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Abstract of Dissertation 

Stochastic Drought Risk Analysis and Projection Methods For Thermoelectric 

Power Systems 

 

      Combined effects of socio-economic, environmental, technological and political 

factors impact fresh cooling water availability, which is among the most important 

elements of thermoelectric power plant site selection and evaluation criteria. With 

increased variability and changes in hydrologic statistical stationarity, one concern is the 

increased occurrence of extreme drought events that may be attributable to climatic 

changes. As hydrological systems are altered, operators of thermoelectric power plants 

need to ensure a reliable supply of water for cooling and generation requirements. The 

effects of climate change are expected to influence hydrological systems at multiple 

scales, possibly leading to reduced efficiency of thermoelectric power plants. This study 

models and analyzes drought characteristics from a thermoelectric systems operational 

and regulation perspective. A systematic approach to characterize a stream environment 

in relation to extreme drought occurrence, duration and deficit-volume is proposed and 

demonstrated. More specifically, the objective of this research is to propose a stochastic 

water supply risk analysis and projection methods from thermoelectric power systems 

operation and management perspectives. The study defines thermoelectric drought as a 

shortage of cooling water due to stressed supply or beyond operable water temperature 

limits for an extended period of time requiring power plants to reduce production or 

completely shut down. It presents a thermoelectric drought risk characterization 

framework that considers heat content and water quantity facets of adequate water 

availability for uninterrupted operation of such plants and safety of its surroundings. In 

addition, it outlines mechanisms to identify rate of occurrences of the said droughts and 
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stochastically quantify subsequent potential losses to the sector. This mechanism is 

enabled through a model based on compound Nonhomogeneous Poisson Process. This 

study also demonstrates how the systematic approach can be used for better 

understanding of pertinent vulnerabilities by providing risk-based information to 

stakeholders in the power sector.  

Vulnerabilities as well as our understanding of their extent and likelihood change over 

time. Keeping up with the changes and making informed decisions demands a time-

dependent method that incorporates new evidence into risk assessment framework. This 

study presents a statistical time-dependent risk analysis approach, which allows for life 

cycle drought risk assessment of thermoelectric power systems. Also, a Bayesian Belief 

Network (BBN) extension to the proposed framework is developed. The BBN allows for 

incorporating new evidence, such as observing power curtailments due to extreme heat or 

lowflow situations, and updating our knowledge and understanding of the pertinent risk. 

In sum, the proposed approach can help improve adaptive capacity of the electric power 

infrastructure, thereby enhancing its resilience to events potentially threatening grid 

reliability and economic stability. 

The proposed drought characterization methodology is applied on a daily streamflow 

series obtained from three United States Geological Survey (USGS) water gauges on the 

Tennessee River basin. The stochastic water supply risk assessment and projection 

methods are demonstrated for two power plants on the White River, Indiana: Frank E. 

Ratts and Petersburg, using water temperature and streamflow time series data obtained 

from a nearby USGS gauge. 
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Chapter 1: Introduction 

1.1 Motivation 

Water availability and electricity generation are tightly coupled. Water is used in 

nearly all phases of electricity generation, while electricity is used extensively in 

extraction, treatment, distribution and storage of water. This interdependency is of great 

interest to researchers, policy makers and private and public owners of critical 

infrastructure. The interest has grown in the last few years following incidences of 

extended drought and high temperature across much of the United States. Droughts and 

heat waves, coupled with growing energy demand, have led to straining water resources 

and placed considerable pressure on the electric power sector (Strzepek et al. 2010). In 

August 2012, the Millstone Nuclear Power Station in Connecticut had to be shut down as 

the water’s temperature soared to 76.7 degrees, exceeding the safe operation limits of the 

plant. In 2007, customers under Duke Energy faced blackouts following drought-induced 

power curtailment (Union of Concerned Scientists 2007) (Zamuda et al. 2013b). This not 

only affects grid reliability but the impacts could propagate through other critical sectors 

(Thomas J. Feeley 2008). 

Water-intensive energy infrastructures in general are exposed to climate change-induced 

challenges and disasters such as drought (Tidwell et al. 2012). Thermoelectric power 

plants, fueled by fossil or nuclear or biomass, require particular attention because they are 

the most water-dependent and hence vulnerable, as evidenced by their combined daily 

cooling needs amounting to 50% of the total fresh water withdrawal nationwide. 

Although some thermoelectric power plants use saline water, about 71% of their 

withdrawal is fresh; this explains their susceptibility to fresh water supply stress.  
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Moreover, they are responsible for about 88% of the electricity produced and distributed 

to our homes, industries, health facilities and other critical infrastructures (Badr et. al 

2012). Therefore, potential impacts of fresh water supply stress on efficiency and 

operation of such power plants could have broad implications for reliability of virtually 

all infrastructure systems and future water resource planning (Gleick 1989). 

 

Figure 1. This diagram shows how climate-induced water supply stress can be exacerbated by other 

factors. Climate change impacts water availability; drives energy demand and may influence water resource 

allocation and regulation policy decisions. With growing population, non-thermoelectric water needs may 

go up, further straining water resources and potentially leading to changes in regulations and management 

of the resource. Population growth also means more energy consumption, which in turn may put more 

pressure on power plant operations, probably leading to more frequent power outages. Regulatory changes 

may determine how much of the natural water flow is available for cooling purposes and they may also 

require power plant operators to make adaptive adjustments on regular basis. Arguably, extended outages 

may disrupt services from every other critical infrastructure and impact the economy. 
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As shown in Figure 1, adding to the concern are population growth and rising energy 

consumption that will intensify the demand for this limited resource (Strzepek et al. 

2010) (Averyt et al. 2011). Besides growing population, urbanization also contributes to 

increased energy demand and hence water (Baker et al. 2002). This could lead to 

competition among electric power production requirements and other water uses, 

including but not limited to: drinking water needs, industrial uses, agricultural irrigation, 

and recreational purposes (Hurd et al. 1999) (Thomas J. Feeley 2008). Water supply has 

already become a primary issue due to competing demands, forecast uncertainty and high 

costs of developing additional or upgrading existing infrastructures (Yang & 

Dziegielewski 2007). Increased competition coupled with the effects of climate change 

may influence hydrological systems at multiple scales, possibly leading to reduced 

efficiency of thermoelectric power plants  (Feeley et al. 2008). Alleviating such concerns 

may require continuous improvement in understanding, modeling and analysis of drought 

with respect to thermoelectric power plants planning, operation and management. The 

challenge then lies in developing a comprehensive methodology endowing electric power 

sector with necessary capabilities attributable to informed decision-making so as to cope 

and adapt with changing circumstances. Power systems will be faced with changing 

operating environments, particularly in relation to fresh water availability under climate 

change. As this happens, the nature of potential disruptions due to insufficient cooling 

water availability takes a variety of forms, calling for rigorous, continuous and holistic 

risk analysis. This study aims to inform management of drought risk to thermoelectric 

power generation from a holistic perspective and ensure safety and efficiency of such 
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power plants throughout their life cycle and ultimately contribute to enhance electric grid 

reliability in the face of potential disruptions.  

1.2 Thermoelectric Drought as a System of Systems Problem 

    This study defines thermoelectric drought as a shortage of cooling water due to 

stressed supply or beyond operable water temperature limits for an extended period of 

time requiring power plants to reduce production or completely shut down. Studying the 

impact of such droughts requires a holistic approach taking all kinds of withdrawals, 

along with environmental factors and regulatory guidelines into account. Efficiency of a 

thermoelectric system itself can be seen as a function of state of cooling, aquatic, 

environmental safety regulatory, socio-economic, climate and hydrological system. With 

nuclear power plants, for instance, the reactors produce the heat required to turn water 

into steam which then drives the generators to produce electricity. The cooling system 

ensures the steam is condensed back to water while it also avoids conditions that will 

make discharge temperatures approach maximum threshold during operation. Sustainable 

cooling water supply on the other hand hinges on the stationarity of the climate system 

and parsimonious withdrawal by other users for irrigation, industry, domestic and public 

supply. In addition, nuclear facilities are subject to the national environmental policy and 

other appropriate local and state regulations. As such, energy companies are required to 

first allow used water to cool so that it will not affect life in the nearby aquatic system. 

The waste management system, tasked with storing and disposing of radioactive by-

products, is part of the environmental safety system which in itself involves various 

stakeholders. Efficiency of any of these systems relies on one or more of the rest and, as 

described above and illustrated below in Figure 2, there needs to be a synergistic effect 



5 
 

among all of them, for a thermoelectric system to work. In other words, a thermoelectric 

system demonstrates essential characteristics of a system of systems as generally 

discussed in the literature (Keating and Katina 2011) (Haimes 2012). Hence, a problem 

within thermoelectric system, such as cooling water supply stress or thermoelectric 

drought, is likely to have been induced by changes in and can potentially have 

debilitating effect on one or more of these other systems. A cooling water supply stress or 

thermoelectric drought is, therefore, a problem of a system of systems.  

 

Figure 2. Thermoelectric drought as a system of systems problem. A thermoelectric system is a socio-

ecological system with highly interconnected relationship between society and ecosystems. Proper 
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functioning of a thermoelectric system depends on appropriate integration and interoperability of a set of 

interdependent systems including a cooling system, aquatic system, environmental safety regulatory 

system, socio-economic system, climate system and hydrological systems. 

Addressing such a complex system problem calls for what is commonly known as the 

“systems approach”, the notion that a holistic outlook cognizant of interactions within 

and targeting harmonious interoperation among all elements of a system. Among key 

facets of this approach, as detailed in  Eisner (2002), are “1) employing systematic and 

repeatable process for  designing, developing, and operating the system 2) accentuating 

interoperability 3) using iterations as a means of refinement and convergence and 4) 

consideration of alternatives.” This study employs such an approach to addressing 

methodological challenges in defining, characterizing and modeling drought aspects in 

the aforementioned context as a building block in drought risk analysis for thermoelectric 

power plants planning, siting, operation and management.  It proposes and demonstrates 

a thermoelectric drought risk assessment framework that enables the electric power sector 

to adapt to extreme climate conditions and imminent socio-economic changes. 

1.3 Research Questions 

      Socio-ecological systems, such as thermoelectric power systems reflect a highly 

interconnected relationship between society and ecosystems. Resilience of such a system 

of systems depends on a wide range of factors stemming from the linkages between 

human societies and ecosystems. These factors cause stress and disturbance, which a 

community may overcome if it is truly resilient. The interaction between actors of both 

subsystems further complicates the matter and increases the vulnerability of the system. 

With the said power systems, for instance, lack of adequate awareness about these 

interactions or extent of the subsequent susceptibilities and their likelihoods affects 

quality of decisions made in planning, designing, operating and regulating water and 
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energy infrastructures. For instance, there is limited awareness and understanding of 

potential water supply risk to the power systems. This limitation is due to two reasons.  

First, it is because of large uncertainty surrounding potential economic loss due to 

drought events. The uncertainties stem from interplay between changes in precipitation 

patterns and water stress induced by overuse and growing competition. Limited 

understanding of future water supply characteristics and confounded knowledge of 

potential losses is an impediment to proper drought mitigation and adaptation planning. 

The second reason is lack of probabilistic risk assessment of drought impacts with respect 

to operations and management of electric power plants. This study presents a mechanism 

that enables understanding of drought-induced vulnerabilities to the power sector in terms 

of their consequences and associated probabilities. 

Therefore, the need to better understand the vulnerabilities necessitates water availability 

risk analysis from a systems approach point of view. To that effect, the principal 

objective of this research is to develop a stochastic thermoelectric drought risk 

characterization, analysis and projection methods that enable addressing the following 

three key questions, each of which is related to one or more of the specific objectives in 

the next section. 

 How do we characterize thermoelectric drought risk, taking interactions between 

socio-economical, technological, regulatory, and climatic exogenous factors into 

account? 

 How do we probabilistically quantify drought risk taking these factors into 

account? 
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 What method best supports continuous improvement in understanding 

vulnerabilities both in terms of magnitude and probability over time? 

Successfully addressing each of these questions may augment efforts aimed at analyzing 

and increasing the electric grid system’s resiliency to drought. 

1.4 Specific Objectives 

     More specific objectives of this study are discussed below as they relate to the 

research questions above and Figure 3 provides the roadmap and conceptual framework 

that will guide this study. 

 The Operational Perspective Requires Consideration of Both Water Quantity and 

Temperature. Chapter 3 presents methods to determine drought onset, termination, 

duration and deficit-volume, taking operational perspectives of thermoelectric power 

plants into account. Chapter 4 also revisits the idea of drought in the context of 

operations and regulations of thermoelectric power plants. It outlines properties of 

thermoelectric drought and formulates a thermoelectric drought framework that will 

serve as a basis for pertinent risk analysis to water-reliant power systems. Water 

availability studies, in the thermoelectric power sector in particular, have been 

centered on quantity-based approaches. But recent water stress related power outages 

reveal that quality of water, especially with regard to water temperature, is just as 

important. Considering both quantity and quality in determining water availability 

leads to novel drought characterization, necessitating a new outlook when conducting 

pertinent risk analysis. This is significant because it may permits investigation of 

varying degrees of thermoelectric drought using both historical and forecasted 

streamflow and water temperature data.  The framework proposed in the said chapter 
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also discusses ways to incorporate information about existing regulations, cooling 

technology type and assumed or projected impact of demographic changes on water 

availability.  

 Need for a Risk-Based Drought Characterization Model for Decision Making Under 

Uncertainty. In chapter 4, the study also presents formulation of a stochastic drought 

loss model in accordance with the proposed drought definition and characterization 

mechanism. This in a way addresses the other two elements of the idea of ‘risk 

triplets’: how likely are the drought events? And given they occur, what are the 

potential consequences? Probability distributions are used to represent uncertainty 

about frequency and severity of such events. The model enables provision of risk-

based information and helps to understand thermoelectric drought vulnerabilities with 

respect to probabilities and significance. It further allows stakeholders to make sound 

energy facility siting, management and mitigation decisions pertaining to water-

intensive infrastructure. 

 Demonstration of use of Hydrological Data for Infrastructure Vulnerability 

Assessment. In chapter 4 again, demonstrating how the model can practically be used 

for better understanding of vulnerabilities of the energy sector based on their 

probability and significance, and in providing risk-based information to stakeholders 

in energy sector and critical infrastructures at large. The analysis produces, for a 

given time period, probabilistic estimates of number of drought events expected and 

associated loss to power plants withdrawing cooling water from the same the same 

water source.  
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 Projection of Time-dependent Thermoelectric Drought Occurrence Rates along with 

Resulting Impacts due to Changes in Socio-economic, Political, Technological and 

Environmental Determinants of Thermoelectric Drought Characteristics. In chapter 

5, a number of scenarios, based on assumptions about one or more of these 

determinants are established; and previously developed thermoelectric drought 

assessment framework, based on water temperature and streamflow, will be 

implemented to detect thermoelectrically dry periods. Also, the chapter proposes a 

Bayesian Belief Network based method for reducing uncertainty about rate 

parameters in light of new and relevant climate change information, 
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Figure 3. This figure shows conceptual map of this study. Chapter 2 (C2) consists of a literature review exploring extant drought modeling, impact assessment 

and forecasting methods. The methods are vetted in relation to their relevance and applicability to thermoelectric drought risk assessment and projection. Chapter 

3 (C3) discusses modeling approaches to drought characteristics such as duration and deficit-volume from the perspective of thermoelectric power plant 

operation and management. It focuses on streamflow based drought (later improved to include water temperature) and takes some regulatory guidelines into 

consideration). Chapter 4 proposes a thermoelectric drought risk assessment model based on compound nonhomogeneous Poisson process. This model is 

composed of rate of occurrence of failures (ROCOF) model and failure specific loss function. Chapter 5 in turn proposes and demonstrates a BBN extension to 

the framework by making assumptions on plausible future scenarios based on factors that can potentially impact water availability.   
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Accomplishments of these objectives yields a number of novel contributions specifically 

to water-energy interdependency study, electric grid reliability assessment, energy 

capacity expansion and site selection and critical infrastructure reliability and resilience 

engineering in general. A highlight of some of these potential contributions includes: 

 A systems approach-based thermoelectric drought risk assessment framework that 

enables quantifying the severity and rate of occurrences of such droughts under 

various scenarios and translating the resulting vulnerability into the amount of 

Megawatt-hours of energy that could potentially be lost.  

 A statistical model enabling expression of thermoelectric drought vulnerabilities 

in terms of magnitude and probabilities, thereby providing more complete 

information as to what can happen. This may reduce the chances of surprises in 

terms of impact level and helps to better anticipate and device a well-informed 

mitigation plan. 

 A method for continuously incorporating any additional evidence to the statistical 

model and improve understanding of the vulnerabilities, both in terms of 

significance and likelihood. This is important because future vulnerabilities 

maybe understood through projection of the input parameters to the model.  

The remaining part of the dissertation is structured as follows. Chapter 2 first presents a 

literature review on drought definition and hydrological drought modeling practices. It 

also highlights incongruences of the existing approach to drought characterization 

relative to operations of thermoelectric power plants. Second, the chapter provides an 

extensive literature review on drought impact assessment. Third, it addresses issues 

pertaining to water supply risk projection. Chapter 3 discusses modeling approaches to 
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drought characteristics such as duration and deficit-volume. Chapter 4 focuses on the 

proposed thermoelectric drought risk assessment framework, along with its 

implementation details, as it relates to the accomplishment of the second and third 

specific objectives. Chapter 5 outlines a method for thermoelectric drought risk 

projection based on a Bayesian Belief Network (BBN). Summary of broader implications 

of the findings, conclusions and closing remarks constitute chapter 6.  
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Chapter 2: Literature Review 

2.1 Definition of Drought and its Characteristics 

There is currently no universally accepted definition of drought. Perhaps the most 

pervasive approach has been to describe drought generally as a significant shortage of 

surface water supply over a certain areal extent for an extended period of time (Salas et 

al. 2005). The definitions become somewhat more specific when a particular type of 

drought is considered. There are four common types of drought: meteorological, 

agricultural, hydrological and socio-economic (Nalbantis and Tsakiris 2008). 

Meteorological drought is defined in terms of the degree of deviation from the average of 

a meteorological drought variable (e.g. precipitation) for an extended period of time over 

a certain area (Smakhtin & Hughes 2007). Agricultural drought is focused on soil 

moisture level and typically defined by comparing daily precipitation values to 

evapotranspiration rates (Sun et al. 2012). On the other hand, hydrological drought deals 

with changes in the components of the hydrological system such as streamflow, 

groundwater and reservoir levels. Finally, socio-economic drought is defined as an 

imbalance between supply and demand of goods as a result of a weather-related shortfall 

in water supply (Wilhite 2005).  

Drought is a complex random process characterized by its occurrence frequency, 

duration, deficit-volume, intensity and areal extent (Sharma 1997) (Iglesias et al. 2007). 

While frequency clearly refers to the number of occurrences over a given period of time, 

deficit-volume measures the degree to which a drought variable of interest (e.g. rainfall, 

streamflow) departs from a given lower-end threshold during a certain drought period. 

Drought intensity, usually given by the ratio of deficit-volume and duration, combines the 
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effects of deficient quantity and length of time for which the drought persisted. It 

therefore provides a robust approach to compare severity of two or more different 

drought events. 

2.2 Hydrological Approaches to Drought Modeling 

Modeling drought is challenging for a number of reasons. First, drought is a result of 

interactions among many complex climatic and geographic elements. Second, drought 

takes time to develop and as such it is difficult to pinpoint distinct time of occurrence 

(Cebrián & Abaurrea 2006) . Similarly, a drought period may, for a short period of time, 

be interrupted by wet days which could potentially be misleading and also makes it tough 

to discern the actual drought termination time. Consequently, an extended drought may 

be divided into a number of smaller, mutually dependent droughts. As a result, capturing 

the duration and deficit-volume pertaining to a drought event is not as easy as it sounds.  

Nonetheless, several statistical methods of modeling drought events and its behaviors 

have been suggested over the past few decades. Each has added a significant contribution 

to drought study and brought to light various ways of modeling its specific characteristics 

or large droughts in general. Yevjevich (1967) and (Sen 1976) suggested the theory of 

runs. According to this theory a drought period consists of a set of time series of a 

drought variable below a predefined threshold or truncation level. Regression-based 

methods have also been applied to relate drought variables to climatic and other factors 

(Mimikou, Kouvopoulos, and Hadjissawa 1993). Kendall and Dracup (1992) proposed an 

alternating renewal-reward process that rotates between drought and high streamflow 

event durations. This model assumes that droughts and high streamflow events exhibit 

distinct properties and as such are governed by different probability laws. Chung & Salas 
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(2000) also investigated severity of drought by developing a drought intensity function 

assuming time-dependent Poisson behavior of drought series. The Excess Over Threshold 

(EOT) method is yet another predominant approach in the literature (Zelenhasić and 

Salvai 1987) (Tallaksen, Madsen, and Clausen 1997) (Zelenhasić and Salvai 1987; 

Tallaksen, Madsen, and Clausen 1997; Cebrián and Abaurrea 2006). 

Extreme Value Theorem (EVT) is the theoretical foundation behind EOT based on 

statistical models representing rare events that have heavy consequences (Davison and 

Smith 1990). In EOT model, drought is defined as a cluster of dependent dry spells and is 

considered as a multivariate random event characterized by its duration, maximum 

intensity and corresponding deficit-volume. For a given threshold, r, there exists a 

conditional distribution function, Fr  that represents excesses (that is, below threshold in 

case of streamflow drought modeling) of an iid random variable, X (e.g. streamflow) ( 

(Gilli and Kellezi 2000). 

Y r X                                                                                                                      (1)

( ) ( | ),       0 rF y P r X y X r y r                                                                       (2) 

EVT suggests that exceedances over a very extreme threshold, r, are distributed 

following a Generalized Pareto Distribution (GPD) (Gilli and Kellezi 2000; Smith 1986).

, ,( )                      rr yF y G                                                               (3) 
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where σ and   represent the scale and shape parameters of the GPD respectively for

0 y r  . Moreover, according to this theory, the number of occurrence of these 

exceedances over a very extreme threshold fits well with a Homogenous Poisson Process 

(HPP). However, we know that a drought would consist of a number of dry spells 

(exceedances) and the Poisson behavior may be lost in the process of clustering several 

dependent dry spells into a single drought event. In other words, one may be concerned 

that occurrence of droughts (that is, collection of dry spells), may not be a point process 

and hence may not fit well with a Poisson process. As others (Zelenhasić & Salvai 1987; 

Cebrián & Abaurrea 2006; Sun et al. 2012; Smith 1986) have also argued that, if the 

Poisson process does no longer hold, it can be recovered by introducing a more extreme 

threshold. This is because, as the threshold becomes more extreme, there will be fewer 

total observations below such a limit and consequently fewer dry spells constitute a 

drought event. Eventually, however, if the threshold is extreme enough, the number of 

exceedances (dry spells) in any cluster converges to 0 or 1 and the clusters themselves 

become a single dry spell.  

Among the advantages of application of modeling drought this way are the estimations of 

expected number of droughts in a given time length, approximations of expected 

recurrence time, expected duration, average water deficiency volume and intensity level 

for a certain degree drought. Estimation of drought intensity depends on how deficit-

volume and drought duration are modeled. Typically, and as is the case with existing 
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EOT approaches, one or more empirical truncation levels are introduced to determine 

onset and termination of such an event. Drought length is approximated by the time 

between beginning and end of the event. This approach is inconsistent with drought 

duration from power plants operational point of view. Power plants are likely to shut 

down during drought conditions as water levels are expected to fall below intake depths 

from the surface (Badr et al. 2012). The inconsistency is because a certain drought period 

may temporarily be interrupted by normal water supply levels and as a result, the power 

plants may be turned on and off a number of times during large and extended drought 

period. For that reason, drought duration, from the point of view of power plants 

operation, is not equivalent to the time between drought onset and termination. The 

Marked Cluster Poisson Model (Cebrián & Abaurrea 2006) uses an additional threshold 

to mark return of normal behavior (for example, 30% quantile of a time series of drought 

variable), where onset determining threshold is a much lower quantile. In other words, 

this additional threshold is used to more confidently establish the time a certain drought 

period comes to an end. But it still doesn’t take into account that a power plant may not 

always be at reduced efficiency or remain shutdown between drought onset and 

termination time. Consequently, such an approach to capture drought duration and 

resultant estimation of the intensity may be misleading and inefficient from power plants 

operational perspective. 

Moreover, although detailed modeling of drought occurrence and its severity is extremely 

valuable, development of such models is challenging and computationally expensive. The 

vast majority of existing hydrological models focus on estimating the most extreme 

drought scenarios (i.e., longest duration and largest deviation from normal water supply) 
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in order to set design basis requirements for water storage systems such as reservoirs. As 

such, while significant progress has been made in understanding drought frequency and 

severity, accounting for interactions among exogenous factors and forecasting drought, 

which is necessary for mitigation and adaptation planning, is yet to be adequately 

addressed (Panu and Sharma 2002). Besides, thermoelectric systems are often operated 

differently compared to the hydrological networks, which is one key reason for lack of 

operational applications of some of the existing hydrological models in the power utility 

industry. The former focuses on satisfying electricity demand whereas the latter monitors 

and studies short term water availability and future sustainability issues. 

2.3 Water Supply Stress Impact Assessment 

      This section of the literature review targets various drought impact quantification and 

characterization methods and consists of five subsections. The first subsection 

distinguishes thermoelectric drought from conventional notion of drought. The second 

provides an abridged discussion on factors affecting such droughts and their implications 

for water availability analysis. Third, existing water shortage impact analysis methods are 

reviewed and vetted in light of their relevance and contribution to quantifying 

thermoelectric drought risk. The fourth subsection deals with use of water supply related 

indices as proxy measures of vulnerability. Finally, the last subsection addresses regional 

variations and factors contributing to drought impact uncertainty.   

2.4 Modified Thermoelectric Drought Definition 

     Despite lack of a universal definition, most commonly known drought types are often 

associated with considerable reduction in quantity of water in some form (Salas et al., 

2005). Precipitation, soil moisture and streamflow levels are predominantly used in 
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meteorological (Smakhtin and Hughes 2007), agricultural (L. Sun, Mitchell, and 

Davidson 2012) and hydrological (Booker 1995; Khedun et al. 2012) drought studies 

respectively. Qualitative aspect of availability is often overlooked in drought impact 

analysis and remains under-studied with respect to the power sector (Mideksa and 

Kallbekken 2010; Schaeffer et al. 2012). Quantity based availability analysis captures 

only half the story when it comes to studying thermoelectric drought risk. Thermoelectric 

power plants are forced to reduce production not only when water levels drop 

significantly but also when water temperature is so high that it can no longer be 

withdrawn for cooling purposes (Kimmell and Veil 2009; Sovacool and Sovacool 2009; 

van Vliet et al. 2012). One obvious reason is that excessively warm water would fail to 

sufficiently cool a power plant and hence raises safety issues. The other reason has to do 

with discharge temperatures. These power plants usually return much warmer water to 

the water body they initially withdrew it from. Such an elevated water temperature then 

can affect survival of the fish and aquatic life in general. To safeguard the fish and other 

wildlife relying on the same water body, section 316(a) of the Clean Water Act requires 

States to set limits for power plant thermal effluent (US EPA 1972). For these reasons, 

intake water temperatures are regulated and compliance to these regulations requires 

power plants to adjust their need for water accordingly. With this notion in mind, this 

study defines thermoelectric drought as a shortage of cooling water due to stressed 

supply or beyond operable water temperature limits for an extended period of time 

requiring power plants to reduce production or completely shut down. This way of 

considering combined quantitative and qualitative aspects in cooling water availability 

analysis helps to avoid underestimation of drought ‘risk triplets’(Kaplan and Garrick 
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1981) and potentially lead to more effective risk mitigation strategies. Also, it should be 

noted that the shortage is with respect to the amount demanded, which varies seasonally. 

2.5 Factors Affecting Thermoelectric Drought 

      Combined effect of changing rainfall and runoff patterns, warming temperatures, 

increasing withdrawal and consumption trends are among major factors stressing supply 

of secure, sustainable, and affordable water to critical infrastructures (“U.S. Energy 

Sector Vulnerabilities to Climate Change and Extreme Weather” 2014) (“Managing an 

Uncertain Future: Climate Change Adaptation Strategies for California’s Water” 2008). 

This assertion is reaffirmed by the projections of the Intergovernmental Panel on Climate 

Change (IPCC 2007) precipitation projections signifying increased severe drought 

frequency. Stressed fresh water supply resulting from altered climate or overuse is 

therefore poised to influence future thermoelectric power plant siting decisions, and 

impact grid reliability by forcing reduction in production capacity. It can also potentially 

lead to increased loss of production and purchase of  electricity (“U.S. Energy Sector 

Vulnerabilities to Climate Change and Extreme Weather” 2014) (Koch and Vögele 2009; 

Koch et al. 2011; van Vliet et al. 2012). Furthermore, with increasing population, the 

demand for electricity is expected to rise. This could prove to be problematic during 

summer when peak demand of electricity for air-conditioning needs coincides with high 

water temperature that may take some electricity production off-line. This could be 

exacerbated by population shifts from relatively colder regions to warmer regions with 

already greater energy demand for air-conditioning and possibly strained water supply 

(U.S. EIA 2014). Hence, primary factors affecting characteristics of thermoelectric 
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drought and hence impacting energy reliability include climate change, and demographic 

variations.  

2.6 Drought Impact Analysis 

      Impacts of water unavailability are commonly classified into direct and indirect 

effects (Wilhite, Svoboda, and Hayes 2007) (Logar and Bergh 2013). Direct impacts are 

immediate effects such as reduced power generation due to inadequate cooling water 

supply. Indirect impacts on the other hand are those caused by the immediate effects. For 

instance, reduced efficiency at manufacturing sector during a drought-induced power 

outage is considered an indirect or secondary effect. A number of drought impact analysis 

methods have been proposed and implemented with respect to one or both effects. Most 

of them, however, focus on agricultural losses (Ding, Hayes, and Widhalm 2011) and are 

therefore much less applicable in the energy sector where the definition, dynamics and  

characteristics of drought is generally different. They also focus more often than not on 

assessing economic impacts and are rarely extended to inform future energy capacity 

siting at local, regional and national level. For example, GDP and overall economic 

performance are often investigated for past or future diminished water availability 

scenarios and Input-output (I-O) models (Leontief 1936) (Miller and Blair 2009)  are 

predominantly used to evaluate direct and indirect impacts of a disruptive event in a 

multiple interdependent sectors setting (Santos, Herrera, et al. 2014) (Santos, Yu, et al. 

2014) (Santos, Pagsuyoin, et al. 2014) (Lenzen and Foran 2001). I-O based modeling will 

be instrumental when the outcomes of our research are extended to represent, quantify 

and evaluate interdependencies among various uses of water or a number of critical 

infrastructure sectors directly or indirectly affected by thermoelectric drought. Similarly, 
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a Computable General Equilibrium (CGE) model is often applied in investigating 

economy-wide impact of a certain shock events (Horridge, Madden, and Wittwer 2005). 

Despite the sophistication level and capacity to fairly accommodate complexity at 

national economic scale, application of a CGE model is often limited by its extensive 

data requirements. In addition, CGE models are not appropriate for exploring future 

scenarios as they are calibrated for a particular point in time, the base year. Alternatively, 

coupled-hydrological-economic models involving a study of detailed hydrological 

processes and their economic ramifications are also common in drought loss 

assessment(Booker 1995). Such a loss would be a function of type of hydrological model, 

costs of water replacement per excess amount withdrawn and policies which govern 

allocations of water resources. The model to be proposed in this study may fall in this 

category as it provides a thermoelectric drought risk analysis mechanism through which 

prospect of a certain level of cooling water shortage is associated with subsequent 

expected Megawatts of power to be curtailed. For a certain drought event, one can 

reasonably estimate the loss in terms of Megawatts because the amount of water needed 

per megawatt produced is usually known, given the type of cooling technology in use. 

2.7 Vulnerability Indicators and Indices  

      A multitude of water supply indicators are also available (W. C. Palmer 1965a) 

(Strzepek et al. 2010) (Heim 2002). They are used to convey existing and projected 

drought vulnerability information about a particular region of interest. The Water Supply 

Stress Index by G. Sun et al. (2008), developed by incorporating both supply-side and 

demand-side factors of water availability, is one of them. It is used to project water stress 

level under forecasted scenarios of climate, land use, and population growth. It helps in 
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identifying the greatest stressors of water supply. Another similar approach involves:1) 

establishing a baseline scenario with corresponding water availability and electric power 

production by each fuel types and 2) comparing this with a drought incident scenario and 

observing relative changes in production with respect to climate and socio-economic 

changes (Poch et. al 2009) (Scanlon, Duncan, and Reedy 2013).Valuable insights can be 

drawn as to how these changes will potentially affect reliable supply of electricity for the 

region. But such indices are mostly point estimates obtained by aggregating scores of 

various indicators and may lead to overlooking the underlying uncertainty. A high water 

supply index score may not always indicate higher vulnerability than a low such score. A 

low score case can be more prone to exceeding system safety limits if the variability in its 

water flow rate is much larger (Hurd et al. 1999). Point estimates fail to convey a full 

picture of potential impact in light of underlying uncertainty about frequency and severity 

of drought events.  

2.8 Regional Impact Variations and Uncertainty 

      Impacts and vulnerabilities also vary by geographical region, hydrology of the water 

body, types and density of infrastructure facilities in the region and depending on 

mitigation and adaptive strategies already in place (R. Palmer and Lund 1986). Based on 

these factors, a normal water level in one region might turn out to be the same in another. 

This warrants localized site-specific feasibility studies before too much resource is 

committed in large-scale projects such as deploying a new power plant. But at the same 

time, the sites are also part of a larger water network and an isolated suitability study 

wouldn’t be appropriate. Such studies should then take a systems approach in order to 

allow incorporating the regional extant and prospective water unavailability scenarios 
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into water availability analysis for a comprehensive feasibility study. Thermoelectric 

drought loss models should thus be adaptable to be tailored to specific characteristics of 

an area of interest and should be scalable as needed.  

Droughts characteristics and impact level on power plants are also highly uncertain.  

Aside from climatological and demographic factors discussed above, the US Energy 

Information Administration (EIA) stresses that cooling technology choices for new 

generating capacities and possible regulatory changes contribute to the uncertainty (U.S. 

EIA 2014). The most water-thirsty thermo-electric power systems, coal and nuclear 

power plants, also happen to be the most capital-intensive. Life-cycle loss of a coal or 

nuclear power plant is largely dependent the technology choices made at early stages of 

system deployment. This is in contrast to natural gas power plants whose life-cycle costs 

largely come from fuel costs that vary with operating efficiency, fuel price, and 

transportation costs. The type of new generation capacity to be added depends on 

investors’ preferences and ramifications of such additions to existing water availability 

conditions vary according to the cooling technology that follows preferred investment 

option. These preferences may also be subject to regulatory uncertainties. The EIA also 

attests to the possibility of new laws and regulations due to global climate change 

impacts. An example of such case would be where new coal plants may be required to 

include carbon control and sequestration equipment. This may sway investors away from 

coal-based power plants in favor of other alternatives, again adding to the uncertainty of 

potential water withdrawal needs. Uncertainty surrounding water availability affects 

responses to drought events. It primarily exposes water-reliant systems such as the energy 

sector to unanticipated disruptions that could prove to be detrimental. 
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Consequently, improved knowledge and understanding of characteristics of potential 

water unavailability and subsequent economic loss is indispensable. That can be achieved 

via a risk analysis approach that defines cooling water unavailability more broadly, is 

specifically tailored to fit operations of power plants, takes regional variability and 

severity uncertainty into consideration, and provides risk-based information to be used in 

making important drought mitigation, future energy capacity siting and risk management 

decisions in general.  

2.9 Water Supply Stress Projection 

2.9.1 Thermoelectric Drought Risk Projection Modeling 

Assessment of thermoelectric drought risk requires derivation of a loss function. 

Among notable loss functions is the one suggested by Bartos and Chester (2015). They 

derived a loss function that directly translates changes to streamflow and water surface 

temperature into thermoelectric power plant capacity reduction. These two features of 

cooling water availability are linked with a set of climate variables whose long-term 

projections are obtained from GCMs using Variable Infiltration (VIC) model (Liang 

1994a). Daily simulations of the features are produced using a physically-based modeling 

system and, under a ten year drought assumption, the impacts of climate change on 

electric power supply in the Western United States are estimated using the loss function. 

These estimations, however, are deterministic and might give false sense of certainty 

when making decisions pertinent to planning, operating, and/or managing thermoelectric 

power systems. For one, frequency of droughts and rates of power plant curtailments due 

to water supply stress change over time, as do severities of each incidence. As such, the 

range of possible impact level during a given time period could be very wide and with 

varying degree of likelihood. That explains the urge by the US Department of Energy 
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(DOE) to represent vulnerability of thermoelectric power systems to climate change both 

in terms of significance and likelihood (Zamuda et al. 2013a).  

2.9.2 Drought Forecasting Methods 

Forecast reliability is key aspect of a robust predictive model. Hence, it is important 

that we discuss reliability issues with extant forecasting attempts. To that end, we explore 

published studies employing a range of techniques since the year 2000. 

 In 2000, Chung and Salas (2000) suggested using a low-order discrete autoregressive 

moving average (DARMA) approach for estimating the occurrence probabilities of 

drought events. Mishra and Desai (2005) applied autoregressive integrated moving 

average (ARIMA) and multiplicative seasonal ARIMA (SARIMA) models to make 1-2 

months in advance drought forecasts using Standard Precipitation Index (SPI). 

Usefulness of the same approach for streamflow forecasting with a 12-month lead time 

was shown by A. K. Mishra and Desai (2006) and Palani et al., (2008) suggested using 

Artificial Neural Networks (ANNs) to forecast water quality variables, primarily because 

this approach allows capturing non-linear relationships between input and output 

variables, improving forecast reliability. A similar approach is applied to extend drought 

indices such as the Effective Drought Index (EDI) and SPI using climate indices: 

Southern Oscillation Index (SOI) and North Atlantic Oscillation (NAO) index (Morid et 

al., 2007). Mishra et al. (2007) and Ömer Faruk (2010) integrated ARIMA techniques 

with neural networks and proposed a hybrid model that aims to exploit the strengths of 

traditional time series approaches in modeling linear relationships and artificial neural 

networks in handling nonlinear relationships. The studies demonstrated that the hybrid 

model performs better than an ARIMA or ANN model in producing more accurate 
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predictions. Özger et.al (2011) explored the possibility of a wavelet and fuzzy logic 

combination, which they applied to state of Texas and found it to be more accurate than 

an only wavelet or ANN and a coupled wavelet and ANN model. The study produced 

reliable forecasts of drought indices upto 12-month lead time. Madadgar and Moradkhani 

(2013) used copula functions within a Bayesian framework in order to properly capture 

time dependence of seasonal flow and corresponding drought conditions and to perform 

seasonal drought forecasting. Wavelet modeling also gained considerable attraction in 

hydrologic time series forecasting; Kim and Valdés (2003),for instance, suggested a 

conjunction model of wavelet transforms and neural networks. This approach aims to 

improve predictive accuracy by taking advantage of the strength of neural networks and 

coupling it with the ability of wavelet transforms to decompose the original time series. 

Additional applications of wavelet transforms can be found in Sang (2013). Yet another 

extension to nonlinear prediction models is given by Di et al. 2014). They proposed a 

four-stage hybrid model that performs better than many conventional as well as hybrid 

models in hydrological time series forecasting. 

Statistical regression and conventional time series forecasting are preferred over many 

other more advanced models due to their simplicity. But while the former assumes 

relationships established between a set of predictors and dependent variable on the basis 

of historical observations to hold up in the future, the latter assumes probabilistic 

structure of the series to be unchanged at any point in time (Zhai et al. 2012). Both do 

well in capturing linear relationships which is rarely the case with hydrological time 

series and hence the need for considering empirical methods such as ANN, wavelet 

modeling and fuzzy-logic to a certain extent. ANNs are inherently nonlinear due to 
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involvement and interplay among multiple neurons and hence do not fully capture both 

linear and nonlinear relationships alone (Ömer Faruk 2010).  In addition to being able to 

efficiently capture nonlinearity, ANNs do not require prior knowledge of the underlying 

process that generated the data being considered (Kim and Valdés 2003). As discussed 

above, however, hybrid models tend to outperform single models and none have been 

shown to be universally the best approach. 

Mostly these methods are based on conventional stochastic processes, data-driven 

artificial neural network models, wavelet transforms or a hybrid of two or more of these 

methods. Many are good for short-term prediction but their accuracy falters for longer 

than 12-month lead time (Özger et al. 2011). Their applicability has also been shown on 

disparate geographic regions, meteorological metrics such as the Palmer Drought 

Severity Index (W. C. Palmer 1965b; Alley 1984)series and hydrologic series, such as 

streamflow (Chung and Salas 2000), Standard Precipitation Index (Cancelliere et al. 

2006) (Morid et al., 2007), water surface temperature(Marques et al. 2006) and the El 

Nin˜o–Southern Oscillation (ENSO) (Özger et al. 2011).  In other words, one would have 

to be specific about the geographical region and variable of interest and forecast horizon 

in order to be able to find one or more of these approaches useful (Donkor et al. 2014). 

Clearly, none become handy in a longer than a year time horizon forecast. We are 

therefore left to seek alternative ways of characterizing uncertainty about long-term water 

availability or lack thereof.  

2.10 Summary of Literature Review 

Among the issues addressed by the literature review are drought definition and 

characteristics, various impact assessment approaches and forecast methods. The gaps 



30 
 

identified and hence intended key contributions of this study can be summed up with the 

following points: 

 Drought analysis has often focused on quantitative aspect of water availability, 

which may lead to underestimating thermoelectric drought duration and 

occurrence rates. 

 Thermoelectric systems are often operated differently compared to the 

hydrological networks, which is one key reason for lack of operational 

applications of some of the existing hydrological models in the power utility 

industry. 

 Impact assessment models focus on agricultural losses and are rarely extended to 

inform future energy capacity siting at local, regional & national level. 

 Accounting for interactions among exogenous factors & projecting drought, risk 

which is necessary for mitigation and adaptation planning, is yet to be adequately 

addressed. 

  Indices are point estimates obtained by aggregating scores of various indicators 

and may lead to overlooking the underlying uncertainty.  

 There is limited awareness and understanding of potential water supply risk to the 

power systems because of large uncertainty surrounding potential economic loss 

due to drought events and due to lack of probabilistic risk assessment of drought 

impacts with respect to operations and management of electric power plants. 

These gaps in the literature are the motivations behind the research questions listed in 

chapter 1. The next chapters attempt to illustrate methods intended to address the 

questions and fill the said gaps by proposing a thermoelectric drought 
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characterization framework, probabilistic energy loss representation model and an 

approach for continuous improvement in drought risk uncertainty.  
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Chapter 3: Drought Characterization from Thermoelectric Power Systems 

Perspective 

    With increased variability and changes in hydrologic statistical stationarity, one 

concern is the increased occurrence of extreme droughts that may be attributable to 

climatic change. As hydrological systems are altered, operators of thermoelectric power 

plants need to ensure a reliable supply of water for cooling and generation requirements. 

The effects of climate change are expected to influence hydrological systems at multiple 

scales, possibly leading to reduced efficiency of thermoelectric power plants. In this 

chapter, a systematic approach to characterize a stream environment in relation to 

extreme drought occurrence, duration and deficit-volume is demonstrated. 

3.1 Extreme Over Threshold Method 

     The Excess Over Threshold (EOT) approach, also used in (Zelenhasić and Salvai 

1987; Tallaksen, Madsen, and Clausen 1997; Cebrián and Abaurrea 2006), is the basis for 

thermoelectric drought characterization method. The method aims to alleviate issues of 

duration estimation and onset detection, identified in the literature review, by capturing 

drought duration, and intensity in a manner consistent with operation and management of 

thermoelectric power plants. This method consists of drought threshold selection, dry 

spells pooling mechanism, drought occurrence modeling, and drought duration and 

deficit-volume approximation techniques. 

3.2 Empirical Threshold Selection 

      Many drought studies have applied threshold methods because of their advantage in 

using data more efficiently (Gilli and Kellezi 2000). Thresholds determine severity of 

drought to be investigated. The mean or median (Dracup et al. 1980) and fraction of the 

mean (Clausen and Pearson 1995) over a long period of time have been used for 
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thresholds/truncation levels in drought analysis. These methods are hardly flexible for 

investigating varying degrees of droughts and, for that reason, are no longer preferred 

approaches. Another more commonly applied technique is taking the lower Q% quantile 

of a long-term time series data (Panu and Sharma 2002). That means the cutoff level 

would be selected such that only Q% of the entire data points are less or equal to it. This 

chapter also uses the quantile method to define the cutoff level and elucidate detection of 

droughts relevant to thermoelectric power plant operation. Not only does this method 

provide the flexibility to investigate different droughts but also allows for efficient use of 

historical data for short-term and long-term drought mitigation and recovery planning. 

Alternatively, such thresholds/cutoff levels could also be obtained from the water 

withdrawal needs of the power plants in a given watershed of interest, as will be 

discussed in the next chapter.   

3.3 Drought Detection Method 

    Oftentimes, EOT-based drought characterization attempts face challenges pertaining to 

clustering of dry spells. To bypass this challenge, some studies have suggested the use of 

an uninterrupted sequence of deficits to constitute a drought event (Sharma 1997). 

However, such an approach could potentially divide up an extended drought into several 

smaller droughts and may lead to overestimation of drought frequency. A common 

approach to avoid this is introducing an inter-dry spell time limit such that two dry spells 

with the time gap between them less than this limit are always grouped together as part of 

the same drought. This may avoid misinterpreting a protracted drought as disparate 

drought periods because of intermittent and temporary signs of normalcy. From power 

systems operational point of view, however, we assume that drought occurs whenever 
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there is persistent shortage of cooling water supply. Therefore, if the inter-dry event limit 

is too large, we may run into the risk of underestimating drought frequency from power 

plants’ operational perspective as they may experience multiple curtailments and 

shutdowns during what maybe deemed a single protracted hydrological or meteorological 

drought event. Hence, there may not be a need for introducing the inter-dry spell time 

limit when dealing with thermoelectric drought. Treating thermoelectric drought as one 

of the conventional droughts discussed above may lead to false impression that drought 

induced failures are much less frequent than they actually are. But if one is in fact 

interested in modeling extremely rare and severe protracted droughts, the limits may 

actually be crucial in grouping similar dry spells together and forming such drought 

events. Occurrence of such extreme events may be generalized with a Poisson process, as 

discussed in chapter 2. This chapter also assumes extreme droughts can be modeled with 

constant rate of occurrences and as such, an inter-dry spell limit is only selected so that 

this assumption holds. Also, this chapter focuses on quantitative water availability and in 

the later chapters, this will be revised to better represent and reflect drought occurrences 

from both qualitative and quantitative aspects of water availability.   

The steps for implementing this approach are as follows: First, we determine onset of 

drought when a streamflow series falls short of the threshold at time p, ( ) ,X p r p T   

and when there are sufficient indications about its persistence, as illustrated in Figure 4.  

Drought develops over time and as such, there must be some indication of sustained 

concern about shortage of water supply and significant indication as to the occurrence of 

drought. For a very extreme, threshold one exceedance by itself can be of a huge concern. 

But we believe that if such a series drought occurs it must persist for some time. Hence, 
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for a dry day (that is, ( )X p r ) drought is said to occur on this day if it passes a simple 

yet important persistency test (that is, at least 4 of the first 30 days), including the first 

one, fall below the threshold as well. This simple and arbitrary yet adaptable criterion 

allows us to emphasize the evolving nature of drought, and to ensure that there is a 

reasonable evidence for the occurrence of drought to be attributed to a given dry day.  In 

case this is not satisfied, an algorithm (See Appendix B) developed this way would 

simply move on to the following day and does the same persistence test until the most 

appropriate onset time is determined. Second, since a certain drought event may 

occasionally involve normal streamflows without necessarily indicating termination of a 

dry season, we use some inter-event time limit such that two dry spells must always 

remain in the same dry season. The idea here is to avoid dividing up of dry spells that are 

likely to be attributed to a single extreme and protracted hydrological drought event into 

two or more separate droughts. Due to an extreme threshold selection, to satisfy the 

constant rate of occurrence assumption, the droughts considered are likely to recur in a 

number of years. For that reason, we assume six months of inter-event time limit (that is, 

dry spells within this limit must belong to the same drought period) are sufficient or, 

alternatively, the (Ferro and Segers 2003) procedures can be used to obtain such a limit 

automatically. This keeps dry days within a short time span in the same drought period.  

Past this limit, the drought comes to an end when ( ) ,  q T, q > pX q r  . From this point 

on, the next pooling ensues when ( ) ,  s  T, s  q > pX s r    granted passing of the 

persistency test. Given the extremity of the thresholds, the inter-dry event limit shouldn’t 

be too large to underestimate thermoelectric drought frequency. As mentioned earlier, a 

power plant operator may only be concerned about when and how often the power plant 
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goes on and offline due to water supply stress, instead of the actual frequency and length 

of hydrological or meteorological droughts. Chapter 4 will reexamine the idea of inter-

dry event limit and introduce an improved approach that reconsiders usefulness of an 

inter-dry event limit. The improvement is necessary particularly when thresholds are 

based on joint water quantity and quality criterion and don’t have to be extreme enough 

to produce constant rate of drought occurrence. One may be concerned about ( )X t being 

just slightly above the threshold for a prolonged time without solid justification of return 

of normal behavior. If this slight exceedance remains for a long time we assume it’s an 

indication of improving conditions. However, if it is temporary and the flow persistently 

drops back below the critical threshold it would be captured as the beginning of a new 

round of pooling. 

3.4 Drought Duration and Deficit-volume Modeling 

       Drought duration associated with the shutdown or reduced production period, ( )L n  

of the n
th

 drought event, can be approximated by the total number of days below the 

threshold. Note that this approach of modeling drought duration is different from the 

typical approach that takes the difference between beginning and ending times of an 

event. This approach is perhaps more useful in a situation where two distant dry days are 

to be pulled into a single drought period because of an inter-dry event limit. This is 

because the difference between beginning and ending times could potentially inflate 

drought duration, especially in situations where distant dry days, separated by normal 

days, are grouped into the same period.   
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Figure 4. Pooling dry-spells to form a drought event and associated deficit-volume for segments of drought 

duration. The deficit-volume pertaining to the drought is not the entire shaded area because the deficit at a 

given point in time itself is reflective of previous shortages. We take the point where the deviation from the 

threshold streamflow is the highest as indicative of the deficit-volume for the drought event. 

The volume of deficient water naturally changes as a drought event unfolds and such 

events are often identified with the point where the worst scenario takes place. With that 

notion of water resource managers in mind, the point where drought intensity is the 

highest is used to obtain the deficit-volume representative of the event. 

3.5 Illustration of Implementation Details 

Streamflow (in volume per unit time) is generally considered the most significant 

drought variable to convey water quantity information (Nalbantis & Tsakiris 2009). The 

proposed methodology is applied on a daily streamflow series obtained from three USGS 

water gauges on the Tennessee River basin: 1) USGS Tennessee River at Whitesburg 

Alabama; 2) USGS Tennessee River at Chattanooga Tennessee; and 3) USGS Tennessee 

River at Savannah Tennessee. These gauge stations correspond with the locations of 

power plants operated by the Tennessee Valley Authority (TVA). The application was 

performed on a 72-year, 109-year and 77-year streamflow record for Whitesburg, 

Chattanooga and Savannah gauging stations respectively.  

3.5.1 Drought Events as Poisson Process 

      The first task in the application of the model to the occurrence process is to identify 

the appropriate extreme threshold at which the occurrences are well approximated by a 

HPP. For Whitesburg, the first trials at 10
th

 percentile (424.75m
3
/s) and 5th percentile 
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(308.65m
3
/s) thresholds did not produce Poisson distributed droughts. In Figures 5(a) and 

5(b), the probability plots of fitting exponential distribution to time between droughts 

show large divergence from the straight line, thus failing to qualify the drought 

occurrences as HPP. Therefore, more extreme threshold values were needed. We can 

observe from Figure 5(c) that, for r = 1.4
th 

percentile (196.2m
3
/s), the probability plot 

yields, despite a couple of outliers, an acceptable exponential distribution fit with the P-

value of 0.16. At this threshold, a total of 20 drought occurrences are discovered over 72-

years. In the other two cases, the best fits were obtained at 1.1
th 

percentile (199.69m
3
/s) 

for Chattanooga and at the 0.08
th

 percentile (240.51m
3
/s) for Savannah, TN (See 

Appendix A). One major drawback with these thresholds is that they may not always be 

realistic and may not always reflect the actual demand level. This drawback will be 

addressed in the next chapter, where the quantile approach will be replaced with more 

practical technique.  

Next, we present Poisson process fits to the occurrences as demonstrated in Figure 6. 

Visually, we observe that the straight line, that is, an indication of constant rate of 

occurrence, is a reasonable approximation for mean arrivals of drought at some time, t. 

Constant rate of occurrence in turn is indicative of homogeneity. Results for HPP vs. 

Non-HPP (NHPP) investigations are presented in Table 1. 

Given n arrival times T1... Tn in [0, t0] and a NHPP with, the rate of occurrence of 

failures, m(t): 

0 1( )
( )

t
m t e

 
                 (5) 
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The Laplace test (Ansell and Phillips 1994) for log linear NHPP assumes a null 

hypothesis: β1 = 0 and the alternative: β1 ≠ 0. When β1 = 0, the rate becomes constant and 

hence the null hypothesis is in favor of HPP.  At a given significance level, α, and using 

the U statistic below, we reject the null hypothesis if |U| > Zα/2 (the statistic U has a 

standard normal distribution).  

0
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nt
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
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                 (6) 

With power law rate model (Duane 1964),  

1( )m t t                    (7) 

We use the Chi-Squared test (Ansell and Phillips 1994). With this test, the null 

hypothesis is that δ = 1(the arrivals are generated by a HPP), whereas the alternative is δ 

≠ 1. With a test statistic,  

0

1

2 log
n

i i

t
V

T

 
  

 
                  (8) 

For 
2

0 (2 )  , ~n nt t V  (V follows a chi-squared distribution with degree of freedom 

of 2n), we reject the null hypothesis if 
2

(2 ), /2 nV   or 
2

(2 ), 1 /2 nV   .For

2

0 (2 2)  , ~n nt t V   , we reject the null hypothesis if 
2

(2 2), /2 nV    or

2

(2 2), 1 /2 nV    . 
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None of the above locations indicate sign of non-homogeneity, with respect to the log 

linear or power law NHPP models, as a Chi-squared test for Power law and Laplace Test 

for Log-linear rates of occurrences were conducted at 5% significance level (See Table 

1). The conclusions were the same at 10% significance level for Whitesburg and 

Chattanooga whereas Savannah rate of drought occurrence exhibited a Log-linear 

behavior. But the probability plot of the exponential distribution to Savannah time 

between droughts (See Appendix A), at r=0.08
th

 percentile, produced a very high P-value 

(0.938). Based on the above results, we proceeded with homogenous assumption.  



41 
 

 

Figure 5. Whitesburg probability plots of exponential distribution (95% confidence interval) fitted to time 

between droughts data obtained at different threshold levels. Figures (a), (b) and (c) are obtained at 

threshold values of 10th, 5th and 1.4th percentiles respectively 
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Figure 6. Mean arrival rate fit to drought occurrence process. The red line indicates the mean fit, while the 

blue line indicates the observed records. The y-axis indicates the number of occurrences, while the x-axis 

indicates the number of days observed since the beginning of the streamflow record. 
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Table 1. Results of model hypothesis testing. The null hypothesis (Ho), droughts occurs according to HPP, 

and two alternative cases of non-HPP are tested. HPP is favored in all cases at 5% significance level. That 

means, at 5 % significance level, there is no sufficient evidence to reject homogeneity in all three cases. 

Based on the results in this table, HPP is preferred relative to Log-linear and Power Law models. 

 

Location 

Model Comparison 

(all compared to 

Homogeneous Poisson) Test Statistic Value Preferred Model 

Chattanooga Log-Linear -0.32 HPP 

Power Law 45.68 HPP 

Savannah Log-Linear 1.92 HPP 

Power Law 22.17 HPP 

Whitesburg Log-Linear 0.41 HPP 

Power Law 38.70 HPP 

 

3.5.2 Mean Time Between Drought Events and Expected Number of Drought 

Events 

        The Maximum Likelihood Method of fitting a HPP to a stochastic process is applied 

to estimate the only model parameter, rate of arrivals (λ). The average recurrence time is 

obtained as the reciprocal of the mean arrival rate and expected number of arrivals of 

drought events, for a given time length, t, is given by λt. 

Table 2. Mean time between arrivals and expected number of drought occurrences  

 Whitesburg 

(Threshold at 

1.4
th

 percentile) 

Savannah 

(Threshold at 

0.08
th

 percentile) 

Chattanooga 

(Threshold at 1.1
th

 

percentile) 

λ(# of arrivals per 

year) 
0.2850 0.165 0.1857 

Mean arrival time 

(Years) 
3.51 6.04 5.38 

Expected # of 

droughts in 50 years 

= λt 

14.25 8.25 9.29 

 

It can be seen from the results in Table 2 that Savannah is modeled with the most extreme 

threshold (hence more severe drought) and expects the fewest (8.25) droughts in 50 

years. Whitesburg may expect drought (below 1.4
th

 percentile threshold) every 3.51 years 

on average and a total number of 14.25 such droughts in 50 years. Chattanooga, which is 



44 
 

where the TVA collects flow information to obtain best estimates for system wide water 

supply level, expects somewhat in the middle recurrence time (5.38) and expected 

number of droughts in 50 years (9.29).  

3.5.3 Drought Length 

Time between droughts is evidently not the same as drought length. We discussed 

the former in the previous sections, but one would be equally interested in how long a 

particular drought is expected to last. Several probability distributions were fitted to each 

set of duration data obtained after feeding a daily streamflow series data to a simple 

algorithm developed to implement the water supply stress characterization schema in 

Appendix B. Results from Kolmogorov-Smirnov goodness of fit test, shown in Table 3 

below, reveals Inverse Gaussian, Log-logistic and Log-normal distributions to be the best 

candidates for generalizing the probability law governing durations of various droughts.  

Table 3. K-S statistic for drought duration goodness of fit test using @Risk analysis tool. The top three 

distributions with very close K-S statistic are shown for each location.  

  Inverse Gaussian Log-logistic Lognormal 

Whitesburg 0.183 0.126 0.16 

Chattanooga 0.116 0.104 0.113 

Savannah 0.140 0.123 0.144 

 

The fit with Log-normal distribution, shown below in Figure 7, demonstrates both 

visually and statistically the significance of using the distribution to generalize the 

probabilities of drought durations. On top of that, Table 4 presents a 95% prediction 

interval for the drought durations at each location. This is computed first by transforming 

the duration data such that it is normally distributed. Second, a 95% confidence interval 

for the mean of the transformed data is calculated and the boundaries of this interval are 
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then transformed back to the form of the original duration data so as to provide the 95% 

prediction interval.  

The expected values of durations are 13.22, 20.22, and 17.51 days for Whitesburg, 

Chattanooga and Savannah drought durations respectively. Once again, the prediction 

interval at Chattanooga seems to be somewhat comprehensive in a sense that it, to a large 

degree, covers the prediction intervals for the other two locations. That is again consistent 

with the claim that Chattanooga provides system wide water supply information.  

 

Figure 7. Chattanooga drought durations with a Log-normal distribution fit. The probability plot on the left 

resulted in a significantly high P-value (0.503) thereby qualifying the Log-normal distribution as a suitable 

candidate to generalize probabilities of drought durations. 

Table 4. A-95% prediction interval for drought duration at each location 

 Lower Bound Upper Bound Expected Drought 

Duration(Days) 

Whitesburg 7.33 14.31 13.22 

Chattanooga 8.64 20.38 20.2 

Savannah 6.62 19.36 16.17 

 

 

3.5.4 Drought Deficit-volume 

As expected, the GPD fits to the deficit-volumes with P-values, 0.837, 0.632, and 

0.558 for Whitesburg, Chattanooga and Savannah respectively. These fits demonstrated 
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in Figure 8 highlight the flexible nature of the GPD attributable to its shape parameter. 

Aside from describing different aspects of a drought, these distributions can be used to 

determine the return value of deficit-volume, duration or intensity for a given time length. 

The exceedance probability of a given distribution of a drought variable is given by

( ) 1 ( )P X x F x   . For a time length of t, the expected number of droughts is λt. The 

return value we are interested in (that is, the duration or deficit that is exceeded at least 

once on average in the given time period) occurs if there is at least one drought 

occurrence during the specified time length. In other words, we are looking for the X 

value such that  

  . 1 F x   1t                                                                                           (9) 

So, this value of X at given time, t, is obtained as follows. 

1

t

1
X  F (1 )

t

                                                                                           (10) 

This is important because once the λ parameter is estimated from the occurrence process, 

we easily can make statements about expected durations, deficit-volumes, and intensity 

levels expected to be exceeded at least once in a given time period.       
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Figure 8. GPD fits to the deficit-volumes with P-values, 0.837, 0.632, and 0.558 for Whitesburg, 

Chattanooga and Savannah respectively. These fits highlight the flexible nature of the GPD attributable to 

its shape parameter. 

       

3.6 Summary and Discussion 

In this chapter, we have defined drought duration in terms of the amount of time 

during which a thermoelectric power plant remains offline or operates at reduced 

efficiency due to insufficient fresh water supply. This definition takes into consideration 

that in case of a protracted drought, these plants may be turned on and off several times 

before the dry season is permanently over. Our proposed modeling approach is in 

accordance with this insight and differs from the dominant approach that uses the entire 

time between drought onset and termination as drought duration. We believe that the 

proposed definition and subsequent modeling of drought is consistent, especially in 

extreme drought situations, with the operations of and risk management strategies related 

to thermoelectric power systems.  

The duration and intensity modeling we have provided may provide the foundation for 

devising an empirical flow limit that power plant operators should maintain at all times. 
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For instance, the return value equations can be used to identify a deficit-volume or 

drought duration corresponding to a given recurrence time. This information, given we 

know how much water is needed for a power plant to operate at full efficiency, can 

potentially be transformed into site specific flow requirements.  

This approach is also intended to assist in identification, approval, and study of 

thermoelectric infrastructure facility sites.  If an additional power plant is being planned, 

the method proposed here can be used to evaluate potential sites against cooling water 

supply requirements. Areas with a tendency to experience inadequate water supply can be 

precluded at early stages of such projects and before a large commitment of resources is 

made. For example, let’s assume we have identified three candidate sites (A, B, C) for 

deploying a power plant and that after executing the aforementioned drought 

characterization scheme, we obtain λA =0.2, λB =0.3, and λC=0.4. Also, assume drought 

deficit, XA ~Gamma (10, 5), XB ~Gamma (13, 6) and XC ~Gamma (15, 5) and that we are 

interested in a 10 year return value for the deficit at each location. From equation (6), for 

A, X10=Gamma.Inv (0.5,10,5) = 48.34, for B, X10 = Gamma.Inv (0.67,13,6)=85.56 and 

for C, X10 = Gamma.Inv (0.75,15,5) = 87.0. Location A would in this case be the most 

preferred site because of its lowest deficit, relative to B and C, expected to occur once in 

a ten year time period.  

All in all, this chapter presented a systematic approach to characterize extreme drought 

incidences in a stream environment. Reliable supply of cooling water is often assumed if 

the power plant is in close proximity to large water sources. Alternatively, the approach 

presented above may enhance early stage power plant site identification decisions. It may 

also improve risk characterization during more advanced stages of the site selection 
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process by enabling planners to investigate the implications of droughts of varying 

severity and frequency.  
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Chapter 4: Stochastic Model For the Assessment of Thermoelectric Power 

Generation Drought Risk Under Climatic Change
1
 

4.1 Overview 

Chapter 3 reviewed extant hydrological drought characterization methods; 

highlighted the contrast with respect to operations of thermoelectric power plants and 

outlined an approach for conducting descriptive thermoelectric drought analysis. Chapter 

4 further refines the idea of thermoelectric drought risk and proposes a stochastic method 

for analyzing drought risk to the thermoelectric power generation infrastructure sector 

due to its heavy reliance on freshwater availability. In particular, this chapter proposes a 

thermoelectric drought characterization framework from which a stochastic drought risk 

assessment model is constructed from the thermoelectric power sector’s operational 

perspective. Thermoelectric drought is defined as a shortage of cooling water due to 

stressed supply or beyond operable water temperature limits for an extended period of 

time requiring power plants to reduce production or completely shut down. The 

framework considers heat content and water quantity facets of adequate water availability 

for uninterrupted operation of such plants and safety of its surroundings. In addition, it 

outlines mechanisms to identify rate of occurrences of the said droughts and 

stochastically quantify subsequent potential losses to the power sector. The chapter also 

demonstrates how this approach can be used for better understanding of pertinent 

vulnerabilities by providing risk-based information to stakeholders in the sector.   

                                                           
1 Bekera, Behailu B., and Royce A. Francis. 2015. “Stochastic Model For the Assessment 

of Thermoelectric Power Generation Drought Risk Under Climatic Change.” Journal of 

Infrastructure Systems. (Under review) 
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A thermoelectric drought risk assessment model, TDRAM hereafter, proposed herein, 

allows expression of thermoelectric drought impacts in terms of magnitude and 

probabilities. It is based on the idea of compound Non-homogeneous Poisson Process 

(NHPP), whereby number of ‘system failures’2 is generated by a time-dependent rate of 

occurrence function and, at each step, the subsequent loss of energy estimated with a loss 

function. This loss of energy is determined, among other factors, by the number of 

failures at a given point in time, drought severity, and type of cooling technology in use. 

In addition to providing a probabilistic loss representation and ability to capture the trend 

in changes with respect to the rate of drought-induced failures, the framework is easily 

adaptable to changes in cooling technologies, water withdrawal regulatory policies and 

socioeconomic conditions  

4.2 Stochastic Approach For Thermoelectric Drought Risk Assessment 

4.2.1 Thermoelectric Drought Characterization Framework 

      Changes to the patterns of rainfall, streamflow or any other drought measures can be 

generally captured using vulnerability indexes. When dealing with thermoelectric water 

supply stress, however, we are concerned about lowflow or extreme heat periods and 

much less so about general reduction in water supply relative to the past. And, when such 

extreme deviations take place, they generally don’t disappear immediately. Therefore, we 

can reasonably direct our focus on detecting these periods and modeling the risk 

pertaining to their recurrence rates. This study considers a drought event as a cluster of 

daily dry spells [see (Bekera, Francis, and Omitaomu 2014) and (Cebrián and Abaurrea 

2006)]. It also determines occurrence of a dry spell, when, given a time series data of 

                                                           
2
 Water-intensive thermoelectric power plants are assumed to experience failure when some or all 

operations are halted due to shortage of fresh cooling water 
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streamflow (ft
3
/s) and water temperature ( oc  ), the daily value of either of these variables 

falls outside their respective thresholds. Flow instead of stocks of water resources is 

preferred to adequately assess quantitative water availability. This is because: 1) despite 

the Earth is endowed with abundant water resources, only a small portion of it is fresh 

water and easily accessible for human use (Oki and Kanae 2006) 2) most of this fresh 

water flows through rivers into the sea and its amount varies spatiotemporally based on 

climatic conditions and existing withdrawal distributions(US EPA 2015). As for 

qualitative aspect, most states have maximum water temperature limits above which 

withdrawals are impermissible. Also, they usually restrict withdrawals by power 

generation systems to a certain proportion of the total available as there are also other 

equally important areas such as the industrial, agricultural and recreational sectors with 

sizable demand for fresh water (Kimmell and Veil 2009). This proportion has been about 

10% of the available streamflow as used in (Mays et al. 2012) and discussed in (Rodwell 

2002). For a given day, if 10% of available streamflow is below rates of withdrawals 

reflective of demand amount or if the temperature of the water for the day exceeds the 

maximum allowed, then this day is dry with respect to the power plants. Persistent 

occurrence of these dry days is what yields a drought period. Definition of persistency is 

open-ended because different power plants or regions may have varying reservoir sizes 

and hence tolerance for sustained dry days. With that in mind, the author establishes 

onset of a drought period by checking whether at least half of the days in the next seven 

and half of the days in the next thirty happen to be dry days. If so, time of a drought 

arrival is recorded and the search for end of drought continues. This persistency test can 
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be subject to change in order to explore varying degrees of drought both with respect to 

duration and water-deficit. 

Often times and as discussed in the previous chapter, inter-event time limits are 

introduced to avoid splitting of extended drought periods into several small occurrences 

because of the two criteria returning to normal, but brief, in the middle a prolonged single 

drought period. While this maybe needed in studying meteorological or purely 

hydrological droughts, it is not necessary in the context of operations of power plants. 

Thermoelectric droughts, as defined here, require power plants to either scale back on 

production or completely shut down. This means they could technically resume 

production even during a prolonged drought period as long as they comply with the 

regulations.  The number of times they are off and back on to full production level is the 

variable of interest, not return time or frequency with which the hydrological processes 

return to normal. 

End of a thermoelectric drought period occurs on the day after which no dry spells are 

detected for at least a month. Duration of such drought periods is the difference between 

the end and arrival date. Taking the difference here is unlikely to inflate duration as 

pointed out in chapter 2. This is because a protracted dry season is likely to produce a 

number of distinct thermoelectric drought periods composed of relatively much less 

interrupted dry spells.  

 One can also reasonably expect wavering amount of deficient water as a drought event 

unfolds. As such, drought severity is obtained as a function of duration and average of 

positive deviations of demanded flow rate from what is available. The overarching 
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framework, thermoelectric drought risk assessment framework (TDRAF), process is 

illustrated in Figure 9 below.  
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Figure 9. Thermoelectric drought risk assessment framework (TDRAF). Based on a time series streamflow 

and water temperature data and streamflow and water temperature threshold, persistent thermoelectrically 

dry periods are identified. For each such period, time of arrival since the beginning data point is recorded as 

is the severity associated with each period. Arrival/detection times become inputs to the rate of occurrence 

modeling whereas a probability distribution is fitted to the collected severity information. 
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The amount of water needed by power plants varies seasonally. Warm and cold seasons 

see the most withdrawal rate as there is a greater need for cooling or heating which drives 

power plants to produce more. But off-peak seasons have the exact opposite effects. 

Since the demand for cooling water varies with time and amount of electricity generated, 

using a time dependent threshold to determine whether or not we have a thermoelectric 

dry day is warranted. This section will be further discussed in the loss model application 

section of this chapter.  

Once the counting of and characterizing of drought occurrences, as depicted in Figure 9, 

is complete, uncertainty modeling comes next. Statistical hypothesis tests, such as those 

described in equations (5) - (8), can be applied to the arrival data to identify the most 

appropriate rate of occurrence of failures function. A goodness-of-fit test may also be 

used to identify a probability distribution best represents uncertainty surrounding drought 

severity. Combining these two, the rate of occurrence function and severity information, 

into meaningful risk information requires a mathematical model which is the subject of 

the following section along with demonstration of its applicability. 

4.2.2 Thermoelectric Drought Loss Model 

Damage due to cooling water shortage has far-reaching implication for the safe and 

reliable operations of critical infrastructure facilities and the health of the economy at 

large. In some cases, during peak hours for instance, even a modest reduction in 

productivity of the power plants may cause unanticipated service interruptions at these 

facilities. This notion leads us to the first important assumption: a drought-induced partial 

curtailment or complete shutdown of a thermoelectric power plant is considered a system 

failure. This is consistent with prevalent water supply reservoir operation whereby failure 
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to attain a target release level epitomizes reliability concerns (Moy, Cohon, and ReVelle 

1986). Second, the author assumes that drought events with known or estimated onset 

and termination points are discrete occurrences over a continuous time interval. The 

number of occurrences of these discrete events over time, that is, system failures, is 

generated by a Poisson process. The author considers two types of Poisson processes: 

homogenous and non-homogenous Poisson processes. The former assumes a constant 

rate of failure and independent and exponentially distributed time between failures, as in 

the previous chapter, whereas the rate of failure with the latter is time-dependent. With 

the prospect of worsening climate conditions and socio-economic changes, one can 

reasonably assume that the rate of drought-induced power system failures is time-

dependent. Also, the time between failures due to drought are hardly independent and 

identically distributed as regions with more frequent drought are often left with increased 

competition for the resource and hence intensified stress level. In some cases, however, if 

the thresholds are extreme enough, the time between these failures can be so distant that 

an assumption of independence can be reasonable (Cebrián and Abaurrea 2006) (Bekera, 

Francis, and Omitaomu 2014). As a result, our risk model uses the non-homogeneous 

Poisson process (NHPP). Third, the author needs to make an assumption that the water 

body from which the power plants satisfy their cooling needs is adequately replenished 

(i.e., minimally repaired) following the end of a drought period and that the power plants 

immediately resume generating electric power. 

A thorough review of NHPP models, many of them used in software testing, was done by 

(Kuo and Yang 1996). NHPP models can be categorized in two groups with respect to 

mean number of occurrences of the events being considered: converging and non-
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converging mean occurrence models. The mean for converging mean occurrence models 

converges to a constant value as the age of the system under consideration approaches 

infinity. For non-converging mean occurrence models, the mean does not converge as the 

age of the system approaches infinity.  

4.2.3 Converging Mean Occurrence Models 

      Converging mean occurrence models assume a certain µ failures initially and that no 

additional failures are introduced after each minimal repair (Kuo and Yang 1996). Under 

these models, an analyst assumes that repairable systems, such as software, are minimally 

repaired after failure (Ascher and Feingold 1984). On the other hand, non-repairable 

systems are those retired after first failure. 

The Goel and Okumoto (1979) model is one of the models with converging mean 

occurrences.With this model time to failure due to bug i, Yi, is exponentially distributed 

with a parameter ,where for each i ,Y1…YN are statistically conditionally independent 

given  and N, the number of bugs generated by a Poisson process with mean, µ.  The 

mean number of failures to occur by time, t, M(t), for this model is then given by: 

 

  
M t( ) = m[1- exp(-ft)]             (11)

            
 

 

In general, with Yi ~f (t|α, β), and X representing the number of failures by time, t, we 

obtain: 

          X | E N ( )M t E E E X N F t F t                       (12) 

The density function can be of an Exponential, Pareto, Weibull or truncated two-

parameter extreme value distribution.  For such models, it can also be shown that, if α > 0 

and β >0, 
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  lim ( )

t
M t 


                  (13) 

These models are appropriate for systems with finite number of expected failures. While 

this maybe applicable in software reliability modeling, hydrological processes as well as 

withdrawals, on the other hand, are naturally continuous cycles where mean occurrence 

of water shortages is technically increasing over time.  

4.2.4 Unbounded Mean Occurrence Models  

      With these models, the expected number of failures is an increasing function of time 

and it can be shown that 

lim ( )
t

M t


                                                                                     (14) 

These models are used when additional failures may occur after each minimal repair. The 

Musa and Okumoto (1984) model with the following intensity function is one such 

model.  

( )m t
t







                (15) 

This rate of occurrence of failures function decreases with time, implying its applicability 

only to “happy” systems (Ascher and Feingold 1984)– those that certainly get better with 

time (Kuo and Yang 1996). This model would only be appropriate for drought 

occurrences if one anticipated water stress to decrease, perhaps due to extensive 

retrofitting of cooling technologies.  

In contrast, the intensity function of the Cox and Lewis (1966) model, as shown below in 

(16), increases with time when α > 0 and decreases when α < 0. The author expects 

thermoelectric droughts to recur more frequently in areas already under high water stress 

for the reasons already outlined above. This is increasingly true in areas where the 
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resource is already overstretched for a variety of uses and when higher greenhouse gas 

emissions scenarios are assumed in the future (Strzepek et al. 2010). 

( ) tm t e                  (16) 

In addition, the Duane process also known as the Power Law model (Duane (1964)) with 

intensity function: 

  m(t) =abtb-1                (17) 

and the mean function, 

0
( ) [ ( ) | , ] ( )

t

M t E N t m t dt t                     (18) 

can be used to model a “happy” system when 0<β<1 and a “sad” system when β > 1. 

Hypothesis tests can be used to determine if the Power Law or the Cox and Lewis model 

is more appropriate in the case of modeling thermoelectric drought occurrences. The 

probability of occurrence of n number of droughts at time t is generally given by: 

  ( )
( )

( ( ) )
!

n

M t
M t

P N t n e
n

                        (19)  

4.2.5 Cumulative Drought Loss                  
The damage, Q(t), accrued up to time t is modeled using a compound 

nonhomogeneous Poisson process.  

( )

1

Q( )
N t

i

i

t Q


               (20) 

Each Qi is an independent loss size per failure to the power sector (thermoelectric power 

generation facilities relying on the water source of interest). Loss herein is assumed to be 

given in terms of Megawatt-hours of curtailment amount. Then, Q(t) is the total loss due 
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to droughts to the sector up to time t. The costs Q1, Q2,…Qn are assumed to be 

conditionally independent given the occurrence times (Constantine and Savits 1996).  

Also, since Qi is independent of N(t), the expectation and variance of the cumulative loss 

take the following forms (Ross 2010): 

[ ( )] [ ( )] [ ]iE Q t E N t E Q                   (21) 

 
2[ ( )] [ ( )] [ ]iVar Q t E N t E Q               (22) 

 

Loss amount attributed to each failure is given by: 

m

ji ji

j 1

iQ A b


                    (23) 

where m denotes the number of power plants or stations relying on the same water body 

and (1,2,3... )i n . Curtailment amount (MWh) by power plant j due to drought event i is 

captured by𝐴ji, given that  

bji =
1 if power plant j  is affected by event i

0 otherwise

ì
í
ï

îï
          (24)      

This bji indicator is what makes the model scalable in case the water system under 

consideration involves multiple power plants (stations) relying on the same source for 

cooling purposes. It can also be adjusted to fit more localized site-specific assessments by 

fixing j to a specific number of such stations. In short, the model offers much needed 

flexibility and scalability as the scope of the water availability analysis varies. 

Curtailment amount depends, among other things, on degree of drought severity. Severity 

associated with each i, Si(in ft
3 

or gallons), is a function of the degree by which the water 

flow deviates (ft
3
/s) from the normal condition as depicted by the selected thresholds 
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reflecting quantitative as well as qualitative criteria for cooling water availability and the 

duration for which such a drought lasted.  

( ) ( )i i iS Deficit Duration                 (25) 

For streamflow-caused drought, flow deficit takes the value of average flow deviations 

for the duration of the shortage. But in the case of water temperature involvement as a 

possible cause, power plants are assumed to forgo all that they needed, which is 

represented by the maximum demanded flow rate for the duration of the drought. 

For the sake of simplicity, the author assumes that every power plant station dependent 

on the same water body under study is affected by a drought event; 𝑏ji becomes 1 for all j 

and i and: 

1

m

i ji

j

Q A


                                                         (26) 

We also assume severity burden, which will be in terms of volume of missing water, is 

distributed among the power plant stations proportional to their withdrawal with respect 

to total withdrawal by all power plants. Let uj be the proportion of severity allocated to 

plant j. Then the volume of missing water plant j has to bear, Vji, is given by: 

ji j iV u S
                                                                                   (27) 

Now, each power plant j, may consist of generation units of k cooling types (once-

through, wet-circulating, dry cooling etc.). If jkr   is the proportion of Vji that goes to 

type-k cooling generators of plant j, the actual volume missing to such generators is given 

by: 
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j

k jk jiV r V                  (28) 

Additionally, let k  represent the volume of water needed per MWh for type-k cooling 

system. This is often predetermined as per the technological advancement of the system. 

All the volumes can be assumed to be in Gallons or ft
3
. Loss to power plant j, due to i, in 

terms of Megawatt-hours of potential curtailment, is given by: 

           
j

k
ji

k k

V
A


                 (29) 

From (28) and (29), 

  
jk

ji ji

k k

r
A V



 
  

 
                                     (30) 

From (27) and (30),
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r
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
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 
               (31) 

Lastly, from (26) and (31) 

jk

i i j

j k k

r
Q S u



 
  

 
             (32) 

Severity of droughts (Si) is modeled as an uncertain quantity. Based on historical 

streamflow and water temperature data, and having executed the framework in Figure 9, 

a series of severity values can be obtained. Assuming these values are realizations of a 

random variable, Si, the best probability distribution fit can be identified through a 
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goodness-of-fit test to represent our uncertainty about drought severity. In the previous 

chapter, we have shown that the Lognormal and General Pareto probability distribution 

are suitable candidates for duration and deficit modeling under extreme scenarios 

(Bekera, Francis, and Omitaomu 2014). This evokes use of relatively more recent 

streamflow and water surface temperature data. Past data in general may not be an ideal 

way to predict future drought severity because the future might turn out to be worse than 

depicted in historical patterns. But realistically, although our understanding of climate 

processes has improved, much remains unknown about the effects of climate change on 

the operations and managements of water-reliant systems-particularly because socio-

economic changes only further convolute this process (Gleick 1986). The author, 

therefore, suggests modeling the probabilistic characteristics of drought severity through 

relevant historical data and sensitivity analysis.  

4.3 Loss Model Demonstration 

Application of this model is demonstrated for two power plants on the White River, 

Indiana:  Frank E. Ratts and Petersburg. Ratts has a nameplate capacity of 233.2 MW 

while Petersburg has a nameplate capacity of 2146.7 MW. Ratts has two generation units, 

each with 116.6MW, and Petersburg consists of four units with 670.9MW, 281.6MW, 

523.3MW and 670.9MW (US EIA 2013).  

To compute the monthly production levels shown in Table 5, EIA’s monthly generation 

data 2010-2014 are used (US EIA 2015a). They are averages for each month over the 

years. In case monthly variability is of concern, more stringent quantiles maybe used 

instead of the averages. With the exception of October and December where the 2013 and 

2014 data is missing, all are averages of five values from each year in 2010-2014. 
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Monthly production freshwater withdrawals are obtained in a similar fashion using 

annual environmental information data from 2010-2012 (US EIA 2015b). The sum of the 

ft
3
/s columns gives us the total monthly flow rates required by all power plants combined 

for each month. This is then used as the threshold, RF, along with the State of Indiana’s 

maximum summer temperature (32.2
0
C) for surface waters, to determine if any given day 

qualifies as a thermoelectric dry spell or not.  

Table 5. Average monthly MWh produced and rates of fresh water withdrawals by each generation    

stations 

   Frank E. Ratts Petersburg 

Month Produced

, MWh  

Withdrawn Produced

, MWh  

Withdrawn 

  Million 

Gallons 

Per 

Month 

ft
3
/s   Million 

Gallons 

Per Month 

ft
3
/s  

1 102031 278 13.89 975271 631 31.51 

2 73955 264 14.57 910136 647 35.76 

3 80951 236 11.80 906082 560 27.94 

4 41028 236 12.16 665244 470 24.25 

5 46929 287 14.33 929887 573 28.59 

6 60205 290 14.97 897147 602 31.04 

7 87403 358 17.84 955552 640 31.94 

8 74255 285 14.23 954620 667 33.27 

9 39037 192 9.91 830180 615 31.69 

10 49829 170 8.46 823610 668 33.34 

11 42784 212 10.94 833099 570 29.40 

12 62952 228 11.39 965709 671 33.51 

 

Note the highest combined withdrawals in February (45.4 ft
3
/s) and July (49.8 ft

3
/s), 

representing the times of the year with greatest demand for electricity. It would be 

misleading to use the same withdrawal amount to evaluate water availability in April, 

where the author sees the lowest demand with that of July. Although the difference 
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between the lowest and highest combined withdrawal months in this particular case is not 

strikingly significant, the author noted a stark contrast when data from other stations were 

explored. 

Having determined our cutoff points, we can now execute an algorithm to implement the 

drought characterization framework presented in Figure 9. Daily streamflow (ft
3
/s) and 

water temperature time series data spanning 1/1/1970 to 11/12/2014 is obtained from the 

U.S. Geological Survey (USGS) Station 03354000, White River, near Centerton, Indiana. 

Although in a different County than the power plants, this station is the only one on 

White River with the requisite data.  

Executing the framework, we first obtain a list of detected drought occurrence times as  

shown in Table 6. The arrival times (in years) since beginning of the data series are: 1.60, 

6.66, 6.92, 7.52, 11.02, 12.70, 13.57, 15.73, 17.65, 18.44, 18.95, 19.54, 24.67, 25.67, 

27.76, 29.56, 37.74, and 42.49. The twelfth occurrence is due to over threshold water 

temperature (WT) while all the rest are solely due to less than adequate streamflow (ST). 

Assuming the occurrences are according to a homogeneous Poison Process, the author 

performed hypothesis tests to see if there is any reason to believe this process is better 

modeled with power law or log linear (a special case of the Cox and Lewis) model. At 

10% significance level, a Laplace test (see equations 5 and 6) for Log Linear model 

indicates the author can’t reject the null hypothesis that this process could have been 

generated with a homogenous Poisson processes. However, a 
2
 test (see equations 7 and 

8) leads us to reject the null hypothesis and hence suggests the possibility that droughts 

are generated by a power law process. The author then fitted this model to our occurrence 
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times, using the Maximum Likelihood Estimation method, and obtained β=0.9666 and α 

= 0.4801. The Cramer von Mises goodness-of-fit test (Crow 1975) produces a P-value of 

just above 10%. At a significance level of less or equal to 10%, we may still fail to reject 

that the Power Law model is a good fit to the detected arrivals. Such a low P-value may 

not suggest strong evidence for the goodness of the model. In addition to the formal test, 

a visual inspection is performed with the notion that arrival times I
0
, I

1, 
I
2
… I

n
 are of 

NHPP with the mean function, M(t), if and only if, A
0
 = M (I

0
), A

1 
= M (I

1
)
 , 

A
2
= M 

(I
2
)…A

n
= M (I

n
)  are points from HPP with rate one. This means, the inter-arrival times, 

M (I
0
), M (I

1
) –

 
M (I

0
), M (I

2
) –

 
M (I

1
)… M (I

n
) –

 
M (I

n-1
) must be realizations from 

exp(1) (Krishna 2015). Using the eighteen arrival times, we obtain the A
i
s using the fitted 

Power Law model. Then an exponential distribution fit to the inter-arrival times results in 

the rate of 0.98 ≈ 1. Also, the probability plot below (Figure 10), with almost all the 

points on the straight line, also suggests the exponential distribution is a very good fit. 

Hence, combining the result from the formal test with this eyeball test, the author decided 

to proceed with the power law model. 
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Figure 10. Probability plot of an exponential distribution fit to inter-arrival times obtained based on fitted 

shape and scale parameters of the power law model. Nearly all the points are situated on the straight line, 

meaning the exponential distribution fit is a very good one. Hence, use of the power law model to model 

arrivals is justified. 

Noting that the MLE fits to the shape and scale parameters are based on a single 

realization of the arrival process, the author simulated the NHPP and calculated the 

probabilities that there are a certain number of occurrences by t=50 years. One can 

interpret the distribution function in Figure 11 below as representation of the probability 

of observing n number of thermoelectric drought occurrences 50 years into the system’s 

lifetime. In each case, the loss level also varies and incorporating this uncertainty is 

necessary in a subsequent loss model.  
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Table 6. Results from implementing the characterization framework. The count column refers to the n
th

 

drought event arrival or detection. Onset time, termination time, duration, severity, cause and time to 

arrival of each drought event makes up the rest of the columns. Cause of a drought is lowflow (SF) or high 

water temperature (WT). 

Count 

  

Begun 

  

Ended 

  

Duration, 

days 

Severity, 

Million 

Gals 

Cause 

  

Arrival time,  

Days 

1 8/8/1971 12/5/1971 119 459 SF 585 

2 8/26/1976 10/12/1976 47 199 SF 2430 

3 11/30/1976 2/12/1977 74 386 SF 2526 

4 7/6/1977 9/8/1977 64 415 SF 2744 

5 1/3/1981 2/10/1981 38 185 SF 4021 

6 9/11/1982 11/20/1982 70 240 SF 4637 

7 7/24/1983 10/20/1983 88 600 SF 4953 

8 9/21/1985 11/10/1985 50 136 SF 5743 

9 8/22/1987 11/25/1987 95 634 SF 6443 

10 6/6/1988 11/4/1988 151 1259 SF 6732 

11 12/8/1988 12/23/1988 15 70 SF 6917 

12 7/12/1989 10/1/1992 1177 37870 WT 7133 

13 8/26/1994 11/27/1994 93 747 SF 9004 

14 8/27/1995 12/18/1995 113 733 SF 9370 

15 9/28/1997 11/15/1997 48 120 SF 10133 

16 7/15/1999 2/12/2000 212 1852 SF 10788 

17 9/17/2007 11/11/2007 55 81 SF 13774 

18 6/17/2012 9/1/2012 76 316 SF 15509 

 



71 
 

 

 

Figure 11. Simulated NHPP and probabilistic representation of the number of thermoelectric drought 

occurrences. 

 

To mathematically express the loss, let j ∈ {1, 2}, where j=1 represents Petersburg 

Station and j=2 stands for Frank E Ratts Station. Two cooling types predominantly 

applied in thermoelectric power stations are known as once-through and wet-circulating 

cooling. With once-through, water withdrawn directly from a river or a nearby source in 

large volumes passes through a condenser and is returned to the source after absorbing 

the heat from steam that drives turbines to generate electricity. Wet-circulating cooling 

systems often pump up heated water to a tower where it is exposed to ambient air. The air 

cools down some of this water while the rest is lost to evaporation. The now cooled water 

is returned to the condenser where it will be reused in cooling the system (Yang and 

Dziegielewski 2007). The author represent once-through cooling with k=1 and 

recirculating with forced draft cooling towers (k=2). Both types are used at Petersburg 
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Station while only once-through is applied at Frank E. Ratts station. Based on this 

description and equation (32):    

   

1 1 2 2

1 11 2 21 1 12 2 22

1 1 2 2
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Table 7. Monthly proportions of total water withdrawal by a station. The proportions of withdrawals are 

mostly within the vicinity of 70% by the Petersburg station (u_1) and 30% by the Frank E. Ratts station  
(u_2). 

Withdrawals, ft
3
/s 

Month 1 2 3 4 5 6 7 8 9 10 11 12 

Petersburg 31.5 35.7 27.9 24.3 28.6 31.0 31.9 33.3 31.7 33.3 29.4 33.5 

Frank E. 

Ratts 13.9 14.6 11.8 12.2 14.3 15.0 17.8 14.2 9.9 8.5 10.9 11.4 

Proportions 0.70 0.71 0.70 0.67 0.67 0.67 0.64 0.70 0.76 0.80 0.73 0.75 

 

0.31 0.29 0.30 0.33 0.33 0.33 0.36 0.30 0.24 0.20 0.27 0.25 

 

Table 8. Petersburg station withdrawal proportions by cooling type. The proportions are nearly consistently 

96% for once-through and 4% for recirculating cooling types throughout different months of a year. 

Petersburg Withdrawals, ft
3
/s 

Month 1 2 3 4 5 6 7 8 9 10 11 12 

Total 631 647 560 470 573 602 640 667 615 668 570 671 

Once-

through 605 629 542 452 555 584 622 649 597 654 552 654 

Recircu- 

lating 27 26 24 27 26 26 26 26 23 19 23 26 

r11 0.96 0.96 0.96 0.94 0.95 0.96 0.96 0.96 0.96 0.97 0.96 0.96 

r12 0.04 0.04 0.04 0.06 0.05 0.04 0.04 0.04 0.04 0.03 0.04 0.04 
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As shown in Table 7, the proportions of withdrawals are mostly within the vicinity of 

70% by the Petersburg station (𝑢1) and 30% by the Frank E. Ratts station (𝑢2). The 

author will use this information to update our loss function in (33). Table 8 looks at the 

proportional contributions of power generation units with certain cooling types to the 

total amount withdrawn by the station. This corresponds to the variable jir  in the loss 

model. For Peterson Station, the proportions are nearly consistently 96% ( 11r ) for once-

through and 4% ( 12r ) for recirculating cooling types throughout different months of a 

year. 

Therefore,  

   
1 2

1 2

1 1
  = (0.7( 0.3 0.7(0.04

0.972 0.

0.96

028
    

)i i

i

Q S

S

 

 

 
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 

 
  

 

            (34) 

It should be noted here that the author assumed missing water amount due to drought is 

distributed among the stations proportional to their contribution to the total amount of 

fresh water withdrawn. This may not be the case in practice but one would only have to 

change the proportions if one or more stations are determined to be more susceptible or 

responsible than others. As for the amount of water needed by per MWh ,ɛ1 and ɛ2 ,water 

withdrawal factors for fuel-based electricity generating technologies can be found in 

(Macknick et al. 2012). For coal power plants with generic once through cooling systems, 

36,350 gal MW
-1

h
-1

, 20,000 gal MW
-1

h
-1

, and 50,000 gal MW
-1

h
-1

 are the median, 

minimum and maximum withdrawal factors and the corresponding values for 
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recirculating with forced draft cooling towers are 1005 gal MW
-1

h
-1

, 500 gal MW
-1

h
-1

, 

1200 gal MW
-1

h
-1

. The author represents uncertainty about ɛ1 and ɛ2 with a triangular 

distribution. Since this is just a demonstration of how the proposed mechanisms might be 

used, we place the median instead of the mode, essentially assuming symmetry in the 

triangular distributions. Also, Si, ~ lognormal (meanlog = 6.0818, sdlog =1.394), as 

lognormal distribution was found to be the best fit to the empirical data resulting from 

implementing our framework. The lone water temperature-induced drought has the most 

pronounced effect in that when is excluded an exponential distribution happens to be a 

better fit. The author also considered modeling Si, with the exponential distribution to 

illustrate potential effects of water quality on the loss due to drought.  

Simulation of the cumulative drought loss, Q (t), is shown in Figure 12, both when Si is 

sampled from the lognormal and exponential distribution. This is performed for t=50 and 

values of N(t) ranging from 0 to 40. The cumulative probability corresponds to

 0( )5P N n . But the same probabilities may correspond to several loss estimations as 

evidenced by different simulations. This is not unexpected given all the author has seen is 

one realization of the joint time series. It would be possible for a slightly different series 

to manifest if the entire process of drought arrival were to be repeated. As decisions, 

however, have to be made even in such uncertain situations, one may need to make sense 

of the simulated results by creating scenarios in which a maximum of n droughts are 

expected per time. The boxplots in Figure 13 below communicate quantile levels of 

expected loss in terms of power loss when a maximum of 10, 15, 20 and 25 recurrences 

of cooling water shortages are anticipated. Notably, the loss with log normally distributed 

severity is much higher its exponential counterpart. The contrast highlights the loss effect 
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of considering streamflow and water temperature jointly instead of just a quantity-based 

drought characterization. 

 

Figure 12. Simulation of cumulative drought loss to the power plants. To the left is the cumulative 

loss when Si is sampled from the lognormal, and to the right the samples are from exponential 

distribution. Different colors indicate different simulations of the NHPP and hence the compound 

NHPP. 
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Figure 13. Quantile levels of loss for N(50)≤10, N(50)≤15, N(50)≤20, N(50)≤25 scenarios along 

with their  respective probabilities. Black boxplots assume lognormal distribution for severity and 

gray assumes exponential distribution. The loss with log normally distributed severity is much 

higher than its exponential counterpart. 

With this approach, not only can the author generate multiple scenarios, but can also 

associate each with a probability value to represent out uncertainty. The author is able to 

characterize drought vulnerability in terms of different plausible scenarios, their 

likelihoods and their significance in terms of loss to the electric power generation reliant 

on the same water system. This can inform assumptions during design and management 

of storage systems, evaluation of performance of mitigation strategies under diverse set 

of scenarios, modeling of and planning for potential blackouts and eventually enhancing 

grid reliability.  
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4.4 Chapter Summary and Discussion 

Three key ideas are addressed in this chapter. The author first outlined how water 

availability can be characterized from the point of view of water-thirsty power stations. 

The proposed characterization framework adapts to potential regulatory variations 

stemming from concerns pertinent to quality and quantity of water. These concerns can 

be directly reflected with one or more of the thresholds. The framework is also 

generalizable as the cutoffs, persistency criteria, and other assumptions can be tailored to 

fit regional water stress profiles and regulatory policies which tend to vary from place to 

place. Secondly, the author presented a simple and computationally inexpensive drought 

loss assessment model and demonstrated its use in informing relevant decisions in water 

resource management and thermoelectric drought loss assessment to the electric power 

sector. With only streamflow and water temperature time series data, computationally 

less intensive yet informative drought risk quantification can be performed and used to 

characterize a given geographic region’s vulnerability to drought. This becomes 

important in future power capacity siting where rigorous assessments are needed before 

too many resources are invested in risk mitigation planning based on anticipated drought 

risk. Additionally, the model, both implicitly and explicitly, incorporates various factors 

affecting thermoelectric drought in a relatively concise and practically feasible fashion. 

Effects of climate change can be captured through the properties of water temperature 

and streamflow. Socio-economic and demographic effects can ideally be captured with 

the proportion of total water legally made available for withdrawal. While updating the 

loss model with respect to projections of climatic and socio-economic factors will be 

done in future work, the proposed framework and resulting model can theoretically 

accommodate such changes. Thirdly, this study allows for a probabilistic drought 
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vulnerability representation and hence provides risk-based information for decision 

makers. This is in contrast to the prevailing approaches, discussed in chapter 2, where 

non-probabilistic estimates of anticipated scenarios are used in quantifying and 

communicating drought risk with respect to the power sector. This primarily helps to 

uncover and layout a range of plausible thermoelectric drought scenarios along with their 

likelihoods and significance given they manifest themselves.  

The approach proposed maybe useful for inferring site suitability or lack thereof by 

informing about future water stress levels and permitting evaluations of alternative 

locations. It may also pave the way for further higher-order effects analysis to determine 

vulnerabilities to all other infrastructure systems highly intertwined with energy. From 

the energy infrastructure perspective in general, it may become useful in 1) selection or 

screening of sites suitable for a particular power plant deployment 2) development of an 

appropriate set of long-term risk mitigation strategies 3) identification of areas 

susceptible to recurrence of severe drought and initiating further regional socio-economic 

vulnerability analysis and 4) risk-informed policy decision making.  
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Chapter 5: Bayesian Framework for Probabilistic Thermoelectric Drought Risk 

Assessment 
3
 

5.1 Chapter Overview 

The previous chapters addressed drought characterization and formulation of 

statistical model for probabilistic expression of drought risk to a thermoelectric power 

generation system. This chapter provides a method that allows projecting drought risk to 

thermoelectric power systems and performing drought loss uncertainty analysis in light of 

plausible changes to exogenous factors. The chapter addresses three key aspects in 

thermoelectric drought risk assessment. First, it addresses significance of uncertainty in 

thermoelectric drought risk representation. It explains that continuous improvement of 

our knowledge and understanding of drought risk to power plants demands a method to 

incorporate new evidence into thermoelectric drought risk assessment framework. 

Second, it extends the basic idea of representing vulnerabilities, not only in terms of 

magnitude but also likelihood, to allow for incorporating new evidence and updating our 

knowledge and understanding of the risk. In addition, it presents a statistical time-

dependent risk analysis approach allows for life cycle climate risk assessment. Thirdly, 

the study demonstrates, using AgenaRisk, implementation of our proposed contributions. 

5.2 Water Supply Stress Projection 

As evidence continues to accumulate that climate change-induced disruption to 

critical services and supplies, such as health, energy and transportation is imminent, one 

of the most pressing current issues is ensuring critical infrastructure resilience and 

                                                           
3 Bekera, Behailu B., and Royce A. Francis. 2015. “Bayesian Framework for Probabilistic 

Thermoelectric Drought Risk Assessment.” Reliability Engineering & System Safety, 

August. (Under Review) 
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reliability. But achievement of this faces operational and strategic uncertainties. Failure 

to incorporate uncertainties may lead to underestimation of potential impacts and their 

likelihood, resulting in poor decision-making in design, operation and maintenance of 

critical infrastructure. As water resources are strained further due to growing population, 

economy and varying climate, understanding the extent of potential risk becomes a 

profoundly valuable input to producing actionable information. However, understanding 

the vulnerabilities and devising a prediction mechanism for drought is fraught with many 

problems due to involvement of interdependent and intertwined social, economic, 

environmental, political, and technological factors. Population explosion causes upsurge 

in energy demand, meaning that either more fresh water would be needed to raise 

efficiency of existing power plants during peak hours or additional power plants with 

hopefully advanced and more water-efficient cooling technologies need to be added to 

the existing pool. The effect of climate change on precipitation and temperature and 

hence on water availability is far from being fully understood, especially considering the 

vast range of potential CO2 emission scenarios. Moreover, policy makers may not always 

act with a desirable sense of urgency and if and when they do, they could ease restrictions 

or toughen up rules on fresh water withdrawals. Combined effects of these social, 

economic and political phenomena create hosts of possibilities when it comes to fresh 

cooling water availability and therefore on potential impact to the energy sector in the 

event that water resources strained.  

This chapter presents a Bayesian Belief Network (BBN)-based implementation of a 

drought risk assessment model elaborated in the previous chapter and in Figure 9. The 

BBN extension of the framework allows for updating uncertainties about drought 
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occurrence, severity and subsequent loss to electric power systems in light of socio-

economic, political, technological and environmental changes. This approach is selected 

for two main reasons. First, the approach itself is less data intensive compared to more 

advanced techniques such as those based on machine learning techniques. It requires little 

to no data to begin pertinent risk analysis. This is significant because there are only a few 

locations with reasonably long record of both streamflow and water temperature data. 

Second, using this approach to update uncertainty about the parameters determining the 

frequency of the lowflow and/or extreme heat periods does not necessarily require 

forecasting of the entire streamflow and water temperature time series into the future. 

Eliciting information as to the frequency of the drought periods would be sufficient. Note 

that we are primarily interested in the time periods of extremely low water flow or 

extreme heat. Even in the absence of any data, it would be much easier to elicit 

information about the frequency of such lowflows or extreme situations than forecasting 

a complete series at a reasonable temporal resolution.   

With the BBN based approach, we can address three facets of risk analysis: identifying 

potential scenarios, capturing probabilistic uncertainty and estimating subsequent losses, 

given the scenarios manifest themselves. Under some assumptions reflecting a decision-

maker’s subjective expectation of changes to thermoelectric drought determinants, this 

study demonstrates how to generate actionable information based on what is already 

known and also provides the flexibility to absorb additional evidence that reduces 

uncertainty over time. 
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5.3 Objectives and Specific Aims 

The objective in this chapter is, therefore, to demonstrate an integrative approach 

linking thermoelectric drought characteristics, such as severity and rate of occurrences, 

with cooling water availability’s demand and supply-side determinants. It provides a 

method that allows projection of drought risk to thermoelectric power systems and to 

perform drought loss uncertainty analysis in light of socio-economic, political, 

technological and environmental changes. More importantly, by considering both 

demand factors, such as population growth driving up the amount of fresh water 

withdrawals, and supply factors, such as climate change affecting natural streamflow, of 

water availability and their possible interactions, this study aims to present a pragmatic 

water resource management approach that helps to improve quality of short-term 

operational and long-term adaptive, mitigation and investment decisions surrounding 

thermoelectric power infrastructure. Thus, this section of the study is motivated by the 

following two specific aims: 

 Projection of time-dependent thermoelectric drought occurrence rates along with 

resulting impacts due to changes in socio-economic, political, technological and 

environmental determinants of thermoelectric drought characteristics. A number 

of scenarios, based on assumptions about one or more of these determinants are 

established; and previously developed thermoelectric drought assessment 

framework, based on water temperature and streamflow, will be implemented to 

detect thermoelectrically dry periods. 

 Proposition of a BBN framework that enables us to absorb information about 

detection times of the dry periods and update the uncertainty about thermoelectric 

drought detection rate and hence loss to thermoelectric power systems. 
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5.4 Bayesian Network Representation of Thermoelectric Drought Risk Assessment 

5.4.1 Analytical Bayesian Inference 

Part of the TDRAM is a nonhomogeneous Poisson process where rate of occurrence 

of failures (drought-induced power curtailment or shutdown of a power station) is 

modeled with a time-dependent function. The TDRAM, as it is so far, uses a Maximum 

Likelihood Estimate (MLE) method to estimate parameters of the rate function. However, 

this method requires availability of sufficient data, which we usually don’t have as 

droughts tend to be rare events. Also, the rate surrounding such events tends to be highly 

uncertain, meaning that MLE may give false sense of certainty and hence mislead to risk 

underestimation. This is where the contributions of this chapter make the biggest impact. 

Its basic purpose is to present a way to represent initial uncertainties about the 

parameters, continuously incorporate new evidence as it becomes available and update 

the degree of uncertainty over time. Continuous learning of the scale and shape 

parameters, as indicated in Figure 14 below embodies the essence of this study. This will 

not only update the uncertainty about the rate parameters, but also eventually provides 

more up-to-date representation of the expected magnitude and likelihood of subsequent 

losses.  
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Figure 14. Updated thermoelectric drought risk assessment framework (TDRAF). Based on a time series 

streamflow and water temperature data and streamflow and water temperature threshold, persistent 

thermoelectrically dry periods are identified. For each such period, time of arrival since the beginning data 

point is recorded as is the severity associated with each period. Each arrival/detection time is used to update 

uncertainty about the shape and scale parameters of the rate of occurrence model. A probability distribution 

is fitted to the collected severity information. This distribution along with the rate of occurrences is 

combined into a loss model. 
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Previous chapters identified two recommended rate of occurrence functions (ROCOF) for 

the nonhomogeneous Poisson process (NHPP). These are the Cox and Lewis (1966) and 

Duane (1964) Power Law model.  These models are capable of handling both decreasing 

and increasing rates of occurrences. The ROCOF at a system’s lifetime time t, m(t), for 

the Power Law model is given  in (17), the mean function in (18) and the probability of 

occurrence of n number of droughts at time t is generally given by (19). By eliciting 

information from subject matter experts, it is possible to capture potential uncertainty 

surrounding α (scale) and β (shape) parameters. This would have two advantages 1) it 

allows risk assessment even in absence of observed data 2) it serves as a starting point in 

the process of incorporating new evidence to improve certainty about the likely values 

the parameters can assume. To demonstrate the BBN later, we will assume uniform priors 

and use historical arrival times for the updating the uncertainties. But in the event subject 

matter experts are consulted and any prior knowledge about these parameters is used, a 

gamma prior is typically used for α as in Mazzuchi and Soyer (1996), 
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and the prior for the shape parameter, β, is commonly defined as a discretized beta 

distribution (Soland 1969) (Mazzuchi and Soyer 1996).   
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Once the parameters c, d, βL, βU are specified, the discrete probability of β is given by 
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where 
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  and =  for i=1,2,...k.
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The beta distribution is known to offer great flexibility in quantifying prior uncertainty; it 

is an ideal prior for modeling prior uncertainty about the shape parameter. 

One way to initialize the prior distributions is by considering time to first failure. It is of 

particular importance as it permits a simpler way of estimating the starting values for the 

parameters of the prior distributions. The probability of the time to the first arrival (T1), 

that is, the probability there are still no occurrences, can be expressed using (19) as 

follows: 

1
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P t t
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Note that 
1e
t 

is the reliability function for the Weibull probability distribution. Based 

on this idea, probability density of T1 is given by: 
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Rewriting (14), we obtain: 
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And from the properties of Weibull distribution, the expected time to first occurrence is 

given by 
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From equation (35) and (36) we now know that α~ Gamma (a,b) and β ~Beta (c,d,βL ,βU). 

As shown in Appendix C,   
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From Appendix D,  
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Parameters of the prior distributions can be determined by eliciting best guess values and 

uncertainty intervals about time to first occurrence and equating them with (43) and (44) 

respectively. 

With additional arrivals, suppose we have t0,t1,t2,t3 …tn. The likelihood function of a 

NHPP, the probability of observing the arrival process, with the rate in (17) is given by: 
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Given the data, t0,t1…tn, the updated posterior distribution describing the uncertainty 

about model parameters is given by  (see Appendix E for detailed formulation): 
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(35)-(46) are particularly important when informed priors are used. But because we have 

sufficiently long historical record, we used uniform priors in the next section and 

continuously updated the uncertainties. Nonetheless, the above formulations are useful 

when no sufficient data are available and initial values of the parameters need to be 

elicited. 

5.4.2 Bayesian Belief Network 

A Bayesian Belief Network (BBN) consists of a set of nodes of random discrete or 

continuous variables and directed arcs between them, representing causal or influential 

relationship. Its primary purpose is to facilitate representation and reasoning with 

uncertainty (Lam and Bacchus 1994). When posterior distributions, such as the one in 

(46), are of no known form, sampling from it analytically becomes difficult. Bayesian 

Belief networks alleviate this by computing joint probability of all involved variables, for 

a particular instantiation, as a product of conditional probability of each variable given 

their direct predecessors in the network (Cooper 1990). Among hosts of software 

packages for constructing belief networks, we chose AgenaRisk for its ability to handle 

dependence among continuous variables and greater accuracy.  
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Figure 15. Bayesian Belief Network for NHPP parameter learning. A uniform prior is used to initiate the 

shape and scale parameters. Multiple arrivals, each with (t, N(t)), can be used to update uncertainty 

surrounding the parameters.  

Above, Figure 15 shows condensed version of BBN representation of TDRAM. Arrivals, 

denoted by the N(t) and corresponding t nodes in the BBN, can each have their own 

nodes, because of the software’s ability to handle dependence among continuous 

variables. As a result the conditional probability tables will not get too complex despite 

the dependence.  

No arc is needed between observation nodes, N(t_1) and N(t_2) for instance, because 

given the arrival times; N(t_2) would be a constant. We also performed a two-step 

procedure to verify the BBN. First we simulated arrival times from a Power Law Process 

with arbitrary α and β; and second, we used the arrival times to update the parameters in 

the BBN, starting out with uniform priors, and the expected values of α (0.725) and β 

(1.784) from the BBN, shown in Figure 16, were found to be converging towards those of 

the simulation. In addition, we simulated 20 arrivals times from a Homogeneous Poisson 
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Process (HPP) with inter-arrival times, Xi ~ exp (0.2). When β = 1, the BBN in Figure 16 

becomes that of a HPP. With a prior, α ~ gamma (1, 0.4) and β = 1, we feed the twenty 

arrival times into the BBN, as shown in Figure 17. Note the bell-shaped graph of the 

alpha posterior distribution, with mean=0.23 and standard deviation= 0.016. We compare 

this distribution with analytical results to verify our BBN. Because the gamma prior is 

conjugate to the exponential sampling distribution, we know the posterior, α| X1,X2… Xn ~ 

gamma (1+n, 0.4+
1

n

i

i

x


  ). Since n=20, the mean of gamma (21, 89.49), which is plotted 

as in Figure 18, is 0.235 and standard deviation= 0.051.  By way of visual inspection, the 

shape of the alpha graph on the BBN closely resembles the analytical graph below and 

the averages are also approximately the same. Not surprisingly, slight variations in the 

standard deviations exist, owing to a rather a frugal sample size of just 20 sample arrival 

times. Overall, the BBN has successfully been verified and can now be used for the 

uncertainty analysis with respect to TDRAM.  
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Figure 16. Bayesian Belief Network for estimating parameters of NHPP. Thirty, forty and fifty arrivals are used to show the progression in the   

parameter learning process. First we simulated arrival times from a Power Law Process with arbitrary α and β; and second, we used the arrival times 

to update the parameters in the BBN, starting out with uniform priors, and the expected values of posterior of α (0.725) and β (1.784) from the BBN 

were found to be converging towards those of the simulation. 
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Figure 17. Bayesian Belief Network for estimating parameters of HPP. We simulated 20 arrivals times from a Homogeneous Poisson Process (HPP) 

with inter-arrival times, Xi ~ exp (0.2). When β=1, the BBN in Figure 16 becomes that of a HPP. With a prior, α ~ gamma (1, 0.4) and β=1, we feed the 

twenty arrival times into the BBN. The bell-shaped graph of the alpha posterior distribution, with mean=0.23 and standard deviation= 0.016 is compared 

with analytical results to verify our BBN. 
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Figure 18. Analytically obtained posterior distribution of alpha, the rate parameter of HPP. 

5.4.3 Basis for Future Thermoelectric Drought Risk Scenarios 

Determinants of water availability can be classified as demand and supply-side 

factors. The demand-side factors arise from various needs for which water is withdrawn 

from a nearby source. Such uses range from domestic, livestock and public supply to 

withdrawals for agricultural, industrial, and thermoelectric power generation purposes. 

Recent instances of diminished water supply across the globe, for example, have been 

heightened by rising demands for these other uses (A. Mishra et al. 2007). The supply-

side factors are those that influence inflow of water to streams due to a natural process. 

Sea surface temperature, precipitation, humidity, evaporation, atmospheric circulation 

patterns and drought related indices are among the major variables often considered in 

the supply-side category. Many of the forecasting methodologies reviewed in chapter 2 

often focus on one or two aspects of these supply-side factors. Similar approaches are 

commonly followed in order to support reservoir management (Georgakakos et al. 2005), 

study impacts of climate change on drought characteristics (Stahl and Demuth 1999) 

(Blenkinsop and Fowler 2007) (Chun et al.2013) and assess implications of future water 
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unavailability to a given infrastructure. With respect to thermoelectric droughts, much of 

the forecasting so far is focused on estimating future water withdrawals as in (Shuster 

2007) and consumption (Diehl et al. 2013), obtaining projections of additional energy 

needs due to air-conditioning (Sailor and Pavlova 2003) and assessing potential economic 

loss attributable to climate change. While most of these approaches suggest innovative 

methods to address certain drought risk management issues, they have overlooked the 

interaction between demand and supply factors of drought characteristics, which is 

critical in subsequent risk uncertainty analysis. For instance, a climate-induced drought 

duration and severity could be intensified by increases in population, which in turn causes 

non-thermoelectric water needs to go up and hence reduced chances of sufficient water 

availability for power generation purposes. Frequency of drought, as defined here, can 

also be exacerbated by human interference motivated by increasing competition among 

various uses for which water is withdrawn from the same source.   

The following three scenarios are constructed based on plausible assumptions about 

impact of 1) climate change 2) population growth 3) technological advancement 4) 

changes to regulatory policies and 5) changes to future energy demand. Water supply 

may also be positively affected by water desalinization (Elimelech and Phillip 2011). As 

of 2005, about 70% of the thermoelectric water withdrawals are fresh water while the 

remaining is saline4. Where possible and relevant, desalinization should be considered as 

an additional factor in constructing the scenarios. It should also be noted that the 

scenarios below are primarily developed to demonstrate implementation of the BBN 

extension to the framework. They are by no means an exhaustive list. One can easily 

generate a different set of plausible scenarios by varying assumptions about the factors. 

                                                           
4
 http://water.usgs.gov/edu/wupt.html 
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The loss estimations are also specific to the case studies and scenarios. Different case 

studies or set of assumptions about potential factors may yield totally different risk 

profiles. Nevertheless, the intention here is that one would still be able to use the 

TDRAF, along with the BBN extension, for any such cases and scenarios, in order to 

develop risk profiles with respect to each scenario.  

Scenario 1: Short-term (< 10 years) population growth with no major technological 

breakthroughs in or retrofitting of cooling technologies.  

We assume the current trend in global warming and worsening climate situation to 

continue. We know population size is going to grow over time. For this scenario, 

however, we assume that the change in population size will not be large enough to 

warrant stricter regulatory policies. Drought events are then primarily driven by extreme 

heat or persistent lowflow incidences during peak energy demand months. This base-case 

scenario essentially leaves power plant operators to deal with drought situation either by 

occasionally purchasing more water rights or electricity from other utilities for higher 

than market prices.  

Scenario 2: Medium-term (> 10 years, < 30 years) population growth with no 

substantial retrofitting of cooling technologies 

As in the base-case scenario, current trends in climate and population change are 

expected to continue. But herein the population change leads to rising non-thermoelectric 

water uses and hence requires changes in regulatory policies. Increasing population will 

also likely raise energy demand and hence more power plants may come online. This 

situation can be represented by adding a power generation units within existing stations 

or a new power plant altogether.  
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Scenario 3: Long-term (>30 years) population growth with substantial retrofitting of 

cooling technologies 

This scenario differs from Scenario 2 in that: 1) it assumes all once-through cooling type 

power plants will be retrofitted with wet-recirculating types. This will significantly lower 

withdrawal levels by the power plants but will perhaps considerably escalate the amount 

of water lost due to evaporation; 2) Only half (50%) of what has been observed will be 

repeated due to the assumption of extreme climate change; and, 3) Now that much less 

cooling water is to be withdrawn the 15% proportion can be pushed back to 10% of what 

is available in the water ways. 

Table 9. Summary of all three plausible scenarios 

 Short-term  

(< 10 years) 

Medium-term 

(> 10 years, < 30 

years) 

Long-term 

(>30 years) 

Climate Change 

Impact 

Low Medium High 

Population 

Growth Impact 

Insignificant Significant  Significant 

Retrofitting None Inconsequential Substantial 

Regulation Stays the same 

as so far 

Relaxed to 

accommodate 

additional energy 

demand 

Back to where it was 

because of retrofitting 

Energy Demand Stays the same as 

so far 

Increases Increases 

Plausible 

Adaptation 

Method 

Purchasing more 

water rights or 

electricity from 

other utilities  

Additional power 

plants or generation 

units 

Improved water 

efficiency 

5.5 Results from BBN Representation 

Application of the thermoelectric model was demonstrated for two coal fired power 

plants on the White River, Indiana: Frank E. Ratts and Petersburg. Frank E. Ratts has a 
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nameplate capacity of 233.2 MW while Petersburg, which is located just 1 mile upstream 

from Frank E. Ratts, has a nameplate capacity of 2146.7 MW. Frank E.Ratts has two 

generation units, each with 116.6MW and use once-through cooling method. Petersburg 

consists of four units with 670.9MW, 281.6MW, 523.3MW and 670.9MW (US EIA 

2013). Petersburg uses both once-through and wet-recirculating methods. Also, as shown 

in Figure 19 about 80 miles upstream is a USGS gauging station from which historical 

water temperature and streamflow time series data are obtained. We make an assumption 

that thermoelectric drought characteristics at this station are indicative of cooling water 

availability at the power plants downstream.  

 

Figure 19. AES Petersburg and Frank E Ratts stations shown on the White River along with the USGS 

gauging station about 80 miles upstream. 

The loss model was derived and implemented in accordance with existing cooling 

technologies, and regulatory policies of the area. Herein, we demonstrate the BBN 
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extension of the model, for the purposes of facilitating continuous parameter learning in 

light of anticipated scenarios. 

Short-term (< 10 years) scenario 

This scenario, as summarized in Table 9, anticipates historical trends of water availability 

(or lack thereof) to continue with similar trajectory. Withdrawal demand remains as high 

as it has been because of no retrofitting; historical water flow largely remains the same; 

and regulatory policies are unchanged as the impacts of population growth in the short-

term are deemed minimal. As such, current surface water temperature limit (32.2
0
C) for 

Indiana and availability of typical 10% (Rodwell 2002; Mays et al. 2012) of total 

streamflow, for power generation purposes, and present withdrawal demands of the 

power stations are used to identify drought incidences from historical streamflow data for 

this location, as presented in the thermoelectric drought assessment framework in Figure 

9. The key assumption here is that the trend in the rate of occurrences of droughts, not 

necessarily the actual time series of streamflow and temperature, of the past will more or 

less persist in the short run. The drought incidences detected using the framework and 

inputs of unaltered historical streamflow and water temperature data are then used as 

inputs to the BBN in order to learn about the shape and scale parameters governing the 

underlying Power Law stochastic process from which the incidences or arrivals may have 

been generated.  In essence, once the scale (α) and shape (β) parameters are estimated, 

the rate of occurrence of drought in the short run is given by, m(ts) where ts is not more 

than 10 years ahead.  

Under this and the other two scenarios to follow, a uniform distribution is used to 

represent initial uncertainty about the shape and scale parameters of the Power Law 
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Process. The limits of the uniform distributions are carefully selected so as to avoid any 

bias on the final outputs. For the shape parameter a lower limit of 0 and an upper limit of 

4 or above are reasonable. For the scale parameter a very large upper limit is 

recommended. As shown in Figures 20a and 20b, the uncertainty is reduced significantly 

as more evidence is incorporated into the model in terms of historical observed drought 

arrivals using the BBN. The graphs are the posterior distributions of α and β at different 

stages of updating their uncertainty. As more evidence, in terms of the number of 

arrivals, is incorporated, the posterior probability distributions tend to be narrower and 

more peaked. The means converge toward certain values that are more representative of 

the rate that would generate similar drought arrival patterns. The corresponding standard 

deviations also show a declining trend as more arrival evidence is used to update the 

model. Table 10 below illustrates this fact more vividly. We learn more about the 

underlying arrival process determined by α and β, leading to improved probabilistic 

understanding of number of failures by time t.  
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Figure 20a. Probability distribution of α at different stages of updating.  The uncertainty is reduced 

significantly as more evidence is incorporated into the model in terms of historical observed drought 

arrivals using the BBN. The graphs are the posterior distributions of α at different stages of updating 

its uncertainty. As more evidence, in terms of the number of arrivals, is incorporated, the posterior 

probability distributions tend to be narrower and more peaked. 

 

 

Figure 20b.  Probability distribution of β at different stages of updating. The uncertainty is reduced 

significantly as more evidence is incorporated into the model in terms of historical observed drought 

arrivals using the BBN. The graphs are the posterior distributions of β at different stages of updating 

its uncertainty. As more evidence, in terms of the number of arrivals, is incorporated, the posterior 

probability distributions tend to be narrower and more peaked. 

 

Under this scenario, the expected power plants failures during the 10Year period reaches 

5.62 (see Table 11 and Figure 21). For this scenario, based on today’s average energy 

price in Indiana5, that is 8.29 cents/KWh, droughts can cause average loss of nearly $36 

million worth electric energy. This is obtained by using the following simplified version 

of equation (32), derived in the previous chapter (see equation (34)) for this scenario.  

1 2

0.972 0.028
 i iQ S

 

 
  

 
              (47) 

Where Qi is the amount of Megawatt-hours lost due to drought i; ɛ1 and ɛ2 are the amount 

of water withdrawn per MWh for once-through and recirculating cooling technologies in 

                                                           
5
 http://www.eia.gov/electricity/state/indiana/ 
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use in the aforementioned power stations respectively. A comprehensive list of water 

withdrawal factors for fuel-based electricity generating technologies can be found in 

(Macknick et al. 2012). Uncertainty about ɛ1 and ɛ2 is represented using triangular 

distributions.  Also, Si, ~ lognormal (meanlog = 6.0818, sdlog =1.394) (Bekera and 

Francis 2015), as in the previous chapter. 

Loss, in dollar amounts is obtained by modifying Qi (Million $) slightly as follows: 

1 2

0.972 0.028
 *0.0829*1000 i iQ S

 

 
  

 
             (48) 

Then equation (20) is invoked to obtain the loss distribution in dollar amount over the 

period of analysis. It should be noted that the standard deviation around this average loss 

is so high that the actual loss could possibly be much higher than what the average 

predicts. This is expected as some droughts can be significantly much more severe than 

others. The uncertainty on the loss, in this particular case, however, could be reduced 

further by learning more about the design specifications of the cooling technologies and 

being more specific about ɛ1 and ɛ2. That said, the primary goal herein is to demonstrate 

an approach to improve on our knowledge of the rate parameters, which of course plays 

its own vital role in providing more precise loss estimations.  
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Figure 21. Prior and posterior distribution of the Poisson Process under 10Year 

Scenario 

Table 10. Statistics of the Power Law Process parameters at different stages of the updating process. 

Arrivals are obtained by executing the TDRAF in Figure 9, with water temperature and streamflow time 

series data adjusted for this scenario. 

 Alpha Beta 

 Mean Standard 

Deviation 

Mean Standard 

Deviation 

Uniform prior 5E4      2.89E4 2.0         1.155 

Posterior (with 

6 arrivals) 

1.384      0.903 0.586         0.334 

Posterior (with 

12 arrivals) 

0.774      0.484 0.910         0.213 

Posterior (with 

18 arrivals) 

0.795      0.295 0.873         0.113 
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Table 11. Number of drought-induced failures corresponds to N(t). This table shows the mean and standard 

deviation of N(10) and Q(10), obtained at different stages of the learning process using the BBN. 

 Numbers of drought-induced 

failures, 10Year scenario 

Loss, Million $ 

 Mean Standard 

Deviation 

Mean Standard 

Deviation 

Uniform prior 6.2454E7      1.2569E8 1.983E8        4.941E8 

Posterior (with 6 

arrivals) 

4.442      2.530 27.322        87.799 

Posterior (with 12 

arrivals) 

5.431      2.564 34.74       123.79 

Posterior (with 18 

arrivals) 

5.622      2.481 35.854       126.24 

 
 

Medium-term (> 10 years, < 30 years) Scenario 

During these years, changes to the amount of water flow can occur due to worsening 

climate or rising water usage driven by burgeoning population. We do not explicitly 

model effect of climate change population for streamflow and water temperature data are 

not generally included in GCM outputs and projecting these using hydrological models is 

beyond the scope of this particular study. We focus this squarely on the BBN where 

progression in reduction of uncertainty and improvement in understanding of 

vulnerabilities is demonstrated. This scenario leads to considerable reduction in the water 

flow, which we arbitrarily assume is by 25%, compared to the base-case (short-term 

scenario). In this case, we cannot just use the α and β from the previous scenario, as they 

were obtained for a different set of assumptions that were relevant to only in the short 

run. We need a different value for each one of them so that the rate of occurrences in the 

medium-term, m(tm), where tm is at least 10 and at most 30 years ahead, is more plausibly 
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extrapolated based on historical data. In other words, given we are unable to forecast 

water flow decades into the future fairly accurately; we resort to manipulating historical 

data to represent potential scenarios under plausible assumptions.  Once again, we are 

assuming that the rate of occurrences drought, under this scenario, can reasonably be 

extrapolated using the rate trend resulting from only 75% of each record in the historical 

data. In addition, in clear contrast to the previous scenario, changes in population size 

here are expected to drive up water withdrawal and consumption in general. This may 

force policy makers to provisionally relax the 10% assumption in order to allow power 

plants and other users to utilize more of the available water to meet growing energy 

demands, even if that comes at the expense of environmental concerns. As such, we use 

15% of the total flow, which in this is case is 75% of the historical flow, to implement the 

thermoelectric drought characterization and risk assessment framework. To account for 

increasing water for power plant cooling engendered by growing energy demand, an 

additional power plant of wet-recirculating type is assumed to be brought on line in 

addition to the existing capacity. This slightly changes the monthly thresholds of required 

water flow for the power stations to operate. However, because of its minuscule 

withdrawal factors, this should not alter the proportions of water withdrawals by different 

power stations and cooling types and, therefore, the loss model in this scenario remains 

the same as in the short-term scenario. Despite reduced total water flow due to global 

warming and other stressing factors, the increased proportion (10%-15%) should offset 

most of the discrepancy, the result of which is seen in detection of only thirteen 

thermoelectric drought incidences based on which the parameter learning in Figures 22(a) 

and 22(b) is carried out.  
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Unlike the previous case, the parameter learning herein does not exhibit smooth 

progression. The standard deviation of the scale parameters remains considerably high 

and shows no clear sign of diminishing pattern as Table 12 and the Figures suggest; and 

the non-shrinking patterns of Figure 22(b) evidently suggests that the standard deviation 

of the shape parameter seems to have been amplified with more arrivals. 

 

 
Figure 22(a). Probability distribution of α at different stages of updating. The posteriors are not 

becoming significantly narrower with more arrivals, offering no clear sign of improvement in 

terms of the uncertainties surrounding the parameter. 
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Figure 22b. Probability distribution of β at different stages of updating. The posteriors are not 

becoming narrower with more arrivals, offering no clear sign of improvement in terms of the 

uncertainties surrounding the parameter. 

The effects of burgeoning uncertainty in these parameters spills over into the compound 

NHPP as indicated by the increasing standard deviation around the mean number of 

drought-induced failures under 30Year scenario and the corresponding loss estimation in 

Table 13. This is not entirely unexpected given only thirteen thermoelectric drought 

incidences are utilized in order to train the NHPP.  

Table 12. Statistics of the Power Law Process parameters at different stages of the updating process. 

Arrivals are obtained by executing the TDRAF in Figure 9, with water temperature and streamflow time 

series data adjusted for this scenario. 

 Alpha Beta 

 Mean Standard 

Deviation 

Mean Standard Deviation 

Prior 2.501        1.132 2.0         1.155 

Posterior (with 4 arrivals) 1.792        0.665 0.187         0.141 

Posterior (with 8 arrivals) 1.926        0.865 0.339         0.173 

Posterior (with 13 

arrivals) 

1.150        0.595 0.621         0.156 
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Table 13. Number of drought-induced failures corresponds to N(t). This table shows the mean and standard 

deviation of N(30) and Q(30), obtained at different stages of the learning process using the BBN. 

 Numbers of drought-induced 

failures, 30Year scenario 

Loss, Million $ 

 Mean Standard Deviation Mean Standard Deviation 

Uniform prior 1.68E5.       4.40E5 1.252E6  9.224E6 

Posterior (with 4 

arrivals) 

3.319       2.184 24.81  91.1 

Posterior (with 8 

arrivals) 

5.653       2.778 41.59   132.78 

Posterior (with 13 

arrivals) 

8.521       3.244 71.2  563.6 

 

 

Long-term (>30 years) Scenario 

This scenario is where we assume all once-through cooling type power plants will be 

retrofitted with wet-recirculating types. Clearly, this means much reduced withdrawal 

demand by the power plants but with a possibility of considerable loss of water to 

evaporation. To estimate the shape and scale parameters under this scenario, we assumed 

a 50% reduction in streamflow. And, because of significantly reduced withdrawal, the 

15% proportion in scenario 2 can be pushed back to 10% of the natural streamflow to be 

made available for power plants. 

This scenario is relevant to long-term strategic decisions such as selection of suitable 

sites and determining sizes of reservoirs for new thermoelectric power plants. It is also 

applicable when planning long-term operational goals and outlining water resource 

allocation among competing demands. 
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As in the previous two scenarios, historical water flow series is adjusted for the 

assumption of this scenario, leading to detection of 46 cases of thermoelectric drought 

incidences. The arrivals and their respective times are again used to update the 

uncertainty about the shape and scale parameters. Similar to the short-term scenario, there 

is a clear and consistent reduction in the uncertainty surrounding the parameters, as the 

shrinking posterior distributions of all α (see Figure 23(a), (b) & Table 14) and β (see 

Figure 23(c), (d) and Table 14), and N(50) (see Figure 23(e)) depict.   

 
           Figure 23(a). Posterior distribution of α with 15 and 30 failures  

 

 
Figure 23(b). Much narrower and peaked α posterior with all 46 failures is shown. There is 

consistent     reduction in the uncertainty surrounding the parameter 

 



109 
 

 
            Figure 23(c). Posterior distribution of β with 15 and 30. 

 

 
Figure 23d. Much narrower and peaked β posterior with all 46 failures is shown. There is 

consistent     reduction in the uncertainty surrounding the parameter 
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Figure 23(e). Captures prior and posterior distribution of the Poisson distribution under 50Year 

Scenario 

 

 
 Figure 23(f). Illustrates the loss distribution under 50Year Scenario. 

                       

Based on equation (32), the loss function for this scenario is: 

1 1 2 2k k
i i

k k k

u r u r
Q S

 

 
  

 
                                                                                                                     (49)    

but k=2 and r12= r22=1since all the cooling are to be replaced with recirculating systems. 
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Once again, we convert the loss into dollar amounts, using the 8.29 cents/Kwh rate, as 

follows 

 
2

1
*0.0829*1000i iQ S



 
  

 
              (51) 
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The average loss under the 50Year scenario, as can be seen from Table 15 is around $17 

billion worth of electric energy.  

Table 14. Statistics of updated scale and shape parameters distributions 

 Alpha Beta 

 Mean Standard 

Deviation 

Mean Standard 

Deviation 

Uniform prior 489.97          287.3 1.813         1.046 

Posterior (with 

15 arrivals) 

2.952          0.807 0.618         0.138 

Posterior (with 

30 arrivals) 

2.310          0.436 0.777         0.071 

Posterior (with 

46 arrivals) 

1.490          0.078 0.911         0.012 

 

Table 15. Number of drought-induced failures corresponds to N(t). This table shows the mean and standard 

deviation of N(50) and Q(50), obtained at different stages of the learning process using the BBN. 

 Numbers of drought-induced 

failures, 50Year scenario 

Loss, Million $ 

 Mean Standard Deviation Mean Standard Deviation 

Uniform prior 9.561E7          2.323E8 1.748E9        3.076E9 

Posterior (with 

15 arrivals) 

33.653          37.636 1.006E4        2.148E4 

Posterior (with 

30 arrivals) 

47.788                          9.140 1.516E4        8.34E4 

Posterior (with 

46 arrivals) 

52.494          7.418 1.670E4        8.701E4 

 

5.6 Discussion 

As a methodological contribution, this study discussed a way to improve 

understanding of vulnerabilities over time, as our expectation change due to varying 
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factors. The study notably stemmed from and is based on a risk assessment framework 

developed in the previous chapter. This study extended the framework by adding the 

BBN, which facilitates risk assessment with or without historical data and enables 

projection of potential vulnerabilities in terms of their magnitude and likelihood. The 

author acknowledges that a valid risk assessment should involve stakeholders directly 

and for that reason, the loss estimation reported above may not necessarily reflect the 

actual vulnerabilities. For instance, stakeholders could provide more precise estimations 

of the amount of water needed per MWh of energy and in turn lead to reduction in 

magnitude of and uncertainty about potential loss. However, this would not change the 

method we propose. Our intention is primarily to present a probabilistic risk analysis and 

projection modeling methods using statistical computing.   

The three scenarios are by no means to be taken as exhaustive representation of what can 

happen. They are merely a way to illustrate how the proposed approach can be used to 

support decision-making under different sets of assumptions, contexts and risk tolerance 

levels of decision-makers.  

In all three cases, we saw that the average number of failures varies and hence our 

knowledge regarding potential loss, as more failures are incorporated. In the 10Year 

scenario, for instance, with just six arrivals, estimated loss is about $ 27 million. But 

when all 18 failures are considered, the estimation escalates upto nearly $36 million, 

which is a 30% increase. Off course, it is not surprising that more failures drove the loss 

up. But knowing the time of or between the failures and hence the corresponding rate of 

occurrence at any given time allows us to express the increased risk quantitatively. A 

similar comparison in the 50Year scenario reveals a 40% increment of loss, from 
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approximately $10 billion to $16.7 billion. The point here is that, the BBN is as good and 

precise as the information fed into it. In other words, it is important to carefully define a 

drought scenario based on relevant demand and supply-side factors, employ a 

thermoelectric drought risk assessment framework and detect relevant drought patterns 

before executing the BBN for better loss estimation, projection and uncertainty analysis.  

The other important aspect of this study is that it may permit a life cycle loss analysis of a 

thermoelectric power system in regards to cooling water availability. The rates are time-

dependent, as is the new evidence used to update the uncertainties pertaining to the rate 

parameters. For that reason, one can train the loss model through the BBN with 

subjective or projected data and simulate life cycle system failures and estimate potential 

risk. This is of great significance as power plant operators are required to resolve 

environmental safety issues, demonstrate long-term water availability and emergency 

preparedness in order to obtain early site permits.  

Significantly large uncertainties will most probably always still exist in estimating 

potential loss in terms of magnitude. Probabilistic representation of them, however, gives 

us an idea of not only the average, but also the less likely but highly consequential as well 

as the more likely and inconsequential scenarios. It helps to provide complete risk-based 

information in terms of what can happen, how likely it is to happen and the consequence 

given it happens. In contrast to point estimates of potential loss, this prevents over or 

under-estimation of potential risk and ineffective risk mitigation planning. Different 

levels of emergency preparedness can be planned, supported and invoked based on 

decision-maker’s risk attitude given the results from the analysis above.  
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This chapter addressed three key aspects in thermoelectric drought risk assessment. First, 

it discussed significance of uncertainty in thermoelectric drought risk representation. It 

established that continuous improvement of our knowledge and understanding of drought 

risk to power plants demands a method to incorporate new evidence into thermoelectric 

drought risk assessment framework. Second, we reviewed existing approaches in the 

same area of study and distinguished contributions of this study as follows. This study 

builds on the previous chapter’s probabilistic thermoelectric drought risk assessment by 

enabling representation of vulnerabilities, not only in terms of magnitude but also 

likelihood. This allows for incorporation of new evidence and updating our knowledge 

and understanding of the risk. The study also presents a statistical time-dependent risk 

analysis approach allows for life cycle climate risk assessment. Thirdly, it demonstrated, 

using AgenaRisk, how the proposed contributions of this study can be implemented 

through a Bayesian Belief Network.  
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Chapter 6: Conclusions 

     The proposed methods help improve thermoelectric water supply risk analysis and 

projection. The study advocates for a systems approach, a problem-solving technique 

emphasizing holistic outlook cognizant of the effects of and interactions within elements 

of a system.  

Fresh water availability can be influenced by climate change as well as overuse by non-

thermoelectric sectors. This influence induces a great deal of uncertainty to water 

availability, particularly during summer and peak energy demand hours. Potential 

regulatory changes in response to climate change, advancement in cooling technologies, 

and increasing energy demand driven by socio-economic changes add to the uncertainty 

and further complicate the issue. Planning and managing thermoelectric power systems 

under such an uncertainty and complexity may require a different approach than 

conventional drought impact assessment methods.  

This study defines thermoelectric drought as a shortage of cooling water due to stressed 

supply or beyond operable water temperature limits for an extended period of time 

requiring power plants to reduce production or completely shut down. It proposes a 

drought characterization framework from thermoelectric power systems operational and 

management perspective. That, in short, speaks to the first research question: How do we 

characterize thermoelectric drought risk, taking interactions between socio-economical, 

technological, regulatory, and climatic exogenous factors into account? 

The author also argues deterministic estimates of potential risk may lead to false 

impression of certainty, possibly resulting in suboptimal operational and strategic 
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decisions. This motivated the second contribution, that is, formulation of a stochastic 

model that allows water supply risk assessment in light of dynamically changing 

decision-setting. This essentially addresses the second question: How do we 

probabilistically quantify drought risk taking these factors into account?  

Finally, this research proposes thermoelectric drought risk projection method. It outlines 

a Bayesian Belief Network (BBN) approach to continuously update one’s expectations of 

vulnerabilities in light of anticipated climate, socio-economic, regulatory and 

technological changes. This effectively address third research question: What method best 

supports continuous improvement in understanding vulnerabilities both in terms of 

magnitude and probability over time? 

Validation of the proposed model and framework would require some level of 

transparency among power plant operator(s) relying on the water system of interest. 

Some of the information needed includes amount of electricity (not) produced during a 

specific drought period and how much electricity they may have had to purchase to 

satisfy unmet demands. Such information may, however, be very sensitive and 

stakeholders maybe reluctant to share. Any information during a drought season may 

reveal potential breach of regulations or questionable transfer of extra-cost of purchasing 

additional electricity to customers. Like in any critical infrastructure management, 

information sharing in energy-water dependency study is challenging. Any success in 

achieving the validation may rely on existence of a collaborative watershed management 

environment and trusted information sharing network among all stakeholders. 

Stakeholders are an integral part of risk analysis, mitigation and management. The 

National Infrastructure Advisory Council (NIAC) of the DHS, for instance, recommends 
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coordination among varying levels of government and Critical Infrastructure and Key 

Resources sectors for efficient recovery of regular services during disruption (DHS 

2010). The Australian government established the Trusted Information Sharing Network, 

which enables owners and operators to discuss their vulnerabilities in a non-competitive 

platform (Commonwealth of Australia 2010). Both of these examples underscore that 

collaboration is key to effective risk assessments and management of critical 

infrastructures and key resources. The goal ultimately is to effectively coordinate 

available resources, skills and past experience against potential disruptions to the 

performance of the system. 

Future work in this area of study may include extending this research to blackout 

modeling and studying cascading effects to other sectors and informing critical 

infrastructure resilience decisions. Also, streamflow and water surface temperature are 

not included in the outputs of GCMs. But hydrological models, such as the Variable 

Infiltration Capacity (Liang 1994b), can be used to project the variables into the future 

based on other outputs of the GCM (e.g. precipitation). Such projections maybe used 

instead of historical data in order to execute the TDRAF and/or validate loss estimations.  
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Appendices 

Appendix A: Probability Plots for Exponential Distribution Fits 

      Chattanooga: More of the time-between drought occurrences data points converge 

towards the boundary lines as more extreme droughts are considered. The first two trials 

at the 10
th

 and 5
th

 percentile show that these types of droughts can’t be modeled as point 

processes as their time between arrivals are not exponentially distributed. A reasonable 

fit, as evidenced by a high P-value of 0.319 to the exponential distribution was attained at 

the streamflow value that is exceeded by 98.9% of all the data points (that is where r = 

1.1
th

 percentile). 
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      Chattanooga probability plots of exponential distribution fitted to time between drought occurrence data 

obtained at different threshold levels. Figures (a), (b), (c) correspond to a threshold of 10th, 5th and 1.1th 

percentiles respectively. 
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Savannah probability plots of exponential distribution fitted to time between drought occurrence data 

obtained at different threshold levels.  Figure (a) is produced at the 3rd percentile value of r whereas Figure 

(b) indicates a very high P-value that is obtained at r = 0.08th percentile, 240.51m3/s. Twelve droughts 

were discovered over 72 years. Occurrence of these can very well be approximated by a Poisson process 
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Appendix B: Water Supply Stress Characterization Schema 

In order to support the modeling process, we developed a simple yet important algorithm 

that takes a long term daily streamflow data and performs the following tasks to capture 

drought occurrence times. We present the general idea here so as to help in the process of 

reproducing the process: 1) designate a binary value for each day to indicate if it is below 

or above threshold (1 for below and 0 for above); 2) locate the first dry day and performs 

persistency check in the next 30 days; 3) mark beginning of drought if detected dryness is 

persistent enough or moves on to the following day to look for more appropriate onset 

date; 4) search for an exit signal that is any day with above threshold streamflow at least 

6 months after the onset was detected; 5) once the current drought period comes to an 

end, the algorithm is repeated until the following drought occurrence dates are identified. 



140 
 

 

Flow chart showing how long-term historical data can be examined for drought indications and 

occurrences. A streamflow series is first read in to the program. If a streamflow value is below the 

threshold, R, persistency test is performed. Passing this test confirms existence of sufficient evidence that 

drought occurred. This then invokes the inter-dry spell function that enforces the 6 months rule. Failing the 

test (i.e., no sufficient evidence to declare occurrence of drought on that particular day) takes the process 

back to the start where the next streamflow is read.  
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Appendix C: Formulation of the Expected Time to First Arrival Expression 

 

From the properties of conditional expectation: 
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Conditioning on β, α becomes the only random variable. We know now that α follows a 

gamma distribution:  
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From the properties of raw moments of Gamma distribution: 
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Therefore, using information provided in (C5) to simplify (C3): 
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As β is modeled a discretized beta distribution,  
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Appendix D: Formulation of the Variance of Time to First Arrival Expression 

From the raw moments of Weibull distribution, 
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Using the law of conditional expectation: 
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As α is gamma distributed, using the raw moments of this distribution  

 

2 2

2

   
( )

          

a

E b
a

  




 
      
  

              (D3)

2 2

2

2 2
 E   = | 1

( )
1

a

b
a

  
 

 



 
       

    
     

                                                     (D4) 

 

 

2

2

1

2

2

(
1

)

a

E T E b
a









  
   

            

 





          (D5) 

Again, since β is a discretized beta random variable, 
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Appendix E: The Joint Posterior Distribution of the Rate Parameters 

The joint posterior distribution of α and β is given by:  
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Since the posterior probabilities are proportional to the numerator in (E1),
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this proportionality can be rewritten as  
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Then, based on (E1) and (E4) 
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And, solving the integral in the denominator yields, 

 

 

1

0

1

0

( ( )1

1

0 1

( ( )1

1 1

( )

( , | , ... )

( )

i

i

i

i

n
t bn a n

i i i

i

i n
nk

t bn n a

i i i

i i

t e P

f t t t

t P e d















   

 

   





  



  

 

 
 

 
  
  
   



  

                    (E6) 

From Gamma density, we also know that 
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Based on (E7), 
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And, from (E6) and (E8), 
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