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ABSTRACT

The growing frequency of power outages has prompted increased interest in developing a more resilient power
grid that can quickly recover from weather-related damage. At the distribution level, power restoration is a
complex, multi-stage process involving multiple response entities. Providing utility stakeholders, government
regulators, and the public with information about outage duration and estimated time to restoration is crucial.
The research employs a multi-agent simulation approach, which allows for the simulation of decision-
making behaviors among different entities and the incorporation of various uncertainties. Specifically, the
study uses the open-source simulation package Mesa-Geo in conjunction with the Python language and
constructs a road network using the open-source network extension pgRouting for routing queries. The
research design includes several experiments focused on Florida as a case study, comparing repair crew
sizes, power outage numbers, and road damage scenarios. The findings could offer valuable managerial
guidance on resource allocation in the restoration process.

1 INTRODUCTION

The frequency and intensity of power outages are on the rise due to extreme weather events (hurricanes,
wildfires, ice storms, flooding, heat waves, etc.) caused by climate change, with the majority of major
outages in the U.S. being weather related. Specifically, about 83% of major outages in the U.S. between
2000 and 2021 were attributed to weather-related events (Executive Office of the President 2013). According
to one source, the economic cost of these outages is estimated to be between $18 billion and $33 billion
annually (Executive Office of the President 2013). According to other sources, the economic cost is
between $25 billion and $70 billion annually (Campbell 2012; Taylor et al. 2022). The most recent major
weather-related power outages include: Winter Storm Uri (Feb 2021) in Texas, which caused power outage
to about 4.5 million households at the peak (Busby et al. 2021); Hurricane Irma in Sep 2017 (one of
the strongest and costliest hurricanes on record in the Atlantic basin) left 36% of all customers in Florida
without electricity at its peak (Mitsova et al. 2018); Hurricane Michael in Oct 2018 affected nearly 400,000
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electricity customers primarily in Florida Panhandle, and it took around 23 days to restore power (Kar
et al. 2022). To reduce life losses and economic cost as much as possible, power restoration is time critical
and yet complex which greatly depends on available resources, road accessibility, restoration strategies,
infrastructural vulnerability, etc. Since roughly 90% of the power outages occur at the distribution systems
(Executive Office of the President 2013), this study focuses on the power restoration time estimation at the
distribution system.

Current research on power outage duration and restoration time estimation can be classified into three
main categories: statistical learning and empirical fitting, optimization-based approaches, and simulation-
based approaches. Statistical learning models, such as random forest (Nateghi et al. 2014) and accelerated
failure time models (Liu et al. 2007), can predict power outage duration and estimate restoration times.
Optimization-based approaches can minimize customer interruption duration (Xu et al. 2007) and minimize
cost by determining optimal combinations of internal (Safaei et al. 2012) and external power restoration
workforce (Lei et al. 2019). Simulation-based approaches, such as discrete event simulation (Cagnan
and Davidson 2007) and agent-based simulation (Walsh et al. 2018), can represent real-life restoration
processes, provide quantitative restoration curves with uncertainty bounds, and test possible case scenarios
for decision support.

Each approach has its own advantages and disadvantages. Statistical learning models and simulation-
based approaches require large amounts of data, while optimization-based approaches are limited by model
and computational complexity. Agent-based simulation can replicate past restoration processes and easily
test possible case scenarios in the future with more available data.

2 SIMULATION FRAMEWORK FOR POWER RESTORATION

This section describes a framework for simulating the restoration behavior of utilities using multi-agent
simulation. The aim of this simulation is to estimate the required restoration time. Agent-based modeling
tools such as NetLogo, Repast, and MASON are widely used, but they require customized coding languages
and environments. To address this, the Mesa simulation package, which is an open-source Python package
(Masad and Kazil 2015; Kazil et al. 2020), is used. Mesa allows users to create agent-based models using
built-in core components or customized implementations, visualize them using a browser-based interface,
and analyze their results using Python’s data analysis tools. Additionally, Mesa-Geo is a geographical
information science extension of the Mesa simulation framework that can handle spatial data and work
with geographical explicit agents (Wang et al. 2022; Andrew Crooks 2023).

The simulation process involves several agents. The decision-making flowchart among these agents
is presented in Figure 1. The damage assessment agent collects information on damage status from
social media or field inspections and reports it to the utility company. The utility company then locates
the malfunctioning components and allocates repair tasks based on priority ranking preferences, such as
affected customer numbers or critical service facilities. The repair crew team navigates to the fault location
for repair activities. The city transportation agent is responsible for clearing damaged road segments and
reporting the information to the utility company.

During the repair process, the outage repair crew team checks the fault conditions and may require
extra equipment from resource agents. Each utility company is responsible for faults in their own service
area, but mutual assistantship among utility companies may be considered. Once an outage is repaired, the
repair crew team reports to the utility dispatch center and moves on to the next allocated location.
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Figure 1: Decision flowchart in multi-agent simulation based framework in power restoration.

3 PRELIMINARY CASE STUDY IN FLORIDA

The state of Florida is selected as the case study location due to its susceptibility to various types of extreme
weather. OpenStreetMap is used to obtain road network data for Florida, with only primary and secondary
roads selected. The substation location dataset of Florida is obtained from the Homeland Infrastructure
Foundation-Level Data (HIFLD) open data source. Routing APIs like Google Map API can be considered
for the routing of utility repair crews, but these APIs are generally not open source and may be limited by
the number of requests per minute. To overcome this limitation and handle high-frequency routing requests
in large-scale simulations, pgRouting is used. pgRouting is an open-source network analysis extension
built on PostgreSQL and PostGIS, enabling better customization and the creation of road segments based
on road damage conditions. The developed simulation visualization is shown in Figure 2, which displays
the moving track of the repair crew and the status of outages. The right-side panel shows the dynamic
change in the number of remaining substation outages and households without power.

Figure 2: Simulation visualization of Mesa-Geo package in Python.
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Due to the data and computational resource limitation, the following assumptions are made in this
preliminary studies:

*  Only substation outages are considered. Red dots in Figure 2 map are the substations with outages.
Orange dots are substations that are functional. The attributes of each substation, such as id, location
coordinates, attached households, etc, could be displayed by clicking the dot. Substation outage
number is assumed at one of the four levels [100, 500, 1000, 1500]. Repair time of substation is
randomized in the range of 1 hour and 2 hours. Household attached to each substation is randomly
generated in the range of 1000-10000.

* Each county is assumed as one utility service area with the boundary. Blue dots of each county in
Figure 2 map are the staging area which are randomly chosen from the list of large supermarkets
or schools with large parking area. Each county is assumed to have same number of repair crew
at four levels [5, 15, 25, 35].

*  When road damage is considered, the damaged road segments are randomly pick from Florida road
network and the damaged number is fixed to be 500 for this work. Repair time of damaged road
segment is also randomized in the range of 1 hour and 24 hours.

* Simulation timestep is set to be 1 hour in this work. Note that different timestep settings (e.g., 1
min, 1 hour or 2 hour) require different computational effort and provide different detail levels in
simulation visualization, but it won’t have impact on final results.

* The shifting schedule, lodging, resting and meal time are not considered for crew agent in the
simulation.

A variety of experiments were conducted based on the established settings. The simulation steps
without considering road damage are displayed in Figure 3, depicting the curve of customer households
experiencing outages. Each sub-figure of Figure 3 has four curve clusters from lower to higher that
correspond to different substation outage numbers [100, 500, 1000, 1500], same for the Figure 4. Each
curve cluster consists of 5 curves corresponding to the 5 experiments that were run for each substation
outage level. The y-axis denotes the initial households number experiencing outages, which depends on
the substation outage number level ranging from 100 to 1500. The x-axis represents the steps used to
complete the simulation.

In the first sub-figure of Figure 3, when the number of repair crew teams for each county is 5 and the
total substation outage number is 1500, the restoration is projected to be completed in 57 hours. Increasing
the repair crew team number to 15 reduced the estimated restoration time to less than 19 hours with a
maximum substation outage number of 1500. The restoration time with 1500 outages decreased to about
13 hours when the crew team was increased to 25, and remained constant at this level even as the crew
team number for each county was further increased to 35.

In the event of road damage, as indicated in the contract with the simulation settings for 500 damaged
road segments, the curves showing the number of households with outages are presented in Figure 4 for
various crew team numbers. The results show a significant increase in simulation steps for crew teams of
15, 25, and 35 when road damage is considered, in contrast to the findings in Figure 3. However, for a crew
team of 5, the simulation steps did not increase but rather decreased slightly, especially for a substation
outage level of 1500. Figure 5 illustrates the detailed range of steps, with each box indicating five runs.
The simulation steps and their variance increased for outage levels 100 and 500, but decreased for levels
1000 and 1500. This outcome is mainly because the repair time for road damage is randomized within a
range of 1 to 24 hours, and crew teams of 5 are relatively insufficient for outage levels of 1000 and 1500,
with the majority of road damages being repaired before the crew team has completed the restoration of
the remaining substation outages. Thus, road damage has less impact on the simulation steps for outage
levels 1000 and 1500 in the case of a crew team of 5. The simulation steps’ variance increases when the
outage level is relatively low at 100 and 500 since road damage constrains the routing when the outage
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number is low, and the crew must choose an alternative route or wait for damages to be repaired before
reaching specific substations.

For crew teams of 35, as shown in Figure 6, the simulation steps’ variance increases significantly when
road damage is considered. This is due to the crew team’s restoration time being less than 24 hours for all
outage levels, making road damage a major constraint in this situation. A similar situation can be observed
in Figure 5, where the step variance increases for outage levels of 100 and 500 because the restoration time
for these two outage levels is generally less than 24 hours. But with outage levels of 1000 and 1500, the
overall restoration time with 5 repair crew team will be great than 24 hours, thus road damage doesn’t play
a significant role here. The constraints from road damages result in a longer near-flat tail in the sub-figures
for crew teams of 15, 25, and 35 in Figure 4.
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Figure 3: Household number with outages following the steps (without considering road damages).
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Figure 4: Household number with outages following the steps (considering road damages).
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Figure 5: Simulation steps range plot with/without road damage (crew team = 5).
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Figure 6: Simulation steps range plot with/without road damage (crew team = 35).

As previously noted, each utility company is considered as a distinct entity. The average time taken for
each utility company/county to complete restoration can be computed, as illustrated in the two scenarios
depicted in Figure 7. Counties such as Hillsborough, Miami-Dade, and Polk generally require a longer
time to restore services due to the higher concentration of substations in the region or because the road
network becomes inaccessible once a road segment is damaged. Based on the results at the county level,
a restoration time map can be generated, as shown in Figure 8.

2855



Chen, Omitaomu, Roberts, and Kar

average restoration completion time (h)
(substation outage = 1500)

utility Alachua
utility Baker
utility Bay

utility Bradford
utility Brevard
utility Broward
utility Calhoun
utility Charlotte
utility Citrus
utility Clay
utility Collier
utility Columbia
utility DeSoto
utility Dixie
utility Duval
utility Escambia
utility Flagler
utility Franklin
utility Gads den
utility Gilchrist
utility Glades
utility Gulf
utility Hamilton
utility Hardee
utility Hendry
utility Hernando
utility Highlands
utility Hill sborough
utility Holmes
utility Indian River
utility Jackson
utility Jefferson
utility Lafayette
utility Lake
utility Lee

utility Leon
utility Levy
utility Liberty
utility Madison
utility Manatee
utility Marion
utility Martin
utility Miami-Dade
utility Monroe
utility Nassau
utility Okaloosa
utility Okeechobee
utility Orange
utility Osceola
utility Palm Beach
utility Pasco
utility Pinellas
utility Polk
utility Putnam
utility Santa Rosa
utility Sarasota
utility Seminole
utility St. Johns
utility St. Lucie
utility Sumter
utility Suwannee
utility Taylor
utility Union
utility Volusia
utility Wakulla
utility Walton
utility Washington

m average restoration completion time without road damage (crew

team =5)

m average restoration completion time with road damage (crew team

=5)

0 5 10 15 20 25 30 35 40 45 50 55

average restoration completion time (h)
(substation outage = 1500)

o

utility Alachua
utility Baker
utility Bay

utility Bradford
utility Brevard
utility Broward
utility Calhoun
utility Charlotte
utility Citrus
utility Clay
utility Collier
utility Columbia
utility DeSoto
utility Dixie
utility Duval
utility Escambia
utility Flagler
utility Franklin
utility Gads den
utility Gilchrist
utility Glades
utility Gulf
utility Hamilton
utility Hardee
utility Hendry
utility Hernando
utility Highlands
utility Hillsborough
utility Holmes
utility Indian River
utility Jackson
utility Jefferson
utility Lafayette
utility Lake
utility Lee

utility Leon
utility Levy
utility Liberty
utility Madison
utility Manatee
utility Marion
utility Martin
utility Miami-Dade
utility Monroe
utility Nassau
utility Okaloosa
utility Okeechobee
utility Orange
utility Osceola
utility Palm Beach
utility Pasco
utility Pinellas
utility Polk
utility Putnam
utility Santa Rosa
utility Sarasota
utility Seminole
utility St. Johns
utility St. Lucie
utility Sumter
utility Suwannee
utility Taylor
utility Union
utility Volusia
utility Wakulla
utility Walton
utility Washington

m average restoration completion time without road damage

(crew team = 35)

""'"""f'"l'}'['"I"’"F'"l""'\"“""“"I"“""II'"'

N
S
o)}

8 10 12 14

16

m average restoration completion time with road damage

(crew team = 35)

Figure 7: Average restoration completion time of each utility company/county.
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Figure 8: Simulated recovery time map: substation outage number = 1500, crews per county = 35, road
damage = 500 segments.

4 CONCLUSION

This study presents a preliminary framework using a multi-agent simulation approach to estimate the
time needed to restore weather-induced power outages. The simulation is based on the open-source agent
simulation package Mesa-Geo in Python. The substation and road network data of Florida are used as case
studies, with a focus on important variables such as repair crew number, substation outage number, and road
damage. Although the simulation makes certain assumptions and is relatively simple, it provides valuable
insights into restoration trends that can be used by utility companies to deploy resources and workforces
more effectively, inform customers about the estimated restoration time, and so on. The simulation can
be further developed to become more practical in several ways, such as by defining more precise utility
service areas, improving road damage assessment based on the hurricane path, and taking into account the
shift schedules of repair crews.

ACKNOWLEDGEMENTS

This work is sponsored by the Office of Cybersecurity, Energy Security, and Emergency Response. This
manuscript has been authored by UT-Battelle, LLC, under contract DE-AC05-000R22725 with the US
Department of Energy (DOE). The US government retains and the publisher, by accepting the article for
publication, acknowledges that the US government retains a nonexclusive, paid-up, irrevocable, worldwide
license to publish or reproduce the published form of this manuscript, or allow others to do so, for US
government purposes. DOE will provide public access to these results of federally sponsored research
in accordance with the DOE Public Access Plan (http://energy.gov/downloads/doe-public-access-plan).
Yang Chen, Nicholas Roberts, and Bandana Kar contributed to this project while they were employees of
UT-Battelle, LLC.

REFERENCES

Andrew Crooks 2023. “Exploring Geographical Information Science and Agent-Based Modeling”. https://www.gisagents.org/
p/about-gis-and-agent-based-modeling.html, Accessed Oct 2023.

2857


https://www.gisagents.org/p/about-gis-and-agent-based-modeling.html
https://www.gisagents.org/p/about-gis-and-agent-based-modeling.html

Chen, Omitaomu, Roberts, and Kar

Busby, J. W., K. Baker, M. D. Bazilian, A. Q. Gilbert, E. Grubert, V. Rai, J. D. Rhodes, S. Shidore, C. A. Smith, and
M. E. Webber. 2021. “Cascading Risks: Understanding the 2021 Winter Blackout in Texas”. Energy Research & Social
Science 77:102106.

Cagnan, Z., and R. A. Davidson. 2007. “Discrete Event Simulation of the Post-Earthquake Restoration Process for Electric
Power Systems”. International Journal of Risk Assessment and Management 7(8):1138.

Campbell, R. J. 2012. “Weather-Related Power Outages and Electric System Resiliency”. Technical report. https://sgp.fas.org/
crs/misc/R42696.pdf, Accessed Oct 2023.

Executive Office of the President 2013. “Economic Benefits of Increasing Electric Grid Resilience to Weather Outages”. Technical
report. https://www.energy.gov/articles/economic-benefits-increasing-electric- grid-resilience- weather-outages, Accessed Oct
2023.

Kar, B., J. Brewer, F. Omitaomu, B. Turner, S. Levinson, Y. Chen, N. Roberts, M. Prica, and A. Iyengar. 2022. “RePOWERD:
Restoration of Power Outage from Wide-Area SevereWeather Disruptions”. Technical Report ORNL/TM-2022/2621, Oak
Ridge National Lab. (ORNL), Oak Ridge, TN (United States).

Kazil, J., D. Masad, and A. Crooks. 2020. “Utilizing Python for Agent-Based Modeling: The Mesa Framework”. In Social,
Cultural, and Behavioral Modeling, edited by R. Thomson, H. Bisgin, C. Dancy, A. Hyder, and M. Hussain, Volume
12268, 308-317. Cham: Springer International Publishing.

Lei, S., C. Chen, Y. Li, and Y. Hou. 2019. “Resilient Disaster Recovery Logistics of Distribution Systems: Co-Optimize Service
Restoration With Repair Crew and Mobile Power Source Dispatch”. IEEE Transactions on Smart Grid 10(6):6187-6202.

Liu, H., R. A. Davidson, and T. V. Apanasovich. 2007. “Statistical Forecasting of Electric Power Restoration Times in Hurricanes
and Ice Storms”. IEEE Transactions on Power Systems 22(4):2270-2279.

Masad, D., and J. Kazil. 2015. “Mesa: An Agent-Based Modeling Framework”. In Python in Science Conference, 51-58.
Austin, Texas: SciPy.org.

Mitsova, D., A.-M. Esnard, A. Sapat, and B. S. Lai. 2018. “Socioeconomic Vulnerability and Electric Power Restoration
Timelines in Florida: The Case of Hurricane Irma”. Natural Hazards 94(2):689-709.

Nateghi, R., S. D. Guikema, and S. M. Quiring. 2014. “Forecasting Hurricane-Induced Power Outage Durations”. Natural
Hazards 74(3):1795-1811.

Safaei, N., D. Banjevic, and A. K. S. Jardine. 2012. “Workforce Planning for Power Restoration: An Integrated Simulation-
Optimization Approach”. IEEE Transactions on Power Systems 27(1):442-449.

Taylor, W. O., P. L. Watson, D. Cerrai, and E. N. Anagnostou. 2022. “Dynamic Modeling of the Effects of Vegetation
Management on Weather-Related Power Outages”. Electric Power Systems Research 207:107840.

Walsh, T., T. Layton, D. Wanik, and J. Mellor. 2018. “Agent Based Model to Estimate Time to Restoration of Storm-Induced
Power Outages”. Infrastructures 3(3):33.

Wang, B., V. Hess, and A. Crooks. 2022. “Mesa-Geo: A GIS Extension for the Mesa Agent-Based Modeling Framework in
Python”. In Proceedings of the 5th ACM SIGSPATIAL International Workshop on GeoSpatial Simulation, 1-10. Seattle
Washington: ACM.

Xu, N., S. D. Guikema, R. A. Davidson, L. K. Nozick, Z. Cagnan, and K. Vaziri. 2007. “Optimizing Scheduling of Post-Earthquake
Electric Power Restoration Tasks”. Earthquake Engineering & Structural Dynamics 36(2):265-284.

AUTHOR BIOGRAPHIES

YANG CHEN is an Assistant Professor in the Department of Industrial and Systems Engineering at North Carolina Agri-
cultural and Technical State University. His primary research interest is in the operations and fair profit distribution
design for local energy transaction market, networked microgrids operation for grid resilience enhancement and post-
event power restoration, learning-based decision making, etc. His email address is ychenl@ncat.edu and his homepage
is https://sites.google.com/view/yangchen-solv-lab/home.

OLUFEMI A. OMITAOMU is a Senior R&D Staff and Group Leader in Computational Urban Sciences group at Oak Ridge
National Laboratory. His research expertise includes disaster risk analysis and urban systems resilience, energy infrastructure
siting and analysis, artificial intelligence in critical infrastructure systems, and anomaly detection in complex system. He
received his Ph.D. in Industrial Engineering from the University of Tennessee, Knoxville. He is a senior member of IEEE and
IISE; member of ACM and AAAI. His email address is omitaomuoa@ornl.gov.

NICHOLAS ROBERTS is a System Software Engineer in Resilience Solutions at Dewberry. His primary research focus is in

infrastructure resilience and geospatial data engineering. He received his Bachelors of Science in Environmental Science from
North Carolina State University. His email address is nick.roberts278 @ gmail.com.

2858


https://sgp.fas.org/crs/misc/R42696.pdf
https://sgp.fas.org/crs/misc/R42696.pdf
https://www.energy.gov/articles/economic-benefits-increasing-electric-grid-resilience-weather-outages
mailto://ychen1@ncat.edu
https://sites.google.com/view/yangchen-solv-lab/home
mailto://omitaomuoa@ornl.gov
mailto://nick.roberts278@gmail.com

Chen, Omitaomu, Roberts, and Kar

BANDANA KAR is a Technology Policy Fellow in the Building Technologies office of the U.S. Department of Energy. Her
research focuses on energy and urban resilience, risk analysis and communication, social vulnerability assessment, mobility
and accessibility modeling, and energy and climate security and justice. Her expertise are in geoinformatics and spatial data
science, remote sensing, image and data fusion, geosimulation and geovisualization. She has been funded by NSF, DHS,
NASA and DOE, and is a member of AAAS, AGU, AAG, ACM, ASPRS, and the President Elect of the American Society
for Photogrammetry and Remote Sensing. Her email address is bandana.kar@ee.doe.gov.

2859


mailto://bandana.kar@ee.doe.gov

	INTRODUCTION
	Simulation framework for power restoration
	Preliminary Case study in Florida
	Conclusion

