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Executive Summary 

The reliability of the bulk power system has traditionally been assessed based on whether the time 

frame is operational, operational planning, or long-term planning, and based on whether the 

motivating concern is for transmission system performance or an adequate supply of generation to 

meet the load. Standard TPL-001-5 of the North American Electric Reliability Corporation 

(NERC), a standard for long-term planning, specifies seven types of contingencies, denoted P1-

P7, and minimum performance requirements for each. Because TPL-001-5 generally requires a 

higher performance level for more likely contingencies, it is philosophically risk-based; however, 

it is deterministic in its implementation in that performance for a given contingency is either 

satisfied or it is not. Although TPL-001-5 is a planning standard, its essence is applied in operations 

as well, where performance following single component (so-called “N-1”) outage must be 

satisfactory. On the other hand, long-term evaluation of resource adequacy has long been assessed 

probabilistically, based on the probabilistic metric loss of load expectation (LOLE), with a general 

performance requirement guideline that LOLE be less than 0.1 day per year. We have also 

developed an approach called risk-based security assessment (RBSA) which applies a probabilistic 

measure to transmission system performance.  

In this study, these three approaches, deterministic transmission assessment, probabilistic resource 

adequacy evaluation, and RBSA were compared. The deterministic transmission assessment 

approach and RBSA were illustrated on a utility subsystem; the power flow solver PSS®E was 

used for the deterministic approach, and in-house software was used for RBSA. Resource 

adequacy evaluation was evaluated on a US subregion using the Monte Carlo approach encoded 

within GE-Vernova’s application GE-MARS.  

There were three main takeaways from this project. 

1. Contingency probability estimation: A key tool necessary for probabilistic evaluation of 

transmission performance or of resource adequacy is the contingency probability 

estimation tool (CPET). CPET operates on the NERC databases Generation Availability 

Data System (GADS) and Transmission Availability Data System (TADS) to compute 

contingency probabilities for either short-term assessment as performed in real-time 

operations or in operational planning, or for long-term assessment as performed in long-

term planning. These probabilities are essential for resource adequacy evaluation; they are 

also essential for risk-based transmission contingency evaluation. CPET has the ability to 

use GADS and TADS data characterizing only the geographical area of interest. In 

addition, if outage data for the geographical area of interest is sparse, CPET is capable of 

“borrowing strength” from outage data of other regions by appropriate statistical methods 

to increase the precision of the resulting estimates. 

2. Risk-based security assessment: RBSA provides a metric to reflect the risk associated with 

an operating condition stemming from multiple contingencies, their occurrence 

probability, and the severity of the post-contingency system performance. This metric may 

be applied when the post-contingency performance problem is overload, undervoltage, 

voltage instability, or transient instability. We illustrated its use in this report for 

contingencies resulting in overload and undervoltage. The RBSA was originally intended 

to be used on-line, and we envision its initial trial to be done side-by-side with a 

conventional Energy Management System contingency processor. Although the RBSA 
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evaluation illustrated in this report is specific to an operating condition, it can also be 

deployed within a production cost simulator to provide cumulative risk and therefore to 

evaluate the performance of a long-term plan.  

3. Risk-aware decision-making: The deterministic approach for evaluating system 

performance for contingencies can result in operational, operational planning, or long-term 

planning decisions that are risk-inconsistent. This means that some operating conditions 

identified as acceptable (secure) can actually be of higher risk than other operating 

conditions identified as unacceptable (insecure). The thick path A-B-C-D-E in the 

nomogram below represents the boundary between secure and insecure operating 

conditions based on the deterministic approach, for a particular power system. The thin 

lines represent contours of constant risk, where it is clear that points A and E have lower 

risk levels than points B, C, and D. 

 

Our main conclusions in this project are that (i) CPET is a foundational tool for both resource 

adequacy analysis and for transmission system performance evaluation; (ii) the RBSA approach 

offers an approach to unify operations and planning transmission performance evaluation; and (iii) 

RBSA should be deployed side-by-side with an EMS contingency evaluator; it should also be built 

into a production cost simulator.  
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1. Introduction 

1.1 Background 

The power industry has historically analyzed the reliability of the bulk power system (BPS) using 

deterministic performance criteria on an enumerated set of contingencies. These criteria have 

served the industry well, resulting in an overall reliable system. The North American Electric 

Reliability Corporation (NERC) continues to use these criteria in standards such as TPL-001-5 [1], 

but the industry has also adopted some probabilistic methods of assessing reliability, especially in 

resource adequacy. 

 

Recently, there has been a shift to using probabilistic methods not only in resource adequacy but 

also in assessment of the system network itself. These probabilistic methods are becoming more 

desirable for use in operational and planning decisions, especially with the increase in uncertainty 

from load growth and variable energy resources (VERs). The work presented in this thesis will 

examine three reliability-related assessments using both deterministic and probabilistic methods 

and will illustrate each assessment’s application to decisions made in three different time horizons. 

 

In this chapter, Section 1.1 provides additional background to the analysis of the reliability of the 

BPS and also provides definitions of terms used in this thesis. Section 1.2 provides an overview 

of three decision horizons—operations, operational planning, and long-term planning—and 

different decisions inherent to each horizon. Section 1.3 describes the objectives of this project 

and provides an overview of the remaining 

1.2 Literature review 

According to NERC, a reliable BPS is one that is able to provide the electrical needs of its end-

use customers, even during unexpected equipment failures and other events that reduce the amount 

of available electricity. NERC defines the reliability of the BPS in terms of security (also referred 

to as operational reliability) and adequacy. Security refers to the capability of the system to 

withstand sudden disturbances while maintaining certain performance criteria such as the 

standards set by NERC in TPL-001-5 [1]. Adequacy refers to the ability of the system to continue 

to supply the aggregate demand of electricity at all times, accounting for scheduled and reasonably 

expected unscheduled outages [2], [3]. 

 

Reliability has historically been analyzed using deterministic assessments that test the performance 

of the BPS against disturbances selected based on their credibility, severity, and representatively 

[4]. The BPS was deemed reliable if it performed acceptably under the selected disturbances.  

 

With the increase in uncertainty from VERs and government policies, there has been a recent 

trend toward using probabilistic assessments that would obtain a more refined view of the system’s 

operating limits [3], [5]. Probabilistic analysis has the potential to provide more accurate system 

limits than the typically conservative deterministic limits, which would enable the operating of the 

system in a more economically advantageous state while still maintaining a reliable system. 
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The importance of a reliable BPS is increasing with electrification and the increasing dependency 

on electricity [3]. In order to maintain a reliable BPS, Independent System Operators (ISOs) and 

utilities need to be able to analyze the BPS accurately and properly account for uncertainties 

present in the system. Various assessments present different perspectives on the reliability of the 

BPS, giving decision-makers a more complete picture of the system on which to base their 

decisions. 

1.3 Decision-making horizons 

Reliability related decisions can be separated into different categories based on the timescale in 

question, as shown in Fig. 1.1. Operational decisions are those decisions in the shortest timescale, 

spanning from minutes to days. Operation planning decisions are on the order of days to one or 

two years, and planning decisions exceed two years. The nature of decisions differs across these 

different time scales, and so the methods and tools related to these time scales will also differ. 

 

 

Figure 1-1: Reliability-Related Decisions: Type and Decision-Horizon [6, Fig. U17.2] 

1.3.1 Operations 

Operational decisions are made in real time to manage the current conditions of the power system 

and to adjust the operating condition in response to changes in load and generation [7]. To facilitate 

making these decisions, ISOs use energy management systems (EMSs) to monitor the real-time 

state of generation and transmission in the system, resulting in a model of the system with a high 

degree of certainty. Analysis of this known operating condition is important to inform the 

operators’ decisions, making computation time a very important factor in methods used in 

operations.  

 

Reliability criteria used in operations focus on operating the system in an economically 

advantageous way and ensuring that the system will perform adequately during any unscheduled 

event or disturbance [8, p. 11]. Reliability criteria that operators follow is NERC’s Transmission 

System Planning Performance Requirements [1], which states that following any of several 

disturbances (specified as P1–P7), component loading and voltages within the system should 

remain within acceptable limits. A common example of this is ensuring N-1 compliance (identified 

in the NERC criteria as P1), where the loss of any one component in the system will not result in 



3 

violations. Operators will also ensure system security for other credible contingencies involving 

more than one component. 

 

In addition to determining a desirable operating condition that meets performance requirements, 

operators must also adjust the operating condition in response to changes in load or generation to 

maintain the security of the system. While some changes in demand and generation are predictable, 

like the daily profile of electricity use, disturbances involving outages can be unplanned, and the 

operator must respond quickly to redispatch resources or change the system configuration. 

1.3.2 Operational planning 

Operational planning decisions are characterized by decisions made about the utilization of 

existing hardware. NERC requires that balancing authorities and transmission operators have plans 

outlining the operation of the system for the next day. This includes forecasting the demand and 

scheduling generation and power interchanges to meet this demand, as well as developing 

operating rules for operators to follow during normal and contingency events. Additionally, the 

plans must contain capacity and reserve requirements, and the system must be assessed to ensure 

it will remain within its operating limits under normal specified contingency conditions [9]. 

 

To obtain these required plans, decisions are made to determine the utilization of existing 

infrastructure over the course of weeks or months. Component maintenance must be scheduled 

such that components can be out of service without violating NERC’s performance requirements. 

Depending on the region, energy bids and operational reserve bids in the day-ahead market need 

to be obtained, and unit commitment scheduling decisions must be made to accommodate 

intertemporal needs such as unit ramp rates, start up times, and shut down times. 

 

Nomograms are a tool used in operational planning to help operators maintain the system in a 

secure state [10]; they are also used in the modeling of market constraints [11]. Nomograms 

visually depict the system state with respect to a number of parameters, usually two or three. The 

nomogram in Fig. 1.2 depicts a region of acceptable performance with respect to the real power 

loads at two buses, but parameters such as generation or line power flows are also used. The 

regions within a nomogram identify stress patterns within the system that do not cause insecurity. 

Fig. 1.2 shows the deterministic limits (this same nomogram together with contours of constant 

risk are illustrated in Chapter 5). 
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Figure 1-2: A nomogram [12] 

Operational planning decisions are not only impacted by reliability concerns but also by other 

factors such as economics and technical limitations. The day-ahead and capacity markets inform 

some of these decisions, as generation is dispatched using the marginal pricing, but system 

configuration decisions can have an effect on these prices due to congestion. These decisions must 

also account for uncertainty in the operating condition, as decisions about unit commitment are 

based on demand forecasts which have uncertainties that increase with the forecast horizon. 

1.3.3 Long-term planning 

Long-term planning decisions are characterized by decisions involving changes to the existing 

infrastructure, for instance, facility enhancements or the addition or removal of facilities. System 

planners must also consider policy decisions, such as goals to move toward carbon-free energy. 

Infrastructure plans need to account for the subsequent retirement of fossil-fuel based resources 

and incorporating of newer energy resources such as wind and solar. Large load growth is another 

factor that plays into system planning, for example, the data centers being built in response to the 

growth of artificial intelligence (AI) and large plants for generating alternative clean fuel, such as 

hydrogen. Due to the nature of forecasting the system’s environment, system planning decisions 

are associated with a lot of uncertainty which needs to be managed to ensure that the system is 

robust enough to satisfy future demand while continuing to meet reliability requirements. 

 

System planning can be subdivided into two categories: resource planning and transmission 

planning. The goal of resource planning is to ensure adequate resources to supply the forecasted 

load as well as ancillary services such as frequency control and fast response. In addition, long-

term planning needs to account for the distinct behaviors of different technologies. Some 

technologies, such as solar, are only available at certain times and are more difficult to dispatch, 
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whereas others, like natural gas, have higher availability and ease of dispatch, but are more 

expensive to operate. These factors all play into determining the ideal mix of resources needed to 

supply the demand [13]. 

 

The other aspect of system planning is transmission planning. Energy must be transferred 

effectively from the generation to the demand. Unlike thermal generation, the energy source for 

wind turbine generators and some other renewable resources cannot be relocated, so they must be 

built where the resource is instead of near load centers. This results in an increased demand for 

long-distance transmission, as seen by the Midcontinent Independent System Operator’s (MISO) 

transmission planning efforts in Tranches 1 and 2.1 to improve reliability and facilitate renewable 

development [14] and New York State’s Accelerated Renewable Energy Growth and Community 

Benefit Act, which outlines an extensive transmission plan to support the interconnection of 

renewables [15]. These efforts illustrate that transmission planning aims to reduce congestion, 

reduce costs, increase reliability, and provide more capacity for transferring power between 

generation and load [13]. 

1.4 Objective  

The objective of the work described in this report is to develop and illustrate a functional system 

to calculate contingency probabilities and outage statistics from collected outage data and to 

demonstrate the use of this data in traditional contingency analysis, resource adequacy evaluation, 

and risk-based contingency analysis, illustrating the insight each assessment provides in relation 

to decisions in operations, operational planning, and long-term planning. Fig. 1.3 provides a visual 

representation of this process. 

 

 

Figure 1-3: Process overview 
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1.5 Report Organization  

This report is organized as follows. Chapter 2 provides an overview of the process of calculating 

probabilities of contingencies based on outage data collected by utilities. Chapter 3 describes the 

traditional process of performing contingency analysis with deterministic limits. Chapter 4 

demonstrates the traditional probabilistic approach of resource adequacy assessment. Chapter 5 

summarizes and illustrates reliability evaluation methods that include transmission, largely 

focusing on methods that evaluate loss of load and methods that use other metrics. Chapter 6 

provides conclusions. 
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2. Contingency probability estimation

2.1 Overview 

The first step in probabilistic reliability evaluation is to obtain contingency probabilities using 

equipment outage data. This is accomplished with the Contingency Probability Estimation Tool 

(CPET) [16], a tool developed at Iowa State University that uses data from NERC’s outage datasets 

to estimate the probabilities of NERC’s P1 to P7 contingencies. These probabilities are then used 

as input to the probabilistic reliability tools, discussed in Chapters 4 and 5. Although the 

development of CPET was not part of this work and is therefore not claimed as a contribution, 

CPET was used heavily in this thesis using industry data to develop the necessary probabilities 

and subsequently use those probabilities in probabilistic reliability evaluation. 

2.2 Contingency probability estimation tool 

2.2.1 Datasets 

NERC maintains several datasets containing outage data for the bulk electric system (BES) across 

the USA. CPET was designed to use the Transmission Availability Data System (TADS) [17] and 

the Generating Availability Data System (GADS) [18]. TADS contains outage records for BES 

AC circuits, transmission transformers, and BES DC converters and circuits. GADS contains 

outage records for generation resources, divided into smaller datasets for conventional generation 

(GADS-Conventional, hereafter referred to as GADS), wind turbine generation (GADS-Wind), 

and solar generation, (GADS-Solar). Both of these datasets contain information about the type, 

time, and duration of each outage, as well as the type, capacity or length, and NERC region of each 

component associated with an outage. This information allows CPET to pool similar components 

together and estimate outage and repair rates, as discussed in following sections. 

2.2.2 Internal model 

CPET estimates the probabilities of NERC’s P1 to P7 contingencies shown in Table 3.1 using 

the ten-state Markov model shown in Fig. 2.1. 
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Table 2-1: Summary of contingency categories in TPL-001-5 [1, Table 1] 

Category Contingency Type Description 

P0 None Normal system 

P1 Single Loss of a single component 

P2 Single Loss of a single component due to protection 

failure 

P3 Multiple Loss of generator unit followed by loss of a 

single 

  component 

P4 Multiple Loss of multiple elements caused by a stuck 

breaker 

P5 Multiple Fault plus non-redundant component of a 

protection 

  system failure to operate 

P6 Multiple Two overlapping single contingencies 

P7 Multiple Common structure failure 

 

Figure 2-1: CPET internal Markov model [16, Figure 1] 

 
 

Each of the ten Markov states of Fig. 2.1 corresponds to a subcategory within NERC’s P1 to P7 

contingency definitions, as shown in Table 2.2. The transition probabilities are calculated using 

outage data, either from the utility’s records or from other databases such as NERC’s TADS and 

GADS databases. The outages within these databases are sorted into different categories using the 

event type number (ETN) and the type of initiation. The failure and repair rates for each component 

are calculated from the number of outages, outage durations, and total service length of each 

component [16].  
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Table 2-2: Summary of contingency categories [16, Table 1-3] 

TPL Contingency Type CPET Markov State Event Type Numbers 

P0 S1 N/A 

P1 S2 10, 11, 13, 49, 50, 90, single mode & dependent 

mode initiating outages 

P2.1 S3 62  without fault 

P2.2 S4 5 

P2.3 & P2.4 S5 6 

P3 N/A N/A 

P4 S6 60 

P5 S7 61 

P6 N/A N/A 

P7 S9 31 & two independent common structure outages 

  

2.2.3 P3/P6 model 

The P3 and P6 contingency types are N-1-1 contingencies, meaning that one component outage is 

followed shortly by an independent outage of a separate component. The long-term probabilities 

from Fig. 2.1 cannot be used for these types of contingencies since the second component must 

fail within a short time period of the first, specified at 30 min. A separate Markov model for P3 

and P6 contingencies is described in [16], [19] and shown in Fig. 2.2. The four-state model 

involves two components, A and B, with failure rates λA and λB, and repair rates μA and μB, 

respectively. A P3 or P6 contingency involves component B failing within time t of component A, 

which corresponds to the probability of entering state S3 from state S2 within time t. As described 

in [19], the probability of a P3 or P6 contingency occurring is given by 

 
where P(S2) is the probability that A will fail and t = 0.5 h. The P3 and P6 multi-element 

contingencies are not specifically analyzed further in this report. 

 

Figure 2-2: CPET P3/P6 Markov model, adapted from [19] 
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2.2.4 Transition probabilities 

Two types of probabilities can be calculated from this Markov model. The first type is the 

transition probabilities, which represent the probability that the component will fail at any given 

time over the next time period t. This probability is more useful on the short-term timescale, as it 

answers the question, “Given the current state of the component, what is the probability that it will 

fail now?” The transition probabilities give the operators a sense of which contingencies are more 

likely in the near future, e.g., over the next hour. 

 

CPET calculates each transition rate λ in Fig. 2.1 by analyzing component outage data from 

GADS, TADS, or utility data. For each group of components, CPET divides the number of outages 

for a specific contingency type (NERC P1–P7) by the total in-service time of the group of 

components, 

 

Assuming that the probability of a contingency’s occurrence is modeled by a Poisson process, in 

which the likelihood of occurrence only depends on the present state of the component, the 

probability of a specific contingency or type of contingency within the next time period can be 

calculated using 

 
where λ is the transition rate to the Markov state corresponding to the specific contingency type, 

and n is the number of failures within the time period t. Since repair times typically exceed one 

hour, only one failure can occur within an hour, so for the short time periods associated with 

operations, (2.3) simplifies to 

 

2.2.5 State probabilities 

The second type of probability is the state probabilities from the Markov model, referred to as 

long-term or long-run probabilities; they are also sometimes called “steady-state” probabilities. 

These probabilities are useful in planning, as they answer the question “Given the data for this 

component, what percent of time will it exist in a specific outage state?” This probability does take 

the repair time into account, since the amount of time the component remains offline affects the 

probability that it will be offline in a given hour during the year. 

 

The state probabilities of the Markov model shown in Fig. 2.1 are given by 

 
where the state probability vector p is given by 
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for states s1 to sn, and the transition matrix A is given by 

 
(See Section A.5 for the derivation of (2.8)) The long term state probabilities can be obtained by 

setting d p/d t  = 0 and replacing one equation with Σ pi = 1, since only n − 1 equations in (2.5) are 

linearly independent. Equation (2.5) becomes 

 
Using the mean failure rates λij and repair rates μij = λji as the transition probabilities, the long-term 

state probabilities for Fig. 2.1 can be calculated using (2.9). Appendix A and [16] include more in-

depth calculations. 

 

2.3 “Borrowing strength” from larger datasets 

CPET was designed to use NERC’s TADS and GADS databases to calculate contingency 

probabilities and has been adapted to process outage data from individual utilities. However, due 

to the relatively low failure rate of individual components, the number of observations within an 

individual utility’s outage data may be very small, making it difficult to obtain statistically 

significant outage and repair rates. Increasing the size of the dataset by using TADS and GADS 

increases the statistical significance of the results, but doing so loses the focus on the individual 

utility’s assets and may result in less accurate estimates for that utility’s failure and repair rates. 

To address this problem, it is desirable to “borrow strength” from large datasets such as TADS and 

GADS while remaining focused on the individual utility’s assets.  

 

“Borrowing strength” refers to a type of statistical method that seeks to increase the precision of 

estimates from small or sparse samples by using information from related samples or populations. 

An example of this type of method is a Bayesian hierarchical model, which forms a complex 

predictive model using information on the individual and group levels to inform estimations about 

the other level. Another example is the James-Stein Estimator, which is useful in increasing the 
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precision of multiple distributions by “shrinking” estimates toward a central value and thereby 

increasing the reliability of the estimates. The approach taken in this project uses weighted 

averaging and weighted least-squares linear regression to obtain this “borrowed strength.” Doing 

so only requires slight modification of CPET’s code to introduce the necessary weights. 

2.3.1 Calculation of weights 

The method of calculating weights should ensure that statistics obtained from the larger dataset 

(the national data in our case) will apply on the utility scale. For instance, the national datasets 

include data from areas like Texas or California which have warmer climates than New York, so 

statistics calculated from these data will not be as applicable in New York as statistics calculated 

using data from Pennsylvania, which has a climate much more similar to New York. Additionally, 

outage and repair rates may be affected by factors such as terrain or policy decisions, which can 

vary significantly across the country. The statistics should therefore be biased toward the region 

surrounding the utility of interest, while still receiving input 

from the larger dataset to ensure conclusions are based on enough data and are statistically valid. 

 

The data available from NERC anonymizes utility names and precise locations in order to protect 

the critical energy infrastructure information (CEII) data of the various utilities; however, the 

TADS and GADS datasets include the NERC reliability council information for each component 

which can be used to geographically locate each component. By assigning a weight to each 

reliability council, outage statistics can be biased based on proximity to regions of interest. 

 

The statistical similarity of regions with respect to proximity was assumed to vary by an 

inverse-square relationship similar to other interactions that obey distance decay. The region 

weights wi are calculated as 

 
where di is the distance from the location of interest. The weights are normalized by dividing by 

the maximum weight so that the study region has a unity weight. A nonzero distance should be 

assigned to the area of interest to avoid the vertical asymptote at di = 0 in (2.10). Keeping the 

distance of the study area within one or two orders of magnitude of those of the other regions 

ensures that the weighting does not skew toward the study region so much as to make the effects 

of other regions negligible. 

 

For this project, outage data was weighted based on its proximity to New York State. Table 2.3 

and Fig. 2.3 show the calculated weights for each region. 
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Table 2-3: Calculated regression weights by region 

 
 

 
Figure 2-3: Calculated regression weights by region 

2.3.2 Weighted averages 

CPET uses (2.2) to calculate the mean failure rate within a group of components. Equation (2.2) 
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can be derived using weighted averaging, where each failure rate λi, expressed in component 

failures per year1, is weighted by the in-service duration T(I)
i corresponding to that component, or 

 
Recognizing that the failure rate is equal to the number of failures Ni divided by the in-service 

duration, or λi = Ni/T(I)
i , this becomes (2.2), repeated here: 

 
Equation (2.2) is a ratio of averages (RoA) since both the numerator and denominator are 

implicitly divided by the total number of components. 

 

By changing the weights in (2.11) from T(I)
i to wiT(I)

i and simplifying, (2.2) becomes 

 
allowing the inclusion of component weights into the mean failure rate calculation.  

 

Similarly, the weighted mean repair rate 𝜇̅, expressed in repairs per year2, can be shown to be 

 
where Ni is the number of outages for component i, and T(O)

i is the total out-of-service time for 

component i. 

 

Equations (2.12) and (2.13) maintain the original bias towards components that have been in 

service for a longer period of time, while allowing CPET to bias the failure and repair rates 

toward outage data that is more similar to the components for which the rates are being 

estimated. 

2.3.3 Weighted least squares regression 

CPET uses MATLAB’s linear regression function fitlm to estimate the correlation of failure or 

repair rates with other variables. The linear regression model takes the form 

 
where y is the response vector, β is the vector of coefficients, X is a matrix where each column is 

a vector of values for a predictor variable, and ϵ is the error vector. MATLAB solves for β by 

minimizing the sum of squared errors (SSE), given by 

 
1 1The failure rate is equivalent to the reciprocal of the mean time to failure (MTTF). Mean time between failures 

(MTBF), mean time to failure (MTTF), and mean time to repair (MTTR) may have different definitions depending 

on the source. Here they are used as defined in [20], that is, MTTF + MTTR = MTBF. 
2 The repair rate is the reciprocal of the mean time to repair (MTTR). 
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where yi is the ith observation, and ˆyi is the ith calculated value. MATLAB allows weights to be 

added to observations used in fitlm. The calculation of the SSE is changed to 

 
where wi is the weight of the ith value [21]. While weighted regression is typically used to bias 

the linear model toward certain data points to account for unequal variances, here weighting is 

used to bias the model toward data points that are more relevant to the desired utility’s assets. 

2.3.4 Illustration of weighted regression 

Fig. 2.4 shows the effect of weighting on the linear regression. Fig. 2.4a shows the linear regression 

model between P1 failure rates and line length using only the New York Power Authority (NYPA) 

outage data. The usefulness of this model can be determined by calculating the statistical 

significance, or p-value, of the regression slope. The p-value is a statistical method which indicates 

the probability of obtaining the regression slope from a dataset with no correlation. The 

significance threshold was set to p = 0.05, corresponding to a 5% chance that the given regression 

equation was obtained from a dataset with no correlation, or conversely, a 95% probability that 

the data does in fact have a correlation. As seen in Table 2.4, the correlation between failure rate 

and line length in this dataset is not significant (p > 0.05). 

 

 

Figure 2-4: AC Line P1 Probability vs. Line Length 
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Performing linear regression on the TADS dataset, shown in Fig. 2.4b and Table 2.4, indicates a 

statistically significant relationship (p < 0.05) between line length and P1 failure rates. The amount 

of variation explained by the predictor variable, i.e., transmission line length, is quantified using 

the coefficient of determination (R2). A higher value of R2 indicates that the model accounts for 

more of the variation, while a lower value of R2 indicates that there is more variation not explained 

by the model. Although this model has a low value for R2, its statistical significance indicates that 

transmission line length does explain some variation in failure rates. 

 

Table 2-4: Linear regression statistics 

Case R2 p-value 

NYPA 0.0107 0.508 92 

Unweighted TADS 0.0728 ≈0 

Weighted TADS 0.0664 ≈0 

 

 

Figure 2.4c and Table 2.4 show the linear regression model generated from the TADS dataset 

using the weighted regression model described in Sections 2.3.1 and 2.3.3. While the change in 

the slope of the model is very small, the 95% confidence intervals are visibly narrower than they 

are in Fig. 2.4b. This occurred because weighting biased the regression function toward the 

Northeast Power Coordinating Council (NPCC) and Reliability First Corporation (RFC) data, 

which have tighter spreads, and away from the Midwest Reliability Organization (MRO) data, 

which contains more of the high P1 failure rates. (See Appendix C for P1 failure rates plotted by 

region.) This model shows stronger evidence that a relationship exists between line length and 

failure rate than in the utility data alone (p < 0.05), while remaining more tightly coupled to the 

data from the northeast part of the country around NYPA’s assets. 

2.4 Contingency probabilities 

CPET was used to estimate the probabilities of P1 to P7 contingencies for NYPA assets, 

summarized in Tables 2.5 to 2.8. P3 and P6 events were excluded for this analysis. 

2.4.1 Branch contingency probabilities 

Transmission lines were grouped by voltage level to ensure differences in failure rates due to 

varying materials or construction and design methods between voltage classes are captured. It is 

reasonable to assume that the failure rate of a transmission line is correlated to its length, therefore 

linear regression was performed for transmission line P1 contingencies (S1–S2 transition rates) 

with respect to line length. CPET also uses this regression for P7, or common structure, 

contingencies (S1–S9 transition rates), since common structure rates are also assumed to correlate 

with line length. The other contingency types are related to bus faults, breaker faults, and protection 

faults, which are not correlated to the length of the transmission line, so linear regression was not 

performed for these contingency types. Table 2.5 shows the effects of grouping and of regression. 

All state probabilities vary from one voltage class to another, while 
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within a voltage class, only P1 and P7 state probabilities and mean failure rates3 λ12 vary 

significantly with line length and the other state probabilities and the mean repair rates4 μ21 remain 

fairly constant. 

 

As mentioned previously, linear regression was not applied to P2, P4, or P5 contingencies; 

however, the state probabilities associated with these contingency types vary slightly within each 

voltage class due to differing line lengths. This is because the state probability of a state within a 

Markov model is a function of all the transition rates, not just the transition rates to and from that 

state, as seen from (2.7) and (2.9). 

 

Table 2-5: Transmission Line Contingency Probabilities 

 
 

 
3 CPET reports the S1–S2 transition rate as the mean failure rate. 
4 CPET reports the S2–S1 transition rate as the mean repair rate. 
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In contrast to transmission lines, transformers are not reported with a “length” component. 

Regression is therefore not performed on the transformer outage data. Data is still grouped by high-

side voltage, as different voltage classes may have different failure rates due to factors including 

different materials or design. As shown in Table 2.6, all the transformers within a voltage class 

have the same failure and repair rates, as well as state probabilities. 

 

Table 2-6: Transformer Contingency Probabilities 
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2.4.2 Generation contingency probabilities 

CPET was also used to calculate mean failure rates λ12 and repair rates μ21 for generation, shown 

in Table 2.7, and for wind turbine generation, shown in Table 2.8. These failure rates were 

calculated from GADS and GADS-Wind data with no weighting applied. Both transmission and 

generation failure and repair rates are used for probabilistic calculations in Chapters 4 and 5. 

 

Table 2-7: Generation contingency probabilities 

 
Table 2-8: Wind turbine generation contingency probabilities 

 

2.5 Discussion 

There are several instances where the data is anomalous and causes inconsistent results. These are 

described here, with the implemented adjustments. 

1. Contingency types that did not occur in the dataset will cause the corresponding failure rate 

to be undefined. For small datasets, there is no information about that contingency type, so 

its Markov state is ignored. The inclusion of larger datasets resolves this issue, as the TADS 

and GADS datasets include all types of contingencies. 

2. Reactance is used as a proxy for line length to fill in missing lengths in the network models. 

An effect of this calculation is that capacitive branches, e.g. equivalent branches in a 

reduced model that behave capacitively (from, for example, the model of a three-winding 

transformer), have a negative line length which may propagate into the failure rates. This 

is avoided by dropping capacitive branches from outage probability calculations. 

 

In addition to the calculations discussed previously, CPET allows regression and pooling using 

any of the variables included in the outage data, including user-defined variables, as well as the 

effects of multiple variables at once. This provides additional flexibility for the utility to investigate 
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relationships between outage probabilities and other quantities, such as in-service duration and 

generation size or fuel type. 

 

Probabilities calculated by CPET can be used as input to the probabilistic tools discussed later in 

this thesis. These tools provide additional methods of refining the probabilities obtained using 

CPET. For example, the tools discussed allow probabilities to be set for individual components, 

as well as for a group of components, providing a way to override the assigned group probability 

for components with extreme outage probabilities. 
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3. Contingency evaluation using traditional deterministic limits

3.1 Overview 

Contingency analysis has traditionally been used to ensure the reliability of the BPS or a 

subsystem of the BPS by ensuring that the system being studied is able to undergo any and all 

contingencies without resulting in violations of specified performance criteria such as NERC’s 

TPL-001-05 [1], summarized in Table 3.1, and NPCC’s Reliability Reference Directory [22]. The 

term deterministic refers to the practice of defining acceptable operating conditions by whether 

they pass or fail network performance criteria for a specified set of contingencies, independent of 

the probabilities associated with those contingencies. As seen in Fig. 3.1, systems operating in a 

condition that do not meet the criteria are in an alert state and must be transitioned to a secure 

operating condition which satisfies the performance criteria [12]. Tools like PSS®E and 

Transmission Adequacy & Reliability Assessment (TARA) are used to run contingency analysis 

and perform checks against the performance criteria to indicate if any system problems are present. 

Figure 3-1: Power system operating state diagram, originally proposed in [23] 

3.1.1 Deterministic contingency analysis 

The deterministic approach to contingency analysis discussed in [4], [12] is outlined below. 

1. Determine the base network configuration for the study. Power flow studies are prepared

based on credible conditions during the time period of interest. This will usually include

what are expected to be the worst conditions, as well as representative loadings through

the period, e.g., typical severe, but credible cases for each season. The scenario will also

include unit commitments and network configurations based on what is likely to occur.

2. Select the contingency set for the study. Due to the large number of components in the

system, there are numerous contingencies to choose from, especially considering multiple

element contingencies. This list is narrowed down by only considering “credible”

contingencies, which are the contingencies that the utility or ISO considers reasonably

likely to occur. Utilities and ISOs will likely have a standard contingency list used in and

developed from past studies that can be modified as needed. Often, the majority of

contingencies included are N-1 contingencies, involving the failure of only one component.
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Table 3-1: Summary of TPL-001-5 Disturbance Performance Table, adapted from [1, Table 1] 
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3. Select the range of operating conditions over which the system will be analyzed. The study 

range will include ranges of load over which to analyze system performance. 

4. Identify the limiting contingencies, which are the contingencies that first cause violations 

of the determined performance criteria as the system is stressed over the study range. 

5. Identify the limiting operating conditions, which are those operating conditions in which 

the limiting contingencies first cause violations of the performance criteria. The limiting 

operating conditions will be the highest stressed operating conditions, and the set of 

limiting operating conditions will bound the space of acceptable operating conditions. 

6. Summarize the study into tables or graphs that can be used by operators to make decisions 

in order to remain within the acceptable operating conditions. 

3.1.2 Deterministic transfer studies 

In addition to evaluating a normal operating condition, deterministic contingency analysis is also 

used in transfer studies, which stress the transmission system to find the maximum amount of 

power that can be transferred from one area to another while meeting the performance criteria. 

These studies are particularly useful in interconnections work, as the physical location of changes 

in generation and load affect the ability of the transmission lines to transfer power. For instance, 

adding generation in Manhattan would decrease the amount of power needed to be imported, 

whereas adding load in Manhattan will increase the amount of energy needing to be imported. 

Similarly, additional generation in upstate New York will need to be exported to the demand, 

whereas additional load can be locally supplied by the excess generation, freeing up transmission 

capacity. 

3.1.3 PSS®E 

The work presented in this thesis uses PSS®E to perform contingency analysis and violation 

checks. PSS®E performs contingency analysis using the AC contingency calculation (ACCC) 

module, which iterates through a provided contingency list and applies each contingency to the 

operating condition, recording the system performance and resetting the operating condition before 

continuing. ACCC reports tabulate the response of the system to each contingency and provide a 

way to export the results to excel for further processing. 

 

PSS®E also contains another module called the Probabilistic Reliability Assessment Module 

(PRA) for post-processing ACCC results [24, Sec. 6.17]. As the name suggests, PRA is designed 

to perform probabilistic reliability assessments and is discussed in Chapter 5, but it is mentioned 

here since it also produces deterministic reports that summarize the ACCC results. 

3.2 Case studies 

The following example shows a typical analysis of a subsystem of the BPS using deterministic 

analysis. 
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3.2.1 NYPA subsystem load growth 

A subsystem of NYPA’s assets was analyzed using PRA to report the deterministic violations as 

the system become stressed due to increased load growth without corresponding capacity growth. 

Fig. 3.2 shows a simplified representation of this subsystem. The original model as received from 

NYPA, labeled Base, is a very lightly loaded system. To simulate load growth, the load in the 

system model was scaled to match the annual peak load, obtained from the New York Independent 

System Operator’s (NYISO) 2023 Load & Capacity Data Report [25, Table I-3], and generation 

was scaled to match the demand using a reserve dispatch method. 

 

 

Figure 3-2: Simplified subsystem model for NYPA subsystem load growth 

The low voltage violation threshold was set to 0.95 pu, and the overload threshold was set to 

100 %. Post-contingency steady-state under-voltage and overload violations are shown in Table 

3.2. As expected, the increase in load without a corresponding increase in capacity stressed the 

system and resulted in more violations. This analysis shows that at 667MW of load, the isolated 

subsystem was N-1 non-compliant according to [1, Table 1], since the post-contingency steady-

state voltage is below the acceptable threshold, indicating a need for a different operating 

condition. 
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Table 3-2: Contingency Analysis Subsystem Results 

 

3.2.2 Corrective action 

A weakness of deterministic contingency analysis is demonstrated by the system shown in Fig. 

3.3, which was derived from NYPA’s reduced model. The transformer between Bus 2 and Bus 3 

has been experiencing a high overload for an extended period of time. 

 

One suggested solution to relieve this overload is to open the line from Bus 1 to Bus 2. As shown 

in Fig. 3.4, this will force power to flow along the remaining branches, eliminating the load on the 

transformer between Bus 2 and Bus 3. The maximum load decreased from 109% to 103 %, but 

there are now four overloaded lines. Deterministic analysis alone has no inherent capability to 

determine whether one large overload or four smaller overloads is preferable, as both scenarios 

contain violations. Without a way to compare these different quantities, it is left to the operators 

best judgment on whether to take preventative action or not. This case study is revisited in Chapter 

5 where we present an approach which does provide a basis for identifying which of these 

situations is preferable. 
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Figure 3-3: Original scenario 

 

Figure 3-4: Simulation of preventive action 

3.3 Discussion 

The deterministic approach is well adapted to operational decision-making due to its low 

computation time (relative to other approaches) and the ability of the operators to know the current 

operating condition of the grid to a high degree of certainty. Deterministic contingency analysis 

enables operators to evaluate compliance with performance standards by testing the current 

operating condition against credible contingencies. Since the system must be secure against any 

credible contingency regardless of likelihood, the deterministic approach will indicate whether the 

current condition is acceptable or not, and if not, if adjustments need to be made. This clear 

indication of whether action should be taken is a useful feature of using deterministic criteria. 

 

Deterministic contingency analysis is also beneficial in operation planning and system planning. 

Instead of merely identifying and avoiding insecure operating conditions, planners can identify 

solutions to the contingencies causing the violations. Within operational planning, this could 

involve adjusting maintenance schedules or unit commitment schedules, while in system planning, 

these corrections could include plans for new infrastructure. 

 

While deterministic contingency analysis is useful in these time horizons, it does have some 

limitations. One of the largest limitations is that the effect of unequal probabilities are not 

considered in the system analysis. Smaller contingencies with higher probabilities may be ignored 

because they are not as severe, even though the disruptions or violations may have more impact 

over time due to their higher frequency. Additionally, many deterministic contingency analysis 

techniques do not take into account the severity of a contingency, only whether a violation 

occurred. This may cause near-violations to be overlooked, even though they may cause additional 

problems if not addressed, such as widespread heavy loading that does not result in any actual 

overloads. With a pass-fail analysis technique, violations may also be considered equally even if 

they have different severities. 
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Despite these drawbacks, deterministic criteria are still useful for aiding the decision-making 

process. Other assessments described in this thesis can be used alongside deterministic assessments 

to expand the information provided to the decision makers and enable them to obtain a complete 

view of the problem. 
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4. Traditional resource adequacy evaluation

4.1 Overview 

Resource adequacy is focused on ensuring enough generation is available to meet the forecasted 

demand [26]. This is done by using the forced outage rates of generation within the system to 

calculate or estimate the probability that the available generation will be unable to meet the 

forecasted demand. 

4.1.1 Contingency modeling 

Resource adequacy tools are often grouped into analytical tools and simulation-based tools [26]. 

Analytical tools use mathematical theory to calculate the probability distribution of the installed 

capacity. This probability distribution is then convolved with the forecasted demand distribution 

to obtain the reliability index desired. This is often the loss of load expectation (LOLE), which is 

the number of time units that the demand will exceed the capacity and is often in days per year or 

hours per year. Other indices include loss of load probability (LOLP), which is the number of times 

the demand will exceed the capacity, and the expected unserved energy (EUE) which is the amount 

of energy not provided to the demand due to lack of capacity [27]. 

Simulation-based tools use Monte-Carlo randomization to run multiple simulations in parallel until 

system converges below a specified tolerance. Within each iteration, the tool steps through time 

adjusting the demand and applying contingencies to analyze how the system performs. Many of 

these iterations are then combined using statistical analysis to obtain probabilistic results. A benefit 

of this method is that each run is accessible, providing insight into the performance of the system 

under various conditions and worst-case scenarios. These tools calculate the same metrics as the 

analytical tools [26]. 

4.1.2 Generation modeling 

Conventional Generation: Conventional thermal generation is modeled assuming no 

uncertainty in resource availability. Units are modeled with two or more capacity states, including 

full capacity, no capacity, and optionally reduced capacity. Each capacity state is assigned a 

probability, which is used by the tool to model contingencies, as described in Section 4.1.1 [28]. 

Variable Energy Resources (VER): VERs such as wind and solar plants cannot simply be 

modeled as a single generating unit. These energy sources are very sensitive to temporal factors 

and must be treated differently than conventional generation, especially as they account for more 

of the generation mix [29]. Solar energy is only produced during the day, and wind speeds and 

water availability can vary throughout the day depending on the weather. Because of these factors, 

VERs are usually modeled as negative load and are incorporated into the daily load profile use in 

resource adequacy [30]. The resulting “net-load” is then served by the remaining generation. This 

approach captures the time-dependent variability of and correlation between the load and energy 

output from wind and solar plants. Additionally, unlike conventional generation wind and solar 

plants are often composed of many small units, all interconnected to the BES at the same point of 

interconnection (POI). While the BES sees the aggregate energy supplied by the plant, outages do 



29 

not often take the entire plant offline. Rather, only individual turbines or photovoltaic (PV) panels 

will fail. A daily profile of generation includes the variability of the energy produced due to these 

individual outages, although it does neglect the probability of losing the entire plant due to a 

substation transformer failure at the POI [28]. 

4.1.3 Transmission modeling 

As RA focuses primarily on ensuring enough generation capacity, various tools have modeled 

transmission in varying levels of detail. 

 

AC Power Flow: The highest-fidelity transmission model is AC modeling. This models the system 

using the AC power flow equations and performs a full power flow to analyze the system response. 

 

DC Power Flow: The DC power flow approximates the AC power flow by assuming that the 

transmission line resistance is negligible, bus voltage magnitudes remain at 1 p u, and the angular 

separation across a branch, θ, is small so that sin θ ≈ θ and cos θ ≈  1. This simplifies the power 

flow equations to 

 
where P is the vector of real power injections, B′ is a modified bus-admittance matrix, and θ is the 

vector of bus angles. Equation (4.1) can be directly solved for the bus angles θ, greatly reducing 

the computation time necessary [31]. 

 

Multiarea: Multiarea modeling divides the system into several smaller areas, each modeled as 

a “copper plate” with no impedance between generation and load, and transmission between areas 

is modeled as an interface with maximum power flow limits in each direction. The interface may 

or may not have a failure rate associated with it to capture transmission availability. 

 

Generation Only: Another option is to not model transmission at all. This model is optimistic 

in that it completely ignores the effects of congestion on resource availability, but it will produce 

a lower limit on loss-of-load metrics for generation unavailability. 

 

4.1.4 GE MARS 

While a variety of software is used for probabilistic resource adequacy assessment, as shown in 

Table 4.1, this project uses GE Vernova’s Multi-Area Reliability Simulation (MARS) software5 

as a representative tool for resource adequacy assessment. MARS is a well-known resource 

adequacy tool used by several ISOs and various utilities. The tool uses a multi-area model and 

performs a full sequential Monte Carlo simulation to calculate LOLE and EUE in addition to other 

outage statistics such as frequency and duration of loss of load [32]. MARS also allows modeling 

of other probabilistic factors such as maintenance scheduling and limited-resource generation 

modeling, e.g., the weather-dependence of resource availability for hydro, wind, and solar 

generation. 

 
5 MARS is included as a module of GE’s PlanOS. 
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Table 4-1: Summary of RA tools across ISO/RTOs from [33, Table 2] 

 

4.2 Case studies 

4.2.1 NYPA subsystem load growth 

The NYPA Subsystem Load Growth subsystem from Fig. 3.2 was analyzed with MARS. Forced 

outage rates for different types of generation were obtained using CPET (see Chapter 2), and as in 

Section 3.2, annual peak load data and annual energy data for the subsystem were obtained from 

[25, Table I-2, Table I-3]. In addition, MARS requires hourly load data for one year to estimate 

the daily load curves for each year of the simulation. This data was obtained from NYISO’s Real-

Time Actual Load dataset from 2014 [34]. 

 

Since analysis with the full system would likely allocate one area per NYISO balancing area, the 

subsystem was modeled with one area to include the effect of reducing the network to a “copper 

sheet” model. 

 

The subsystem used contains hydroelectric dam generation units which are modeled using forced 

outage rates (FORs) assuming no scarcity of water, and wind turbine generators which are modeled 

using equipment equivalent forced outage rates (EEFORs), FORs that include the effect of 

resource unavailability on the availability of the wind turbine. (See Appendix B for discussion on 

the EEFOR.) While these resources are modeled in this work using FORs of equivalent thermal 

units to match the modeling capabilities of other software used in this project and allow one-to-

one comparison, VERs such as wind and solar energy should be modeled in resource adequacy 

using a net-load approach, discussed in Section 4.1.2, which incorporates the variability of 

resource availability throughout the day as well as the effects of individual unit outages within a 

plant [35], [36]. 

 

As the other software in use in this project does not allow for different rates for maintenance 

outages, maintenance outages were set to zero in MARS. 
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LOLE analysis was performed on the system on the same years analyzed in Section 3.2, and results 

are shown in Table 4.2. One wind farm was installed in 2016, resulting in a decreased LOLE from 

2015 to 2020 despite the increase in load. As the load continues to increase without further 

increases in capacity, the system becomes more stressed, and the LOLE rises. 

 

The goal of resource adequacy is to determine how much capacity is needed to decrease the LOLE 

to a selected threshold, commonly 0.1 day per year. This is done by adding capacity and rerunning 

the analysis until the LOLE is below the threshold. 

 

Table 4-2: Resource adequacy subsystem results 

 

4.2.2 500-bus NYISO reduced model load growth 

The 500-bus reduced system model was analyzed with MARS, using the same load data from 

NYISO [25], [34] as in Section 3.2. Table 4.3 shows the LOLE for each of NYISO’s balancing 

areas. The LOLE can be seen to increase in each area as the system becomes stressed due to 

increased load growth without additional capacity. In contrast with the subsystem model, the 

NYISO system remains adequate through 2030, as the interconnected areas can help support the 

load in neighboring areas. 
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Table 4-3: Calculated connected LOLE 

 
 

Table 4.4 provides a closer look at the load, capacity, planning reserve margin (PRM), and LOLE 

for each area. The importance of system connections is again illustrated. For example, GENESE 

has a negative PRM for each modeled year, indicating that its load is always greater than its 

generation. This is even more apparent in DUNWOOD which has no generation and must supply 

its load with only imports. However, due to its connections to WEST and CENTRAL which have 

excess generation, the LOLE for GENESE remains below the threshold of 0.1 day per year until 

2040. 

 

Table 4-4: Calculated indices 
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4.3 Discussion 

RA is useful for system planning since the primary goal of the analysis is to ensure enough 

generation to meet the forecasted load. Investments in generation can be planned to ensure that 

load is not lost due to a lack of generation. This type of analysis is especially beneficial for the 

current BPS since the transition away from fossil fuels means that predictable generation, like coal 

and gas, will be retiring, while VERs like wind and solar will be installed to replace them. Since 

capacity for VERs cannot be directly compared to capacity of other generation sources due to the 

increased variability and uncertainty in the resource availability, probabilistic tools like MARS 

help specify how much capacity from VERs is needed to replace the lost capacity of thermal plants 

while maintaining the same level of reliability. 

 

Although transmission modeling in RA is often highly simplified, it can serve as a feasibility test 

to ensure enough generation to meet the demand. The RA model represents a best-case scenario 

with minimal congestion or transmission-related contingencies, which are the most common. 

Systems which cannot adequately supply the load without these additional constraints cannot be 

expected to perform well when these constraints are added. RA can help censure that enough 

resources are modeled on a large scale, and other studies can refine these results by informing the 

placement of resources or investment and configuration of transmission to interconnect the 

resources. 

 

While RA is not designed to perform transmission expansion planning, it may still be able to 

inform decisions about where transmission is needed. For example, it may be able to provide a 

measure of how much total transmission needs to be available between two areas, but the actual 

configuration and transmission within those areas needs to be determined using another 

assessment. RA may also be able to be incorporated as a feedback mechanism within another 

expansion tool. For instance, the resource mix from RA can be used in a transmission expansion 

tool, and the new transmission lines can then be added into the interface limits in the RA model. 

This decoupled process would allow faster computation in each step as it approaches a feasible 

solution. A similar process combining generation and transmission expansion planning tools and 

resource adequacy tools is described in [33]. 

 

Operational planning is not concerned with determining the installation or retirement of assets, 

but with how to effectively use the assets already in service. MARS includes the option of 

specifying maintenance schedules or maintenance frequencies, allowing insight into the effect on 

reliability due to operational planning decisions. The probabilistic nature of RA is useful to 

operational planning for many of the same reasons it is useful for system planning, as both decision 

horizons involve forecasting resource availability and demand; however, RA also cannot analyze 
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operational planning decisions about transmission lines, such as configuration or maintenance, due 

to the multi-area model. 

 

There are additional challenges in applying RA to operations. Since decisions about committing 

and building units are made on a longer time-horizon than operation decisions, RA includes the 

effects of operator actions, namely curtailing load, which limits its use in informing those 

decisions. In addition, the loss of fidelity in transmission modeling results in approximations that 

are not acceptable in the real-time decisions made in operations. For example, the resource 

adequacy study shown in Table 4.2 indicates that the system is well below the LOLE threshold of 

0.1 d yr−1 in 2015 and 2020, however, the deterministic results from Table 3.2 show that under-

voltage problems are occurring during these years. The resource adequacy results indicated that 

there is enough generation within the area to supply the load, but the limited transmission model 

does not model the distance between generation and load and so overlooks the resulting voltage 

drop across the transmission lines. 

 

Compliance with performance standards also requires modeling branch contingencies within the 

system. As the multi-area models used in many resource adequacy tools do not model 

transmission, aside from large area to area transfers, the results cannot indicate system compliance 

or non-compliance. 
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5. Risk-based contingency analysis

5.1 Overview 

Risk-based contingency analysis uses the concept of risk to incorporate probabilities into a metric 

of reliability for the system. Risk refers to the combination of the impact or severity of an undesired 

outcome and the probability of that outcome [37]. For this project, the risk of event X is defined 

as 

where Pr(X) is the probability of X and Sev(X) is a function that describes the severity of X. 

Depending on the nature of the analysis, X could be a particular contingency, an operating 

condition, or even the system infrastructure implementation. 

5.1.1 Probability 

Each event X has an uncertainty or probability associated with it. Contingency probabilities are 

related to the failure rates of specific components, which can be affected by external factors such 

as weather and maintenance frequency or internal factors such as the type of equipment. (Chapter 

2 describes the calculation of contingency probabilities.) Operating condition probabilities are 

impacted by factors like short-term demand forecasts, which are also impacted by the weather, and 

maintenance schedules. The probability of implementing a particular infrastructure is influenced 

by long-term demand forecasts, as well as generation investments and retirements. While the 

calculation of probabilities related to operating conditions and system infrastructure plans is 

outside the scope of this project, it is useful to consider these uncertainties in addition to the 

contingency probabilities when considering system reliability. 

As discussed in Chapter 2, the nature of these probabilities changes depending on the decisions 

being informed by the analysis. Short-term decisions, like determining an acceptable operating 

condition, will use transition probabilities, e.g. the probabilities that certain contingencies will 

occur in the next time period. Long-term decisions for adjusting the acceptable space of operating 

conditions will use steady-state probabilities, for instance, the percentage of time that the system 

is in a specific operating condition or experiencing a certain contingency. 

5.1.2 Severity 

The severity function in (5.1) can be defined in multiple ways. As with probability, each 

contingency, operating condition, system infrastructure implementation, or other event has an 

associated severity. The severity is often defined as a function of multiple events, for instance, the 

severity of a particular contingency given an operating condition. The severity function for 

operating conditions and system configurations can be defined as the calculated risk, so this 

chapter will focus on severity functions for contingencies. Two methods of calculating the severity 

of a contingency, the loss of load (LOL) approach and the quality of service (QOS) approach, are 

discussed here. 
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5.1.2.1 Loss of load approach 

The LOL approach to calculating the severity of an event focuses on interruptions to consumer 

usage of power. At a system level, the LOL risk of an operating condition could be represented 

using the LOLE, as calculated in RA. The severity of the operating condition would be multiplied 

by the probability of operating in that operating condition to obtain the LOL risk. As discussed in 

Chapter 4, since the operating condition is not known, this method is more applicable to 

operational planning and system planning. Traditionally, this approach would neglect or simplify 

transmission line modeling. 

 

Another way to quantify customer interruption is to perform contingency analysis with corrective 

actions. PSS®E enables this option, allowing violations to be resolved by various corrective 

actions, including transformer and shunt adjustments, generator redispatch, and load curtailment. 

Events causing load curtailment could be assigned a severity corresponding to the amount of load 

lost, and then used in the calculation of risk for that event. 

 

A conservative approach to calculating an LOL index would be to only allow load curtailment as 

a corrective action. This would result in a higher risk index and would encourage more action to 

remedy or avoid system problems. A more realistic approach would be to use load curtailment 

only after other corrective actions have been exhausted, as disconnecting load is generally avoided 

if possible. This will allow some violations to be corrected and result in lower LOL indices. Even 

if corrective actions are not modeled, PSS®E will curtail load that is isolated due to the outage of 

a radial line or the creation of an island with insufficient generation reserves. 

 

Power distribution networks are often analyzed using LOL severity functions such as the well 

known system average interruption duration index (SAIDI) and customer average interruption 

duration index (CAIDI) indices [38]. Versions of these indices could potentially be adapted for 

transmission systems, although several differences between transmission and distribution make 

the use of these indices more difficult, especially for short-term operational decisions. The 

distribution system is primarily a radial system, with one path for power to flow along to each 

customer, while the transmission system is a mesh design that can be reconfigured based on 

generation and loading profiles. This difference provides transmission operators more 

opportunities for real-time decisions than distribution operators. The SAIDI and CAIDI indices 

are therefore designed to evaluate the system and provide information for longer-term planning, 

as seen by the example usage of the indices in [38]. 

 

The LOL approach produces indices that have an easily understood meaning and are directly 

related to avoiding load curtailment. However, since load curtailment is the decision of an operator 

to avoid system collapse, it should not be modeled in studies to inform that decision. This 

consideration applies to both operations and operational planning. Long-term planning, however, 

does model the operator’s decisions, so including load curtailment is more appropriate. The 

remainder of this chapter focuses on the QOS approach, which is more applicable on all three time 

horizons. 
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5.1.2.2 Quality of service approach 

While interruption of service is an important aspect of reliability and one that should be 

considered in analyzing reliability, other problems may occur in response to a contingency that do 

not result in load interruption, such as low voltage or line overloads. Even though power is still 

delivered under these conditions, they degrade the QOS and so should be reflected in the reliability 

metric [39]. Additionally, system problems like overloads and voltage violations are often 

precursors to load loss if not handled properly. 

 

Unlike the LOL approach which calculates a severity by directly aggregating lost load, the QOS 

approach deals with quantities of differing natures that cannot be directly added together to result 

in a severity function. PSS®E and Online Risk-Based Security Assessment Software (OL-RBSA), 

the two software tools used in this project for risk-based contingency analysis, provide different 

methods of converting low voltages and overloads to a metric that can be aggregated into a single 

severity. 

5.1.3 On-line risk-based security assessment tool 

OL-RBSA is a MATLAB tool developed at Iowa State University to quantify the risk of current 

or future operating conditions [40], [41]. The risk associated with an operating condition is given 

by a summation of (5.1) over the contingencies in that operating condition: 

 
where X is the operating condition, Ei is the ith contingency, and Sev(Ei |X) is a function that 

quantifies the severity of contingency Ei given operating condition X. OL-RBSA therefore 

incorporates both the probability and severity of the contingencies in its analysis of the operating 

condition. 

5.1.3.1 Severity functions 

Although many different severity functions could be used, OL-RBSA defines three different 

severity functions based on their usefulness to operators and planners [40, Sec II.A]. The severity 

function Sev(Ei|X) is expressed as a summation of the severity function applied to each branch, 

that is 

 
where xj is the value (e.g. bus voltage or branch loading) corresponding to the jth component in 

operating condition X. 

 

Discrete Severity Function: The discrete severity function for branch overloads is illustrated in 

Fig. 5.1a. The function is defined such that the function evaluates to one for a violation and 

evaluates to zero otherwise. The resulting risk is therefore an expectation of the number of 

violations observed on the system, or the expected violations (EV). 

  



42 

 

Figure 5-1: OL-RBSA overload severity functions 

Percentage of Violation Severity Function: The percent of violation severity function for 

branch overloads is shown in Fig. 5.1b. The function measures the extent of the violation such that 

the function evaluates to zero at the deterministic limit and increases linearly as the extent of the 

violation increases. This is expressed as 

 
for minimum limit and 

 
for a maximum limit. The resulting metric is the expected percent violations (EPV). 

 

Continuous Severity Function: The continuous severity function for branch overloads is shown 

in Fig. 5.1c. The function is defined such that the function evaluates to one at the deterministic 

limit and increases with the extent of the violation. This function has the added benefit that it 

captures an expectation of the number of violations, due to evaluating to one at the violation 

threshold, while also contributing risk to conditions that are approaching the violation limit. This 

metric is the expected weighted violations (EWV). 

 

Other Severity Functions: While OL-RBSA does not currently implement other severity 

functions, the functions mentioned should not be considered a complete set. While the functions 

included in OL-RBSA are desirable for their simplicity and value as expectations, it would be 

reasonable to desire a severity function that does not vary linearly with voltage or load. The further 

the system is from the operating point the more severe each unit step is, so an exponentially 

increasing (or decreasing) function may better capture the severity. 
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5.1.3.2 Uncertainty 

Two types of uncertainty are incorporated into OL-RBSA’s calculation of risk [40]. The first type 

of uncertainty, the uncertainty of contingencies, is discussed in detail in Chapter 2. The second 

type is uncertainty in the operating condition. OL-RBSA models the operating condition at some 

future time t using a normal distribution with the mean of the distribution equal to the forecasted 

condition for each of three parameters causing this uncertainty: load distribution factors, load 

power factors, and generation distribution factors. These are assumed to be random and follow a 

multivariate normal (MVN) distribution. Performance measures such as loadability, bus voltage, 

and branch flow are calculated from this MVN distribution and also follow a normal distribution, 

as described in [40]. 

 

The different indices calculated by OL-RBSA represent different ways of handling uncertainty and 

severity, summarized in Table 5.1. These indices show some of the variation possible within 

probabilistic assessment. Different indices can be obtained from these by modifying the 

uncertainty parameters. For instance, in on-line assessment, the current operating condition is well 

known, so the operating condition uncertainty can be removed from the EWV index by setting the 

standard deviation on the operating condition uncertainty to a very small value. This narrows the 

normal distribution to values immediately around the mean. Other combinations can be obtained 

using similar methods. 

 

Table 5-1: Summary of risk indices, adapted from [40] 

 

5.1.3.3 Additional features 

OL-RBSA also contains other tools for analyzing and visualizing system reliability. 

 

Voltage Collapse and Cascading: In addition to low voltage and overload indices, OL-RBSA 

contains modules to calculate the risk of voltage collapse and cascading failures. 

 

Failure-based Indices: OL-RBSA contains a module to calculate failure-based indices, including 

expected load lost due to low voltage or voltage collapse, probability of failure and time to failure 

for transformers, and probability of sag and time to sag for transmission lines. These indices 

require more detailed modeling of the physical structure and location of components in the system. 
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Sensitivities and Nomograms: Another feature of OL-RBSA is its calculation of risk 

sensitivities and nomograms. These provide additional information about how the system behaves 

around the operating condition. The sensitivities show how the risk indices change at each bus 

with real and reactive power injections and voltage set points, and the nomograms provide a visual 

representation of the relative levels of risk for nearby operating conditions. 

5.1.4 PSS®E 

PRA enables analysis of an operating condition probabilistically [24, Sec. 6.17]. The module uses 

the results from contingency analysis and outage statistics for the included contingencies to 

calculate probabilistic indices. 

 

PRA allows the reporting of three distinct time-periods after the contingency: post-contingency 

happens immediately after the contingency, post-tripping follows any automatic tripping events, 

and post-corrective action occurs after corrective actions are performed. To enable these reports, 

the corresponding options must be provided to the ACCC solution module. Tripping events are 

used to model protection operation, automatic network configuration, and operator actions to avoid 

system collapse. Corrective actions are actions taken to alleviate system violations while 

optimizing the operating condition [24, Sec. 6.13, 6.15.7]. Since these actions are in response to 

the initial contingency, they represent decisions made based on the performance of the system in 

the post-contingency time period. While there is value in analyzing the performance of tripping 

events and corrective actions, the focus of this project is to inform those decisions and so only the 

post-contingency results are considered to avoid circular reasoning. 

5.1.4.1 Reports 

PRA has six different report types available, each in a deterministic and probabilistic format, as 

listed in Table 5.2. The deterministic reports return a summary of violations, organized by 

component or violation type, along with the number of contingencies matching each entry and the 

maximum and average violations that occurred. The probabilistic reports add the frequency (oc/y), 

duration (hour), and probability (hour/year) corresponding to each entry, as well as some measure 

of impact which varies depending on the report. 

 

Table 5-2: PSS®E Probabilistic Reliability Assessment Module available reports 
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System Problem Summary: The system problem summary report gives an overview of the 

system, providing the number of contingencies that resulting in voltage violations, overloads, loss 

of load, or non-convergence, as well as the worst violation and corresponding contingency. 

 

System Loss of Load: The system loss of load report identifies the amount of load lost. In the 

post-contingency time frame, this load is all dropped due to islanding, where a load or multiple 

loads are separated from the main system with insufficient generation resources. In this scenario, 

the ACCC module drops all load and generation in this island. Similar to the system problem 

summary, the system loss of load reports the number of contingencies resulting in each load 

curtailment level, and the worst violation and corresponding contingency. 

 

Bus Loss of Load: The bus loss of load report presents the loss of load due to islanding by 

individual buses, reporting the load at the bus, the average and maximum curtailments at that bus, 

the number of contingencies affecting that bus, and the contingency resulting in the highest load 

curtailment. For the post-contingency time frame, lost load is calculated the same as for system 

loss of load. 

 

Branch Flow Overloading: The branch flow overloading report shows the average and 

maximum loading for each monitored branch in the system. The report also shows the number of 

contingencies affecting the branch, as well as the contingency with the highest branch loading. 

Bus Voltage Violation The bus voltage violation report shows the buses where the voltage is 

outside the specified range, or where the change in voltage exceeded deviation limits. The report 

shows the average and maximum violations, as well as the number of contingencies and the 

contingency with the worst violation. 

 

Contingency Summary: The contingency summary report shows the maximum mismatch, 

total load curtailment, maximum branch loading, maximum voltage drop, maximum voltage rise, 

minimum voltage, and maximum voltage for each contingency. 

5.1.4.2 Impact 

PSS®E refers to both severity and risk as impact. Within the ACCC results used by PRA, impact 

refers to the severity of the contingency, either aggregated or separated by component. PRA 

multiplies these severities by the probabilities of the contingencies, and reports the risk associated 

with each contingency as impact. Hereafter, the terms risk-impact and severity-impact will be used 

to distinguish which concept is meant by impact. 

 

Similar to OL-RBSA, several indices can be obtained from PRA’s probabilistic reports. The 

probabilistic reports include the number of violations caused by a contingency. This can be 

obtained using the function shown in Fig. 5.2a, which is similar to OL-RBSA’s EV. The 

probabilistic reports do include the risk-impact, shown in Fig. 5.2b, which similar to OL-RBSA’s 

EPV. One major difference is that both the slope and violation thresholds (intercepts) of the 

severity functions can be modified in OL-RBSA, whereas PRA fixes the slope at m = ±1 and only 
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the violation threshold of the severity function can be adjusted.6 Appendix D compares voltage 

and overload severity functions for both OL-RBSA and PRA. 

 

 

Figure 5-2: PRA overload severity function 

5.1.5 Probabilistic contingency analysis 

The probabilistic contingency analysis process follows the same steps as the deterministic 

contingency analysis process described in Chapter 3, with a few modifications to steps 2, 4, and 5 

[12]: 

2. Contingency selection is often done using state enumeration rather than a specified 

contingency list.Contingencies are assigned probabilities, and contingencies with a 

probability below a specified threshold are excluded from the analysis to limit the 

computational burden. 

4. Instead of identifying limiting contingencies, the probabilistic index is calculated across 

the entire study range, resulting in an index value for each potential operating condition. 

The acceptable region is delimited by selecting a threshold for the index beyond which 

performance is considered unacceptable. 

5. The limiting operating conditions are defined as those operating conditions with an index 

equal to the threshold specified. These operating conditions will form a boundary around 

the acceptable region. 

The end result of both the deterministic and probabilistic processes is a bounded region of 

acceptable performance. This means that operators can use the probabilistic limits the same way 

as the deterministic limits. 

 

 
6 For the overload severity function, PRA fixes the slope at m = 1. 
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5.2 Case studies 

5.2.1 NYPA subsystem load growth 

The NYPA Subsystem Load Growth subsystem from Section 3.2.1 was analyzed using risk-based 

contingency analysis. As seen in Tables 5.3 to 5.6, both PRA and OL-RBSA show the risk of the 

subsystem increasing as more load is added to the system, which is reasonable as the system is 

becoming more stressed. The probabilistic reports from PRA duplicate the deterministic results 

reported in Chapter 3, but add frequency, duration, probability, and risk-impact metrics. 

 

Table 5-3: Risk-Based Contingency Analysis Subsystem PRA Under-Voltage Results 

 
 a Values are larger than 1000 occurrences per year. 

 

Table 5-4: Risk-Based Contingency Analysis Subsystem PRA Overload Results 
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Table 5-5: Risk-Based Contingency Analysis Subsystem OL-RBSA Low Voltage Results 

 

 

Table 5-6: Risk-Based Contingency Analysis Subsystem OL-RBSA Overload Results 

 

5.2.2 NYPA subsystem heavy load 

A closer look into the highly stressed 2050 NYPA subsystem case study demonstrates several 

benefits of using a risk-metric calculation. Two runs were used in this study, one with the overload 

limit set to 100% and the other with the overload limit reduced to 90 %. Table 5.7 shows two 

branches that both have overload violations in different contingencies. 
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Table 5-7: Branch Overload Impact for 100% and 90% of Branch Loading (NYPA 

Subsystem 2050) 

 
 a Loading characterized by MVA flow. 

 

5.2.2.1 Effect of probability 

Looking at Line 10-11 in Table 5.7, contingency T-7-9 results in a higher loading than contingency 

L-6-7, however, due to the much higher probability of contingency L-6-7 happening, the risk 

associated with contingency L-6-7 is more than an order of magnitude higher than the risk 

associated with contingency T-7-9. In deterministic assessment, contingency T-7-9 would have 

caused a performance criteria violation first, and so would be the limiting contingency. 

Contingency L-6-7 would not have been considered even though it contributes more risk. 

 

5.2.2.2 Effect of non-violations 

Table 5.7 also shows the effects of non-violations. Both branches have a violation for one of the 

transformer contingencies (T-7-9 and T-9-11), but only Line 10-11 has a violation for one of the 

line contingencies (L-6-7 and L-10-11). As seen in the 100% case, Line 10-11 has a higher risk 

due to the presence of two more severe violations. The 90% case, however, shows Line 6-7 with 

a higher risk due to the risk of a heavily loaded line from a high probability contingency. Even 

though Line 6-7 had lower severity contingencies, the probability of their occurrence caused Line 

6-7 to have a higher risk. Comparing the 90% severity and risk for the line contingencies (442 and 

443) also shows that even though contingency 10-11 is “passing” since it is not overloaded, due to 

its much higher probability, it still has a higher risk than contingency L-6-7 which is “failing.” 

5.2.3 Corrective action 

The corrective action case study from Section 3.2.2 was analyzed using probabilistic reliability. 

As mentioned previously, this case results in a choice between one large overload or several small 

overloads. The results from risk-based analysis, shown in Table 5.8, demonstrate that for this 

scenario, several lower overloads have less risk than one large overload, although the adjustment 
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does increase the risk of low voltage. The additional information from probabilistic assessment 

allows a decision to be made based on an order of magnitude estimation. The original configuration 

has an order of magnitude lower risk of low voltage and the same order of magnitude for overload 

risk, so this adjustment is likely not beneficial. 

 

Table 5-8: Risk-impact of corrective action case study 

 

5.3 Discussion 

OL-RBSA was developed to address questions pertinent to operations, such as how close the 

system is to voltage collapse, or how many overloads there are and how bad they are [40]. Risk-

based contingency analysis would provide some insight into the system regarding these questions 

by providing a metric that incorporates both the likelihood and extent of violations. By 

supplementing the information gained from the EMS and the results from deterministic 

contingency analysis, risk-based contingency analysis can help the operators make some of these 

traditionally subjective assessments with more confidence and insight into the system. 

 

Since many performance criteria standards are still based on deterministic limits and require 

deterministic assessments, risk-based contingency analysis can be used to provide additional 

information about the area around the acceptable operating region. Fig. 5.3 shows a deterministic 

boundary ABCDE, obtained from four limiting contingencies, and three contours of equal risk. 

The addition of the equal-risk contours provides information about the operating space outside the 

deterministic boundary which is not normally obtained in deterministic analysis. For example, the 

contours around line DE are closer to each other, indicating that the risk increases rapidly as the 

boundary is approached, whereas those around line AB are spaced further apart, indicating that the 

risk more gradually. This additional information can help operators determine the best operating 

condition within the acceptable region that balances risk and reliability concerns with other factors 

such as economics. 
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Figure 5-3: Nomogram with deterministic and probabilistic boundaries [12] 

 

Operations planning decisions often have more uncertainty in the operating condition, as they have 

to forecast demand into the future. To be able to model this uncertainty, tools performing risk-

based contingency analysis (RBCA) must either be able to include uncertainty into the load 

demand modeling, as discussed in Section 5.1.3.2, or results must be post-processed to add the 

uncertainty from the load into the risk metric. Operations planning can benefit from analyzing the 

risk of under-voltage or overload, and so can gain more insight into their decisions. 

 

The additional information provided around deterministic limits and visualized in Fig. 5.3 is also 

beneficial in operational planning. Understanding how system risk behaves with changes in 

operating condition parameters can help operational planners determine the correct steps for 

operators to take in response to certain stress patterns within the system. 

 

Long-term system planning largely uses RA to determine the investments that need to be made to 

ensure adequate generation. The probabilistic nature of this calculation is important, as the further 

into the future the decision is, the more uncertainty exists. While RA tools have been important in 

generation planning, it is not as informative for transmission planning, since most RA tools vastly 

simplify the transmission network. Risk-based contingency analysis performed by OL-RBSA and 

PRA uses a full AC transmission model, allowing for analysis of transmission expansions or 

retirements. 
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RBCA and PRA are not expansion planning tools or optimization engines, but they can be 

incorporated into expansion and optimization processes. For example, risk-based contingency 

analysis can be performed for each hour of an 8760 h production cost study. Risk from each 

component and contingency is accumulated into a risk for each hour, and then finally into a 

cumulative risk for each plan [42]. This process can be performed for each plan, allowing for 

comparison of the relative risk between proposed plans. Assigning a cost to risk and incorporating 

RBCA into the optimization feedback process allows optimization engines to include the cost of 

risk into the objective function as part of the operating cost and find an optimum balance between 

increasing investments to minimize risk and other operating costs and 

decreasing initial capital expenditures. 
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6. Conclusion

6.1 Summary 

The work presented in this thesis compares three different assessments of calculating the reliability 

of the BPS and applies them to decisions made within operations, operational planning, and long-

term planning. A high-level summary of insights provided by each assessment into various 

reliability related questions is provided in Table 6.1. 

Transition probabilities and steady-state probabilities for NERC’s P1 to P6 contingencies are 

essential for resource adequacy assessment, risk-based contingency analysis, and other 

probabilistic reliability assessments. To calculate these probabilities, CPET was adapted for use 

on local data, allowing utilities and system planners to supplement local outage datasets with the 

national TADS and GADS datasets and obtain reasonable estimates of failure and repair rates for 

components within their area of responsibility. 

6.1.1 Deterministic contingency analysis 

Contingency analysis using deterministic limits has historically been used for calculating system 

reliability. One reason for this is the ease with which the assessment can be applied to decision-

making problems. Given a defined operating condition and a list of contingencies, if the operating 

condition performs within criteria for all contingencies, no action needs to be taken, otherwise, 

some action should be taken [12]. Deterministic contingency analysis aligns well with short-term 

decisions, such as in operations or operations planning, as the analysis is done with the expected 

operating condition, and credible contingencies are simulated to ensure reliability in the upcoming 

hours or days. While other assessments are being incorporated into long-term planning, 

deterministic contingency analysis is still used to verify correct performance. Since long-term 

planning has a large uncertainty in the operating condition, deterministic contingency analysis is 

usually performed on selected operating conditions, such as summer and winter peak-load cases. 

6.1.2 Resource adequacy assessment 

Resource adequacy assessment is largely performed to perform long-term system planning 

decisions. The analysis ensures that sufficient infrastructure exists to minimize disturbances due 

to lack of resources. Metrics such as LOLE and EUE result from RA and are helpful in informing 

decisions related to investments or retirements, but these metrics include the assumption that the 

operator is curtailing load instead of other remediation schemes [12]. While maintenance 

scheduling decisions in operational planning are similar in nature to investment and retirement 

decisions and could benefit from RA assessment, the operator’s decisions would need to be 

removed from RA metrics to be appropriate for use in other operations or operational planning 

decisions. 
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Table 6-1: Insights into reliability-related questions 
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6.1.3 Risk-based contingency analysis 

RBCA follows the basic steps of deterministic contingency analysis, and uses similar inputs to 

produces an output metric that can be used to delimit the space of acceptable operating conditions 

[12]. RBCA is therefore well-adapted to inform short-term decisions in operations and operational 

planning, providing additional insight into the deterministic analysis of system operating 

conditions, such as whether the deterministic boundary borders a high-risk or lower-risk region. 

In contrast to the deterministic assessment, RBCA calculates indices by aggregating risk rather 

than selecting the worst case. This allows uncertainties to be included using probability density 

functions, and enables more informative use in long-term planning, as operating condition 

uncertainties can be incorporated into the formulas for calculating risk [40]. 

6.2 Suggestions for future work 

A more rigorous statistical method for “borrowing strength” from TADS and GADS should be 

incorporated into CPET’s calculations. This method should be able to utilize a zero distance for 

the target utility, as well as analyze other relationships between components in addition to 

proximity. 

 

Future work with RBCA could include demonstrating its use in transmission expansion planning 

as a way to obtain an optimal solution in terms of risk, operational cost, and initial investment cost.  
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Appendix A: Contingency probability estimation tool calculations 

Reference [16] describes the theory of CPET calculations in more detail, however the 

implementation of some major calculations are summarized here. 

A.1 Line length calculation 

A main feature of CPET is the ability to correlate failure and repair rates with line length using 

linear regression. As some system models do not include line length, it is necessary to estimate 

line length using typical impedance-per-mile data for different voltage classes. Since line 

impedances are included in the system models, lines can be assigned an estimated length based on 

their total impedance. 

A.2 Theoretical failure rate calculations 

This section summarizes CPET’s failure transition rate calculations [16]. 

A.2.1 Submodel 1 – faulted component, protection working as designed 

Submodel 1 corresponds to NERC P1 contingencies, where the fault occurs on a component and 

the protection works as designed. The failure transition rate is 

 
where Nksp is the number of state s outages and T(I)

kp is the in-service duration for line k assigned 

to pool p. 

A.2.2 Submodel 2 – common structure 

Submodel 2 corresponds to NERC P7 common structure contingencies. This model assumes that 

the ratio of total common structure outages to total automatic outages is equal to the ratio of total 

common structure line length to total line length within same pool and the ratio of total common 

structure service duration to total line service duration. The transition rate is 

 
where Kcp is the total number of common structure lines in pool p, and Lk is the common 

structure line length of line k. 

A.2.3 Submodel 3 – breaker/protection/bus section failure 

Submodel 3 corresponds to NERC P2, P4, and P5 contingencies types. This submodule assumes 

that the service duration of each breaker and protection is the same as the line they protect, and 

that the number of breakers and protections is twice the number of transmission lines. This 
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assumption is accurate for straight buses, but underestimates for ring buses, breaker and a half, 

and double-bus-double-breaker configurations. The transition rate is 

 
where T(I

lp is the in-service duration of line l assigned to pool p, T(I)
kp is the in-service duration of 

breaker k assigned to pool p, Lp is the total number of transmission lines assigned to pool p, Csp is 

the total number of state s outages in pool p, and Kp is the total number of components (breakers) 

in pool p. 

A.2.4 Submodel 4 – various 

Submodel 5 contains various other failures not categorized in the other submodels. This submodel 

assumes that state S10 contains multiple contingencies due to common right-of-way, repair time 

of S10 will exceed repair time of single line, repair time of S10 will not exceed two single lines, 

total service duration of S10 will exceed line service duration, and total service duration of S10 

will be less than twice line service duration due to protection misoperations. Using a factor of 1.5 

to account for these assumptions, the transition rate is 

 
where T(I)

lp is the in-service duration of line l assigned to pool p, T(I)
kp is the in-service duration 

of breaker k assigned to pool p, Lp is the total number of transmission lines assigned to pool p, 

and Kp is the total number of components (breakers) in pool p. 

A.3 Theoretical repair rate calculations 

This section summarizes CPET’s repair transition rate calculations [16]. Since the repair rate does 

not depend on line length or the number of protection devices per line, most submodels use the 

repair transition rate 

 
where Nksp is the number of state s outages, and T(O)

ksp is the outage duration for line k assigned 

to pool p. 

 

Repair rate calculations for Submodel 5 retain the factor of 1.5 and are given by 
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A.4 Implemented mean transition rates calculations 

The transition rates implemented in CPET are shown in Table A.1 where 

 
Ni is the number of events, N′i is the number of auto events, T(O)

i is the outage duration in h, T(I)
I 

is the in service duration in h, and li is the line length miles. 

 

The common structure model has the assumption that ratio of common structure events to single 

line events is equal to the ratio of common structure length and time to single line length and time, 

respectively. Mathematically, this is 

 
where X is a single line quantity, Xc is a common structure quantity. 

 

The factor of 8760 h yr−1 is necessary to account for different units provided in input data. 

 

Table A- 1: Transition rate calculations implemented in CPET 
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A.5 Markov model 

The transition formula for a Markov model is given by 

 
where πi is the initial state probability vector and P is the transition matrix 

 
where λij is the transition probability from state si to state sj  The probability of remaining in state 

si is given by the transition rate 

 
Defining the quantity 

 
and substituting into (A.8) and (A.9), we obtain 

 
Distributing, 

 
Simplifying,  
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Letting Δπ = πi+1 – πi,  

 
Setting Δπ = 0 and solving for the state probabilities vector πi gives a set of steady-state probability 

vectors which does not change under P. This solution space can be forced to be unique by requiring 

that the sum of state probabilities must equal one. 
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Appendix B: Contingency probability estimation tool error calculations 

The EEFOR is an equivalent FOR that aims to incorporate resource unavailability and is 

calculated as 

 
using forced turbine hours (FTH), equivalent forced derated turbine hours (EFDTH), contactor 

turbine hours (CTH), and resource unavailable turbine hours (RUTH). 

 

While the EEFOR is used for wind energy resources in this work to allow one-to-one comparison 

with other software, wind and solar energy should be modeled using the net-load approach 

discussed in Section 4.1.2, which incorporates the variability of resource availability throughout 

the day as well as the effects of individual unit outages within a plant [35], [36]. 
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Appendix C: Contingency probability estimation tool regional regression plots 

Figure C-1 shows the P1 failure rate with respect to line length for each NERC reliability region. 

 

 

Figure C- 1: AC Line P1 probability vs line length by region 
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Appendix D: Severity functions 

The first column of Figs. D.1 and D.2 shows a deterministic severity function which evaluates to 

unity if a violation occurs. The threshold for this violation can be specified in both PRA and OL-

RBSA. 

 

The second column combines the presence of a violation with the extent of that violation. OL-

RBSA calculates these metrics by comparing the amount the threshold was exceeded to the value 

of the threshold, while PRA uses a fixed unity slope starting at the specified threshold. These 

metrics will only have values once a violation has occurred. 

 

The third column shows custom metrics able to be defined in OL-RBSA. These can be any form 

of a ramp function, but it is useful to have the severity evaluate to unity at the threshold to represent 

an expectation of the number of violations, while still enabling non-violations to contribute to risk. 

 

 

Figure D- 1: Voltage severity functions 
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Figure D- 2: Overload severity functions  
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