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Abstract. Strong hurricane winds damage power grids and
cause cascading power failures. Statistical and machine
learning models have been proposed to predict the extent of
power disruptions due to hurricanes. Existing outage mod-
els use inputs including power system information, environ-
mental parameters, and demographic parameters. This paper
reviews the existing power outage models, highlighting their
strengths and limitations. Existing models were developed
and validated with data from a few utility companies and
regions, limiting the extent of their applicability across ge-
ographies and hurricane events. Instead, we train and vali-
date these existing outage models using power outages from
multiple regions and hurricanes, including hurricanes Har-
vey (2017), Michael (2018), and Isaias (2020), in 1910 US
cities. The dataset includes outages from 39 utility compa-
nies in Texas, 5 in Florida, 5 in New Jersey, and 11 in New
York. We discuss the limited ability of state-of-the-art ma-
chine learning models to (1) make bounded outage predic-
tions, (2) extrapolate predictions to high winds, and (3) ac-
count for physics-informed outage uncertainties at low and
high winds. For example, we observe that existing models
can predict outages higher than the number of customers (in
19.8 % of cities with an average overprediction ratio of 5.2)
and cannot capture well the outage variance for high winds,
especially above 70 m s−1. Our findings suggest that further
developments are needed for power outage models for proper
representation of hurricane-induced outages.

1 Introduction

Hurricanes can cause significant damage to the power distri-
bution systems, resulting in large power failures and losses

of billions of US dollars (Smith, 2020). Strong winds from
hurricanes can destroy the exposed overhead distribution
lines in a power grid and cause cascading power fail-
ures. For example, Hurricane Isaias (2020) damaged old
power infrastructure and caused more than 2 million power
outages across the US. More than a million outages oc-
curred in New Jersey (https://www.nytimes.com/2020/08/
04/nyregion/isaias-ny.html, last access: 21 September 2022)
even though Hurricane Isaias had transitioned to a tropical
storm when it hit New Jersey, reducing its sustained winds
to 25 m s−1 (Latto et al., 2021). To address this issue, the US
Department of Energy (DOE) has prioritized investing in en-
hancing power infrastructure resilience (National Academies
of Sciences, Engineering, and Medicine, 2017). The Senate
of the US passed the Grid Research Security Research and
Development Act (2020) with a budget of 573 million US
dollars to be spent from 2020–2025 to improve grid secu-
rity to withstand shocks and rapidly recover from disruptions
(Congress.gov, 2020).

Hurricane-induced power interruptions can cause bil-
lions of dollars in losses and long-lasting impacts on
vulnerable communities. The power outages caused by
storms can last for several hours to weeks and even months
(https://www.reuters.com/business/environment/, last ac-
cess: 16 February, 2023). Large-scale power blackouts
show the vulnerability of the power grid to hurricanes, e.g.,
(1) 8.1 million homes lost power during Superstorm Sandy
(2012) (Sheppard and DiSavino, 2012), (2) 1.7 million
consumers in the southeast United States lost power in the
aftermath of Hurricane Michael (2018) (EIA.GOV, 2018),
and (3) Hurricane Ida (2021) was responsible for 1.2 million
electrical outages (AJOT, 2021). Critical infrastructure
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systems such as hospitals and fire departments are especially
vulnerable since they need to have the power restored within
a few hours after a power outage to respond to the disaster
(Ceferino et al., 2018, 2020).

Utilities must first assess the vulnerabilities in their power
system infrastructure to enhance their resilience to hurri-
canes. Researchers have developed machine learning mod-
els to help utilities evaluate their vulnerabilities to predict-
ing the extent of power outages from hurricanes. These out-
age models use inputs including hurricane winds, power sys-
tems, environmental information, and demographic informa-
tion. Outage prediction models can assist utilities in plan-
ning and placing their resources before and during an ex-
treme event for an emergency response to rapidly recover the
failed power distribution systems (Arab et al., 2016). These
models can also inform about the existing vulnerabilities, so
utilities can also plan for grid hardening before a hurricane
damages the power grid (Ouyang and Dueñas-Osorio, 2014).

Liu et al. (2005) developed a negative binomial general-
ized linear model (GLM) to predict the power outages in
North and South Carolina. This model used hurricane param-
eters such as maximum wind speeds and duration of wind
speeds over 20 m s−1; environmental parameters including
land cover, tree type, soil drainage properties, and precipi-
tation; and utility information on the number of transform-
ers and customers. The model included only a specific util-
ity, which limited the use of the outage model in other re-
gions. The model also included a storm indicator, making the
model not applicable to hurricanes with different character-
istics than the ones in the training data. Liu et al. (2007) also
presented an accelerated failure time model to estimate the
power outage duration. Next, Liu et al. (2008) investigated
the spatial correlation of power outages through spatial gen-
eralized linear mixed models (GLMMs) but did not observe
any significant improvements in power outage prediction.

Han et al. (2009b) also developed a negative binomial
GLM to predict outages in the Gulf Coast based on extensive
information on hurricane parameters, additional environmen-
tal indicators (e.g., precipitation, soil moisture, tree type, land
cover), and system information (e.g., number of poles, num-
ber of transformers). This model did not include any spe-
cific utility and storm indicators and instead used only gen-
eralizable features (e.g., wind speed, precipitation) to make
the model applicable to any hurricanes. Han et al. (2009a)
also developed generalized additive models (GAMs) with the
same input features as GLMs. GAMs showed an improved
accuracy over GLMs in power outage predictions because
GAMs can effectively model the highly non-linear behavior
of outages and the input parameters; e.g., precipitation and
soil moisture can have non-linear effects on power outages
(Han et al., 2009a).

Guikema et al. (2010) and Quiring et al. (2011) used deci-
sion tree models, classification and regression trees (CART),
and Bayesian additive decision trees (BART), with additional
topological and soil parameters, to better capture the vari-

ability of power outages. Decision trees provide a flexible
way to represent the non-linear relation between input pa-
rameters and outages. More recently, researchers developed
decision trees-based machine learning methods, which are
robust to outliers and noise, called random forest (Breiman,
2001), to predict power outages caused by storms. Random
forest regression is an extension of decision tree methods for
regression. A series of parallel decision trees are fit in the
random forest regression method to capture non-linearity and
achieve high predictive accuracy. Nateghi et al. (2014) cali-
brated a random forest model to outage data from the Gulf
Coast. Nateghi et al. (2014) used six input parameters to cap-
ture the damaging effects of trees on power lines. These six
input parameters included 3 s gust wind speed, duration of
strong winds, soil moisture at different depths, the number of
customers served, and tree-trimming practices used to pre-
dict outages. Later, Guikema et al. (2014) used only pub-
licly available data to develop a hurricane outage prediction
model, independent of utility-specific input parameters, with
random forest regression using 3 s gust wind speed, strong
winds, and the number of customers served.

Maderia (2015) improved accuracy in power outage pre-
dictions with random forest models by including informa-
tion on tree species. Tonn et al. (2016) used quantile regres-
sion forests (Li and Peng, 2011) to predict power outages
at different confidence intervals. Guikema et al. (2014) and
McRoberts et al. (2018) developed a two-stage zero-inflated
power outage prediction model to better account for zero out-
ages. The first stage of such a model is classification to pre-
dict outages or no outages. The second stage is the random
forest regression to predict the count of outages on the point
classified as having an outage. Wanik et al. (2017) used a
random forest model with lidar-derived tree height data to
predict power outages. Shashaani et al. (2018) developed a
three-stage power outage prediction model to improve the
accuracy of power outage predictions further. The first stage
of the model is a binary classification to predict the location
of outages; the second intermediate stage is the clustering of
outage locations into a low, moderate, and large number of
outages to address high right-skewness of non-zero outage
data points; and the third stage is the prediction of the num-
ber of outages.

Previously, researchers have used more complex power
outage prediction models, namely neural networks, kernel
methods such as support vector machines, and other tree-
ensemble methods, such as AdaBoost, which can model non-
linear relationships between input parameters and outages
(Xie et al., 2020). Kankanala et al. (2014) employed Ad-
aBoost to predict weather-related power outages. Kankanala
et al. (2014) trained a separate model for each city for daily
use, and they did not cover extreme weather outages. Eskan-
darpour et al. (2018) and Eskandarpour and Khodaei (2018)
used power grid component-level data with support vector
machines. Rudin et al. (2012) ranked the power grid compo-
nents (feeder failures, cables, joints, terminators, and trans-
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formers) based on their vulnerability to extreme weather
events. Haseltine and Eman (2017) used a neural network
to predict the failure of the power grid components for pre-
storm planning. Such models will require specialized high-
resolution power grid component-level data for each city,
which are not accessible given the data protocols of util-
ity companies. Sun et al. (2018) used Twitter (https://twitter.
com; last access: 13 January 2023) data to predict real-time
outages. Jaech et al. (2018) used repair log data employ-
ing natural processing with a recurrent neural network to
predict real-time outage durations. However, tweets (https:
//twitter.com; last access: 13 January 2023) and repair logs
were available after the hurricane made an impact on the
city. Thus, leveraging repair logs is not possible to predict
outages for pre-event planning ahead of a storm. Hence, data
availability limits the applicability of these methods at a large
scale for power outage predictions from extreme events.

GLM (Liu et al., 2005), GAM (Han et al., 2009a),
and random-forest-based power outage prediction models
(Guikema et al., 2014; McRoberts et al., 2018; Shashaani
et al., 2018) provide outage predictions at a coarser level
compared to predictions at component. However, these mod-
els are mostly based on open-source, publicly available data
and can be generalized at a larger scale to the coastal cities
in the United States. Hurricane-caused outages are mostly
at the transmission level, which is responsible for city-wide
outages (Brown, 2002) (https://poweroutage.us/faq, last ac-
cess: 13 January 2023) rather than the customer meter level.
So, predicting city-wide outages can still guide utilities to
arrange for crews and emergency backup power ahead of
a storm. Hence, for this paper, we focus on GLM, GAM,
and random-forest-based power outage prediction models.
As the power outage data are generally not made publicly
available by the utilities, the previous models are primar-
ily calibrated to data from a few regions. For example, Liu
et al. (2005, 2007, 2008) developed the outage prediction
model for North and South Carolina. Guikema et al. (2014),
Nateghi et al. (2014), and Shashaani et al. (2018) developed
the outage prediction models for the Gulf Coast. This pa-
per addresses this gap by calibrating and validating exist-
ing models to extensive outage data from New Jersey, New
York, Florida, and Texas at the city level. Thus, we investi-
gate the generalized behavior of power outage models across
the United States and focus on publicly available input vari-
ables to make our calibrated models widely applicable.

In this paper, Sect. 2 describes the input features, data
sources, and data preprocessing used in the model devel-
opment for power outage prediction. Section 3 explains the
selection of important and uncorrelated input features for
model development. GLM, GAM, and random forest power
outage models are described in Sects. 4, 5, and 6, respec-
tively. Section 7 describes the results for calibrated mod-
els and compares performance with the previous models in
the literature. Section 8 highlights the limitations of existing
state-of-the-art power outage prediction models to (1) make

bounded outage predictions, (2) extrapolate for high winds,
and (3) account for physics-informed uncertainties at low and
high winds. Section 9 summarizes the findings of this paper.

2 Data description

We acquired power outage data from PowerOutage (https://
poweroutage.us/, last access: 21 September 2022), an organi-
zation that tracks and records outages from utilities at the city
level across the US. The automatic outage reporting points
of utilities could be hindered during hurricanes, which could
result in errors in outage counts (https://poweroutage.us/faq,
last access: 13 January 2023). However, PowerOutage (https:
//poweroutage.us/, last access: 21 September 2022) regularly
gets updates from utilities to keep the outage count close to
actual outages. The data covered the power outages for Hur-
ricane Isaias (2020) for 11 utilities in New York and 5 in New
Jersey, for Hurricane Michael (2018) for 5 utilities in Florida,
and for Hurricane Harvey (2017) for 39 utilities in Texas. Our
dataset has about 3.6 million outages in total. Figure 1 shows
outages caused by Hurricane Isaias in New Jersey in 2020.
Figures S1, S2, and S3 in the Supplement present power out-
ages across New York due to Isaias, Florida due to Michael,
and Texas due to Harvey, respectively.

Previously, Liu et al. (2005) developed an outage model
at zip code levels and smaller 1 km× 1 km grid cells. How-
ever, the final selected model was zip code level, as the ag-
gregation of input parameters at the 1 km× 1 km grid level
led to more errors in outage predictions. Since then, out-
age models have been developed at coarser grids. For exam-
ple, Han et al. (2009b, a), Guikema et al. (2010), Quiring
et al. (2011), and Nateghi et al. (2014) developed the mod-
els for 2.5 km× 3.7 km grid cells. Tonn et al. (2016) devel-
oped outage models at the zip code level, McRoberts et al.
(2018) predicted outages at the resolution of census tracts,
and Shashaani et al. (2018) predicted outages at 5 km× 5 km
grid cells.

We calibrated outage models at the city level resolution,
comparable to the most recent models by McRoberts et al.
(2018) and Shashaani et al. (2018). A model with finer
resolution could be developed, provided there are higher-
resolution power outage data and input parameters. Here, we
used data with reported outages for 1910 cities in New York,
New Jersey, Texas, and Florida. Following the previous lit-
erature, we use the covariates listed in Table 1. We obtained
model inputs at the city level across all covariates. Further
description of the availability, resolution, and methods to ob-
tain each variable at the city level is provided in the subse-
quent subsections. We also discuss the uncertainties in data
that could inherently influence the accuracy of power out-
age predictions. The total number of data points available is
1910 (cities). The dataset has been divided into train and test
datasets with a ratio of 80 : 20.
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Figure 1. Power outages in aftermaths of Hurricane Isaias (2021)
in New Jersey at the city level. © OpenStreetMap.

2.1 Response variable

We focused on two response variables: the number of out-
ages which are equivalent to the number of customers with-
out power in a city and the fraction of customers without
power. GLM and GAM use Poisson and negative binomial
distributions to assess the count of outages as they model dis-
crete and non-negative variables. Random forests can model
the fraction of households without power in a city, which is
important to compare impact levels across cities.

2.2 Hurricane parameters

The hurricane parameters considered for this study are 3 s
gust wind speed and duration of strong winds over 20 m s−1,
as in previous research (Liu et al., 2005; Han et al., 2009b, a;
Guikema et al., 2010, 2014; Shashaani et al., 2018). The
overhead distribution system is the most vulnerable com-
ponent of a power grid to high hurricane winds (National
Academies of Sciences, Engineering, and Medicine, 2017).
The distribution lines and poles are often close to trees and
do not have considerable setbacks. The uprooting of trees
due to strong winds often propagates damage to distribu-
tion lines. The poles are designed to sustain wind speeds of
around 20 m s−1 (IEEE, 2007). Thus, winds above 20 m s−1

can cause substantial damage to the electric poles. The 3 s
gust wind speed and duration of strong winds for the three
hurricanes in the dataset were calculated based on a complete
wind profile model for tropical cyclones by Chavas et al.
(2015). We determined the wind speed for each city at its
centroid. Figure 2 illustrates the variation of 3 s wind gusts
in New Jersey during Hurricane Isaias. However, wind speed
is an important factor causing outages, and any approxima-

Figure 2. Distribution of 3 s wind gust at the city level (mean:
36.95 m s−1, standard deviation: 0.41 m s−1) across New Jersey be-
fore the arrival of Hurricane Isaias. © OpenStreetMap.

tion in wind speed estimates could lead to errors in outage
predictions. We provide detailed information in Sect. S1 in
the Supplement to demonstrate that wind speeds at the city
centroid can be a reasonable estimate in determining the city-
wide outages.

2.3 Land cover data

Power grid patterns vary for different land use classes, re-
sulting in different outage mechanisms. For example, rural
areas can suffer larger power outages since they have ra-
dial grid patterns where component failures can propagate
more than in cities with gridded patterns (Petersen, 1982).
We obtained National Land Cover Data (NLCD) available
from the Multi-Resolution Land Characteristics Consortium,
which is maintained by the United States Geographical Sur-
vey (USGS) (https://www.mrlc.gov/viewer/, last access: 21
September 2022). National Land Cover Data have inaccu-
racies in the thematic pixel classification (Wickham et al.,
2021) that could introduce uncertainties in the land cover
type. However, evaluating the effect of the inaccuracies in the
thematic pixel classification on power outages is not within
the scope of this paper. NLCD are available in raster format
with a resolution of 30 m× 30 m. USGS has classified the
original land cover data into 20 different classes. We have
reclassified the NLCD into nine classes to match previous
power outage models. The nine different major classes of
land cover data are developed area, water area, barren land,
forest area, scrub area, grasslands, pasture land, cultivated
cropland, and wetlands. We utilized the spatial analyst in
ArcGIS (a tool for geographic information systems) (ESRI,
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2019) to clip the 30 m× 30 m land cover raster for each city.
We used zonal analysis within ArcGIS to determine the per-
centage of area covered by the nine major land cover classes.

2.4 Precipitation and soil moisture data

Precipitation and soil moisture have been extensively used in
power outage models, e.g., Han et al. (2009b), Nateghi et al.
(2014), and McRoberts et al. (2018). These parameters have
non-linear effects on power outages, as deviations below and
above standard values can result in more outages. The poles
and overhead distribution lines in the vicinity of trees are sus-
ceptible to falling trees due to strong hurricane winds. The
wet soil conditions from high precipitation and soil mois-
ture increase the likelihood of trees and electric poles uproot-
ing from strong hurricane winds (Han et al., 2009b; Nateghi
et al., 2014). Also, persistent drought conditions, e.g., low
precipitation in the months before a hurricane, can weaken
the roots of trees because of gaps in the soil layer, making
trees more susceptible to strong winds (McRoberts et al.,
2018).

Precipitation and soil moisture data are available from the
variable infiltration capacity (VIC) model from the National
Land Data Assimilation System Phase 2 (NLDAS2) (Xia
et al., 2012; Xia, 2012). However, the limited temporal res-
olution of parameters required for computing soil moisture
and precipitation could introduce errors in the final estimates
of these variables (Wei et al., 2013). The limitations of the
variable infiltration capacity (VIC) model from the National
Land Data Assimilation System Phase 2 (NLDAS2) (Xia
et al., 2012; Xia, 2012) to get soil moisture and precipita-
tion are beyond the scope of this study. Precipitation and soil
moisture have been recorded each hour since 1979 with a res-
olution of 0.125◦× 0.125◦. We used nearest-neighbor inter-
polation to obtain soil moisture and precipitation at the city
centroid by taking the value available at the nearest point.

Soil moisture from NLDAS2 is available for three depths:
0–10, 10–40, and 40–100 cm. We calculated daily soil mois-
ture for these depths by taking the average hourly readings.
Soil moisture can vary at different geographical locations due
to different soil types in different regions. We first normal-
ized soil moisture to compute deviations from average val-
ues by computing percentiles. We fit Pearson type III dis-
tributions to the daily time series of soil moisture for all
three layers to normalize the soil moisture across different
geographies. We use maximum likelihood estimates (MLEs)
to compute the parameters for Pearson type III distribution
(Hosking and Wallis, 1997). Then, we evaluate the soil mois-
ture percentile. We denote the soil moisture percentiles for
three layers of soil at 0–10, 10–40, and 40–100 cm depth as
CDF1, CDF2, and CDF3, respectively.

Precipitation data are represented in the form of the stan-
dard precipitation index (SPI) (Wu et al., 2007; Guttman,
1998; Casey, 2016). SPI for the months before the storm’s
impact can also be used as a proxy for the dryness and wet-

Figure 3. Distribution of SPI 1 month (mean: 0.88, standard devi-
ation: 0.93) across cities in New Jersey before the arrival of Hurri-
cane Isaias. © OpenStreetMap.

ness of the soil. For the current study, we calculated SPI for
durations of 1, 3, 6, and 12 months by adding hourly time
series data for precipitation. The following are three steps to
compute SPI. First, we fit the Pearson type III distributions
to the time series of precipitation using MLE. Second, we
compute the percentile from the Pearson type III distribu-
tion. Third, we take the inverse of the calculated percentile
using a standard normal distribution to get the SPI for each
duration. Figure 3 illustrates the variation of SPI 1 month in
New Jersey before the arrival of Hurricane Isaias.

We also included the expected precipitation after the hur-
ricane makes landfall for the next 7 d, as heavy rain can lead
to flooding resulting in clustered outages (McRoberts et al.,
2018). The soil moisture percentiles and SPI values are ob-
tained from the day before the hurricane impacts the power
systems. This starting time allows for outage predictions to
give an early warning to the utilities and community mem-
bers and take precautionary steps before strong hurricane
winds hit the area.

2.5 Root zone depth

The effective root zone depth is defined as the depth of the
soil from which plants and trees can effectively extract water
and nutrients for growth (http://www.wood-database.com,
last access: 21 September 2022). The more effective the root
zone depth for trees, the less likely they will fail from strong
hurricane winds (McRoberts et al., 2018). We add root zone
depth as an input parameter for outage predictions because
it could indicate the hazard from falling trees to the power
lines. Root zone data are available from the United States De-
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Figure 4. Distribution of percent treed area (mean: 73.45 %, stan-
dard deviation: 23.04 %) across cities in New Jersey. © Open-
StreetMap.

partment of Agriculture (USDA) under Gridded Soil Survey
Geographic (Soil Survey Staff) at 30 m× 30 m resolution as
raster data. The root zone depth at the city level is calculated
as the average of the root zone in a city using the spatial ana-
lytic tool in ArcGIS. Given the resolution of available outage
data at the city scale, we were not able to consider the varia-
tions in root zone depth, which limits the ability of the power
outage model to consider the variation of tree root strength
within a city.

2.6 Percentage treed area

USDA created National Insect and Disaster Risk Maps (Krist
et al., 2014) in 2012, with the area covered by trees at
240 m× 240 m as raster data. The raster tree data are used to
calculate the percent of the area covered by trees at the city
level using the spatial analytic tool in ArcGIS (ESRI, 2019).
Figure 4 illustrates the distribution of percent treed area in
New Jersey.

2.7 Elevation

Previously, researchers have found that hurricane wind
speeds (and thus damages) vary with surface topography
(Chapman, 2000; Miller et al., 2013; Guikema et al., 2010;
Quiring et al., 2011; McRoberts et al., 2018). Additionally,
varying elevations could also introduce variations in precip-
itations (Napoli et al., 2019) and wind speeds (Chapman,
2000; Miller et al., 2013) within a city. Thus, we use the me-
dian and mean elevation at the city centroid, using nearest-
neighbor interpolation, as topographic variables to capture
the changes in elevations across the cities. We obtained these

parameters from the digital elevation model (DEM) at a
30 arcsec resolution scale developed by USGS as part of
the DEM: Global Multi-resolution Terrain Elevation Data
(GMTED2010) (Danielson and Gesh, 2011). Note that the
resolution of available outage data at the city level limit our
ability to account for the varying elevations within a city. Fu-
ture studies with high-resolution outage data might account
for the variations in elevation within a city.

2.8 Density data

Demographics data are available from the American
Community Survey (ACS) (https://www.census.gov/
programs-surveys/acs, last access: 21 September 2022). The
ACS collects different demographic data for each US census
tract. The ACS started data collection in 2010, and we have
considered data from 2019. We obtained the population
density as it indicates the number of distribution poles and
system components exposed to winds (Brown, 2002).

3 Model development: feature selection

Machine learning models with high-dimensional input data
can be hard to train, especially when datasets are sparse, as in
the case of infrastructure failures. Input features can be cor-
related, leading to higher generalization errors. This means
the machine learning model can fit well the training data,
i.e., with small errors. However, we might observe signifi-
cant errors after testing the model with additional data. Also,
correlated features can lead to a flawed understanding of the
relation between input and predicted outages (Verleysen and
François, 2005).

Feature selection, also called variable selection, is an es-
sential step in machine learning model development to select
relevant variables and discard redundant and highly corre-
lated ones (Cai et al., 2018). We performed the feature selec-
tion for outage prediction in two steps. First, we performed a
forward selection with a linear regression (Kohavi and John,
1997) for an initial rank on feature importance (Fig. 5). A
linear model might not be the best model to forecast power
outages. However, it can provide initial insights into the de-
pendence of an input feature on outages. We started with a
set of empty features and added features one by one. At each
step, we selected the variable that led to the largest increase
in the R2. Our results show that, as expected, wind speed
and duration of strong winds affect the power outages most.
We found that precipitation and soil moisture are important
for outage prediction, even for linear regression, suggesting
that their relevance could be even higher for non-linear re-
gressions. We also found that population density is critical
for outage prediction, which could be explained by a positive
correlation between density and the density of transformers,
as described in Liu et al. (2007).
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Table 1. Parameters to build the power outage prediction models: all variables are rescaled at the city level. Parameters are grouped into cat-
egories separated by horizontal lines. We selected one variable from each category of each group to minimize correlation across parameters.

Previous
Feature Abbreviation Data source applications

Outages Outages https://poweroutage.us/ (last access: 21 Sep 2022) –

3 s gust wind speed Vmax19 Hurricane parameters1 9−18

Duration of strong winds Duration

Percent developed area Developed National Land Cover Data2 9−18

Percent water area Water
Percent barren area Barren
Percent forest area Forest
Percent scrub area Scrub
Percent grassland area Grassland
Percent pasture area Pasture
Percent crops cultivated area Crops
Percent wetlands area Wetlands

Standard precipitation index 1 month SPI1 NLDAS2 3,4 11−16

Standard precipitation index 3 months SPI3
Standard precipitation index 6 months SPI619

Standard precipitation index 12 months SPI12

Soil moisture first layer CDF119 NLDAS23,4 11−16

Soil moisture second layer CDF2
Soil moisture third layer CDF3

7 d precipitation Precip NLDAS23,4 9,10

Root zone depth Rzone19 Gridded Soil Survey5 15

Percent treed area Trees19 NIDRM6 15

Mean elevation Mean_Ele GTDEM 20107 15,16

Median elevation Median_Ele

Population density Pop_Den19 American Community Survey8 14,15,16

1 Chavas et al. (2015). 2 https://www.mrlc.gov/viewer/, last access: 21 September 2022. 3 Xia et al. (2012). 4 Xia (2012). 5 Soil Survey Staff. 6 Krist et al. (2014). 7

Danielson and Gesh (2011). 8 https://www.census.gov/programs-surveys/acs (last access: 21 September 2022). 9 Liu et al. (2005). 10 Liu et al. (2008). 11 Han et al.
(2009b). 12 Han et al. (2009a). 13 Nateghi et al. (2014). 14 Guikema et al. (2010). 15 McRoberts et al. (2018). 16 Shashaani et al. (2018). 17 Wanik et al. (2017). 18

Wanik et al. (2015). 19 Variables finally selected for model development after performing feature selection.

In the second stage, we analyzed the correlations between
the input parameters. Figure S4 shows the correlation coeffi-
cients for each pair of variables. We found that input features
within the same category in Table 1 are highly correlated. For
example, the maximum wind speed and duration of strong
winds, which are at the top of the ranking in forward selec-
tion (Fig. 5), have a correlation coefficient of 0.89 (Fig. S4).
Hence, we kept only maximum wind speed as an input fea-
ture since it is better ranked than the duration of strong winds
in the forward selection. We conducted a similar analysis for
the different categories listed in Table 1 to select the input
variable with the strongest predictive power. Due to their
lower importance in our results, we did not include param-
eters from the elevation and land cover categories, as they
contribute less than 1 % to R2. Finally, we selected the fol-

lowing seven variables that will be used throughout the pa-
per:

– 3 s gust wind speed

– 7 d precipitation

– standard precipitation index 6 months

– soil moisture first layer

– population density

– percent treed area

– root zone depth.
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Figure 5. Forward selection: selection of important input parame-
ters based on importance to explain the variability in outage predic-
tions. Feature descriptions are shown in Table 1.

4 Generalized linear models

Generalized linear models (GLMs) are a generalization of or-
dinary linear regression. GLMs allow us to use a flexible link
function to relate a linear model (of the input variables) to
the response variable (Dunn and Smyth, 2018). Unlike ordi-
nary linear regressions, GLMs do not assume homoscedas-
ticity, i.e., when the variance of the response variable is con-
stant across the values of the input variables. The assumption
of homoscedasticity fails for the number of customers with-
out power since this output variable has positive counts, and
when damage to power infrastructure is negligible (e.g., little
storm), the variable’s variance (and mean) should change and
approach zero (Dunn and Smyth, 2018).

In addition, GLMs can utilize multiple statistical models
to represent the data instead of the only normal distribution
as in ordinary linear regressions. Outages have a lower bound
of zero counts that normal distributions cannot capture. Thus,
previous researchers have used the following distributions to
represent outages with GLMs.

4.1 Poisson GLMs

Poisson regression models, a category of GLMs, are applica-
ble for positive count data where observations are indepen-
dent. Outages are modeled as a Poisson random variable:

P(y;µ)=
e−µµy

y!
, (1)

where y is the number of outages in a city. The Poisson dis-
tribution is described by the parameter µ, the mean number
of outages in a city. A log link connects the parameter µ to
the input variables, which assures that µ is greater than zero.

ln(µ)= βX, (2)

where β is learned from the historical outages from ex-
treme events, often through maximum likelihood esti-
mation (MLE). MLE finds the value of β that max-
imizes the probability of observing the data. Readers
can refer to Dunn and Smyth (2018) for more informa-
tion on MLE estimates for GLMs. We use glm package
in R studio (https://www.rdocumentation.org/packages/stats/
versions/3.6.2/topics/glm, last access: 21 September 2022) to
fit the Poisson GLM to our power outage data.

The variance in a Poisson distribution is equal to the mean,
i.e., Var(y)= µ. Thus, the variance grows as µ increases.
However, previous research has found that outage variance
from historical data is significantly bigger than the mean (Liu
et al., 2005; Han et al., 2009b, a), a phenomenon that is
known as overdispersion in Poisson regressions (Dunn and
Smyth, 2018). Overdispersion may arise from the interde-
pendence of output variables, especially when they happen in
clusters (Dunn and Smyth, 2018). Poisson distributions rep-
resent counts of events, e.g., customers without power, that
are independent (Liu et al., 2007). In contrast, multiple out-
ages in the city can happen due to the failure of the same
power grid components (Liu et al., 2005; Han et al., 2009b).
Thus, outage counts are not independent.

4.2 Negative binomial GLMs

Negative binomial GLM is a hierarchical model which can
account for overdispersion effects in power outage count pre-
dictions (Dunn and Smyth, 2018). Negative binomial GLMs
are based on a Poisson–gamma mixture distribution; i.e., the
outage count y is distributed as a Poisson random variable

P(y;µ,τ)=
e−µτ (µτ)y

y!
, (3)

whereµ is a factor that when multiplied by τ equals the mean
of the Poisson distribution. τ is an additional random variable
to account for extra variance, with a mean equal to 1 and
distributed as gamma

P(τ ;k)=
(1/k)1/k

0(1/k)
τ 1/k−1e−τ/k, (4)

where k is the overdispersion parameter and 0() is the
gamma function; thus, the variance of τ equals k. After
marginalizing the random variable τ ,

P(y;µ,k)=
0(y+ 1/k)

0(y+ 1)0(1/k)

(
µ

µ+ 1/k

)y(
1−

µ

µ+ 1/k

)1/k

,

(5)

which is equivalent to a negative binomial distribution with
a variance of µ+ kµ2. This variance is higher than the one
in the Poisson GLM with one term that is proportional to
µ2. Thus, negative binomial GLMs account for significantly
higher variances. µ is parameterized as in Eq. (2). Then, β
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and k are estimated through MLE using the glm package
in R studio (https://www.rdocumentation.org/packages/stats/
versions/3.6.2/topics/glm, last access: 21 September 2022).

4.3 Zero-inflated GLMs

Researchers have also developed zero-inflation outage pre-
diction models to improve statistical performance for un-
balanced data, e.g., when there are a lot of data points
with no outages (McRoberts et al., 2018; Shashaani et al.,
2018). The zero-inflation model has two levels of predictions
(McRoberts et al., 2018; Shashaani et al., 2018). The first
level can be a logistic regression or a decision tree model to
check if there is at least one power outage (Hall, 2000). The
first level model predicts “0” in case of no outages and “1”
in case of at least one outage. The second level is the regres-
sion model predicting the number of outages for cases where
the prediction was “1” at the first level. In this paper, we do
not fit zero-inflated models, as our data are balanced; i.e., we
observe at least one outage in each city.

5 Generalized additive models

GLM models assume a linear relationship between the log-
arithm of the mean number of outages and input parame-
ters (Eq. 2). However, previous research has shown that they
have non-linear relationships (Han et al., 2009a), which can
be modeled with non-parametric extensions of GLMs (Yee,
2012). Generalized additive models (GAMs) capture non-
linear relationships using smoothing functions

ln(µ)= β0+
∑
j=1
βjfj (xj ), (6)

where µ is the mean outages for a city, xj ∈X is the indi-
vidual input parameter, β0 is the intercept, and fj (xj ) are the
smoothing functions for each input parameter. Some exam-
ples of smoothing functions are regression splines, B splines,
and P splines. Splines of any order could be used to fit
GAMs, but accuracy increases negligibly after the quartic
degree (Yee, 2012). Thus, we used quartic-order polynomi-
als for all input variables except for maximum wind speeds.
For this variable, we reduced the order of the polynomial to
1 to always obtain a monotonically increasing relationship
between winds and outages, as we would expect from the
structural behavior of infrastructure against extreme loads.
We used MLE to estimate GAMs’ parameters through iter-
atively reweighted least squares (IRLS) (Wood, 2017) using
the MGCV library in R studio. Poisson GAM assumes the
Poisson distribution on the number of outages as described
in Eq. (1), with link function equal to Eq. (6). Similarly,
negative binomial GAMs assume the Poisson–gamma dis-
tribution mixture for the number of outages as mentioned in
Eq. (5), with link function equal to Eq. (6).

Figure 6. Example of a simple decision tree with two input fea-
tures, maximum wind speed (Vmax) and precipitation (SPI6), to
predict outages. The split at the root node (R) is done with Vmax.
Thus, if the wind speed value is greater than the value V 1, the points
will belong to the right interior node (I2), otherwise they belong to
the left node. Similarly, interior nodes are further divided into leaf
nodes L1, L2, L3, and L4 using values of SPI6.

6 Random forests

Random forest regressions (Breiman, 2001) are non-
parametric ensembles of decision trees that do not assume
any underlying probability distribution for the decision vari-
able. Tree-based methods are easy to build and powerful ma-
chine learning tools. Decision trees split at each node based
on some criteria involving the value of a particular input vari-
able. For regression trees, binary splits at each node are per-
formed for each variable (Fig. 6) (Hastie et al., 2001). The
split with the largest reduction of squared errors is selected
at each step. The splitting stops once there is no performance
gain for the regression analysis. For the prediction, the deci-
sion tree will point to a final leaf node based on the criterion
for the splitting of feature space, and the output for the deci-
sion tree is the average of the predicted variable,

ŷi = average(yi |xi ∈ Lm), (7)

where Lm is the final leaf node (Fig. 6).
Random forests “grow” a large number of parallel decision

trees and bag new samples for each decision tree (Breiman,
2001). Bagging involves drawing new training points with
replacements to fit each decision tree with a random selection
of features. The final output is the average of outputs from
each decision tree modeled in parallel. The random selection
of features results in the development of uncorrelated trees,
reducing the variance in predictions (Hastie et al., 2001).

Random forest models can generally capture the non-
linear between the input parameters and output predictions.
However, a random forest is not easily interpretable, as it is
based on multiple decision trees. In this paper, we use the
sci-kit learn module in Python to fit the random forest model.
We also use the GridSearchCV module in Python (Pedregosa
et al., 2011) to tune for the parameters and select the model
with the least error on out-of-bag samples.
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Table 2. Statistical performance measurements for generalized lin-
ear models.

Residual
Model deviance R2

DEV R2
ψ

Poisson GLM 6 038 042 0.20 –
Negative binomial GLM 1949 0.29 0.69

7 Application of existing models

In this section, we discuss the statistical performance of dif-
ferent outage models by first training the models on train-
ing data and then comparing the R2 metrics on hold-out test
data. We use different R2 metrics since traditional ones, like
the coefficient of determination, have many limitations for
counting variables, as discussed in the Appendix. We also
compare the performance of developed models for our gen-
eralized data covering the southeast, southwest, and north-
east regions in the US, with the results from previous models
applied to a particular region.

7.1 Generalized linear models

We trained Poisson and negative binomial GLMs to predict
the outage counts. The predictions are based on the seven in-
put features mentioned in the feature selection section. All
the input features are significant at a p value of 2× 10−6.
We compared the statistical performance of the Poisson and
negative binomial GLMs (Table 2). We have a total of 1528
training data points with seven input variables and one addi-
tional slope constant. Thus, the residual degree of freedom
for each model is 1520.

The high value of residual deviance, relative to the degree
of freedom, in the Poisson GLM shows large overdispersion
(Liu et al., 2005; Han et al., 2009b; Dunn and Smyth, 2018).
Thus, using this new outage dataset, we confirm that the vari-
ance in historical outages largely exceeds the mean value. A
negative binomial GLM has a low residual deviance value
compared to the Poisson model and is more similar to the
degrees of freedom, indicating that a negative binomial GLM
can handle overdispersion in power outage predictions more
satisfactorily.
R2

DEV in Table 2 is a measure of the deviance explained
by the fitted model compared to the null model. The null
model predicts the average of observed outages (y) for all the
cities irrespective of the input parameters. R2

ψ quantifies the
amount of overdispersion explained by the additional vari-
ability introduced as a parameter in Eqs. (4) and (5) for the
negative binomial fitted model. The R2

DEV is higher for the
negative binomial GLM, also suggesting the negative bino-
mial’s better statistical performance. The R2

ψ for the negative
binomial GLM is 0.69, which means the model can capture
69 % of variability by considering the additional level of un-
certainty in the form of Poisson–gamma mixture given by

Table 3. Statistical performance measurements for generalized ad-
ditive models

Residual
Model deviance R2

DEV R2
ψ

Poisson GAM 3 565 948 0.53 –
Negative binomial GAM 1866 0.62 0.99

Eq. (5) for outage counts. The reported value of R2
ψ for the

negative binomial GLM in this paper is comparable to the
values presented by Han et al. (2009b), i.e., ∼ 0.8. However,
we observe a lower value of R2

DEV compared to previous lit-
erature, i.e., ∼ 0.6. The lower value of R2

DEV may be due to
the use of fewer parameters, e.g., 7 in this study versus 20 in
Han et al. (2009a), as R2

DEV always increases with more pre-
dictors. For example, we get a value of 0.48 for R2

DEV when
all the input variables in Table 1 are included, but we con-
sidered fewer parameters to avoid correlated features and en-
hance the generalization of these models. We may also get a
lower value of R2

DEV because we have a generalized dataset
covering different regions in the US, and previous models
were applied to data from smaller regions.

7.2 Generalized additive models

We also trained the Poisson and negative binomial GAMs.
Like for GLMs, GAMs are trained with the seven input fea-
tures mentioned before. All the input features are significant
at a p value of 2×10−6 for both models. Like for GLMs, the
residual degrees of freedom for each model is 1520.

The residual deviance for Poisson GAM (Table 3) is
∼ 38 % less than the one in Poisson GLM (Table 2), which
is a minimal improvement to overcome the large overdis-
persion, as the deviance is still significantly higher than the
degrees of freedom. However, R2

DEV shows a more signifi-
cant performance improvement as its value increases to 0.53
for Poisson GAM (Table 3) over a value of 0.20 for Poisson
GLM (Table 2).

The negative binomial GAM has a low value of residual
deviance, which indicates that the negative binomial GAM
can handle overdispersion. Additionally, non-linear shapes
from spline functions (Eq. 6) for GAMs improve the out-
age predictions. The R2

DEV for the negative binomial GAM
improves significantly to a value of 0.62 (Table 3) over the
0.29 in the negative binomial GLM (Table 2). The observed
value of 0.99 for R2

ψ is similar to the one reported by Han
et al. (2009a) in their GAM model development for power
outage predictions. The R2

DEV for GAMs is not available in
the previous literature, so further comparisons with previous
work could not be made.
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Figure 7. Random forest outage predictions on the 20 % holdout
test data.

7.3 Random forest

We calibrated the random forest model to predict the fraction
of customers without power. We performed the hyperparam-
eter tuning using the GridSearch tool in Python (Pedregosa
et al., 2011) with cross-validation to select the best input pa-
rameters for the random forest. The hyperparameter tuning
resulted in a mean cross-validation R2 of 0.52. However, we
obtained a training R2 of 0.84 when fitting the random for-
est with the tuned hyperparameters on the training data. The
high training R2 compared to cross-validation R2 represents
potential overfitting in the random forest model. We further
tuned the model parameters by reducing the maximum depth.
We obtained a cross-validation R2 of 0.48 and training R2 of
0.63. Finally, we obtained an R2 of 0.48 on the hold-out test.
The number of randomly grown trees in the selected random
forest model is 500. Figure 7 shows the predicted fractional
outages against the observed outages using a tuned random
forest (RF). RF does not generalize well to the outages due
to Hurricane Isaias, which had low wind speeds (∼ 36 m s−1)
in New Jersey but still caused outages to 60 % of consumers
in 213 cities (out of 565) in New Jersey. This effect is visible
in Fig. 7, where RF underestimated the fractional outages for
severely affected cities in New Jersey.

The R2 for the random forest model cannot be compared
to different R2 statistics calculated for GLM and GAM mod-
els, as the output for random forest (fraction of outages) dif-
fers from GLM and GAM models (outage counts). Also, we
cannot calculate R2

DEV and R2
ψ statistics for random forest

as there is no underlying probability distribution assumed for
random forest predictions.

We present the variable importance in the random forest
model in Fig. 8. We calculated the variable importance by
training a base model with all the input features and a per-
muted model resulting from training different random forests
and removing one feature at a time from the base model. We
ranked importance by finding the variable that leads to the

Figure 8. Random forest variable importance in decreasing order
of importance. All importance factors are normalized by the highest
value, i.e., the factor for Vmax.

largest difference in the mean squared error between the base
(full) model and the permuted (reduced) model. We present
the normalized importance factors in decreasing order of im-
portance (Fig. 8).

We found that maximum wind speed is the most impor-
tant parameter in the random forest model (Fig. 8), which
coincides with our findings from a simple linear regression
in Fig. 5. Precipitation is the second most important variable,
with a relative importance of 0.33, as trees can more easily be
torn out from wetter soil. Population density is the third most
important variable in outage predictions since it is a proxy
for cities’ density of transformers exposed to winds.

Random forest and negative binomial GAMs show supe-
rior performance in predicting the power outages caused by a
hurricane. MSE (mean squared error) (Wallach and Goffinet,
1989) has been used to compare the performance difference
statistic models, given as

MSE=
1
n

∑
(y− ŷ)2, (8)

where y is the predicted value, ŷ is the observed value, and n
is the total number of observations. Thus, we report MSE on
both negative binomial GAM and RF models to compare the
performance of these models. We rescale the negative bino-
mial GAM predictions by the total number of customers to
compare the MSE values of negative binomial GAM and RF
models at the same scale as fractional outages. MSE for the
negative binomial GAM is 45.13, and MSE for RF is 0.06.
Researchers should be careful in making the direct compari-
son for MSE values of the fraction-based RF model and the
count-based negative binomial GAM model, as these models
are optimized for a different set of response variables. The
high MSE for the negative binomial arises from overestimat-
ing outages, which we discuss next.
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Figure 9. Outage predictions on 20 % holdout test data using the
negative binomial GAM outage model. Black dots represent the
cities with predicted outages larger than the number of customers.
Grey dots represent the cities with predicted outages less than or
equal to number of customers.

8 Limitations of state-of-the-art outage models

Different machine learning models discussed in previous sec-
tions can predict power outages for a hurricane-stricken city.
Here, we discuss the limitations of state-of-the-art machine
learning models for power outage predictions.

8.1 GLM and GAM’s predictions are unbounded

GLM and GAM regressions can predict the mean number of
outages in the city. The models have a lower bound of zero as
both Poisson and negative binomial distributions predict the
count of outages. However, there is no upper bound on the
predicted number of outages. Hence, GLM or GAM mod-
els can predict more outages than the number of customers,
resulting in an overestimation of power outages.

For illustration, we present the power outage predictions
on 20 % hold-out test data for the negative binomial GAM
(Fig. 9). For 76 cities out of 382 (19.8 %) in test data, pre-
dicted outages are more than the number of customers, and
the overestimation can be significant. For example, the model
predicted outages as high as 16 times those of Rockleigh,
New Jersey, customers. The average ratio of predicted out-
ages over the number of customers in the cities that expe-
rienced overestimation was 5.2. The cities that experienced
overestimation had smaller populations, with an average of
5962; e.g., Rockleigh had only 106 customers. In contrast,
cities without overestimation had an average population of
30 058. Modelers could impose an upper bound on the pre-
dictions using the total number of customers as the maximum
possible outage. However, this adjustment would violate the
assumptions in the Poisson–gamma mixture model (Eq. 5)
and GAM link function (Eq. 6).

8.2 Random forest’s lack of extrapolability for high
winds

Random forest predictions are an average value of the out-
ages in the training data (Eq. 7). Thus, unlike GLMs, ran-
dom forest predictions are bounded by the minimum and
maximum values of power outages in training data. Based
on simple physics, one would expect more damage and more
outages from higher wind speeds. In order to understand the
influence of wind speeds on the power outages in the ran-
dom forest regression, we plotted the partial dependence of
the fraction of customers without power against wind speed.
The partial dependence, g(xj ) (Hastie et al., 2001; Nateghi
et al., 2014), of the input variable xj is given by

g(xj )=
1
N

N∑
i=1

ŷi(xj ,xic), (9)

where N is the total number of observations, xic are the vari-
ables other than xj , and ŷi is outage prediction (Eq. 7) for
the ith data point. To plot the partial dependence, we varied
xj (wind for this case) and kept xic (input parameters other
than wind speed) constant. We estimated outages by aver-
aging all observations in training data plotted against the xj
(wind speed).

For this assessment, we trained the random forest model
on a reduced dataset, with only New York and New Jer-
sey, and on a complete dataset, including Florida and Texas.
We present the partial dependence of wind speed in Fig. 10,
also including the distribution of wind speeds in the train-
ing data. Hurricanes of category 3 or higher bring wind
speeds above 40 m s−1 that can significantly damage electric
poles (Bjarnadottir et al., 2013). However, they are signifi-
cantly less observed in inland cities, especially in the north-
ern United States, as storms often weaken in their transition
to higher latitudes and after leaving the ocean. For example,
only tropical storms with wind speeds of less than 33 m s−1

have impacted New York City for the past 20 years (https:
//coast.noaa.gov/hurricanes/#map, last access: 21 September
2022). For example, Superstorm Sandy (2012) transitioned
to a tropical storm before impacting New York City (https:
//coast.noaa.gov/hurricanes/#map, last access: 21 Septem-
ber 2022). As per ASCE 7–10 wind hazard maps (https:
//hazards.atcouncil.org/, last access: 21 September 2022), a
wind speed of 43 m s−1 has a return period of 100 years for
New York City. Thus, it is very unlikely, and evident from
Fig. 10, to get outage data in New York and New Jersey for
winds above 43 m s−1.

These limited outage datasets have strong implications for
the validity and extrapolability of outage models based on
random forest regressions. Under the reduced dataset, i.e.,
with only New Jersey and New York, outage predictions in-
crease as the wind speed increases from 20 to 40 m s−1. How-
ever, the fraction of outages reached a maximum of 0.58 at
wind speeds of 40 m s−1 and does not increase with higher
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Figure 10. (a) Partial dependence of wind speed on power outages.
(b) Distribution of wind speed in the complete and reduced dataset.
The random forest model does not extrapolate for the wind speeds
and outages not in the range of training data.

wind speeds. The random forest model cannot extrapolate
for the higher winds, which limits the capability of random
forest to make outage predictions for large hurricanes.

Under the complete dataset, results improve by includ-
ing outages in Florida and Texas. These states experience
higher winds; e.g., their 100-year return-period winds are
∼ 70 m s−1 in contrast to the 43 m s−1 in New York (https://
hazards.atcouncil.org/, last access: 21 September 2022). The
reduced dataset (with only New York and New Jersey) did
not have any data points with wind speeds above 40 m s−1. In
contrast, the complete dataset (including Florida and Texas)
had 88 cities (4.6% of data points) with winds greater than
40 m s−1 and 29 cities (1.5% of data points) with winds
above 70 m s−1. With the complete dataset, the random for-
est predictions reach a maximum value of 0.76 for winds of
75 m s−1. While these results show improvement, they also
show that the data are still insufficient to make the random
forest model follow the physics of infrastructure failure and
extrapolate predictions for high winds causing outages close
to 100 %.

8.3 Lack of physics-based variance shapes

In catastrophic storms, we expect large outages with higher
certainty, e.g., Hurricane Ida (2021) in Louisiana (Elam-
rouss, 2021) and Tropical Storm Fiona (2022) in Puerto Rico
(Rivera et al., 2022), close to 100 %. Structural models for
power poles estimate failure probabilities close to 95 % for
winds of 70 m s−1 (Ouyang and Dueñas-Osorio, 2014; Bjar-
nadottir et al., 2013). Thus, the physics of infrastructure fail-
ure suggests that variance in outages should be smaller for
catastrophic winds. To evaluate if existing models follow
these principles from the physics of power infrastructure fail-
ure, we quantified the variance in predictions for Jersey City

by varying the wind speed and keeping the other input vari-
ables unchanged (Fig. 11).

As discussed previously, negative binomial GAMs capture
the variability of outages better than Poisson models. Thus,
we focus on the former models and estimate the variance ac-
cording to Eq. (5). Figure 11a shows the mean and 1 standard
deviation interval for outage predictions with varying wind
speeds. We normalized the GAM’s predictions to show frac-
tions and compare them to the random forest model. GAM’s
predictions go beyond 1, as discussed previously, but we
truncated the y axis at 1 for comparison purposes. The lin-
ear relationship in the link function ensures that the variance
(function of the square of mean outages from Eq. 5) grows
with wind speed. For example, for a wind of 40 m s−1, we
have a standard deviation of 0.02, and for a wind of 70 m s−1,
we have a standard deviation that is 15 times higher with a
value of 0.3. Thus, the variance shows higher values as the
predicted outage fraction approaches to 1. In fact, the vari-
ance is also unbounded in the negative binomial GAM and
goes to infinity.

The random forest model can only predict the mean num-
ber of outages. Thus, it cannot evaluate variances. How-
ever, the quantile regression forest (QRF) (Meinshausen,
2006) can predict the outages at different confidence inter-
vals, and we use it to quantify variance. The QRF uses the
recorded observation at the leaf node to predict confidence
intervals. These intervals are fully data-driven, as random
forests do not assume any underlying probability distribu-
tion on predicted outages (Ahsanullah et al., 2014). We pre-
sented random forest prediction intervals in Fig. 11b. The
random forests had a standard deviation of 0.45 for high
winds (> 70 m s−1), departing from the expected value of
zero for catastrophic winds. Additional data could improve
these random forest variance estimates. However, as men-
tioned earlier, infrastructure failure data are sparse.

Moreover, structural models predict no damage to power
infrastructure at wind speeds lower than 10 m s−1 (IEEE,
2007; Bjarnadottir et al., 2013). Thus, we expect outage pre-
dictions closer to 0 with a higher degree of certainty. Nega-
tive binomial (and Poisson) GAMs handle this case well, as
the variance is zero when the mean outage is zero (Eqs. 1 and
5). In contrast, we found that random forests had a standard
deviation of 0.66 for zero wind speeds, showing that they
also have limitations to represent physics-informed variance
at low wind speeds.

As standard deviation is high for outages with the varia-
tion of winds, and precipitation is the second most impor-
tant variable in the RF model per Fig. 8, we explore the rela-
tionship between outage fraction and precipitation, based on
Eq. (9), to understand the non-linearity in outages. We show
the partial dependence plot of precipitation in Fig. 12. The
partial dependence plot of precipitation (Fig. 12) shows non-
linearity with an increase in the fraction of outages from 0.3
to 0.4 over the range of observed precipitation for the histor-
ical storms. However, we can observe from Fig. 12, similar
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Figure 11. Prediction ranges of power outage as a function of wind speed for (a) the negative binomial GAM and (b) random forest. For
GAM, mean and standard deviations are based on Eq. (5). For random forest, we use quantile random forest to determine percentiles and
assume normal distribution to find comparable intervals of the mean plus and minus the standard deviation. Black lines indicate the mean
outage predictions. Blue dashed lines indicate the 1 standard deviation interval for outage predictions.

Figure 12. Partial dependence plot of fractional outages with pre-
cipitation.

to Fig. 11, that precipitation also explains limited variability
in the outages in this case. Also, at zero wind speed and zero
precipitation RF model predicts non-zero outages.

9 Conclusions and future research

This paper summarized existing power outage prediction
models, (a) GLMs and (b) GAMs based on Poisson and nega-
tive binomial distributions and (c) random forest regressions.
Power outages depend on several factors, including hurri-
cane, environmental, and demographic conditions. To exam-
ine the existing models, we used power outage data with a
total of 3.6 million outages for Hurricane Isaias (2020) in
New York and New Jersey states, Hurricane Harvey (2017)
in Texas, and Hurricane Michael (2018) in Florida. We com-
bined the outages from these states to develop a generalized
power outage model across different regions, improving pre-
vious efforts that only calibrated outage models to a particu-
lar region or utility companies in the US. We conducted a fea-

ture selection to avoid multi-collinearity among input vari-
ables and calibrated the state-of-the-art outage models using
seven input parameters: 3 s wind gust speed, 7 d precipita-
tion after the storm, standard precipitation index for 6 months
before the storm, soil moisture for a depth between 0 and
10 cm, population density, the percent area covered by trees,
and trees’ root zone depth.

First, we found that Poisson regressions are unsuitable for
modeling outages, as historical outages have larger variances
than the mean, resulting in overdispersion. The overdisper-
sion was evident by the large residual deviances of 6 038 042
and 3 565 948 for the Poisson GLM and GAM, respectively,
for 1520 degrees of freedom. We found that negative bino-
mial regressions account for these larger variances better than
Poisson regressions since we obtained residual deviances of
2078 and 1813 for GLM and GAM, respectively. We also
showed that GAMs could better model the non-linear behav-
ior of predictors compared to GLMs since R2

DEV and R2
ψ sig-

nificantly increased to 0.62 and 0.99, respectively, compared
to values of 0.29 and 0.69 in negative binomial GLMs. We
demonstrated that the random forest could also capture this
non-linear behavior, as we found a value of 0.48 for the R2

in the cross-validation.
However, each model has its own merits and demerits in

predicting outages. Poisson and negative binomial estimates
are unbounded and can overestimate power outages. For ex-
ample, the negative binomial regression predicted more out-
ages than the number of customers for 19.8% of cities in the
test data, with an overprediction ratio of 5.2 for predicted out-
ages compared to the actual number of customers. Random
forest predictions are hard to calibrate for extreme winds,
as outage data are limited. As a result, we found that they
could not be extrapolated for high winds since we only had
1.5 % observations with wind speeds greater than 70 m s−1.
The negative binomial GAM failed to account for low uncer-
tainty in outage predictions at high winds, as we observed
that instead the standard deviation in predictions grew 15
times with increasing wind speed from 40 to 70 m s−1. We
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found that random forest also fails to account for low uncer-
tainty at low winds. Overestimated power outages could re-
sult in prioritizing a less affected city, placing more resources
on that city than required. Limited mobility of crews during a
disaster can lead to prolonged outages, delaying the restora-
tion effects (National Academies of Sciences, Engineering,
and Medicine, 2017). In general, erroneous power outage es-
timates with high uncertainty can result in the non-optimal
placement of resources, as optimal resource allocation algo-
rithms will use predicted outages (Brown, 2002).

We suggest beta (Ferrari and Cribari-Neto, 2010) and bi-
nomial regressions (Dunn and Smyth, 2018) to model power
outages in future research. While testing their performance
fell outside this paper’s scope, beta and binomial distribution
can help overcome existing limitations due to their funda-
mental properties. For example, beta and binomial regres-
sions are upper-bounded, unlike negative binomial GLM and
GAM regressions. Thus, beta or binomial GAMs can model
the fraction of outages in a city, i.e., directly in the case of
beta since it goes from 0 to 1, or after normalizing the to-
tal number of outages by the maximum number of customers
in the case of the binomial regressions. Also, beta and bino-
mial GAMs can extrapolate outages for the extreme (low and
high) values of winds since they can model monotonically in-
creasing outages as a function of environmental parameters.
Finally, beta and binomial GAMs have variances closer to
zero at outage fraction observation values of 0 and 1, better
representing the physics or power infrastructure failures.

Appendix A: R2 parameter

TheR2 parameter, a goodness-of-fit measure, is used to com-
pare and select among different models. The goodness-of-fit
measure can quantify how good predictions are by the fitted
model on unseen or test data.

R2
= 1−

RSS
TSS

(A1)

The R2 parameter mentioned in Eq. (A1) represents the
amount of variability explained by the fitted compared model
to the null model. The null model predicts the average of
observed outages (y) for all the cities irrespective of the in-
put parameters. In the Eq. (A1), TSS is the residual sum of
squares, defined by the sum of squares of the difference be-
tween the true value of the response variable and average of
true values of response variable.

TSS=
N∑
i

(yi − y)
2 (A2)

RSS is the total sum of squares, defined by the sum of
squares of the difference between the true value of the re-
sponse variable and the predicted value of the response vari-

able from the fitted model.

RSS=
N∑
i

(yi − ŷ)
2 (A3)

A1 R2
DEV parameter

We quantify overdispersion by calculating if the residual de-
viance is larger than the degrees of freedom. Degrees of free-
dom is defined as the number of data points in the training
data minus the number of input parameters. We estimate

Deviance=−2(LL(sat)−LL(fit)) , (A4)

where LL(sat) is the maximum achievable log-likelihood for
the saturated model, and LL(fit) is the log-likelihood for the
fitted model. Simplified versions of Eq. (A4) to calculate de-
viance for different distributions are given below.

– Poisson. Residual deviance (Cameron and Windmeijer,
1996) for the ith observation for Poisson GLM and
GAM is

di(yi, ŷi)= sign(yi − ŷi) ·
[

2
{
yi log

(
yi

ŷi

)
−(yi − ŷi)

}]1/2
, (A5)

where yi are ŷi are the observed and predicted outages
for ith city. Deviance for the model is the sum of the
square of the residual deviance for each observation.

D(y,yi)=

N∑
i=1

(
di(yi, ŷi)

)2 (A6)

– Negative binomial. Residual deviance for the ith obser-
vation for a negative binomial GLM is

di(yi, ŷi)= sign(yi − ŷi) ·
[

2
{
yi log

(
yi

ŷi

)
−(yi + 1/k)ln

[
yi + 1/k
ŷi + 1/k

]}]1/2

, (A7)

and deviance for the fitted model is estimated by
Eq. (A6).

For GLMs and GAMs, a pseudo-R2, denoted as R2
DEV

(Cameron and Windmeijer, 1996), is also defined to compare
the statistical performance based on model deviance. Simi-
lar to the definition of R2, R2

DEV measures the reduction in
deviance of the fitted model when compared with the null
model. The value of R2

DEV is given by

R2
DEV = 1−

D(y,yi)

D(y,y)
. (A8)

D(y,yi) is the deviance for the fitted model already defined
in Eq. (A4). For a null model, predictions will always be y
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(average of observed outages in training data).D(y,y) is the
deviance for a null model, which can be obtained by replac-
ing LL(fit) in Eq. (A4) with LL(null).

The value of R2
DEV will increase after adding more predic-

tors, as more predictors will always explain more variability
in outage counts, decreasing the residual deviance. Also, the
value of R2

DEV is bounded from 0 to 1, and a value closer to
1 will indicate a good fit of the model (Cameron and Wind-
meijer, 1996).

A2 R2
k

parameter

R2
k is defined to measure the reduction in overdispersion for

the fitted model negative binomial regression models when
compared to the null model (Liu et al., 2005; Han et al.,
2009b).

R2
k = 1−

k

k0
(A9)

k is the overdispersion factor (Eq. 5) for the fitted model,
and k0 is the overdispersion factor (Eq. 5) for the null model.
Models with low overdispersion will have a low value of k.
The R2

k will be closer to 1 for a model with less overdisper-
sion.
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et al., 2012; Xia, 2012). The soil data are available from Soil Survey
Staff. The percent tree data are available from National Insect and
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