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Abstract—Extreme weather events, such as hurricanes, severe
thunderstorms, and floods can significantly disrupt power grid
systems, leading to electrical outages that result in inconvenience,
economic losses, and life-threatening situations. There is a grow-
ing need for a robust and precise predictive model to forecast
power outages, which will help prioritize emergency response
before, during, and after extreme weather events. In this paper,
we introduce machine-learning models that predict power outage
risk at the state level during and after extreme weather events. We
jointly utilized two publicly available datasets: the U.S. historical
power outage data collected by the Environment for Analysis
of Geo-Located Energy Information (EAGLE-I™) system, and
the National Weather Service historical weather alert data sets.
We highlight our initial result and discuss future work aimed at
enhancing the model’s robustness and accuracy for real-world
applications.

Index Terms—Energy resiliency, Severe weather, Power out-
ages, Restoration time, Emergency response
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I. INTRODUCTION

It is essential to comprehend the effects of diverse extreme
weather events like hurricanes, thunderstorms, and floods on
power outages in different regions [1], as this understanding
allows utility companies and emergency responders to react to
these incidents more efficiently [2]. In this paper, we formally
define a power outage prediction problem of predicting power
outage risk at the state level after extreme weather events
and benchmark machine learning models including Random
Forest, k-NN regression and XGBoost. We jointly utilized
two publicly available datasets: the U.S. historical power
outage data collected by the Environment for Analysis of
Geo-Located Energy Information (EAGLE-I™) system, and
the National Weather Service historical weather alert datasets.
As a proof-of-concept, the initial result of our tested models is
very encouraging and can offer valuable insights into the rela-
tionship between weather events and power outages, assisting
stakeholders in making informed decisions. Furthermore, we
highlighted future research directions to improve the models.
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1I. DATA

Historical power outage data: For the U.S. historical
power outage data, we used the data gathered by Oak Ridge
National Laboratory (ORNL)’s EAGLE-I™ (Environment for
Analysis of Geo-Located Energy Information system) [3]. The
EAGLE-I platform has been collecting U.S. electric outage
data since 2014. EAGLE-I’s electricity outage data includes
records of the total number of customers without power
within a geographic area at the county level, accompanied by
information about the relevant utility company. More precisely,
the number of outages represents the number of affected
customers, and the outage number snapshot is recorded every
15 minutes.

Weather alert data: For weather information, we utilize
data collected by the National Weather Service (NWS), a
U.S. government agency that provides weather, water, and
climate data, forecasts, warnings, and impact-based decision
support services. Specifically, we use the NWS Valid Time
Extent Code (VTEC) Archives data processed by lowa State
University’s Iowa Environmental Mesonet (IEM) [4]. This
dataset contains information about the geography, type (e.g,
hurricane, flood, thunderstorm), and advisory level (Watch,
Warning, Advisory, etc.) that occurred in the U.S. The dataset
and its metadata are publicly available in various formats.
To preprocess the dataset, we first excluded entries that were
neither warnings nor advisories to focus on extreme weather
events. In the second step, we converted all polygon-based
data in the NWS data set into county-based data to join
with county-level EAGLE-I data set. As polygons can cover
multiple counties, we identified all the counties intersecting
the polygons and replaced the original data entries with county
geometry. Lastly, we removed duplicates and problematic data
instances with negative or extremely long event durations (over
seven days). Out of a total of 447,266 data rows, 992 rows
(0.221%) had negative durations, and 1,503 rows (0.336%) had
durations over seven days. We filtered out these problematic
cases and retained the remaining 444,661 rows (99.442%).
The data size varied per state, as weather event frequency
differs among regions. In this paper, we specifically focused
on 3 states with varying data sizes (Texas with 15,272 events,
Michigan with 4,742 events, and Hawaii with 503 events).



III. MODEL AND RESULT

The problem of power outages can be examined from multi-
ple angles. In this study, our main objective is to perform state-
level worst-case prediction, by estimating the total summation
of the maximum power outages for each county grouping by
the state over the next 12 hours when a weather event alert
is issued. A state-level risk assessment can provide valuable
insights and benefits for various stakeholders, including utility
companies, emergency management agencies, and residents,
helping them prioritize their actions and make well-informed
decisions. We reorganized the EAGLE-I and NWS data to cre-
ate a training dataset for the selected states (Texas, Michigan,
and Hawaii) with varying data availability due to different
weather event frequencies. For each past NWS weather alert,
we structured the data as follows:

« Input feature 1: Maximum outages for each county dur-
ing the last 12 hours before the weather alert’s issuance
date and timestamp.

« Input feature 2: Type of weather alert (e.g., flood, severe
thunderstorm, etc.).

o Input feature 3: List of affected counties by a weather
alert.

o Output: Total summation of the maximum outages from
each county grouping by state within the 12 hours fol-
lowing the weather alert’s issuance date and timestamp.

With this configuration, we tested 3 machine learning ap-
proaches capable of predicting multiple output variables, in-
cluding Random Forest (RF) [5], k-Nearest Neighbor (k-
NN) [6], and Extreme Gradient Boosting (XGBoost [7]). We
sorted the data by the timestamp of the NWS weather events
and allocated the first 80% of the data for training and the
remaining 20% for testing. The number of estimators was
selected to be 100 for both RF and XGBoost. In the case
of k-NN, the neighborhood size was set to 3.

State Data Size R"2(RMSE)

(# of events) RF kNN XGBoost

0.989 0994 0998
Texas | Large (I5.272) | (5975 375) | (4501.371) | (2115.354)

— . 0997 0,984 0998
Michigan | Medium (4,742) | 7c50 475y | (6270.681) | (2092.054)

. 09716 0.930 0844
Hawaii Small (503) | 5486 644) | (2255.152) | (3385.078)

TABLE I: Evaluation of prediction results of three models on
states with different data sizes.

(a) RF

(b) k-NN

(c) XGBoost

Fig. 1: Comparison of actual and predicted values

Table I shows the summary of the prediction accuracy.
We observed R? improved with larger data sizes. All three

models showed encouraging results for all three states. All
three models showed competitive results, but XGBoost showed
better RMSE. Fig. 1 shows the visualized result (actual vs.
prediction) for the Texas state.

IV. DISCUSSION AND CONCLUSION

In this paper, we demonstrate the feasibility of predicting
power outages by training machine learning models using
two publicly available datasets. The accuracy of the models
is particularly promising for states with more historical data.
Specifically, all three models have shown promising results
with an R? metric of over 0.98 in the case of Texas and Michi-
gan. This is very encouraging because further improvement in
accuracy is expected with additional model optimization.

For future work, we will investigate the feasibility of
county-level prediction instead of state-level, which will give
much more detailed insight to stakeholders. Specifically, we
will explore the use of Graph Neural Networks (GNN) [8]
to further incorporate the interdependency of power system
components. The reliability of power systems during extreme
weather events is heavily influenced by the network structure
of power grid components, and they can also be affected by
other interdependent critical infrastructure components. Thus,
modeling the data as a graph will be a natural next step. We
observed that the size of the data varies depending on the
region. Additionally, some weather events or power outage
events may be less common in certain areas, leading to uneven
data availability across the nation. Learning from one region
with more data and transferring the knowledge for prediction
to other regions is a challenge that needs to be addressed. This
is important, as drastic climate change has led to rare weather
events occurring in unfamiliar regions.

In conclusion, our study serves as a foundation for devel-
oping more sophisticated models that can effectively predict
power outages during extreme weather events, ultimately en-
abling better preparedness and response strategies for emer-
gency management and utility companies.
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