


 
 

ABSTRACT 

Resilience Assessment of Electric Grids and Distributed Wind 

Generation under Hurricane Hazards 

by 

Akwasi Frimpong Mensah 

Modern society is increasingly dependent on high quality electricity for its economy, 

security, cultural life, public health, safety and governance. As such, ensuring the resilience 

of electric power systems against deliberate attacks and natural disasters is critical to the 

continuous function, particularly of urban cities. This thesis proposes an efficient for 

assessing the resilience of electric power systems under hurricane hazards.  The thesis also 

explores the use of wind turbines as distributed generation to provide back-up electricity 

during hurricane-induced outages.   

The study develops computationally efficient models for evaluating outages in 

electric grids, while demonstrating their applicability through modeling a large real system 

subject to natural hazards, structural and system responses, and restoration processes. It 

employs a Bayesian networks approach and uses influence networks constructed via N-1 

contingence Direct Current (DC) flow analyses to make the framework computationally 

tractable, time-efficient and amenable for real-time updating of information via data fusion 

in the future. The framework computes hurricane-induced customer outages in distributed 

1 km2 blocks across the entire system, and simulates system restoration according to 

resource mobilization practices and sequences identified from historic events. The study 



 
 

uses the Harris County electric grid in Texas under Hurricane Ike in 2008 to illustrate the 

framework’s application. The framework yields system responses that are in agreement 

with observed outages, with a mean error of 15.4% in outages aggregated at the ZIP code 

level. Performance comparison of the proposed framework with two previously existing 

models shows that the model has a better prediction accuracy and requires a significantly 

lower computation time than the existing models. The model takes minute and half as 

compared to more than an hour required by the previous models to run 50 simulations.  

Having observed widespread outages in the electric power system, with some 

lasting several days or weeks before power restoration, the study also looked at the 

reliability of wind turbines to support their integration in the form of distributed generation 

in power systems. The study introduced a closed-form methodology for computing the 

system failure probabilities of wind turbines considering different failure event definitions. 

The methodology is enhanced to incorporate consequences such as downtimes and repair 

costs of individual component failures, and to determine the turbine unavailability or cost 

risks. It yields vital reliability information that could be readily used for planning 

maintenance and forecasting wind power outputs necessary for widespread distributed 

wind generation. Furthermore, the study examines the use of tuned liquid column dampers 

(TLCDs) to increase the reliability of wind turbines. Comparison of results for wind 

turbines with and without the damper shows that a baseline TLCD of 1% mass ratio 

significantly reduces the structural vibrations (by as much as 47%), and considerably 

decreases the unavailability probability of a turbine (by up to 8%).   

Armed with the resilience assessment model for power systems and the reliability 

analysis tools for wind turbines, the study also develops a probabilistic model for 



 
 

quantifying the impact of distributed wind generation (DWG) on an electric grid during 

hurricane-induced outage periods. The model incorporates energy adequacy assessment 

principles while accounting for the uncertainty in electricity demands and in power output 

due to variability in the wind resource, unavailability of DWG units owing to turbine 

failures, as well as component failures in the main utility system. An application of the 

model to Harris County’s power system equipped with turbines of total rated capacity of 

1.8 GW shows that the DWG can provide back-up power to up to 85% of the customers in 

a distribution area which directly connects a DWG unit, while reducing the overall outages 

in the entire county by 8.5%. Thus, DWG can help improve the resilience of electric grids, 

support the rapid recovery of hurricane-affect communities and reduce economic losses 

associated with widespread and prolonged outages.  

In summary, the study provides computationally efficient tools for exploring a wide 

range of what-if scenarios in large real energy systems. The models can be readily adapted 

to consider other emerging technologies such as storage systems, vehicle grids, smart grids 

and micro grids in electric grid resilience assessments. Thus, they can support resilience-

based decisions for hurricane preparedness and mitigation, and restoration strategies that 

could ensure rapid recovery of the systems. They support efforts in ensuring a reliable and 

a sustainable supply of electricity during normal conditions or in the immediate aftermath 

of hurricane events. The outage assessment model, for instance, is directly implemented in 

the City of Houston’s Storm Risk Calculator, an online tool that informs resident users 

about the local risks they face from an in-coming hurricane, and the city’s emergency 

managers in hurricane disaster management. 
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Chapter 1 

Introduction 

1.1. Motivation 

Infrastructural systems such as electric power systems, telecommunication networks, water 

resource, supply and distribution, oil and gas transmission and distribution, and 

transportation systems, among others, are critical to the economy, public health, safety, 

security and operation of modern urban societies.  The conditions of the these systems are 

major concerns worldwide as a result of the rapid rate of population growth, insufficient 

fund allocations to meet their increasing service demands, and system deterioration 

resulting from aging, material degradation and overloading, and heightened by lack of 

maintenance and monitoring (Bensi et al. 2011). In the United States, for example, the 

American Society of Civil Engineers (ASCE) grades the overall condition and performance 

of the nation’s infrastructure at D+ as at 2013, and estimates that about $3.6 trillion in fiscal 

investments are needed by 2020 to improve infrastructure systems to grade B (ASCE 
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2013). Furthermore, these lifelines are inevitably subjected to different man-made and 

natural hazards. Disruptions in their operations or services induced by natural disasters, 

human errors, technical failures or terrorism can have serious implications on everyday life 

in modern societies. As such, the resilience of infrastructure systems against normal 

contingencies and extreme events such as earthquakes and hurricanes is increasing 

becoming a key interest to researchers, practitioners, utility stakeholders and policy 

makers. Lifeline systems are expected to be fully functional under normal conditions 

throughout their design life in addition to maintaining a level of functionality when hit by 

an extreme event, while possessing a resilient ability to rebound quickly from damaged 

states (Venture 2014).  

Electric power systems are among the most critical lifeline systems, because their 

uninterrupted functionality is vital to the operation and management of the other lifeline 

systems such as water supply and distribution, telecommunication, and transportation 

networks. They are also very critical to the running of modern societies. However, electric 

power systems in hurricane-prone regions of the United States (U.S.), like other lifeline 

systems, are subjected to the damaging effects of severe storms with a high probability 

within their lifetimes. The White House estimates that severe weather caused 679 

widespread power outages between 20013 and 2012, making it the leading cause of outages 

(Exective Office of the President 2013). Many of weather-related outages, including 

hurricane-induced outages, caused the closure of several schools and businesses. Hurricane 

Ike, which struck the U.S. Gulf Coast in September 2008, is one of such events and knocked 

out power of 2.15 million out of the 2.3 million customers of CenterPoint Energy in the 
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Greater Houston Region of Texas (Centerpoint 2009). It took up to 18 days for power to 

be restored to customers in the region. Similarly, about 8.5 million customers in the U.S. 

lost electricity power during Superstorm Sandy, which hit the U.S. East Coast in 2012. The 

death of 50 people during the period was attributed to power outages (Exective Office of 

the President 2013).  The White House estimates that weather-related outages results in an 

annual average of $18 billion to $33 billion in economic losses in the U.S.  Ensuring the 

resilience of electrical power systems is therefore fundamental to the continuous operation 

of urban cities and essential for the mitigation, preparedness, response and recovery 

processes in disaster management (Chang and Wu 2011). Resilience in electricity supply 

is a key component of federal and local government plans for improving the resilience of 

societies against natural hazards at national (Chertoff 2009; McAllister 2013; President 

2013) and regional levels (Bloomberg 2013; Mieler and Brechwald 2013). Assessing the 

performance of the electric systems and modelling their restoration, two major elements of 

resilience, are necessary to understand their risks to hazards, to identify and address 

weaknesses in them, and also to support investment decisions on system improvements. 

Furthermore, employing new concepts for designing or reconfiguring electric power 

systems, such as distributed generation (DG) with renewable energy technologies, can also 

support measures to minimize the impact of inevitable hurricane events on modern society.  

Resilience has several definitions in different fields, and by different communities 

or institutions (Aven 2011; Bruneau et al. 2003; Francis and Bekera 2014; Haimes 2009; 

Kahan et al. 2009). As a synthesis of the available definitions, Ouyang and Duenas-Osorio 

(2012)  define resilience in the context of distributed networks as “the joint ability of 



 

17 

 

infrastructure systems to resist (prevent and withstand) different possible hazards, absorb 

the initial damage, and recover to normal operation”, while possibly accounting for system 

and user evolution.  A variant of this definition, where the system and its usage patterns 

remain constant and therefore captures the current state of the system, is employed in this 

paper. A resilience assessment is usually more comprehensive than traditional reliability 

assessments, in that it also looks at the system’s recovery process after a disaster. 

Researchers, including the Multidisciplinary Center for Earthquake Engineering Research 

(MCEER) (Bruneau et al. 2003) and the National Institute of Standards and Technology 

(NIST 2015), have proposed approaches for assessing the resilience of structural, 

community and organizational systems. Proposed approaches have been applied to assess 

the resilience of communities (Chang and Shinozuka 2004), health care facilities 

(Cimellaro et al. 2010) and networked systems (Reed et al. 2009). Resilience of an 

infrastructure such as an electric power system is usually measured by (1) assessing its 

performance or response under a hazard as an indication of its ability to resist or withstand 

the attack, and (2) determining its restoration curve as a measure of its ability to recover to 

normal operation quickly.  However, most research on the subject has heavily focused on 

either the assessment of system response, or the modeling of restoration. Furthermore, 

many of the studies reported in literature are conceptual or idealized, but not necessarily 

calibrated to real system practices. Fewer studies, such as Ouyang and Dueñas-Osorio 

(2014), Francis and Bekera (2014) and Cimellaro et al. (2010), have attempted to model 

both aspects which are needed to quantify resilience in an integrated fashion.   
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Regarding the performance assessment of electric power systems, available models 

for evaluating hurricane-induced outage risks could be coarsely grouped under statistical, 

topology-based and fragility-based models. Statistical outage models, which are essentially 

regression models, are developed from historical spatial outage data, and are popular for 

predicting hurricane induced outages (Guikema and Goffelt 2008; Han et al. 2009; Han et 

al. 2009). Statistical models are effective for forecasting regional outages due to individual 

hurricanes, despite not necessarily having a resolution that explicitly includes network 

topology or the fragility of individual constituent components. Statistical models are 

usually not robust since they suffer from the paucity of data. Advances in network science 

have been adopted to develop topology-based models for performing vulnerability studies 

on power systems (Johansson et al. 2012; Pagani and Aiello 2011). The power grid, in such 

applications, is modeled as a complex network made up of nodes representing generators, 

substations and load points, and edges representing transmission and distribution lines. 

Even though these models are simple and require less input information, they have also 

been shown to have mixed accuracy under certain operating conditions (Hines et al. 2010; 

Ouyang et al. 2014).  As such, Winkler et al. (2010) developed a hybrid network and 

fragility-based approach in which topological properties are used to assess the performance 

of the power system, while most component failures are assessed mechanistically. The 

model was later improved by employing the Direct Current (DC) power flow model to 

consider electric flow parameters instead of purely topological performance measures 

(Ouyang and Dueñas-Osorio 2012). However, the DC flow-based model is  



 

19 

 

computationally expensive and cannot be easily updated with new information of 

component states or system performance as it becomes available with new events.  

For restoration modelling, Cagnan et al. (2006) developed a simulation-based 

model of post-earthquake restoration processes for an electric power system.  Whereas the 

model provides insights about the geographic variability of risk and the adequacy of 

available resources, the initial damage states of components are determined from fragility 

based on transformers only. The model also simulates the restoration of only the 

transmission system, which historically experiences significantly less damage under 

natural hazards as compared to the distribution system. Ouyang and Dueñas-Osorio (2014) 

developed a restoration model, , which is adapted in this thesis. The model incorporates 

prioritization principles, resource availability, and mutual assistance programs observed in 

past restoration activities. Specifically, it simulates the restoration process based on 

historical practices, and incorporates resource mobilization and a restoration sequence 

which prioritizes the repair of damaged components of the transmission system and power 

distribution that are critical to essential facilities such as hospitals and water treatment 

plants. The model also uses a DC flow model to capture the physics of power flow and 

satisfy flow constraints in the system. However, the original model by Ouyang and Dueñas-

Osorio (2014) is computational expensive and difficult to use for real time operation 

because it runs the DC flow model at each stage (or time step) of a time-sequential Monte 

Carlo simulation model during the damage and restoration processes. As such, there is a 

need to develop efficient models for exploring a wide range of what-if scenarios in a large 

real system that could inform resilience-based decisions.  
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Traditionally, electric power systems are designed such that power is generated in 

massive quantities at few locations and transported through transmission grids over long 

distances to distribution grids and eventually to consumers (Pepermans et al. 2005). 

However, with a changing economic environment, increased demand for highly reliable 

electricity, and climate change concerns coupled with technological innovations in recent 

times, there is a growing interest for distributed generations (IEA 2002).  Distributed 

generation (DG) is a small-scale electricity generation to serve on-site customers or 

providing support to a distribution network (IEA 2002; Zio et al. 2015). In other words, a 

DG produces from a few kilowatts to a few megawatts of electricity for direct supply to a 

customer or small community without transporting the generated power through a 

transmission grid—these resources can connect at the distribution level.  Hence, DG 

technologies comprise of small-size units, such as gas turbines and fuel cells (Chiradeja 

and Ramakumar 2004), photovoltaics, wind turbines and biomass systems (Guerrero et al. 

2010).  Application of DGs include their use as a standby generator to supply power during 

peak demand periods, stand-alone system to provide electricity to isolated areas, and as a 

base load generator to support the main system in order to improve the quality, reliability 

and security of power supply. CenterPoint Energy, the main electricity provider in the 

Greater Houston region TX, has for instance initiated a program where small power 

generation equipment such as wind turbines and photovoltaic panels can be connected to 

the utility distribution system (Centerpoint 2013), although there are no scientific or 

progress reports regarding this initiative yet. However, there have been several studies, 

including those by Barker and de Mello (2000),  McDermott and Dugan (2002), Pepermans 
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et al. (2005) and Guerrero et al. (2010), which discuss the benefits and drawbacks of 

distributed generation in terms of technical and economic impacts. A number of studies 

(Al-Muhaini and Heydt 2013; Chiradeja and Ramakumar 2004; Rocchetta et al. 2015; Zio 

et al. 2015) have also actually quantified the impacts of improving the quality and 

reliability of power supply. Yet, the use of DGs as a back-up generator to minimize power 

outages in the events of a natural disaster such hurricane is yet to be properly assessed. 

Wind energy is the fastest growing renewable energy resource because of the rapid 

evolution of its main and supporting technologies (Wiser and Bolinger 2013).  The 

integration of wind power in an electric power grid is receiving keen interest (Georgilakis 

2008) because of the increasing demands of urbanization on electric systems, its benefit of 

producing electricity with reduced emissions as well as ever more competitive operation 

costs. The advantages of wind energy, despite existing challenges, make this technology 

attractive for distributed generation. There is high variability in the wind resource leading 

to high uncertainty in the power output from distributed wind generation (DWG). 

Evaluating the benefits of DWG for electric power grids must therefore be done in a 

probabilistic fashion, which incorporates uncertainty in energy production and adequacy 

analysis. Atwa and El-Saadany (2011) proposed a probabilistic approach for allocating 

distributed wind energy in a distribution system such that annual energy losses are 

minimized.  While their approach takes into consideration variability in the outputs of the 

wind-based DG units and load levels, it ignores failures of components in the main utility 

system as well as structural or mechanical failures of components of the units which could 

lead to the units being unavailable. Also, their approach is illustrated on a simple 
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distribution system under normal weather conditions. The application of their approach for 

a real large electric system may be complicated especially when system-wide contingencies 

(e.g. hurricane damages) are considered. Therefore, there is still a need for probabilistic 

models that assess the impacts of DWGs on real large electric power systems in a holistic 

yet computationally efficient manner.  

The current thesis proposes efficient methodologies to assess the performance of 

large electric power systems, wind turbines and DWG-equipped electric grids. The 

proposed methodologies are useful to utility owners, emergency managers, and standard 

issuance institutions for exploring a wide range of what-if scenarios in large real energy 

systems, and thus can support their decisions on electric power resilience. The study’s 

motivation is to support the development of resilient electric power systems integrated with 

suitable distributed generation against extreme conditions such as hurricanes.  

1.2. Objectives and Scope of Research 

The main goal of this study is to develop a computationally efficient resilience assessment 

framework for electric power systems subject to hurricane hazards, and to investigate the 

prospective benefits of emerging distributed wind generation (DWG) in ensuring reliable 

supply of electricity during hurricane-induced outages. The study aims to support the 

development of reliable and sustainably integrated energy systems. Based on the 

discussions in this Chapter, the main objectives of this dissertation can be summarized as 

follows: 
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1. Develop an efficient resilience assessment simulation framework for 

electric power systems under hurricane winds. 

2.  Develop a closed-form technique for system reliability and risk assessment 

of wind turbines, and explore improving their reliability by the use of tuned 

liquid column dampers (TLCDs). 

3. Develop a probabilistic model to quantify the merits of distributed wind 

generation in reducing hurricane-induced outages in a real large electric 

power system. 

To achieve the above objects, this thesis first develops an efficient probabilistic 

framework for evaluating the resilience of an electric power system against hurricanes. The 

framework is made up of five major models: a hurricane demand model for generating site-

specific wind characteristics, a component performance model for determining failures of 

major components in the system, a Bayesian network (BN)-based model for determining 

cascading failures and outages in the transmission system, an assessment model for 

evaluating outages in the distribution system and a restoration model to simulate recovery 

processes based on the dynamic mobilization of resources and time allocations obtained 

from historical data. The study introduces an influence network pre-processing strategy, 

which relies on DC power flow analyses, that significantly reduces the computational 

complexity and time when using the BN-based model. It also presents two approaches for 

outage assessment in the distribution system: Monte Carlo Simulation (MCS) and 

Recursive Decomposition Algorithm (RDA), with the latter further improving the 

efficiency of the framework due to its non-simulation nature. The study demonstrates the 



 

24 

 

application of the framework by assessing hurricane-induced outages in the electric power 

system of Harris County, which is located in the Texas Gulf Coast of U.S. where hurricanes 

of various intensities are observed every 7 years on average based on available historical 

records (Ouyang and Dueñas-Osorio 2012). The performance, in terms of prediction 

accuracy and computational efficiency, of the proposed model is compared to that of two 

previously existing models. Restoration of power to affected customers is modelled, and 

results are compared with outage and restoration data recorded during a real hurricane 

event.  

The inevitable exposure of the electric power system to the damaging effect of 

hurricanes, makes it necessary for the study to explore a potential mitigation measure, 

which could provide reliable electricity during outages in the main power system.  The 

study focuses on distributed wind generation (DWG) as a viable measure to improve the 

resilience of the system. A closed-form methodology for assessing the reliability of a wind 

turbine system based on failure information on its components in an efficient manner is 

therefore presented.   The methodology is also capable of handling unique component 

attributes such as downtime and repair cost needed for risk estimations, and enables 

sensitivity analysis for quantifying the criticality of individual components to the overall 

system reliability. The methodology thus can be used to determine wind turbine 

availability, which is needed  to forecast power outputs from DWGs,  and to inform 

planning and decision-making in operating DWGs. The study also examines how the 

reliability of a wind turbine can be improved in the future by equipping the turbine with a 

tuned liquid column damper (TLCD). TLCDs suppresses vibrations of the turbine during 
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operation, which otherwise contribute substantially to wind turbine unavailability, and 

reduces turbine fatigue. Hence, TLCD increases the lifetime of turbines, and by extension 

improves the resilience of DWG-equipped power systems in a life-cycle context. The study 

therefore develops a dynamic model of a TLCD-equipped wind turbine and assesses the 

benefits of the damper in a probabilistic fashion which incorporates system and 

environmental uncertainties.  

Finally, the study develops a probabilistic model for assessing the performance of 

a DWG-equipped electric power system and for quantifying the impacts of the DWGs on 

the system during hurricane-induced outage periods. The model incorporates power 

adequacy assessment and integrates uncertainty in electricity demands and in power output 

from DWGs due to variability of the wind resource, unavailability of DWG units owing to 

normal and hurricane-induced failures of their components, as well as failures of the major 

components of the main electric power system. The study looks at the effects of distributed 

generation on individual feeders, substation service areas and entire systems.  

This thesis contributes to the state-of-art models for infrastructure resilience 

assessment and provides efficient models that are currently implemented in the City of 

Houston’s Storm Risk Calculator (SRC), an online tool that support the city’s emergency 

management and also informs residents of their risks in the face of an oncoming storm 

(www.houstonstormrisk.org/).  Furthermore, the thesis provides a stepping stone for other 

studies in the future. The resilience assessment framework, for example, can be readily 

expanded to incorporate the interdependencies of electric power system with other critical 

infrastructure, particularly telecommunication systems as the backbone for smart 

http://www.houstonstormrisk.org/
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infrastructure technologies.  With significant technological advancement in the electric 

power industry, the proposed models can be also easily adapted to assess the impact of 

smart grids, micro grids, energy storage systems, vehicle-grid integrations, renewable 

integrations etc., on the resilience of electric power systems. Other research opportunities 

which could be pursued as an extension of this thesis include data fusion, system 

reconfigurability and controllability. 

1.3. Thesis Outline  

The thesis is organized in seven chapters. Figure 1.1 summarizes the outline and 

the relationship among the individual chapters. 

Chapter 2 provides a general overview of existing literature on the topics been 

examined in Chapters 3 to 6: mainly, infrastructure resilience assessment, wind energy and 

distributed generation. The chapter also summarizes the state-of-art approaches for 

reliability and risk assessment of infrastructural systems with emphasis on wind turbines.    

Chapter 3 presents a resilience assessment framework for predicting outages in 

electric power systems and modeling the process of restoring power to customers. The 

chapter also provides overviews on advanced systems techniques and computational tools 

such as Bayesian networks, minimum spanning trees, and recursive decomposition 

algorithms, which are employed in the study to make the framework computationally 

efficient yet sufficiently accurate for practical implementations. Furthermore, the chapter 

describes of an electric system and results from assessment that demonstrates the 
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application of the proposed framework. Sensitivity of results to input parameters are also 

examined to characterize input data uncertainty and future data collection efforts.  Finally, 

the performance of the proposed modal is compared with that of previously existing models 

in this chapter.  

Beyond resilience assessment, the thesis investigates distributed or embedded wind 

generation as a means to improve the system resilience. Chapter 4 therefore introduces a 

combinatorial methodology and its recursive form for evaluating system reliability and risk 

of wind turbine systems. The chapter also demonstrates the methodology’s applicability 

for determining turbine availability, a metric necessary for forecasting power outputs of 

distributed wind generators or turbines. Vibration suppression mechanism are desirable to 

provide better performance (or reliability) and long life of wind turbines. Thus, Chapter 5 

presents a framework made up of dynamic response models and probabilistic assessment 

tools for wind turbine performance enhancement, and evaluates the minimization in 

structural response and improvements in long-term structural reliability that can be 

achieved by equipping modern turbines with TLCDs. Improving the long-term reliability 

of wind turbines, which are used in Chapter 6 for distributed generation, also increases the 

life-cycle resilience of electric power systems with DWGs. 

In chapter 6, a probabilistic model, which utilizes the resilience assessment 

framework presented in Chapter 3 and information on wind turbine reliability from 

Chapters 4 and 5, for assessing hurricane-induced outages in a DWG-equipped electric 

power system is presented. The chapter describes how the DWGs are allocated in the entire 

power system and how uncertainty in the wind resource, demand and performance of DWG 
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units are modelled. The impact of DWGs on individual feeders, substation service areas 

and entire system is quantified and discussed. 

Finally, a summary and key conclusions from all the chapters present in the thesis, 

along with future research needs are discussed in Chapter 7. 

 

Figure 1.1 – Relatonships among the chapters of this thesis 
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Chapter 2 

Introduction to Resilience Assessment, Wind 

Energy and Distributed Generation 

This chapter introduces literature on resilience assessment, wind energy and distributed 

generation, and summarizes the state-of-the-art approaches for assessing the risk and 

reliability of infrastructural systems. The chapter contains three main sections. The first 

section looks at the concept of resilience and the various definitions of it by different 

individuals or institutions for different fields of study. The second section introduces the 

concept of distributed generation (DG), and reviews the advantages as well as drawbacks 

in its application. The final section provides an overview of wind energy in general and 

distributed wind generation in the United States in terms of its growth, penetration issues, 

and current challenges of integrating this renewable energy into an electric grid and 

available solutions to minimize these issues. Furthermore, the state-of-the art 

methodologies for evaluating system-level reliability of infrastructural systems, 

particularly wind turbine systems, are reviewed in this section.  
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2.1. Resilience in Complex Systems 

Community and infrastructural system resilience against terrorism and natural hazards is 

gaining keen interest at different levels of society. The term resilience has different 

meanings to different fields. Table 2.1 provides representative definitions of resilience as 

proposed by the different individuals and communities. The table contains a sample 

definition for distinct disciplines while exploring more definitions on resilience regarding 

infrastructure system and its components (e.g. facilities, buildings, transportation systems, 

electric power systems, etc.). See Zhou et al. (2010), Francis and Bekera (2014). The 

underlying understanding of resilience as a term in all these definitions is the ability of an 

individual, structure or community to bounce back after a disturbance to its functional state.  

Along with these definitions, different research groups have also proposed 

frameworks and methods to quantify resilience in infrastructural systems. The 

Multidisciplinary Center for Earthquake Engineering Research (MCEER) proposed a 

framework for resilience assessment, which has four properties: robustness, redundancy, 

resourcefulness and rapidity, and resilience is quantified based on four dimensions: 

technical, organization, social and economic (Bruneau et al. 2003). Researchers have 

proposed modeling approaches for quantifying resilience of communities (Chang and 

Shinozuka 2004; Miles 2014), health care facilities (Cimellaro et al. 2010), economy (Rose 

et al. 2013)  and networked systems (Cavallaro et al. 2014; Reed et al. 2009), among others.  
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Domain Definition Reference 

Ecological 

systems 

“The capacity of a system to absorb disturbance and 

reorganize while undergoing change so as to still 

retain essentially the same function, structure, 

identity, and feedbacks” 

(Walker et al. 

2004) 

Physical systems  “The speed with which a system returns to 

equilibrium after displacement irrespective of how 

many oscillations are required” 

(Bodin and 

Wiman 

2004) 

Community “(The ability to) withstand an extreme event without 

suffering devastating losses, damage, diminished 

productivity, or quality of life without a large 

amount of assistance from outside the community” 

(Mileti 1999) 

Community “The capacity of a system, community or society 

potentially exposed to hazards to adapt, by resisting 

or changing in order to reach and maintain an 

acceptable level of functioning and structure” 

(UN/ISDR 

2004) 

Infrastructural 

systems  

“The ability of the system to reduce the chances of 

shock, to absorb a shock if it occurs, and to recover 

quickly after a shock (re-establish normal 

performance)” 

(Bruneau et 

al. 2003) 

Community and 

infrastructural 

systems 

“The ability to resist, absorb, recover from, or suc-

cessfully adapt to adversity or a change in 

conditions” 

(Chertoff 

2009) 

Infrastructural 

systems 

“Given the occurrence of a particular disruptive 

event (or set of events), the resilience of a system to 

that event (or events) is the ability to efficiently 

reduce both the magnitude and duration of the 

deviation from targeted system performance levels” 

(Vugrin et al. 

2010) 

Infrastructural 

systems 

“The ability of the system to withstand a major 

disruption within acceptable degradation parameters 

and to recover within an acceptable time and 

composite costs and risks” 

(Haimes 

2009) 

Infrastructural 

systems 

“The uncertainty about and severity of the 

consequences of the activity given the occurrence of 

any types of events” 

(Aven 2011) 

Infrastructural 

systems 

“The joint ability of infrastructure systems to resist 

(prevent and withstand) different possible hazards, 

absorb the initial damage, and recover to normal 

operation” 

(Ouyang and 

Dueñas-

Osorio 2012) 

Table 2.1 – Sample list of resilience definitions to illustrate the diversity but also 

common theme of the subject in different fields. 
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2.2. Distributed Generation 

2.3.2. Conventional concept of power systems 

Electric power systems are traditionally designed such that the process of providing 

electricity to consumers has a general description as follows (Sarabia 2011; Zio et al. 2015): 

 Electricity goes through three stages: generation, transmission and 

distribution before reaching consumers.   

 Electricity is generated in large, centralized power plants, which are usually 

located close to the primary energy source (natural gas and coal mines) in 

non-populated areas away from the consumers because of economic and 

environmental reasons.   

 Electricity is then transferred in bulk from power plants to distribution 

substations through a transmission grid (network), which comprises of 

transformers, overhead transmission lines and underground cables. 

 Electricity flows in one direction through the distribution networks to 

consumers along feeders and laterals, which are operated radially. 

2.3.2. The concept of distributed generation 

Significant advances in the technology of electricity generation and supply in the past 

decade, as well as changes in environmental policies in the energy management, are 

together promoting an emerging concept for distributed electric power infrastructure 
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(Pepermans et al. 2005). The major factors contributing to the increasing interest in this 

paradigm concept are (Chiradeja and Ramakumar 2004; IEA 2002; Pepermans et al. 2005): 

 Recent technology innovations in micro-generation of electric power  

 Changing economic and financial environment of the power markets  

 Increased public demand for reliable and quality electric power  

 Heightened public concern of environmental impact of conventional power 

generation and interest in renewable energy technologies 

 Constraints on the construction of new transmission lines  

 Rapid rises in the demand for electricity in certain regions due to re-purposing 

of urban districts. 

Distributed generation (DG) is a small-scale electricity generation scheme to serve 

on-site customers or providing support to a distribution network (IEA 2002; Zio et al. 

2015). In other words, DGs consist of generation units that are connected directly to 

customers or distribution networks and usually produce energy in the range of a few 

kilowatts to a few megawatts. The implementation of the concept may be emerging now 

but the idea behind it is not new at all (El-Khattam and Salama 2004). The Electric Power 

Research Institute (EPRI) had projected that 25% of all new energy production would be 

DG by 2010, whereas the Natural Gas Foundation even raised the estimate to 30% 

(Ackermann et al. 2001). The DG technologies generally include conventional energy 

resources such as small gas turbines and fuel cells (Chiradeja and Ramakumar 2004) and 

renewable energy resources such as photovoltaics, wind turbines and biomass systems 
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(Guerrero et al. 2010).  The technologies have also been extended to include storage 

devices such as batteries and flywheels. The rating of a DG usually correlates with the 

maximum capacity of the distribution system or network (Ackermann et al. 2001). 

Ackermann et al. (2001) proposed that DG units are categorized according to their rating 

as follows:  

Micro distributed generation  < 5 kW                                                           

Small distributed generation  5 kW to 5 MW   

Medium distributed generation 5 MW to 50 MW   

Large distributed generation  50 MW to 300 MW   

 There are several applications of DG technologies to meet different electric load 

requirements. DGs can be used as standby, where they supply the required power to a 

facility or distribution network during outages in the main power grid–the current study 

evaluates the use of DGs, specifically wind turbines, as standby generators for the duration 

of hurricane-induced power outages in the electric power grid. Furthermore, a DG 

technology can be implemented as a standalone generator to provide power to isolated 

areas instead of connecting to an electric grid, or as a base load producer to supply part of 

the energy required to a network and to improve the system power quality by enhancing 

the system voltage profile (El-Khattam and Salama 2004).  

Distributed generation has great promise and the interest in this technology is 

growing. However, there are still technical challenges that is drawing back its 
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implementation especially in large scale electric systems. The next subsection discusses 

some of the identified challenges in literature.  

2.3.2. DG’s benefits and drawbacks 

Implementing DGs in an existing electric power system presents several technical and 

economic benefits, but along with implementation challenges. DG can significantly 

improve the reliability of power supply to customers when strategically installed and 

properly operated (IEC 2005-08). By supplying the load to local customers during 

upstream source outages, such as a failure in main generation plant, transmission grid or 

main distribution feeders, DG reduces the number or durations of sustained interruptions 

(outages) (Al-Muhaini and Heydt 2013; McDermott and Dugan 2002). Furthermore, DG 

can be configured to continue to energize a portion of a distribution network in the event 

of islanding, when the portion is separated from the main power system (Barker and de 

Mello 2000). Thus, industries, critical facilities or in general consumers can enjoy a more 

reliable power supply.   The power quality, which describes the degree to which 

characteristics of the supplied power match with the ideal voltage and current waveform 

(Eto 2002), can also be enhanced by DG principles (Pepermans et al. 2005). It can also 

serve as reactive power support, where it is used as standby capacity and provides loads 

during peak demand periods, thus reducing congestion in the power grid. Other major 

technical benefits of DG on a distribution networks are reduced line losses, reduced 

emissions of pollutants in the case of renewable technologies, and increased overall energy 

efficiency  (Chiradeja and Ramakumar 2004).  
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A major economic benefit of this distributed trend is that DG promotes 

liberalization of electricity markets whereby stakeholders in the industry adapt to changing 

demands in the most flexible way. For example, DG can be constructed in a shorter time 

compared to most of the central power plants because of their size (Pepermans et al. 2005).  

It provides a faster and cheaper alternative to expanding the capacity of transmission and 

distribution grid to accommodate for demand increase in area. IEA (2002) estimates that 

on-site power generation could result in cost saving in transmission and distribution of 

about 30% (Pepermans et al. 2005). Other economic benefits of DG include the efficient 

use of cheap and readily available local energy resources, reduced operation and 

maintenance costs of some of DG technologies, increased security for critical facilities, and 

lower operating costs due to peak shaving (Chiradeja and Ramakumar 2004). 

In spite of the aforementioned benefits that could be realized by installing DG in a 

distribution system, there are drawbacks in the technology which could negatively impact 

the system and its implementation. Major drawbacks include harmonics into the system 

injected by power converters which connect DG to the grid; over-voltage, voltage 

fluctuation and unbalances; and deviation of system frequency when there are imbalances 

between demand and supply. Furthermore, the stability and operation of the electrical grid 

could be affected using renewable technologies due to fluctuating power flow from some 

resources such as wind and solar (Molina 2012). 

Despite these challenges, events like Super Sandy and Hurricane Ike show the need 

for more resilient electric power systems (President 2013).  Researchers and stakeholders 

have identified advanced technologies such as micro-grids and distributed generation as a 
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viable alternative to improving the resilience of power systems (Bloomberg 2013; Quanta 

2009). However, the use of distributed generation as an emergency measure during a 

natural disaster in a large utility-scale electric grid has not received attention yet in 

literature.   

2.3. Wind Energy for Distributed Energy 

Wind energy is the fastest growing energy source in the world because it offers 

many advantages over other energy sources such as fossil fuels (Wiser and Bolinger 2013). 

Wind energy is a clean fuel source, and therefore does not produce air pollution. It is a 

sustainable energy source and currently among the most cost-effective renewable energy 

technologies available. These advantages has also made wind energy attractive for 

distributed generation applications. The subsequent subsections discuss the growth of wind 

energy and distributed wind generation particularly in the United States. They also review 

literature on the current challenges and available solutions associated with the integration 

of wind energy into an electric power system including its use as distributed generation.  

2.3.1. The growth of general wind energy in the United States 

Wind power continues to be the fastest growing renewable energy resource world-

wide owing to developments of its technology and favorable energy policies In the United 

States (U.S.), the cumulative wind power capacity grew from 1.4 GW in 1996 to a little 

more than 60 GW by the end of 2012 (Wiser and Bolinger 2013). Statistics at the end of 

2014 show that thirty-four states, plus Puerto Rico, have more than 61.3 GW of installed 
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capacity of wind energy. Texas continues to be the largest producer of wind energy with 

capacity of 12.4 GW, representing more than 20% of the nation’s total capacity, more than 

twice as much as the next highest state.  (Wiser and Bolinger 2013). California has the 

second largest cumulative capacity of wind turbines. The state had 5,542 MW at the end 

of 2012.  

The rapid growth of wind energy in the U.S. is driven by the continued federal and 

state incentives for wind energy developments as well as the improvements in the cost and 

performance of wind technology.  Wind technology has evolved significantly over the past 

three decades yielding economic and productive configurations for new wind turbines. The 

largest capacity of a single wind turbine has increased from 50 kW in 1980 to more than 

7.5 MW in 2014. In the U.S., the average capacity of wind turbine increased by about 170% 

since 1998 (Wiser and Bolinger 2013). The increased capacity came along with increases 

in the size of wind turbines. Since 1998, the average turbine hub height and the average 

rotor diameter have scaled up by about 50% and 96%, respectively.  Furthermore, Wiser 

and Bolinger (2013) observes that the average price of wind turbines has dropped 

substantially in recent years, likely due to technological advancements. The cost of newly 

installed wind energy projects has also declined over the time. The improved wind 

technologies coupled with reductions in turbine price and project costs continues to make 

wind energy a more attractive and viable energy resource as compared to other emerging 

energy resources.  

The growth and technological advancement of wind energy, including small size 

turbines, has sparked the deployment of wind turbines in distributed applications across 
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the U.S. The next subsection reviews the definition and growth of distributed wind energy 

in the states.  

2.3.2. Distributed wind generation 

The U.S. Department of Energy (DOE) Office of Energy Efficiency and Renewable 

Energy1 defines distributed wind in terms of technology application, based on a location of 

a distributed wind generation (DWG) unit relative to the end-use and the power distribution 

infrastructure, rather than size. In terms of location of DWG unit, a wind application is 

considered to be distributed if the unit is installed at or near the end-use to meet onsite 

power demand or support the operation of an existing distribution grid, or if the unit 

regardless of its location connects directly to the distribution gird or customer.  

A U.S. DOE market report (2014) asserts that nearly 72,000 domestic and utility-

size wind turbines have been installed in distributed applications across all 50 U.S. states 

and territories, representing a cumulative wind capacity of 842 MW. Figure 2.1 shows the 

cumulative capacity of distributed wind generation by U.S. States. Texas has the most 

distributed wind capacity of more than 180 MW installed since 2003, followed by 

Minnesota and Iowa. In 2013, 30.4 megawatts (MW) of new distributed wind capacity was 

added, representing nearly 2,700 units consisting of turbine models ranging from 100 W to 

2 MW across 36 states, Puerto Rico, and the U.S. Virgin Islands. 24.8 MW of the new 

                                                        
 

1 http://energy.gov/eere/wind/distributed-wind  

http://energy.gov/eere/wind/distributed-wind


 

40 

 

installations were made up of large wind turbines (100 kW), with self-supporting lattice or 

guyed monopole towers. Only 1% of the 2013 installed distributed wind capacity was 

reported to by vertical-axis and roof-top turbine models. About 85% of the distributed wind 

turbines were deployed to power remote homes, oil and gas operations, telecommunication 

facilities, rural water supply and other off-grid sites. In terms of distributed wind capacity, 

more than 97% of all installations in 2013 were connected to a distribution grid.  

  

Figure 2.1 – 2003-2013 Cumulative U.S. distributed wind capacity (Orrell and Rhoads-

Weaver 2013) 

Interest in wind energy applications in distributed generation is as a result of the 

merits and potential of the technology especially in the U.S. Besides the advantages of 

general distributed generation, presented in Section 2.2. of this thesis, DWG can simply 
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use the available capacity of local distribution grids and therefore does not require new 

transmission infrastructure2. The low-cost of operating wind turbines makes distributed 

wind application viable and completive in residential and commercial retail electricity 

markets. During natural disasters, distribution grids that are connected to DWG systems 

can provide electricity to the loads. To the best of the author’s knowledge, there is no study 

available in literature that has focused on the potential of DWG as emergency power 

generators. The current study looks at the use of distributed wind to produce the power 

needs of distribution grids in a large scale utility system.   

Despite the rapid growth of wind energy, including its use in distributed generation 

application and tremendous technological advancements made in the wind industry, 

penetration of wind energy in electricity grids continues to increase at a much slower rate. 

The next subsection reviews some of these challenges and offers potential solutions.  

2.3.3. Technical challenges and solutions to integration of wind energy 

Integrating wind energy into an electric power system in order to maximize the resource 

utilization, to sustain the growth of the wind industry (Ibrahim et al. 2011), and to ensure 

continual supply of electricity, is of keen interest to researchers, governments, developers 

and electricity providers. Adding wind turbines to a power grid has the benefit of reducing 

emission from electricity production and reducing the operation costs since the resource is 

                                                        
 

2 http://energy.gov/eere/wind/distributed-wind  

http://energy.gov/eere/wind/distributed-wind
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free and renewable.  However, there are a number of challenges associated with integrating 

large numbers of wind turbines into power networks. A major challenge is that wind is an 

uncertain and a highly variable energy resource (Fallahi et al. 2014). The high variability 

in its climatic characteristics (i.e., speed, direction and gusts) makes wind energy 

production uncontrollable and less predictable. Better forecasting tools, however, can help 

estimate the power production over a broad time period before delivery using average wind 

characteristics and technical information of wind turbines (Ibrahim et al. 2011), thus 

allowing better anticipation of wind energy injections into a power grid.   

Another challenge the industry faces as far as integration is concerned is that wind 

energy is highly sensitive to grid disturbance such as voltage dips or frequency variation, 

leading to a disconnection of its production during such incidents. The situation creates 

imbalance in the power network between demand and production. These challenges need 

to be overcome in order to rely on wind turbines to meet the growing needs of society and 

to maintain power flow in electric grids during contingencies, system evolution, and even 

potentially after disasters.   

However, the effects of variability of wind production, as well as the connection 

and disconnection of wind turbines to the power grid can be minimized. Wind turbines can 

be connected to a transmission system, with other complementary power plants which can 

compensate the intermittency of wind energy (Ibrahim et al. 2011). A hybrid generating 

system which combines energy from other resources can be pursued to maintain the 

stability of power networks with integrated wind energy. Reliable and uniform power 

supply by wind turbines, even when the grid system is under rare contingencies, can be 
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assured by using stand-by power plants, gas-fired power plants, as well as energy storage 

infrastructure and demand-side integration that balance the grid when energy deficits occur 

(Zafirakis et al. 2013). The use of battery energy storage facilities is currently under much 

consideration [e.g.  state of California (Harris 2013)] with the development of several 

technologies to support this approach (Fallahi et al. 2014; Khalid and Savkin 2014; Wu et 

al. 2014). Utility operators across the United States have also started implementing a 

number of these strategies that can facilitate the integration of the increasing amounts of 

wind energy available such as using larger balancing areas, wind forecasting and intra-hour 

scheduling (Wiser and Bolinger 2013).   

Also, the system reliability of entire turbines is still an evolving area of practical 

and academic research (Guo et al. 2009). Computationally efficient techniques, such as the 

closed-form methodology introduced in Chapter 4 of this thesis, can provide real-time 

predictions of wind turbine availability and help optimize maintenance planning while 

reducing downtime hours. Furthermore, damage mitigation measures like the addiction of 

tuned liquid column dampers (TLCDs) to towers, as developed in Chapter 5, can also 

improve the reliability of wind turbines and, by association, for future energy systems 

integration. 

The next subsection reviews some of the available methods for analyzing the 

reliability of wind turbines which are or can be used to predict wind turbine failures. 
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2.3.4. System reliability methods for wind turbines 

The reliability of a wind turbine as in the case of typical engineered complex systems is 

dependent on the reliability of its constituent subsystems or components. The state of the 

system at a given time can therefore be described by a Boolean or logical function of failure 

or survival of its component or subsystems. Analyzing the reliability of complex systems 

is generally not an easy task and occasionally infeasible due to the large numbers of 

components involved or incompleteness of information available (Song and Kang 2009). 

Monte Carlo simulation (MCS) is a widely employed method in many infrastructure 

reliability studies (Adachi and Ellingwood 2009; Dueñas-Osorio et al. 2007; Wangdee and 

Billinton 2007). MCS provides good approximations and is capable of handling multiple 

system-specific modeling conditions, correlations among events, and different system 

failure event definitions. However, the simulation approach has high computational 

complexity which increases as the number of components grows (Dueñas-Osorio and Rojo 

2011).  

Existing system reliability methods such as first order reliability method (FORM) 

have minimal flexibility to accommodate various types and amounts of information, and 

therefore their applications are typically limited to providing probability bounds for series 

and parallel systems (Song and Kang 2009).  Analytical or closed-form techniques are 

emerging as alternatives to numerical simulations because of their tractability, insight, and 

potential efficiency in evaluating system reliability, provided that some assumptions are 

met and problem-specific constraints bound the search in high-dimensional solution 

spaces. These approaches are traceable with explicit input-output relationships between 
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component and system failures, thus allowing for sensitivity analyses and easy 

determination of component importance measures. One such example is the combinatorial 

non-recursive approach used for bridge systems by Duenas-Osorio and Padgett (2011). 

Another such example is the matrix-based system reliability (MSR) method (Kang et al. 

2008). Approximate methods with the potential to explicitly provide error guarantees to 

hard computations provide alternative perspectives which are yet to be explored in systems 

engineering (Leyton-Brown et al. 2014).  

Specifically in the wind industry, a number of published works focus on reliability 

models of components of the wind turbine with very few studies assessing the reliability 

of an entire wind turbine system. Most previous studies [e.g., (Karki and Billinton 2004)] 

model wind as a stochastic process and combine it with the power-speed curve to determine 

the system-level reliability of wind turbines (Arabian-Hoseynabadi et al. 2010). Other 

studies have modeled wind turbines as part of a large power system instead of isolated 

systems. These studies directly focus on system-level reliability, while ignoring the effect 

of assembly or component level reliability. To incorporate component reliabilities, Markov 

modeling (Arabian-Hoseynabadi et al. 2010), failure modes and effects analysis (FMEA) 

(Arabian-Hoseynabadi et al. 2010), pre-posterior Bayesian decision theory (Sørensen 

2009) and fault-tree analysis (Sørensen and Toft 2010) are techniques which have been 

adopted in recent years to assess wind turbine reliability. A major drawback to the 

implementation of these methods is that they are computationally inefficient or infeasible 

at times for systems with large sizes (i.e., number of components). Also, most of these 

methods become too complex when attempting to account for correlation among 
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components and handle varying consequence effects of component failures. Hence, 

developments in lifeline system reliability, which routinely deal with component-to-system 

reliability problems, such as power distribution systems, continue improving their 

flexibility and computational efficiency, and can be adapted to wind turbines to overcome 

some of the noted difficulties.  For instance, Duenas-Osorio and Rojo (2011) recently 

proposed an analytical approach in a combinatorial form for obtaining the probability 

distribution of a customer service availability metric for generic radial distribution 

electricity networks. They also present a recursive solution to this system reliability 

technique that considers all possible 2N system failure events in efficient computational 

time O(N2) for a system with N components, and the possibility to account for correlation, 

although only via reliability bounds.  
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Chapter 3 

An Efficient Resilience Assessment 

Framework for Electric Power Systems under 

Hurricane Events 

This Chapter presents an efficient probabilistic framework for assessing the resilience of 

an electric power system subjected to a hurricane event. The framework integrates failures 

in both transmission and distribution systems, which are traditionally modeled separately. 

The proposed framework consists of five models: (1) a hurricane demand model that 

generates site-specific wind intensities based on a specified hurricane scenario, (2) 

component performance models that provide vulnerabilities to winds, (3) a new Bayesian 

Network (BN)-based approach to efficiently determine outage probability in the 

transmission system, (4) a system response model that to evaluate outages in 1 km2 blocks 

designated as distribution load points, and (5) a restoration model to simulate recovery 

processes based on the dynamic mobilization of resources and time allocations obtained 

from historical data. In the system response models, methods such as an influence network 

pre-processing strategy via DC power flow analyses, Minimum Spanning Trees (MSTs), 

and the Recursive Decomposition Algorithm (RDA) are employed to reduce the 
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computational complexity and time of system assessment. Thus, an efficient and tractable 

framework is obtained, which could be useful for exploring a wide range of what-if 

scenarios in a large real system. The electric power grid of Harris County, Texas is 

subjected to the 2008 Hurricane Ike wind field to illustrate the applicability of the proposed 

framework and computational models.  

3.1. Bayesian Networks 

A Bayesian network (BN) is a probabilistic graphical tool that can be used to 

efficiently represent uncertain information and dependencies. BN frameworks, originating 

in the field of artificial intelligence (Barlow et al. 1987), have become popular over the 

past decade in engineering (Langseth and Portinale 2007) and have found wide applications 

in many subfields such as fault finding (Langseth and Jensen 2003), structural and system 

reliability (Mahadevan et al. 2001; Straub and Der Kiureghian 2010), and risk analysis. BN 

facilitates probabilistic updating and performance assessment of components and system 

under uncertain and evolving information, thus providing an effective tool for near-real 

time and post-event applications (Bensi et al. 2011). It also allows a wide range of scenarios 

to be explored through the propagation of probabilistic information, making it an excellent 

framework for infrastructure risk assessment and decision support (Straub and Der 

Kiureghian 2010).  

A BN can be described as a directed acyclic graph with nodes representing a set of 

random variables and a set of directed links representing direct probabilistic dependence 

(Jensen and Nielsen 2007). Figure 3.1 shows a simple example of a BN with four variables
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1 2 5( , , , )X X XX . Each variable has a finite set of mutually exclusive states. The 

directed link shows the cause-effect relationship between a node and its parents. A node 

jX  is referred to as a parent of iX  if it has a directed or outgoing link pointing to iX  

(Langseth and Portinale 2007). In this case, iX  is said to be a descendent of jX . A set of 

parents of a node contains all the nodes that have a direct link from them to the node in 

question. For example, in the simple BN shown in Figure 3.1, 1X and 2X are parents of 3X

, denoted by    3 1 2,pa X X X  (in other words 3X is a descendent of both 1X and 2X ), 

implying that 3X is probabilistically dependent on 1X and 2X . Also, 3X is a parent of 4X  and 

5X . Nodes such as 1X and 2X , which do not have any parent, are regarded as root nodes. 

 

Figure 3.1 – A simple 5-node BN 
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In BN construction, a conditional probability table (CPT) is attached to each node 

to provide the conditional probability distributions of any state of the node on each of the 

combinations of the states of its parents. In other words, a CPT attached to a node with n 

number of parents has mn+1 number of entries of conditional probabilities if each node in 

the BN has m states (Bensi et al. 2011). Therefore, the size of the CPT for a node grows 

exponentially as the number of parents increases. For example, if each node in Figure 3.1 

has a binary state: either 1 for failure or 0 for survival, the CPT for a 3X  has 23 entries {

 3 10 | 0P X X  ,  3 10 | 1P X X  ,  3 11| 0P X X   ,…,  3 21| 1P X X  }. 

The joint probability distribution of n number of  1,..., nX X variables in a BN 

graph can be expressed as the product of the conditional probability distributions of each 

node on its direct dependencies (parents) as in Equation 2.1 by assuming conditional 

independencies between a node and all other nodes in the BN, except those that are directly 

linked to it.  

      1 11
P ,..., P |

n n

n i i iii
X X X P X pa X


   3.1 

where   |i iP X pa X is the conditional probability of node i given its parent node and 

 ipa X captures the parents of node i. Marginal probability probabilities are assigned to 

root nodes. In developing a BN for system performance assessment, the first step is to 

define the graphical structure connecting variables which should correspond to the physical 

and/or logical system of interest. Important variables that influence the problem should be 
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identified and included in the structure or model. The next step is to construct CPTs for 

each node of the BN model.  

A number of studies have recently used BN for assessing the reliability of power 

systems (Daemi et al. 2012; Ebrahimi and Daemi 2009; Huo et al. 2002; Yu et al. 1999). 

BN applications in many previous studies including the ones on power systems have often 

employed auxiliary system reliability methods such as fault trees and minimal link sets and 

cut sets to evaluate system performance. However, such methods only consider the 

physical topology of the system or connectivity between system and components, and 

therefore disregard the details on the physical flow of electricity in the system. These 

methods also require exhaustive searchers for exact assessments.  Thus, a BN-framework 

which relies on functional or flow-based models such as the direct current (DC) power flow 

model may be more suitable for complex electric power grids as it captures the physics of 

the system, and also the actual long-range yet limited electric influences of component 

failures on other system components (thus keeping the size of CPTs under control).   

3.2. Resilience Assessment Framework  

The probabilistic framework, illustrated in Figure 3.2, for assessing the resilience of an 

electric power system consists of the following models:  

1. A hurricane demand model HC to determine specific wind intensities 

 1,..., nw w based on a hurricane scenario at n component locations given a 

hurricane.  
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2. A component performance model to compute the vulnerabilities of n electric 

grid components  1,..., nC C , including substations, transmission lines, 

distribution lines, distribution nodes, and local distribution circuits, while 

accounting for tree-induced damages.   

3. A Bayesian Network-based system response model to evaluate the outage 

probabilities of the transmission system at m electrical substation sites

 
1
,...,

msubsys subsysS S . 

4. A second system response model to estimate the expected number of customers 

without power in p 1 km2 square blocks  
1
,...,

pdist distS S , designated as 

distribution load points or nodes within the entire area of interest. 

5. A restoration model to simulate the recovery process for damaged components 

in the system according to resource mobilization and repair sequences 

undertaken in historic events.  This model generates the restoration curve for 

quantifying system resilience given a scenario hurricane. 

The subsequent subsections describe the five models in detail. 
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Figure 3.2 – Hurricane-resilience assessment framework for electric power systems   

3.2.1. Hurricane demand model 

For the outage assessment process, a demand model which characterizes the hazard 

associated with specified hurricanes is needed. Barbato et al. (2013) identifies three 

approaches with increasing complexity that can be employed to describe hurricane 

demand: (1) directly generating site-specific gust wind velocities from existing hurricane 

data with associated probability distributions, (2) using a Monte Carlo approach for 

sampling parameters from statistical information to obtain a mathematical representation 
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of the hurricane, from which site-specific hurricane parameters can be derived, and (3) 

modeling the full track of the hurricane, from its formation until final dissipation. This 

study relies on the Federal Emergency Management Agency’s Multi-Hazard (HAZUS-

MH) assessment tool3, which models the full track of the hurricane following the third 

approach, to simulate the wind field for a given hurricane scenario. HAZUS-MH is widely 

used to estimate the impact of extreme events such as hurricanes, floods and earthquakes 

on buildings and infrastructure components. The software provides hazard map data using 

geographic information systems (GIS). HAZUS provides wind characteristics at the census 

tract level for a specified or simulated hurricane scenario. The study further uses ArcGIS 

geostatistical analyst toolbox to generate spatially varying winds with specific gust speeds 

for locations at 1 km2 block level within the entire electric grid based on the winds from 

HAZUS. The specific wind intensities are used by performance models in the next section 

to determine hurricane-induced damages of components.  

In this thesis, a scenario-based resilience modeling is discussed. However, the 

resilience framework can be readily used for risk-based resilience assessment of an electric 

power system, where several hurricane scenarios with the associated uncertainty in their 

hazards are considered to quantify the overall resilience over a period of time (e.g. annual), 

in a very efficient manner.   

                                                        
 

3 www.fema.gov/plan/prevent/hazus/index.shtm  

http://www.fema.gov/plan/prevent/hazus/index.shtm
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3.2.2. Component performance models 

A component performance model probabilistically describes the behavior or response of 

the constituent components in an electric power grid subjected to a hurricane event given 

an intensity measure level.  Components of the power grid could be modeled with multiple 

states based on the power supply, demand or flow levels after an extreme event, but they 

are modeled in this study as having binary states (fail or survive) as commonly observed 

in practice. A complete electric power grid comprises of three main systems: generation, 

transmission and distribution, with critical components within each system. Generators or 

power plants, which mainly make up the generation system, usually have high structural 

reliability against hurricanes, and are therefore not included in the framework at this time 

(Winkler et al. 2010). However, their performance models can be incorporated in the 

framework if their wind- and flood-induced fragilities are developed in the future. The 

transmission system mainly consists of electrical substations and transmission lines, while 

the distribution system comprises mainly of distribution poles, conductors and customer 

service drop lines. 

Fragility functions, obtained from HAZUS-MH 4 internal files4, are employed here 

to characterize the vulnerability of electrical substations to hurricane.  Fragility functions, 

which are developed based on the structural characteristics and layout of a substation, 

express the likelihood of a component to experience a moderate (j = 1), severe (j = 2) or 

                                                        
 

4  www.fema.gov/plan/prevent/hazus/index.shtm  

http://www.fema.gov/plan/prevent/hazus/index.shtm
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complete (j = 3) damage state for a given wind speed. Slight damage state is ignored in this 

study because it is not considered in this study strong enough to cause significant outages 

in the transmission and the distribution system levels. The probability that substation i 

undergoes damage D which exceeds  the jth damage state jd   given wind speed wi at the 

location of the substation  ,P 1| ( )i j iSubst HC w can be evaluated using the standard 

normal cumulative distribution function (CDF), ( )  as:  

    ,

,

,

In 
P 1| ( ) P |

i j k

i j i j i

j k

w
Subst HC w D d w





 
     

 
 

 3.2 

where ,j k and ,j k  are the logarithmic mean and the standard deviation, respectively, for 

the  jth  damage state, and modelled terrain type k. The set of the parameters are provided 

in Table 3.1. k = [1, 2, 3, 4, 5] represent open, light suburban, suburban, light urban and 

urban terrains, respectively. The BN model, discussed in the next section, uses the 

probability of reaching or exceeding the moderate damage state  1P | iD d w  to 

determine the survival or failure of substations in computing the outage probabilities in the 

transmission system. However, the probabilities of the substations to experience a 

moderate, severe or complete damage are used in the restoration model since repair times 

of substations depend on the level of damage. 
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Terrain 

type k 

    

Damage state j 

Moderate 

(j=1) 

Severe  

(j=2) 

Complete 

(j=3) 

Moderate 

(j=1) 

Severe 

(j=2) 

Complete 

(j=3) 

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 3.1 – Parameters  and   for substation fragility curves. 

Transmission lines, which carry electric power from generation plants to a 

substation or from a substation to another, comprise of support structures (poles or towers) 

and lines between the structures.  The wind-induced failure probability of an entire 

transmission line between a plant and a substation or two substations is approximated by 

the probability that at least one of its support structures fails. The effect of tree falls during 

hurricanes on transmission lines is minor and less frequent because they are carried on 

towers that are better engineered and are much taller than urban trees while also ensuring 

wider rights of way. As tree-induced impacts on the lines are ignored in this study.  The 

distribution network is made up of three main components: conductors or lines, utility 

poles, and customer service drops.  Electric power from transmission substations is carried 

on distribution lines to local distribution nodes (transformers), and then through service 

drop lines to customers. In the absence of abundant field data or experimentally derived 

fragility functions for line components, this study approximates failures for transmission 

lines, distribution poles and conductors based damage models developed by  Quanta 
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Technology (Quanta 2009). These damage models are exponential and power functions 

that relate the failure rates of these components to wind speed. The component failures are 

assumed to follow Poisson distributions with failure rates summarized in Table 3.2 

summarizes.  

Distribution conductors and service drops are usually carried on overhead lines, or 

through buried underground conduits in densely populated areas. Buried conduits are 

usually insusceptible to hurricane winds, even though they may be damaged by hurricane-

induced floods, which is beyond the scope of this study. As such, the failure probability of 

a distribution pole, conductor or a customer service drop is weighted by a factor (1-α), 

where α represents the likelihood that the component is buried underground and therefore 

not exposed to hurricane winds. For example, CenterPoint Energy Inc. has 21,763 miles of 

its 49,875 miles (44%) distribution lines in the Greater-Houston area, Texas buried 

unground5. Hence α is set as 0.44 in this study’s illustrative example. Also, historic events 

have revealed high vulnerability of distribution conductors and service drops if carried on 

overhead lines to tree falls. Equation 3.5 (in Table) used for determining the failure rate of 

a distribution span or conductor between two poles implicitly accounts for trees and flying 

debris (Quanta 2008). The failure probability of a customer service drop is given by the 

product of wind-throw probability wTp  and the average outage rate of customers given tree 

                                                        
 

5  
http://www.centerpointenergy.com/about/companyoverview/whatwedo/electrictransmissionandd
istribution/  

http://www.centerpointenergy.com/about/companyoverview/whatwedo/electrictransmissionanddistribution/
http://www.centerpointenergy.com/about/companyoverview/whatwedo/electrictransmissionanddistribution/
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wind-throw  . A logistic model (Canham et al. 2001), which simultaneously accounts for 

local wind severity and species susceptibility to wind throw, is used to estimate wTp . The 

equation is also given in Table 3.2, where sa , sb  and sc  are species-specific constants, 

kS  is the wind intensity (on a scale of 0-1) at the distribution load point, and DBH is the 

tree diameter in cm at the breast height (Winkler et al. 2010). The value of    should 

reflect vegetation and on the efforts of trimming trees by the utility provider. 

Quantity Equation Reference Eq. 

Failure rate of a 

transmission support j    0.083472 10 e j

j

w

transline jw    Quanta 2009 3.3 

Failure rate of a 

distribution pole i 
0.0421

, ( ) 0.0001e iw

distpole i iw   Quanta 2009 3.4 

Failure rate of a 

distribution 

conductor k 

12 5.1731

, ( ) 8 10distpole k k kw w    Quanta 2008 3.5 

Failure probability of 

a customer service 

drop l 
, ,(1 )circuit l windthrow lPf Pf    

Ouyang and 

Duenas-Osorio 

2012 

3.6 

Wind throw 

probability wTp  
log

1
sbwT

s s k

wT

p
a c S DBH

p

 
  

 
 Canham et al. 

2001 
3.7 

Table 3.2 – Equations and quantities for determining the failures of transmission lines 

and components of the distribution system. 

3.2.3. BN-based outage model for transmission system 

A Bayesian network (BN)-based model is developed and used to evaluate the 

outage probabilities of substations as function of the failure probabilities of components 

within the transmission system of an electric power grid. Outage probability is determined 
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at each substation in the transmission system via a BN approach, which captures the failure 

events of all individual components (substations and transmission lines). Considering a 

substation j in an electric power system, there are 2n possible combinations of component 

events, with n being the number of components in the entire system, which could directly 

or indirectly cause a functional failure or outage at the substation, even when it does not 

experience damage. Thus, the computational complexity of constructing conditional 

probability tables (CPTs), containing the conditional probability distribution of any state 

of a component in the BN on each of the combinations of the states of its parents, results 

in an exponential function of n.  As such, a DC flow model is employed here to pre-

determine a physics-based influence network or matrix that contains all substations and 

transmission lines within the electric power grid whose failures directly reduce the capacity 

of substation j to supply the power demand, when they fail individually (n-1 node or link 

removals). The n-k component removal analyses with k ≥ 2 may be needed to completely 

identify all the components whose joint failures affect the jth substation, especially the ones 

which do not individually affect the substation. However, considering the computation cost 

of such analyses, the study considers only the n-1 node removal analysis to be adequate for 

now because the hurricane-induced failure probabilities of individual components in the 

transmission system are usually small, and therefore the probability of observing joint 

component functional failures is insignificant.  

The DC flow model is an optimization flow-based model that takes into account 

load rescheduling and cascading failures, while satisfying flow constraints in the system. 

The DC flow analysis improves the computational efficiency of the BN approach 
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drastically by revealing the transmission lines and substations that affect substation j. Thus, 

only these components 1 2, ,...,
jnC C C numbering nj become its parent nodes and are used to 

construct the CPT of substation j instead of the entire n components.  

Based on BNs’ inherent assumption of conditional independence among events 

(Markov property where an event at a node is only determined by the states of only its 

direct parent(s)), the joint probability of a system event in substation j, its component 

events and the hurricane occurrence is given by  

       
1 1 1

P , , ( ) P | P | ( ) P
j j j

j j

n n n

subsys i i i subsys i i i i ii i i
S s C c HC w S s C c C c HC w HC

  
       3.8 

where s is the system event at substation j and takes the value of 0 if the substation is fully 

energized to supply its power demand, otherwise it takes the value of 1 (outage), Ci is the 

damage state of component i (ci =1 if Ci experiences at least a moderate damages, otherwise 

ci =0),  1
P |

j

j

n

subsys i ii
S s C c


  is the conditional probability of a system event at 

substation j given a combination set of component events,  1
P | ( )

jn

i i ii
C c HC w


  is the 

conditional probability of component events given that hurricane occurs with the specific 

wind speed wi at the ith component site, and  P HC  is the probability of occurrence of the 

hurricane, which is taken to be 1.0 since a single hurricane scenario is considered in the 

study.  

By marginalizing the joint probability (Eq. 3.8) over component fragilities and the 

hurricane occurrence, the outage probability of substation j,  P 1
jsubsysS  can be given as: 
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     2 1

1 1 1
P 1 P 1| P | ( )

n j
j j

j j

n n

subsys k subsys i ik k i ik ik i i
S S C c C c HC w



  
      3.9 

where a subscript k is added to terms in Eq. 3.9 to represent one of the realizations of the 

power set or 2n combination of component states. If only the sets or the combination of 

component states that cause a system failure based on the DC power flow analysis is 

considered, then, 

 P 1| 1  
j

nj

k subsys i iki
S C c k     3.10 

and 

   2 1

1 1
P | ( ) 1 P 0 | ( )

n j
j jn n

k i ik i k i ii i i
C c HC w C HC w



 
     3.11 

Thus, Eq. 7 can be reduced to  

   1
P 1 1 P 0 | ( )

j

j

n

subsys k i ii
S C HC w


    .  3.12 

These outage probabilities in the transmission stations provide functional 

constraints when evaluating the hurricane-induced outages at the different locations of the 

distribution system as discussed next.  The Bayesian Network approach, apart from making 

the outage model computationally efficient with the introduction of the influence networks, 

also allows for real time updating of the probabilistic information with new evidence 

especially in this era of smart grids. 



 

63 

 

3.2.4. Distribution system outage model 

This section presents a new model which uses either of two approaches to assess hurricane-

induced outages in terms of probability or number of customers without power based on 

component damages of the distribution system as well as the transmission system. Since 

information on the topology and structure of distribution systems of most cities are 

unavailable, the next subsection describes a methodology for constructing networks as a 

realistic representation of the main distribution feeders in a system. Then the outage model 

to propagate damages in constructed distribution networks is given in a subsequent 

subsection.  

3.2.4.1. Construction of distribution networks 

Whereas the topology and relevant information on generation and transmission networks 

of the entire U.S. electric power grid can be obtained from commercial entities such as 

Platts (2009), that of the distribution system for cities or regions, which is designed and 

maintained by utility companies, is often not available to the public, mainly for security 

concerns. Since distribution networks operate in radial configuration to minimize energy 

losses, even though they have a mesh structure, they can be adequately represented by 

minimum spanning trees (MSTs) (Cavellucci and Lyra 1997; Montoya and Ramirez 2012).  

A minimum spanning tree (MST) is simply a tree which connects all the nodes in a graph 

together with the least weight. A tree, in network science, is a connected subgraph 

connecting all the nodes (vertices) with branches (edges) but without cycles, i.e. a tree is a 

connected acyclic graph.  The study uses Matlab’s inbuilt Prim algorithm, which finds an 
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acyclic subset of edges that connects all the nodes in the graph and minimizes the total 

weight by adding a minimal edge that connects a node in the growing MST with any other 

node at a time (MathWorks 2014).  

This study idealizes the distribution grid by considering the midpoint of Key Map 

1 km2 blocks of the region of interest as distribution load nodes. In an electric 

infrastructure, these distribution load nodes are the distribution poles which carry 

transformers. The region of interest is divided into substation service areas, i.e. each service 

area covers the tributary of a substation. Each substation is considered to supply electric 

power to all the distribution load points within its service area. A MST, which originates 

from the substation to the distribution nodes, is built to represent main feeders and laterals 

of the distribution network within the service area. Multiple distribution networks can be 

constructed to originate from a single substation if the substation supplies power to more 

than 20 distribution nodes to avoid having extremely long and unrealistic radial networks. 

The individual distances between the substation and the nodes, and between the nodes 

themselves are used as weights in formulating the MST problem, since they relate to 

electricity resistance. Figure 3.3 shows a typical MST-based distribution network. The 

edges of the networks are considered as distribution lines between the distribution nodes 

or transformers. The number of distribution conductors or poles along a distribution line 

(edge) is determined as the line length divided by the average (typical) span between two 

adjacent poles, which is set as 0.042 km based on utility data (Quanta 2009). Service drops 

connect customers to the main feeder and/ or lateral within each KeyMap square.  



 

65 

 

 

Figure 3.3 – (a) Illustrative substation service areas and their feeder service territories (b) 

Main feeder within a feeder service territory built as MST 

3.2.4.2. Outage model for distribution system 

The study uses two approaches to assess hurricane-induced outages based on the 

computed failure probabilities of all components in both transmission and distribution 

systems. The first is the Monte Carlo Simulation (MCS)-based approach, which directly 

computes outages in terms of the expected number of customers. The approach is 

summarized in Figure 3.4. In each simulation, m (number of transmission stations) of 

random variable realizations from a uniform distribution [0, 1] are generated and compared 

to the outage probabilities of substations (calculated using Eq. 3.12) to determine the 

functional states (energized or de-energized) of the transmission stations. Similarly, 

uniformly distributed random variable realizations within [0, 1] are simulated to determine 
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the number of damaged distribution poles, nodes and service drops by comparing the 

variables to their computed failure probabilities based on Equations 3.4, 3.5, 3.6 and 3.7, 

respectively. An adjacency matrix that contains the connections among the substation and 

the distribution load points based on the minimum spanning trees (distribution networks), 

and updated to reflect the functional states of the components is built for each substation 

service area.  All the customers within a KeyMap block are considered to be without power 

if the substation connecting its distribution node is de-energized or if no path is found, 

using path search algorithms, between the node and substations due to the failure of at least 

a pole or conductor along its main feeder supplying power to it. Otherwise, the number of 

customers experiencing outages is determined as the number of damaged service drops 

which connects individual customers to the main feeder within its block.  Average values 

of all the simulations are taken as outages within the distribution system. The MCS 

approach, is used in to propagate uncertainty in the restoration process, even though the 

approach is computational inefficient as compared to the RDA, which is discussed in the 

next paragraph.  
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Figure 3.4 – MCS-based outage model for distribution system 

The second approach employs the recursive decomposition algorithm (RDA) to 

evaluate the exact connectivity reliability of each node (distribution load point) within the 

network using the outage probability of the substation and the failure probabilities of the 

distribution conductors and poles. RDA is a non-simulation-based algorithm that identifies 

critical cut and link sets based on shortest paths from the source (substation in this case) 

and a node, recursively using a graph decomposition scheme (Li and He 2002; Lim and 

Song 2012). Using RDA significantly improves the efficiency of assessing the network 

reliability over Monte Carlo Simulations. The outage probability within a KeyMap is 

computed as a series system of its disconnection probability computed by RDA and the 

average failure probability of its customer service drops. The RDA-approach is thus 
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employed throughout the studies except in resilience assessment where restoration 

modelling is required.  

3.2.5. Restoration model  

The study adapts a restoration model developed by Ouyang and Dueñas-Osorio (2014) to 

simulate the restoration process by making the model more efficient. The model 

incorporates two important considerations: resource mobilization and sequence for 

restoration. It assumes that all resources have the same effectiveness, and that a repair team, 

comprising of crews, equipment, vehicles and replacement components, forms a single unit 

of restoration resource. Thus, each damaged component, whether it is a substation, a local 

circuit, distribution node or conductor, needs one unit of resource for its recovery. 

However, the time required to repair and restore a damaged component depends on the 

type of components.  

Based on HAZUS-MH 4 data6, the repair time in hours for a wind-induced failed 

substation could be simulated as a random variable that satisfies a normal distribution ~ 

N(72h, 36h), N(168h, 84h) and N(720h, 360h) depending on the damage level – moderate, 

severe or complete. The repair times for each damaged transmission tower, distribution 

node, conductor and local circuit are assumed as normally distributed variables with N(72h, 

36h), N(10h, 5h), N(8h, 4h) and N(1h, 0.25h), respectively. The available resources for 

                                                        
 

6  www.fema.gov/plan/prevent/hazus/index.shtm  

http://www.fema.gov/plan/prevent/hazus/index.shtm
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restoration are modelled as an increasing function with time to reflect the dynamic process 

of resource mobilization. The initial restoration resource RR1, available immediately after 

the hurricane landfall, is set at the number of repair resources owned by the utility company 

itself.  Most utility companies belong to electric utility mutual assistance programs which 

provide linemen and tree trimmers from other regions when their system suffers damages 

from storms. Hence, the amount of restoration resources usually increases with time as a 

utility company receives support to a maximum value RR2.  

For establishing the restoration sequence, the model first considers failed 

transmission substations and distribution nodes which are closest to critical facilities such 

as hospitals, gas compressors and water pumping plants. The model prioritizes restoration 

according to the repair times for these components, starting with the component with the 

least repair time. After the repair of these components, the study simulates the repair of 

damaged distribution lines comprising of conductors and poles, from substations to the 

distribution load point, in three different ways. In the first case, distribution load points are 

prioritized without regard to their geographic location or service area similar to the strategy 

introduced by Ouyang and Dueñas-Osorio (2014). Distribution lines are selected for repair 

randomly, according to the number of customers served directly by the individual lines (i.e. 

number of service customers (NSC) within their 1 km2 KeyMaps) or according to the ratio 

of their NSC to the repair time of damaged components in their KeyMaps. This strategy 

produces the fastest recovery process especially where the number of customers are used 

as basis for ordering restoration. However, it may be impractical and ineffective way of 
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managing resources since it may require repair crew to move haphazardly within the entire 

system just to repair single distribution lines. 

For the second approach, the substation service areas to which distribution lines 

belong to are considered for prioritization. The substation service areas are ordered 

randomly or according to the total number of customers within the individual service areas 

or the ratio of the total NSC to the total repair time. Then for each selected service area, 

repairs begin with distribution lines closest to substation and then continue downstream to 

those farthest from the substation.  The third approach is similar to the second one except 

that prioritization is done based on feeder service areas instead of substation service areas. 

In this approach, the repair follows the main feeder by starting from the distribution line 

which connects the network (built as MST) to the substation, regardless of the method of 

selection (random or according to total NSC or NSC to repair time ratio of the feeder). 

Customer service drops are given the lowest priority and are repaired according to the 

number of served customers in the square block they belong to.  

A restoration curve is thus simulated to relate the fraction of customers with power 

and the time after hurricane landfall, considering the available resources and restoration 

sequence described above. Another major difference between the current restoration model 

and the one given by Ouyang and Dueñas-Osorio (2014) is that, by using the Bayesian 

Network approach with the physics-based influence network from DC flow analysis that 

efficiently captures interactions or dependencies between component failures at the 

transmission level, the current model avoids running the DC flow model at every instance 

of time in the restoration process. Thus, the current restoration model simulates the curve 
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in a computationally affordable manner that is also intuitive to users in practice as the BN 

framework emulates long-rage effects known empirically to occur. This restoration curve 

can then be used to quantify the resilience of the electric power system for a given hurricane 

scenario.  Resilience can be computed as the ratio of the area under the restoration curve 

within the entire restoration period by the restoration period, given that the fraction of 

customers with power should have a normalized constant value of 1 if the power system is 

undisturbed.  

3.3. Application Example 

The electric power grid of Harris County, Texas, U.S. is used to illustrate the 

implementation of the BN-based hurricane-induced outage risk framework. The following 

sections describes the Harris County power grid and demonstrates the application of the 

proposed framework. Also, actual outage data recorded during Hurricane Ike 2008 are used 

to verify the methodology. 

3.3.1. Harris County power grid and hurricane winds 

The Harris County power grid is owned and maintained by CenterPoint Energy, Inc. This 

system supplies electricity to about 1.7 million customers via high voltage transmission 

grids and low voltage distribution networks. The information on the power transmission 

grid is obtained from Platts (2009). Error! Reference source not found. shows the 

geographical representation of the transmission system. The Harris County power 

transmission system consists of 23 power plants or generators and 394 transmission 
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substations. There are 551 edges representing the transmission lines connecting the nodes. 

The Harris County power grid is an open system, meaning that it connects with other 

substations or power plants outside the Harris County area. The study therefore adds virtual 

generators with equal capacity as their connected transmission lines going out or coming 

into the area (Ouyang and Duenas-Osorio 2012).  

 

Figure 3.5 – Harris County power transmission grid  

The DC flow analysis reveals that the power capacities of 83 substations drop below 

demand (system level performance) by the individual failures of other substations 

(component level) besides themselves. The DC flow analysis solves the problem of dealing 

with components within the electric grid which have no effect on the performance of a 
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particular system, thus reducing the size of the CPTs. Substation systems have component 

sizes (containing substations and transmission lines) ranging from 1 to 7 for n-1 

contingencies, where n is the number of components of the network, and the contingencies 

are the failure of any one of them at a time.  Other contingencies, such as n-2 or n-p for 2 

< p  n could be considered in the future, although their assessment becomes 

computationally infeasible for large systems.  However, large g results in highly infeasible 

combinations, so low g is suitable in practice. 

Information on the electric distribution network for Harris County, like in most 

places in U.S., is not publicly available.  There are a total of 3,330 1 km2 blocks in the 

Harris County Key Map, whose midpoints are idealized as distribution load points along 

main feeders in this study. Critical distribution load points, within which critical 

infrastructure such as hospitals, gas compressors and water pumping plants are located, are 

identified and prioritized in the restoration process. The tributaries of the substations within 

the county area are used to form 344 substation service areas. Each substation is considered 

to supply electric power to all the distribution load points within its service area. As 

described in a previous section, a minimum spanning tree (MST), which originates from 

the substation to the distribution nodes, is built to represent main feeders and laterals of the 

distribution network within the service area. Depending on the size of the substation service 

area, a single or multiple (up to eight) distribution networks (feeders), which receive power 

supply by the substation, are constructed.   

A hurricane scenario with similar characteristics of Hurricane Ike which struck the 

Houston region on September 13, 2008 is generated using the HAZUS software for this 
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study. Figure 3.6 shows the variation of wind gusts across the Harris County. The hurricane 

was classified as a large category 2 hurricane with winds extending 443 km from the center 

when it made landfall in Texas. The hurricane event resulted in the largest power outage 

in Texas history with about 2.15 million out of 2.3 million customers, representing more 

than 95% of CenterPoint Energy users in the greater Houston area (including Harris County 

which is being used in the study) without electric power for four to eighteen days 

(Centerpoint 2009). 

 

Figure 3.6 – Variation of generated Hurricane wind gusts Ike across Harris County.  
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3.3.2. RDA vs. MCS approaches 

As explained in Section 3.2.4.2, outages at the customer units can be determined using 

either the Recursive Decomposition Algorithm (RDA) or Monte Carlo Simulation (MCS) 

approaches.  Figure 3.7a compares the overall outages computed by RDA and MCS 

approaches in terms of probability and percentage of customers without power, 

respectively. Note that the outage probabilities of individual KeyMap squares by RDA 

approach are weighted by their relative number of customers to obtain the overall 

probability of the entire electric power system. The figure shows that at least 200 

simulations are required in using the MCS approach to obtain convergence with 

insignificant variability (standard deviation of 0.053% in the overall outage percentage). 

The RDA approach predicts an overall outage for Harris County power system as 91.12%, 

which strongly agrees with value (91.14%) produced by MCS after 200 simulations. 

However, Figure 3.7b shows that MCS approaches requires significantly much more time 

even for 50 simulations or more than the RDA approach. MCS approach takes more than 

6 minutes to obtain stable outage results (i.e. for 200 simulations) as compared to only 25 

seconds required by the RDA approach. The RDA approach is therefore much more 

efficient and therefore is used in outage assessments except when restoration modeling is 

considered. In that case, because of the uncertainty in restoration parameters as well as 

inconsistencies in the restoration process due to human interventions, MCS provides the 

most suitable approach.   
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(a) (b) 

Figure 3.7 – Comparsion of RDA and MCS approaches (a) Overall outages and standard 

deviation, σ (b) Computation time  

3.3.3. Predicted outages in the Harris County for Hurricane Ike 

Results from the BN-based model (Eq. 3.12) for transmission system responses generally 

show that substations are less likely to experience outages than distribution systems, in 

alignment with empirical observations. This is expected because transmission lines and 

substations, whose failure leads to outages at large service areas, are engineered according 

to guidelines and best practices, and are also less susceptible to tree-fallings from more 

stringent right-of-way maintenance. As such, they have significantly lower hurricane-

induced damage probabilities (marginal and joint) than components of the distribution 

network. The low probabilities at substations provide vital information because such rare 

occurrences have great impacts on the distribution network, and are usually associated with 
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higher costs and specialized restoration as compared to outages in the distribution system. 

The highest outage probability in the substations across the entire Harris County is 3.5%.  

Figure 3.8  shows the fraction of customers without power in each 1 km2 block 

based on the system responses model for the distribution system under Hurricane Ike. The 

outages are estimated using the hurricane-induced substation outages and damages to 

distribution nodes, lines and customer drop lines. Widespread outages are predicted to 

occur at the customer level across the entire county, an occurrence that was observed during 

the actual hurricane event. About 2,922 out of the 3,330 (88%) square blocks have at least 

80% of their customers without power for this event. In the event of hurricane Ike-like 

storms, only three 1 km2 KeyMap in the entire electric grid have less than 30% of their 

customers experiencing outages. Overall, the framework predicts about 91.1% of 

customers within Harris County to suffer outages owing to structural damage, mainly of 

components in the electric power distribution system.  
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Figure 3.8 – Predicted outages in percentages across Harris County due to Hurricane Ike 

winds.  

3.3.4. Comparison of predicted and observed outages 

The study further compares the predicted outages with reported outages by CenterPoint 

Energy in Harris County in the immediate aftermath of Hurricane Ike 20087. Reported 

outage percentages are according to ZIP codes in the County. As such, the predicted 

numbers of customers without power in the square blocks are aggregated to the ZIP code 
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level based on their geographic locations. Figure 3.9 shows the geographical differences 

(or errors) between predicted and reported values for outage percentages at the ZIP code 

level, which may be attributed to assumptions in the model and inconsistencies in the 

observed data. The root-mean-square error (RMSE) of predictions by the model is 21.6%. 

CenterPoint Energy acknowledges that there were significant anomalies in the outage data 

collection during 2008 Hurricane Ike, which could also contribute to the disparity in the 

values. Outages of 100 (72%) out of the 141 ZIP code areas are predicted with errors of 

20% or less whiles the framework predicted outages for only 6 ZIP codes with errors more 

than 50%. It is insightful to know the error tends to be higher in ZIP codes with less 

population, and in parts of the County where there are few transmission substations that 

are widely spaced. Also, the implementation of the wind-throw model, which relies on site 

and species-specific parameters, suffered from paucity of tree or vegetation data for Harris 

County.  As such, parameters that described the general vegetation for the county but not 

site-specific were selected, which may have contributed to high errors in these locations 

that also have high tree cover. There are ongoing studies to improve these aspects of the 

assessment model in order to reduce the predictive error significantly. However, it is 

interesting to note that the model provides a reasonable estimate of the overall outage 

distribution across the entire County. Outages reported by CenterPoint Energy8 indicates 

that overall 86% of their customers in Harris County experienced power outages when 

Hurricane Ike struck in 2008 as compared to 91.1% outage predicted by the framework 
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across the entire County. Distribution networks usually have a mesh structure and therefore 

have loops across networks (degree of redundancy) which improves their reliability. 

Modelling the networks as radial structure ignores the degree of redundancy, hence the 

slight over-prediction of outages by the assessment model. Nevertheless, the observed and 

predicted outages closely match, which validates the developed framework.  

 

Figure 3.9 – Difference between predicted and reported outage percentages at the ZIP 

code level across Harris County under Hurricane Ike. 

3.3.5. Sensitivity of outage predictions to parameter variations 

The component performance models in Section 3.2.2 are functions of the site-specific wind 

intensities, implying that the spatial distribution of component damages should have a 
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similar trend as the distribution of wind gusts in Figure 3.6. However, due to the dominant 

effects of underlying structure of the electric power system (redundancy and cascading 

effects), the variation of wind intensities across the county does translate into the same 

variation of outages in Figure 3.8. To ensure that the outage model is sensitive to diverse 

wind conditions, and not over-fitted to Hurricane Ike winds, simulations were done using 

various wind fields. 

Figure 3.10 shows outages across the Harris County predicted by the assessment 

model for different hurricane scenarios as well as normal conditions. The first figure shows 

the spatial distribution of outages where the model is subjected to wind gust data for a 

normal (non-storm) day obtained from NOAA. The average wind gust is 14.57 mph. Under 

normal conditions, the model predicts insignificant outages attributable to a storm across 

the county with an overage outage of 0.66%, which is expected. Furthermore, by assuming 

the same path, diameter and other characteristics except the wind intensities as 2008 

Hurricane Ike in the county, the Hurricane Ike wind gusts are factored by 0.86, 1.17, 1.42 

and 1.6 to estimate the wind gusts for Hurricane Categories 1, 3, 4 and 5, respectively. The 

factors are determined based on Saffir-Simpsong hurricane wind scale. As anticipated, 

Figure 3.10 shows that the severity of outages across the county increases as the category 

rises resulting from the different damages – moderate, extensive, devastating, catastrophic 

and total catastrophic – by the different hurricane scenarios on the county’s electric power 

system. For instance, almost all the distribution poles are likely to fall under Hurricane 

Category 5 winds leading to a total blackout of the entire county, as rightly predicted by 
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the model. The overall predicted outages are 0.794, 0.911, 0.970, 0.993, and 0.997, 

respectively, for Hurricane Categories 1, 2, 3, 4 and 5 winds.  
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Figure 3.10 – Sensitivity of predicted outages to different wind conditions in Harris 

County 
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Outage predictions also depend on two modeling parameters – α which represents 

the likelihood of distribution lines being buried and β which is the average outage rate of 

customers given tree wind-throw – which affect the performance of customer service drops 

only as seen in Table 3.1. These factors are not explicitly known but are set in accordance 

to observed data and practices. For instance α is set as 0.44 throughout this study because 

CenterPoint Inc, the utility owner of Harris County reports that about 44% of their 

distribution lines are underground. Nevertheless, this section further evaluates the 

sensitivity of the predictions to variations of α and β. To assess the influence of these 

factors, α is varied 0 to 1.0 whiles assuming that β = 0.45. Similarly, β is assumed to differ 

from 0 to 1.0 with α set as 0.44. Not α = 0 means that the entire distribution system is 

carried overhead whiles α = 1 means that the system is completely buried underground. 

Figure 3.11 shows the sensitivity of overall average outage of the entire Harris County 

when one of the modeling parameter is varied across the range and the other is held 

constant. The figure shows that varying α has a more significant effect on the outage 

predictions than changing β. The overall outage increases linearly but also marginally with 

increasing β. By assuming that a tree fall has zero possibility of causing customer outage 

(β=0), an overall outage of 90.7% is predicted. The extreme scenario is that any tree fall 

near by a customer leads to an outage (β=1.0) producing an overall outage of 93.1%. The 

2.5% difference is insignificant considering that a realistic β value is somewhere in 

between the extreme cases. Hence the choice of β value has an insignificant influence on 

outage predictions in this study. This observation is desirable since β value is chosen based 

on expert judgment. Note that historical events including Hurricane Ike show that tree fall 
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is a major contributor to outages especially in the distribution system. However, β as earlier 

stated is only  applied to determine the fragility of customer droplines since the effect of 

trees on the distribution lines and poles of the main feeders are implicitly accounted for in 

the regression models used for computing the failures. The effect of the parameter may be 

more prominent if distribution laterals, which also have high susceptibility to tree-induced 

damages, are constructed and included in the outage model to connect the main feeders to 

customer drop lines, as suggested for future research opportunities.  

 

Figure 3.11 – Sensitivity of overall outages to modeling parameters 
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Outage predictions by the assessment model is highly sensitive to α as observed 

from the Figure 3.11. The overall outage across the Harris County decreases gradually from 

96.8% when α = 0 to 92.55 when α = 0.4. Then outage predictions decreases more sharply 

with increasing α values. As expected, overall hurricane-induced outages decreases 

substantially when the percentage of the underground distribution lines exceeds the 

percentage of overhead distribution lines. When α = 1.0, implying that all the distribution 

system is buried underground, the overall outage predicted is 5.3%, which is close to the 

customer outages attributed to hurricane-induced damages in the transmission system.  The 

curve provides insights on reducing hurricane-induced outage risks which could inform 

decision-making by utility owners and stakeholders on the design of distribution system.  

3.3.6. Restoration curves 

Based on CenterPoint Energy’s report on Hurricane Ike 20089, resource mobilization is 

characterized by an increasing function with initial and final resource parameters (RR1 and 

RR2) set as 720 and 1,995 repair teams, respectively, and a resource increase of 15 repair 

teams per hour between restoration time 25 hours to 105 hours, after which the resources 

stay constant.  As described in Section 3.2.5., the study follows a restoration sequence 

whereby damaged transmission lines, substations, and conductors and poles of distribution 

nodes that directly connect to critical infrastructure are prioritized for repairs. The study 

explores three approaches in organizing the repair of the components (distribution lines 
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and conductors) of the remaining distribution nodes. Figures 3.12, 3.13 and 3.14 compares 

simulated curves based on the three approaches and three ways of selection in each case 

with the actual restoration curve reported by CenterPoint Energy after Hurricane Ike 2008. 

The curves show the percentages of customers with power (restored) as a function of the 

time the hurricane struck Harris County. 

 Error! Reference source not found. shows the restoration curves for the first 

approach where distribution nodes are individually prioritized for repair without any 

regards to the substation or feeder service area they belong to. It is observed that randomly 

selecting distribution nodes for the repair of their components produces a curve that best 

matches with the actual restoration curve. This could mean that the utility provider did not 

follow any pattern in the repair of distribution lines and poles after Hurricane Ike 2008. A 

faster restoration in the immediate aftermath of the hurricane could have been achieved if 

distribution lines and poles that directly supplied power to the large number of service 

customers (NSC) were prioritized in the repairs. However, this procedure for achieving a 

faster restoration within the shortest time may be ineffective because it requires crew 

members to move from location to location, just to repair single distribution nodes which 

are highly prioritized. Another prioritizing scheme where the number of service customers 

of the individual distribution nodes are normalized by their respective required repair time, 

yields similar results as the scheme which uses only NCS as the basis for repair 

prioritization.   
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Figure 3.12 Comparsion of recorded outage and simulated restoration curves aftermath of 

Hurricane Ike by prioriting according to distribution nodes  

Figure 3.13 compares the reported restoration with simulated restoration curves in 

the second case where substation service areas are selected or prioritized for repairs instead 

of the individual distribution nodes. Like explained in Section 3.2.5, crew members are 

assigned to repair all the distribution lines and poles within a substation service area. 

Similar to the first case, selection of service areas may be randomized or prioritized 

according to the NSC within them or according to the ratio of NSC to required repair time. 

The figure shows that similar results are obtained regardless of how selection of service 

areas is done. There is no apparent incentive to repair components in service areas with the 
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largest number of customers. An intermediate scenario between the two cases presented is 

examined in Figure 3.14. In this scenario, repair crews are considered to move along the 

main feeders to repair damaged distribution poles and lines. This scenario is efficient in 

terms of cost and time than the first case but also can be useful in achieving a faster 

restoration of power to customers. The reported restoration curve lies between the curves 

produced by randomly selecting feeders for repair or selecting feeders according to their 

NSC to repair time ratio. However, prioritizing feeders on the basis of their number of 

customers they serve produces a faster restoration to the largest number of customers 

within Harris County within the shortest time after the hurricane. 

Furthermore, all the simulated restoration curves in all the three figures converge 

after about 290 hours, as seen in Figures 3.12, 3.13 and 3.14. All distribution lines are 

restored by this time, thus only local distribution circuits which directly connect to 

individual customers are remaining to be repaired. Restoration increases at a constant rate 

as each circuit to a customer without power has an identical restoration time. The deviation 

between all the simulated curves and the actual curve is constant after 290 hours, with the 

simulated processes ending at 400 hours instead of 450 hours as reported by CenterPoint. 

The constant disparity may be due to simplifications in this current model.   
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Figure 3.13 Comparsion of recorded outage and simulated restoration curves aftermath of 

Hurricane Ike by prioriting according to substation service areas. 

Beyond replicating the restoration process followed by CenterPoint for post-

hurricane Ike recovery, the model could be efficiently used to plan resource allocations and 

inform restoration strategies ahead of a future hurricane. The impact of different strategies 

can be easily modelled with realistic parameters that reflect their respective objectives, 

quantified and weighed against each other to obtain the most effective and yet practical 

approach for the recovery of the entire power system. Thus, the model can support rapid 

post-hurricane recovery.   
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Figure 3.14 Comparsion of recorded outage and simulated restoration curves aftermath of 

Hurricane Ike by prioriting according to feeder service areas. 

3.4. Performance and Impact of Outage Assessment Model  

3.4.1. Comparison of outage assessment model with previous models 

Table 3.3 compares some of the major features embedded in the current models and its 

performance, in terms of accuracy and efficiency with those of previously existing outage 

prediction models.  A component damage model (Winkler et al. 2010) and a DC flow-

based system response model (Ouyang and Dueñas-Osorio 2014), which are the base for 

the current model, are chosen for comparison. Unlike the current model, which builds the 
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distribution networks connecting the nearest substation as minimum spanning trees 

(MSTs), both previous models use intersections of major roads in the Harris County as 

distribution load points, each with a single connection (distribution line) from the point of 

use to the nearest substation, thus ignoring cascading effects of the failure of a distribution 

load point on others. The component damage model combines a component damage model, 

which predicts fragilities of transmission and distribution components, and network 

topological assessment to evaluate the reliability of the electric power system against 

hurricanes. The connectivity of distribution nodes to generation plants after hurricane-

induced alternations in the power system topology is used to determine outages. Therefore, 

the model does not account for the physics of the power flow in the system.  

The DC flow-based model was developed as an improvement to the component 

damage model. In this model, component damages are propagated throughout the electric 

power system by running DC power flow analyses on both the transmission and 

distribution system. It considers power demands and capacities in the electric system, 

instead of undertaking topological assessment to determine outages. However, running the 

DC power flow in each simulation in a probabilistic assessment makes the implementation 

of the model computationally expensive. The current model, apart from updating the 

component fragility models based on newly available information, employs the Bayesian 

Network (BN) approach coupled with influence networks pre-developed through DC flow 

analysis to effectively propagate component damages in the transmission system as well as 

efficiently consider actual flow of power in the system. The model also assesses the 

connectivity of distribution load points (or nodes) via their main feeder lines to the 



 

93 

 

substations, without any regards to the power flows in distribution networks because they 

designed in practice to flow in a radial manner in the distribution system. However, the 

current model considers cascading effect of upstream distribution nodes on downstream 

nodes, which is ignored in the previous models.  

Fifty simulations of the Harris County electric power system under Hurricane Ike 

are done based on the calibrated parameters in Ouyang and Dueñas-Osorio (2014) to 

compare the accuracy and efficiency of the models. The overall mean error (ME) of the 

predictions by the current and DC-based robustness models are computed as the mean of 

the absolute differences between the predicted outages and outages reported by Centerpoint 

after Hurricane Ike at the ZIP code level. The study could not run the computer program 

for component damage model and therefore only uses the ME value stated in Winkler et 

al. (2010) for the comparison. The MEs of the predictions show that the current model has 

a better predictive accuracy than the two previous models. In terms of efficiency, the 

current model requires a significantly lower computational time than the computational 

requirement by the DC-based model. The introduction of the pre-determined influence 

networks among other improvements in the model reduces the computational time to just 

a tiny fraction (1/43) of what was required in the previous model for the fifty simulations. 

This emphasis the practicality of the current model for real-time applications in large 

electric power grids, and for what-if scenario and risk-based resilience assessments to 

inform resilience-based decisions before, during and after hurricane events.  
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 Current model DC flow-based 

model 

Component 

damage model 

Component fragility Yes Yes Yes 

Topological 

assessment 

Yes No Yes 

DC power flow 

analysis 

Yes Yes No 

ME 15.4% 17.0% 15.6% 

Computation time 1.45 minutes 62.4 minutes - 

Table 3.3 – Comparsion of features and performance of the current model with previous 

models. 

3.4.2. Impact of outage assessment model 

The BN-based framework can support decision-making process concerning mitigation 

strategies, preparedness, response and recovery planning in disaster management. It has 

been implemented in the storm risk calculator for the City of Houston, Texas. The 

calculator (screen shoot shown in Error! Reference source not found.) is an on-line tool 

that informs users, mainly residents of Harris County, on the local risks in terms of rainfall 

flooding, storm surge flooding, power outages and building damages, they face from a 

hurricane-induced hazard.  
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Figure 3.15 – Screen-shoot of City of Houston’s storm risk calculator, showing power 

outage risk-levels across Harris County, Texas. 

3.5. Summary 

This chapter presented a resilience assessment framework for efficiently evaluating 

hurricane-induced outages in an electric power grid, including restoration processes. The 

framework has a hurricane demand model that generates a scenario event, component 

performance models to compute the fragilities of the essential and most vulnerable 

components of an electric system, systemic response models to determine outage 

probabilities in transmission substations and estimate outages in 1 km2 blocks at the 

distribution level, and a restoration model to simulate recovery based on historical data. 

The system performance model for transmission substations is structured as a Bayesian 

Network (BN), a simple and intuitive approach for representing the probabilistic 
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dependencies among nodes and propagating physics-based damages in the transmission 

system. The study introduces the use of predetermined influence networks of substations 

from n-1 node removal analyses via a DC power flow models to constrain the complexity 

of constructing conditional probability tables for BNs. As such, the efficiency of the 

framework for practical adoption is significantly improved. The study constructs 

distribution networks, which are usually not publicly available, as minimum spanning 

trees. It also introduces the recursive decomposition algorithm as an alternative to naïve 

Monte Carlo simulation to further improve the efficiency of assessing hurricane-induced 

outages in a real large electric power system. The application of the framework is illustrated 

using the electric power system of Harris County, Texas, where simulated results are 

compared to real customer outage and restoration data reported after Hurricane Ike in 2008. 

The illustrative example generally shows low outage probabilities in transmission 

substations. The average predicted probability of outages (4%) agreed with the actual 

average proportions of the county’s outage attributed to transmission substations (5%) 

recorded for 2008 Hurricane Ike.  However, the study shows widespread outages in 

distribution points across the entire county largely due to debris-induced damages (from 

tree limb, uprooting, etc.) to components in the distribution system, an observation which 

was also made during the actual disaster. Estimated numbers of customers without power 

at the ZIP code level, by aggregating outages in the square blocks, show reasonable 

agreements with reported data by the utility provider (CenterPoint Energy). The mean error 

of the predictions at the ZIP code level is 15.4%. The framework estimates that 91% of 

customers within Harris County to be without power as compared to 86% reported as real 
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customer outage after Hurricane Ike. The study further test the sensitivity of the model to 

different hurricane categories and input parameters. Outages predicted by the model are 

consistent with what is expected or observed when the system is under hurricanes of 

varying intensities. The performance of the proposed outage model with that of previously 

existing models show that the proposed model has a better predictive accuracy and requires 

a very time fraction (1/43) of the computation time required by a previous model to run the 

same number of simulations for outage assessment.  

As for the restoration model, the study describes the component repair time using 

random variables with distribution parameters estimated from historical data, and utilizes 

information on mobilized resources in the aftermath of Hurricane Ike to simulate the 

system restoration process. The model follows a sequence which prioritizes the repair of 

transmission substations and distribution lines that serve critical facilities such as hospitals, 

gas compressors and water pumping stations. Restoration curves, which reflect the 

percentage of customers with power as a function of time, are simulated under different 

considerations, and compared with the actual restoration curve reported for Hurricane Ike. 

Analyzes suggest that although repair of damaged distribution lines and poles has a rather 

heterogeneous distribution (no discernable pattern), decisions for repairs after Hurricane 

Ike are far from trivial; hence, prioritizing feeders according to the number of customers 

they serve for allocating crews and other resources in the repair of their distribution lines 

yields the fastest restoration to large numbers of customers within the shortest time after 

the hurricane-induced outages.  
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The proposed framework provides a systemic and efficient approach to assess the 

resilience of a real electric power grid against hurricanes. The framework captures hazard 

through to damage and to recovery. The outage assessment model is directly implemented 

in the City of Houston’s online storm risk calculator, which can be used by government 

stakeholders to support decision-making process concerning mitigation strategies, 

preparedness, response and recovery planning in disaster management, and by residents to 

inform their personal decisions.  The resilience assessment framework presented in this 

chapter is also integrated with wind turbines applied as distributed generation in Chapter 

6. To ensure improvement in electric grid resilience by DWG is realized, the next chapter 

also presents a computationally efficient methodology for evaluating the system reliability 

and unavailability risks of wind turbines. Thus, power outages by DWGs in a real large 

electric system can be predicted in an efficient manner. 
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Chapter 4 

A Closed-Form Technique for the Reliability 

and Risk Assessment of Wind Turbine 

Systems  

The previous chapter developed a framework for assessing the performance of an 

electric power grid.  It showed the inevitable exposure of electric power systems to natural 

hazards, and in particular to severe wind in hurricane-prone regions.  Analyzes and 

previous events reveal the vulnerability of power systems to hurricanes, resulting in 

regional-scale power outages. Therefore, there is a need to integrate the power system with 

alternative means to maintain supply and demand, even in the aftermath major events.  

Distributed wind generation (DWG) for electricity supply during hurricane-induced 

outages could be such an alternative. Wind energy is one of the fastest growing energy 

resources, particularly in Texas, and technological advances suggests that wind turbines 

are viable for distributed generation.  The current chapter presents a study (Mensah and 

Dueñas-Osorio 2012)  that develops a methodology for analyzing the reliability of wind 

turbines and estimating their availability.  The study explores the use of a combinatorial 

system reliability method to compute wind turbine failure probabilities for different failure 
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event definitions. The study also improved the method to quantitatively incorporate 

consequences of component failures for system-level risk assessment.  Furthermore, the 

flexibility and traceability of the combinatorial technique is exploited to explicitly quantify 

importance measures that indicate the criticality of individual components to the reliability 

of a wind turbine. The application of the combinatorial non-recursive method is illustrated 

using a 12-subassembly wind turbine system. The original failure data for this application 

example is collected from a population of offshore and onshore wind turbines of varying 

ages, technologies, models and sizes ranging from 100 kW to 2.5 MW, which is typical for 

DWG (as used in Chapter 6). Finally, the chapter also introduces a recursive version of the 

combinatorial closed-form method to evaluate failure probabilities of a wind turbine 

system comprising of 45 components to efficiently compute system reliability, which 

would not be possible with other analytical methods due to system size. The proposed 

approach can be used to forecast turbine availability and by extension power outputs from 

DWGs, which could inform planning and decision-making necessary for installing and 

operating DWGs. 

4.1. Closed-Form Methodology for Wind Turbine System Reliability 

Assessment 

Computing the system failure probability of a wind turbine is usually not an easy task since 

there is no clear definition on what constitutes system-level failure. There exist an entire 

set of system event possibilities such as failure of any key component, any two or any 

desired subset of wind turbine components which results in system-level failure. The 
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closed-form technique (Dueñas-Osorio and Rojo 2011) is employed in this study to 

construct an entire probability mass function of the number of component failures from 

which system failure probabilities can be evaluated for any preferred system failure event 

definitions. The subsequent sections describe the combinatorial formulation and introduce 

the recursive algorithm to the closed-form solution.  

4.1.1. Combinatorial system reliability 

Consider a wind turbine system made up of N components each having two distinct states, 

failure and survival, and where the components are indexed by i, with 𝑖 = 1,2, … , 𝑁. Then, 

any system failure event can be represented by an event vector  𝒌∗ in the ℝ𝑁 space, with 

its entries defined as 

𝑘𝑖
∗ = {1 if 𝑖𝑡ℎ component fails

0 otherwise                      
. 4.1  

Let the 2𝑁 possible 𝒌∗ vectors represent all possible combinations of component events 

leading to system events (power set), and be assembled in a (N2N) matrix 𝑲 =

{𝒌𝒋
∗ ∈ ℝ𝑁∀ 𝑗 = 1, … , 2𝑁 , 𝑘𝑗𝑖

∗ = (1, 0)}. Also, let S be a vector that contains all unique 

possible s numbers of failed components. As an illustration, in a wind turbine system with 

twelve components, 𝑺 = {1,2, … ,12}, the first and the last 𝒌∗ vectors of the 𝑲12 × 4096 

matrix are [000000000000] and [111111111111], respectively, with the remaining 4094 

vectors filled with combinations of zeros and ones. This arrangement characterizes a 

system with all possible failure events and the failure probability is estimated either with 

system event definitions from the wind turbine industry or within bounds representing a 
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series to parallel system event definition. If the failure probability of the ith component is 

denoted as 𝑃𝑖, then, the probability of system failure as a result of exactly 𝑠 ∈ 𝑺 number of 

components failing is given by  

𝑃𝑠𝑦𝑠(𝑠) = ∑ ∏ 𝑃𝑖
𝑘𝑖(1 − 𝑃𝑖)

1−𝑘𝑖 ,

𝑁

𝑖=1𝒌∗∈𝑲𝒔

 4.2  

where (1 − 𝑃𝑖) is the reliability of the ith component, 𝑲𝒔 is a subset of 𝑲 containing all 𝒌∗ 

vectors whose sum equals 𝑠, and ki are elements of each vector 𝒌∗. A probability mass 

function of the system failure can be obtained by evaluating Equation 4.2 for all 𝒌∗ ∈ 𝑲𝒔 

and then for all integers 𝑠 ∈ 𝑺. 

This non-recursive solution offers important information about the probability of 

system failure and its relationship with component failures; thus, it can be used to obtain 

bounds when failure correlations are unknown. However, the non-recursive solution can 

be enhanced to explicitly account for correlation among component events in a similar 

fashion as shown for bridge systems (Duenas-Osorio and Padgett 2011), even though to 

the author’s knowledge there is presently no correlation information publicly available for 

wind turbine systems and their components. Ongoing efforts to collect data by the Sandia 

National Laboratory (2012), however, may yield valuable correlation structures in the 

future which would improve the accuracy of predictions by the closed-form method. The 

solution (Equation 3.2) also has features which allow for further exploration and analysis 

of consequences beyond computing failure probabilities. However, the combinatorial 

routine involved in using the approach requires an exponentially increasing number of 
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operations with N as O(2N). This makes the application of the non-recursive formulation to 

wind turbines with a large number of documented components infeasible. The next section 

presents a recursive version of the closed-form method which is applicable to a wind 

turbine system with any number of components N. 

4.1.2. Recursive solution to combinatorial system reliability 

Recursive methods allow complex formulae, such as Equation 4.2, to be solved efficiently 

by decomposing the expressions into smaller base forms. Techniques used for performing 

efficient evaluations of Possion-Binomial distributions in other fields such as survey 

sampling and survival analysis are employed to transform Equation 3.2 into a form which 

can be resolved in a recursive fashion. The system failure probability can be rewritten as:  

𝑃𝑠𝑦𝑠(𝑠) = ∑ (∏ 𝛼𝑖
𝑘𝑖

𝑁

𝑖=1

)

𝒌∗∈𝑲𝒔

∏(1 + 𝛼𝑖)−1

𝑁

𝑖=1

, 4.3  

where 𝛼𝑖 =
𝑃𝑖

1−𝑃𝑖
. Since ∏ (1 + 𝛼𝑖)−1𝑁

𝑖=1  is independent on the failure or survival of the ith 

wind turbine component in 𝒌∗and only dependent on the component failure probabilities 

𝑃𝑖, it can be calculated beforehand.  Hence, the computation load is only on the term 

∑ (∏ 𝛼𝑖
𝑘𝑖𝑁

𝑖=1 )𝒌∗∈𝑲𝒔
 denoted here as 𝑄(𝑠, 𝐾𝑠). This 𝑄(𝑠, 𝐾𝑠) term can be evaluated for each 

s in a recursive manner. By defining 𝑲𝒔(𝑟) = {𝒌∗ ∈ 𝑲𝒔: 𝑘𝑟
∗ = 0} with r = 1, although r can 

take any value from {1,2, … 𝑁} but the authors recommend the first term for tractability, 

this function can be expanded as follows: 
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𝑄(𝑠, 𝐾𝑠) = ∑ (∏ 𝛼𝑖
𝑘𝑖

𝑁

𝑖=1

)

𝒌∗∈𝑲𝒔(𝑟)

+ 𝛼𝑟 ∑ (∏ 𝛼𝑖
𝑘𝑖

𝑁

𝑖=1

)

𝒌∗∈𝑲𝒔−𝟏(𝑟)

. 4.4  

The recursive version of the closed-form solution is obtained by substituting Equation 4.4 

into Equation 4.3.  

This formulation significantly reduces the time required to compute 𝑃𝑠𝑦𝑠 from an 

exponentially increasing O(2N) using the combinatorial non-recursive approach to a 

polynomially increasing time O(N2) as recently shown for radial power distribution 

systems (Rojo and Dueñas-Osorio 2011). The recursive solution presented here is an 

efficient technique to generate an entire probability mass density function for wind turbine 

systems with a large number of components. The technique also has a good prospect to 

handle risk or consequence analyses, even though such capability already possible in the 

non-recursive approach is yet to be fully developed in the context of the recursive method. 

4.2. Closed-Form Technique Application to Wind Turbine Risk and 

Component Criticality Analyses  

Knowledge of the overall wind turbine and component failure probabilities, as typically 

reported in the wind industry, may not be readily useful for making financial, operational 

and maintenance decisions especially when wind turbine components trigger varying 

consequences to the availability or performance of the wind turbines. An improvement to 

failure probability assessment is to compute the risk of system failure which incorporates 

unique attributes such as downtimes and repair costs of components to the failure 
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probability. The combinatorial formulation (non-recursive solution) for system approach 

presented in a previous section is improved to handle what is termed in this study as 

consequence-based reliability analysis. Also, metrics that provide a sound basis to judge 

the relative criticality of components are introduced as key by-products of the closed-form 

non-recursive technique.      

4.2.1. Consequence-based reliability analysis  

Let 𝑞𝑖 denote the number of hours lost (downtime) or repair cost as a consequence 

of the ith component failure and 𝒒∗ is a vector in the ℝ𝑁 space containing 𝑞𝑖 elements. Let 

C be a vector containing all possible unique quantities of failure consequences c such as 

component downtimes in hours or repair costs in dollars. Each vector in 𝑲 is multiplied by 

𝒒∗ to form 𝐾𝐶 = {𝒌∗ ∈ 𝑲: 𝒌∗ ∙ 𝒒∗ = 𝑐} representing all possible k* configurations that 

yield 𝑐 ∈ 𝑪 system failure consequence levels. Equation 4.2 is modified slightly to evaluate 

the wind turbine system risk, 𝑃𝑟𝑠𝑦𝑠 for given c units as shown below: 

𝑃𝑟𝑠𝑦𝑠(𝑐) = ∑ ∏ 𝑃𝑖
𝑘𝑖(1 − 𝑃𝑖)1−𝑘𝑖

𝑁

𝑖=1𝒌∗∈𝑲𝑪

. 4.5  

Similar to Equation 4.2, Equation 3.5 is evaluated for each 𝒌∗ ∈ 𝑲𝒄  and then for 

all integers 𝑐 ∈ 𝑪 to obtain a probability distribution of system risk or consequences.  

4.2.2. Component criticality analysis 

Typical fault tree analyses include importance measures which identify 

components that need to be maintained well so that the reliability of the system is not 
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significantly reduced (Volkanovski et al. 2009). The closed-form technique can also 

provide the necessary information for computing importance measures. Two measures 

coined in this study as “component importance metric” and “component risk metric”, are 

introduced here.  The component importance metric (CIM) identifies critical components 

on the basis of their contribution to wind turbine reliability. This metric relies solely on the 

component failure information. CIM is useful for cases where information on component 

downtime is unavailable or for systems with a large number of components which 

necessitate the recursive system reliability solution for computational feasibility. 𝐶𝐼𝑀𝑖 for 

component i is the ratio of the system failure probability (i.e, failure of at least one 

component) to the joint probability of system failure and the survival of the ith component.  

It is expressed as  

𝐶𝐼𝑀𝑖 =
𝑃𝑠𝑦𝑠(𝑠 ≥ 1)

𝑃𝑠𝑦𝑠(𝑠 ≥ 1, 𝑃𝑖 = 0)
. 4.6 

The component risk metric (CRM) identifies components that are critical to the 

availability or repair cost of the wind turbine. This metric takes into account not only of 

the component failure probability, but also the resulting system risk. Consequently, CRM 

provides an informative basis to rank components for design, monitoring and maintenance 

in order to maintain or improve the performance of the wind system as well as to estimate 

repair costs or downtimes. The importance metric for the ith component which relies on the 

system risk in Equation 4.5 is expressed as 
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𝐶𝑅𝑀𝑖 =
𝑃𝑟𝑠𝑦𝑠(𝑐 ≥ 𝜏)

𝑃𝑟𝑠𝑦𝑠(𝑐 ≥ 𝜏, 𝑃𝑖 = 0)
, 4.7  

where 𝜏 is any length of system failure effects e.g. downtime, repair cost, etc., equal to or 

beyond a level forwhich the system risk is considered to be in an undesirable state.  

In both Equations 4.6 and 4.7, the system failure probability or risk in the 

denominator is evaluated by identifying the joint events in which s or c are exceeding and 

where the ith component does not fail. By so doing, researchers, designers and engineers 

are able to identify the components whose reliabilities must be improved to increase the 

system reliability or reduce risks. 

4.3. Illustrative Examples 

This study utilizes two different datasets of available wind turbine failure 

information to demonstrate the application of the closed-form reliability technique to a 

simplified system comprising of 12 critical subassemblies, and a highly structured layout 

of a wind turbine system containing 45 components. The two datasets cover wind turbines 

of different population size, turbine size, farm sites and technologies. The source and 

relevant characteristics of the datasets are provided in the successive subsections.  In both 

instances, a homogeneous Poisson process model, which assumes that the times between 

component failures are identical independent exponential random variables (Tavner et al. 

2007), is used to evaluate the failure probabilities of the components based on empirical 
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failure rates. The model describing the probability 𝑃𝑖(𝑡)  of having ni failures in time t for 

component i is given as:  

𝑃𝑖(𝑁(𝑡) = 𝑛𝑖) =
1

𝑛𝑖!
(𝜆𝑖𝑡)𝑛𝑖𝑒−𝜆𝑖𝑡, 4.8  

where the failure rate 𝜆𝑖 of the ith component is the intensity function of the Poisson process. 

Failure rates are often determined using historical data and operational data recorded on 

wind farms or experimental testing of turbine components. In the absence of empirical data, 

expert opinions are sampled through surveys to estimate failure rates. The annual 

probability of at least one occurrence of the ith component failure is given by 𝑃𝑖 =

1 − 𝑒−𝜆 𝑖. 

The subsequent sections present the component failure data, analyses, results and 

discussions covering the two illustrative examples considered in this study. Probability 

distributions of system-level failure, annual wind turbine unavailability and expected 

annual cost of repair owing to system failure are constructed for the 12-subassembly wind 

turbine system. In addition, component criticality analyses (using Equations 4.6 and 4.7) 

are performed to identify the importance of components with regards to the overall system 

annual failure, unavailability and recovery cost of the wind turbine.  

4.4.1. Example 1: 12-subassembly wind turbine system  

This illustrative example utilizes failure information of 12 subassemblies of a wind 

turbine system. The main subassemblies are the electrical subsystem, the rotor blades, the 

electrical controls, the yaw system, the generator, the hydraulic subsystem and the gear 
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box. The rest are pitch control, air brakes, mechanical brake and main shaft. All other 

subassemblies are considered as a single unit in this taxonomy. The original failure data 

was collected from 158 to 653 onshore wind turbines of different models, ages, 

technologies, and manufactures in the region of Schleswig-Holstein in Osterrnfeld, 

Germany by Landwitschafts-kammer (LWK) (Eggersgl 1993-2004). The sizes of turbines 

in the data population range from 100 kW to 2.5 MW, which is very representative of 

turbines used for distributed wind generation, as in Chapter 6. The data was collected for 

about 10 years between 1993 and 2004, altogether representing approximately 5,800 

turbine years. This study uses summaries of the original data, as provided in Table 4.1, 

captured in terms of component failure rates and downtimes (Spinato 2008).  

Subassembly i 

Failure Rate 

(failures/yr/ 

turbine) 

Downtime      

(hours/failu

re) 

Average cost ( US$/ 

failure) 

Lower 

limit 

Upper 

limit 

Electrical subsystem 1 0.320 251 5,520 87,056 

Rotor or blades 2 0.190 120 6,581 52,956 

Electrical controls 3 0.239 60 440 6,000 

Yaw system 4 0.116 58 401 9,121 

Generator 5 0.139 161 332 53,228 

Hydraulic subsystem 6 0.131 70 158 1,276 

Gear box 7 0.134 345 1,476 153,601 

Pitch control 8 0.083 65 2,087 17,832 

Air brakes 9 0.040 105 3,076 3,076 

Mechanical brake 10 0.055 48 200 1,483 

Main shaft 11 0.031 135 4,318 15,668 

All others 12 0.367 60 94,801 94,801 

Total  1.846 1478 119,390 496,098 

Average  0.154 123 9,949 41342 

Coefficient of variation  0.698 0.741 2.695 1.176 

Table 4.1 – Failure data for 12-subassembly wind turbine system. 
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Also, Table 4.1 presents cost ranges for repairing, rebuilding or replacing 

subassemblies per failure. The costs are obtained from component repair costs provided in 

an operation and maintenance cost model developed for onshore wind turbines with 

capacity ranging from 750 kW to 2.4 MW (Poore and Walford 2008). Prices in the model 

envelop turbine operations from 2004 to 2008, and do not consider catastrophic events, 

shipping and warehousing costs, repowering or retrofit works. The cost range covers the 

lowest to highest values of all components grouped under a subassembly. Furthermore, 

repair costs for the 1.5 MW rated turbine are used because this turbine is the largest size 

represented in the LWK data.  

4.4.1.1. System failure distribution  

In the non-recursive solution framework for this system (Equation 4.2), there is a total of 

M = 212 = 4,096 possible system state vectors k* with each of the entries in [0,1]  from 

which unique combinations of numbers of failed subassemblies are realized, i.e., 𝑺 =

[0,1, … ,12]. As an illustration of the vectors that contribute to system failure, defined by 

at least one, two or three subassembly failures, the specific vector event when yaw system, 

the generator and the main shaft jointly fail is k*= [000110000010]. The distribution of 

the failure probability as a function of the number of failed subassemblies is shown in 

Figure 4.1 (a). It is observed that the annual reliability of the system 𝑃𝑠𝑦𝑠 = 𝑃𝑠𝑦𝑠(𝑠 = 0) is 

0.158, if the wind turbine is considered to fail when at least a single subassembly fails. The 

wind turbine has an 84% chance of component failure in any given year according to this 

definition. The annual likelihood of the system failing owing to at least two subassembly 
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failures is 51%. Interestingly, there is a negligible chance of wind turbine failure if at least 

six subassemblies have to fail before the system is considered as failed. Figure 4.1(b) 

compares the cumulative distribution functions (CDFs) of the system in terms of number 

of component failures evaluated using the closed-form technique and a Monte Carlo 

simulation routine consisting of 10,000 samples. The excellent agreement between the two 

CDFs confirms the adequate implementation of the exact closed-form combinatorial 

formulation.  

 

Figure 4.1 – (a) Annual system failure probability mass function in terms of the number 

of subassembly failures  (b) Comparison of annual system failure CDFs obtained by the 

closed-form technique and a naïve Monte Carlo simulation (MCS) approach 

4.4.1.2. Probability of system unavailability and system repair cost 

Understanding the expected annual availability or unavailability of a turbine is essential 

for complete system performance assessment and annual revenue projections. The closed-
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form solution for consequence analysis is employed here to compute unavailability risks 

of the system by weighting failure probabilities of the subassemblies by their respectively 

induced average downtimes in hours per failure, as provided in Table 4.1.  The downtime 

indicates the time needed to identify, access the plant, diagnose fault, mobilize labor and 

parts, replace or repair the component, and restore the wind turbine to full operation. The 

set of possibilities of wind turbine unavailability is given by 𝑪 = {0; 48; 58; … ; 1478}, in 

which 1,478 is the total number of hours to be lost if all the 12 subassemblies fail and the 

numbers in between are realizable total numbers of hours given joint failures of different 

component subsets. Figure 4.2(a) shows the probability mass function of the wind turbine 

unavailability owing to component failures. The probability of the wind turbine being 

100% available throughout an entire year is 0.158, the same as the system reliability. 

However, there is a significant probability of 67% that a wind turbine is unavailable for at 

least 3 days (72 hours).  The likelihood of an unavailable wind turbine per failure for more 

than a week is 52%. Furthermore, there is a 25% chance of losing more than 2 weeks of 

power generation. The computed unavailability risks provide a framework for predicting 

expected annual number of stoppages, loss time, power generation and revenue loss per 

wind turbine, with little additional information required for such an analysis beyond the 

reliability assessment. 
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Figure 4.2 – Probability distribution of  (a) wind turbine unavailiability (b) repair cost for 

12-subassembly wind turbine 

Operation and maintenance (O&M) contribute substantially to the production cost 

of wind turbines – up to 30% of energy cost (Nielsen and Sørensen 2011). Consequently, 

risk analysis in terms of repair cost is carried out to obtain information that is useful for 

O&M decisions. The capacity of the closed-form technique to project repair cost for wind 

turbine is demonstrated as well. The costs of repairing, replacing or rebuilding individual 

subassemblies are incorporated in Equation 4.5. Therefore, the system repair cost set of 

possibilities covers from US$0 to US$119,390 at the lower bound and US$0 to almost 

US$500,000 as the upper limit. Figure 4.2(b) shows the distributions of repair cost risk for 

the 12-subassembly wind turbine system with the repair cost for the lower and upper limits 

in the primary and secondary x-axis, respectively. As expected, there is a 15.8% chance 

that no cost is incurred on repairing the turbine system in any year. In both probability mass 



 

114 

 

functions for the low and high cost estimates, the probabilities are concentrated at lower 

repair cost values (skewed distributions). For instance on the lower cost bound, the 

likelihood of exceeding $1000 in annual repair expenditure for a single turbine is 69% 

while the annual risk of at least $10,000 in system repair cost is 35%.  There are relatively 

insignificant probabilities of realizing repair costs between $12,000 and $94,000. The 

spikes observed around $100, 000 are a result of repair cost contribution from the ‘all 

others’ subassembly which also has the highest failure rate—Note this is an artifact of the 

aggregation, as not all subassemblies will jointly contribute at once. The system has a 12% 

probability of needing repairs costing more than $100,000 on the lower limit.  In the case 

of the upper component cost limits, the risk of exceeding system repair cost of $10,000 is 

73%. There is also a 38% chance of spending beyond $100,000 to repair a wind turbine. 

There is negligible possibility of attaining the maximum repair costs in both cases. 

4.4.1.3. Component importance metrics  

To further illustrate the tractability of the closed-form technique on the 12-subassembly 

wind turbine, Table 4.2 provides the set of component importance metrics (CIMs) and 

component risk metrics (CRMs) of the subassemblies. Two sets of CRMs are determined 

in this study: the first based on the annual turbine unavailability probabilities and the 

second based on annual turbine repair costs. For the purposes of differentiating between 

the two, these metrics are, respectively, referred to as component availability metric (CAM) 

and component cost metric (CCM). The subassemblies are ranked from the most critical 

subassembly (Rank #1) to the least critical subassembly according to these metrics. 
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Subassembly CIM Rank CAM Rank CCM Rank 

Electrical system 1.076 2 1.239 1 1.259 2 

Rotor or blades 1.041 4 1.122 2 1.183 3 

Electrical controls 1.053 3 1.061 6 1.087 9 

Yaw system 1.024 8 1.034 8 1.097 7 

Generator 1.029 5 1.085 3 1.153 4 

Hydraulic system 1.027 7 1.037 7 1.083 10 

Gear box 1.028 6 1.082 4 1.150 5 

Pitch control 1.016 9 1.025 9 1.122 6 

Air brakes 1.008 11 1.024 10 1.080 12 

Mechanical brake 1.011 10 1.018 12 1.080 11 

Main shaft 1.006 12 1.020 11 1.094 8 

All others 1.091 1 1.081 5 1.287 1 

Table 4.2 – Subassembly importance measures and ranks. 

The CIMs are evaluated based on wind turbine system failure owing to at least the 

failure of a subassembly. The subassembly comprising of all other components with CIM 

= 1.09 is ranked 1. However, the electrical subsystem with CIM = 1.08 and ranking 2 is to 

be given the highest maintenance priority among the identified subassemblies to obtain 

significant improvement in the wind turbine reliability. The main shaft which incidentally 

has highest reliability is the least critical among the twelve components. As expected, the 

ranking based on CIM follows the same ordering that is obtained by observing the 

component failure probabilities because a series system conceptualization of failure is 

considered.  

Ranking the subassemblies according to their CAMs, which takes into account their 

failure rates integrated over failure risk (or consequence) is significantly different from the 

CIM ranking. The CAMs are computed for a probability of the wind turbine being down 
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for at least 3 days (𝜏 = 72 hours). At this risk level, the highest CAM of 1.24 is recorded 

for electrical subsystem most probably because the subsystem has the second highest 

failure rate and the second largest downtime. The failure consequence of this subassembly 

to the wind turbine system is significant and therefore must be given heightened attention 

in order to simultaneously reduce system failure and system downtime. The rotor (blades) 

is the second most critical subassembly for system risk reduction according to its CAM = 

1.12. The mechanical brake contributes the least to system unavailability risk since it has 

the lowest downtime of 48 hours per failure and a relatively low failure rate. The ease in 

conducting revenue or energy related analysis based on unavailability probabilities makes 

CAMs better indicators for minimizing time, production or revenue losses than CIMs. 

CCMs provide the best decision making tools if the objective of stakeholders is to 

obtain significant reduction in overall annual cost of repairing or restoring system to 

operation. CCMs are computed using annual probabilities of the upper bound system repair 

cost to the probability of annual cost of at least 𝜏 = 10,000 dollars. There is a considerable 

change to the order to which the subassemblies are ranked using this metric relative to the 

CIMs or CAMs, as a result of the significant disparities between the repair costs of 

subassemblies. It is observed that the subassembly containing all other components with 

CCM = 1.29 and the electrical system with CCM = 1.26 maintain their first and second 

positions with regards to importance, respectively, as in the CIM ranking because they have 

high repair costs in addition to their high failure frequencies. However, electrical controls 

which are ranked third in the CIM have a significantly lower importance according to 

CCM, occupying the ninth position in the ranking. Another example is the pitch control 
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which is the ninth most critical subassembly according to the CIM and CAM.  Owing to 

its relative contribution to the annual repair cost of the wind turbine, it is regarded as the 

sixth most valuable unit per CCM.   

Even though the three metrics produce different component importance rankings, 

they still show strong correlation among themselves. The Kendall rank correlation 

coefficient between CIM and CAM is 0.73.  The correlation coefficient measured between 

CIM and CCM is 0.64 whereas CAM and CCM are associated by a coefficient of 0.61. It 

is worth reiterating that the component failure probabilities used to compute CIMs are also 

factored in deriving CAMs and CCMs, thus explaining the high correlations between the 

metrics.  

4.4.2. Example 2: 45-component wind turbine system  

This example demonstrates the feasibility of realizing an entire set of wind turbine failure 

event possibilities from the component-level to system-level approach for a large number 

of components. This approach is needed when failure data of individual components, 

instead of information on subassembly, are available. Given the large number of 

components that make up a wind turbine, the recursive solution to the combinatorial 

approach is employed here as the naïve exploration of all possible events becomes 

computationally impractical. Summaries of wind farm operational data collected by an 

European consortium of researchers and engineers (Reliawind 2007) is used. The field 

information is 450 wind-farm month’s worth of data comprising 350 modern onshore wind 

turbines. It contains annual failure rates of 62 components expressed as percentage 
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contribution to the average overall failure rate of a wind turbine. Information for 

supplementary components is excluded in this study, trimming the system size to 45 

components. These contributions are multiplied by an overall average failure rate of a 

system of 1.8 per turbine per year (Tavner et al. 2007) to obtain un-normalized component 

failure rates.  

There are 245=3.518×1013 possible 𝒌∗ ∈ 𝑲 vectors (or unique combinations) 

describing system events. This value represents at least the number of operations that 

would have been required by using the non-recursive combinatorial approach. However, 

Equation 3.5 reduces this number to 91,125 computations via the recursive formulation 

yielding the system failure probability distributions shown in Figure 4.3(a). The 

distribution contains all possibilities of system event. If a series system is considered, this 

typical wind turbine system has a reliability of 0.166. The annual probability of system 

failure due to at least 2 components is 51%. The likelihood of system failure at the instance 

of at least 5 components is about 2%. There is insignificant chance of failure occurrence if 

system failure is defined by at least 6 out of the 45 components due to their rare joint 

occurrence. The recursive approach also provides a reliability bound of 0.32 to 0.83 as a 

series represented system with positive event correlation.  The recursive approach proves 

to agree perfectly with Monte Carlo simulations (MCS) as shown in Figure 4.3(b). 



 

119 

 

 

Figure 4.3 – (a) Annual failure probability distributions (b) Comparison of annual system 

failure CDFs by the recursive solution and a naïve Monte Carlo simulation (MCS) 

approach, for a typical 45-component wind turbine 

4.3. Summary 

As an overarching goal of this thesis is to explore the viability of equipping electric power 

systems with distributed wind generation to improve their resilience, this chapter supports 

such a goal by presenting a closed-form method to evaluate wind turbine system reliability 

and associated failure consequences. Monte Carlo simulation, a widely used approach for 

system reliability assessment, usually requires large numbers of computational 

experiments, while existing analytical methods are limited to simple system failure event 

configurations with a focus on average values of reliability metrics.  By analyzing a wind 

turbine system and its components in a combinatorial yet computationally efficient form, 

the approach proposed here provides an entire probability distribution of system failure 
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that contains all possible configurations of component failure and survival events. The 

approach is also capable of handling unique component attributes such as downtime and 

repair cost needed for risk estimations, and enables sensitivity analysis for quantifying the 

criticality of individual components to system reliability.  

Applications of the technique are illustrated by assessing the reliability of a 12-

subassembly turbine system. Failure information for building this application example is 

collected from a number of wind turbines of different ages, model, technologies and sizes 

ranging from 100 kW to 2.5 MW, which are ideal for utility-scale DWG as proposed in 

Chapter 6. In addition, component downtimes and repair costs of components are 

embedded in the formulation to compute expected annual wind turbine unavailability and 

repair cost probabilities, and component importance metrics useful for maintenance 

planning and research prioritization. Furthermore, this study introduces a recursive solution 

to the closed-form method and applies this to a 45-component turbine system that cannot 

be solved otherwise. The proposed approach proves to be computationally efficient and 

yields vital reliability information that could be readily used by wind farm stakeholders for 

decision making on integration scheduling and risk management. Particularly for 

distributed wind generation (DWG), the approach is useful for predicting unavailability of 

DWG units as their use becomes more widespread. Information provided by the 

methodology can be useful in the forecast of wind power outputs necessary to run a DWG 

in an electric power system (as elaborated further in Chapter 6). 

Although the reliability and risk assessments of wind turbines are now efficiently 

feasible, specific strategies to manage unreliability or mitigate risks, particularly for 
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lifetime effects, need to also be explored.  The next chapter aims to enhance the 

performance of one of the critical wind turbine components, namely its support tower, and 

thus improve the entire system reliability and long-term resilience of electric grids with 

DWGs. Reducing the wind turbine risk of failure is expected to contribute to the reliability 

and availability of distributed wind turbines or generators.  



 

122 

 

Chapter 5 

Improved Reliability of Wind Turbine 

Towers with Tuned Liquid Column Dampers 

(TLCDs)  

Having assessed the system reliability of wind turbines with portable methodologies, this 

chapter evaluates how vibrations, a major cause of component failures, can be effectively 

reduced by using tuned liquid column dampers (TLCDs).  By reducing vibrations, a TLCD 

improves the reliability and availability of distributed wind generation to the electric power 

system not only during their lifetime operational contingencies, but also under hurricane 

events. This chapter builds upon a study by Mensah and Dueñas-Osorio (2014) that 

evaluates the effectiveness of single and multiple TLCDs in improving the performance of 

megawatt-size wind turbines within a probabilistic context that takes into account system 

uncertainties. The study adopts a 5 MW wind turbine model, which generally accepted as 

a baseline model for turbine studies, to illustrate the benefits of TLCDs. However, the 

models and principles developed in this chapter are transferable to small to medium sized 

turbines (100 kW to 2.5 MW), which are expected to be used for DWG in an urban setting 

(as in the case of Chapter 6).   
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The study develops a new dynamic model of an onshore turbine-TLCD coupled 

system based on existing models. The dynamic model is simple and computationally 

efficient than other advanced aerodynamic models, making it suitable for probabilistic 

analyses, while adequately accounting for some details, such as the rotational effects of the 

blades. Upon integration of the model with stochastically generated wind fields, it is used 

to analyze the structural behavior of support towers with and without TLCDs for a 

representative modern wind turbine. The analysis yields along-wind responses that are used 

to develop a wind-induced demand model for the wind turbines.  Fragility curves that relate 

the probability of exceeding predefined limit states to mean hub wind speeds are 

constructed and used to estimate annual failure risks. Furthermore, the study illustrates 

reductions in annual wind-induced failures attributable to TLCD usage for wind turbines 

sited at two locations with growing energy industries, such as West Texas, and West 

California. This study also explores two options to increase the TLCD effectiveness within 

the constraints of damper mass and space in the wind turbine nacelle system.   

5.1. Vibration controls for wind turbines  

Recent developments in the wind energy industry, aimed at obtaining the most economic 

and productive configurations in order to compete in the energy sector, have led to a new 

generation of high output wind turbines which are supported by very tall and slender 

towers. These tall towers are very flexible and lightly damped because they are also usually 

constructed of lightweight and high-strength materials. As such, they have increased 

vulnerability to wind excitation. The towers undergo significant vibrations that may slow 
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down wind energy conversion to electrical power and reduce the fatigue life of the systems 

(Colwell and Basu 2009). Furthermore, high accelerations induced by wind forces can lead 

to the malfunction of acceleration-sensitive equipment such as generators, inverters, yaw 

systems, gearboxes, hydraulic systems, and mechanical brake systems, resulting in reduced 

annual wind turbine availability (Dueñas-Osorio and Basu 2008). Moreover, a post-disaster 

assessment (Chou and Tu 2011) also attributes significant number of tower collapses to 

excessive vibrations in the towers during strong wind events. The suppression of these 

excessive vibrations should therefore be a vital design consideration to protect turbine 

structures from the damaging effects of aleatoric wind forces and to improve their overall 

performance. 

The use of active and passive control devices which induce additional damping to 

mitigate the damaging effects of wind and earthquake loads on buildings, has been 

extensively investigated (see (Balendra et al. 1999; Gupta et al. 2000; Hitchcock et al. 

1997)). The tuned liquid column damper (TLCD) is a passive control device usually 

requiring no external force (i.e. electrical power) to generate control forces (Balendra et al. 

1995). It consists of a U-shaped container that is partially filled with liquid of a typical 

mass of 1 – 2% of the mass of the primary structure. The liquid moves back and forth 

between the two columns of the U-shaped dampers through an orifice opening in the 

container. The movement of the liquid mass, the damping effect of the orifice plate in the 

column damper, and the gravitational restoring force on the liquid combine to mitigate 

structural responses (Debbarma et al. 2010). Sakai et al. (1989) first proposed TLCD and 

demonstrated its effectiveness for the Citicorp Center in New York and the Gold Tower in 
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Japan. The TLCD has a number of inherent advantages over other vibration control devices 

including its low cost, easy handling and installation, low weight, easy adjustment of 

damper to target frequencies, and its ability to dissipate very low amplitude excitations. 

Several numerical and experimental studies (e.g. (Shum and Xu 2004; Yalla and Kareem 

2000)) have established that significant reduction (in excess of 50%) of structural responses 

to wind and earthquake excitations are achieved when TLCDs are properly tuned. The 

damper is tuned by adjusting its natural frequency and the coefficient of head loss of the 

orifice plate to the primary structure’s properties (Taflanidis et al. 2007). As an extension 

to the TLCD, the use of multiple dampers (MTLCD) has also been examined. Gao et al. 

(1999) subjected a single-degree-of-freedom structure equipped with TLCDs placed at the 

same level to harmonic forces and observed that an optimised MTLCD is more robust than 

a single TLCD of equal mass in terms of offering a much wider range of frequency ratios.  

Most recently, Colwell  and Basu (2009), through a series of numerical studies on 

an offshore wind turbine observed that a single TLCD could reduce peak displacements 

resulting from the combined action of wind and wave forces by up to 55%. In most of these 

aforementioned studies, including work by Colwell and Basu (2009), deterministic models 

under nominal excitations are utilized. Design of the turbine-TLCD by such deterministic 

approaches assumes that all properties of the wind turbine and the excitations are fully 

known. However, in practical applications, there is a level of inherent uncertainties in 

structure and TLCD that significantly affect the performance of the damper (Gao et al. 

1999). The slightest perturbation in the properties especially in the frequency of the 

primary structure may result in a drastic fall of damper’s efficiency (Papadimitriou et al. 
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1997). A more realistic approach is to assess the TLCD performance by properly 

considering system uncertainty. Additionally, these studies optimized the damper in its 

passive state at single excitation intensity, which produces suboptimal damping to a 

structure at other excitation levels in real application because damping mechanism on of 

TLCD depends on the motion amplitude.  

5.2. Dynamic response analysis  

Structural performance assessment of wind turbine systems requires adequate 

representations of wind loading and the dynamic behavior of the system. Structural 

performance assessment of wind turbine systems requires accurate representations of wind 

loading and the dynamic behavior of the system. Many models (literature extensively 

discussed in (Sørensen 2012)) based on computational fluid dynamics or blade-element 

momentum theory exist for calculating aerodynamic loads on wind turbines. These 

aerodynamic models adequately capture the aeroelastic behavior of wind turbines but they 

are computationally expensive (Dai et al. 2011) and their implementation in probabilistic 

assessments, which require several simulations to explore the input and demand spaces 

under uncertainty in wind excitation and the system, may be infeasible. As such, this study 

with an emphasis on the wind turbine reliability, adapts a realistic yet simplified dynamic 

model for simulating wind-induced vibration responses of a coupled turbine-TLCD system 

shown in  

Figure 5.1a. The dynamic part of the original model has been used by Murtagh et 

al. (2005), Dueñas-Osorio and Basu (2008), Colwell  and Basu (2009) and Quilligan (2012) 
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among others.  The simulation model is based on the mathematical sub-structuring 

approach and adequately accounts for the blade/tower interaction, the effect of the rotating 

blades by using rotationally sampled spectra (Connell 1980; Madsen and Frandsen 1984)  

and spatial correlation of drag forces along the height of the tower to ultimately generate 

wind-induced displacement time histories at the nacelle.  

 

Figure 5.1 –  (a) A schematic diagram of the 5 MW wind turbine equipped with two 

TLCDs (b) TLCD model (after (Taflanidis et al. 2007)) 
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5.2.1. Wind-induced blade responses  

In this study, the three blades are subjected to wind loads that are sampled in a manner that 

accounts for rotational effects to estimate blade shear forces at the top of the vibrating 

tower. Under the action of rotation, centrifugal stiffening and gravity self-weight effects 

influence the free vibration characteristics of a rotating blade. As such, a modified stiffness 

matrix, which is a sum of both its flexural and geometric stiffness matrices, is used to 

determine the blade’s free vibration parameters. The geometric stiffness matrix contains 

force contributions due to rotational effects. The blade is modeled as a prismatic cantilever 

beam discretized into multi-degree of freedom (MDOF) systems with a rectangular hollow 

section. The wind-induced forced motion of the blade as MDOF entities is expressed as                                                                            

          ( ) ( ) ( ) ( ) ,t t t t  B B B BM u C u K u F  5.1 

where BM  is the mass matrix, BC  is the damping matrix, BK  is the modified stiffness 

matrix, ( )tu ,  and  are the temporal displacement, velocity and acceleration 

vectors of the blade relative to the top of the tower, respectively, and BF   is the total time-

varying wind load vector on the blade.   

Considering the blade as a bluff body in a wind flow, it experiences pressures 

distributed over its surface, which generate a net force made up of an along-wind 

component (drag force), and an across-wind component (lift force). The coupling between 

the blades and tower/nacelle from drag forces is significantly stronger than that resulting 

from lift forces (Arrigan 2010). As such, the present study considers that it is sufficient to 

( )tu ( )tu



 

129 

 

model drag forces only, given the objective to probabilistically capture the main response 

of wind turbines in this study.  However, detailed scenario or case-specific studies could 

benefit from detailed modeling of drag and lift forces. The nodal drag force ( )iF t  at each 

node i in ( )tBF  is composed of mean and fluctuating drag force components as follows:                                                                  

2

( ) 0.5 ( )ii D air iF t C A v v t   
   5.2 

where DC is the drag coefficient, air  is the density of air, A is the surface area, iv is the 

mean component of wind velocity at node i, ( )iv t  is the nodal fluctuating wind velocity 

component, and t is the time instant. The mean component of wind velocity can be 

expressed as: 

 5.3 

with ( )v H  and ,i refv  being the mean wind speed at hub height and the required amplitude 

necessary to represent the sinusoidally varying mean wind velocity as a function of nodal 

position above and below the hub, respectively, and   being the blade rotational 

frequency.  

To further account for the effects of rotating blades, the nodal fluctuating wind 

velocity ( )iv t  is simulated using rotationally sampled spectra from a power spectral density 

function (PSDF) vvS  in conjunction with a discrete Fourier transform (DFT) series of a 

discretized form of the continuous frequency content. A modified version of the von 

 ,( ) cosi i refv v H v t  
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Kármán spectrum (Kaimal et al. 1972) given by Eq. 5.4 is employed here to represent the   

PSDF of the fluctuating wind velocity. 

 
 

2
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, 5.4 

where n  is frequency in Hz, *v  is the friction velocity, and c is the Monin coordinate. 

Selecting a von Kármán constant k and a roughness length 0z  from (Simiu and Scanlan 

1996), the friction velocity and Monin coordinate may be determined from the following 

equations: 

*

0

( )

ln( / )

kv H
v

H z
  and 

( )

nH
c

v H
  5.5 

Rotationally sampled spectra for fluctuating velocity are generated by 

redistributing the spectral energy in   (Eq. 5.4).  The redistribution of the velocity 

spectral energy is done as follows: (1) A portion of the energy is allocated to each node 

along the length of the blade according to node distance from the hub (peaks of energy tend 

to be more pronounced as distance increases away from the hub (Madsen and Frandsen 

1984)), and (2) 30% of the total energy at each node is assigned as localized peaks at 

specific frequencies 1Ω, 2 Ω, 3Ω and 4 Ω, and the remaining 70% is uniformly distributed 

among the other discretized frequencies (see Murtagh, Basu et al. (2005) for more detail).  

The technique ensures that the rotational effects of the blades on the tower response are 

accounted for in the simulated wind force time-histories. The redistributed energy in the 

vvS
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form of discretized frequencies is transformed into time domain producing the fluctuating 

velocity component ( )iv t  of the ith node via the DFT as follows:  

1 1

( ) cos( ) cos( )i k k k k

k k

v t A t B t 
 

 

    , 5.6 

where kA  and kB  are the Fourier coefficients, and k  is the kth discretized circular 

frequency ( 2 n  ).    

Once the nodal forces ( )iF t  in Eq. 5.2 are obtained, they are assembled to form 

( )tBF .  Eq. 5.1 is then solved for nodal response time histories of the blade ( )tu . The nodal 

responses are integrated over the blade length and multiplied by the blade mass to compute 

the base shear.  The total base shear ( )BV t
 
of the three blades is transferred onto the nacelle 

for the tower response analysis.  

5.2.2. Wind loading on tower   

The tower is also modeled in this paper as a lumped mass MDOF flexible entity with an 

additional lumped mass at the top to represent the mass of the nacelle and the blades to 

determine its free vibration characteristics. The determination of the drag force follows the 

same procedure as in the case of the blade loading except that the fluctuating force 

component takes into account the spatial correlation of drag forces along the length of the 

tower. Thus, the power spectrum 
j jF FS  associated with the fluctuating force for the jth 

modal shape is given by 
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2

1 1

( ) ( ) ( ) ,
j j k l

m m

k lF F D air v v kj lj

k l

S n C A S n v v
 

    5.7 

in which: 

( ) ( ) ( )coh( , , )
k l k k l lv v v v v vS n S n S n k l n  coh( , , ) exp

0.5( )k l

k l
k l n nD

v v

 
  

 

 5.8 

with k and l representing spatial nodes, m is the number of nodes, 
k lv vS  is velocity auto 

power spectral density function (PSDF) when k l  or cross PSDF when k l . kv  and 

lv  denote the mean wind velocities at nodes k and l, kj  and  lj  are the kth and lth 

components of the jth mode shape, coh( , , )k l n  is the spatial correlation function between 

the nodes, D is a decay constant, |k-l| is the spatial separation, and the rest of the variables 

are defined as before.  
k kv vS and 

l lv vS , which are velocity PSD functions at the nodes, are 

obtained using Eq. 5.4.  The discrete Fourier transform (DFT) series (Eq. 5.6) is again 

employed to transform the fluctuating spectra of wind force into time histories.  The 

fluctuating forces are combined with the mean drag force component to obtain the total 

wind drag force ( )T tF  acting on the tower. The total drag force ( )T tF  on the tower together 

with the total base shear force ( )BV t at the nacelle from the rotating blades are applied to 

the tower to analyze the responses of the tower-TLCD coupled system, described in the 

next two sections. 
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5.2.3.  Equation of liquid motion in TLCDs 

Building upon the idea of multiple TLCDs on the same level (Gao et al. 1999), the 

study considers a wind turbine that is equipped with n U-shaped TLCDs positioned at 

different heights along the tower, which is discretized into m-nodes.  Assume that all 

dampers are filled with liquid of density  , and that the levels of damping in the TLCDs 

are determined by a coefficient of head loss  .  Considering also that the ith damper has 

uniform circular or square cross-sectional area iA , total length of liquid column iL , and 

horizontal length iB  as shown in  

Figure 5.1b, the motion of the ith liquid column relative to the primary structure can 

be described as:  

1
2

2

i

i i i i i i i i i i jA L y A y y g A y A B u         

1,2, ,i n         

 
5.9 

where 
i

ju  represents the horizontal displacement at the jth node of the tower to which the 

ith damper is attached. iy , iy  and iy  are the displacement, velocity and acceleration, 

respectively, of the liquid surface in the ith TLCD and g is the acceleration due to gravity.  

Denoting angular frequency of liquid motion as 2 /
id ig L   and length ratio of 

the ith liquid column as /i i iB L  , a normalized expression of Eq. 5.9 with respect to the 

mass of the liquid 
id i im A L  for the ith TLCD is given by 

1,2, ,j m
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5.2.4. Motion of coupled wind turbine-TLCD system 

The motion of a wind turbine tower equipped with n number of TLCDs can be expressed 

by:  

1 1 1

1 1

( ) ( )
n n

i

B B i i i i i i j i

i i

t V t m u A B y A L u 
 

       T T T TM U C U K U F T T T T  5.11 

In Eq. 4.11,  is a m-dimensional column vector containing nodal horizontal 

displacements. ,  and TK  are the (m× m)-dimensional mass, damping coefficient, 

and stiffness matrices, respectively, of the tower/nacelle assembly. In addition, ( )tTF is the 

m-dimensional column vector of nodal wind forces acting on the tower, ( )BV t  is the total 

base shear at the nacelle resulting from the wind-induced responses of the three blades and 

Bm  is the total mass of the three blades. iT  is an m-dimensional position vector containing 

1 at the location of the jth node at which the ith TLCD is located and (m-1) zeros everywhere 

else. For illustration, 
T

1 [1 0 0 ... 0]T  indicates that the first TLCD is mounted on 

or inside the nacelle.   

By representing the tower response U by the product of an ( m × s ) – dimensional 

mass normalized mode shape matrix Φ  and the s–dimensional modal coordinate vector 

U

TM TC
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T

1 2{ , , , }sq q qQ , where s is the number of mode shapes considered, then Equation 5.11 

can be pre- multiplied by the transpose of Φ  to produce  

 5.12 

in which 

1 1
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2 0
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T

S TK =Φ K Φ  5.13 

where SM  is the sum of s-dimensional identity matrix and the mass normalized 

contributions from the blades and the MTLCDs,  is the total mass of the structure,

/i i i TAL m   is the mass ratio of the ith TLCD, and i  along with i  are the tower 

damping ratio and natural frequency of the ith mode, respectively. Equations 5.10 and 5.12 

are combined to obtain the governing equation of the coupled tower/TLCD system as 

( )couple couple couple t  M X C X K X P  5.14 

where coupleM , coupleC  and coupleK  are m+n – dimensional coupled mass, damping, and 

stiffness matrices, respectively, X  and P  are the m+n – dimensional displacement and 

force vectors. For a wind turbine equipped with two TLCD systems, X , coupleC , coupleK , 

coupleM  and P  are  

1

1

[ ( ) ( ) ] ,
n

B T i i i i

i

t V t m y 


   T T

S s s TM Q + C Q + K Q Φ F T Φ T

Tm



 

136 

 

1

2

,y

y

 
 

  
 
 

Q

X  1

1

2

2

0 0

0 0 ,
2

0 0
2

couple y
L

y
L





 
 
 
 

  
 
 
 
 

SC

C  
1

2

2

2

0 0

0 0 ,

0 0

couple d

d





 
 

  
  
 

SK

K  

(

5.15 

1 1 1 2 2 2

1 1

2 2

1 0

0 1

T T

couple

m u m u 





 
 

  
 
 

T T

S

T

T

M Φ T Φ T

M T Φ

T Φ

 

1( ) ( )

0

0

Bt V t 
 

  
 
 

T T

TΦ F Φ T

P

 

(

5.16 

5.3. Model Description of Wind Turbine and TLCD 

The primary aim of this work is to provide a comparative performance assessment of 

megawatt-wind turbines with and without the damping device. To achieve that, this 

research employs a reference model that serves as a representative utility-scale turbine. 

This section provides description of the wind turbine model and TLCD parameters.  

5.3.1. Wind turbine model 

Small-to-medium sized (100 kW to 2.5 MW) wind turbines are envisaged to be 

used for distributed wind generation (DWG) in an urban electric grid. However, the study 

uses a 5-MW wind turbine model developed by the National Renewable Energy Laboratory 

(NREL) (Jonkman et al. 2009) because its properties are well documented and accepted in 

the industry as a baseline turbine for studies. Nevertheless, the framework presented in this 

chapter are readily applicable to the turbines typical for DWG. As such, vibration 

suppression as well as reliability improvement realized for the 5 MW as a result of TLCD 
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is expected to be obtained for the relative smaller DWG units. It is a three-bladed upwind 

turbine with a 6 m diameter hub and supported on an 87.5 m high steel tower. The tower 

is modeled as a linearly tapered tubular cantilever beam with base and top diameters of 6 

m and 3.87 m, respectively, and a lumped mass representing the nacelle and blades at its 

free end.  

Figure 5.1a shows the wind turbine model. The elastic modulus and density of the 

steel material are taken as 210 GPa and 8,500 kg/m3, respectively. The tower is discretized 

into 10 elements of equal lengths, and the dynamic properties of the first three mode shapes, 

which yield more than 90% of the cumulative modal mass participation, are included in 

the analysis. The undamped natural frequencies are computed as 2.0 rad/sec (0.32 Hz), 

18.4 rad/sec (2.93 Hz) and 56.3 rad/sec (9 Hz), showing good agreement with reported 

values by Jonkman et al. (2009). The blades are modeled as identical uniform cantilever 

beams with rectangular hollow cross-sections. Each blade has a mass of 17,800 kg and is 

60 m long, 3.2 m wide, and 1.0 m deep with a thickness of 17 mm. The main mechanical 

and structural properties of the 5 MW wind turbine are given in Table 5.1. 
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Property Value 

Rating  5 MW 

Cut-in wind speed 3 m/s 

Rated wind speed 11.4 m/s 

Cut-out wind speed 25 m/s 

Hub height 90 m 

Tower height 87.6 m 

Rotor diameter 126 m 

Rotor mass 110,000 kg 

Nacelle mass 240,000 kg 

Tower mass 347,460 kg 

Table 5.1 - Wind turbine properties (Jonkman et al. 2009) 

5.3.2. TLCD arrangements and parameters 

The baseline arrangement for this study is a single TLCD (STLCD) with a 1% mass ratio 

mounted inside the nacelle of the wind turbine. Its nominal natural frequency is tuned to 

98.5% of the fundamental natural frequency of the tower/nacelle system, thus yielding a 

total length 1L  of 4.98 m for the liquid column. A length ratio 1  of 0.6 is used. The 

headloss coefficient of the damper is optimized at each wind speed considered in this study, 

thus it is practical implemented as a semi-active damper (2003). 

This paper also examines the performances of two additional TLCD configurations 

to establish the most efficient measure to improve the effectiveness of the damper. They 

are defined as follows: 1. Dual or multiple TLCD configuration (MTLCD μ = 1.5): An 

additional TLCD with a nominal frequency ratio of 99% is placed inside the tower as 

shown in Fig. 2. A mass ratio 2 0.5%   and a length ratio 2 0.4   are used to allow the 

damper to be realistically accommodated inside the tubular tower. 2. Single TLCD 
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configuration whereby the baseline TLCD configuration with μ = 1.0%, is modified so that 

its mass ratio is increased to μ = 1.5%. This configuration is denoted by STLCD μ = 1.5%   

5.3.3. Uncertainty modeling and simulation framework 

Inherent uncertainties in the properties of the wind turbine resulting from construction 

imprecision, aging effects and modeling inaccuracy have significant effect on its structural 

behavior. More, the efficiency of the TLCD is highly dependent on the damping and the 

frequency of the primary structure. The study therefore incorporates variability in the 

natural frequency and the structural damping of the wind turbine by describing these 

properties as random variables. A uniform probability distribution is assigned to model the 

damping ratios of the towers and blades of the wind turbine.  A range of 1% to 5% of 

critical damping, reflecting low to normal to below yielding stress conditions of steel 

towers (Chopra 2001) and also of the aeroelastic damping induced by rotating blades 

(AWEA/ASCE 2011), is chosen for the model. Additionally, a modification factor ranging 

from 0.97 to 1.03 (3% variability), also characterized by a uniform random variable, is 

applied to computed undamped natural frequencies of the blades and tower.  

One hundred realizations of randomly selected mean wind speeds ranging 3-25 m/s 

(wind speeds at which the turbine is allowed to run or operate), damping coefficient and 

stiffness modification factor are sampled for dynamic response simulations. The study 

optimizes head loss coefficient of TLCD at the wind speed in each simulation as done in 

the case of semi-active TLCD (Yalla and Kareem 2003), with additional consideration for 

system uncertainty in performance assessment of the damper. 
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5.4.     Wind Turbine Reliability Analysis 

The reliability improvements in TLCD-equipped wind turbines are analyzed by developing 

wind-induced fragility curves to facilitate risk estimations and performance assessments. 

The following subsections discuss the fragility approach and a convolution procedure to 

determine annual failure probabilities.     

5.4.1. Fragility analysis 

Fragility analysis is a widely used approach in assessing seismic risk of a structural system. 

Curves developed in such an analysis relate the structure’s vulnerability associated with 

various damage levels to seismic hazard intensity (Shinozuka et al. 2000). Fragility of a 

structure, may be simply defined as the conditional probability of a structural demand to 

exceed the structural capacity for a given excitation level. Fragility curves are also very 

useful for comparing different structural retrofit or improvement measures (Padgett and 

DesRoches 2008; Ramamoorthy et al. 2006) and can provide information for identifying 

critical components and parameters required in reliability studies and associated decision 

analyses. The methodology has also been adopted to evaluate acceleration-induced wind 

turbine unavailability (Dueñas-Osorio and Basu 2008) and assess the performance of steel 

and concrete wind turbine towers (Quilligan et al. 2012).  

The current study develops structural demand models in a functional form of a 

power law to facilitate the development of fragility curves. The power law model fitted to 

simulated peak displacements provides a good estimate of the median wind-induced 

displacement at the nacelle. The demand models relate peak responses at the nacelle to 
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mean hub wind speeds for wind turbine with and without TLCD. Similar to seismic demand 

model developed by Cornell et al. (2002), the structural demand for a wind turbine tower 

under wind excitations can be represented by 

( )c

w wD b v   5.17 

where wD  is the median of displacement peaks at the nacelle, wv  is the mean wind speed 

at the hub of the tower, and b and c are the regression coefficients obtained from the 

regression analysis on the peaks of the simulated time histories. The demand models for 

the tower are combined with predetermined capacities (strength) of the tower to construct 

fragility curves that provide the likelihood of exceeding the capacities at specified wind 

speeds.  The fragility of the tower (conditional failure probability) can be characterized by 

a lognormal distribution given by  

In( ) In( ( ) )
P[ | ] 1

c

LS w
w LS w

D b v
Fragility D D v



  
    

 
 5.18 

in which, wD  is the displacement demand at the nacelle, denotes the displacement limit 

state or capacity threshold that initiate changes in the performance state of the tower (i.e. 

safe or failed), ( )   is the standard normal cumulative distribution function, and   is the 

logarithmic standard deviation representing the dispersion in the displacement response.  

Drift levels of 0.1%, 0.2%, 0.3% and 0.5% at the tower tip are selected to derive 

the limit states DLS in this analysis. These drift levels are fractions of the drift (1.0%) of the 

tower at yielding, obtained by a push-over analysis. These capacity limits are low and 

therefore no significant damages to the tower are expected when responses exceed them. 

LSD
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However, owing to high sensitivity of several wind turbine subassemblies such as 

generators, brakes, yaw systems, inverters and control systems, exceeding these drift limits 

may trigger temporary shutdown and consequently result in downtime hours.  

The fragility curves obtained provide the probability of the displacement demand 

meeting or exceeding pre-established displacement capacities given a set of annual wind 

speeds. The fragility curves can also be combined with site-specific annual wind hazard 

rates to estimate the unconditional risk of failure, or limit state exceedance, of a wind 

turbine. 

5.4.2.  Risk analysis 

The fragility analysis does not account for the likelihood of observing specific levels of 

wind speeds in a given year at a specific location.  By weighting the wind-induced 

displacement fragility curves by the probability of annual wind speed realization at a 

specific site, estimates of unconditional probabilities of failure can be established (Dueñas-

Osorio and Basu 2008), and used for decision making by identifying consequences from 

balancing vulnerabilities with their likelihood. The weighting process follows the 

convolution integral which involves convolving the cumulative density function of 

exceeding a displacement threshold conditioned on a wind speed (i.e., fragility) with the 

probability density function of the annual wind speed  (i.e., hazard). The convolution 

integral is defined as 

f( )wv
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     5.19 

where  is the expected annual probability of exceeding a predefined tower limit state.  

5.5. TLCD Performance Assessment 

This section contains results from the analyses described in previous sections of wind 

turbines with and without TLCD subjected to wind forces. The relative performance of the 

wind turbine equipped with the tuned liquid column damper (TLCD) in three different 

configurations is also discussed. The reduction in structural displacements gained by 

equipping the wind turbine with TLCDs is first examined. The section also evaluates the 

effectiveness of the damper in the three configurations on wind turbines by comparing 

failure probabilities expressed in both wind-induced fragilities and limit state exceedance 

risk.   

5.5.1. Structural response minimizations 

This section examines reduction in structural displacement responses achieved by attaching 

the TLCD to the wind turbine. Significantly lower responses are observed throughout the 

10-minute time histories of the wind turbine tower with the damper than the tower without 

the damper. As an illustration, Figure 5.2a shows a 60-second segment of the tip 

displacement time histories with a baseline TLCD μ = 1% mounted inside the nacelle and 

the tower without the damper at the cut-off wind speed 25wv  m/s. The figure illustrates 

the level of response minimization achieved by the TLCD. The maximum observed tip 

fP
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displacements are 0.75 m and 0.53 m, respectively, for the wind turbine without and with 

the single damper. The inclusion of the damper to the turbine square reduces peak and root 

mean square (rms) tip displacements by 30% and 38%, respectively.  

In all 100 simulations of varying mean wind speeds carried out in the probabilistic 

framework, the damper proves to be an effective vibration control device for wind turbines. 

The baseline TLCD achieves up to 47% reduction in peak tip displacements. The inclusion 

of the second damper placed inside the tower however does not result in any significant 

additional gains. The maximum reduction gained by this MTLCD configuration μ = 1.5% 

is 48%. For most applications of the MTLCD in buildings, additional dampers are placed 

at the same level with the first damper where maximum displacement occurs. As such, 

MTLCD appears to be more beneficial than single TLCD (STLCD) of the same total mass. 

However, there is limited space in the nacelle (where maximum tower displacements are 

observed) to practically accommodate more than one damper for wind turbine applications. 

Hence, increasing the mass of the baseline TLCD appears to be a much better approach for 

wind turbines than increasing the number of dampers. The STLCD with μ = 1.5% yields 

as much as 53% reduction in peak tip displacements. Note that if towers continue to get 

taller and more slender, high vibration modes may become dominant and MTLCDs would 

gain efficacy when placed strategically along the tower height. 
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Figure 5.2 – Reductions in (a) Tip displacement and (b) Base moment time histories of 

wind turbine tower by using TLCDs at a wind speed of 25 m/s 

Structural demands such as base shears and moments are often major considerations 

in engineering design. For this reason, bending moment time histories at the base of the 

tower for a mean wind speed of 25 m/s is shown in Figure 5.2b to illustrate the effectiveness 

of reducing structural demands on the tower even though reliability assessment in 

subsequent sections is limited to tip displacements. Acceleration responses at the ten nodes 

on the tower are integrated with the nodal masses to compute bending moments.  STLCD 

with mass ratio μ = 1% reduces the peak bending moment from 348 MN to 268 MN. It is 

observed that the damper inside the nacelle has huge effect on the responses at all nodes 

along the tower height resulting in significant reduction in base moments. Consequently, 

significant saving is expected to be made on material and construction costs of towers and 

foundations with the inclusion of TLCD in wind turbine system design. The two TLCDs 

(MTLCD μ = 1.5%) and STLCD (μ = 1.5%) respectively achieve 26% and 32% reductions 
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in peak moments. Again, the single damper with increased mass is observed to be most 

effective configuration than the MTLCD.  

5.5.2. Fragility improvements 

Comparison of structural responses in the previous section provides the benefits of the 

damper for individual wind speeds and structural behavior of the tower. This section 

evaluates the performance of TLCD using the fragility approach. This probabilistic 

approach assesses the damper in a more holistic fashion by exploring a wide range of wind 

speeds as well as explicitly integrating uncertainty in structural properties. The approach 

also facilitates estimation of site-specific probability associated with compliance or 

otherwise of a tower with and without TLCD to desired limit states.     

Figure 5.3 shows wind-induced demand models constructed based on Eq. 5.17 

using generated peak tip displacements for four wind turbine configurations: no TLCD, 

STLCD with μ = 1 %, MTLCD with μ = 1.5%, and STLCD with μ = 1.5%. The models are 

excellent fits for the simulated response data with coefficient of determination R2 values of 

0.839, 0.929, 0.931 and 0.933, respectively, measured in the four systems.  Mean wind 

speeds wv  of 13.2 m/s, 18.4 m/s and 22.4 m/s produce tip displacements that match the 

tower drift capacities of 0.1%, 0.2%, 0.3%, and 0.5%, respectively in the wind turbine 

without the damper. It is also noted that the tower does not drift equal or beyond 0.5% of 

its height under normal operating wind speeds. Hence, the subsequent analysis does not 

consider the 0.5% drift capacity. By attaching a TLCD with μ = 1% to the system, the 

turbine must be operating at higher median wind speeds {13.8,19.2,and 23.6}wv   m/s 
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relative to the structure without TLCD in order to drift beyond the first three limit states. 

The disparity between the demand models of the wind turbine without and with the baseline 

TLCD is observed to be widening as wind speed increases. Thus, greater reductions in 

displacement demand by the TLCD are expected at wind speeds beyond 25 m/s. In 

addition, note that there are small differences between the demand models of the STLCD- 

and MTLCD-equipped turbine towers. As expected the demand model for the tower 

equipped with the modified STLCD (𝜇 = 1.5%) appears to show considerable divergence 

from the model of the baseline STLCD-tower with 𝜇 = 1.0%. 

 

Figure 5.3 – Probabilistic wind-induced demand models for the wind turbine with and 

without TLCDs 

Figure 5.4 shows typical wind-induced fragility curves that convey the comparative 

performance of a turbine without the damper, and the three cases involving the TLCD. The 

likelihood of exceeding any of the pre-established displacement thresholds during normal 
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operating wind speeds is high for multi-megawatts wind turbines. However, the figures 

demonstrate considerable and consistent reductions in the probability of exceeding these 

drift capacities for wind turbines with TLCD(s) as compared to turbines without the 

damper. For instance, the probability of exceeding 0.1% drift capacity at the turbine rated 

wind speed, 𝑣𝑤  ~ 11.4 m/s for the rotating blade wind turbine is reduced from 39% to 35% 

by attaching the baseline TLCD to the tower. The likelihoods of exceeding drift capacities 

of 0.2% and 0.3% at this wind speed, respectively, decrease from 18% and 10% to 15% 

and 7%. At the onset of a shutdown necessitated by the cut-off wind speed ( 25wv   m/s), 

the inclusion of the damper reduces probabilities of exceeding 0.1%, 0.2% and 0.3% drift 

capacities of the tower from 89%, 72% and 59% to 88%, 70% and 55%, respectively. The 

considerable fall in the conditional probability for any wind speed proves effectiveness of 

the TLCD in improving the service performance of multi-megawatt wind turbines. 

It is also apparent in the Figure 5.4 that the addition of a second damper inside the 

tower does not produce any significant reductions in wind-induced fragilities of modern 

turbines. This observation is expected because the demand model of MTLCD-equipped 

tower is not significantly different from that of the baseline TLCD-equipped tower. Rather, 

increasing the weight of the TLCD enhances the performance of the TLCD in further 

reducing the vulnerability of towers to vibrations. 
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Figure 5.4 – Reductions in wind-induced fragility at (a) 0.1% (b) 0.25% and (c) 0.35% 

drift capacities by using TLCDs in multi-megawatt wind turbines 

5.5.3. Risk reductions 

Reductions in unconditional annual probability of exceeding the pre-estimated 

displacement limit states by TLCD are illustrated for turbines sited at West Texas and West 

California, which have annual mean wind speeds of 7 m/s and 8.8 m/s, respectively (DOE 

2011). The annual wind regimes of these sites are characterized by a Rayleigh probability 

distribution function to conform to wind energy industry practices (IEC 2005-08). Table 

5.2 provides the expected annual risk estimates of the wind turbine with and without the 

damper. 

There are significant annual probabilities of exceeding the displacement thresholds for a 

wind turbine without TLCD. For instance, there is a 26% annual chance of the structure 
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undergoing deflections that exceed 0.1% drift capacity in West Texas.  The probability of 

exceeding this limit in a tower at West California is 33%. The inclusion of the liquid 

damper with μ = 1%  improves the reliability of the system at this drift level by about 5% 

yearly in both locations. Furthermore, the damper effectively reduces the wind turbine 

likelihood of exceeding 0.2% drift capacity up to 7% at the two locations. The annual 

probability of exceeding the 0.3% drift capacity is also reduced by as much as 8%.  

  West Texas  U.S. West Coast 

 Limit States 

 0.1% 0.2% 0.3%  0.1% 0.2% 0.3% 

No 

TLCD 

𝑣𝑤 (m/s) 13.2 18.4 22.4  13.2 18.4 22.4 

𝑃𝑓 0.263 0.182 0.142  0.327 0.236 0.190 

STLCD 

𝜇 =
1.0% 

𝑣𝑤 (m/s) 13.8 19.2 23.4  13.8 19.2 23.4 

𝑃𝑓 0.249 0.169 0.131  0.313 0.222 0.177 

𝑃𝑓 

reduction 
5.4% 6.9% 7.9%  4.5% 5.9% 6.8% 

MTLCD 

𝜇
= 1.5% 

𝑣𝑤 (m/s) 13.8 19.3 23.5  13.8 19.3 23.5 

𝑃𝑓 0.247 0.162 0.130  0.311 0.221 0.176 

𝑃𝑓 

reduction 
5.8% 7.4% 8.5%  4.9% 6.3% 7.3% 

STLCD 

𝜇 =
1.5% 

𝑣𝑤 (m/s) 14.2 19.7 24.0  14.2 19.7 24.0 

𝑃𝑓 0.242 0.164 0.127  0.305 0.216 0.171 

𝑃𝑓 

reduction 
7.9% 9.8% 10.9%  6.8% 8.5% 9.6% 

Table 5.2- Expected risk reductions by TLCDs 

Considering the MTLCD-turbine system, the annual probabilities of exceeding the 

displacement limit states are reduced as much as 9% and 7% for wind turbines sited at 

West Texas and the West California, respectively. The baseline TLCD with an increased 

weight however offers significant reliability improvement. Increases in excess of 11% and 
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10% in annual reliability of wind turbines are realized using this TLCD design. Clearly, 

increasing the mass of the baseline TLCD is the preferable option to the MTLCD 

configuration because it achieves the largest reliability improvement and it can be easily 

performed using a very dense liquid (for instance a glucose solution instead of pure water) 

without any modification to TLCD size or shape. 

The installation of the TLCD on the wind turbine improves the overall system 

reliability; suggesting that the rates of vibration-induced interruption or emergency 

shutdown, and failure of vibration-sensitive equipment will be reduced by the inclusion of 

the damper. In addition, the turbines equipped with TLCD are likely to experience less 

inhibition of energy conversion. Consequently, TLCD has the potential for boosting energy 

productions, increasing revenue, and reducing repair costs of wind projects. Modern wind 

turbines are fatigue critical equipment with high rates of fatigue-induced component 

failures (Sutherland 1999). However, studies show that TLCD can significantly increase 

the fatigue life of wind turbines (Colwell and Basu 2009).  As such equipping wind turbines 

with TLCD, will ensure a longer life span and better life-cycle performance of wind 

turbines leading to reliable wind energy production and long-term resilience of electric 

power system with distributed wind generation.  

5.6. Summary 

Modern wind turbines are supported by slender, flexible and lightly damped tall towers, 

which exhibit high susceptibility to wind-induced vibrations. This chapter evaluated 

minimizations in structural response and improvements in structural reliability that can be 
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achieved by equipping modern turbines with tuned liquid column dampers (TLCD). A 

dynamic model of a wind turbine was improved to accommodate one or more TLCDs to 

control excessive vibrations. The model is subjected to stochastically generated wind loads 

of varying speeds in a probabilistic fashion to develop wind-induced demand models for 

towers of modern turbines under system uncertainty. Results indicate that a baseline TLCD 

weighing 1% of the total turbine mass achieves up to 47% reduction in peak displacements. 

Furthermore, the study constructs fragility curves, which illustrate reductions in the 

vulnerability of towers to wind forces owing to the inclusion of the damper. Annual failure 

probabilities computed based on the likelihood of wind speed realizations in West Texas 

and West California, U.S. demonstrate reliability improvement gains of up to 8% when 

using the baseline TLCD. It is observed that the use of two TLCDs with total mass ratio of 

1.5% yields marginal benefits over the baseline TLCD gains. Rather, increasing the mass 

of the baseline TLCD to 1.5% of the turbine mass reduces peak responses by 53% and 

annual failure probability by 11%.  

The study carried out in this chapter provides an emerging alternative to enhance 

the reliability of wind turbines, including those envisioned for distributed wind generation.  

Such wind plants with vibration control will able to supply power during normal 

contingencies throughout the life of the systems, as well as in the aftermath of hurricane-

induced contingencies, as carried out in the next chapter.  The improvements in the wind 

turbine performance by the TLCD suggest the potential of the damper in improving the 

fatigue life and the life-cycle performance of wind turbines for ensuring long-term 

resilience of electric power system with distributed wind generation.  
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Chapter 6 

Probabilistic Assessment of Hurricane-

Induced Outages in an Electric Power Grid 

with Distributed Wind Generators (DWGs) 

This chapter explores the use of wind turbines in the form of distributed generation (DG) 

in an electric power system to locally provide back-up electricity during hurricane-induced 

outages in the main utility system. Distributed wind generators (DWGs) for on-site 

production can ensure that power supply to customers which are affected by up-stream 

outages, are rapidly restored. Thus, customers in a service area with DWG do not endure 

long duration of sustained interruption, even when the main utility system is not restored. 

This chapter proposes a probabilistic model to quantify the benefits of DWG and assess 

the improvements in the reliability of a DWG-equipped electric power system.      

In Chapter 3, a framework for evaluating hurricane-induced outages is presented 

and illustrated using the Harris County electric power system under Hurricane Ike winds. 

Restoration curves in Figures 3.13 – 3.15 show that it takes up to 18 days to repair 

transmission lines and substations and distribution lines and poles, causing customers to 

endure prolonged outages. This current chapter provides wind turbines to a number of 
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distribution networks or main feeders within the Harris County power system to supply 

electricity to local customers within a couple of hours after a hurricane event. It looks at 

the effects of these DWGs on the local distribution network, and the entire electric power 

grid by varying the number of service area networks with wind turbines. The model 

assesses the adequacy of generation in electric power system by incorporating the normal 

and hurricane-induced failure rates of the turbines, and uncertainty in the wind resources 

and electricity demand while also considering failures of the major components of the 

actual power system.  

Majority of DWG application are implemented to power remote homes, individual 

businesses, schools, farms and facilities (Orrell and Rhoads-Weaver 2014). Very few of 

DWG units are connected to distribution grids to serve local loads, particularly in Colorado 

and Alaska. Therefore, a hypothetical study, such as in this chapter, which deploys DWG 

units within a large urban electric system is a good stepping stone to support large-scale 

integration of DWG in the near future. Furthermore, the study’s focus on DWG as a 

standby system, particularly during hurricane-induced outages, supports national and local 

efforts in finding measures to increase the resilience of electric grids to extreme events. 

Texas, in particular, has the largest wind power capacity in the U.S. and therefore can 

support the practical implementation of this proof of concept studies during hurricane-

induced contingencies in the main system if underground lines are used to connect DWG 

units directly to the individual distribution grids in the Harris County.  
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6.1. Probabilistic Assessment Model 

6.1.1. Siting of DWGs in the distribution system 

There are 627 main feeders (distribution service networks) constructed to represent the 

main feeders in the distribution system of Harris County in Chapter 3. Even though cost 

analyses are deferred for future study, it is unrealistic to provide distributed wind energy 

to the entire distribution system because of the high installation cost of wind turbines. As 

such, the study considers local generation and supply to a subset of the distribution 

networks made up of a number of highly ranked feeders. Distributed feeders with critical 

facilities such as hospitals and fire stations located within their service areas are considered 

first in assigning distributed generation. These feeders are prioritized according to the 

number of distribution nodes or 1 km2 KeyMaps within the feeder service areas that are 

connected to critical facilities. There are 115 feeder service areas in the Harris County 

which contain at least one critical facility.  The remaining feeders are then ranked according 

to the number of customers served within the feeder service areas. The number of main 

feeders that are selected to have distributed generation are varied from 10 to 500, 

representing 2% to 80% of the total number of feeders, to evaluate their relative benefits 

to the overall performance of the system.  

Note that besides feeder criticality, siting of DWG units in specific physical 

locations within or around feeder service areas, needs the assessment of site suitability in 

terms adequacy of the available wind resource as well as technical, environmental, social 

and economic issues, all of which are beyond the scope of this study.  See Celli et al. (2005) 



 

156 

 

and Gilani et al (2012) for considerations and approaches for optimal placement or sitting 

of DWG units. In a practical implementation of DWG for Harris County, small to medium 

size turbine models (< 500 kW), including horizontal-axis and vertical-axis turbines, could 

be mounted on building rooftops or towers in or near service areas to supply distributed 

wind to the distribution grids (feeders), with low population or building density. However, 

locations such as Houston Downtown and Medical Center may not allow the sitting of the 

DWG units in or close to their feeders to their high building density and their high wind 

power capacity requirement as well as environmental issues. However, feeder criticality 

still allows hypothetical assessments of the possibilities from embedded generation in 

power systems under major events when the backup generation is assumed to be connected 

directly to the distribution nodes at the tail end of the feeders. Nevertheless, the definition 

of DWG by U.S. DOE10 allows distribution grids (feeders), to receive power from distant 

wind turbines or farms so long as they are directly connected to DWG units.  

In this study, DWG are sited at or directly connected to the last distribution node at 

the end of a feeder (where the substation is considered to be the start of the feeder) as 

illustrated in Figure 6.2. Note that the feeder or distribution grid is shown as MST in the 

figure (Chapter 3), and therefore the positions of the distribution nodes do not reflect their 

relative geographical locations. In this case, wind power generated by DWG flows in a 

reverse direction to the power flow in the main electric system. This will ensure that the 

                                                        
 

10 http://energy.gov/eere/wind/distributed-wind  

http://energy.gov/eere/wind/distributed-wind


 

157 

 

effect of failed distribution lines upstream in the main system is not repeated in the DWG 

configuration. The wind power, regardless of whether DWG is sited in or near the feeder, 

or even supplied from far distant wind farm, is transported through underground conduits 

to the distribution node to ensure reliable supply even under severe weather.  Therefore, 

failures of direct connection links between the wind generators and the feeders are 

negligible.  

 

Figure 6.1 – Illustration of Position and connection of DWG in a main feeder or 

distribution grid  



 

158 

 

6.1.2. Estimating power load and required capacities of DWGs 

CenterPoint Energy11 delivered 27,517,776 MWh (megawatt hours) of electricity to its 

1,965,002 residential customers in the Greater Houston region in 2013 (with Harris County 

as part of the region). This implies that a residential customer consumed an average of 

14,000 kWh in that year, which is more than the national average household of 10,000 

kWh in a year12. The figure also suggests that each customer uses 38 kW on the average in 

a day. Without any consideration for factors that contributes to the low capacity factor of 

wind energy, wind turbines rated at 500 kW, 1 MW, 1.5 kW and 2 MW can respectively, 

produce the same amount of electricity used by 316, 633, 950 and 1,266 households. 

However, the power output by a wind generator is less than estimated when variability in 

wind resources, turbine failures and power losses are taken into account as demonstrated 

in subsequent sections of this chapter. In this study, a DWG for a feeder service area may 

consists of a single or multiple wind turbines depending on the required power capacity in 

the feeder. The average number of customers served by an individual feeder is 2773. Thus, 

each feeder requires an average distributed wind capacity of 4 MW based on the 

assumption and analysis made so far.  242 feeder service areas each requires a DWG with 

less than 2 MW power capacity, if these areas are selected. The remaining 385 feeder 

                                                        
 

11 
http://www.centerpointenergy.com/about/companyoverview/whatwedo/electrictransmissionandd
istribution/  

12 https://www.wind-watch.org/faq-output.php  

http://www.centerpointenergy.com/about/companyoverview/whatwedo/electrictransmissionanddistribution/
http://www.centerpointenergy.com/about/companyoverview/whatwedo/electrictransmissionanddistribution/
https://www.wind-watch.org/faq-output.php
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service areas require DWGs with capacities of more than 2 MW, with 13 of them each 

demanding DWG of more than 20 MW. These areas may require multiple wind turbines 

or even small wind farms to provide the back-up generation in a practical implementation. 

For this specific example of Harris County Electric Grid, on-site generation may be not 

possible for distribution grids or networks requiring large distributed wind capacity due the 

urban nature of the site. As such wind energy can be directly supplied by farms in West 

Texas, which currently has the largest installed wind capacity in the U.S. through 

underground conduits. This application still qualifies as distributed wind system per the 

U.S. DOE’s definition of DWG on the basis of point of interconnection13.   

6.1.3. Uncertainty modeling  

The study probabilistically evaluates the adequacy of the power generation from DWGs in 

simulations by considering uncertainties in the wind resource and the electricity demand, 

as well as unavailability of DWGs due to component failures and turbine damages induced 

by hurricanes. These considerations are made in addition to hurricane-induced damages to 

components in the main utility system.  Wind turbines usually have a cut-off wind speed 

of 25 m/s, implying that they can only be put in operation when the hurricane winds ceases. 

As such, the hypothetical study assumes more stable weather conditions (probably 6-12 

hours after hurricane landfall), and models the wind regime of the Harris County as a 

Rayleigh distribution (IEC 2005-08) with  an annual wind speed of 5.8 m/s (13 mph). Since 

                                                        
 

13 http://energy.gov/eere/wind/distributed-wind  

http://energy.gov/eere/wind/distributed-wind
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wind turbines use kinetic wind energy to generate electricity, the power output ( )wP v  of a 

DWG can be estimated as a function of wind speed v  as (Atwa and El-Saadany 2011): 
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Where civ  is the cut-in wind speed (~ 3 m/s), rtv  is the rated wind speed (~ 14 m/s), cov  is 

the cut-off wind speed (~ 25 m/s), wrtP  is the rated power of the DWG.  

Variability in the electricity demand, especially in the immediate aftermath of a 

hurricane event, is not well characterized. However, customers are expected to use 

electricity to meet their essential needs such as lighting, heating/cooling and recharging 

electric and electronic equipment among other needs. In addition to damage in the power 

system, altruism and other social behavior may result in power demands by individual 

customers or even feeder service areas that are less than the normal daily use. Therefore, 

this study characterizes the demands on each distribution node by a normal distribution 

with half the value of 38 kW (19 kW) per customer per day taken as a mean and a 

coefficient of variation (COV) of 0.25. The rate of unavailability of DWGs resulting from 

its component failures determined by converting the overall annual failure rate of wind 

turbine (1.846 per turbine as described in Chapter 4) into daily failure rates. Furthermore, 

even though there is no public records of wind turbine damages resulting from hurricanes, 
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hurricanes are a still a potential risk to turbines (Rose et al. 2013). Hence, there must be an 

account for likely turbine damages in this simulation. Rose (2013) predicts that a Category 

2 hurricane such as Hurricane Ike 2008 will buckle up to 6% of offshore wind turbine 

towers in an hypothetical wind farm. Wind turbines for distributed generation are expected 

to be less vulnerable to hurricane because they are likely to be sited on-shore and usually 

have shorter and less slender towers than those offshore. However, this thesis adopts the 

6% estimate as a conservative rate of failure of the DWGs under Hurricane Ike winds.  

6.1.4. Probabilistic analysis model  

The model for assessing the performance of electric power system equipped with DWGs 

under hurricane is presented in Figure 6.2. The model, like the one in Figure 3.4, also 

implements Monte Carlo simulations to probabilistically evaluate outages and realize the 

impact of DWG on the system.  The recursive decomposition algorithm introduced in 

Chapter 3 is not used in this study because there is no analytical solution to integrating the 

wind turbine failures with failures in the main electric grid. The current model does not 

include customer drop line failures in computing outages in distribution nodes (1 km2 

KeyMap squares) because DWG are connected at the nodes and therefore do not affect the 

performance of drop lines. Hence, computed outages are about 5% less than those predicted 

in Chapter 3 even for the system without DWGs.   It should be noted that, the model can 

be modified in the future to consider laterals off the main feeders into neighborhood scale 

(lower than 1 km2 KeyMap). 
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Failure probabilities of distribution conductors and poles, and predicted outages in 

the original electric power system in Chapter 3, are inputs in the model. In each simulation, 

realizations for wind speeds from a Rayleigh distribution, component damage states of the 

main system and electricity demands at each distribution nodes are generated. The model 

then estimates the available wind power likely to be generated by DWGS in each feeder 

service area using the generated wind speeds. In each substation service area, the adjacency 

matrix is updated to reflect the damage states of the distribution lines and also include 

DWGs if any feeder in the area is selected for distributed generation. The model then 

searches a path between the substation and a distribution node, and the added DWGs and 

the node. Customers supplied by the distribution node are considered to experience total 

outage if there is no path between the node and substation. However, if there is connectivity 

between the node and the DWGs, and if available wind power by DWGs is more than the 

energy demand by the node, power is said to be restored to customers associated with the 

node by the DWGs. Otherwise, all customers within the 1 km2 KeyMap associated with 

the node are considered to be without power.    
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Figure 6.2 – Probabilistic model for outage assessments of electric power system with 

DWGs.   

6.2. Results and Discussions 

6.2.1. Effects of uncertainty  

Figure 6.3 shows how the overall outage estimates in the entire Harris County electric grid 

vary with different levels of likelihood of DWGs unavailability after a simulated hurricane. 

Unavailability of DWGs here could be their inability to generate adequate power owing to 

insufficient wind resources, high electricity demand, or failure of the turbines or their 



 

164 

 

components as a result of the hurricane or normal occurrences. The first 200 feeder service 

areas prioritized according to the presence of critical facilities and the number of customers 

served are supplied with DWGs with a total capacity of 1.8 GW. As expected, the minimum 

outage (75.6%) is realized when the DWG set up is considered to be 100% reliable (i.e. the 

unavailability probability is assumed to be zero). This assumption serves as an optimistic 

bound worth knowing, but real outage rates would be higher because wind energy is largely 

uncertain–it currently has a capacity factor of 20% – 50%14. Capacity factor is the ratio of 

actual output over a period of time by a power generator to its potential output if it operates 

at its full nameplate capacity continuously over the same time period.  However, with 

recent advancements in renewable energy technologies, a close-enough to the minimum 

outage levels can be achieved by equipping the DWGs with short term or long-term storage 

devices (Molina 2012; Xiaolong and Strunz 2004).  

The percentage of customers without power in the DWG-equipped electric system 

increases linearly as the unavailability probability increases until the probability is set at 

0.9, where the relationship between the two quantities slightly changes. The linear 

relationship with a significant slope indicates that outage prediction (or even the benefit of 

DWGs) is highly sensitive to the level of uncertainty considered in DWG unavailability. It 

also buttresses the necessity of accounting for uncertainty from different sources in the 

assessment model. At a 100% unavailability probability, the system with 200 DWGs is 

                                                        
 

14  http://www.nrel.gov/analysis/tech_cap_factor.html  

http://www.nrel.gov/analysis/tech_cap_factor.html
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observed to have the same overall outage percentage of 85.5% as in the case of the system 

without any DWG, which is expected.  

 

Figure 6.3 – Sensitivity of overall outage in entire electric system to unavailability 

probability of DWGs installed in 200 feeder service areas.   

Furthermore, the effects of the different uncertainty sources associated with DWGs 

are highlighted when observed independently of each other. As described in Section 6.1.3., 

the study models uncertainty in the wind resource and electricity demand in each feeder 

service areas as well as turbine failures. The overall outage when all the uncertainties 

described including those in outage prediction presented in Chapter 3 are considered is 
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77.4%. However, the overall outage drops to 76% if variability in the wind resource and 

electricity demands are ignored while considering only turbine failures. As demonstrated 

in the next section, power from DWG for a feeder only reaches the interconnection node 

(KeyMap it directly connect to) and few nodes around that node, hence the amount of wind 

power consumed is likely to be far less than the supplied wind power by the DWG. Hence, 

there likelihood of inadequate supply to meet demand in a distribution grid or service area 

is very slim. As a result, the individual effect of the uncertainty in the wind power supplies 

and demands on the overall outage is observed to be marginal. Similarly, the overall outage 

decreases to 76.7% if uncertainty in the distributed generation is limited only to power 

capacity of and demand on DWGs without including the likelihood of a DWG being 

unavailable due to component failures or hurricane damages. Again, ignoring turbine 

unavailability due to turbine failures only results in 0.7% difference in the overall outage. 

This is expected considering that the failure rate of the wind turbine from normal operation 

and hurricane damage is very low as compared to component failures in the actual electric 

grid.  

6.2.2. Impact of DWGs in the power system    

The result of 200 Monte Carlo simulations (based on Figure 3.7) in each case, with 

accounts of uncertainty from the different uncertainty sources in the model, show 

significant reductions in hurricane-outages by adding DWGs to the system. Outage 

reduction means power restoration to customers who would have otherwise had no power. 

The benefit of DWGs is more evident in 1 km2 KeyMap squares whose distribution nodes 

are directly connected to a DWG. The number of customers experiencing outages in such 
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individual KeyMap areas reduces by as much as 85%. Seventy percent of the customers on 

average in individual KeyMap areas, whose distribution nodes connect DWG to their 

respective feeders, are estimated to have their power restored by the addition of DWGs. 

High numbers of customers receiving wind power from DWG in these 1 km2 KeyMaps are 

expected considering that the connection between the DWG and their distribution nodes 

are considered to be underground and therefore not susceptible to direct damages from 

hurricanes, unlike the overhead distribution lines between nodes in the feeder.  

 Error! Reference source not found. shows the distribution of the overall outage 

reductions with the 200 feeder service areas selected. The mean percentage of customers 

whose power is provided by DWG units, which are connected to the 200 feeders, during 

the hurricane-induced outage period is 13.6%. Eighty-six feeders have the DWG units 

supplying electricity to more than this mean percentage of service customers. The 

maximum percentage of customers served by DWG in the feeder service areas is 47.3%. 

In general, the impact of the DWGs on the entire feeder service areas is lower as compared 

to the DWG effects on the end distribution nodes which directly connects the units. The 

effect of the DWGs is significant at two to three distributed nodes, which are first or second 

degree connection to the node with DWG within a feeder network. As observed in Chapter 

3, distribution lines connecting distribution nodes of the same feeder including the node 

which directly connects the DWG units generally have high failure probabilities under 

Hurricane Ike winds; hence, there is a high chance of disconnected nodes (especially in the 

upstream part of the feeder), which cannot benefit from the generated wind power. As such, 

the overall impact of DWG in a feeder service area is lower if the feeder is long (i.e. feeders 
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connects large number of distributed nodes), even though the DWG has great benefits to 

the node at the end of the feeder. For example, in one of the feeder service areas whose 

main feeder supply power to 6,095 customers through 5 distribution nodes, DWG provides 

electricity to 36% customers who otherwise would be experiencing outages caused by the 

hurricane.  However, another feeder, which distributes electricity to 2,743 customers 

through 13 distribution nodes has less than 7% of the customers receiving power from 

DWG. It is interesting to note that 82.5% of the customers in the KeyMap whose node 

directly connects to the DWG, are restored by the generated wind power. Therefore, the 

impact of the DWG is localized at this node which connects the DWG to the entire feeder.  

 

  Figure 6.4 – Distribution of reductions in outage percentages in 200 feeder 

service areas with DWGs   
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The impact of DWGs on substation service areas is shown in Figure 6.5. The marks 

on the figure indicate the locations of distribution nodes that are directly connected to the 

200 DWGs. The DWGs are all positioned or connected at the end of the feeders so that 

wind power generated flow in a reverse direction (upstream) of the power flow from the 

main electric system. Hence they are seen at the boundary of the service areas. As expected, 

there is no change in the predicted outages in 200 substation service areas, which are 

without DWGs. Customers within such areas would likely experience prolonged outages 

until repairs in the main utility system are done. However, service areas provided with 

DWGs have some of their customers regaining back power service. Generally, it is 

observed that the percentage of customers restored by DWGs in service areas is a function 

of the number of DWGs provided within the area and the size of the service area. 

Significant outage reduction is achieved in a small service area with multiple feeders with 

DWGs. Sixty-five substation service areas have 10% or less of their customers receiving 

power back by DWGs after experiencing the hurricane-induced outages. The inclusion of 

DWGs in the system generated power to support at least 10% of the customers within each 

of the remaining 144 substation service areas during hurricane-induced outage periods.  
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Figure 6.5 – Locations of 200 DWGs and the percentage of customers whose power is 

restored by DWGs in substation service areas.   

Figure 6.6 shows how the impact of the distributed generation varies with the 

number of distribution feeders provided with DWGs in the entire Harris County electric 

power grid under Hurricane Ike winds. The study looks at the impact as a result of different 

numbers of feeders – [5, 10, 50, 100, 150, 200, 300, 400 and 500] in the system supplied 

by DWGs of equivalent wind capacities of 90 MW, 150 MW, 480, 800, 1.4 GW, 1.8 GW, 

2.3 GW, 2.5 GW and 2.7 GW, respectively. The wind capacities are again estimated based 

on the number customers in the selected feeder service areas. These DWGs are considered 

to singly connect to the distribution node at the end of the feeder (red line in Figure 6.6). 
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As expected, the overall percentage of customers with power in the system with no DWG 

is 14.2% (outage of 85.8%, which is caused by all component failures in the system except 

customer service drop failures). It is observed that overall percentage of customers that 

receive electricity from DWGs during hurricane-induced outages increases linearly with a 

steep slope up as the number of feeders with DWGs are increased until a value of 22.6% 

when the number of DWG-equipped feeders reaches 200. The relationship remain linear 

afterwards except that the slop is less steep. The observation is because feeder service areas 

at this stage that are selected and added to the already prioritized contain significantly less 

number of customers than previous ones. Therefore their contribution to the overall effect 

of the distributed generation is low. As discussed earlier in the section, the effect of DWG 

tends to be localized in the 1 km2 KeyMap whose node directly connects the feeder to the 

DWG and in the immediate sounding KeyMaps.  

The study therefore looks at further distributing the DWGs in multiple locations 

(distribution nodes) for feeders that connect more than 3 distribution nodes and serve many 

customers. The number of DWG locations within a feeder network is taken as the minimum 

of the number of nodes and the total capacity required in the service area. Similarly to the 

selection of feeders for DWGs, distribution nodes within a feeder service area are selected 

based the presence or absence of critical facility or the number of customers supplied 

directly by the nodes. Figure 6.6 also compares the benefits of the DWGs each connected 

to a feeder at a single and multiple interconnection points through distribution nodes. No 

apparent difference between the two curves is visible until the number of feeders with 

DWGs is about 100, because feeders are selected based on the presence of critical facilities 



 

172 

 

at this stage and therefore do not necessarily have high numbers of customer. Then, the 

difference between the curves begins to manifest as the number of feeders with DWG 

increases. With the number of customers of a feeder being the category for its selection or 

not and with the high hurricane-induced failures of feeder distribution lines, the system 

with multiple DWG connections in service areas performs superior to the system with a 

single installation since the effect of DWGs is localized at the multiple nodes therefore 

improving the overall system performance. Considering 200 feeders equipped with DWGs, 

the multiple node connects increases the percentage of customers with DWG power by up 

to 69% in feeder service areas, even though a marginal increase of 0.6% is observed in the 

entire electric grid. In the event of a more severe hurricane than Hurricane Ike, the 

advantages of the connecting DWG to a service area through multiple distribution nodes 

are greater. Almost all the distribution lines that form the main feeders will be downed by 

the severe storm, and therefore DWGs which are connected to multiple nodes by 

underground conductors may serve as the main power source for longer time until all the 

failed lines are restored.  An optimization scheme needs to be incorporated in future models 

to determine the number and selection of interconnection points (or connecting distribution 

nodes) for DWG in a single feeder that yields the optimal distributed wind benefits, in the 

constraints of costs and site availability for DWG placement. 

 



 

173 

 

 

Figure 6.6 – Variation of the percentage of customers with power to the number of feeder 

service areas with DWGs considering a single and multiple connections to feeders 

6.3. Summary 

Widespread power outages that last several days are observed during severe storm events 

affecting the economy, health and security of affected cities. The situation is demonstrated 

in Chapter 3, where customers within Harris County, Texas under Hurricane Ike winds, 

were without electric power for up to 18 days. There is a need to explore measures by 

which we could improve the resilience of electric power systems, particularly against 

extreme events. This chapter therefore presented a hypothetical study, which is informed 

by plausible trends, evaluating reductions in power outages that could be achieved by 
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integrating the electric system with distributed wind generation (DWG). A probabilistic 

model for assessing the performance of a DWG-equipped electric power system was 

developed and the impact of the DWGs on the system during hurricane-induced outage 

periods was quantified. The model incorporates power adequacy assessment and 

incorporates uncertainty in electricity demands and in power output by DWGs due to 

variability of the wind resource, unavailability of DWG units owing to normal and 

hurricane-induced failures of their components, as well as failures of the major components 

of the main electric power system. The study assessed the effects of distributed generation 

on individual feeders, substation service areas and the entire system. 

Application of the model is illustrated using the Harris County electric power 

system under the 2008 Hurricane Ike winds, with a range of DWG penetration (90 MW to 

2.7 GW of wind power capacity) in the electric system. In allocating DWGs in the electric 

power grids, feeders that are connected to critical facilities are considered first. The 

remaining DWGs are distributed to feeder service areas according to the number of 

customers they serve. The model probabilistically assesses the adequacy of energy 

produced by characterizing electricity demands in each 1 km2 KeyMap and wind power 

outputs as functions of the site wind speeds (aftermath of hurricane) also described by a 

Rayleigh distribution. Simulated results show that the impact of the DWG on the electric 

system is very sensitive to the level and source of uncertainty considered. In a scenario 

where the distributed generation is considered to be 100% reliable, which could almost be 

achieved by the use of energy storage devices, the overall system outage reduces from 

85.5% when no DWG is considered to 75.6% when 200 feeders are equipped with DWGs 
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(total power capacity of 1.6 GW).  Results also showed the effect of DWGs are generally 

localized at the individual distribution nodes where they are directly connected to and their 

immediate surrounding nodes (generally 1st to 3rd degree connections of DWGs) in selected 

feeders. Seventy percent of customers at distribution node that connect DWGs to their 

feeders, receive electricity from the distributed generation during hurricane-induced 

outages on average.  However, this benefit only translates to an average 16% of the 

customers within individual feeder service areas, which are equipped with DWG, receiving 

power from the DWG during those contingency hours. The study also realizes that the 

impact of DWGs on a feeder or the entire system is better where the DWG units are 

connected at multiple locations within the feeder than where they connect the feeder at a 

single node, especially in long feeders. However, the model in the future needs to be 

equipped with optimization scheme that will determine the optimal number and selection 

of interconnection points (or connecting distribution nodes) for DWG in a single feeder to 

obtain better DWG impact, in the constraints of costs and site availability for DWG 

placement. 

The study demonstrates the usefulness of distributed generation from wind 

turbines, in immediately providing power to customers during hurricane-induced outages, 

thus improving the resilience of electric power supply to severe weather. Also, by 

providing power during contingencies by DWGs, the number and/ or length of closure of 

businesses and schools resulting from power outages could be significantly reduced. In the 

aftermath of a hurricane, the recovery of the affected cities and towns, and emergency 

services, which are usually impeded by prolonged power outages, could be sped-up with 
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power restoration by DWG. Thus, DWG intervention can support the overall community 

resilience and also help to reduce economic losses that usually characterize hurricane 

events.    Furthermore, with wind power supply to essential facilities and locations within 

the electric grid, utility operators can have adequate time to assess damages in the main 

electric system and embark on well-informed recovery programs such as hardening 

component or redesigning the system that improves the long-term resilience of the system, 

without public pressure for power restoration.     As such, distributed generation in the 

application demonstrated in this chapter contributes to both the short-term and long-term 

resilience of the system.  DWGs installed purposely as standby or emergence generators 

during hurricane events in this study, could also be used to provide power to stability 

supplied voltage from main electric system during peak demand periods. Furthermore, they 

could supply energy and meet possible electricity deficits resulting from increasing demand 

and decommissioning of power plants even when there are no contingencies in the system. 

Moreover, integrating DWGs with dispersed energy storage systems would improve the 

reliability of the distributed generation and enhance the benefits of the technology on the 

electric grid system, as shown in Figure 6.3. Likewise, equipping the wind turbines with 

tuned liquid column dampers (TLCD) leads to reliability improvement, as demonstrated in 

Chapter 5, and therefore ensure reliable wind energy supply in the electric power grids. 

Also, TLCD has a strong potential to reduce fatigue loads, which is a major cause of 

component failures, and prolong the life span and improve life cycle performance of wind 

turbines. As such, the enhancement of electric power grid resilience by distributed wind 
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generation can be assured for a longer time, even through multiple severe wind events if 

the DWG units are equipped with TLCDs.  
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Chapter 7 

Conclusions and Future Research 

 

7.1. Summary and Conclusion 

With the increasing reliance of modern societies on critical infrastructural systems for their 

economy, security and functionality, the resilience of energy systems and their electric 

power grids have gained high interest among policy makers, users, and stakeholders. 

Recent natural hazards such as Hurricane Ike, Superstorm Sandy, and Typhoon Haiyan 

among others that struck the U.S. Gulf-Coast in 2008, U.S. Atlantic Coast in 2012 and the 

Philippines in 2013, respectively, have revealed the susceptibility of electric power grids 

to disruptions, and more importantly, the criticality of electricity to the recovery of the 

cities affected in the aftermath. As such, resilience models that produce a realistic 

assessment of electric power grids, and simulate consequences and different strategies for 

restoration in an efficient manner are needed. Furthermore, there is a need to explore 

complementary intervention measures such as distribution generation that can contribute 

to minimizing the effect of hurricanes on an urban city. With limited literature on actual 
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resilience quantification for real large electric systems, his study focused on developing an 

efficient approach for assessing the resilience of electric power grids against hurricanes 

and quantifying the benefits of distributed wind generation (DWG) in improving the 

resilience of power systems.  

The thesis first developed an efficient probabilistic framework for evaluating the 

hurricane-induced outages in an electric power system. The framework integrates failures 

in both transmission and distribution systems, which are traditionally modeled separately 

due to the complexity of their integration. The study structures the outage assessment in 

the transmission system as a Bayesian Network (BN) for future information update, where  

large data by smart grids is envisaged to be available. It also introduces an influence 

network pre-processing strategy, which relies on DC power flow analyses, that 

significantly reduces the computational complexity and time in using the BN-based model. 

It also presents two approaches for outage assessment in the distribution system: Monte 

Carlo Simulation (MCS) and a Recursive Decomposition Algorithm (RDA). Comparison 

of the two approaches shows that computation time from RDA are a fraction of the time 

required to obtain stable results based on the MCS approach. The Harris County electric 

power grid is used to demonstrate the application the developed framework under the 2008 

Hurricane Ike winds. The example revealed that, while low outage probabilities are 

realized in the transmission system, significantly high county-wide customer outages were 

observed in the distribution system.  

Comparison of the outage predictions with outage data collected and reported in 

the aftermath of Hurricane Ike show reasonable agreement. Aggregated outages at the ZIP 
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code level produced a mean error of 15.4%. Sensitivity analysis of the model to some input 

parameters revealed that the model is highly sensitivity with the wind intensities as 

expected, and also sensitive to the factor representing the proportion of distribution system 

which is underground. A comparison of the performance of the proposed outage 

assessment model with two previously existing models show that the proposed model has 

a better predictive accuracy and requires a significantly lower computation than the 

previous models. It takes a minute and half to run 50 simulations using the model as 

compared to more than 1 hour time required by an existing model to complete the same 

number of simulations in this probabilistic analysis. The study models the restoration of 

power to customers by describing the component repair time using random variables with 

distribution parameters from historical data, and utilizing information on mobilized 

resources in the aftermath of Hurricane Ike. The model explores a range of sequences and 

strategies in the repair of damaged components within the system. Comparison of 

simulated and observed restoration curves suggests that selection of damaged distribution 

lines and poles during the actual restoration process after Hurricane Ike exhibit no 

discernable pattern of repair prioritization. However, simulated results confirm that 

prioritizing distribution feeders according to the number of customers they served in 

allocating crews and other resources for the repair yields the fastest restoration to large 

number of customers within the short time after the hurricane-induced outages.   

With the inevitable exposure of electric power systems in hurricane-prone regions 

and widespread and prolonged outages observed in the system, the study also looked at the 

reliability of wind turbines to support its integration in the form of distributed generation 
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in the power system. The study introduced a closed-form methodology for computing the 

system failure probabilities for wind turbines considering different failure event 

definitions. Furthermore, the study enhanced the closed-form methodology to incorporate 

consequences such as downtimes and repair costs of individual component failures, and to 

determine the turbine system risk-based reliability. Two importance metrics are introduced, 

as by-products of the method, to rank components according to their contribution to turbine 

system failure and system risk. The method is applied to two wind turbine systems with 

varying sizes. The applications showed the computational efficiency of the method, and 

the vital information it produces could readily be used to inform decisions regarding 

maintenance planning, research prioritization and wind farm management, as well as 

scheduling wind energy integration into power systems. By incorporating consequence in 

component ranking, the study reveals that components, which otherwise were not critical 

using the traditional ranking metrics, are vital to ensure and improve the availability of the 

turbine throughout a year. Information provided by the proposed methodology can be 

useful for forecasting the power outputs from wind turbines to support the running of 

distributed wind generation in an electric power system. 

After looking at the system reliability of wind turbines, the study evaluated how 

vibrations of wind turbine towers, which is a major contributor to component failures, can  

be reduced by using tuned liquid column damper (TLCD).  By reducing vibrations, a TLCD 

improves the reliability of wind turbines, especially for impending power grid integration. 

The study developed a new dynamic model of an onshore turbine-TLCD coupled system 

based on existing models, which are subjected to stochastically generated wind forces in a 
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probabilistic fashion. Structural responses of the turbine tower were used to develop 

demand models, which were in turn used to construct wind-induced fragility curves. 

Annual probabilities of exceeding predefined limit states were determined for West Texas 

and the West Coast of United States. Comparisons between results for a wind turbine with 

and without the TLCDs showed that a baseline TLCD of 1% mass ratio significantly 

reduces the structural displacements (and associated vibrations) by as much as 47%, and 

considerably decreases the annual exceedance probabilities of failure by up to 8%.   

Furthermore, the study investigated the benefit of using multiple TLCDs as compared with 

a single TLCD of the same mass ratio. Results show that the use of two TLCDs with total 

mass ratio of 1.5% yields marginal benefits over the baseline TLCD gains. Rather 

reductions up to 53% and 11% in displacements and annual exceedance probabilities, 

respectively, can be achieved by increasing the mass ratio of the single baseline TLCD to 

1.5%.  A single TLCD is therefore preferred to the MTLCD configuration because it 

achieves the largest reliability improvement and it can be easily performed using a very 

dense liquid (for instance a glucose solution instead of pure water) without any 

modification to TLCD size or shape. The observation is desirable for the utility-scale 

distributed wind turbines of typical sizes ranging from 100 kW to 2.5 MW since their as-

built towers may only have space for accommodating a single TLCD. 

Finally, the study develops a probabilistic model for quantifying the impacts of the 

distributed wind generation (DWG) on a hypothetical electric power system configuration 

during hurricane-induced outage periods. The model incorporates power adequacy 

assessment and incorporates uncertainty in electricity demands and in power output from 
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DWGs due to variability of the wind resource, unavailability of DWG units owing to 

normal and hurricane-induced failures of their components, as well as failures of the major 

components of the main utility system in its implementation. The study hypothetically 

equipped the Harris County electric power system with DWGs, looking at different total 

power capacities ranging from 90 MW to 2.7 GW. In allocating DWGs in the electric 

power grids, feeders that are connected to critical facilities are considered first. The 

remaining DWGs are distributed to feeder service areas according to the number of 

customers they serve. Results also showed that the effects of DWGs are generally localized 

at the individual distribution nodes where they are directly connected to and their 

immediate surrounding nodes (generally 1st to 3rd degree connections from the DWGs). 

Seventy percent of the customers at distribution node that connect DWGs to their feeders, 

receive electricity from the distributed generation during hurricane-induced outages on 

average.  However, this benefit translated to only 16% of the customers receiving power 

from the DWGs during those contingency hours at the feeder-level. Further, the study 

concludes that for the same capacity of DWG, wind turbines must be connected at multiple 

locations within the feeder instead of connecting all the distribution generation to a feeder 

at a single node, especially in long feeders to maximize the benefits of the distributed 

generation on the system. A sensitivity analysis of the DWG benefits to the level of DWG 

reliability considered reveals that integrating distributed generation with energy storage 

devices, an emerging technology, could enhance the impact of DWG on the system. The 

inclusion of DWG in the electric system does not only have implications on customer 

outages, but it improves the system resilience. Equipping power systems with DWGs can 
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help reduce the duration of business and school closures resulting from prolonged power 

outages, and also help speed up emergency services and overall recovery of affected cities 

and towns. Thus, DWGs can help reduce the economic losses suffered by communities in 

the aftermath of hurricanes. By providing wind power during hurricane-induced 

contingences to essential facilities and locations within the electric grid, utility operators 

and emergency managers can adequately assess damages in the system, effectively 

strategize the recovery process and implement programs such as component hardening and 

system redesigning or reconfiguration that ensure long-term improvement in the resilience 

of the system, without public pressure for power restoration.  Consequently, distributed 

wind generation improves short-term resilience of electricity supply during hurricane-

induced outages and also ensure long-term resilience improvement of the electric system 

in the aftermath of hurricane, as demonstrated in this thesis. In conclusion, the study 

presented here supports effort being made by local and the national government to promote 

and ensure community resilience to natural and man-make disasters.  

In developing this thesis, the study made contributions to the state-of-art literature 

and assessment models, and identified opportunities for future research which could 

advance the models presented in the thesis. The subsequent sections highlight the key 

contributions and some of the future research avenues identified.  

7.2. Key Contributions  

This thesis provides an efficient and rigorous approach for assessing the resilience of 

electric power systems and quantifying the impact of distributed wind generation on them 
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during hurricane-induced outages.  Key contributions to the state-of-art methods in 

resilience and reliability assessment of energy systems include: 

1. Developed an efficient framework for the resilience assessment of large real 

electric power system under hurricanes. In developing this framework, several 

concepts and approaches including Bayesian networks, influence networks via 

DC analysis and recursive decomposition algorithms, which are relatively new 

in reliability assessments of infrastructures, were adapted and integrated in a 

new way to improve the computational efficiency of the method.  Thus, the 

framework is an effective tool for exploring a wide range of what-if scenarios 

of hazards and restoration strategies in large real energy systems, and thus can 

support utility stakeholders on resilience-based decisions. 

2. The probabilistic outage model has been directly implemented in the Storm 

Risk Calculator (SRC) for the City of Houston, Texas 

(www.houstonstormrisk.org/ ). The calculator is an on-line tool that informs 

users, mainly residents of Harris County, on the local risks they face from a 

hurricane-induced hazard. The calculator also supports the city’s emergency 

managers in hurricane disaster management.   

3. Developed a flexible and traceable mathematical methodology for reliability 

analysis of wind turbine systems. It enhances it to incorporate consequences 

such as downtimes and repair costs of individual component failures for 

assessing turbine unavailability or cost risks. Information from the 

http://www.houstonstormrisk.org/
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methodology could be readily used for planning maintenance and forecasting 

wind power outputs necessary for DWG. 

4. Formulated a framework which integrates a dynamic model of a wind turbine 

equipped by single or multiple tuned liquid column dampers (TLCDs) with 

probabilistic tools. The framework is used to evaluate tower vibration 

reductions and improved reliability of wind turbines owing to the addition of 

TLCD.  

5. Developed an efficient probabilistic model for quantifying the benefits of 

distributed wind generation (DWG) on electric power systems during 

hurricane-induced outages.  Prior to this thesis, no study in available literature 

looked at DWG application for a large urban system, and as a measure to 

improve electric power resilience against any extreme event such as hurricane. 

Therefore, the model provides a good basis for investigating the impact of 

advanced energy technologies such as storage systems, micro-grids, and other 

distributed generation technologies on resilience of electric grid to natural 

disasters.   

7.3. Future Research Opportunities 

This study provides a basis for integrating distributed wind generation into electric power 

grids for resilient energy systems. However, the study can be advanced and enriched in 

several ways in the future.  The following are some of the research opportunities which 

could improve the methodologies developed in the study and their applications: 
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1. An extension to this work will be incorporating system interdependencies into 

the assessment framework, particularly telecommunication systems as the 

backbone for smart infrastructure technologies and transportation systems for 

resilience quantification. Electric systems are interdependent with these 

infrastructural systems, and a hurricane event usually affects several utility 

systems at the same time.   

2. Also, utility providers in recent times are making available geographical 

Information System (GIS) outage data to the public. Future research should 

seek to evaluate the benefits of fusing these spatial-temporal data with 

probabilistic-based information for real-time assessment. 

3. Future research should consider constructing distribution laterals within 1 km2 

KeyMaps off the main feeders to connect the customer drop lines directly. 

Building the main distribution feeders based on Minimum spanning trees 

(MSTs) captured the topology of the radial systems and were successfully used 

up to the point of the centroids of the KeyMaps. However, another set of MSTs 

could be constructed within each KeyMap to reflect the dendritic topology more 

closely, and enable debris modeling from tree-limbs, which is a major cause of 

distribution-level outages. 

4. Future studies should explore ways of efficiently accounting for loops 

(normally open switches) in the construction of distribution grids to intra-

connect the feeders in the distribution system. Even though distribution 

networks are designed such that power flow radially, they usually have a mesh 
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structure for redundancy. The addition of loops is even more critical for system 

reconfiguration operations and when embedding distributed generations.  

5. Future research efforts need to calibrate the component fragility curves used in 

this study with experimental and site-specific field data.  Existing fragility 

curves and statistical models built, in some cases from different regions of the 

county, were directly utilized for the component performance models in this 

study.  

6. For the Direct Current (DC) flow analysis executed in this study, the influence 

of single component removals was used to construct conditional probabilities 

tables. More than one-component removals (N-p, p>1, where N is the total 

number of components) should be done in future to develop complete influence 

networks for the transmission grids.  

7. The current study determines power outages using the maximum wind speeds 

(or wind gusts) across the entire electric system. However, maximum wind 

speeds of the different locations do not occur at the same time because of the 

dynamic nature of hurricanes, and therefore the system response must reflect 

such dynamism. Future studies should focus on time-dependent assessments of 

hurricane-induced outage models.  

8. The recursive solution to closed-form methodology for system reliability 

analysis of wind turbines should be improved to explicitly account for 

correlations between component events, and be able to handle unique attributes 

of component failures needed for risk analysis.  
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9. With significant technological advancement in the electric power industry, the 

models presented in this thesis can be easily expanded to assess the impact of 

smart grids, micro grids, energy storage systems, vehicle-grid integrations, 

renewable integrations etc., on the resilience of electric power systems. 

10. An optimization scheme needs to be incorporated in assessment model for 

distributed wind generation (DWG) to determine the number and selection of 

interconnection points (or connecting distribution nodes) for DWG in a single 

feeder that yields the optimal distributed wind benefits, in the constraints of 

costs and site availability for DWG placement. 
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