassing frequency, duration and in-
tensity, we systematically assessed the dynamics of U.S. power system vulnerability. Results
reveal an escalating trend over the past decade, with outages becoming more frequent, prolonged,
and intense. Nationally, cumulative customer outage time reached 7.86 billion customer-hours,
with a median of 0.64 million per-county over the past decade, underscoring significant ser-
vice disruptions. Coastal regions, especially in California, Florida, and New Jersey, experienced
more frequent and longer outages, while some inland areas exhibited higher outage intensity
relative to their customer base. Moreover, we observed a strengthening association between so-
cial vulnerability and outage metrics over time, indicating that counties with higher social
vulnerability experienced more severe and frequent outages, creating “dual-burden” regions
where social disadvantage and infrastructural vulnerability compound each other. These findings
provide a nationwide and longitudinal characterization of power system vulnerability in the U.S.,
offering empirical insights to inform practitioners in prioritizing investments for a more reliable,
resilient and equitable energy infrastructure.

1. Introduction

Power systems are increasingly exposed to a complex interplay of external stressors and internal weaknesses that challenge their
reliable operation. In recent decades, the growing frequency and intensity of climate-related extremes, such as hurricanes, wildfires,
and winter storms, have imposed unprecedented stress on transmission and distribution infrastructures, causing widespread service
disruptions. For example, Winter Storm Uri (2021) left more than 4.5 million people in Texas without electricity, as freezing
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temperatures paralyzed natural gas supply lines, froze wind turbines, and forced numerous power plants offline, revealing deep
vulnerabilities in both generation and grid preparedness [1]. Similarly, Hurricane Ian, which made landfall in southwest Florida in
September 2022 with sustained winds exceeding 150mph [2], severely damaged power infrastructures and left approximately 2.7
million customers without electricity at its peak [3].

While such external shocks expose the acute stress that climate extremes impose on the grid, internal factors further exacerbate
systemic fragility even in the absence of major disasters. Across many regions, power infrastructures are aging, with a large share of
transmission lines, transformers, and substations operating well beyond their intended design life and under deferred maintenance
regimes. Recent assessments indicate that nearly 70 % of U.S. transmission lines and transformers are more than 25 years old, and
many assets built in the 1960s-1970s are approaching or exceeding their 50-year service life [4]. Deferred maintenance and under-
investment in modernization have created significant backlogs of critical upgrades, leaving deteriorating equipment more prone to
operational failures [5]. The convergence of internal deficiencies and external hazards create compound stressors to the power sys-
tems. Therefore, it is essential to develop a systemic understanding on the power system vulnerability, which refers to the proneness of
power system to disruptions [6]. Here, we employ power outage as an observable manifestation and practical, scalable indicators of
this vulnerability.

Despite increasing recognition of these challenges, empirical understanding of power system vulnerability remains fragmented and
event-specific. Most existing studies focus on individual blackout events or specific hazard types, offering valuable but localized in-
sights into outage behavior. For example, investigations of Hurricane Isaac in Louisiana and Winter Storm Uri in Texas have revealed
important patterns in outage distribution, duration, and restoration dynamics under extreme conditions, but their findings are
confined to single events and limited in temporal scope [7-9]. Some research has focused on outages driven by specific hazards at
regional scales, such as those induced by wildfires and extreme weather events, revealing how different hazard types disrupt power
system performance and prolong restoration processes [10-12]. Although these regional studies broaden understanding beyond single
events, they remain spatially limited and short-term, constraining their ability to reveal long-term or nationwide patterns. Further-
more, Do et al. characterized the spatiotemporal distribution of power outages, but focused only on weather event related outages and
a short study period (2018-2020) [13]. Ankit et al. conducted a nationwide analysis on U.S. power outages from 2002 to 2019, yet
their assessment excludes small blackouts and aggregated at the state scale [14]. These efforts have characterized specific aspects of
outage behavior under distinct hazard contexts. However, comprehensive, longitudinal, large-scale and fine-granular analyses remain
lacking to capture the spatiotemporal dynamics of power system vulnerability.

To address this limitation, a consistent and scalable approach is needed to quantify and compare outage characteristics across space
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Fig. 1. Power system vulnerability assessment metrics. We assessed power system vulnerability from the three dimensions—frequency, duration,
and intensity—and developed metrics for each dimension. See Methods for metrics definition.



B. Lietal International Journal of Disaster Risk Reduction 133 (2026) 105980

and time. Previous studies have proposed various indicators to describe outage behavior, yet these measures differ widely in scope and
interpretation. Traditional reliability metrics, such as the system average interruption duration index (SAIDI) and system average
interruption frequency index (SAIFI) are widely used by utilities and regulators to assess system performance. While these indicators
provide valuable summaries of overall system-wide service reliability, they are typically aggregated at the utility scale and exclude
major events, thereby limiting their capability to reveal spatial and temporal variability in outage patterns [15-17]. Beyond those
standard indices, the literature has also employed metrics such as event-specific impact measures, component failure rates (e.g. Refs.
[18,19]) to capture different aspects of power system performance. While these metrics provide valuable insights, they vary
considerably in definition, scope and applicability, which complicates systematic comparison across regions and time periods.

Building on these existing efforts, this study establishes a coherent and scalable framework to characterize power system
vulnerability through the observable power outage characteristics. The framework incorporates three complementary dimensions,
frequency, duration and intensity, to capture the distinct aspects of complex, multifaceted power system performance, describing the
recurrence, persistence and magnitude of power system disruptions (Fig. 1). The multi-dimensional perspective is critical, as outages
with different temporal and intensity profiles can impose different consequences on communities and industries. For example, long-
duration outages can threaten public health, compromise critical infrastructure services, and cause severe economic losses across
regions, while frequency short outages, though brief, can disrupt telecommunication and digital payment systems, delay emergency
response systems, and damage sensitive medical and industrial equipment. This approach also aligns with recent analytical frame-
works (e.g. Refs. [20,21]), which employs these three dimensions to enable a more nuanced understanding of system performance
under stress.

Following this framework, we applied a large-scale, longitudinal, and high-spatiotemporal-resolution power outage dataset [22] to
capture the dynamics of power system vulnerability in the U.S. Specifically, we analyzed 179,053,397 historical power outage records
across 3,022 counties at 15-min temporal resolution from November 2014 through December 2023, obtaining from the Environment
for Analysis of Geo-Located Energy Information (EAGLE-I™) platform [23]. For each of the three dimensions, frequency, duration and
intensity, we developed multiple quantitative metrics to capture power outage characteristics. Using those metrics, we conducted
spatiotemporal and disparity analyses to examine the spatial patterns, evolving trends and variations in power system vulnerability
across regions and population groups, providing a comprehensive assessment of the dynamics and inequities of the U.S. power system
vulnerability.

This study reveals several important insights into the trends and characteristics of power system vulnerability in the United States.
The results provide robust empirical evidence on the extent, spatial variation, and temporal escalation of these vulnerabilities. Analysis
on high-resolution and large-scale power outage data indicates that significant and widespread disruptions have occurred across the U.
S. power system. The observed disruptions exhibit distinct spatial patterns, with coastal regions experience more frequent and pro-
longed outages than inland areas. Moreover, a worsening temporal trend is observed, with outages increasing in frequency and severity
over the past decades, underscoring the growing vulnerability of the U.S. power system. Further analysis reveals that social challenges
and power system challenges intersect, as counties with higher social vulnerability experience more frequent, longer, and larger-scale
outages, creating “dual-burden” regions, where social disadvantages and infrastructural fragility compound each other. These insights
are crucial for power infrastructure owners and operators, policymakers, and community leaders as they develop policies and
implement strategies aimed at prioritizing infrastructure and optimizing resource allocation to enhance power systems resilience and
reliability.

2. Methods
2.1. Power outage data

The source of power outage information is the Environment for Analysis of Geo-Located Energy Information (EAGLE-I™) dataset.
EAGLE-I™ is a geographic information system and data visualization platform developed by Oak Ridge National Laboratory (ORNL) to
map populations experiencing electricity outages every 15 minutes at the county level in the United States [24]. The dataset is
compiled using a variety of web parsing techniques to systematically collect near real-time outage information from several hundred
large electric utilities and utility conglomerates across the U.S., which report outages from their respective collections of electric
utilities [22]. The EAGLE-I™ outage data represents approximately 90 % of utility customers nationally [22].

The core dataset used in this study includes ten years of validated historic EAGLE-I™ records, encompassing county-level power
outage information from November 2014 through December 2023 at 15-min intervals. This dataset covers 3,022 counties in the
contiguous United States (CONUS), representing 96.15 % of the CONUS population. The data is publicly available at https://doi.org/
10.1038/541597-024-03095-5.

The EAGLE-I™ dataset reports the estimated number of customers experiencing an outage at 15-min intervals for all counties in the
CONUS. However, the total number of customers by county is not consistently available across all years. To ensure a geographically
consistent measure of outages, we generated annual estimates of total customers for each county. First, we performed a linear
extrapolation to estimate state-level total customer counts for 2014-2016, using the 2017-2021 state-level data provided by ORNL.
Next, we used the available county-level customer data for 2022 and 2023 to determine each county's typical proportion of customers
within its state. In this process, we calculated, each county i in state s, its share of total state customers for both 2022 and 2023 as
Equation (1):
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Customers i,s,y
Total Customers s,y

Sharei,s,y= (@D)

where y = 2022 or 2023. We then averaged these two annual shares for each county to obtain a stable average share value (Equation
(2):

Share i,s, 2022 + Share i,s 2023

Average Share i,s = 3

(2

This average share was assumed to represent each county's typical proportion of customers within the state and was multiplied by
the state's total customer count for earlier years (2014-2021) to estimate its county-level customer numbers.,

It is important to note that the customers in our study cannot be directly translated to the population. Electricity utilities define
“customers” in various ways, typically referring to an electric meter, a building, or a facility. In residential areas, a customer might be a
household, while in commercial areas, a customer could be a business or a facility.

2.2. Power outage metrics

To identify a county as experiencing an outage, we first calculated the power outage rate every 15 minutes. The power outage rate is
defined as the ratio of the number of customers without power to the total number of customers in a county (Equation (3)). This metric
accounts for the total number of customers in a county and enables us to compare outage counts across counties with varying customer
sizes.

Number of customers without power
Total number of customers

Power Outage Rate = 3

where the number of customers without power refers to the number of customers experiencing an outage at 15-min intervals, and the
total number of customers represents the estimated total number of customers in the county.

We then defined a power outage event as continuously occurring whenever the power outage rate met or exceeded 0.1 % based on
the previous studies [13,25]. This threshold helps distinguish true power outages from other issues, such as service disconnections due
to non-payment [26]. We screened out the 15-min power outage records where the power outage rate was smaller than 0.1 % and
greater than 100 % and identified a total of 3,022,915 power outage events across 3,022 counties over the 10-year period.

To better characterize these power outage events, we developed a power outage vulnerability assessment model based on the
environmental exposure model [20,21,27], including the dimensions of frequency, duration, and intensity. Standard indices, such as
system average interruption frequency (SAIFI) and system average interruption duration index (SAIDI) are not used in this study,
because they are typically defined for annual, utility-level performance assessed based on detailed service-log data [16]. Instead, we
constructed county-level frequency, duration and intensity metrics that conceptually aligned with those standard indices but adapted
for spatially consistent, nationwide analysis (Fig. 1). These metrics provide a comprehensive framework for assessing power outage
vulnerabilities and quantifying their impacts over time and across different regions.

e Number of events: this metric counts the total number of power outage events per year at the county level, measuring frequency of
power outages.

e Average outage rate: this metric calculates the average power outage rate for all power outage events per year at the county level,
focusing on the intensity of power outages.

e Average/total duration: this metric computes both the average and total duration of all power outage events per year at the
county level, assessing the duration of power outages.

e Average inter-event time: this metric measures the average time interval between power outage events per year at the county
level, assessing the frequency of power outages.

e Number of customers affected: this metric counts the cumulative number of customers who experienced power outages in each
county per year. To provide a more complete picture, we also calculated the peak number of customers affected across all the power
outage events per year at the county level. These metrics assess the intensity of power outages.

e Cumulative customer outage time: this metric is calculated by multiplying the number of customers without power by the
corresponding outage duration in a county across all power outage records per year. It measures both intensity and duration of
power outages.

2.3. Socio-economic data

2.3.1. Urban and rural classification

Urban and rural classification is commonly used to assess socioeconomic development differences at the U.S. county level [28,29].
In our study, counties are categorized as either “urban” or “rural” according to the 2013 National Center for Health Statistics (NCHS)
Urban-Rural Classification Scheme [30]. NCHS has developed a six-level urban-rural classification scheme for U.S. counties and
county-equivalent entities. We designate counties as urban (981 counties) if they fall into the three most urban categories: large central
metropolitan, large fringe metropolitan, and medium metropolitan. Counties are classified as rural (2050 counties) if they fall into the
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three least urban categories: small metropolitan, micropolitan, and noncore.

2.3.2. Social vulnerability index

Socially disadvantaged communities often face greater challenges in preparing for, coping with, and recovering from power
outages, and therefore may experience greater impacts from vulnerable power systems and require additional support during dis-
ruptions [31,32]. To identify socially vulnerable areas, we used the Social Vulnerability Index (SVI) developed by the U.S. Centers for
Disease Control and the Agency for Toxic Substances and Disease Registry (CDC/ATSDR) [33]. The SVI is based on 16 census variables
from the American Community Survey, encompassing socioeconomic status, household characterization, racial and ethnic minority
status, as well as housing type and transportation. Variables include poverty (150 % below the U.S. Department of Health and Human
services poverty guidelines), unemployment, housing cost burden, education attainment, health insurance coverage, age composition
(aged 65 and older or aged 17 and younger), disability status, single-parent households, English language proficiency, racial and ethnic
minority status, housing type (multi-unit structures or mobile homes), crowding, vehicle access, and group quarters. The SVI ranges
from 0 to 1, where values closer to O represent lower vulnerability and values closer to 1 indicate higher social vulnerability.

The SVI has been widely employed in power outage research as a standardized indicator of social disadvantages. For example,
Guikema et al. employed the SVI as an explanatory variable in a random forest model to assess how social disadvantage aligns with
areas of heightened tropical cyclone-induced outage risks [34]. Similarly, Flores et al. used the SVI to examine associations between
social vulnerability and severe outage experiences during the 2021 Texas winter storm [9], while Nejat et al. (2022) drew conceptually
from the SVI framework by using its core socioeconomic, housing, and demographic components to examine outage disparities [35].
Tormos-Aponte et al. adapted the index to create the Puerto Rico Social Vulnerability Index, retaining the same categorical structure
but modifying variables such as language and minority indicators to fit local demographics [36]. We acknowledged that the SVI has
certain limitations, as it does not capture the full complexity of social dependence on electricity or include outage-specific factors, such
as the needs of individuals who rely on electricity for medical equipment [37,38]. Nevertheless, it offers a standardized and nationally
consistent measure of structural social disadvantages across U.S. counties, making it well-suited for integration with our nationwide,
large-scale power outage dataset at the county level. Therefore, we use the SVI in this study as an appropriate and reliable proxy for
assessing disparities in power system vulnerabilities.

2.4. Power grid connectivity data

Regional differences in power infrastructure vulnerability can be influenced by large-scale grid topology. To investigate whether
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grid connectivity scenarios impact the vulnerability characteristics of power infrastructure, we collected data on two major types of
grid connectivity: interconnections power grids [39] and the North American Electric Reliability Corporation (NERC) [40]. The
detailed data description and results are presented in Supplementary Information.

2.5. Statistical analysis

The power law distribution is often used to model scenarios where a small number of events are common, while a large number of
events are rare but significant [41]. Previous research indicates power law behaviors are prevalent in blackout events [42,43].
Consequently, we applied the power law model to analyze whether it could shed light on the distribution of time intervals between
successive power outage events. The power law distribution in our study is defined by Equation (4):

P(x) ~x“ 4

where P(x) is the probability of observing an inter-event time x, and « is the exponent of the power law. The probability decreases as x
increases, with the rate of decrease determined by . We divided county-level average inter-event time into two groups (2014-2018
and 2019-2023), and then checked the fitness of power law distribution for each group (Fig. 5e).

We employed an ordinary least squares (OLS) regression model (Equation (5)) to capture the relationships between the social
vulnerability index and power outage metrics (outage duration, outage rate, inter-event time, and number of events) at the county
level for the two-years groups (Fig. 6).

Yi~Po+Pixi+ & 5

where, y; is the power outage metric of county i; x; is the social vulnerability index of county i;  are coefficients; and ¢; is the error term.

We also utilized several statistical tests to assess the significance. First, we used the paired Wilcoxon test, a non-parametric method
for comparing paired observations, to analyze the box plots of the average outage rates for the 2014-2018 and 2019-2023 groups
(Fig. 4a). Second, we used the Kolmogorov-Smirnov test to compare the empirical distribution with the fitted power law model
(Fig. 5e), where a smaller K-S statistic indicates a better fit. Third, the Kruskal-Wallis H test was employed to determine the significance
of differences among the five two-year groups of power outage metrics shown in Fig. 8. This test assesses whether there are statistically
significant differences among three or more independent groups. Finally, we applied the Mann-Whitney U test to evaluate differences
between the distributions of two independent groups: the 2014-2018 and 2019-2023 duration proportion groups (Fig. 3b) and the
urban and rural groups (Fig. 9). All analyses were conducted using Python, and the 2019 TIGER/Line US County Shapefiles were
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distribution function. The Mann-Whitney U test was performed to examine group differences (p < 0.05); c. Sankey plot displaying how the outage
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2019-2023 outage rate is significantly higher than that of 2014-2018 (Paired Wilcoxon test, p < 0.05), indicating an upward trend in the average
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upper plot shows the absolute number of affected customers (defined as the maximum number of customers impacted across all recorded outage
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c. Heatmap for the number of affected customers. The X-axis shows the US states.

utilized to create the nationwide maps for this study [44].
3. Results
3.1. Overadll spatiotemporal trends of power outages in the U.S. from 2014 to 2023

This study first summarized the statistics of six power outage metrics spanning from November 2014 to December 2023 in 3,022
counties of the contiguous United States (CONUS) (Table 1). Across the study period, U.S. counties experienced 999.4 power outage
events on average (IQR: 486.25, 1,369; max: 5,761). The average total power outage duration over ten years is 118.79 days (IQR:
53.61, 155.90; max: 890.25), meaning that, on average across all counties in the CONUS, power outage accounted for 3.65 % (IQR:
1.71 %, 4.69 %; max: 25.96 %) of the total time during the past decade. The average interval between power outage events is 7.16 days
(IQR: 2.22, 5.71; median: 3.37), indicating that the counties experienced a power outage event approximately every week. The mean
power outage rate is 1.51 % (IQR: 0.70 %, 1.54 %; median: 1.02 %). Over the past ten years, power outage events cumulatively affected
a mean of 540,915 customers in each county (IQR: 61,962, 486,026; median: 191,557), indicating a substantial and widespread
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counties with dual burdens.

impact. The cumulative customer outage time reaches 7,863,993,105 customer-hours, with a mean of 2,548,280 user-hours at the
county level (IQR: 169,535, 2,030,562; median: 636,909), highlighting a significant disruption to customer service, which could cause
significant impact on daily life and economic activities in each county.

We observed distinct spatial patterns for the power outage metrics (Fig. 2). U.S. coastal areas, including the West Coast, East Coast,
and Gulf of Mexico suffered more severely from power outages, with greater power outage frequency and longer duration. California,
Washington, Maine, New Hampshire, Massachusetts, New Jersey, and Florida, experienced power outages with an interval of less than
two days, while the interval for most counties in Minnesota, Iowa, and North Dakota is greater than eight days (Fig. 2d). Along with the
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Table 1

Summary statistics of the six power outage metrics.
Metrics Mean Max Min Median Interquartile range (Q1, Q3) Standard Deviation
Number of events 999.41 5761.00 1.00 888.00 (486.25, 1369.00) 711.83
Average outage rate (%) 1.51 100.00 0.10 1.02 (0.70, 1.54) 0.03
Total duration (days) 118.79 890.25 0.01 94.69 (53.61, 155.90) 99.23
Average Inter-event time (days) 7.16 273.51 0.00 3.37 (2.22,5.71) 16.46
Number of customers affected 540914.72 32050993 2 191556.50 (61961.75, 486026.25) 1318285.38
Cumulative customer outage time (hours) 2548280.33 137422361.5 0 636908.75 (169534.75, 2030561.69) 7027485.95

factor of denser population, coastal areas have a much higher number of affected customers and longer customer outage time.
However, the average power outage rate for non-coastal states is higher than the coastal areas, indicating a higher proportion of people
living in non-coastal states suffered from power system disruptions compared with those residing in coastal states.

We also identified temporal trends of power outages over the ten years (Fig. 2). For example, the yearly number of outage events
has kept increasing since 2015 (Note that we only retrieved outage data of 2014 for two months, so we didn't take the year 2014 into
consideration when comparing most metrics to avoid potential bias). The number of outage events surged after 2017, with a rate of
approximately 30 %. From 2018 to 2023, the yearly number of outage events continued to grow at a relatively slower but steady rate.
Total duration, average inter-event time, and the number of affected customers show a similar increasing trend, with a surge after 2016
(2019 for average inter-event time) and remained high during the following years. The average outage rate and cumulative outage
time does not show a clear temporal pattern, which needs further analytics to identify. Overall, U.S. residents experienced more
frequent power outages and endured longer outage duration over the past decade, indicating the increasing vulnerability of the power
system.

3.2. Characterizing U.S. power outages regarding duration, frequency and intensity

To get a more nuanced understanding of power outage characteristics, we examined the spatial and temporal trends for each metric
in detail. For power outage duration, we calculated the yearly total outage duration of each county and then normalized the indicator
by dividing the length of the year. The normalized indicator is called outage duration proportion, measuring the percentage of time in a
year that people experience power outages. Fig. 3a displays distributions of yearly outage duration proportion. Comparing on a year-
to-year basis, the peaks of the probability density plots keep moving right, suggesting a stable increasing trend of power outage
duration. In the year 2014, the probability that the duration proportion exceeds 5 % is 0.069 (95 % CI: [0.060, 0.078]), while the
probability grew to 33.3 % (95 % CI: [0.315, 0.349]) in 2023. The sharp increase indicates that compared to ten years ago, U.S.
residents now are more likely to experience 5 % of a year's time without power. The occurrence of outage proportion exceeding 10 %,
namely more than 36.5 days without power cumulatively in a year, was scarce in 2014, with the probability of only 2 % (95 % CI:
[0.015, 0.026]), while the probability has risen to 8.3 % (95 % CI: [0.074, 0.094]. The higher probability of experiencing extended
power outages suggests that the reliability of the U.S. power system has deteriorated. Table SI 12 in the supplementary information
shows the outage proportion threshold and corresponding probabilities for every year. From the table, we can observe the year-to-year
variability of total outage duration. We also noted a surge in the extended outage probability around the year 2019, so we divided the
data into two periods: before and after 2019. Fig. 3b compares the distribution plot of outage duration proportion for the two groups.
Total outage duration in 2019-2023 is significantly higher than that in 2014-2018 (p < 0.05). The cumulative probability distribution
function suggests a similar trend. The curve for 2014-2018 is consistently steeper than the curve of the latter period, illustrating that
for most counties, outage duration is relatively short in this period. The flatter curve for 2019-2023 shows that counties are more likely
to experience prolonged outages in the past five years. Comparing the two groups, we can find that power outages have consumed a
larger fraction of the time during the most recent five years, reflecting a clear decline in power system reliability from 2014-2018 to
2019-2023. We calculated the 5-year average of outage proportion for each county and labeled them into four categories: severe
(duration proportion larger than 10 %), major (duration proportion between 5 % and 10 %), moderate (duration proportion between 1
% and 5 %) and minor (duration proportion smaller than 1 %). Fig. 3c dissects the relative share of counties in each category and makes
comparisons between years 2014-2018 and years 2019-2023. The results show that the number of counties falling in severe, major,
and moderate categories are rising in the most recent five years. For example, 26 % of the counties (414 of 1756 counties) in the
moderate category elevated into the major category, and 27 % of counties (101 of 370 counties) with major labels moved to the severe
category. For counties from minor to moderate category, the percentage reaches 60 % (373 of 620 counties). In general, power outage
duration for counties tend to increase to various extents in the most recent five years. As a comparison, there are fewer counties with
shortening power outage duration. Furthermore, we made investigations on the counties that repetitively experienced long power
outages over the years. We set four thresholds on outage duration proportion (Fig. 3d and e), and then defined hotspots as counties
where the yearly accumulative outage duration exceeds these thresholds every year during the research period. For example, Kanawha
County in West Virginia is the only county with “>15 %” label during 2014-2018, which means Kanawha County was without power
cumulatively for more than 54 days each year. In this way, we identified areas that consistently experienced prolonged outages over
the years. During 2014-2018, those hotspots are mainly found in several geographical regions, such as the northeastern areas, as well
as parts of Florida, Louisiana, Texas, and California. During 2019-2023, however, the geographical range of hotspots expanded
significantly, covering nearly the entire continental U.S. except for the central states. The spread of hotspots across almost the U.S.
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suggests that the increasing vulnerability of power systems is becoming more pervasive and widespread. The repetitively affected areas
are no longer confined to a few regions but are spreading to new areas. Numerically, the number of hotspots, across all thresholds, has
increased multiple times, which means more areas consistently experiencing extended disruptions in the electricity supply.

We examined power outage intensity based on the power outage rate and the number of affected customers. To track the trend of
power outage magnitude over the years, we calculated county-level average outage rate across all outage events that occurred during
periods 2014-2018 and 2019-2023 separately. To facilitate comparison, we sorted the counties in descending order of average outage
rate for each period and compared the outage rate values for counties in the same position. Results (Fig. 4a) show that the average
outage rate during 2019-2023 is significantly higher than that during 2014-2018 (paired Wilcoxon test, p < 0.05), demonstrating that
power outages have intensified in the past five years. Another indicator we considered is the number of customers affected by outage
events, as this measure directly reflects the broad impact that power outages can have on communities. Fig. 4b captures the temporal
trend of the peak number of affected customers over ten years. The peak refers to the maximum number of customers impacted across
all outage events each year. We calculated this metric at the county-level and then computed the yearly average value for the entire
continental United States. Despite some fluctuations, the overall trend for average peak number of customers is ascending (upper plot
of Fig. 4b). Considering that the total number of covered customers keeps almost constant over the years (year-to-year percent change
between —2.8 % and +3.9 %), we computed the relative proportion for peak number of affected customers and identified an even more
notable increase as well (lower plot of Fig. 4b). The upward trend in both the absolute number and the relative share across the study
period highlights a substantial growth in the scale and intensity of these outage events. Fig. 4c depicts the spatiotemporal trend of
power outage intensity at the state level. Florida, New Jersey, Connecticut, and Washington D.C. have significant spikes, indicating
that those regions have been impacted by large-scale blackouts in certain years. The lower plot of Fig. 4c displays the hotspots of the
yearly accumulated number of affected customers, which is the sum of affected customers in a year. Spatially, California, Florida, and
Texas have the largest number of affected customers. Temporally, we can also identify the year-to-year viability of outage intensity and
the years with the most severe impacts. Those plots enable a better comparison of outage impacts across different regions and time
periods.

In analyzing power outage frequency, we categorized power outage events with varying intensity and duration categories and
counted the number of outage events in each category. Fig. 5a displays the trend of event numbers for all intensity categories over the
ten-year study period. Overall, the event numbers are increasing with notable spikes after year 2018. A similar trend can be observed
from Fig. 5b, which denotes the trend related to the event numbers for events with various duration. We examined the relative
proportion of all event categories (Fig. 5c and d). Over 80 % of the outage events have a power outage rate lower than 10 %, indicating
that less severe power outages are more common. However, events with an outage rate over 50 % account for approximately 4 %,
suggesting that the risk of extensive outage is still a notable concern. Events with a duration of 1 to 2 hours are the most frequent,
accounting for 60 %, and events lasting longer than 2 hours are much less. Interestingly, we found that the relative proportion of all
event categories remained steady over the ten years. For example, events with a duration between 0.5 and 1 hour account for 23.2 % of
outages with a small standard deviation of less than 1 %. Table SI 3 and SI 4 in the supplementary information shows the average
proportion and standard deviation for all event categories. This finding reveals that the growth for outage events with varying intensity
and duration is proportional.

Another metric we applied to measure power outage frequency is inter-event time. We examined the distribution of inter-event
time for periods 2014-2018 and 2019-2023, separately. The Kolmogorov-Smirnov (K-S) test statistic is 0.02 for the period
2014-2018 and 0.01 for the period 2019-2023, meaning that both groups exhibit good power law fit. We also employed loglikelihood
ratio to exclude other distributions. Prior studies suggest that outage interval follows exponential distribution [42,43]. However,
compared to exponential distribution, the log-likelihood ratio for period 2014-2018 is 2814.2 with p < 0.05, and 1344.2 with p < 0.05
for the period 2019-2023, suggesting power law is a better fit. As power law distribution usually emerges from complex systems with
interconnected components and cascading failures, the fitted distribution suggests that power systems are complex networks in which
local failure can trigger cascading effects, leading to large-scale disruptions. Power law fit for outage inter-event time indicates that the
occurrence of outages is not random, but rather follows a specific statistical pattern. In this way, the fitted power law distribution can
assist with the outage occurrence prediction. Fig. 5e displays the fitted parameters of power law distributions. Distributions for the two
groups are statistically different (K-S test, p < 0.05). The fitted parameter alpha for both groups suggests a heavier tail for the period
2014-2018, indicating that longer intervals between outage events are more likely during that time. In other words, the intervals
between outage events tend to become shorter, resulting in more frequent occurrence of power disruptions in the most recent five
years.

3.3. Capturing unequal power outage distribution regarding socioeconomic status and geographical regions

We used the social vulnerability index published by US Centers for Disease Control and Prevention and Agency for Toxic Substances
and Disease Registry (CDC/ATSDR) as a comprehensive indicator for socioeconomic status and then examined the relationship be-
tween power outage metrics and SVI. We categorized counties into three groups based on the tertiles of SVI, and labeled groups as low,
medium, and high social vulnerability. Similarly, we categorized and labeled counties with tertiles of every power outage metric: the
number of events, outage rate, outage duration, and inter-event time. Fig. 6 shows the geographical distribution of areas with varying
extent of social and power system vulnerability for outage duration. Figures for the other outage metrics are available in supple-
mentary information (Fig. SI 2-4). We defined counties with high social vulnerability and severe power outages as counties with dual
burdens since those counties are vulnerable to both social and power system challenges that can exacerbate their difficulties during
crises. From the figures, we can observe that the geographical range of counties with dual burdens is largely expanding, especially in
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California, Texas, Louisiana, and Florida.

Further, we performed an ordinary least square (OLS) regression to further assess the relationship between SVI and power outage
metrics. Results show significant positive associations between SVI and all the outage metrics (Fig. 7), illustrating that population
groups with higher social vulnerability tend to suffer from outages with higher frequency, longer duration, and larger scale. The
association suggests that systematic inequality may exacerbate the adverse effects of power outages on socially disadvantaged groups,
causing significant hardship and negative well-being effects and even potentially leading to a cycle of vulnerability. Moreover, OLS
regression was performed every two years from 2014 through 2023, and the coefficients keep an increasing trend over the years. This
trend suggests that the disparity in outage metrics across populations with varying degrees of vulnerability has been widening over the
past decade. The growing disparity is noteworthy, as this reflects that infrastructure maintenance and upgrade policies may not
adequately address equity in infrastructure prioritization and resource allocation over the years.

The analysis results related to the counties with dual burdens demonstrate a similar temporal trend. Fig. 8 shows that counties with
dual burdens have experienced more severe outages over the years, characterized by a greater number of power disruptions, prolonged
time without power, larger scale, and shorter outage intervals. This observation indicates a compounding effect where both social and
power system vulnerability interact with each other, leading to disproportionately severe impacts on the residents in these counties.
Power system failure may amplify the negative effects of issues, such as housing instability, unemployment, limited access to resources
[45], and raising more health and safety concerns. The worsening trend highlights the urgent need for targeted policies and programs
to enhance the robustness and resilience of the power system.

We also examined the relationship between power outage metrics and urbanicity. Counties were grouped into either urban or rural
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Mann-Whitney U test was performed to examine group differences (p < 0.05 for all groups except for average outage duration of year 2014,
2016-2020 and year 2023).

categories and compared between the two categories. Notably, urban and rural areas exhibit opposite patterns in the characteristics of
power outages. Urban areas experience a higher number of outage events and shorter intervals between events each year during the
study period, while the average outage rate is lower than that of rural regions (Fig. 9a—c, Man-Whitney U test, p < 0.05 for all groups).
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The differences in the outage duration are significant for years 2015, 2021, and 2022 during which urban areas show slightly shorter
average outage duration (Fig. 9d, Man-Whitney U test, p < 0.05). From these analysis, urban outage events can be characterized as
high-frequency, short-term, and small-scale disruptions. In contrast, rural power outages are less frequent but tend to last longer and
affect a larger proportion of customers once they occur. These contrasting outage patterns highlight unique operational challenges
faced by rural and urban regions. In urban areas, the higher frequency of outages can be attributed to the dense development and co-
location of electric infrastructure with other built-environment elements that elevate the likelihood of cascading incidents, such as
equipment failures, accidents, and construction activities. Rural regions face prolonged outage, primarily due to geographical and
logistical constraints inherent in their system design and service environment. Prior studies emphasize that the sparse and radial
configuration of rural distribution systems, together with the wide geographic dispersion and limited accessibility of infrastructure,
constrains network redundancy and hinders the rapid mobilization of restoration crews and resources [46,47]. Moreover, utilities
serving low-density service territories are often deprioritized in restoration sequencing, since restoration decisions tend to maximize
the number of customers restored per unit effort [48]. Addressing these challenges requires strategies that improve restoration
readiness and decentralized power supply capability. Research highlights the importance of pre-positioning repair resources, rein-
forcing critical feeders to enhance redundancy, and deploying distributed or microgrid-based supplies to sustain essential loads during
prolonged disruptions [49,50].

4. Discussion

Although there is considerable anecdotal evidence highlighting the vulnerabilities of the U.S. power infrastructure, comprehensive
studies that systematically analyze these issues over time and across the nation are scarce. A data-driven, nationwide analysis that
characterizes the spatial and temporal trends in power outage characteristics is essential for understanding both day-to-day reliability
issues and system responses to extreme events. Such an analysis is essential for accurately assessing the severity of the problem,
understanding the spatiotemporal characteristics, and informing the development of effective policies and programs aimed at
enhancing the resilience and reliability of the U.S. power systems. This approach would provide the necessary foundation for strategic
planning and investment to protect against future disruptions. Recognizing this need, we retrieved 179,053,397 county-level power
outage records with a 15-minute interval across 3,022 U. S. counties during 2014-2023 to capture power outage characteristics. We
applied a vulnerability assessment model to examine power outages from intensity, frequency and duration dimensions. We developed
multiple metrics for each dimension as measurements and then utilized the metrics to characterize the spatial and temporal trends.
These metrics collectively depict how the U.S. power infrastructure performs under both routine operational stress and extreme
conditions. On average, U.S. counties experienced nearly 1,000 power outage events over the ten-year study period and were without
power for an average total of 118.79 days, which corresponds to an average of 3.65 % of the total time across the decade. Power outage
events occurred approximately every 7 days, indicating that counties were without power once a week. The average outage rate is
around 1 %; if multiplied by the larger number of power system customers, this seemingly small percentage translates into a substantial
number of affected customers. The accumulative outage customer-time reached 7.8 billion customer-hours, indicating the vast scale of
impacts on social activities and well-being. These results depict a sketchy but alarming picture of how ubiquitous and widespread
power outages have been across the country.

We performed further analyses on the power outage metrics across the three dimensions to reveal important spatial and temporal
patterns. Outage metrics consistently show an increasing trend of U.S. power systems vulnerability over the past decade. Power
outages in the U.S. are becoming prolonged, intensified, and more frequent. Comparatively, residents on average spent 2 % of the time
without power during 2014-2018, while the percentage rose to 8.3 % during 2019-2023. The impact scale of outages can be inferred
from both the growing average outage rate and the number of customers affected. For example, outages at their peak moment in 2015
on average left 15 % of the customers without power, while peak moments of outages in 2020 increased to 30 %. The number of outage
events maintained an upward trend for every intensity and duration category. Following power law distribution, the event interval for
2019-2023 has a lighter tail compared with that of 2014-2018, meaning that shorter intervals between outages have become more
likely over the past five years. The worsening trend for all power outage metrics underscores that U.S. power systems are faced with
increasing vulnerability. Based on the data-driven national-level evaluations of the duration, frequency, and intensity of power out-
ages, infrastructure owners, operators, and policymakers can better understand the urgency of taking action to improve the resilience
and reliability of power infrastructure in the U.S.

The characteristics of power outages display certain spatial patterns. For example, areas repetitively affected by prolonged power
outages are primarily located in coastal regions. The coastal states of California, Texas, and Florida are on the top list regarding the
number of customers being affected by outage events. The spatial patterns also indicate the existence of potential disparities. We also
observed distinct power outage characteristics between urban and rural regions. Power outages in urban regions are more frequent
with lower intensity and shorter duration, while rural outages are less common but yield to larger impact scale. Spatial variabilities
also exist among different power grid connectivity regions. Compared to the East Interconnections, the West Interconnections and
Texas have accounted for a relatively larger share of outage duration in recent years, reflecting the greater challenges these regions
face in maintaining grid stability (See Supplementary Information).

Previous literature has noted that power outages disproportionately affect socioeconomically disadvantaged population groups
such as low-income and minority groups [8,51,52], most in weather-related power outage events. This study incorporated the social
vulnerability index into ten-year national power outage data and identified positive association between SVI and outage metrics. This
finding indicates that the disparity is not confined to certain areas or events. Instead, it might be a systematic issue that socially
vulnerable groups are continuously faced with more frequent, larger scale and prolonged power outages. More notably, the positive
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association is becoming stronger over the years, indicating an enlarging gap of outage disparities. Areas with high social vulnerability
have been experiencing worsening power outage issues, such as longer time without power and shorter intervals between outage
events. This increasing disparity highlights a concerning trend that power system resilience and reliability of socially vulnerable
communities are further compromised. Building on these findings, it is important to consider how resilience and reliability in-
terventions can be prioritized across different outage-vulnerability combinations. The “dual-burden” framework suggests that areas
with both high outage exposure and high social vulnerability should be prioritized, as these communities face compound risks of a
higher likelihood of service disruption and lower capacity to withstand and recover from those disruptions. These areas should
therefore be prioritized for integrated interventions enhancing both infrastructures and community adaptive capacity. However,
prioritization strategies may differ when the two dimensions do not align. Regions with high outage exposure but lower social
vulnerability may benefit most from technical and infrastructural measures, such as grid modernization, redundancy, vegetation
management, and other hardening strategies [53,54], to enhance overall grid performance and reduce the occurrence, scale, and
duration of power outages. Conversely, areas with high social vulnerability but lower outage exposure may require social and insti-
tutional interventions, including resilience hubs, access to backup power for critical services, and enhanced emergency communi-
cation systems, to mitigate the severe impacts that outages can have on socially vulnerable populations. Recognizing these nuanced
trade-offs can guide policymakers and utilities in designing targeted strategies that balance improvements in infrastructure perfor-
mance with considerations of social equity.

The findings of this study offer important contributions. The results provide empirical evidence revealing the extent, spatial
variation, and temporal escalation of power system vulnerability across the United States. Unlike most event-specific studies that focus
on individual disasters, this research offers a longitudinal and national-level perspective on the magnitude, hotspots, and evolution of
community exposure to power outages. The developed metrics collectively depict how the U.S. power infrastructure performs under
both routine operational stresses and extreme conditions, offering a holistic view of system performance across diverse operating
conditions. This inclusive approach is important because the mechanisms underlying day-to-day service interruptions and large-scale
disruptions are not independent, but rather part of the same continuum of system performance. Understanding this continuum requires
recognizing two closely related but distinct dimensions: reliability and resilience. Reliability describes the system's ability to maintain
service under normal conditions, while resilience reflects its capacity to withstand, adapt to, and recover from rare, high-impact events
(Panteli et al., 2017). Inherently, reliability and resilience are interdependent. Reliability performance under routine conditions in-
fluences resilience outcomes during major disruptions. Frequent, lower-impact outages can reveal chronic stressors and structural
weaknesses, such as asset aging, vegetation interference, or weather sensitivity [55,56], that also shape the system's response under
extreme conditions [57]. Therefore, recent studies increasingly emphasize the need to integrate resilience considerations alongside
traditional reliability assessment in power system planning and evaluation [58,59]. By incorporating all outage records, this study
provides a comprehensive assessment of U.S. power system robustness, capturing both chronic operational vulnerabilities and acute
hazard-driven disruptions. These insights advance a holistic understanding of power system vulnerability, offer an evidence base that
can inform and support utilities, policymakers, and community leaders in refining investment strategies and prioritizing actions aimed
at enhancing the resilience and reliability of the nation's power infrastructure.

There are also limitations of this study. First, the country-level assessment may obscure finer-scale variations, particularly in areas
experiencing rapid development and population growth. While our analysis revealed a positive correlation between county-level
outage metrics and social vulnerability as measured by the SVI, this relationship may differ when examined at sub-county or
household scales. Although the SVI is a standardized and nationally consistent measure for social disadvantages, it is constrained by its
fixed set of variables and general multi-hazard design, which may not fully capture populations uniquely vulnerable to power outages.
Future research could build on this work by integrating higher-resolution datasets, such as the ResStock built by the National
Renewable Energy Laboratory, which provides detailed information on building stock energy consumption, end-use profiles, and
building characteristics [60]. Coupling such micro-level data with outage observations at finer spatial resolutions could better capture
energy dependence, adaptive capacity, and outage sensitivity among different population groups. This integration would enable a
more granular understanding of how social and infrastructural vulnerabilities intersect with each other. Second, our assessment does
not account for the intricate economic and physical interdependencies across geographic regions. The power system is a complex
network with interdependent relationships between transmission and distribution grids of various sizes. Although our study's original
data is at the county level and considers grid connectivity as a distinguishing factor from geographic structure, future studies should
incorporate more data on the transmission and distribution of power grids across regions to effectively differentiate spatial differences
in power outage vulnerability. Third, we acknowledged that data coverage varied slighted over the study period, with fluctuations of
less than +3 %. Those minor variations are not likely to influence the observed escalating power outage tendency. Nevertheless, minor
bias from uneven reporting may remain, and we have explicitly noted this limitation to maintain transparency in interpretation.
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