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Abstract of Praxis 

Modeling Electrical Grid Resilience under Hurricane Wind Conditions with Increased 

Solar Photovoltaic and Wind Turbine Power Generation 

The resource mix for the U.S. electrical power grid is undergoing rapid change with increased 

levels of solar photovoltaic (PV) and wind turbine electricity generating capacity. There are 

potential negative impacts to grid resilience resulting from hurricane damage to wind and solar 

power stations connected to the power transmission grid. Renewable power sources are exposed 

to the environment more so than traditional thermal power sources. To our knowledge, damage to 

power generating stations is not included in studies on hurricane damage to the electrical power 

grid in the literature. The lack of a hurricane wind damage prediction model for power stations 

will cause underestimation of predicted hurricane wind damage to the electrical grid with high 

percentages of total power generation capacity provided by solar photovoltaic and wind turbine 

power stations. 

Modeling hurricane wind damage to the transmission grid and power stations can predict 

damage to electrical grid components including power stations, the resultant loss in power 

generation capacity, and restoration costs for the grid. This Praxis developed models for hurricane 

exposure, fragility curve-based damage to electrical transmission grid components and power 

generating stations, and restoration cost to predict resiliency factors including power generation 

capacity lost and the restoration cost for electrical transmission grid and power generation system 

damages. Synthetic grid data were used to model the Energy Reliability Council of Texas 

(ERCOT) electrical grid. A case study was developed based on Hurricane Harvey. This work is 

extended to evaluate the changes to resiliency as the percentage of renewable sources is increased 

from 2017 levels to levels corresponding to the National Renewable Energy Lab (NREL) Futures 

Study 2050 Texas scenarios for 50% and 80% renewable energy. 
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Introduction 

1.1 Background 

The 2017 hurricane season included 3 Category 4 hurricanes making landfall in the U.S. 

accounting for 3 of the top 5 costliest U.S. hurricanes since 1900 (NOAH, 2018): Hurricanes 

Harvey, Maria, and Irma. Not only are hurricanes becoming stronger and more frequent, they are 

also moving about 20% slower in the North Atlantic compared to 70 years ago (Kossin, 2018). 

Atmospheric warming is leading to decreased tropical circulation and increased water vapor 

capacity, resulting in longer exposure to winds and heavier rainfall and increased damage from 

floods and surge. 

Critical infrastructure, industry, businesses, residential, and emergency services depend on a 

reliable electrical grid to function. Hurricanes can result in power outages lasting days or weeks. 

For example, Hurricane Harvey resulted in power outages in Texas lasting 14 days (AEP Texas, 

2017). The electrical power grid is made up of power generation, the transmission system, and the 

distribution system. Hamilton et al. (2016) suggest using microgrids and possible microturbine 

and solar photovoltaic power sources to support critical installations relating to national security 

and homeland defense in the event of a transmission grid outage. While there is potential for 

enhanced electrical grid resilience to hurricanes using distributed energy sources including 

local/micro-grid sources with advances in solar and wind energy, there are also potential negative 

impacts to grid resilience resulting from hurricane damage to wind and solar power stations 

connected to the power transmission grid. Renewable power sources are exposed to the 

environment more so than traditional thermal power sources, possibly leading to changes in grid 

resilience. Power stations are not included in models of hurricane damage to the electrical grid 

because they usually have high structural protection (Winkler et al., 2010). 

Resilience here refers to the capacity of the electrical grid to resist damage, continue to 

operate while damaged, and to recover quickly from outages (Ouyang, 2014). The operational 
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definition of resilience within the scope of this Praxis is limited to the capacity to resist hurricane 

wind damage and the cost of restoration for the electrical grid transmission and power generating 

systems. The restoration cost and the types and amounts of transmission system damages and 

power generating capacity lost are factors for recovery time. It is important to include power 

plants in hurricane damage predictions because power plant repairs can take months compared to 

days or weeks for transmission and distribution system repairs, possibly impacting power 

restoration if large numbers of power plants sustain damage. The ability of the transmission grid 

and power generating systems to operate while damaged was not addressed in this Praxis. 

Models were developed to evaluate damage to the electric grid based on fragility curves for 

each of the grid components, and to evaluate the resiliency factors including lost generating 

capacity and the cost of recovery. Data from Hurricanes Rita, Ike and Harvey were used for 

comparison with the models. The percentages of power generation provided by solar PV and 

wind turbine generators were explored at current levels and increased to the levels specified in the 

50% and 80% renewable scenarios for Texas in the National Renewable Energy Lab (NREL) 

Renewable Electricity Futures Study (Hand et al., 2012). 

1.2 Problem Statement 

Power generating plants are considered structurally reliable and are not included in studies of 

hurricane damage to the electrical grid (Winkler et al., 2010; Mensah et al., 2016). Solar PV 

arrays and wind turbine farms are more exposed to the environment and cover larger areas than 

traditional thermal power generating stations and are at greater risk to hurricane damage from 

wind and flooding. While solar PV arrays and wind turbines can be designed to withstand 

hurricane winds, a direct hit from a Category 4 or 5 hurricane will still cause damage (Rose, 

2013). Worsnop (2018) reports on the recent damage to wind turbines by Category 4 Hurricane 

Maria in Puerto Rico. At least 8 of the 13 wind turbines at the Punta de Lima wind power 

generating station were severely damaged. AES Corporation suffered damages at 3 of its power 

generating stations in Puerto Rico and the US Virgin Islands from Hurricanes Irma and Maria 
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(Tisheva, 2017). The 24-MW Illumina solar plant in Puerto Rico suffered modest damage and its 

5-MW USVI Solar I plant suffered major damage. There was also minor damage to a 524-MW 

AES coal-fired plant in Puerto Rico. 

Combined solar photovoltaic (PV) and wind turbine annual electricity generation in the U.S. 

increased by a factor of 11 from 2006-2016 and accounted for 65% of the electricity generating 

capacity additions in 2016 (Beiter, 2017). With the increasing percentages of electricity 

generating capacity provided by solar PV and wind turbine plants, it is becoming more necessary 

to include them in models of hurricane damage to the electrical grid.  

To our knowledge, there are no existing models of hurricane wind damage to the electrical 

grid for power generating plants. With the increasing levels of solar PV and wind turbine plants, 

hurricane damage models will under-predict damage to the electrical grid. This praxis presents 

the results of a model that includes hurricane wind damage to the transmission and power 

generation systems. 

1.3 Thesis Statement 

Modeling hurricane wind damage to the transmission system and power generation stations 

can predict damage to electrical grid components including power generation stations, the 

resultant loss in power generation capacity, and restoration costs for the grid. 

1.4 Research Objectives 

The objectives for this research are: 

1. Predict lost generation capacity for hurricane wind damage to the power generation 

system with increased percentages of overall capacity provided by solar PV and 

wind turbine power generation stations. 

2. Predict restoration costs for hurricane wind damage to the transmission grid and 

power generation stations with increased percentages of overall power generation 

capacity provided by solar PV and wind turbine power generation stations. 

3. Explore the use of fragility curves for predicting damage to power generation 
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stations. 

4. Demonstrate the methodology for Hurricane Harvey damage to the Electric 

Reliability Council of Texas (ERCOT) transmission and power generation systems. 

1.5 Research Hypotheses 

This research addresses the following questions: 

• Would larger percentages of solar PV and wind turbine power generation plants 

result in greater losses of energy generation capacity from hurricane wind damage? 

• Would larger percentages of solar PV and wind turbine power generation plants 

result in greater restoration costs for hurricane wind damage? 

These questions lead to the research hypotheses: 

H1: The mean energy generation capacity loss resulting from hurricane wind damage will 

be greater for NREL 2050 scenarios of 50% and 80% of power generation from 

renewable sources than for 2017 levels of renewables. 

H2: The mean restoration costs for hurricane wind damage to the transmission grid and 

power generating stations will be greater for NREL 2050 scenarios of 50% and 80% 

of power generation from renewable sources than for 2017 levels of renewables. 

1.6 Research Limitations 

The methodology presented in this praxis can be used for any location subject to hurricanes. 

The Energy Reliability Council of Texas (ERCOT) was selected for the case study. Wind fragility 

curves were identified from the literature for substations; transmission towers and lines; and coal, 

gas, nuclear, solar PV and wind turbine plants. The model was run for Hurricanes Rita, Ike and 

Harvey. Three scenarios for levels of energy generation capacity were selected for the ERCOT 

system for the study: 2017 levels and the 2050 scenarios for 50% and 80% penetration of 

renewable energy generation capacity from the NREL futures study (Hand et al., 2012). 

The study does not include the distribution system or damage from debris, floods, or surge. 

No power flow model was included to predict the energy not supplied. 
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1.7 Organization of Praxis 

This chapter provided an introduction to the praxis, including the background, problem 

statement, thesis statement, research hypotheses, and the research scope. The next chapter 

reviews the literature on the topics of threats to the electrical power grid, electrical power grid 

models, hurricane damage models for the electrical power grid, fragility curves, power restoration 

time and cost, and gaps in the literature. Chapter 3 summarizes the methods used to construct the 

model, data sources, and the quantitative methods used to test the hypotheses. Chapter 4 presents 

the results and findings of the research. And finally, Chapter 5 provides a discussion of the 

results, conclusions for the study, contributions, and future research directions. 
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 Literature Review 

 

2.1 Introduction  

The electrical power grid is made up of power generating plants, the transmission system and 

the distribution system. This Praxis addresses damage to the power generating plants and the 

transmission system from hurricane winds. This literature review covers the areas addressed by 

the Praxis. Section 2.2 identifies the threats to the electrical power grid and summarizes hurricane 

damage hazards. Section 2.3 reviews the literature on modeling the grid. Section 2.4 reviews 

modeling hurricane damage to the electrical grid. Fragility curve modeling methods are 

summarized in Section 2.5. Section 2.6 reviews costing methods for grid elements. And Section 

2.7 provides a summary of the gaps in the literature and identifies those addressed in this Praxis. 

2.2 Threats to the Electrical Power Grid 

2.2.1 Summary of Threats to the Electrical Power Grid 

The North American Energy Reliability Corporation (NERC) provides annual data on 

reliability indicators for the bulk power system (NERC, 2018). The key findings from the report 

represent the main threats to the electrical power grid and are summarized here. The first key 

finding in the report was that although Hurricanes Harvey and Irma caused record setting 

damage, the restoration times had decreased relative to historical levels. With massive damage to 

grid elements and extensive flooding from Hurricane Harvey, the use of drones, amphibious 

vehicles, and airboats for reconnaissance helped to expedite the recovery. Prior hardening of the 

grid resulted in reduced restoration time for Hurricane Irma at 10 days compared to 18 days for 

Hurricane Wilma. Recommendations for the future include promoting mutual assistance program 

participation, increased use of drones, and increase information sharing. The report also says that 

it is important to identify whether the hurricane is mainly a wind or water event, or both. The 

report’s second key finding was the identification of an emerging risk from inverter disconnects 

during transmission disturbances.  
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The third key finding was that although cyber and physical threats continue to evolve, no loss 

of load was reported due to these threats. The fourth key finding was that failures of protection 

system equipment, AC substation equipment and human error causes of transmission outages 

have all been decreasing over the past 5 years. The fifth key finding was that frequency response 

performance trend results vary by interconnection. During system disturbances, frequency 

response is needed to stabilize the frequency and avoid the need for under-frequency load 

shedding. The effects of the changing resource mix, with larger portions of energy generating 

capacity provided by renewable power generating stations, need to be analyzed and measured to 

manage frequency response and voltage support. The sixth key finding was that protection 

systems mis-operations rates have been declining for 5 years. The mis-operations of protection 

systems can increase the severity of transmission outages and remain a high priority.  

Wang et al. (2016) list the causes of large blackouts in the U.S. over the period 2003 to 2012 

with 679 power outages overall. The largest percentage at almost 30% were due to equipment 

failures. Hurricanes and tropical storms only accounted for 4.2% of the blackouts, but had the 

highest mean number of customers affected at nearly 800,000. The National Academies of 

Sciences, Engineering, and Medicine (NASEM, 2017) provides a list of the types of events that 

can cause power outages. These include hurricanes, floods, ice storms, earthquakes, solar storms, 

wind storms, droughts, wild fires, physical attacks, cyber-attacks, and electromagnetic pulse 

(EMP). NASEM identifies winter storms, hurricanes and tropical storms as some of the largest 

sources of power outages. Hurricanes and tropical cyclones are projected to become more intense 

with climate warming. 

2.2.2 Hurricane Threats to the Electrical Power Grid 

2.2.2.1 Hurricane Wind Damage to the Electrical Power Grid 

Hurricanes are classified using the Saffir-Simpson scale. Quanta (2009) used a 25% factor for 

the approximate peak wind gust speed compared to the 1-minute maximum sustained wind speed, 
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as shown in Table 2-1. 

 
Category 

1 min sustained (mph) 3-sec gust (mph) 

Min Max Min Max 

1 74 95 93 119 

2 96 110 120 138 

3 111 130 139 163 

4 131 155 164 194 

5 156 180 195 225 

 
Table 2-1: Saffir-Simpson Hurricane Scale 

In Texas, during the period 1989 to 2009, most of the hurricane damage, approximately 80%, 

was to the distribution system, and the remaining 20% was to the transmission system (Quanta, 

2009). Damage from hurricane winds to the transmission system includes damage to transmission 

lines and structures, transformers, and substations (NERC, 2018). Distribution system elements 

sustaining damage from hurricane winds include conductors, poles, insulators, and substation 

control houses. Damage to the distribution system from trees and other debris causes most of the 

failures in the electrical power grid Winkler et al. (2010). Damage to power generating plants has 

been minimal.  

Wind damage to power generating plants are often to the auxiliary buildings (e.g. uplifting of 

roofs and tiles and damage to insulation), cooling towers, transformers, fuel supplies, and storage 

tanks (Sieber, 2013). While solar PV arrays and wind turbines can be designed to withstand 

hurricane winds, a direct hit from a Category 4 or 5 hurricane will still cause damage (Rose, 

2013). More accurate wind load estimates for hurricane damage to wind turbines and more 

adequate design standards for wind turbines are needed (Worsnop, 2018). Approximately 5 

percent of the solar panels that were part of a million square foot rooftop solar PV array in 

Goucester City, N.J. were damaged by wind during Hurricane Sandy (Unger, 2012). Hurricane 

Sandy wind damage to solar PV generating plants overall was limited. 

Hurricane Andrew damaged several power plants at Turkey Point (Hess, 2016). The eye of 

the storm passed directly over the site with wind gusts up to 175 mph causing damage to 2 oil 
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plants and 2 nuclear plants. The damage to the nuclear plants was to non-safety-related systems 

and included 6 damaged turbine canopies, radioactive-waste building ductwork failures, and the 

collapse of a high-water tank. One of the oil plants suffered major structural damage to an 

exhaust chimney, and the other oil plant had a crack in an exhaust chimney. 

Worsnop (2018) reports on the recent damage to wind turbines by Category 4 Hurricane 

Maria in Puerto Rico. At least 8 of the 13 wind turbines at the Punta de Lima wind power 

generating station were severely damaged. A photo of damaged wind turbines in Puerto Rico is 

shown in Figure 2-1 (Siciliano, 2017). AES Corp suffered damages at 3 of its power solar PV 

generating stations in Puerto Rico and the US Virgin Islands from Hurricanes Irma and Maria 

(Tisheva, 2017). The 24-MW Illumina solar plant in Puerto Rico suffered modest damage and its 

5-MW USVI Solar I plant suffered major damage. A photo of hurricane damage to a solar PV 

array generating plant in Puerto Rico is shown in Figure 2-2 (Siciliano, 2017). There was also 

minor damage to a 524-MW AES coal-fired plant in Puerto Rico. Damage from Hurricane Maria 

to a solar array in St. Thomas, U.S. Virgin Islands is shown in Figure 2-3. Hurricane Harvey did 

not cause any damage to wind turbines. The most intense winds, greater than 130 mph, were in 

the hurricane eye that was only a few miles wide, and were to the east of several wind turbine 

power generating stations (Mahan, 2017). 

Hurricane Andrew damaged a 400-foot chimney at a Florida Power and Light Company 

Turkey Point oil plant beyond repair and estimates for replacing it were 6 months and “several 

million dollars” (Manegold, 1992). Another chimney had a crack and may have needed to be 

replaced. The 2 nuclear plants were safely shut down prior to being hit by Hurricane Andrew and 

were not damaged, but were expected to be shut down for about 6 months to replace damaged 

equipment, management buildings and fences. The damaged chimneys are shown in Figure 2-4 

(U.S. NRC, 1993). 
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Figure 2-1: Hurricane Damage to a Wind Turbine Farm in Puerto Rico 
(Source: Siciliano, 2016) 

 

 
 

Figure 2-2: Hurricane Damage to a Solar PV Array in Puerto Rico 
(Source: Siciliano, 2016) 
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Figure 2-3: A Field of Destroyed solar panels in St. Thomas, U.S. Virgin Islands 

(Source: Augustino, 2017) 
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Figure 2-4: Damaged Chimneys for Units 1 and 2 at Turkey Point 

(Source: U.S. NRC, 1993) 
 

A water tower damaged by Hurricane Andrew at the Turkey Point plant is shown in Figure 

2-5 (U.S. NRC, 1993). 
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Figure 2-5: Damaged Water Tower at Turkey Point 

(Source: U.S. NRC, 1993) 
 

2.2.2.2 Hurricane Flood and Surge Damage to the Electrical Power Grid 

The Saffir-Simpson scale can provide a general understanding of the strength of a hurricane 

and the expected damage based on wind speed and gust speed, but there are other factors such as 

landing position, approaching angle, translation velocity, central pressure difference, radius of 

maximum wind speed, minimum pressure and translational speed that influence the damage that 

will result from a given hurricane (Wang et al., 2016). Quanta (2009) compared the numbers of 
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transmission structures and distribution poles that were damaged for each hurricane as functions 

of the hurricane category for hurricanes in Texas over the period 1999 to 2009 (Quanta, 2009). 

The results showed that the numbers of transmission structures replaced due to Category 1 and 2 

hurricanes were greater than the numbers that were replaced due to Category 3 hurricanes. This 

indicates that much of the damage was due to causes other than wind, and the difficulty in 

predicting transmission system damage based on the hurricane category alone. Storm surge and 

flooding are also major causes of hurricane damage (Pei et al., 2014). 

Storm surge is the sea rise resulting from storm winds and changes in atmospheric pressure. 

The Saffir-Simpson hurricane scale is often used to predict storm surge. Pei et al. (2014) state that 

observations of actual storms show there is often a significant difference between the predicted 

and actual storm surges levels. The hurricane wind fields and the local bathymetry and 

topography are important factors for storm surge elevation. During Hurricane Katrina, the storm 

surge was 8.5 meters high while the projected elevation was between 1.9 and 2.7 meters in height 

based on a Category 3 hurricane with sustained wind speed of 125 mph. Yin et al. (2016) report 

that the storm surge peak from Hurricane Sandy in 2012 coincided with an abnormally high tide 

that was 15 cm higher than the average high tide and caused severe flooding in the New York city 

and was the worst disaster in the city’s history. Hurricane Sandy damaged 4 solar power plants 

run by Public Service Electric and Gas Company in New Jersey (Unger, 2012). One of the solar 

plants, 3.2 MW, was completely submerged under 7 feet of water. 

Hurricane Harvey caused massive damage to the electrical power grid in the coastal areas of 

Corpus Christi, Houston, and Port Arthur, and then stalled as it moved inland causing 40-50 

inches of rain in Southeastern Texas from Houston to Austin, resulting in severe flooding (NERC, 

2018). The translational speed of the hurricane can have a large impact on the amount of damage 

caused by both wind and rain (Kossin 2018). Fossil power generating plants experienced flooding 

of management buildings and storage facilities, substation flooding, and water damage to relays, 

batteries, controls and pumps (NERC, 2018). There was no damage to the South Texas Project 
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nuclear plant. 

2.3 Electrical Power Grid Models 

The electrical power grid is a complex system composed of millions of components that are 

owned and operated by thousands of organizations (NERC, 2018). The power system operates at 

time frames from micro-seconds (power system transients) to a year (operating strategies). No 

single model can address all of the complexity or time scales of the electric power system. 

Modeling the electrical power grid provides methods to predict power outages, manage 

restoration efforts, support decision-making for investments in hardening/improving grid 

elements and systems, and for insurance purposes (Fang and Sansavini, 2017). The reliability of 

the electrical power grid has been studied for decades and thousands of models have been 

developed for the transmission and distribution systems that address various topics such as the 

power flow and damage from wind, flood, surge, debris, tornados, equipment failures, cascading 

failures, solar flares, physical attacks, and cyber-attacks (Panteli et al., 2017). Panteli et al. (2017) 

develop a probabilistic model that uses fragility curves and models the storm as it moves across 

the transmission system. Power flow models include MATPOWER (Zimmerman et al. 2011), 

Bayesian nets (Mensah et al., 2016), and other topological models (Winkler et al., 2010). Fu et al. 

(2017) developed a model using complex network theory that simulates the growth and evolution 

of the electricity network. Each node in the network represents a generator or a substation and 

new nodes are added to model network growth. 

Chu and Iu (2017) present a survey of complex networks theory and methods for power grid 

applications. They broke the methods out into categories including topological-based models, 

component dependent models, power system dynamic models, and Markovian network models 

and evaluated their effectiveness for modeling cascading blackouts. They conclude that the 

component dependent models and power system dynamic models could be used to study 

cascading blackouts, topological-based models would need to add more of the power grid 

electrical characteristics, and Markovian networks would require validation from the power 
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industry as the method is relatively new to the field. 

Birchfield et al. (2017) provide a methodology and validation criteria for synthetic networks. 

The synthetic networks are built to capture the statistical characteristics of actual power systems 

without using the confidential data needed to represent real-world grids. The National Academies 

of Sciences, Engineering, and Medicine recommends the use of synthetic modeling that captures 

grid complexity for research and protects actual critical infrastructure grid data (NASEM, 2017). 

The synthetic grid data includes the .m files that can be used with Matpower (Zimmerman et al., 

2011) or other power flow models. 

 
2.4 Hurricane Damage Models for the Electrical Power Grid 

Wang et al. (2016) divide power system forecast models into 2 categories: statistical models 

and simulation based models. They discuss the need for the statistical models to be based on 

accurate data and with changing climatic conditions and natural variations, and the predictive 

value provided by simulation models that model the underlying physical damage processes. 

Espinoza et al. (2016) developed a framework for using a phased approach for the assessment of 

electric power systems under hurricane conditions. They provide a time profile that is missing 

from many other studies. They also use parametric studies and extreme value theory to assess 

risks over time with the associated uncertainty in projected storm events. They use general 

fragility curves to determine the damage of each grid component. Fragility curves for wind were 

used for transmission lines and towers, and fragility curves for floods were used for power plants 

and substations. The study uses 4 models including a hurricane hazard model, a fragility model 

for the electrical system components, a power system response model based on the IEEE-6 bus 

test system, and a restoration model. 

The parameters used are high level with assumed values for the fragility curves and mean 

time to repair (MTTR) for the restoration model. For power plant flooding, the MTTR is 20 hours 

for the base level and 40 hours for severe weather (Espinoza et al., 2016). The estimates were 
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assumed for the United Kingdom, but severe damage could result in longer restoration times for 

power plants in areas subject to hurricanes. The transmission tower wind base factor is 50 hours 

and factors are derived from a random increase, using rand{2,4} for moderate, and rand{5,7} for 

high winds, where rand{min,max} signifies a random number from a uniform distribution 

between the minimum and maximum values. The windstorms and floods cases are first run 

separately and then combined. Resilience factors include the expected energy not supplied, and 

normalized value of the expected energy not supplied for total energy demand over the time 

frame of the study.  

Fu et al. (2017) consider the changing risks to the electrical grid with increasing capacity for 

renewable sources and distributed networks, and more severe risks from climate changes. They 

use a network model with generator and substation nodes. The model is easily adapted to include 

new generators to meet growing demand. Wind storms are used as the hazard to demonstrate the 

framework for assessing resilience. The model simulates possible wind storms statistically over 

long periods of time. The fragility curves were developed analytically as there are insufficient 

data for failure of transmission towers in the U.K. to use empirical methods. Only the 

transmission towers were considered for possible damage in the study. Four scenarios of future 

networks in 2050 were compared for cost and resilience based on high and low levels of 

centralized power sources and high and low levels of investment, with increased storm intensity 

and frequency compared to current levels. Only the scenario with increased local generation and 

investment for new substations as demand increased was found to increase the overall resilience 

of the electrical power grid. 

Mensah et al. (2016) use a Bayesian network to model the electrical power system with 

computationally efficient algorithms to quantify the system response to hurricanes and the 

restoration process. The case study is based on the Harris County, Texas, grid that was hit by 

Hurricane Ike in 2008. Models have only recently been developed to address both response and 

restoration, and the combination is needed to evaluate resilience. They categorize hurricane 
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damage models for the electric power grid as statistical, topology-based, and fragility-based 

models. Mensah et al. (2016) provide a hybrid model that uses a Bayesian network for DC power 

flow and uses fragility curves for component performance. It also includes a system response 

model that is radially-based and a restoration model. It uses influence networks for the physics 

and constraints for the DC power flow model. HAZUS (FEMA, 2009) is used to model hurricane 

tracks and generate the wind field, or the area over which the hurricane wind speeds occur. 

Fragility curves are developed for substations, transmission towers and lines, and distribution 

lines. The Quanta (2009) fragility curves are used for the transmission and distributions structures 

and the HAZUS fragility curves are used for substations. Power plants are not included in the 

damage model. Minimum spanning trees are used to model the distribution system as tributaries 

to substations. The restoration model includes resource mobilization and sequence for restoration. 

The model generates restoration curves for number of customers with power as a function of time 

since hurricane landfall. Future work would include risk-based resilience assessment and 

interdependencies with other infrastructure. 

Panteli et al. (2017) developed a fragility-based model of the hurricane wind impacts on the 

transmission grid and including a power flow model. Both infrastructure and operational indices 

are used to assess the resilience of the system. A risk-based Resilience Achievement Worth index 

is applied to the individual transmission components. Fragility curves for transmission towers 

were determined analytically using ABAQUS software. The resilience enhancement analysis 

looked at redundancy, robustness, and responsiveness to calculate the Resilience Achievement 

Worth index. 

Espinoza et al. (2016) define reliability as protecting against low-impact high-probability 

events and resilience as providing protection against high-impact low-probability events and as a 

complex and time-dependent process. Hamilton et al. (2016) provide the more common 

understanding of resilience as the “ability to withstand, adapt to, and recover from a disruption.” 

Espinoza et al. (2016) go on to describe resilience analytics that include descriptive, predictive 
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and prescriptive analytics. Ouyang and Dueñas-Osorio (2014) define resilience as the ability of 

networks to prevent and withstand possible hazards, absorbing the initial damage, and to recover 

from the damage sustained. NASEM (2017) says that resilience is about reducing the probability 

of power outages occurring, limiting the impacts from outages, rapid restoration, and using the 

information learned from events to better deal with future events. 

2.5 Fragility Curves 

Fragility curves were first developed for structural reliability for structures subject to 

earthquakes (Veneziano et al., 1983), and have been used for seismic modeling for decades. The 

use of fragility curves for other threats including floods and wind is more recent. Fragility curves 

indicate the probability of exceeding a damage threshold as a function of a stressor, such as the 

peak wind gust speed, for the given structure, conditions, and damage level. An example of a 

family of wind fragility curves for a wooden residential structure from HAZUS for the Texas 

region is shown in Figure 2-6 (FEMA, 2011). 

 

Figure 2-6: Wind Fragility Curves for Wooden Single Family Homes from HAZUS MH 

(Source: FEMA, 2011) 
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Fu et al. (2017) state that fragility curves can be developed from empirical data, professional 

judgement, analytically, or combinations of these methods. NIST (2016) includes the same 

categories but specifies empirical damage data and adds load testing, as shown in Table 2-2. 

Fragility curves are often associated with distributions such as the normal, lognormal, and 

uniform distributions, with the most common being the lognormal distribution (Porter, 2018).The 

most common form is based on the lognormal distribution and is expressed as  

��� ≥ ����	
 =  Φ ��� ��  � ��  
�� 

�                                                                                                (2-1) 

where P is the probability of the uncertain damage state, D, being equal to or greater than the jth 

damage state, ��, given wind speed, �	, φ(•) is the normal cumulative distribution function and 

�� and �� are the logarithmic mean and the standard deviation of the jth damage state. In the 

simplest case, there is just one damage state defined as damaged or not-damaged. The fragility 

function provides the probability of damage at a given wind speed for this example. There can be 

multiple damage states such as mild, moderate, and severe damage with associated threshold 

levels for the given stressor, in this example, the wind speed, resulting in separate fragility curves 

for each damage state. The fragility function is used with a random number to evaluate whether 

damage occurs for a given wind speed, for example, depending on whether the random number is 

greater than the fragility function value for that wind speed. A non-technical definition of fragility 

functions from Porter (2018) is, “a mathematical function that expresses the probability that some 

undesirable event occurs (typically that an asset – a facility or a component – reaches or exceeds 

some clearly defined limit state) as a function of some measure of environmental excitation 

(typically a measure of acceleration, deformation, of force in an earthquake, hurricane, or other 

extreme loading condition.).” 

The insurance industry has a long history of using seismic fragility curves to estimate 

earthquake damage to buildings and there is substantial data available. Cavalieri et al. (2014) used 

building seismic fragility curves for modeling earthquake damage to power plants, based on the 
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specific criteria of the building structures and anchoring. Wind fragility curves have not been 

used as extensively and there are fewer data available, however FEMA uses wind and flood 

building fragility curves in HAZUS (FEMA, 2009) for purposes of estimating insurance 

payments for damages resulting from extreme weather events. HAZUS is the largest repository 

for fragility curves for structures in the U.S. (Willis et al., 2016), but does not include the power 

electrical grid transportation lines, or communication lines. 

 

Table 2-2: Examples of Fragility Curve Development Methods 

(Source: NIST, 2016) 
 

Subramanian et al. (2013) identified features of buildings and wind to improve the predictive 

capability of fragility curves for HAZUS-MH 2.1. The features for buildings included quality, 

age, land value, building value and the number of floors. An issue for FEMA personnel 

supporting hurricane recovery efforts was the lack of data on the number of floors of structures 

impacted by the hurricane (FEMA, 2017). The recommended wind-related items to add were 

wind direction, steadiness, maximum sustained speed and duration, and both the kilometer 
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squared and census tract wind swaths. 

Fu et al. (2017) developed fragility curves for transmission towers commonly used in the UK 

based on empirical data and using the FEMA HAZUS recommended methods for developing 

fragility curves. Quanta et al. (2009) used empirical data from power companies for the Texas 

coastal area to develop fragility curves for transmission towers and lines. Ouyang and Dueñas-

Osorio (2104) use lognormal fragility curves for transmission substations and lines, and 

distribution nodes, lines, and circuits. Stating that power plants are “mostly impervious” to 

structural damage from hurricanes, with the exception of flooding, and power plants are not 

included in the model. Ouyang and Dueñas-Osorio (2104) use the fragility curves for substations 

from HAZUS-MH3 data (FEMA, 2011), as do Winkler et al. (2010), Mensah et al. (2016), and 

others. 

Cain et al. (2015) commented on the phenomenal growth in the solar photovoltaic industry 

and that the static pressure coefficients from wind tunnel studies are often used ground-mounted 

solar PV power plants for wind loads. They also noted that some code-compliant failures have 

occurred. Goodman (2015) noted that the EU wind structural code probabilistic methods are more 

mature than the U.S. building code that depends on thresholds that are usually based on historical 

practices. Jubayer (2014) used numerical techniques and conducted wind tunnel tests to study 

wind effects on a stand-alone ground mounted solar PV panel. He found that the maximum wind 

loads were found close to the leading edge independent of the wind directions. However, higher 

drag and lift were found at 0 and 180 degree directions, higher overturning moments were found 

at 45 and 135 degrees. Comparing the mean drag and lift coefficient at 0 and 180 degrees, the 

results for the ground-mounted system and the monoslope roof structure in ASCE 7-10 (2010) 

were within 20% for load case A, and within 2% for load case B. Similarly, Cain et al. (2015) 

stated that the ASCE 7 net pressure coefficients for monoslope free roofs are reasonable 

approximations for ground-mounted PV rack systems wind loads. Goodman (2015) developed a 

set of fragility curves for roof-mounted solar panels based on wind tunnel tests. 
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Rose et al. (2013) developed log-logistic fragility curves for offshore wind turbines as a 

function of 10-minute average wind speed. They used the North American HURDAT database 

(NOAH, 2017) for hurricane modeling. The NREL 5-MW offshore turbine reference design to 

develop the curves representing the cumulative probability of buckling. Do (2016) developed 

fragility curves for wind turbine tower base fatigue for typical 5MW wind turbines in Colorado. 

2.6 Power Restoration Time and Cost 

Mensah et al. (2016) provide a response model that is radially-based and a restoration model. 

Espinosa et al. (2016) use assumed values for mean time to repair (MTTR) to estimate recovery 

times for damage to the various grid elements, including flooded substations and power 

generating stations. Lagaros et al. (2015) develop a life-cycle cost model for wind turbine farms 

and consider different wind load hazard levels that are generated based on collected data. A 20 

year life span is assumed, and they look at factors such as quality, cost sustainability, and 

security, and also reliability factors for the turbines. Chavas et al. (2013) evaluated overall costs 

of hurricanes assuming the hurricane data and the economic value at landfall are independent. A 

number of studies address cost-benefit analysis for mitigation strategies for parts of the electrical 

power grid. Dehghanian et al. (2013) use a reliability-centered maintenance methodology a cost-

benefit analysis of mitigation methods for the distribution system. Quanta (2009) provides a cost 

benefit analysis for various mitigation methods for Texas coastal areas. These methods include 

options for vegetation management, ground-based patrols, substation replacement/moving out of 

100-year floodplain/farther than 50 miles from the coast/adding backup generators, infrastructure 

hardening methods for transmission and distribution structures and improved data collection, and 

smart grid technologies for transmission and distribution systems. They found that hurricane 

damage is too unpredictable for a broad hardening programs and that more targeted approaches 

based on post-storm data are more cost effective. Aven (2016) argues that using conservative cost 

estimates does not allow meaningful cost-benefit comparisons. He recommends using the best 

estimates possible and accounting for uncertainty using other methods. He also recommends not 
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basing the risk analysis on possible scenarios because not all the possible scenarios can be known. 

Quanta (2009) provides cost information and restoration estimates on transmission 

lines/towers, substations, distribution lines and poles for Texas utilities. Pletka et al. (2014) 

reported the average base cost of a 345KV substation as $2,100,000. Many of the costs for power 

plants and transmission system elements are reported on a per KW basis. Transmission line costs 

vary with the length of the line and the power rating levels (EIA, 2016).  

2.7 Gaps in the Literature 

None of the hurricane damage to the electrical grid models found in the literature 

included damage to power plants. This Praxis adds power plants to a hurricane damage 

model for the transmission system. 

Espinoza et al. (2016) assumed values for fragility curves and restoration times and said 

that more accurate data from power companies would be lead to more accurate results. This 

Praxis uses fragility curves from the literature, but they could also be improved for accuracy. 

Espinoza et al. (2016) recommend running the model for all probable hurricanes over the 

lifetime of the infrastructure considered. This Praxis does not include running all of the 

probable hurricanes over the lifetime of the power plants. Fu et al. (2017) developed wind 

fragility curves for transmission lines only using an analytical approach. This Praxis includes 

fragility curves for substations, transmission lines/towers, and power stations. 

HAZUS has the largest repository of wind and flood fragility curves for structures, but 

does not include infrastructure systems including the electrical power grid, transportation 

lines, or communication lines. This Praxis includes the electrical power grid and uses some 

of the structure fragility curves from HAZUS to model the coal and gas power generating 

plants. Rose et al. (2013) addressed the damage to wind turbines. This Praxis included damage to 

wind turbines in models of the electrical grid.  

A key finding by NERC (2018) is that performance analysis efforts should be intensified to 

understand the impacts to frequency response and voltage support resulting from the changing 
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resource mix. This Praxis does not address frequency response, but the changing resource mix 

may also result in changes to the potential damage to power generating plants that may be 

expected to require longer times for restoration than the transmission and distribution grids. 
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 Methods 

 

3.1 Overview 

The methodology for modeling hurricane wind impacts to the transmission and power 

generation systems is shown in Figure 3-1. The models include the electrical grid model, 

hurricane exposure model to determine the peak gust wind speed at each grid element location, 

the damage model based on fragility curves to assess the wind damage sustained by each grid 

element for each of 32 Monte Carlo runs, the generating capacity loss model, and the restoration 

cost model for hurricane wind damage sustained by the transmission grid and power generating 

plants. These models and their associated data sources and outputs are discussed in the following 

sections. 

 
 

Figure 3-1: Model Overview 

 
 
 



27  

3.2 Electrical Grid 

Synthetic grid data for ERCOT with 2,000 buses (ICSEG, 2016) developed by Birchfield et 

al. (2017) were used to model the Texas electrical grid as shown in Figure 3-2. The National 

Academies of Sciences, Engineering, and Medicine recommends the use the use of synthetic 

modeling that captures grid complexity for power systems for research and protects actual critical 

infrastructure grid data (NASEM, 2017). The ERCOT system represents about 75% of the land in 

Texas and about 90% of the Texas electric load as depicted in Figure 3-3. 

 

 

Figure 3-2: 2000 Bus Synthetic Grid Data  

(Source: ICSEG, 2016, mapped in ArcGIS) 
 

The synthetic grid data includes 282 power generators, 1,500 substations, and 2,481 line 

segments. The latitude and longitude values of each grid component type were added as layers to 

ArcGIS map of the ERCOT system. The transmission line segments were defined by their “from” 

and “to” substations. The line lengths were modeled as the distance between the substations. The 
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distance between transmission line structures was modeled to be 0.1 mi based on the averages for 

Texas utility companies (Quanta, 2009). The synthetic grid data also include the MATPOWER 

.m files (Zimmerman et al., 2011) with power characteristics of each element, such as the default 

dispatch (MW), that would allow the model to include power flow using MATPOWER. 

Three distributions of power generation types in ERCOT are considered in the model as 

shown in Table 3-1 for current levels of power generation by type (EIA, 2017), and the 2050 50% 

and 80% renewable energy penetration level scenarios identified in Hand et al. (2012). Power 

plant types considered in this study (coal, gas, nuclear, solar PV, and wind turbine) were assigned 

manually by ERCOT region (Figure 3-3) to match the percentages for each region for each of the 

3 scenarios listed in Table 3-1 as a fraction of the total default dispatch levels (MW) for each 

region from the synthetic grid data. 

 

Figure 3-3: ERCOT Regions 

(Source: www.ercot.com/help/harvey) 
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 Power-Generation Capacity 

Power plant type 2017 2050 50% 
Renewables 

2050 80% 
Renewables 

Coal 21% 21% 11% 

Gas 53% 27% 24% 

Nuclear 5% 5% 5% 

Solar PV 1% 27% 32% 

Wind turbine 20% 20% 28% 

 
Table 3-1: Three Scenarios for Levels of Renewable Energy Capacity Generation 

(Source: EIA, 2017, and Hand et al., 2012) 

 

Generator type assignments were made first for the 2017 scenario and then for the 2050 50% 

and 80% scenarios. If a power type of solar PV or wind turbine was assigned to a power 

generator plant for one scenario, that type did not change for the scenarios with greater numbers 

of renewable energy power plants. The same numbers of power generator plants were used for all 

3 scenarios; only the distribution of generator types was varied. Similarly, the same total power,  

(MW) for ERCOT from the synthetic grid data was used for all 3 scenarios. 

3.3 Exposure Model  

Hurricane shapefiles provide footprints with the maximum peak wind gust speeds at each 

location. The shapefiles for Hurricanes Ike and Rita were obtained from the Risk Management 

Solutions, Inc., HWIND historical archive catalogue (Powell et al., 1998). The Hurricane Harvey 

sustained wind footprint shapefile shown in Figure 3-4 was downloaded from the NOAH 

National Hurricane Center GIS library (NOAH, 2017) with higher gust wind speeds near the 

coast added from Buchanan (2018) in Figure 3-5. The sustained wind speeds were transformed to 

gust wind speeds using a gust factor of 1.287 from Quanta (2009). 
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Figure 3-4: Map of 2000 Bus Synthetic Grid Data with Hurricane Harvey Peak Wind Gust Speed 

(Source: ICSEG, 2016; NOAH, 2017) 
 

The hurricane exposure model uses the intersection of the grid bus layer and the hurricane 

maximum peak wind gust speed layer to export a list of bus numbers, bus types, and peak wind 

gust speeds for each grid element in the hurricane’s path to be used as inputs to the damage 

model. 
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Figure 3-5: Hurricane Harvey Peak 10-meter Wind Gust Speeds  

(Source: Buchanan, 2018) 

 
3.4 Damage Model 

The Monte Carlo damage model assesses the damage for each grid element in the path of the 

hurricane based on the fragility curve for the element type and the peak wind gust speed at the 

grid element location. A single fragility curve was selected from the literature for each of the grid 

element types including substations, transmission towers and lines, coal plants, gas plants, nuclear 

plants, solar PV plants, and wind turbine plants. These fragility curves are discussed in the 

following sections. The damage model records all damaged elements for each of 32 Monte Carlo 

runs for a given hurricane. 

3.4.1 Substations 

The fragility curves for substations are based on internal damage tables in HAZUS-MH 4 for 
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moderate, severe, or complete damage as function of the terrain type (1=open, 2=light suburban, 

3=suburban, 4=light urban, and 5=urban) and the peak wind speed in mph. The probability of 

damage at the given level is 

��� ≥ ����	
 =  Φ ��� ��  � ��� 
��,�

�                                                                                                (3-1) 

where φ(•) is the normal cumulative distribution function and ��,�  and ��.� are the logarithmic 

mean and the standard deviation of the jth damage state and terrain type k (Mensah, 2015). The 

Parameters µ and σ for substation fragility curves are listed in Table 3-2. The terrain type k=1 for 

open space was used for the model and the parameters µ and σ for moderate damage were 

selected. 

 

 µµµµ σσσσ 
Terrain 
Type k 

Damage state j 

Moderate Severe Complete Moderate Severe Complete 

1 4.921 5.060 5.428 0.148 0.150 0.163 

2 4.947 5.094 5.337 0.122 0.124 0.127 

3 4.998 5.141 5.419 0.128 0.132 0.149 

4 5.044 5.185 5.478 0.138 0.139 0.119 

5 5.068 5.204 5.523 0.136 0.147 0.132 

 
Table 3-2: Parameters for substation fragility curves 

 

3.4.2 Fragility Curves of Transmission Towers and Lines 

The fragility curve for transmission lines and towers was developed by Quanta (2009) by 

modeling failure rates for transmission lines and towers (combined) based on utility damage data 

for electrical utilities with equipment within 50 miles of the Texas coast. The fragility curve is an 

exponential function of the 3-sec peak gust wind speed in mph, w, based on the failure rate, λ. 

λtransline = 2 X 10-7 e0.0834w                                                                                                              (3-2) 

The distance between the transmission towers is .1 mi for the average Texas data (Quanta 2009). 

3.4.3 Fragility Curves of Traditional Thermal Power Plants 

Coal, Gas and Nuclear power plants could be divided into 3 zones for assessing damage. 



33  

Zone 1 is the primary system including the boiler and the turbine. These are usually structurally 

reliable because the housing is designed to contain a major breakdown of the boiler or turbine, 

although the turbine is sometimes exposed to the environment. Zone 2 is made up of the 

secondary systems such as the transformers, connections to the grid, cooling towers, and 

conveyor coal feeders for coal plants. Zone 3 includes the non-critical auxiliary equipment such 

as fences, warehouses and management buildings. Zone 1 damage is only likely to occur from a 

direct hit from a category 5 hurricane such as Hurricane Andrew that damaged several power 

plants at Turkey Point (Hess, 2016). The eye of the storm passed directly over the site with wind 

gusts up to 175 mph causing damage to 2 oil plants and 2 nuclear plants. The damage to the 

nuclear plants was to non-safety-related systems and included 6 damaged turbine canopies, 

radioactive-waste building ductwork failures, and the collapse of a high-water tank. One of the oil 

plants suffered major structural damage to an exhaust chimney, and the other oil plant had a crack 

in an exhaust chimney. None of the hurricanes considered in this study were near the magnitude 

of Hurricane Andrew, and fragility curves were only identified for less serious damage to coal, 

gas, and nuclear damage in the model. Hurricane Harvey did cause damage to cooling towers 

from high winds at several plants, but no data on restoration costs were available. 

3.4.3.1 Coal Plants 

The coal-fired power generator fragility curve is based on a HAZUS building damage 

function for Texas: steel, engineered commercial building, mid-rise (6 or more stories) SECBH 

function curve for moderate damage. The fragility curve was generated from HAZUS-MH for the 

state of Texas (Vickery et al., 2006). The conveyor galleries providing fuel to the plant are often 

exposed and highly susceptible to strong winds (McBean, 1987). 

3.4.3.2 Gas Plants 

The gas-fired power generator fragility curve is based on a HAZUS building damage function 

for Texas: steel, engineered commercial building, mid-rise (3-5 stories) SECBM function curve 
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for moderate damage. The curve was generated from HAZUS-MH for the state of Texas (Vickery 

et al., 2006). 

3.4.3.3 Nuclear Plants 

The nuclear power plant fragility curve is based on the Applied Research Associates, Inc. 

model results for the fragility curve for an example nuclear plant building frame for building A on 

slide 53 (Twisdale, 2015). 

3.4.4 Solar PV Plants 

The solar PV power generation plant fragility curve for solar panels is taken from Goodman 

(2016), based on the 90_101_U_30 curve, Figure 23. This is the design-basis curve for 90 mph 

that was adjusted to a 120-mph design speed by shifting the curve to right by 30 mph in a linear 

translation. The curve was developed for roof-mounted solar panels rather than ground-based 

arrays. Cain et al. (2015) claim that the ASCE 7 net pressure coefficients for roofs provide 

reasonable wind loads for ground-mounted PV racks. They make the case that ground-mounted 

rack systems are a low risk to human life and should not be required to meet the risk categories 3 

and 4 of ASCE 7-10 for power stations to provide uninterrupted power to critical infrastructure 

because they do not provide power at night. However, if a substantial portion of power is 

provided by solar PV and a battery storage system supports the off-hours, the solar panels would 

need to meet the higher specifications to be able to provide power again once the hurricane is 

past. The industry standard for solar arrays is designed to meet 120 mph winds (SRA, 2015). The 

solar panels for this study were assumed to be 30 degree fixed-tilt 300W panels. The mounting 

structures are also subject to wind damage, but the fragility curves are based only on the solar 

panels for the model. 

3.4.5 Wind Turbine Plants 

Wind turbine power generator fragility curves are taken from Rose et al. (2013), Figure 4 for 

non-yawing turbines. The fragility curve is for offshore wind turbines and the design standard 



35  

IEC 61400-3 is more conservative than the onshore design standard. 

3.5 Power Generating Capacity Loss Model 

The power generating capacity lost is modeled as the total number of solar panels damaged 

multiplied by 300W plus the number of wind turbines damaged multiplied by 2MW. The solar 

panels and wind turbines are assumed to be uniform in power output, and damage to a given 

panel or wind turbine does not impact the power generation capacity of any undamaged elements. 

No loss of generation capacity was modeled for coal, gas and nuclear power generating stations. 

3.6 Restoration Cost Model 

The restoration cost model is a simple roll up of replacement/repair costs for each damaged 

grid element from the damage model. All costs are based on present value. Table 3-3 summarizes 

the costs for each grid element included in the model. The number of elements of each type are 

multiplied by the cost of that element and the results are summed to find the overall damage cost 

for the Monte Carlo run. 

The costs in Table 3-3 are based on an average cost of repair/replace for transmission 

structures, substations, and wind turbines. The costs for coal, gas, and nuclear plants are a rough 

estimate of the cost to repair damage to cooling towers, management buildings, or warehouses. 

The costs for the solar panels assume that the panels will require replacement and are based on 

the estimated actual cost for a 300W solar PV panel. 
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Grid Component 

Replacement/ 

repair cost ($) Source 

Transmission 
structure 90,000 

Average cost of replacement for Texas Quanta 
(2009) 

Substation 1,000,000 

Average cost of repair/replacement based on new 
substation base capital cost of $2.1 M for 345KV 
substation (Pletka et al., 2014) 

Coal plant  5,000,000 Zhai and Ruben (2010) 

Gas plant 5,000,000 EIA (2016) 

Nuclear plant 10,000,000 Hess et al. (2016) 

Solar panel 850 

$2,836/KW construction cost for fixed tilt solar 
crystalline silicon panels for 300W solar panels. 
EIA (2018) 

Wind turbine 1,750,000 

Lagaros et al. (2015) and Windustry (2018). 
Costs for a utility scale wind turbine range from 
about $1.3 million to $2.2 million per MW of 
nameplate capacity installed. Most of the 
commercial-scale turbines installed today are 2 
MW in size and cost roughly $3-$4 million 
installed. Average of replacement and repair costs. 

 
Table 3-3: Replacement/Repair Costs for Damaged Grid Elements 
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 Results 

 

4.1 Overview of Results 

The hurricane exposure and damage models were run for Hurricanes Rita, Ike and Harvey. 

For Hurricanes Rita and Ike, the wind speeds were not great enough in the regions covered by the 

grid model, the ERCOT system, to cause any damage to power plants. The case study for this 

praxis is based on Hurricane Harvey for the 3 levels of renewable penetration, which are the 

ERCOT 2017 levels and 2050 scenarios for 50% and 80% penetration of renewable energy 

generation capacity from the NREL futures study (Hand et al., 2012). Damage model results from 

Hurricanes Rita and Ike were included in the model validation for damages to the transmission 

grid. 

Results from the models indicate that the total restoration cost and the total loss of power 

generating capacity were greater for higher levels of renewable energy capacity penetration. 

4.2 Model Validation 

The model validation was based on historical data for damage to the transmission system 

from Hurricanes Rita, Ike and Harvey. A summary of Texas hurricane impacts to the electrical 

grid for Hurricanes Rita, Ike and Harvey is provide in Table 4-1. 

 

Hurricane 
Name 

Hurricane 
Year 

Cat Sustained 
Winds 
(MPH) 

Energy 
not 
served 
(MW) 

Customer 
days of 
outage  

Peak 
Number 
of 
customers 
with 
outage 

Time to 
recovery 
(days) 

Cost of 

electricity 

recovery  

(M$) 

Rita 2005 3 115 2,210 - 1,519,000 21 500 
Ike 2008 2 110 6,000 15,730,000 3,200,000 18 1,200 
Harvey 2017 4 130 10,000 2,443,000 306,058 14 540 

 
Table 4-1: Summary of Impacts to the Electrical Grid form Hurricanes Rita, Ike and Harvey 

 
(Source: Quanta, 2009 and DOE, 2017) 
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Historical data and the mean model results for the 2017 scenario for damage to the 

transmission system for Hurricanes Rita, Ike and Harvey are shown in Table 4-2. The Entergy 

system sustained most of the damage from Hurricanes Ike and Rita, but Entergy is outside of the 

ERCOT grid system and was not included in the model. Transmission system damage model 

results were lower than historical data for the hurricanes considered. Results for transmission 

lines and structures were lower for the model by approximately a factor of 2. The model results 

for substation damage were lower by an approximate factor of 15 for Hurricane Ike and an 

approximate factor of 4 for Hurricane Harvey. The historical results for Hurricane Harvey do not 

differentiate between wind and other causes of damage.  

 
 

Infrastructure Impacted 
Historical Model-2017 (Mean-32 MC runs) 

Rita Ike Harvey Rita Ike Harvey 
Transmission Lines - - 157.54 1.94 19.5 62.7 

Transmission 
Structures 

3.641,2 46.21,2 5604 1.97 21 281 

Substations .711,3 14.81,3 37.83,4 0 .94 9.22 
1- Quanta, 2009 data adjusted for removal of Entergy damage 

2- Quanta, 2009 data adjusted for wind damage only 

3- Substation numbers adjusted for ERCOT total number of substations (2134) and the grid model (1500) 

4- DOE, 2017 

Table 4-2: ERCOT Transmission System Damage from Hurricanes Rita, Ike and Harvey 
 

 

The Entergy system sustained most of the damage from Hurricanes Ike and Rita, but Entergy 

is outside of the ERCOT grid system and was not included in the model. Most of the substation 

damage resulting from Hurricane Ike was due to storm surge for the CenterPoint system, but that 

was not reflected in the reporting from the utility (Quanta, 2009). The historical results for 

Hurricane Harvey do not differentiate between wind and other causes of damage. The number of 

substations damaged by Hurricane Harvey were adjusted for the number of ERCOT substations 

(2134) vs. the model (1500).  

4.3 Results of Damage Model 

The mean number of damaged grid elements of each type for the 3 scenarios for Hurricane 

Harvey are shown in Table 4-3. 
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Hurricane Harvey Mean Number of Damaged Elements for 32 MC Runs 

Substation 
Trans 
Struct 

Coal 
plant 

Gas 
plant 

Nuclear 
plant 

Solar 
plant 

Solar 
panels 

Wind 
plant 

Wind 
turbines 

2017 Scenario 

9.22 280.7 0.34 0.063 0 0 0 1.94 20.6 

2050 - 50% Renewables 

9.47 271.5 0.41 0.031 0.0 1.0 993.2 1.97 22.3 

2050 - 80% Renewables 

9.84 270.2 0.00 0.063 0.00 1.0 999.9 3.0 33.3 

 
Table 4-3: Hurricane Harvey Mean Number of Damaged Elements for 32 MC Runs 

 
4.4 Results of Cost Restoration and Power Generating Capacity Models 

The results of the cost restoration and power generating capacity models are shown in  

Table 4-4. The models use the numbers of damaged grid elements of each type of the 

transmission and power generating systems for each Monte Carlo run to calculate the mean 

values of generating capacity lost and the mean restoration costs. 

 

Hurricane Harvey Scenario Mean Generating Capacity 
Lost (MW) 

Mean Restoration Cost ($M) 

2017 70.9 41.1 

2050 – 50% Renewables 74.1 44.8 

2050 – 80% Renewables 93.3 66.9 

 
Table 4-4: Model Results for Mean Generating Capacity Lost and Mean Restoration Cost 

 

4.5 Statistical Analysis 

4.5.1 Normality Tests 

The Ryan-Joiner Normal Probability test in Minitab was used to assess the Normality of the 

data from the 6 cases run: the 3 scenarios for 2017, and 2050 for 50% and 80% penetration of 

renewable power generating capacity run for the generating capacity loss model and the cost 

restoration model. Results of the Ryan-Joiner test are summarized in Table 4-5 and the normal 

probability plots are shown in Figure 4-1 through Figure 4-6. 
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Model/Scenario Mean Std Dev N RJ P-Value Median Skewness Kurtosis 

Capacity - 2017 41.13 7.038 32 0.994 >0.100 41.00 0.00 -0.93 

Capacity – 2050 – 50% 44.80 10.10 32 0.980 >0.100 47.30 -0.20 -0.82 

Capacity – 2050 – 80% 66.86 9.248 32 0.994 >0.100 68.30 -0.17 -0.52 

Cost - 2017 72.49 7.218 32 0.987 >0.100 72.83 0.03 -1.03 

Cost – 2050 – 50% 75.87 9.062 32 0.996 >0.100 75.87 0.04 -0.32 

Cost – 2050 – 80% 93.57 8.176 32 0.988 >0.100 92.60 -0.10 -0.67 

 
Table 4-5: Summary of Normal Probability Tests 

 
 

 
 

Figure 4-1: Normal Probability Plot for Mean Capacity Lost for 2017 Scenario 

 

6050403020

99

95

90

80

70

60

50

40

30

20

10

5

1

Mean 41.13

StDev 7.038

N 32

RJ 0.994

P-Value >0.100

2017

P
e
rc

e
n

t

Probability Plot of 2017
Normal 



41  

 
 

Figure 4-2: Normal Probability Plot for Mean Capacity Lost for 2050-50% Scenario 

 

 
 

Figure 4-3: Normal Probability Plot for Mean Capacity Lost for 2050-80% Scenario 
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Figure 4-4: Normal Probability Plot for Mean Restoration Cost for 2017 Scenario 

 
 

 
 

Figure 4-5: Normal Probability Plot for Mean Restoration Cost for 2050-50% Scenario 
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Figure 4-6: Normal Probability Plot for Mean Restoration Cost for 2050-80% Scenario 

 
In Table 4-5, the Ryan-Joiner statistic values are close to 1 and all the p-values are greater 

than 0.10, consistent with a normal distribution. The median values are close to the means. The 

values for skewness and kurtosis are all within the range of -2 and 2, also consistent with normal 

data distributions. 

4.5.2 ANOVA Test of Hypotheses 

The hypotheses for this study are the following: 

H1: The mean energy generation capacity loss resulting from hurricane wind damage will 

be greater for NREL 2050 scenarios of 50% and 80% of power generation from 

renewable sources than for 2017 levels of renewables. 

H2: The mean restoration costs for hurricane wind damage to the transmission grid and 

power generating stations will be greater for NREL 2050 scenarios of 50% and 80% 

of power generation from renewable sources than 2017 levels of renewables. 
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The null hypotheses are: 

Hypothesis 1  H0: Mean lost power generating capacity 2017 = Mean lost power 

generating capacity 2050,50% renewables = Mean lost power generating 

capacity 2050, 80% renewables 

Hypothesis 2  H0: Mean restoration costs 2017 = Mean restoration costs 2050, 50% 

renewables = Mean restoration costs 2050, 80% renewables 

 

The alternative hypotheses are that at least one of the means is not equal to the others. 

 

4.5.3 Analysis of Variance Testing 

There are 3 independent samples and an analysis of variance was used to determine the 

significance of the model results. From the previous section, the data are consistent with normal 

distributions. Another condition for an analysis of variance test is that the variances of the 

samples are equal. That may not be the case for the generating capacity data. However, the 

sample sizes are equal and large enough at 32 that any distortion of the p values should be 

minimal (Ott and Longnecker, 2015). 

4.5.3.1 Analysis of Variance for Generating Capacity Lost 

For the power generating capacity loss model, we test our hypotheses using the one-way 

ANOVA with results shown in Table 4-6. For a significance level of α = 0.05 with a P-value of 

0.000 we reject the null hypothesis and conclude a difference of means at the 95% confidence 

level. The model summary is shown in Table 4-7. 

 

Source DF Adj SS Adj MS F-Value P-Value F crit 

Capacity Lost 2 12403 6201.34 78.50 0.000 3.094 

Error 93 7347 79.00    

Total 95 19750     

 
Table 4-6: Analysis of Variance for Mean Generating Capacity Lost 
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S R-sq R-sq(adj) R-sq(pred) 

8.88816 62.80% 62.00% 60.36% 

 
Table 4-7: Model Summary for Mean Generating Capacity Lost 

 
The Means with 95% confidence intervals are shown in Table 4-8. The box and whiskers 

plot, interval plot, boxplot, and residual plots for the cost restoration model are shown in Figure 

4-7, Figure 4-8, Figure 4-9, and Figure 4-10, respectively. 

 

Scenario N Mean St Dev 95% CI 

2017 32 41.13 7.04 (38.00, 44.25) 

2050-50% 32 44.80 10.10 (41.68, 47.92) 

2050-80% 32 66.86 9.25 (63.74, 69.98) 

Pooled StDev = 8.88816 

 
Table 4-8: Confidence Intervals for Mean Generating Capacity Lost 

 
 

 

Figure 4-7:Box and Whiskers Plot for Mean Generation Capacity Lost 
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Figure 4-8: Interval Plot for Capacity Loss 
 

 
 

Figure 4-9: Box Plots for Capacity Loss 
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Figure 4-10: Residual Plots for Capacity Loss 

 

The ANOVA test indicates that at least one of the means for generating capacity lost is 

different for the 2017, 2050 50% renewables, and 2050 80% renewables. Post-hoc analysis with 

Fisher pairwise comparisons was used to determine which groups are significantly different at the 

95% confidence level. The grouping information for the least significant difference (LSD) from 

the Fisher pairwise test is shown in Table 4-9. The grouping results with the 2017 and 2050-50% 

scenarios in the same group indicating that only the 2050-80% mean is significantly different than 

the others. 

 

Factor N Mean Grouping 

2050-80% 32 93.57     A 

2050-50% 32 75.87                        B 

2017 32 72.49                        B 
Means that do not share a letter are significantly different. 

 
Table 4-9: Capacity Lost Grouping Information using Fisher LSD Method and 95% Confidence 
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The Fisher individual test for differences of means results are shown in Table 4-10. The 95% 

confidence interval for the pairwise test of the means for 2017 and 2050- 50% renewables 

includes 0, and we conclude that the means are not significantly different for these cases. Only 

the 2050 – 80% renewables case is significantly different than the other cases. The confidence 

intervals for the difference of means are shown in Figure 4-11. The interval comparing the means 

for 2017 and 2050-50% includes 0 indicating that the means are not significantly different. 

 

Difference of Levels 
Difference 
of Means 

SE of 
Difference 95% CI T-Value 

Adjusted 
P-Value 

2050-50% - 2017 3.67 2.22 (-0.74, 8.09) 1.65 0.102 

2050-80% - 2017 25.74 2.22 (21.32, 30.15) 11.58 0.000 

2050-80% - 2050-50% 22.06 2.22 (17.65, 26.48) 9.93 0.000 

Simultaneous confidence level = 87.86% 

 
Table 4-10: Capacity Lost Fisher Individual Test for Differences of Means 

 

 
 

Figure 4-11: Capacity Lost Difference of Means 95% Confidence Intervals 

 

2050-80% - 2050-50%

2050-80% - 2017

2050-50% - 2017

302520151050

If an interval does not contain zero, the corresponding means are significantly different.

Capacity Lost Fisher Individual 95% CIs
Difference of Means for 2017, 2050-50%, ...
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4.5.3.2 Analysis of Variance for Restoration Cost 

 

We test our hypotheses using the one-way ANOVA with results for the restoration cost 

model shown in Table 4-11. For a significance level of α = 0.05 with a P-value of 0.000 we 

conclude that there is a significant difference in means for restoration cost at the 95% confidence 

level. The model summary is shown in Table 4-12. 

 

Source DF Adj SS Adj MS F-Value P-Value F crit 

Restoration Cost 2 8199 4099.60 61.17 0.000 3.094 

Error 93 6233 67.02    

Total 95 14432     

 

Table 4-11: Analysis of Variance for Restoration Cost Model Results 

 
 

S R-sq R-sq(adj) R-sq(pred) 

8.18653 56.81% 55.88% 53.98% 

 

Table 4-12: Model Summary for Restoration Cost 

 
The Means with 95% confidence intervals are shown in Table 4-13. The box and whiskers 

plot, interval plot, boxplot, and residual plots for the cost restoration model are shown in Figure 

4-12, Figure 4-13, Figure 4-14, and Figure 4-15, respectively. 

 

Scenario N Mean St Dev 95% CI 

2017 32 72.49 7.22 (69.62, 75.37) 

2050-50% 32 75.87 9.06 (73.00, 78.75) 

2050-80% 32 93.57 8.18 (90.69, 96.44) 

Pooled StDev = 8.18653 

 
Table 4-13: Means for Restoration Cost 
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Figure 4-12: Box and Whiskers Plot for Mean Restoration Costs 

 

 
 

Figure 4-13: Interval Plot for Mean Restoration Cost 

 



51  

 
 

Figure 4-14:Boxplot for Mean Restoration Costs 

 

 
 

Figure 4-15:Residual Plots for Mean Restoration Costs 
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The ANOVA test indicates that at least one of the means for restoration cost is different for 

the 2017, 2050 50% renewables, and 2050 80% renewables. Post-hoc analysis with Fisher 

pairwise comparisons was used to determine which groups are significantly different at the 95% 

confidence level. The grouping information from the Fisher pairwise test is shown in Table 4-14. 

The least significant difference (LSD) grouping shows the means for 2017 and 2050-50% 

scenarios in the same group indicating that only the 2050-80% mean is significantly different than 

the others and that the means for 2017 and 2050-50% are not significantly different. 

 

Factor N Mean Grouping 

2050-80% 32 93.57    A 

2050-50% 32 75.87                    B 

2017 32 72.49                    B 
 

Means that do not share a letter are significantly different. 

 
Table 4-14: Restoration Cost Grouping Information using Fisher LSD Method and 95% 

Confidence 

 
The Fisher individual test for restoration cost differences of means results are shown in Table 

4-15. The 95% confidence interval for the pairwise test of the means for 2017 and 2050- 50% 

renewables includes 0, and we conclude that the means are not significantly different for these 

cases. Only the 2050 – 80% renewables case is significantly different than the other cases. The 

confidence intervals for the difference of means are shown in Figure 4-16. The interval 

comparing the means for 2017 and 2050-50% includes 0 indicating that the means are not 

significantly different. 

 

Difference of Levels 
Difference 
of Means 

SE of 
Difference 95% CI T-Value 

Adjusted 
P-Value 

2050-50% - 2017 3.38 2.05 (-0.68, 7.44) 1.65 0.102 

2050-80% - 2017 21.07 2.05 (17.01, 25.14) 10.30 0.000 

2050-80% - 2050-50% 17.70 2.05 (13.63, 21.76) 8.65 0.000 

Simultaneous confidence level = 87.86% 
 

Table 4-15: Restoration Cost Fisher Individual Test for Differences of Means 
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Figure 4-16: Restoration Cost Difference of Means 95% Confidence Intervals 

 
 

4.6 Sensitivity Analysis 

A sensitivity analysis was run for Hurricane Harvey to examine results for cases with lower 

and higher peak gust wind speeds. The damage model was run for all 3 scenarios with peak gust 

wind speeds at each grid element at plus and minus 20 mph compared to the peak wind gust 

speeds from NOAH (2017) and Buchanan (2018) used for the production runs reported in the 

preceding section. 

4.6.1 Damage Model Results for Sensitivity Analysis 

The mean number of damaged grid elements of each type for the 3 scenarios for Hurricane 

Harvey at peak gust wind speeds at minus 20 mph from the baseline are shown in Table 4-16. 

 

 

 

2050-80% - 2050-50%

2050-80% - 2017

2050-50% - 2017

2520151050

If an interval does not contain zero, the corresponding means are significantly different.

Cost Restoration Fisher Individual 95% CIs
Difference of Means for 2017, 2050-50%, ...
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Hurricane Harvey Minus 20 mph Mean Number of Damaged Elements for 32 MC Runs 

Substation 
Trans 
Struct 

Coal 
plant 

Gas 
plant 

Nuclear 
plant 

Solar 
plant 

Solar 
panels 

Wind 
plant 

Wind 
turbines 

2017 Scenario 

10.16 272.8 0.06 0.0 0.0 0.0 0.0 1.0 4.9 

2050 - 50% Renewables 

10.13 270.1 0.09 0.0 0.0 0.0 0.0 1.0 5.3 

2050 - 80% Renewables 

9.53 272.3 0.0 0.0 0.0 0.0 0.0 1.9 8.5 
 

Table 4-16: Hurricane Harvey Minus 20 mph GWS Mean Number of Damaged Elements 

 
The mean number of damaged grid elements of each type for the 3 scenarios for Hurricane 

Harvey at peak gust wind speeds at plus 20mph from the baseline are shown in Table 4-17. 

Hurricane Harvey Plus 20 mph Mean Number of Damaged Elements for 32 MC Runs 

Substation 
Trans 
Struct 

Coal 
plant 

Gas 
plant 

Nuclear 
plant 

Solar 
plant 

Solar 
panels 

Wind 
plant 

Wind 
turbines 

2017 Scenario 

9.69 272.3 0.59 0.375 0.0 0.0 0.0 3.00 59.6 

2050 - 50% Renewables 

10.44 274.2 0.63 0.125 0.0 1.0 3178.0 3.00 62.6 

2050 - 80% Renewables 

10.69 272.2 0.0 0.281 0.0 1.0 3174.2 4.1 84.9 

 
Table 4-17: Hurricane Harvey Plus 20 mph GWS Mean Number of Damaged Elements 

 

4.6.2 Results of Cost Restoration and Power Generating Capacity Models for 

Sensitivity Analysis 

The results of the power generating capacity loss and cost restoration models for Hurricane 

Harvey minus 20 mph peak gws are shown in Table 4-18.  

Hurricane Harvey Scenario Mean Generating Capacity 

Lost (MW) 

Mean Restoration Cost ($M) 

2017 9.9 43.7 

2050 – 50% Renewables 10.7 44.3 

2050 – 80% Renewables 17.1 49.0 

 
Table 4-18: Hurricane Harvey Minus 20 mph Mean Generating Capacity Lost and Mean 

Restoration Cost 
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The mean generating capacity lost and mean restoration cost for the 3 scenarios at peak gws 

20 mph above the baseline values are shown in Table 4-19. 

Hurricane Harvey Scenario Mean Generating Capacity 

Lost (MW) 

Mean Restoration Cost ($M) 

2017 119.2 143.3 

2050 – 50% Renewables 126.1 151.1 

2050 – 80% Renewables 170.7 187.8 

 
Table 4-19: Hurricane Harvey Plus 20 mph Mean Generating Capacity Lost and Mean 

Restoration Cost 

 

Summary box and whiskers plots of the means for the generating capacity lost for the minus 

20, baseline, and plus 20 mph peak gust wind speeds for each of the renewable penetration levels 

are shown in Figure 4-17 and Figure 4-18. 

 

Figure 4-17: Mean Capacity Lost (MW) for Baseline and Plus/Minus 20 mph Peak GWS 



56  

 
 

Figure 4-18: Mean Restoration Cost ($M) for Baseline and Plus/Minus 20 mph Peak GWS 

4.6.3 Normality Tests 

The Ryan-Joiner Normal Probability test in Minitab was used to assess the Normal 

Probability of the data for the 12 cases run for the sensitivity analysis: the 3 scenarios for 2017, 

2050 for 50%, and 2050 for80% penetration of renewable power generating capacity run for the 

generating capacity lost model and the cost restoration model for both minus 20 mph and plus 20 

mph peak gws relative to the baseline. Results of the Ryan-Joiner test are summarized in Table 

4-20 for the minus 20 mph cases and in Table 4-21 for the plus 20 mph cases. 

Model/Scenario Mean Std 
Dev 

N RJ P-Value Median Skewness Kurtosis 

Capacity - 2017 9.875 3.933 32 0.975 >0.100 10.000 0.80 1.32 

Capacity – 2050 – 50% 10.68 4.388 32 0.996 >0.100 10.688 0.39 -0.23 

Capacity – 2050 – 80% 17.06 5.792 32 0.981 >0.100 16.00 0.68 1/15 

Cost - 2017 43.66 4.499 32 0.982 >0.100 42.905 0.48 -0.35 

Cost – 2050 – 50% 44.26 5.299 32 0.993 >0.100 44.535 0.10 -0.60 

Cost – 2050 – 80% 48.97 6.676 32 0.990 >0.100 48.33 0.30 -0.56 

 
Table 4-20: Hurricane Harvey Summary of Normal Probability Tests for Minus 20 mph Peak 

GWS 
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Model/Scenario Mean Std 

Dev 
N RJ P-Value Median Skewness Kurtosis 

Capacity - 2017 119.2 14.81 32 0.993 >0.100 122.00 -0.31 -0.30 

Capacity – 2050 – 50% 126.1 14.05 32 0.989 >0.100 125.94 0.13 -0.56 

Capacity – 2050 – 80% 170.7 13.85 32 0.981 >0.100 169.95 0.60 0.89 

Cost - 2017 143.3 13.30 32 0.995 >0.100 143.06 -0.11 -0.46 

Cost – 2050 – 50% 151.1 12.49 32 0.988 >0.100 152.46 -0.15 -0.87 

Cost – 2050 – 80% 187.8 13.59 32 0.984 >0.100 188.30 0.48 0.27 

 
Table 4-21: Hurricane Harvey Summary of Normal Probability Tests for Plus 20 mph Peak GWS 

 
The normal probability plots for minus 20 mph peak gws for capacity lost are shown in 

Figures 4-19 to 4-21. The normal probability plots for minus 20 mph peak gws for cost 

restoration are shown in Figures 4-22 to 4-24. The normal probability plots for plus 20 mph peak 

gws for capacity lost are show in Figures 4-25 to 4-27. The normal probability plots for plus 20 

mph peak gws for cost restoration are shown in Figures 4-28 to 4-30. 

 

 
 
Figure 4-19: Normal Probability Plot for Mean Capacity Lost (MW) for Minus 20 mph GWS for 

2017 Scenario 
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Figure 4-20: Normal Probability Plot for Mean Capacity Lost (MW) for Minus 20 mph GWS for 

2050-50% Renewables Scenario 

 

 
 
Figure 4-21: Normal Probability Plot for Mean Capacity Lost (MW) for Minus 20 mph GWS for 

2050-80% Renewables Scenario 
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Figure 4-22: Normal Probability Plot for Mean Restoration Cost ($M) for Minus 20 mph GWS 
for 2017 Renewables Scenario 

 
 

Figure 4-23: Normal Probability Plot for Mean Restoration Cost ($M) for Minus 20 mph GWS 
for 2050-50% Renewables Scenario 
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Figure 4-24: Normal Probability Plot for Mean Restoration Cost ($M) for Minus 20 mph GWS 
for 2050-80% Renewables Scenario 

 
 

Figure 4-25: Normal Probability Plot for Mean Capacity Lost (MW) for Plus 20 mph GWS for 
2017 Scenario 
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Figure 4-26: Normal Probability Plot for Mean Capacity Lost (MW) for Plus 20 mph GWS for 
2050-50% Renewables Scenario 

 
 

Figure 4-27: Normal Probability Plot for Mean Capacity Lost (MW) for Plus 20 mph GWS for 
2050-80% Renewables Scenario 
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Figure 4-28: Normal Probability Plot for Mean Restoration Cost ($M) for Plus 20 mph GWS for 

2017 Renewables Scenario 

 
 
Figure 4-29: Normal Probability Plot for Mean Restoration Cost ($M) for Plus 20 mph GWS for 

2050-50% Renewables Scenario 
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Figure 4-30: Normal Probability Plot for Mean Restoration Cost ($M) for Plus 20 mph GWS for 

2050-80% Renewables Scenario 

In Table 4-20 and Table 4-21, the Ryan-Joiner statistic values are close to 1 and all the p-

values are greater than 0.10, consistent with a normal distribution. The median values are close to 

the means. The values for skewness and kurtosis are all within the range of -2 and 2, also 

consistent with normal data distributions. 

4.6.4 Analysis of Variance Testing 

For both the minus 20 mph gws and plus 20 mph gws cases, the null hypotheses are: 

Hypothesis 1  H0: Mean lost power generating capacity 2017 = Mean lost power 

generating capacity 2050,50% renewables = Mean lost power generating 

capacity 2050, 80% renewables 

Hypothesis 2  H0: Mean restoration costs 2017 = Mean restoration costs 2050, 50% 

renewables = Mean restoration costs 2050, 80% renewables 

The alternative hypotheses are that at least one of the means is not equal to the others.   

There are 3 independent samples for the renewables penetration levels for each of the 4 
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model/wind speed combinations: capacity lost/minus 20 mph, restoration cost/minus 20 mph, 

capacity lost/plus 20 mph, and restoration cost/plus 20 mph. The ANOVA hypotheses tests for 

these 4 cases are presented in the following sections. 

4.6.4.1 ANOVA for Generating Capacity Lost for Minus 20 mph GWS 

For the generating capacity lost model for minus 20 mph peak gust wind speed, we test our 

hypotheses using the one-way ANOVA with results shown in Table 4-22. For a significance level 

of α = 0.05 with a P-value of 0.000 we reject the null hypothesis and conclude a difference of 

means at the 95% confidence level. The model summary is shown in Table 4-23. 

Source DF Adj SS Adj MS F-Value P-Value 

Capacity Lost-20 2 991.6 495.79 21.79 0.000 

Error 93 2116.3 22.76   

Total 95 3107.8    
 

Table 4-22: Analysis of Variance for Mean Generating Capacity Lost for Minus 20 mph GWS 

 

S R-sq R-sq(adj) R-sq(pred) 

4.77026 31.91% 30.44% 27.44% 

 

Table 4-23: Model Summary for Mean Generating Capacity Lost for Minus 20 mph GWS 

 
The Means with 95% confidence intervals are shown in Table 4-24. The interval plot, 

boxplot, and residual plots for the cost restoration model are shown in Figure 4-31, Figure 4-32, 

and Figure 4-33, respectively. 

Scenario N Mean St Dev 95% CI 

2017 32 9.875 3.933 (8.200, 11.550) 

2050-50% 32 10.688 4.388 (9.013, 12.362) 

2050-80% 32 17.06 5.79 (15.39, 18.74) 

Pooled StDev = 4.77026 
 

 
Table 4-24: Confidence Intervals for Mean Generating Capacity Lost for Minus 20 mph GWS 
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Figure 4-31: Interval Plot for Capacity Lost for Minus 20 mph GWS 

 

 
 

Figure 4-32: Box Plots for Capacity Lost for Minus 20 mph GWS 
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Figure 4-33: Residual Plots for Capacity Lost for Minus 20 mph GWS 

The ANOVA test indicates that at least one of the means for generating capacity lost for the 

minus 20 mph case for Hurricane Harvey is different for the 2017, 2050 50% renewables, and 

2050 80% renewables scenarios. Post-hoc analysis with Fisher pairwise comparisons was used to 

determine which groups are significantly different at the 95% confidence level. The grouping 

information from the Fisher pairwise test is shown in Table 4-25. The least significant difference 

(LSD) grouping shows the means for 2017 and 2050-50% scenarios in the same group indicating 

that only the 2050-80% mean is significantly different than the others and that the means for 2017 

and 2050-50% are not significantly different. 

Factor N Mean Grouping 

2050-80% Minus 20 32 17.06    A 

2050-50% Minus 20 32 10.688                     B 

2017 Minus 20 32 9.875                      B 

Means that do not share a letter are significantly different. 

 
Table 4-25: Capacity Lost Minus 20 mph Grouping Information using Fisher LSD Method and 

95% Confidence 
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The Fisher individual test for generating capacity lost differences of means results are shown 

in Table 4-26. The 95% confidence interval for the pairwise test of the means for 2017 and 2050- 

50% renewables includes 0, and we conclude that the means are not significantly different for 

these cases. Only the 2050 – 80% renewables case is significantly different than the other cases. 

The confidence intervals for the difference of means are shown in Figure 4-34. The interval 

comparing the means for 2017 and 2050-50% includes 0 indicating that the means are not 

significantly different. 

Difference of Levels 
Difference 
of Means 

SE of 
Difference 95% CI T-Value 

Adjusted 
P-Value 

2050-50% Minus 20 - 
2017 Minus 20 

0.81 1.19 (-1.56, 3.18) 0.68 0.497 

2050-80% Minus 20 - 
2017 Minus 20 

7.19 1.19 (4.82, 9.56) 6.03 0.000 

2050-80% Minus20 - 
2050-50% Minus 20 

6.38 1.19 (4.01, 8.74) 5.35 0.000 

Simultaneous confidence level = 87.86% 

 
Table 4-26: Capacity Lost Minus 20 mph Fisher Individual Tests for Differences of Means 

 
 

Figure 4-34: Capacity Lost at Minus 20 mph Fisher Individual 95% CIs 

2050-80% Min - 2050-50% Min

2050-80% Min - 2017 Minus 2

2050-50% Min - 2017 Minus 2

10.07.55.02.50.0

If an interval does not contain zero, the corresponding means are significantly different.

Capacity Lost for Minus 20 mph Fisher Individual 95% CIs
Difference of Means for 2017 Minus 2, 2050-50% Min, ...
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4.6.4.2 ANOVA for Restoration Cost for Minus 20 mph GWS 

For the restoration cost results for minus 20 mph for peak gws, we test our hypotheses using 

the one way ANOVA as show in Table 4-27. For a significance level of α = 0.05 with a P-value 

of 0.000 we conclude that there is a significant difference in means at the 95% confidence level. 

The model summary is shown in Table 4-28. 

 

Source DF Adj SS Adj MS F-Value P-Value 

Restoration Cost 2 542.3 271.16 8.76 0.000 

Error 93 2879.7 30.96   

Total 95 3422.0    

 
Table 4-27: Analysis of Variance for Restoration Cost for Minus 20 mph GWS 

 

S R-sq R-sq(adj) R-sq(pred) 

5.56456 15.85% 14.04% 10.33% 

 
Table 4-28: Model Summary for Restoration Cost for Minus 20 mph GWS 

 
The Means with 95% confidence intervals are shown in Table 4-29. The interval plot, 

boxplot, and residual plots for the cost restoration model at minus 20 mph gust wind speed are 

shown in Figure 4-35, Figure 4-36, and Figure 4-37, respectively. 

 

Scenario N Mean St Dev 95% CI 

2017 32 43.657 4.499 (41.703, 45.610) 

2050-50% 32 44.257 5.299 (42.303, 46.210) 

2050-80% 32 48.97 6.68 (47.02, 50.93) 

Pooled StDev = 5.56456 

 
Table 4-29: Means with 95% Confidence Intervals for Restoration Cost for Minus 20 mph GWS 
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Figure 4-35: Interval Plot for Mean Restoration Cost for Minus 20 mph GWS 

 

 
 

Figure 4-36: Boxplot for Mean Restoration Cost for Minus 20 mph GWS 
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Figure 4-37: Residual Plots for Mean Restoration Cost for Minus 20 mph GWS 

The ANOVA test indicates that at least one of the means for restoration cost at minus 20 mph 

gust wind speed is different for the 2017, 2050 50% renewables, and 2050 80% renewables. Post-

hoc analysis with Fisher pairwise comparisons was used to determine which groups are 

significantly different at the 95% confidence level. The grouping information from the Fisher 

pairwise test is shown in Table 4-30. The least significant difference (LSD) grouping shows the 

means for 2017 and 2050-50% scenarios in the same group indicating that only the 2050-80% 

mean is significantly different than the others and that the means for 2017 and 2050-50% are not 

significantly different. 

Factor N Mean Grouping 

2050-80% Minus 20 32 48.97    A 

2050-50% Minus 20 32 44.257                     B 

2017 Minus 20 32 43.657                      B 

Means that do not share a letter are significantly different. 

 
Table 4-30: Restoration Cost at Minus 20 mph Grouping Information using Fisher LSD and 95% 
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The Fisher individual test for restoration cost at minus 20 mph gust wind speed differences of 

means results are shown in Table 4-31. The 95% confidence interval for the pairwise test of the 

means for 2017 and 2050- 50% renewables includes 0, and we conclude that the means are not 

significantly different for these cases. Only the 2050 – 80% renewables case is significantly 

different than the other cases. The confidence intervals for the difference of means are shown in 

Figure 4-38. The interval comparing the means for 2017 and 2050-50% includes 0 indicating that 

the means are not significantly different. 

Difference of Levels 
Difference 
of Means 

SE of 
Difference 95% CI 

T-
Value 

Adjusted 
P-Value 

2050-50% Minus 20 - 2017 
Minus 20 

0.60 1.39 (-2.16, 3.36) 0.43 0.667 

2050-80% Minus 20 - 2017 
Minus 20 

5.32 1.39 (2.55, 8.08) 3.82 0.000 

2050-80% Minus20 - 2050-
50% Minus 20 

4.72 1.39 (1.95, 7.48) 3.39 0.001 

Simultaneous confidence level = 87.86% 

 
Table 4-31: Restoration Cost at Minus 20 mph Fisher Individual Test for Differences of Means 

 
 

Figure 4-38: Restoration Cost at Minus 20 mph Fisher Individual 95% CIs 

2050-80% Min - 2050-50% Min

2050-80% Min - 2017 Minus 2

2050-50% Min - 2017 Minus 2

86420-2

If an interval does not contain zero, the corresponding means are significantly different.

Restoration Cost for Minus 20 mph Fisher Individual 95% CIs
Difference of Means for 2017 Minus 2, 2050-50% Min, ...
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4.6.4.3 ANOVA for Generating Capacity Lost for Plus 20 mph GWS 

 
For the generating capacity lost loss model for plus 20 mph peak gust wind speed, we test our 

hypotheses using the one-way ANOVA with results shown in Table 4-32. For a significance level 

of α = 0.05 with a P-value of 0.000 we reject the null hypothesis and conclude a difference of 

means at the 95% confidence level. The model summary is shown in Table 4-33. 

 

Source DF Adj SS Adj MS F-Value P-Value 

Capacity Lost-20 2 50004 25001.8 123.29 0.000 

Error 93 18859 202.8   

Total 95 68862    

 

Table 4-32: Analysis of Variance for Mean Generating Capacity Lost for Plus 20 mph GWS 

 
 

S R-sq R-sq(adj) R-sq(pred) 

14.2402 72.61% 72.02% 70.82% 

 

Table 4-33: Model Summary for Mean Generating Capacity Lost for Plus 20 mph GWS 

 
The Means with 95% confidence intervals are shown in Table 4-34. The interval plot, 

boxplot, and residual plots for the capacity lost for plus 20 mph gws are shown in Figure 4-39, 

Figure 4-40, and Figure 4-41, respectively. 

 

Scenario N Mean St Dev 95% CI 

2017 32 119.19 14.81 (114.19, 124.19) 

2050-50% 32 126.14 14.05 (121.14, 131.14) 

2050-80% 32 170.70 13.85 (165.70, 175.70) 

Pooled StDev = 14.2402 
 

 
Table 4-34: Confidence Intervals for Mean Generating Capacity Lost for Plus 20 mph GWS 
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Figure 4-39: Interval Plot for Mean Generating Capacity Lost for Plus 20 mph GWS 

 

 
 

Figure 4-40: Box Plot for Mean Generating Capacity Lost for Plus 20 mph GWS 
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Figure 4-41: Residual Plots for Mean Generating Capacity Lost for Plus 20 mph GWS 

 

The ANOVA test indicates that at least one of the means for generating capacity lost at plus 

20 mph gust wind speed is different for the 2017, 2050 50% renewables, and 2050 80% 

renewables. Post-hoc analysis with Fisher pairwise comparisons was used to determine which 

groups are significantly different at the 95% confidence level. The grouping information from the 

Fisher pairwise test is shown in Table 4-35. The least significant difference (LSD) grouping 

shows the means for 2017 and 2050-50% scenarios in the same group indicating that only the 

2050-80% mean is significantly different than the others and that the means for 2017 and 2050-

50% are not significantly different. 
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Factor N Mean Grouping 

2050-80% Plus 20 32 170.70    A 

2050-50% Plus 20 32 126.14                     B 

2017 Plus 20 32 119.19                      B 

Means that do not share a letter are significantly different. 

 
Table 4-35: Capacity Lost at Plus 20 mph Grouping Information using Fisher LSD and 95% 

Confidence 

 
The Fisher individual test for generating capacity lost at plus 20 mph gust wind speed 

differences of means results are shown in Table 4-36. The 95% confidence interval for the 

pairwise test of the means for 2017 and 2050- 50% renewables includes 0, and we conclude that 

the means are not significantly different for these cases. Only the 2050 – 80% renewables case is 

significantly different than the other cases. The confidence intervals for the difference of means 

are shown in Figure 4-42. The interval comparing the means for 2017 and 2050-50% includes 0 

indicating that the means are not significantly different. 

 

Difference of Levels 
Difference 
of Means 

SE of 
Difference 95% CI T-Value 

Adjusted 
P-Value 

2050-50% Plus 20 - 2017 
Plus 20 

6.95 3.56 (-0.12, 14.02) 1.95 0.054 

2050-80% Plus 20 - 2017 
Plus 20 

51.51 3.56 (44.45, 58.58) 14.47 0.000 

2050-80% Plus 20 - 
2050-50% Plus 20 

44.56 3.56 (37.49, 51.63) 12.52 0.000 

Simultaneous confidence level = 87.86% 

 
Table 4-36: Capacity Lost Plus 20 mph Fisher Individual Tests for Differences of Means 
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Figure 4-42: Capacity Lost at Plus 20 mph Fisher Individual 95% CIs 

 

4.6.4.4 ANOVA for Restoration Cost for Plus 20 mph GWS 

 
For the restoration cost results for plus 20 mph for peak gws, we test our hypotheses using the 

one way ANOVA with results shown in Table 4-37. For a significance level of α = 0.05 with a P-

value of 0.000 we conclude that there is a significant difference in means at the 95% confidence 

level. The model summary is shown in Table 4-38. 

 

Source DF Adj SS Adj MS F-Value P-Value 

Restoration Cost 2 36140 18069.9 104.75 0.000 

Error 93 16043 172.5   

Total 95 52182    

 
Table 4-37: Analysis of Variance for Restoration Cost for Plus 20 mph GWS 
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6050403020100

If an interval does not contain zero, the corresponding means are significantly different.
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S R-sq R-sq(adj) R-sq(pred) 

13.1340 69.26% 68.60% 67.24% 

 
Table 4-38: Model Summary for Restoration Cost for Plus 20 mph GWS 

 
The Means with 95% confidence intervals are shown in Table 4-39. The interval plot, box 

plot, and residual plots for restoration cost for plus 20 mph gws are shown in Figure 4-43, Figure 

4-44, and Figure 4-45, respectively. 

 

Scenario N Mean St Dev 95% CI 

2017 32 143.32 13.30 (138.71, 147.93) 

2050-50% 32 151.10 12.49 (146.49, 155.72) 

2050-80% 32 187.82 13.59 (183.21, 192.43) 

Pooled StDev = 13.1340 

 
Table 4-39: Means with 95% Confidence Intervals for Restoration Cost for Plus 20 mph GWS 

 

 

 
 

Figure 4-43: Interval Plot for Mean Restoration Cost for Plus 20 mph GWS 
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Figure 4-44: Box Plot for Mean Restoration Cost for Plus 20 mph GWS 

 

 
 

Figure 4-45: Residual Plots for Mean Restoration Cost for Plus 20 mph GWS 
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The ANOVA test indicates that at least one of the means for restoration cost at plus 20 mph 

gust wind speed case is different for the 2017, 2050 50% renewables, and 2050 80% renewables 

scenarios. Post-hoc analysis with Fisher pairwise comparisons was used to determine which 

groups are significantly different at the 95% confidence level. The grouping information from the 

Fisher pairwise test is shown in Table 4-40. The least significant difference (LSD) grouping 

shows the means for 2017, 2050-50% and 2050-80% scenarios all in different groups indicating 

that all of the means are significantly different. 

 

Factor N Mean Grouping 

2050-80% Plus 20 32 187.82    A 

2050-50% Plus 20 32 151.10               B 

2017 Plus 20 32 143.32                          C 

Means that do not share a letter are significantly different. 

 
Table 4-40: Restoration Cost at Plus 20 mph Grouping Information using Fisher LSD and 95% 

Confidence 

 
The Fisher individual test for restoration cost differences of means results are shown in Table 

4-41. None of the 95% confidence intervals for the pairwise tests of the means for 2017, 2050-

50% and 2050- 80% renewables includes 0, and we conclude that the means are all significantly 

different for these cases. The confidence intervals for the difference of means are shown in Figure 

4-46. None of the intervals for the pairwise comparison of the means includes 0 indicating that 

the means are all significantly different. However, the adjusted p-value for the comparison of the 

2017 and 2050-50% renewables is higher than the others at 0.02 and does not provide strong 

evidence for rejecting the null hypothesis that the means for these cases are equal. 
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Difference of Levels 
Difference 
of Means 

SE of 
Difference 95% CI 

T-
Value 

Adjusted 
P-Value 

2050-50% Plus 20 - 2017 
Plus 20 

7.78 3.28 (1.26, 14.30) 2.37 0.020 

2050-80% Plus 20 - 2017 
Plus 20 

44.49 3.28 (37.97, 51.01) 13.55 0.000 

2050-80% Plus 20 - 
2050-50% Plus 20 

36.71 3.28 (30.19, 43.23) 11.18 0.000 

Simultaneous confidence level = 87.86% 

 
Table 4-41: Restoration Cost Plus 20 mph Fisher Individual Tests for Differences of Means 

 

 

 

Figure 4-46: Restoration Cost at Plus 20 mph Fisher Individual 95% CIs 
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 Discussion and Conclusions 

 

5.1 Discussion 

This Praxis examined possible changes to the resilience of the electrical grid under hurricane 

wind conditions with increased percentages of the overall power generating capacity provided by 

solar PV and wind turbine power generating plants. The damage model was run for 3 levels of 

renewable energy sources based on the actual 2017 levels in ERCOT, and on the 2050 scenarios 

from the NREL Futures Study (Hand et al., 2012) for 50% and 80% renewables penetration of the 

resource mix. The hypotheses for the Praxis are below. 

H1: The mean energy generation capacity loss resulting from hurricane wind damage will 

be greater for NREL 2050 scenarios of 50% and 80% of power generation from 

renewable sources than for 2017 levels of renewables. 

H2: The mean restoration costs for hurricane wind damage to the transmission grid and 

power generating stations will be greater for NREL 2050 scenarios of 50% and 80% 

of power generation from renewable sources than 2017 levels of renewables. 

For Hypothesis 1, the analysis of variance results in Table 4-6 show a p-value of 0 and we 

can reject the null hypothesis and conclude that at least one of the means for the generating 

capacity was different at the 95% confidence level. Similarly, for Hypothesis 2, analysis of 

variance results in Table 4-11 show a p-value of 0 and we can reject the null hypothesis and 

conclude that at least one of the means for the restoration cost was different at the 95% 

confidence level.  

Post-hoc analyses with Fisher pairwise comparisons were conducted for both Hypothesis 1 

and Hypothesis 2 to determine which of the means were different. For Hypothesis 1, that at least 

one of the means for the generating capacity lost was different than the others, it was found that 

only the 2050 scenario with 80% renewable generating capacity was significantly different than 

the other scenarios. Similarly for Hypothesis 2, that at least one of the means for restoration cost 
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was different than the others, it was found that only the 2050 scenario with 80% renewable 

generating capacity mean was significantly different from the means for the other scenarios. For 

both hypotheses, no significant difference was found between the means for the 2017 and 2050 

with 50% renewable scenarios. 

From the box and whiskers plots for both capacity lost and restoration cost, we see that the 

means are slightly higher for the 2050 scenario with 50% renewables penetration than the 2017 

scenario, and means for the 2050 scenario with 80% renewables penetration are much higher than 

for the 2017 scenario. These results follow from the levels of renewables in Table 3-1. The wind 

generating capacity in Texas has increased more rapidly than anticipated by Hand et al. (2012) 

and the 2017 wind power generating capacity had already reached the 20% level predicted for 

2050 with 50% penetration level of renewable energy capacity. The solar PV generating capacity 

level shows an increase from 1% for the 2017 scenario to 27% for the 2050 with 50% renewables 

penetration, so it would be expected that more damage would be sustained by solar PV power 

generating stations for the 2050-50% scenario, and from Table 4-3 it can be seen that no solar 

plants were damaged for 2017 and 1 solar plant was damaged for both of the 2050 scenarios. 

However, the mean number of panels lost for the solar PV power generating station was less than 

1,000 and only accounted for less than 300MW of generating capacity lost and about $850,000 

for restoration costs.  

The wind turbine levels increase from 20% to 28% from the 2050 scenario for 50% 

renewables penetration to 80%. The mean numbers of wind turbines damaged increased from 

22.3 to 33.3 and this increase accounted for the difference for the 80% renewables penetration 

scenario, as the capacity of the wind turbines is set to 2MW in the model and the cost to 

repair/replace wind turbines on average is $1.75M. 

Hurricanes lose much of their wind speed as they leave coastal areas and only direct hits from 

strong Category 4 or 5 hurricanes are expected to cause wind damage to power generating 

stations. There are a limited number of plants within the area experiencing the highest peak wind 
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gust speeds. There were no solar PV plants at the strongest winds of 135 mph gust wind speeds 

for the 2017 scenario and 1 solar PV plant with 135 mph gust wind speeds for each of the 2050 

scenarios. No wind turbines were damaged by the actual Hurricane Harvey. There were several 

wind turbine plants near the eye of the hurricane to the west, but they did not experience the 

greater than 130 mph gust speeds that did cause damage to the wind turbines in the model. The 

model used synthetic data so the locations of power generating stations did not match the 

locations of actual power generating stations. 

A sensitivity analysis was conducted to explore changes to the damage sustained by the 

transmission grid and power generating stations with varying peak gust wind speeds. The damage 

model was run for cases with minus 20/plus 20 mph peak gws at each electrical power grid 

element compared to the actual values found from the Hurricane Harvey shapefile and the grid 

element locations. Figure 4-17 and Figure 4-18 provide a visual comparison of the 3 cases, minus 

20 mph, baseline, and plus 20 mph peak wind gust speed, for the mean generating capacity lost 

and the mean restoration cost. There are clear trends towards increased impacts with increased 

peak gust wind speeds. Table 4-3, Table 4-16, and Table 4-17 provide details on what grid 

elements were damaged for each wind speed case for each of the 3 levels of renewables.  

As for the baseline cases, the post-hoc analyses using the Fisher pairwise test for Hypothesis 

1 for the minus and plus 20 mph gws cases for the mean generating capacity lost for the 3 levels 

of renewables determined that only the mean generating capacity lost for the 2050 with 80% 

generating capacity from renewables case was significantly different than the others. There was 

no significant difference found between the means generating capacity lost for the 2017 or 2050 

at 50% renewables scenarios. 

For the post-hoc analysis for the sensitivity runs for Hypothesis 2, the 2050 with 80% 

renewables scenario was found to be significantly different than the other renewable scenarios for 

both the plus and minus 20 mph gust wind speed cases. The only case with significant differences 

in the means for the restoration cost for the 2017 and 2050 with 50% renewables scenarios was 
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found for the plus 20 mph gust wind speed case. However the p value was 0.02 and there is not 

strong evidence for a significant difference in means for this case. 

5.2 Conclusions 

The objectives for this research were to predict restoration costs and power generating 

capacity lost for hurricane wind impacts to the electrical grid by modeling hurricane wind damage 

to the transmission and power generating systems. We conclude from the model that there is a 

significant increase in mean generation capacity lost and in mean restoration costs for scenarios 

with sufficiently high fractions of solar PV and wind turbine generating plant capacity of the total 

system generating capacity in areas experiencing Category 4 and 5 hurricanes.  

Given that the restoration times and costs for damage to power plants could be greater than 

for damage to the transmission system (NERC, 2018), it is recommended that damages to power 

plants be included in hurricane damage models as the penetration of renewable resources 

increases. 

5.3 Contributions 

This research demonstrated the use of fragility curves for modeling wind damage to power 

generation plants and the transmission grid. Fragility curves were identified from the literature for 

transmission lines/towers and substations, and coal, gas, nuclear, solar PV, and wind turbine 

power generating plants. 

• A hurricane exposure model was developed to identify grid elements experiencing 

hurricane winds. Shapefiles were used to find the peak gust wind speed at each grid 

element location. 

• A Monte Carlo damage model was developed to evaluate the wind damage to each 

grid element for each run.  

• A generating capacity loss model was developed to calculate the mean generating 

capacity lost resulting from wind damage for a hurricane. 
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• A restoration cost model was developed to calculate the cost of restoration for 

damage to power generating plants and the transmission system resulting from 

hurricane wind. 

• The use of synthetic grid data for a hurricane damage model for a large scale system 

demonstrated for the 2000 bus ERCOT system. 

This research filled the gap for including power generating stations in hurricane damage 

models. The model can be used for other areas, but the grid data would need to be selected for the 

given area. Also, the fragility curves for the transmission lines/towers are based on data from 

Texas utilities and may need to be modified or replaced for the selected study area. 

5.4 Future Directions 

The model could be extended to include additional threats and improved to more accurately 

predict hurricane damage. These topics are discussed below. 

• The model could be run for a large number of generated hurricanes and for other 

historical hurricanes for additional validation. 

• The power plant types were selected to match the total power levels for each ERCOT 

region for a given scenario. A sensitivity analysis could be run for varying power 

plant type assignments. 

• Future research can be conducted to improve the quality and accuracy of the fragility 

curves used in the damage model for the power plants. Different curves could be 

developed for mild, moderate, and severe damage. Also, the state of the power 

generating plants could be captured for size of plant, quality, age, repair status, and 

other factors. 

• Including flooding and surge damage would increase the value of the model. Power 

plants are susceptible to flood damage from hurricanes even at inland locations.  

• The distribution system and a debris model could be added to the models. Most of the 
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hurricane damage to the electrical power grid is to the distribution system. Debris can 

also damage power plants. 

• The cost model could be improved to consider a range of damage levels and 

associated costs. Similarly, the generating capacity loss model could be improved by 

identifying the levels of damage and associated lost capacity. Cost distributions for 

levels of damage would allow sensitivity studies for overall costs. 

• The restoration times were not included in the model because power plant damage 

can take months to repair compared to the days or weeks needed to restore the 

transmission and distribution grids. However, it would be useful to add the 

restoration time to the model. Future work could include statistical studies of the 

restoration time and use methods such as the bootstrap method where little data are 

available. There are a number of models in the literature that evaluate the mean time 

to repair for the elements of the transmission and distribution systems. 

• The damage model output files include the bus number and type and can be used with 

Matpower or other power flow models to calculate the energy not supplied, and 

model islanded portions for the grid. The extra capacity available for the ERCOT 

system resulted in very low numbers for the energy not supplied as the damage was 

not that severe for the scenarios run. 
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