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Abstract

Weather-related power outage models are usually evaluated on how well they pre-
dict a select number of individual events, whereas long-term resilience planning
also requires understanding of how outage frequencies are affected by climate
variability and change. We develop a probabilistic framework that reconstructs
weather-related outage frequency by summing calibrated daily class probabili-
ties. It combines EAGLE-I outage observations with hydrometeorological data
across all 67 Florida counties from January 2015 to September 2024. A multiclass
gradient-boosted tree model separates days with no weather-related outage from
those with minor (1–2 h), moderate (2–8 h), and major (at least 8 h) outages,
and is evaluated by leave-one-year-out cross-validation. The predicted probabil-
ities are well calibrated, with expected calibration errors of 0.005 or less, and
summing them recovers every class total within 3%. Including static attributes in
the model raises the spatial Kling–Gupta efficiency from 0.69 to 0.97 while leav-
ing temporal skill unchanged, showing that weather controls when outages occur
and local attributes control where. For nine water years, predicted and observed
annual totals correlate at 0.82 across counties. Across 26 tropical cyclones, totals
correlate at 0.95 for all outages and 0.85 for major outages, far exceeding a
county-by-month baseline. Skill is lowest for major and summer outages, reflect-
ing convective and restoration processes that daily county-scale predictors do not
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resolve. The framework offers an open and transferable route to reconstructing
outage climatology and to isolating climate-driven changes in outage frequency
under a stationary-grid assumption.

Keywords: Power outages, Probabilistic modeling, Climate variability, Grid
resilience, Tropical cyclones, Frequency reconstruction

1 Introduction

Extreme weather events are among the most disruptive hazards affecting human

health, critical infrastructure, and environmental systems, with power outages repre-

senting one of the most frequent and consequential impacts (Watson et al. 2022; Yang

et al. 2020; Liu and Zhong 2017; Do et al. 2023). In the United States, weather-related

outages have increased both in frequency and intensity over recent decades, creat-

ing significant challenges for emergency response, infrastructure management, and

long-term resilience planning (NOAA NCEI 2025; Carvallo and Casey 2024). Florida

is particularly vulnerable due to its exposure to hurricanes, severe thunderstorms,

and other extreme weather conditions where compounding effects between different

weather variables cause outages (Rahman et al. 2025). For example, Hurricane Irma in

2017 resulted in widespread electrical disruptions, affecting approximately two-thirds

of Florida customers (U.S. Energy Information Administration 2017; Chakalian et al.

2019). However, weather-related outages are not limited to catastrophic events. While

major hurricanes produce large-scale and highly visible disruptions, more frequent

moderate weather events generate localized outages that cumulatively represent a

substantial burden on communities and utilities. Despite their high frequency of occur-

rence, these smaller-scale events remain comparatively understudied and are often not

considered when training and testing outage models, especially among the growing

number of studies using statistical or machine learning approaches (Han et al. 2009;

Shashaani et al. 2018; Quiring et al. 2011; McRoberts et al. 2018).
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Using data driven approaches for power outage modeling is inherently challenging

because outage observations are sparse and characterized by strong class imbalance,

zero inflation, and spatial heterogeneity. At the same time there are complex nonlinear

relationships between weather conditions, infrastructure characteristics, and outage

outcomes. Existing outage models often rely on data from a limited number of major

storms and/or on proprietary utility datasets (Shashaani et al. 2018; Quiring et al.

2014; McRoberts et al. 2018). The latter typically have high spatial resolution and

models perform well when trained with them, but the data remains inaccessible to

many emergency management agencies at county, state, and federal levels (McRoberts

et al. 2018). In contrast, open-access datasets such as EAGLE-I provide data in a gener-

alized form and are easy to access but aggregated to coarse county-level resolution. The

increasing frequency of weather extremes combined with aging electrical infrastruc-

ture highlights the need for publicly accessible frameworks capable of characterizing

outage risk across large spatial domains and over extended periods of time.

Power-outage modeling has progressed from statistical approaches, including lin-

ear regression (Reed 2008), negative binomial regression (Liu et al. 2005), generalized

linear models (Liu et al. 2008), and generalized additive models (Han et al. 2009), to

tree-based machine-learning methods that capture nonlinear interactions among mete-

orological and infrastructure-related predictors (McRoberts et al. 2018; Quiring et al.

2011; Yang et al. 2020; Zhu et al. 2026). These models nevertheless face two related

challenges: strong class imbalance and incomplete representation of spatial vulnera-

bility. The predominance of no-outage days can cause models to favor the majority

class and poorly detect rare but operationally important events. Previous studies have

addressed this problem using multi-stage frameworks that separate outage occurrence

from magnitude (McRoberts et al. 2018; Shashaani et al. 2018) and synthetic minority

oversampling to increase the representation of rare outages (Mohammadian et al. 2021;

Ma et al. 2025). Model performance also depends on combining dynamic weather with
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static attributes that represent local differences in land cover, terrain, and grid infras-

tructure, making certain areas more susceptible to outages than others (McRoberts

et al. 2018; Quiring et al. 2011). However, evidence for the value of static attributes

is mixed. McRoberts et al. (2018) reported a 17% improvement after adding static

predictors within a two-stage framework, whereas Quiring et al. (2011) found that

proxy variables such as land cover and soil type provided little improvement when

detailed infrastructure information was unavailable. This contrast motivates evalu-

ating the benefits of adding static attributes separately for capturing temporal and

spatial variability rather than judging their value using a single performance measure.

Existing probabilistic outage models have generally focused on event- or

component-level prediction (Guikema et al. 2014; Arora and Ceferino 2023), although

recent studies have extended probabilistic modeling across several scales. Hughes

et al. (2024) combined physics-based structural fragility with machine-learning prob-

abilities for nonstructural transmission outages and summed line–storm probabilities

to estimate expected outage totals. Spaulding and Lin (2026) converted cell-level

tropical-cyclone fragility probabilities into spatially aggregated outage impacts using

infrastructure exposure, while Emmanouil (2025) combined conditional outage dis-

tributions with projected changes in weather hazards to estimate changes in outage

recurrence intervals. These studies demonstrate the value of probabilistic represen-

tations, but their primary targets are component failure, event-scale impact, or

climate-conditioned risk.

Despite recent progress, important challenges remain in developing transferable

models of weather-related power outages. First, models trained predominantly on

major events may not adequately represent the response of the power grid to moderate

events and can consequently misrepresent outage risk for a given area (Watson et al.

2022). Second, the limited public availability of detailed infrastructure characteristics

necessitates the use of static geographic and socioeconomic attributes as proxies for
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grid characteristics, but their value for improving model transferability across loca-

tions remains unclear. Third, outage observations are strongly imbalanced and the

relationships between weather, local characteristics, and outage severity vary spatially.

How such imbalance affects outage severity classification in a spatially heterogeneous

setting therefore warrants further consideration.

To fill some of the identified gaps, the study addresses three questions: (i) Can

calibrated daily probabilities recover observed outage frequencies when aggregated

over time? (ii) How much do static local attributes improve the spatial reconstruction

of outage frequency? (iii) For which spatial and temporal scales is the reconstruction

reliable?

2 Data and methods

This study follows the workflow outlined in Figure 1. Power outage observations are

obtained from the Environment for the Analysis of Geo-Located Energy Information

(EAGLE-I), and dynamic weather and static local features are derived from a publicly

available regional reanalysis (Table 1 and Table 2). All datasets are preprocessed,

harmonized, and aggregated to a common county-level spatial resolution and daily

temporal scale (Sections 2.1 and 2.2). Weather-related outage days and their severity

classes are defined through an explicit sensitivity analysis (Section 2.3). The integrated

dataset is then used to train and evaluate a probabilistic tree-based framework that

estimates how many county-days of each severity class occur in a given time window

(Section 2.4).
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EAGLE-I

customers out, 15min
67 counties, 2015–2024

CONUS404

hourly, 4 km
10 weather variables

CONUS404 static

land use, soil, vegetation,
elevation, area

Daily outage

85th percentile
of customers out;

4 h de-clustering, events ≥1 h;
duration assigned
to the start day;

unusable days flagged

Daily weather

county max and mean;
daily max, mean, total;

local calendar days, alignment
verified by lagged correlation

Predictor groups

minimal; base; static;
antecedent; forward; Full

(10 configurations)

Weather-related filter

wind or rain above the county
80th percentile, that
day or the day before

Severity classes

none; minor 1–2 h;
moderate 2–8 h; major ≥8 h

LightGBM, 4 classes

multiclass log loss;
no resampling

Leave-one-year-out

inner CV over groups
of whole years

Frequency estimate

N̂k(T ) =
∑

i∈T
p̂k(xi)

Calibration

reliability diagram;
observed / expected counts

Annual and seasonal

KGE with r, α, β;
skill vs. two baselines

Spatial and storms

county totals and anomalies;
storm-window totals
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target
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Fig. 1 Workflow for data processing and weather-related outage frequency modeling.

2.1 Power outage data and processing

EAGLE-I power outage data is managed by Oak Ridge National Laboratory and

provides one of the most comprehensive records of power outages in the United States,

covering more than 90% of customers (Brelsford et al. 2024). The dataset reports the

number of customers without power at 15-minute intervals for each county. We use

data from all 67 Florida counties from 1 January 2015 to 30 September 2024, giving

238,587 county-days.

Outage events are identified following the framework described in Rahman et al.

(2025). An 85th percentile (ranges from 16 to 474 customers) threshold is first applied

to each county to remove minor disturbances. Records reporting zero customers out

are excluded when the percentile is computed, because these records appear only in

the later years of the archive as earlier years do not report zero outage, and therefore

reflect a change in reporting convention rather than in outage behavior. Consecutive
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records above the threshold are grouped into independent events using a 4-hour de-

clustering window, selected as the window producing the highest correlation between

outage duration and weather variables. Each record contributes 0.25 h to the event

duration, events shorter than one hour are discarded, and events lasting more than a

day are assigned in full to the day on which they started. Daily outage duration for a

county is the sum of the durations of all events starting on that day (note that based

on this processing the duration assigned to a day can be longer than 24 hours).

The record contains 77,660 outage days, a rate of about 334 per 1,000 county-

days, and their durations are heavily right-skewed (Fig. 2a). The median daily outage

duration is 2.75 h, the 90th and 99th percentiles are 8.25 h and 26.75 h; 11.0% of outage

days last at least eight hours, and the longest events extend beyond 100 h. Annual

totals show year to year variability especially in 2024, which only goes until September

(Fig. 2b). Outage days occur throughout the year with a pronounced warm-season

maximum in June through August (Fig. 2c),

Fig. 2 Daily county-level outage record for Florida, 2015–2024. (a) Exceedance distribution of daily
outage duration on outage days, with the class boundaries at 2 and 8 h indicated. (b) Outage days
per year, with the subset lasting at least 8 h shown in orange. (c) Outage days per month, aggregated
over all years, yellow shading represents Hurricane season.
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2.1.1 Temporal alignment and data coverage

EAGLE-I timestamps and the reanalysis are both recorded in UTC. Because Florida’s

convective maximum spans local evening hours, which straddle UTC midnight, all

records are converted to local calendar days (America/New York) before daily aggre-

gation, so that an evening storm and the outages it causes fall on the same date.

Cross-correlating hourly customers out with hourly precipitation and wind confirms

this alignment: the correlation peaks at a lag of zero hours for precipitation and one

hour for wind (Fig. S1), indicating a shared time base and a short outage response

time.

Every county is retained on a complete daily calendar. Days on which the outage

record cannot be trusted are instead flagged and excluded from model training and

evaluation while still receiving predictions. These are days before a county’s first or

after its last EAGLE-I record, days inside gaps longer than seven days with no record

for that county, and days on which fewer than 20% of counties report anything, which

indicates a failure of the reporting system rather than an absence of outages. This

affects 6,019 of 238,587 county-days (2.5%), leaving 232,568 county-days for training

and evaluation.

2.2 Weather and environmental data

2.2.1 Dynamic feature variables

Dynamic features are obtained from CONUS404, a convection-permitting regional

reanalysis produced at 4 km spatial and hourly temporal resolution (Rasmussen et al.

2023) (Table 1). Using a single meteorological source for all dynamic variables avoids

the inhomogeneities that arise when observational networks with different histories

are combined.

All gridded variables are spatially aggregated over each county using the maximum

over the intersecting grid cells (cellmax) and the mean over those cells (cellmean),
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and are then aggregated to daily values as the daily maximum (dmax), mean (dmean),

and, for accumulated quantities, total (dsum). The cell-maximum statistic represents

the most severe conditions experienced anywhere in the county, whereas the cell-

mean statistic represents how widespread those conditions are. Features are named by

variable, then spatial statistic, then temporal statistic, so that WSPD10 cellmax dmax

(see Table 1 for abbreviations of weather variables) denotes the daily maximum of the

county-maximum 10m wind speed. This yields 54 daily weather features.

Table 1 Dynamic features, all from the CONUS404 reanalysis (Rasmussen et al. 2023) at 4 km
spatial and hourly temporal resolution. All variables are aggregated to county-level daily values
using the maximum and mean over intersecting grid cells and the daily maximum, mean, and, for
accumulated quantities, total.

Variable Description

Precipitation (PREC ACC NC) Hourly accumulated precipitation

Graupel (GRAUPEL ACC NC) Hourly accumulated graupel (an indicator of deep
convection and of the storms)

10m wind speed (WSPD10) Wind speed at 10m above ground

2m temperature (T2) Air temperature at 2m

2m dew point (TD2) Dew point temperature at 2m

Top-layer soil moisture
(SMOIS TOP)

Volumetric water content of the uppermost soil layer

Mixed-layer CAPE (MLCAPE) Convective available potential energy for a mixed
low-level parcel

Planetary boundary layer height
(PBLH)

Depth of the turbulently mixed layer

Precipitable water (PWAT) Total column water vapor

Canopy water (CANWAT) Water intercepted and held by vegetation

Each feature is screened individually against the outage record using the area under

the receiver operating characteristic curve (AUC), which is the probability that a day

drawn at random from the more affected group has a higher value of the variable

than a day drawn at random from the less affected group. A value of 0.5 means the

variable carries no information, and 1.0 means the two groups are perfectly separated.

Because the AUC depends only on the ranks of the values, it is comparable across
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variables with different units and distributions. The daily maximum of the county-

maximum 10m wind speed is the most informative single variable, both for separating

outage days from days without outages (AUC 0.651) and for separating outage days

of at least eight hours from shorter ones (AUC 0.670), followed by county-mean daily

precipitation (0.641 and 0.658). No individual variable separates the groups strongly,

which motivates the multivariate treatment that follows.

2.2.2 Static feature variables

Static features represent local characteristics that may influence differences in out-

age response among counties exposed to similar weather conditions (Table 2). Land

cover and soil texture are summarized as the fraction of each county’s area in each

CONUS404 land-use and soil category, together with the annual maximum and min-

imum green vegetation fraction and their range, mean terrain elevation, and county

area. Because land cover fractions are expressed relative to county area, they are

comparable across counties of different sizes.

Table 2 Static county attributes with their source, resolution, and description.

Variable Source Resolution Description

Land-use class fractions
(IVGTYP)

CONUS404 land-
use classification

County Fraction of county area in
each land-use class; fractions
sum to one

Soil-texture class
fractions (ISLTYP)

CONUS404 soil
classification

County Fraction of county area in
each soil-texture class

Green vegetation
fraction (SHDMAX,
SHDMIN, range)

CONUS404 County Annual maximum,
minimum, and range of
green vegetation fraction

Terrain elevation
(HGT)

CONUS404 County Mean elevation

County area TIGER shapefiles County Total land area

10
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2.3 Defining weather-related outages and severity classes

Not all outages are caused by weather. Equipment failure, planned maintenance, ani-

mal contact, and vehicle strikes produce outages that no weather-driven model can

be expected to predict, and including them would attribute unexplained variance to

the weather predictors. Outage days are therefore classified as weather-related only

when the weather on or immediately before the outage day was locally extreme.

Two choices define the resulting labels: which weather variables and threshold define

“locally extreme”, and which durations separate severity classes. Because no ground

truth exists for whether an individual outage was weather-caused, both are selected

through a systematic comparison rather than by convention.

2.3.1 Tropical cyclone windows

Two of the choices below, and part of the evaluation, are scored against the peri-

ods when a tropical cyclone affected Florida. These windows are derived from the

HURDAT2 Atlantic best-track database (Landsea and Franklin 2013). A six-hourly

best-track fix counts when the system is at least at tropical-storm strength, defined

as a maximum sustained wind of at least 34 kn or a tropical-storm or hurricane status

code, and lies within 200 km of the Florida state boundary. Each storm’s window runs

from its first qualifying fix to its last, padded by one day at each end and rounded

to whole local days. Twenty-six systems satisfy these criteria between 2015 and 2024;

their windows cover 11,374 county-days, 4.9% of the record, and contain 4,722 outage

days (Table S1).

2.3.2 Filter selection

We evaluate 220 candidate definitions formed by crossing 11 variable sets, five per-

centile thresholds (75th to 95th), two threshold bases (the percentile computed over

a county’s outage days or over all of its days), and two timing rules (the outage day

11
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only, or the outage day or the day before). Candidates are scored on two criteria com-

puted among outage days. The first, J8h, is the share of outage days lasting at least

eight hours that a filter retains minus the share of shorter outage days it retains. The

second, Jstorm, is the share of outage days falling within tropical cyclone windows that

it retains minus the share of all other outage days. Both are Youden indices, equal to

zero for a filter that retains outage days at random and equal to one for perfect sep-

aration; their mean is the selectivity score. Candidates must also retain at least 15%

of outage days and show a coefficient of variation of the retained share across years

no greater than 0.12, which excludes definitions that are too restrictive to support

estimation or that introduce artificial inter-annual variability.

Selectivity increases sharply with the addition of wind and precipitation and then

saturates (Fig. S2). Definitions based on rainfall intensity alone are clearly inferior,

and adding graupel or convective available potential energy to wind and precipitation

lowers the storm selectivity, because both variables are elevated on many days without

damaging weather. The selected definition classifies an outage day as weather-related

when either the daily maximum 10m wind speed or the county-mean daily precipita-

tion total exceeds the county’s 80th percentile of outage days, evaluated on the outage

day or the day before. It retains 43.0% of outage days, 63.4% of outage days lasting

at least eight hours, and 65.2% of outage days within tropical cyclone windows, with

a coefficient of variation of the retained share across years of 0.050.

This definition (wind + rain total, p80, outage days, day or day before) ranks

third of 220 candidates by selectivity score (0.232, Table S3), and the two candidates

above it differ by less than 0.002. The leading candidate differs only in using the cell-

maximum rather than the county-mean daily precipitation total, so the ranking does

not separate the leading candidates. We retain the county-mean formulation because

it measures how widespread the rainfall is across a county rather than conditions

at a single grid cell, and because its retained share is more stable between years

12
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(coefficient of variation 0.050 against 0.067). Wind-only definitions rank close behind

but retain only 30.3% of outage days, and they exclude outages caused by flooding and

saturated-ground tree failure, which are physically part of the process being modeled.

Selectivity is insensitive to the percentile threshold between the 75th and 90th

percentiles (Fig. S3, Table S2), so the threshold primarily governs sample size. The

80th percentile maximizes the selectivity score (0.232, against 0.230 at the 85th and

0.216 at the 90th) while retaining the largest number of outage days. Moving to

the 90th percentile would discard 41% of the labeled outage days and reduce the

retained share of storm-period outage days from 65.2% to 44.9% without becoming

more selective. The 85th percentile is reported as a sensitivity case.

2.3.3 Severity classes

Retained outage days are divided into three severity classes by duration, and all

remaining county-days form a fourth class representing the absence of a weather-

related outage. Thirty-eight combinations of the minor upper bound A and the major

lower bound B are compared (Fig. S4). Each combination is scored by the mean AUC

with which the best weather variable separates adjacent classes, subject to the require-

ment that every class contains at least 10% of retained outage days and at least 30

days in every year. Separability increases monotonically with B, but the number of

major days per year falls rapidly, so the most separable definitions are also the least

estimable.

The selected classes are minor (1 ≤ d < 2 h), moderate (2 ≤ d < 8 h), and

major (d ≥ 8 h), which ranks second of 38 combinations with a mean adjacent-

class AUC of 0.595 (Table S4). The individual values are 0.561 for moderate against

minor and 0.630 for major against moderate, so weather separates major outages from

moderate ones appreciably better than moderate from minor, but neither separation

is sharp. Duration is therefore only partly determined by the meteorological forcing,

which is expected, because the same storm produces different durations depending

13
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on network condition, vegetation, and available restoration resources. The classes are

best understood as ordered severity bands whose boundaries are supported by the

data rather than as meteorologically distinct regimes. The highest-ranked combination

differs only in the minor bound (A = 1.5 h) and scores 0.598; because durations are

recorded in 15-minute increments and events shorter than one hour are excluded, that

definition restricts the minor class to durations of 1.00 and 1.25 h, so the 2-hour bound

is preferred. The eight-hour major threshold is consistent with definitions of major

outage events used in reliability reporting (Do et al. 2023).

The resulting classes are physically distinct (Fig. S5). Outage days that the filter

does not classify as weather-related occur under markedly lower wind and rainfall than

any of the three weather-related classes (median daily maximum wind 7.08m s−1 and

median county-mean rainfall 0.26mm), and both quantities increase monotonically

across the severity classes, reaching 11.13m s−1 and 12.50mm for major outages. The

distributions overlap, as expected when identical forcing produces different outcomes

depending on local network condition, vegetation, and the precise location of a storm

within a county. The filter is therefore interpreted as identifying weather-related rather

than definitively weather-caused outages. The final dataset contains 199,143 county-

days with no weather-related outages, 8,830 with minor, 19,178 with moderate, and

5,417 county-days with major outages (Fig. S6, Table 3).

Table 3 Severity classes and their frequency over 2015–2024, counted
over the 232,568 county-days with usable outage data.

Class Definition County-days Share (%)

No outages No or not weather-related 199,143 85.6
Minor 1 ≤ d < 2 h 8,830 3.8
Moderate 2 ≤ d < 8 h 19,178 8.2
Major d ≥ 8 h 5,417 2.3

Total 232,568 100.0
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2.4 Weather-related outage frequency modeling

2.4.1 Modeling objective

The quantity of interest is the number of county-days of each severity class in a period,

rather than the classification of any individual day. Frequency is therefore estimated

by summing predicted class probabilities over the days of interest, an approach known

as probabilistic classify-and-count in the quantification literature (Bella et al. 2010;

González et al. 2017) and equivalent to calibration-in-the-large in the validation of risk

models (Van Calster et al. 2016). The expected number of days of class k in period T is

N̂k(T ) =
∑

i∈T

p̂k(xi), (1)

where p̂k(xi) is the predicted probability of class k for county-day i.

Summing event-level probabilities into an expected count is used in related set-

tings. Preisler et al. (2004) summed daily ignition probabilities to expected numbers

of wildfires, Hughes et al. (2024) summed transmission-line outage probabilities across

line–storm observations, and Spaulding and Lin (2026) multiplied a local fragility

probability by the number of possible outage locations and summed the resulting

expected failures spatially. The present formulation differs in that the observational

unit is a county-day, the outcomes are four mutually exclusive duration classes, and

aggregation is primarily over time rather than over network components.

2.4.2 Model framework

We train a gradient-boosted decision tree ensemble (LightGBM) with a multiclass

objective over the four severity classes. Gradient boosting builds trees in sequence,

each fitted to the errors of its predecessors. It suits this application because outage

response depends on interactions among weather variables and local characteristics

rather than on any single predictor, and because the feature set combines precipitation

totals, wind speeds, land cover fractions, and terrain attributes on different scales
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without requiring transformation. The model is trained by minimizing multiclass log

loss, a proper scoring rule that rewards calibrated probabilities.

2.4.3 Feature sets

Features are grouped so that the contribution of each group can be isolated. The

base set contains all same-day weather features and season, expressed as month and

the sine and cosine of the day of year. Three sets each add one group to this base.

Static adds the static county attributes. Antecedent adds backward-looking weather:

previous-day values, three-day backward windows, precipitation accumulated over the

preceding 3 to 30 days, an antecedent precipitation index with a daily decay of 0.9,

and antecedent soil moisture with its anomaly relative to the county’s own mean for

that calendar month. Forward adds forward-looking weather: the following one and

two days, three- and five-day forward windows, five- and seven-day centered windows,

and counts of days exceeding the county’s 95th percentile of wind within those win-

dows. A relative set adds county-normalized features, which express each day relative

to that county’s own distribution and therefore carry information about timing but

not about the county’s absolute level. Three combined sets test whether groups act

together: forward plus adds interactions that use only same-day or forward inputs,

while forward static and antecedent static add the static attributes to the forward and

antecedent sets. A minimal set containing only the two variables used to define the

labels provides a lower reference, and a full set contains every group. Because each

single-group set differs from base by exactly one group, the difference in skill between

them measures that group’s contribution. All window operations are performed on a

complete daily calendar for each county, so a window never spans a gap in the record

or crosses a county boundary; multi-day accumulations require at least 70% of their

constituent days and are rescaled to the full window length.
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2.4.4 Training and validation

Models are validated by leave-one-year-out cross-validation. For each complete cal-

endar year, a model is trained on all remaining years and used to predict every day

of the held-out year, so each annual estimate is entirely out of sample. Annual fre-

quencies are reported by water year, from 1 October to 30 September, following the

CONUS404 reporting convention; the record contains nine complete water years, from

October 2015 to September 2024. Spatial results use every evaluated county-day and

therefore cover the full record. Hyper-parameters and the number of boosting itera-

tions are selected within the training years alone, using an inner cross-validation in

which the training years are partitioned into three groups of whole years, so that val-

idation is never performed on days from the same year as the training data. Three

configurations of tree complexity and regularization are compared, and the one with

the lowest mean validation log loss is refit on all training years.

2.4.5 Probability calibration

Because frequency estimates are sums of predicted probabilities, calibration is eval-

uated directly. For each class, predicted probabilities are divided into bins, and the

mean predicted probability in each bin is compared with the observed frequency in

that bin; a well-calibrated model lies close to the 1:1 line in the reliability diagram.

Calibration is summarized by the expected calibration error,

ECE =

B
∑

b=1

nb

N
|obsb − predb| , (2)

where nb is the number of county-days in bin b, obsb the observed class frequency

in that bin, and predb the mean predicted probability. We also report the ratio of

the total observed count to the total expected count obtained by summing predicted

probabilities, which should be close to one if the frequency estimates are unbiased in

aggregate.
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2.4.6 Model evaluation

For each outage class, observed and predicted annual frequencies are compared using

the Kling–Gupta efficiency,

KGE = 1−
√

(r − 1)2 + (α− 1)2 + (β − 1)2, (3)

where r is the Pearson correlation between observed and predicted annual frequen-

cies, α = σpred/σobs is the ratio of their standard deviations, and β = µpred/µobs is

the ratio of their means. The three components describe different aspects of the recon-

struction: r measures whether active and quiet years are correctly ranked, α whether

the amplitude of inter-annual variability is reproduced, with α < 1 indicating a pre-

dicted series smoother than the observations, and β whether the long-term mean is

reproduced.

Skill is also measured against two reference models. The climatology baseline uses

the overall class proportions estimated from the training years, and the seasonal base-

line uses county-by-month class proportions, which represents the frequency that can

be inferred from location and time of year without the daily meteorological state. Skill

relative to a baseline is

S = 1−
MSEmodel

MSEbaseline

, (4)

so that S = 1 is perfect prediction, S = 0 equals the baseline, and S < 0 is worse

than the baseline. We use mean squared error because it gives greater weight to large

errors during unusually active periods, and report mean absolute error in physical

units where the typical magnitude of the error is informative.
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2.4.7 Uncertainty and sensitivity to individual years

Uncertainty in the statewide annual metrics is quantified by resampling counties with

replacement 2,000 times, reconstructing the statewide water-year series for each sam-

ple, and recomputing the metrics; the 2.5th and 97.5th percentiles define the 95%

confidence interval. This measures how far the results depend on the particular set of

counties analysed. A water-year jackknife measures the influence of individual years:

each complete water year is removed in turn and the temporal metrics are recomputed

from the remaining years.

2.4.8 Seasonal, storm-scale, and daily performance

Performance is evaluated at both aggregated and daily scales. The mean monthly fre-

quency is used to assess the seasonal cycle, and complete meteorological seasons (DJF,

MAM, JJA, and SON) are evaluated with the same KGE decomposition and baseline-

relative skill applied to seasonal totals, with December assigned to the following year’s

winter and incomplete seasons at the ends of the record excluded. Performance is

also compared among tropical (June–November) and non-tropical (December–May)

cyclone seasons, to test whether skill extends beyond named storms. Within each

tropical cyclone window, observed and predicted outage totals are compared using

correlation and mean absolute error for both the model and the seasonal baseline.

Daily discrimination is evaluated using the AUC defined in Section 2.3, applied

to the predicted probabilities rather than to a weather variable. The first AUC mea-

sures how well the summed probability of the three outage classes separates outage

days from days without a weather-related outage, and the second measures how well

the conditional probability of a major outage separates major outages from shorter

ones. Both are computed by weather regime and compared with the seasonal baseline.

Because the AUC evaluates the ranking of days rather than the absolute level of the

probabilities, it complements the calibration and frequency diagnostics.
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3 Results

3.1 Calibration of the predicted probabilities

The frequency estimates are sums of daily class probabilities, so those probabilities

must be reliable before proceeding to reconstruction. Observed frequencies follow the

predicted probabilities closely across the whole range for all four classes in the held-

out data (Fig. 3). The expected calibration error is 0.005 or smaller for every class,

and the ratio of observed to expected counts over all 232,568 evaluated county-days

is 0.999 for the no-outage class, 1.004 for minor outages, 0.999 for moderate outages,

and 1.028 for major outages (Table S5). Summing the daily probabilities therefore

recovers the observed totals to within 3% for every class. This result supports the use

of summed daily probabilities to estimate outage frequency rather than counting only

the most likely class.

Fig. 3 Reliability of the predicted daily class probabilities. The upper panels compare the mean
predicted probability in each bin with the observed frequency in that bin, with the 1:1 line shown in
black. The lower panels give the number of county-days in each bin on a logarithmic scale. ECE is the
expected calibration error and obs/exp is the ratio of observed to expected counts over all evaluated
county-days.
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Two departures are visible. Minor outages are slightly underpredicted in the

sparsely populated bins above a predicted probability of 0.25, which contain fewer

than 100 county-days in total. Major outages are underpredicted by 3% overall, and

the underprediction is concentrated in the bins between 0.2 and 0.8. Both patterns

indicate that the model is conservative on the days when severe outcomes are most

likely, which also appears in the annual results below.

3.2 Predictor groups

The feature-set comparison shows a clear trade-off between temporal and spatial recon-

struction (Fig. S7, Table 4). Temporal KGE ranges from 0.68 to 0.72 for all outage

classes combined, and from 0.46 to 0.57 for major outages. The exception is the mini-

mal configuration, which uses only the two variables that define the labels and reaches

0.54 and 0.24. Adding the full same-day weather state to those two variables therefore

produces the single largest gain in this study, and every further group of predictors

adds little beyond it.

Table 4 Feature-set comparison for all weather-related outages (Any) and major
outages. Temporal skill is MSE skill relative to the seasonal baseline. The full
dataset is retained for the remaining analyses because it combines strong temporal
reconstruction, the highest baseline-relative skill, and high spatial reconstruction.

Temporal KGE Skill vs. seasonal Spatial KGE

Feature set Any Major Any Major Any Major

Minimal 0.543 0.240 0.432 0.299 0.359 0.297
Base 0.681 0.490 0.343 0.436 0.685 0.668
Static 0.721 0.547 0.342 0.493 0.969 0.925
Antecedent 0.688 0.465 0.532 0.368 0.702 0.684
Forward 0.702 0.517 0.535 0.449 0.689 0.660
Forward+ 0.698 0.519 0.474 0.447 0.685 0.651
Relative 0.682 0.535 0.583 0.516 0.675 0.665
Forward+static 0.710 0.571 0.564 0.488 0.963 0.911
Antecedent+static 0.692 0.506 0.626 0.467 0.969 0.910
Full 0.703 0.547 0.654 0.547 0.969 0.922
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The configurations separate more clearly in space than in time. Sets that include

the static county attributes reproduce the county totals with a spatial KGE between

0.91 and 0.97, while sets built from weather alone reach 0.65 to 0.70. Adding static

attributes to the forward-looking set raises its spatial KGE from 0.69 to 0.96 while

leaving its temporal KGE almost unchanged.

We therefore use the full data set for the remaining analyses. This choice does

not mean that the full model maximizes every individual metric. Instead, it gives

the most balanced reconstruction across temporal variability, spatial structure, and

improvement over the seasonal baseline.

3.3 Annual frequency and inter-annual variability

Predicted annual frequencies track the observed record across the nine complete water

years from October 2015 to September 2024 (Fig. 4, Table S6). The model reproduces

minor outages best, with a KGE of 0.81 and a correlation of 0.96, and predicts 8,040

county-days against 8,055 observed. Moderate outages reach a KGE of 0.60 and a

correlation of 0.86. Combining the three outage classes gives a KGE of 0.68 and a

correlation of 0.82, with 30,427 predicted county-days against 30,699 observed. Annual

deviations stay within 10% for minor outages, moderate outages, and the combined

total in every year, and the bias ratio lies between 0.99 and 1.00 for those three targets.
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Fig. 4 Observed and predicted annual frequency of weather-related outage days for the nine complete
water years from October 2015 to September 2024. The upper panels give total county-days per water
year. The lower panels give the deviation of the prediction from the observation, with 95% intervals
obtained by resampling counties and a grey band marking ±10%. Orange bars indicate overprediction
and blue bars underprediction.

The main limitation is the amplitude of year-to-year variability. All four series

have α between 0.62 and 0.81, so the predicted annual series is smoother than the

observations. Major outages are the hardest target. The correlation falls to 0.43 and

the KGE to 0.32, although the total over the nine years remains close to the observed

value at 4,867 county-days against 5,089. The errors follow a clear pattern in time.

The model overpredicts major outages by 3.5 to 6.4% in the five water years from

2016 to 2020, then underpredicts them by 9.4, 18.7, 19.4 and 9.1% in 2021 through

2024. The observed number of major outage days rises from about 500 per year in

the first part of the record to 693 in 2024, and the predictions stay between 482 and

630. The variability ratio of 0.63 reflects the same behavior. The county-bootstrap

intervals indicate that these deficits are systematic rather than a result of only a few

counties. The model therefore captures the broad frequency level better than the full

amplitude of severe-outage years.
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A leave-one-year-out jackknife of the evaluation shows that the bias ratio remains

between 0.94 and 1.01 and the variability ratio below 1 for every class in every fold,

so neither the absence of bias nor the damping of inter-annual variability depends on

a particular year. Skill is more sensitive: omitting the 2017 water year, which contains

Hurricane Irma, lowers the KGE for all outage classes from 0.68 to 0.38, and omitting

2024 removes the major class’s advantage over the seasonal baseline (skill 0.45 to -

0.01). With nine evaluation years, single active years therefore carry a substantial

share of the measured skill.

3.4 Seasonality

The model reproduces the seasonal cycle of all three classes (Fig. 5). Predicted and

observed rates peak together in June through August at about 265 outage days per

1,000 county-days, fall to about 75 in November and December, and agree within a

few days per 1,000 county-days in every month. The county-by-month baseline follows

the same cycle by construction, so this comparison shows that the model learns the

seasonal signal from the weather rather than from the calendar. It does not by itself

demonstrate skill.

Fig. 5 Mean seasonal cycle of weather-related outage days by class, averaged over all evaluated
years. The shaded band marks the Atlantic hurricane season from June to November. The seasonal
baseline reproduces this cycle by construction and is shown for reference; skill relative to it is assessed
on inter-annual variation in Figs. 6
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Season-by-season results show that the model captures much of the observed inter-

annual variability, with most observed seasonal totals falling within the 95% bootstrap

confidence intervals of the predictions (Fig. 6, Table S7). For all outage classes com-

bined (Fig. 6a–d), KGE is highest in winter (0.98), followed by spring and autumn

(0.86 in both seasons), and lowest in summer (0.67). The model outperforms the sea-

sonal baseline in every season, with MSE skill ranging from 0.56 in summer to 0.97

in winter and autumn. For major outages (≥ 8 h; Fig. 6e–h), performance follows the

same seasonal ordering but is generally lower. KGE decreases from 0.87 in winter to

0.59 in spring and autumn and 0.35 in summer, while MSE skill ranges from 0.52 in

summer to 0.86 in winter.

Fig. 6 Observed and predicted seasonal totals of weather-related outage days by standard season:
(a)–(d) all outage classes, (e)–(h) major outages (≥8 h). Error bars give 95% intervals from resampling
counties, and the dashed line is the county-by-month baseline.

The model therefore reproduces cool-season and transition-season variability more

closely than summer variability. Summer contributes the largest number of outage
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county-days but remains the most difficult season to reproduce. Observed summer

totals for all outage classes range from 1,363 to 1,686 county-days across the ten

summers, a range of approximately 20%, whereas the predicted totals show less inter-

annual variation. This under-representation is more pronounced for major outages,

for which the summer variability ratio is 0.41, the lowest among the four seasons.

Winter shows the closest agreement in variability. Observed winter totals range from

208 to 646 county-days, nearly a factor of three, and the corresponding variability

ratio is 0.99. These results indicate that the model captures winter inter-annual vari-

ability particularly well, whereas the daily county-scale predictors explain less of the

variability associated with summer thunderstorm activity.

3.5 Tropical cyclones and daily skill by regime

Twenty-six tropical cyclones meet the proximity and intensity rule for Florida during

the study period (Section 2.3). Summed over all storm windows, the model predicts

3,106 weather-related outage days against 3,079 observed, and 820 major outage days

against 846 observed (Fig. 7). Predicted and observed totals correlate at 0.95 across

storms for all outage classes and at 0.85 for major outages. The county-by-month

baseline predicts 2,052 and 343 county-days for the same windows, with correlations of

0.64 and 0.13. Weather information therefore supplies nearly all of the storm response,

and the baseline, which knows only the county and the month, cannot distinguish an

active storm window from an ordinary day in the same month.
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Fig. 7 Model performance during tropical cyclones and by weather regime. (a) and (b) compare
observed and predicted county-days within each storm window for all outage classes and for major
outages, with the county-by-month baseline shown for reference.

Individual storms show where the model departs from the observations. It repro-

duces the largest events closely: Hurricane Irma, the most impactful storm in terms

of outages in the record, and Hurricanes Debby and Helene all fall near the 1:1 line in

both panels. The clearest shortfalls are for storms whose observed impact is large but

whose weather footprint over Florida is comparatively modest, including Matthew and

Nicole, which passed offshore along the east coast, and Elsa. The model overpredicts

for a small number of weaker systems, including Tropical Storms Nestor and Alberto.

The pattern is consistent with the damping of extremes seen in the annual results:

predictions for the most severe windows are pulled towards the mean of comparable

weather days.

Daily skill differs by weather regime (Table S8). The model separates outage days

from days without outages in every regime, with an AUC of 0.908 on tropical-cyclone

days, 0.945 on other hurricane-season days and 0.963 in the off-season, against 0.679,

0.771 and 0.663 for the seasonal baseline. Separating major outages from shorter

ones is harder and depends strongly on the regime. The model reaches 0.804 on

tropical-cyclone days, where severity follows the storm itself, but only 0.684 on other
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hurricane-season days, and 0.748 in the off-season. The baseline reaches 0.497 on

tropical-cyclone days, which is no better than chance. Warm-season convective storms

therefore produce outages whose duration depends on factors that daily county-scale

predictors do not resolve, which is the same limitation that gives summer the lowest

seasonal skill (Section 3.4).

Tropical-cyclone days are rare but disproportionate. They account for 11,374 of

232,568 evaluated county-days, or 4.9%, yet carry an outage rate of 271 days per 1,000

county-days against 184 in the rest of the hurricane season and 94 in the off-season,

and 27.5% of their outage days are major, against 16.2% overall (Table S8).

3.6 Spatial pattern

Over the whole period the model reproduces the geography of outage exposure (Fig. 8,

Table S9). County totals correlate with the observations at 0.988 for minor outages,

0.997 for moderate outages and 0.991 for major outages. The median absolute devia-

tion per county is 5.3%, 3.1% and 9.5% respectively. For minor and moderate outages,

96% and 93% of counties fall within 20% of their observed totals. For major outages

the share drops to 72%.
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Fig. 8 Observed and predicted county totals of weather-related outage days by class, summed over
all evaluated county-days. The third column gives the difference as a percentage of the observed total
and the fourth column compares the totals county by county.

The difference maps show that errors are largest in the counties with the fewest

outage days, where a small absolute error produces a large percentage error. The

remaining differences for major outages are not randomly distributed. The model pre-

dicts too many major outage days in several inland counties of the northern peninsula

and too few along parts of the southeast coast.

County-level inter-annual anomalies are harder to predict than either the statewide

totals or the long-term county pattern. The correlation between observed and predicted

county-year anomalies is 0.54 for all outage classes combined and 0.27 to 0.35 for

individual classes, and it changes little between predictor configurations. The model
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therefore identifies which years are active statewide and which counties are exposed

on average, but it captures county-level departures from each county’s own average

only moderately well.

4 Discussion

4.1 Frequency estimation

The calibration results show why the distinction drawn in Section 1, between pre-

dicting an event and estimating a frequency, matters in practice. Counting the most

probable class would have recovered only a small share of the observed minor and

major outage days, because neither class is ever the most likely outcome on a typi-

cal day. Summing the predicted probabilities recovers the observed totals to within

3% for every class over the full record (Section 3.1). Our use of probability summa-

tion is most directly related to Hughes et al. (2024), who summed binary line–storm

outage probabilities to estimate total outages, and to Spaulding and Lin (2026), who

aggregated exposure-weighted cell fragilities into spatial outage impacts. The present

study changes both the unit and the target by summing calibrated multiclass prob-

abilities over county-days to reconstruct duration-specific frequencies. It also differs

from the climate-risk framework of Emmanouil (2025), which estimates return-period

changes by combining a stationary conditional outage relationship with projected

shifts in hazard distributions. Thus, the main contribution here is not a new defini-

tion of expected count, but its calibrated multiclass implementation for long-term,

county-scale outage-frequency reconstruction.

4.2 Roles of dynamic and static attributes

The predictor comparison separates two questions that are often merged. Weather

variables determine when outages occur, and static county attributes determine where
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they occur. Adding the static attributes to a weather-only configuration raises the spa-

tial KGE from about 0.69 to 0.97 while leaving the temporal KGE almost unchanged

(Section 3.2). Static attributes are constant in time, so they cannot by themselves

explain year-to-year variation, and the result confirms that they do not.

This result offers an explanation for the mixed picture in earlier work (McRoberts

et al. 2018; Quiring et al. 2011). Both findings can hold at once if the two studies were

testing different dimensions of performance. Static attributes help where the target

has a spatial dimension, and they add little where the target is a time series. A study

that evaluates only one dimension will therefore reach only one of these conclusions.

The county-normalized predictors behave in a way that follows from the same

argument. Expressing wind and precipitation relative to each county’s own distribution

improves the ranking of days within a county, and it raised skill against the seasonal

baseline in our comparison, but it carries no information about a county’s absolute level

of exposure. Configurations built from these variables alone reproduced the timing

of outages while distorting the spatial pattern. The practical implication is that a

model intended to serve both purposes needs predictors of both kinds, which is why

we retained the full configuration.

4.3 Major outages as target

Three results point to the same limitation. The predicted annual series is smoother

than the observations for every class, and most strongly for major outages (α =

0.63). The model under-predicts the most damaging storm windows. Summer, which

contributes the largest number of outage days, has the lowest seasonal skill.

Part of this is intrinsic to the method. A probabilistic model assigns a moderate

probability to many similar days rather than a high probability to the few days that

turn out to be extreme, so summing probabilities reproduces the mean of a group of

comparable days and not the tail. The quantification literature describes the same
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behavior as a bias towards the class distribution of the training data, and proposes

adjustments that rescale the predicted prevalence (Bella et al. 2010; Saerens et al.

2002). Applying such an adjustment to a climate application would require assuming

how the prevalence changes, which is the quantity being estimated, so we did not apply

one here. The damping should instead be reported as a known property: the framework

estimates the level of severe-outage activity well and its amplitude conservatively.

Part of it is physical. Duration depends on how long restoration takes, and restora-

tion depends on crew availability, access, and the number of simultaneous faults, none

of which is contained in daily county-scale weather (Stevens and Belligoni 2024; Hal-

lenstein et al. 2019; Rahman et al. 2025). The weather variables separate major outages

from shorter ones only moderately even in the descriptive analysis, with an adjacent-

class AUC of 0.630 (Section 2.3), and the daily discrimination results show the same

pattern: severity is easiest to predict during tropical cyclones, where the storm itself

dominates the outcome, and hardest during ordinary convective weather (Table S8).

Summer is the clearest case. Florida’s warm-season outages are driven by thunder-

storms whose damaging winds occur on scales of a few kilometers and a few minutes

(Tervo et al. 2019). CONUS404 resolves convection explicitly at 4 km, but aggregating

to county-daily values removes much of that detail. A county-mean daily rainfall total

cannot distinguish a slow-moving storm that affects one substation from widespread

light rain. Sub-daily or sub-county predictors would be the natural next step, at the

cost of a target that EAGLE-I cannot resolve, since it reports at the county level.

4.4 The rise in major outages after 2020

The observed number of major outage days increases from about 500 per year early in

the record to 693 in 2024, while the predictions stay between 482 and 630 (Section 3.3).

A weather-driven model reproduces only the variability that the weather carries, so

this gap has two possible explanations, and the data available here cannot separate
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them. The first is the damping described above, which would produce exactly this

pattern if the later years contained more extreme weather. The second is a change

in the outage record or in the system that the weather does not explain. Candidates

include changes in EAGLE-I reporting coverage (Brelsford et al. 2024), growth in the

number of customers served, and changes in vegetation management or restoration

practice. Florida utilities have also carried out extensive storm-hardening programmes

over this period (Weiss and O’Quinn 2025), which would be expected to reduce rather

than increase outage duration, and which therefore does not explain the direction of the

change. Distinguishing these explanations would require infrastructure and restoration

records that are not publicly available, and we note the trend as an open question

rather than attributing it.

4.5 Limitations

Nine complete water years is a short sample for inter-annual evaluation. The jackknife

shows that no single year controls the absence of bias or the damping of variability,

but that skill does depend on individual years: removing the 2017 water year, which

contains Hurricane Irma, lowers the KGE for all outage classes from 0.68 to 0.38

(Section 3.3). Differences between predictor configurations are much smaller than this,

which is why we treat the configuration comparison as a sensitivity analysis rather

than a selection procedure.

No record states whether an individual outage was caused by weather, so weather-

related outage days are defined by a filter, and the filter is part of the result. We

addressed this by selecting the filter through an explicit comparison of 220 candidates

and by reporting the sensitivity of the outcome to that choice, but a different reason-

able filter would produce a different labeled dataset. The filter also introduces a mild

circularity, since days are labeled using two of the variables the model later uses as

predictors. The predictor comparison bounds the size of this effect: a configuration
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using only those two variables reaches a KGE of 0.54 for all outage classes, against 0.70

for the full configuration (see Table 4), so most of the skill comes from information

beyond the definition itself.

EAGLE-I reports at the county level, so the analysis cannot resolve which feed-

ers or substations failed, and county attributes cannot represent the configuration or

condition of the distribution network. Studies with utility records report that network

characteristics matter for outage prediction (McRoberts et al. 2018). The county scale

is the price of using a public dataset with consistent coverage across a whole state for

a decade.

Because a multi-day event is assigned in full to the day it starts, weather on the

following days is informative about the label by construction. Such predictors are

admissible for hindcasting and for driving the model with climate model output, where

the whole weather sequence is available, but they are not available in real time, and

the skill reported here should not be read as forecast skill.

4.6 Applications

The calibrated daily probabilities can be aggregated over any period for which

the required meteorological fields are available, supporting historical reconstruction,

climate projection, and long-term resilience planning.

Because CONUS404 extends back to 1979 (Rasmussen et al. 2023), the model

can reconstruct how frequently each outage-severity class would occur if the present-

day power system were exposed to earlier weather. These estimates represent a

counterfactual reconstruction rather than the outages that actually occurred.

The framework could likewise be driven with downscaled historical and future

climate simulations while maintaining a stationary power grid and weather–outage
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relationship, following Emmanouil (2025). Differences in probability-summed frequen-

cies between baseline and future periods would then represent the isolated climate

signal rather than a forecast of an evolving grid.

Finally, expected annual county-days by severity class can support comparisons

among counties, climate periods, and resilience-planning scenarios (Paul et al. 2024;

Hughes et al. 2024). The model identifies long-term spatial exposure and years with

high statewide activity, but captures county-specific annual anomalies only moderately

well. It is therefore better suited to long-horizon planning and broad resource-capacity

assessment than to year-ahead allocation for individual counties with an option to

scale to entire U.S..

5 Conclusions

We developed a county-level probabilistic framework for reconstructing the frequency

of weather-related power outages from publicly available outage, meteorological, and

geographic data. Rather than assigning each county-day to its most probable class,

the framework estimates frequency by summing calibrated daily class probabilities.

Across 232,568 evaluated county-days, expected calibration error was at most 0.005,

observed-to-expected count ratios ranged from 0.999 to 1.028, and the total frequency

of every severity class was recovered within 3%. Counting only the most probable class,

in contrast, substantially underestimated rare outages. The results also distinguish the

factors controlling temporal and spatial reconstruction. Weather variables captured

when outages occurred, whereas static county attributes increased spatial KGE from

approximately 0.69 to 0.97 with little change in temporal skill. Annual frequencies

were nearly unbiased, with bias ratios of 0.96–1.00. The model reproduced the ranking

of years for minor, moderate, and all outage classes combined, with correlations of

0.82–0.96, and outperformed the county-by-month climatology in every season. Major

outages were more difficult, with an annual correlation of 0.43.
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The principal limitation was the damping of extremes. Variability ratios of 0.62–

0.81 indicate that the model reproduced average frequency more reliably than the

magnitude of unusually active years, with the strongest damping for major and sum-

mer outages. Nevertheless, across 26 tropical cyclones, predicted and observed storm

totals correlated at 0.95 for all outage classes and 0.85 for major outages, substan-

tially exceeding the climatological baseline. The framework is therefore best suited to

reconstructing long-term outage frequency and comparing climate periods rather than

predicting the precise impact of individual county-years. Because it relies on public

data and a reproducible target definition, the approach is transferable to other regions

and to climate-model applications that isolate changes in meteorological forcing under

a stationary-grid assumption. Projected changes in severe outages should, however,

be interpreted conservatively.
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