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ABSTRACT 

The purpose of the RePOWERD project is to develop a probabilistic and a simulation based power 

restoration forecasting model for tropical storms based on geographic utility service areas, impacts to 

energy infrastructures and transportation networks, time-varying customer outage number, crew 

information (i.e., crew size, crew staging requirements), and utility restoration plans. Energy infrastructure 

is a critical lifeline essential for the United States’ national and economic security. Like other critical 

infrastructures, this infrastructure is aging and is at a high risk of damages from extreme weather events. 

Based on the number of reported outages in EAGLE-I during 2020 and 2021, it is evident that the current 

energy infrastructure is not equipped to handle extreme event impacts and will contribute to significant 

outages. From a resilience perspective, it is essential to forecast restoration time in the event of a severe 

weather induced power outage to assist the US Department of Energy, emergency managers, and first 

responders with resource planning. This project contributes to this crucial need. This report details the 

models, that were developed in this pilot study, to determine the rate of restoration and estimated time of 

restoration (ETR) during tropical storm events within counties and utility service areas based on damage to 

energy infrastructures and total number of customers experiencing outages.  

 

1. INTRODUCTION 

Electric power is a critical lifeline that is essential for the functioning of critical assets and daily lives [1], 

[2]. The US energy infrastructure is aging and is at high risk of being adversely impacted by extreme 

weather events, thereby contributing to longer power outages. A study by McKinsey Global Institute (2020) 

[3] reported that while wind power might be resilient to drought, thermoelectric and hydropower plants are 

at risk of losing functionality due to water shortages. Likewise, higher temperatures and heat waves may 

reduce the efficiency of the grid and adversely impact the physical condition of transmission/distribution 

system components [3], making the grid unable to meet increasing demand due to climate change.  

Reduced efficiency and damage to energy infrastructures are already recognized as major causes of wide 

area power outages. In 2017, Hurricane Maria damaged energy infrastructures in Puerto Rico and caused 

citizens to go without power for months [4], [5]. Even now, more than 4 years after the hurricane, the energy 

grid of Puerto Rico is still not reliable. In August and September 2021, the island was forced to undergo 

rolling blackouts that left millions of customers without electricity due to surging demand the grid could 

not meet [6]. Likewise, energy infrastructure of the US mainland also appears to be fragile and ill equipped 

to handle changing demands and extreme event impacts. Hurricane Ida that made landfall on August 26th, 

2021, in Louisiana, left 1.2 million customers without power in eight states including Louisiana, where the 

event damaged 30,000 utility poles and left parts of the state in the dark until September [7], [8]. Winter 

Storm Uri (February 2021) left more than 4.5 million customers without electricity in Texas [9], [10]. In 

California, rolling blackouts begun due to a public safety concern during wildfires and later continued to 

address the increasing electricity demand during heat waves that left millions of California customers 

without power in 2020 and 2021 [11], [12]. According to the Energy Information Administration (EIA), 

the US customers experienced over eight hours of power outage in 2020 (the most since 2013) due to 

extreme weather events [13]. These widespread outages are not only concerning from a public health 

perspective, particularly during the COVID-19 pandemic, but also contribute to significant financial losses.  

Annually, power outages in the US cost ~$70 billion [14]. Winter Storm Uri reportedly caused nearly $130 

billion in loss and more than 100 deaths in Texas [15], [16]. Extreme weather events are becoming common 

and costly and are expected to cause longer and more frequent power outages with devastating impacts 

[17], [18]. While overhauling the energy infrastructure and expansion of renewables are priorities to reduce 

power outage duration and impacts, restoration of electricity supply services after major extreme events 

(e.g., hurricanes) is critical to system interdependency within the energy sector and across the nation’s 



 

 

 

critical infrastructure sectors. Given the proprietary nature of energy infrastructure, utility companies in the 

US have their own models to forecast power restoration times. Beyond being disparate, their modeled 

outputs are not readily available to the US Department of Energy (DOE) to analyze system vulnerabilities 

and support infrastructure protection programs. Current National Outage Model data do not provide 

information about restoration time, and inferring restoration time from outage data has several uncertainties 

because (1) the cause of the outage is not available and trying to fit events to data is not feasible; (2) while 

the decrease in outage numbers may generally be regarded as a restoration, it is not always the case (e.g., it 

could be due to error in the initial reporting or people may have evacuated after an event); and (3) daily 

outage data could be from different events and the delineation of those events is not feasible. By developing 

power restoration forecasting models, the RePOWERD project contributes to this crucial need.  

The purpose of this project is to develop a probabilistic and a process-oriented simulation model to estimate 

restoration time in distribution systems in case of extreme weather events that can be used to assist DOE as 

well as emergency managers and first responders with resource planning. In this pilot study, we developed 

and deployed three models – an exponential decay function, a multiple linear regression (MLR) model, and 

an agent-based model (ABM). These models were developed using power outage data available from 

DOE’s EAGLE-I1 (Environment for Analysis of Geo-Located Energy Information) platform for Category 

II2 and above hurricanes that have impacted the Atlantic and Gulf Coast since 2014. While the exponential 

decay function was used to estimate restoration time (ETR) and rate of restoration (β), the MLR model was 

used to identify the factors (extent of damage, underlying land use/cover, population density, county type 

– urban vs rural) influencing restoration time. Because restoration operation requires the involvement of 

several agencies and agents, the ABM was developed to generate a range of restoration times based on 

change in agent behavior and interaction with environments, specifically, the variation in utility repair 

teams, crew size, and crew staging. The following five hurricanes - Irma, Harvey, Michael, Zeta and Laura 

that impacted the Southeast during 2014 – 2020 were used to estimate ETR and β values using the 

exponential decay function for counties and utility service areas. For these events, the MLR was deployed 

to estimate ETR within counties. The ABM was deployed using hypothetical outage data, crew size, crew 

staging areas and number of substations affected to compute ETR.  

 

This report presents the conceptual framework for the restoration model and discusses the implementation 

of the models discussed above. Section 2 provides a brief overview of restoration process used by utilities 

as well as the current state of the art in restoration modeling. The conceptual frameworks, datasets, data 

processing techniques, and models are discussed in Section 3. The results are discussed in Section 4. 

Finally, Section 5 presents future work and concluding remarks. 

2. RESTORATION PROCESS  

Power restoration is a complicated process that involves several steps: (1) determining status of the bulk 

electric system (BES) system (generation, transmission, distribution) prior to an outage, (2) preparing 

power plants to address restoration depending upon the cause of outage and extent of damage to system 

components, (3) restoring generation and critical loads along the distribution network, (4) ensuring the 

transmission path is energized for power transmission, (5) providing for system synchronization depending 

upon the system components (transmission, distribution, generation, distribution/transmission system 

islands), and (6) coordinating between utilities (large vs co-ops depending upon the extent of outage and 

damages) and city officials  to address crew dispatch, crew staging and implementation of safety protocols 

 
1 The EAGLE-I platform (https://eagle-i.doe.gov/) is primarily used by DOE – Office of Cybersecurity, Energy 

Security and Emergency Response.  
2 According to the National Hurricane Center (https://www.nhc.noaa.gov/aboutsshws.php), a Category II hurricane 

is considered a major storm with a wind speed of 96 – 110 mph. Such an event contributes to damage to energy 

infrastructures.  

https://eagle-i.doe.gov/
https://www.nhc.noaa.gov/aboutsshws.php


 

 

 

to undertake repair of system components [19], [20], [21]. Because the restoration process is designed to 

minimize restoration time and service interruptions, reduce number of customers without power, and 

maximize generation capacity, restoration strategies can vary across utilities based on a company’s service 

area and customer base as well as the event that caused the power outage [19], [22]. Hence, restoration 

planning must begin ahead of time and be designed to adapt to the event to meet the objectives.  

 

Being a critical infrastructure, power restoration planning and modeling has drawn attention from research 

and industry alike and is not a new concept. Although outages occur both on the transmission and 

distribution side of the Bulk Electric System, roughly 90% of the outages occur on the distribution side 

[23]. Several models have been developed to restore power on the distribution side. These models can be 

categorized into three categories – statistical, simulation and optimization models. Statistical models tend 

to describe the relationships between outage duration and covariates to predict restoration time across space 

[24]. These models are increasingly used for restoration planning in case of weather induced disasters [22], 

[25-27]. Simulation modeling is often used to simulate the operations and interactions to help with 

determination of restoration steps and estimate restoration time from a decision-making perspective. Walsh 

et al. [28] and Cagnan et al. [29] implemented an agent-based model and a discrete-event simulation model 

to describe the restoration process following storm and earthquake events, respectively. These models allow 

estimation of a range of restoration durations under different event conditions and impacts. Although similar 

to simulation models in terms of iteratively estimating restoration time, optimization models determine the 

best process to minimize restoration time and maximize load capacity. Several optimization models have 

been developed to identify the energizing path, dispatch of repair crews and the use of distributed generators 

to reduce restoration time, and dispatching decisions [30-32].  

 

Effective restoration requires utilities and other agencies such as the Department of Transportation and 

local governments (city and/county planning and emergency management agencies) to coordinate and 

collaborate to ensure restoration time can be minimized. While utilities are responsible for power 

restoration, DOE is the energy-sector lead agency responsible for coordinating federal actions to expedite 

the restoration process and to aid with resource planning as needed (Figure 1). However, DOE does not 

have access to restoration plans. The outage data available on DOE’s EAGLE-I platform do not provide 

information about restoration time and inferring restoration time from outage data is not possible due to 

lack of information about the cause of an outage. While information about the customers experiencing an 

outage, the locations where evacuation is underway, and the distribution of gas stations that would be 

patronized by residents during evacuation and allow using gasoline as an alternate source of energy for 

generators could be determined through modeling [34-36], these models do not provide a comprehensive 

overview of the restoration process and agent interaction. To assist DOE with decision-making, in this 

study, two probabilistic models (using an exponential decay function and a multiple linear regression) and 

an agent-based simulation model were developed using real-event outage data and hypothetical outage data.  



 

 

 

 
Figure 1: Restoration process that occurs at multiple levels by different institutions [33] 

3. METHODOLOGY 

This section introduces the study site and events that were selected to develop and deploy the first version 

of the probabilistic and simulation models to forecast restoration time. The section also presents the 

conceptual framework for restoration modeling and the datasets that were acquired and processed for model 

development. Finally, the section discusses the three models (exponential decay function, multiple linear 

regression and agent-based simulation) that were developed using real and hypothetical outage data. 

3.1 STUDY SITE AND CONCEPTUAL FRAMEWORK 

Tropical storm events are a major cause of power outages. Based on historical events, the Gulf Coast and 

the Southeast Region in the United States are at a higher risk of experiencing Category III and higher 

hurricanes at a higher frequency [37]. Given that the coast is home to large urban areas with significant 

populations and older energy infrastructures, it is not surprising that tropical storms tend to cause significant 

outages. This study, therefore, focused on developing restoration models using tropical storm events that 

have impacted the states in the Southeast region during 2014 – 2020 (Figure 2).   

 

The high risk to energy infrastructure from tropical storm events underscores the need to develop a 

restoration model that is process-oriented to provide situational awareness information about estimated 

restoration time across an impact area at the county and utility service area levels. Such information would 

assist first responders and emergency managers with resource planning, allowing them to prioritize where 

restoration activities could and should occur depending upon critical asset availability and population 

density. Keeping these needs in mind, the following framework (Figure 3) was implemented in this study 

that could be adapted to other events to estimate restoration time. 
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Figure 2: Landfall locations and states impacted by selected hurricanes during 2014-2020 

 
Figure 3: Conceptual framework and components of restoration model 



 

 

 

3.2 EVENT SELECTION  

Hurricanes vary greatly in terms of their eye size, wind speed, rainfall, pressure, and size of the impacted 

area. While some hurricanes can cause significant wide-area outages, others hover over one location and 

contribute to significant flooding and longer-term outages. Considering this variability, we used the outage 

data for five hurricanes (Irma, Michel, Harvey, Laura and Zeta) that have impacted the Southeast Region 

since 2017, caused power outages in the order of hundreds of thousands to millions, and required significant 

mobilization of repair crews. Hurricane Irma (a Category IV hurricane), which impacted southern Florida 

in August 2017, was approximately the size of Texas [38]. The slow-moving storm engulfed the southern 

peninsula of the state and impacted some areas for over 24 hours [38]. This caused nearly 60% of Florida’s 

~10 million electric customers to experience power outages [39]. By contrast, Hurricane Michael (a 

Category V hurricane) impacted the Florida Panhandle in October 2018 with record sustained winds 

measured at 151 mph, causing devastating damage over a narrow band measuring ~100 miles east to west 

[40]. The storm caused about 400,000 power outages, primarily in the Florida Panhandle, and took around 

23 days to restore [41]. Hurricane Harvey impacted a narrow band, in Texas in August 2017, making 

landfall as a Category IV storm [42]. Harvey caused significant precipitation and flooding and led to more 

than 300,000 outages due to damage to power plants and transmission and distribution infrastructures in 

Texas and Louisiana [43]. In August 2020, Hurricane Laura was one of the strongest hurricanes to make 

landfall as a Category IV hurricane in Louisiana in 164 years [44]. In addition to cutting off crude oil 

production along the Gulf Coast for 15 days [45], Laura also caused significant damage to transmission and 

distribution systems and left more than 900,000 customers without power in Louisiana and Texas [46]. 

Hurricane Zeta made landfall in southern Louisiana as a Category II storm in October 2020 [47]. Despite 

being a Category II hurricane, Zeta caused significant power outage and left more than 2.5 million 

customers without power in the Southeast Region [48].  

3.3 DATA ACQUISITION 

Both static and dynamic datasets were acquired for restoration modeling for the five hurricanes discussed 

above, which are listed in Table 1 along with their sources and dates of acquisition. Outage data for the 

above-mentioned tropical storm events were obtained from EAGLE-I as well as from the Florida Public 

Service Commission (FPSC) for Hurricanes Irma and Michael at county and utility service area boundaries. 

The reported base customer dataset was obtained from the Energy Information Administration (EIA) as 

well as from EAGLE-I. A road network dataset was obtained from OpenStreetMap, and electric 

infrastructure datasets (i.e., substation location, utility retail service area boundary, staging areas for 

restoration) were obtained from the Homeland Infrastructure Foundation Level Data Open Data platform. 

Event characteristics datasets (i.e., wind speed probabilities, wind swath, hurricane track) for the hurricanes 

were obtained from the National Hurricane Center (NHC). Given the dynamic nature of the tropical storm 

data, the RSS feed associated with these datasets was used to obtain data every 6 hours from the NHC site. 

The county boundary, population count and density data, and county type (urban vs. rural) were acquired 

from the US Census Bureau. Because trees and vegetation often contribute to distribution level outages, 

land use/cover data, vegetation/tree canopy data, and impervious surface datasets were acquired using the 

iTree Landscape tool from the 2011 National Land Cover Database. Because the datasets are available at 

varying spatial scales, to minimize error variance due to scale impact [49] and avoid data loss, the datasets 

were aggregated to county and utility service boundaries.  

 

 



 

 

 

Table 1. Datasets and corresponding data sources used for restoration modeling. 

Name Source Source URL Acquisition date 

EAGLE-I Outage 

Tracker Data 

DOE EAGLE-I 

application 

N/A, not a public resource Last updated 

March 2021 

EIA Customer Data EIA https://www.eia.gov/electricity/data/eia861/  March 2021 

Florida Public Service 

Commission Customer 

Data 

FLPSC http://www.psc.state.fl.us/Home/HurricaneReport March 2021 

Florida OpenStreetMap 

Road Network Data 

Geofabrik/OSM https://download.geofabrik.de/north-

america/us/florida.html 

December 2020 

Electric Substations HIFLD (ORNL) https://hifld-

geoplatform.opendata.arcgis.com/datasets/geoplat

form::electric-substations/about 

June 2020 

Electric Retail Service 

Territories 

HIFLD (ORNL) https://hifld-

geoplatform.opendata.arcgis.com/datasets/geoplat

form::electric-retail-service-territories/about 

June 2020 

Staging Areas1 HIFLD (ORNL) https://hifld-

geoplatform.opendata.arcgis.com/datasets/geoplat

form::public-schools/about 

August 2021 

Wind swath, Wind speed 

probabilities 

National 

Hurricane Center 

https://www.nhc.noaa.gov/gis/ June 2021 

Historical hurricane 

track, Wind speed, Wind 

swath extent2 

National 

Hurricane Center 

HURDAT V2 

https://www.nhc.noaa.gov/data/hurdat/ 

 

November 2021 

County Boundary US Census 

Bureau 

https://www.census.gov/geographies/mapping-

files/time-series/geo/carto-boundary-file.html 

November 2020 

Urban vs. rural counties US Census 

Bureau 

https://www.census.gov/programs-

surveys/geography/guidance/geo-

areas/urban-rural.html 

March 2021 

Land use/cover, 

Impervious surface, 

Vegetation/ 

canopy cover 

Multi Resolution 

Land 

Characteristics 

Consortium 

https://www.mrlc.gov/national-land-

cover-database-nlcd-2016 

March 2021 

3.4 DATA PROCESSING 

Outage data: The outage data from EAGLE-I record the total number of customers experiencing outages 

(a.k.a. NCO here onwards) within counties and utility service areas every 15 minutes. The outage data are 

directly obtained from the utility companies dealing with outages and restoration. Despite high granularity, 

the reported NCO was not consistent over time, which led to the presence of null values and, in certain 

instances, higher NCO outside the time of landfall (Figure 4) and several anomalous peak NCOs.   A nearest 

neighbor sampling approach was also used to eliminate null values. These continuous data sets  were then 

used to aggregate the total number of customers experiencing outages within each county and utility service 

area at different time spans.  

 
1 This dataset does not contain information on staging areas used by utilities during storm events. Public schools 

were chosen as a stand-in dataset to improve the ABM in this pilot study.  
2 These data were used to isolate outage records and creating reports on outage durations based on storm path.  

https://www.eia.gov/electricity/data/eia861/
http://www.psc.state.fl.us/Home/HurricaneReport
https://download.geofabrik.de/north-america/us/florida.html
https://download.geofabrik.de/north-america/us/florida.html
https://hifld-geoplatform.opendata.arcgis.com/datasets/geoplatform::electric-substations/about
https://hifld-geoplatform.opendata.arcgis.com/datasets/geoplatform::electric-substations/about
https://hifld-geoplatform.opendata.arcgis.com/datasets/geoplatform::electric-substations/about
https://hifld-geoplatform.opendata.arcgis.com/datasets/geoplatform::electric-retail-service-territories/about
https://hifld-geoplatform.opendata.arcgis.com/datasets/geoplatform::electric-retail-service-territories/about
https://hifld-geoplatform.opendata.arcgis.com/datasets/geoplatform::electric-retail-service-territories/about
https://hifld-geoplatform.opendata.arcgis.com/datasets/geoplatform::public-schools/about
https://hifld-geoplatform.opendata.arcgis.com/datasets/geoplatform::public-schools/about
https://hifld-geoplatform.opendata.arcgis.com/datasets/geoplatform::public-schools/about
https://www.nhc.noaa.gov/gis/
https://www.nhc.noaa.gov/data/hurdat/
https://www.census.gov/geographies/mapping-files/time-series/geo/carto-boundary-file.html
https://www.census.gov/geographies/mapping-files/time-series/geo/carto-boundary-file.html
https://www.census.gov/programs-surveys/geography/guidance/geo-areas/urban-rural.html
https://www.census.gov/programs-surveys/geography/guidance/geo-areas/urban-rural.html
https://www.census.gov/programs-surveys/geography/guidance/geo-areas/urban-rural.html
https://www.mrlc.gov/national-land-cover-database-nlcd-2016
https://www.mrlc.gov/national-land-cover-database-nlcd-2016


 

 

 

 
Figure 4: Smoothed outage data for Hurricane Michael (Blue line – original NCO data from EAGLE-

I, Orange line – exponential decay modeled  NCO, Y axis – total number of customers without power, X 

axis – hours since peak NCO was reported for the event, Blue and Orange dotted line represent the hours 

since peak outage when power to 97% of customers was restored for the original and modeled  data 

respectively) 

Wind impact data: High wind speed is one of the contributors to large-scale outages resulting from 

damage to distribution infrastructures. Hence, the wind speed and wind swath data from the NHC were 

used to examine the extent of impact of wind speed on rate of restoration. The wind swath data record the 

position of the hurricane at 6h intervals and at three wind speed thresholds (greater than 34 knots, greater 

than 50 knots, and greater than 64 knots). Using the wind speed thresholds and the wind swath, within each 

county, the land area (in square miles) and percent land area impacted by a specific wind speed was 

computed. This land area summarized the exposure to each wind speed threshold within each county. A 

similar approach was used to compute land area impacted by a specific wind speed threshold within utility 

service area boundaries. To measure the wind speed contributing to outages, the peak outage counts 

computed at a 1h window within each county were compared with the forecasted wind speed at the time of 

outage. The forecasted wind speed aligning with the corresponding outage at a specific time was recorded 

within the county and/or utility service area. The wind speed data and associated event characteristics were 

also used to isolate outage records and outage durations that coincided with the path of a hurricane.  

Routing and staging data: A major component of restoration is to access the impacted substations for 

repair and restoration. To identify routes, road network data from OpenStreetMap were obtained. From the 

entire set of road network datasets, the primary and secondary roads were selected using the following 

filters: motorways, motorway links, primary roads, primary links, secondary roads, secondary links, trunks, 

trunk links, tertiary roads, and tertiary links. To create a topological dataset of the road networks for routing 

purpose, pgRouting, an open-source network analysis extension that builds on PostgreSQL and PostGIS, 

was used, which ensured that each road network has a node (represented by origin and destination locations) 

and an edge (represented by the road link(s) connecting the nodes). The nearest-neighbor spatial query was 

used to identify the nearest road network to each substation. Traveling to a substation is also dependent on 

the extent to which a road is damaged. To model the travel time due to damage to roads, hypothetical 

damage information (e.g., 25%, 50%, or 75% of a road is damaged) was assigned to each road network 

link. Inherently, utilities identify potential staging areas from where crews are dispatched to repair damaged 



 

 

 

substations and/or distribution lines and poles. Due to lack of information about staging, it was assumed 

that facilities with large parking lots (e.g., public schools, grocery stores, shopping areas) could be used for 

staging purposes. As a preliminary dataset, public schools were selected as potential staging areas. 

3.5 METHODS 

To create a model capable of robust power restoration predictions, it is necessary to study the complex 

relationships existing among extreme weather events, power infrastructures, human repair crews, and 

unique geographic areas. Here, we developed and deployed an exponential decay function based restoration 

forecasting model, a MLR model, and an ABM. While the probabilistic models were implemented using 

the above-mentioned five hurricanes and the raw outage data from EAGLE-I and FPSC, the prototype ABM 

was deployed using hypothetical outage data as a precursor to replicate the EAGLE-I hurricane data. This 

also allowed to develop the framework for simulation including identifying the agents and processes 

involved in restoration. A discussion of these three models is presented below. 

3.5.1 Exponential Decay Function 

As a first step, power outage recovery timelines were analyzed and parameterized for Hurricanes Irma, 

Harvey, Laura, Michael, and Zeta, which affected the states in the US Southeast region (Figure 2). The 

parameters were computed using an exponential decay relationship between the outage number (customers 

without power) at time h (denoted Ni(h)) and the time of peak outage Ni(N0i) as discussed in Duffey (2019) 

[28]. The key features of Equation 1 include the maximum observed outage number (N0i) (i.e., the number 

customers without power), the residual outage number representing outages remaining on the system after 

a long time (nm), the number of hours since N0i was observed (h), and the rate of restoration or restoration 

difficulty (β). The β parameter controls the shape of the exponential curve and quantifies restoration 

difficulty including varying degrees of damage, impassible roads, and lack of resources that may impede 

recovery operations. The most important parameter is restoration time, which is used to calculate other 

parameters using Equations 1 and 2.  

𝑵𝒊(𝒉) =  𝒏𝒎  +  ( 𝑵𝟎𝒊 – 𝒏𝒎 ) ∗ 𝐞−𝜷𝒉                                          [𝑬𝒒. 𝟏] 

𝜷 =  𝐥𝐧 (
𝟎. 𝟎𝟓 −

𝟏
𝑵𝟎𝒊

𝟏 −
𝟏

𝑵𝟎𝒊

) ∗
−𝟏

𝑯𝑬𝑻𝑹
                         [𝑬𝒒. 𝟐] 

Power outage restoration timelines can take many different shapes, depending upon the event and the type 

of damage. It is valuable to know both when a high percentage of all electric customers have their power 

restored and when outages attributable to a specific event have been restored. We computed two estimated 

time of restoration (ETR) parameters, ETR V1 and ETR V2. The first restoration threshold (ETR V1) is 

calculated as the time when the number of customers without power divided by the peak observed outage 

number (N0i), and the second restoration threshold (ETR V2) is calculated as the number of remaining 

customers without power divided by the total number of electric customers served in the service area 

(Equations 3 and 4).  
𝑵𝒊(𝑯𝑬𝑻𝑹 𝑽𝟏) 

𝑵𝟎𝒊
⁄   ≤ 𝟓%                [𝑬𝒒. 𝟑] 

𝑵𝒊(𝑯𝑬𝑻𝑹 𝑽𝟐) 
𝑵𝑻𝒐𝒕𝒂𝒍

⁄   ≤ 𝟓%                [𝑬𝒒. 𝟒] 

Because of both environmental conditions on utility distribution systems, as well as some measurement 

uncertainty in the EAGLE-I data, instead of computing ETRs for 99.3% of power outages restored from 

the peak, ETR V1 and ETR V2 were computed for 95% of outage restored from the peak outage. Equation 

2 depicts the estimated time to restoration, HETR, that could be derived from restoration time profile 



 

 

 

parameters. By first using the ERT V1 and V2 calculated in Equations 3 and 4, two β parameters are then 

calculated based on the ETR V1 and ETR V2 respectively using Equation 2.  

3.5.2 Multiple Linear Regression Model 

To extend upon Equation 2, and since the parameters are easily interpretable and extended, a MLR model 

(Equation 3) was selected to examine the factors that contribute to the variation in β (difficulty in 

restoration). To create the model, the percentage of customers without power is primarily related to the 

natural logarithm of hours since the peak outage time. Each independent variable is evaluated with, and 

without, its interaction to the time component to represent its effect on the primary decay coefficient. The 

model was trained to minimize the total error across all time periods, using the “stats” package in R1. 

𝒀̂ =  𝜷𝟎𝒕𝟎 +  𝜷𝟏𝒕𝟏 + ⋯ + 𝜷𝒊𝒕𝒊 +  𝜷𝒊+𝟏𝒕𝒊+𝟏 (3) 

Based on existing literature, the following independent variables were used: population density of the 

county, maximum wind speed experienced, the amount of tree canopy in the region, land use/cover 

distribution, and peak outage experienced. Unlike the exponential decay function, this model was deployed 

for counties. To improve the model’s accuracy, the training dataset was conservatively filtered to exclude 

counties that did not experience a significant outage due to the storm event. This was done by removing 

counties that did not experience outages greater than 0.05% of their total customer base. 

3.5.3 Agent-Based Simulation Model 

The ABM was developed to estimate a range of restoration times based on simulation, which could be used 

for decision-making and resource planning. Although, several tools and frameworks available for agent-

based modeling, such as NetLogo, Repast, and MASON, these tools have proprietary coding language and 

environment. For our model, we used the open-source Mesa simulation package with Python [50], [51] that 

allows users to create ABMs using built-in core components (e.g., agent schedulers and spatial grids) or 

customized implementations; visualize them using a browser-based interface; analyze their results using 

Python’s data analysis tools; and incorporate spatial representation of the environment for agent interaction. 

Figure 5 depicts the conceptual framework of the ABM, and Table 2 lists the agents and their attributes 

used in the model. The model starts with information about the weather condition and future status, followed 

by the damage assessment agent that will provide damage status of the road networks and energy 

infrastructures contributing to both outage and restoration operation. Based on the outage information, the 

utility company will start identifying the components contributing to the outage (i.e., malfunctioning 

feeders, substations, or distribution lines). Upon receiving information from the weather and damage 

assessment agent, the utility company will gather available crews at the initial staging area and dispatch 

crews for repair tasks based on priority ranking preferences (e.g., customer numbers, critical service 

facilities). The city transportation agent, responsible for clearing of damaged road segments, will coordinate 

with utility companies to assist with dispatch of repair crew to specific substations based on accessible road 

networks. Each utility company is responsible for repair services within its service area based on priorities 

(e.g., critical assets, accessibility, damage to electrical components) until all the outages are restored.  

 
1 R Core Team. R: A language and environment for statistical computing. Vienna, Austria: R Foundation for 

Statistical Computing (2021). https://www.R-project.org/. 

https://www.r-project.org/


 

 

 

 

Figure 5: Conceptual framework and components of agent-based simulation model 

Table 2: Detailed attributes and agent actions 

Agent Attributes Main decisions 

Weather agent 

 

Severity level, temperature, wind, 

rain, moving path, duration 

Update waiting time for repair. 

Feed info to damage agent.  

Damage assessment agent 

 

Influenced population number, 

damage/recovery level of energy 

infrastructure, road network   

Update estimated recovery time. 

Feed info to outage and 

transportation agent.  

Utility outage response 

agent 

 

Number, location, cause, status, 

priority of current outages. Needed 

resource.  

Update outage status. Feed info 

to resource agent and dispatch 

center. Report outage status to 

damage agent. 

Utility dispatch center 

 

Status of human resources, route 

accessibility, repair schedule, assigned 

crew for outage 

Update repair schedule. Feed 

info to repair crew agent. Report 

outage status to outage agent. 

City transportation agent 

 

Status of road, repair locations, 

estimated travel time on road links 

Update network status and 

repair schedule. Feed info to 

dispatch center. Report to 

damage agent 

Internal resource agents 

 

Location, number, of available 

internal personnel and equipment  

Update available resource. 

Report to outage agent and 

dispatch center. 

External resources agent 

 

Location, number of available 

external personnel and equipment 

Update available resource. 

Report to outage agent and 

dispatch center.  

Outage repair crew agent 

 

Current and next destination, travel 

time, shift schedule, estimated time on 

current outage 

Update current status. Report to 

dispatch center. Request to 

resource agent 

Municipal road repair 

crew 

 

Current and next destination, travel 

time, shift schedule, next destination, 

estimated time on current outage 

Update current status. Report to 

transportation agent. 



 

 

 

The pseudocode of the restoration algorithm is presented in Table 3. Each repair crew team is treated as 

one agent, and each team may have at least two crew members. The two main repeated tasks in the 

simulation are routing request for repair crew agent and outage location assignment to repair crew agent. 

To address the large-scale simulation and routing in differing road conditions, we must both be able to 

modify the attributes of underlying roads as well as the behavior of the routing engine to avoid these 

damaged roads when possible. Because this sort of access and permission is restricted in other routing 

application programming interfaces (APIs) and engines such as Google Maps, we used pgRouting. In the 

current ABM deployment, the simulation ends when all substations experiencing outage are repaired. 

Table 3. Pseudocode logic of each utility company in ABM simulation. 

IF current time is not the estimated start time given by weather agent, wait    

ELSE go into:                                                                                      

         Update current outage info from outage agent 

         Update damage info from damage assessment agent 

         Update current road info from transportation agent 

         Update current resource info from resource agents 

         While not all outages are fixed 

         Segment the outage area based on workload, impacted customer 

         Update priority list of the critical outage locations in each area 

 For remaining outage areas 

                  Make/update shift schedule for each repair crew and team up 

         Reassign/update each repair team to certain outage area  

         Make/update dispatch schedule for each repair team based on priority/road 

         Make/update the ramp and travel timetable for each repair team 

         Report/update the outage cause, estimated repair time, required additional resource 

         Report/update the estimated arrival time of personal or equipment if needed 

         Update/report outage clearance and estimated start time for next outage  

         Update the estimated restoration time for this area 

Update the estimated finish time for whole restoration 

(L1) 

(L2) 

(L3) 

(L4) 

(L5) 

(L6) 

(L7) 

(L8) 

(L9) 

(L10) 

(L11) 

(L12) 

(L13) 

(L14) 

(L15) 

(L16) 

(L17) 

(L18) 

(L19) 

 

4. RESULTS AND DISCUSSION 

The current version of the distance decay, MLR and ABM allow us to capture the relationship between 

estimated restoration time and rate of restoration, the impact of independent variables as identified in 

literature on ETR and β, and the processes involved in restoration modeling. The results of these models 

are discussed in this section.  

4.1 EXPONENTIAL DECAY FUNCTION  

Figure 6 depicts the respective power outage restoration timelines for each hurricane event on a state-wide 

basis. The model equations, actual restoration times, and R2 metrics measuring the goodness of fit between 

the observed outage count and exponential decay models are given in the bottom right corner of the figure. 

Among the five events, the predicted model (decay function) closely matches the raw outage count obtained 

from EAGLE-I for Hurricanes Michael and Irma. The models had an accuracy of 97.1% and 91.7% for 

these two events repectively, and V1 β values of 0.006 and 0.02. While restoration following Hurricane 

Michael was estimated to be 463 h, the restoration time for Hurricane Irma was estimated to be 151 h. The 

rate of restoration ranged from 0.013 to 0.026 for Hurricanes Harvey, Laura, and Zeta, and the estimated 

restoration time ranged from 71.25 h - 223.25 h. The model-estimated restoration time appears to be 

dependent on the event type and its impact on transmission vs. distribution system components, as was the 



 

 

 

case during Hurricane Laura. The uncertainties associated with the model are higher in the case of 

hurricanes with noisy outage data with a lot of spikes due to variation in outage at different time stamps. 

Figure 7: Restoration constant distribution by county and utility service area shows the distribution of 

β values for all storms aggregated by county or utility service area. 

 

 

Figure 6: Hurricane power outage restoration timelines 

 

Figure 7: Restoration constant distribution by county and utility service area 



 

 

 

4.2 MULTIPLE LINEAR REGRESSION MODEL 

Table 4 displays the MLR coefficients and standard errors. To ensure the model’s validity, potential 

variables were removed if they showed collinearity with other parameters and contributed little to overall 

model accuracy. In other words, single variable regression analyses were performed on each pair of input 

variables to ensure no two variables explained the same variation in the power outage data. Many variables 

(e.g., number of customers per substation) were analyzed and eliminated due to collinearities with the 

population density. This is not surprising because infrastructure in general tends to be correlated to areas 

with higher populations. Evidently, all estimates of coefficients were significant, but the overall best fit of 

the model across all storms (R2) was approximately 0.4413, which is quite low. According to the model, 

more dense regions have better initial recovery times, while regions hit with higher wind speeds and 

featuring larger percentages of tree canopy and impermeable surfaces experience longer initial recovery 

times. The low R2 values indicate that there are still large areas of unexplained interactions. 

Table 4: MLR coefficients and standard errors 

Parameter Coefficient Std. Error 

(Intercept) 1.51E-01 1.05E-02 

loghours -2.29E-02 2.33E-03 

log(density) -6.73E-02 1.98E-03 

windswath 1.11E-02 5.93E-03 

canopy_percent 5.96E-03 8.41E-05 

impervious_percent 2.29E-02 5.29E-04 

loghours:log(density) 8.73E-03 4.36E-04 

loghours:windswath -1.85E-03 1.27E-03 

loghours:canopy_percent -1.04E-03 1.87E-05 

loghours:impervious_percent -3.68E-03 1.16E-04 

   

R2 0.4413  

Residual Standard Error 0.1802  

 

Figure 8 shows the distribution of actual vs. predicted estimated time of restoration for the five hurricane 

events. While data from all timesteps are incorporated, the primary intended use of the model is to predict 

the estimated time to restoration using the ETR V1 methodology. Overall, the model overestimates the 

actual time to restoration. The notable exception is Hurricane Harvey, where there are both overpredictions 

and underpredictions. This likely is due to the model’s focus on wind speed effects rather than precipitation, 

as flooding was the primary cause of damage in Hurricane Harvey. The two major limitations of the MLR 

model in the current version are: (1) the distribution of errors across storm events implies the model does 

not capture the nature of each event, and (2) the presence of unrealistic predictions, such as an outage count 

below 0 or greater than the total number of customers. Errors from these predictions can skew the model 

during different time periods and are likely a factor in the tendency to overpredict ETR. As the purpose of 

this pilot implementation was to develop the MLR model, future improvements will focus on tuning the 

model to have more accurate predictions in the time of interest by adding weight factors to the model based 

on the time period as well as event conditions to reduce error.  

 



 

 

 

 
Figure 8: Comparison of actual vs. estimated restoration time (ETR V1) for five hurricanes 

4.3 AGENT BASED SIMULATION MODEL  

The current ABM estimates restoration time for each county in Florida and assumes that outages are 

occurring at the substation level such that the restoration will progress once all impacted substations are 

repaired. For visualization purposes, orange dots represent functional substations, red dots represent 

substations with outages, blue dots represent outage repair crew teams, green dots represent the presence 

of repair crews to repair the outages. Figure 9a displays the attributes of substations (e.g., id, location in 

coordinates, number of households being served, location county, etc.), and Figure 9b lists the attributes of 

the outage repair crew team (e.g., travel or idle status, travel speed), which could be altered by users to 

generate a range of ETR.  

Figure 10 illustrates the initialization of the simulation with the repair crews gathered at the initial staging 

area. At each timestep, the location of the outage repair crew is interpolated based on its routing to the 

destination. The simulation stops when all outages are repaired. The following assumptions were made in 

this current version, and each simulation was run five times.  

i. From the total of 3,000 substations in Florida, the substation numbers with outages were 

randomized at four levels [100, 500, 1,000, 1,500]. 

ii. The repair time of substation is randomized uniformly between 1 and 2 hours. 

iii. The household attached to each substation is a random number ranging from 1,000 to 10,000. 

iv. Each utility company/county is assumed to have the same number of outage repair crew teams, and 

this number is randomized at four levels [5, 15, 25, 35]. 

v. Each simulation timestep is set to 1 h. Note that this timestep setting (1 min, 1 hour, or 2 hour) does 

not impact the results, and the small timestep provides more details with more computational effort. 

vi. When road damage is considered, the number of damaged road segments is set to 500, which are 

randomly selected, and the repair time of damaged road segment is randomized uniformly between 

1 and 24 hours.  
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(b) 

Figure 9:Substation attributes (a) and repair crew attributes (b) 

 
Figure 10:Visualization of the ABM tool and simulated ETR for Florida. The top figure depicts the 

geospatial distribution of substations to be restored during a hypothetical tropical storm event. The middle 

figure plots the substations being restored (X-axis - time to restore, and Y-axis - number of substations 

being restored). The bottom figure plots the time to restore all impacted customers (residential households) 

(X-axis – time to restore, and Y-axis - number of households being restored).  



 

 

 

5. CONCLUSION AND FUTURE DIRECTION 

Evidently, the current version of the decay function was able to capture the following two parameters - 

estimated restoration time and rate of restoration that are essential for resource planning at both county and 

utility service area level. The MLR model was able to identify the variables contributing to the restoration 

time. However, the performance of both the decay function and MLR are influenced by the event type, 

outage extent, impacted area, population density and base customer level. For instance, while the decay 

function performed well in terms of computing ETR and β (with high accuracy >90% based on R2) in case 

of wide-area large scale outages, the model performed poorly in the case of events with fluctuating outages 

due to continuous disruptions to the system over a period (e.g., the conditions during Hurricane Laura). A 

similar trend was observed in the MLR model, and the model did not identify counties and utility service 

areas where restoration would take longer depending upon the underlying impacts, base customer, county 

type and extent of damage. The operational ABM can simulate agent activities and restoration progress 

using hypothetical event and county level outages.  

In their current versions, the three models developed can capture the variables, their relationships, and the 

processes that need to be undertaken to estimate restoration time and rate of restoration. Because the current 

scope of the models was to forecast restoration time in case tropical storm events, future work will focus 

on (1) incorporating Category I and II tropical storm events with fluctuating outages; (2) fine-tuning the 

decay function and MLR models to compute a range of ETR and β values for different category storm 

events based on population density, outage extent, damage, and land use/cover distribution (specifically, 

vegetation); (3) operationalizing ABM using real events, (4) validating and calibrating the probabilistic 

models and ABM, and (5) expanding the models to winter storm events. We will build on the relationships 

with utilities (EPB Chattanooga and Knoxville Utility Board) and NRECA (National Rural Electric 

Cooperation Association) to obtain access to restoration datasets for verification, validation, and calibration 

of the models, and the restoration plan for verification of the ABM model components. We will develop an 

initial integration plan to integrate the model outputs into the EAGLE-I platform to provide situational 

awareness information about restoration to DOE policy makers and first responders.  
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