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Abstract of Praxis 

 

Application of Monte Carlo Simulation for the Probabilistic Assessment of 

Hydropower Generator Capacity Loss Due to Forced Outages 

 

    

  The Bonneville Power Administration (BPA), the federal transmission and 

marketing agency for the 31-dam Federal Columbia River Power System (FCRPS), is 

preparing to join the Western Resource Adequacy Program (WRAP) as a binding 

participant in FY 2027. WRAP participation requires BPA to commit generation capacity 

for grid reliability seven months in advance, creating operational challenges for capacity 

planning across the multi-agency FCRPS system. 

 Forced outages present significant risks to BPA's capacity commitments, 

potentially resulting in lost revenue from marketable surplus capacity or costly capacity 

deficits. The current deterministic planning approach inadequately accounts for forced 

outage probabilities and limits BPA's ability to optimize capacity commitments while 

maintaining capacity obligations. This study develops a probabilistic Monte Carlo 

simulation model to forecast hydropower generator capacity loss due to forced outages, 

enabling more accurate capacity planning and revenue optimization. 

The model utilizes five years of historical forced outage data (2019-2023) from 

FCRPS hydropower plants to predict capacity loss in 2024. Validation results 

demonstrate significant improvements over current deterministic methods. The 

probabilistic model achieved greater accuracy in forced outage capacity loss estimates, 

increased marketable surplus capacity for WRAP by over 50 MW, and established 



viii 

 

capacity reserve levels that avoided potential capacity deficits. These improvements were 

validated despite 2024 experiencing anomalously high forced outage rates. 

This research contributes to capacity planning methodologies for cooperative 

resource adequacy programs and provides practical benefits for WRAP's 22 utility 

members in advancing regional resource adequacy. The validated probabilistic 

assessment offers broader applications for the energy sector through its use of actual 

forced outage data and generator availability modeling. The model will support BPA's 

operational planning for seven-month forward-showing capacity commitments during 

critical summer and winter peak load periods in WRAP. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



ix 

 

Table of Contents 

 

 

Disclaimer ......................................................................................................................... iv 

Dedication .......................................................................................................................... v 

Acknowledgements .......................................................................................................... vi 

Abstract of Praxis ........................................................................................................... vii 

List of Figures ................................................................................................................. xiii 

List of Tables .................................................................................................................. xiv 

List of Equations ........................................................................................................... xvii 

List of Symbols ............................................................................................................... xix 

List of Acronyms ............................................................................................................. xx 

Chapter 1—Introduction ..................................................................................................... 1 

1.1 Background ....................................................................................................... 1 

1.2 Research Motivation ......................................................................................... 4 

1.3 Problem Statement ............................................................................................ 5 

1.4 Thesis Statement ............................................................................................... 5 

1.5 Research Objectives .......................................................................................... 6 

1.6 Research Questions and Hypotheses ................................................................ 7 

1.7 Scope of Research ............................................................................................. 8 

1.8 Research Limitations ........................................................................................ 8 

1.9 Organization of Praxis ...................................................................................... 9 

Chapter 2—Literature Review .......................................................................................... 10 

2.1 Introduction ..................................................................................................... 10 



x 

 

2.2 Resource Adequacy in the Pacific Northwest ................................................. 10 

2.3 Resource Adequacy in other Regions ............................................................. 12 

2.4 Summary of Electric Grid Reliability ............................................................. 14 

2.5 Hydropower Forced Outages .......................................................................... 16 

     2.5.1 Generator Availability Data System (GADS)......................................... 17 

     2.5.2 BPA Outage Tracking System (OTS) ..................................................... 18 

2.6 Capacity Planning BPA .................................................................................. 18 

2.7 Reliability and Availability ............................................................................. 21 

2.8 Deterministic and Probabilistic Methods ........................................................ 25 

2.8.1 LOLP and LOLE.......................................................................................... 26 

2.9 Stochastic Simulation and Monte Carlo Methods .......................................... 28 

2.10 Current Approach for BPA Capacity Planners ............................................. 32 

2.11 Summary and Conclusion ............................................................................. 33 

Chapter 3—Research Methodology .................................................................................. 35 

3.1 Introduction ..................................................................................................... 35 

3.2 Statement of the Problem and Proposed Solution........................................... 35 

3.3 Relevant Variables .......................................................................................... 36 

3.4 Data Source ..................................................................................................... 38 

3.5 Data Collection ............................................................................................... 39 

3.6 Data Preparation.............................................................................................. 40 

3.7 Data Limitations.............................................................................................. 42 

3.8 Data Analysis Steps ........................................................................................ 45 

3.9 Monte Carlo Simulation Parameters ............................................................... 48 



xi 

 

3.10 Model Build .................................................................................................. 49 

3.11 Validation Method ........................................................................................ 51 

3.12 Hypothesis Testing........................................................................................ 52 

3.13 Summary and Conclusion ............................................................................. 53 

Chapter 4—Results ........................................................................................................... 55 

4.1 Introduction ..................................................................................................... 55 

4.2 Preliminary Analysis ....................................................................................... 55 

4.3 Model Results ................................................................................................. 56 

     4.3.1 Monte Carlo Simulation Results ............................................................. 57 

4.4 Removing Outliers from Simulated Availabilities ......................................... 61 

4.5 Probability Distribution and Expected Value ................................................. 72 

4.6 Final results ..................................................................................................... 74 

4.7 Model Validation ............................................................................................ 78 

     4.7.1 Validation Results: Gen Capacity Loss Five-year Historical Actuals .... 78 

     4.7.2 Validation Results: Generation Capacity Loss CY 2024 Actuals .......... 80 

     4.7.3 Additional Out-of-Sample Testing: CY 2025 Analysis .......................... 81 

4.8 Hypothesis Test Results .................................................................................. 86 

4.9 Hypothesis 1 Test Results ............................................................................... 88 

     4.9.1 Hypothesis 2 Test Results ....................................................................... 90 

     4.9.2 Hypothesis 3 Test Results ....................................................................... 92 

     4.9.3 Hypothesis 4 Test Results ....................................................................... 94 

4.10 Reserve Sizing Testing: Second Data Set, 2025 ........................................... 95 

Chapter 5—Discussion and Conclusions .......................................................................... 97 



xii 

 

5.1 Introduction ..................................................................................................... 97 

5.2 Generation and Generation Capacity .............................................................. 98 

5.3 Discussion of Hypothesis 1 ............................................................................. 99 

5.4 Discussion of Hypothesis 2 ........................................................................... 101 

5.5 Discussion of Hypothesis 3 ........................................................................... 102 

5.6 Discussion of Hypothesis 4 ........................................................................... 103 

5.7 Discussion of Extended Validation Results .................................................. 103 

5.8 Conclusion .................................................................................................... 104 

5.9 Implementation ............................................................................................. 104 

5.10 Contributions............................................................................................... 105 

5.11 Future Research .......................................................................................... 105 

References ....................................................................................................................... 106 

Appendix A ......................................................................................................... 112 

Appendix B ......................................................................................................... 113 

Appendix C ......................................................................................................... 114 

 

 

  



xiii 

 

List of Figures 

 

Figure 1-1. FCRPS Hydro-electric Power Plant Facilities ................................................. 1 

Figure 2-1. Balancing Authorities Interconnections…………………………………….. 14 

Figure 2-2. WRAP Region…………………...…………………...…………………...…16 

Figure 2-3. Federal System Firm Resource Mix for Annual Energy …………...……...…21   

Figure 2-4. PNW Regional System Firm Resource Mix for Annual Ener….………….…21 

Figure 2-5. NERC Factors and Rates………….…………………………...……………..23 

Figure 2-6. Bathtub Curve…………...………………………………….….………….…30 

Figure 3-1. Uptime and Downtime…...………………………………………………… .37 

Figure 3-2. OTS Outage Data…………………………………………………………… 40 

Figure 3-3. System Capacity ............................................................................................. 43 

Figure 3-4. MATLAB Script……………...………………………..…………...………..50 

Figure 4-1. Simulated Availability Outliers...................................................................... 64 

Figure 4-2. Simulated Availability Outliers...................................................................... 65 

Figure 4-3. Simulated Availability Outliers...................................................................... 66 

Figure 4-4. Simulated Availability Outliers...................................................................... 67 

Figure 4-5. Simulated Availability Outliers...................................................................... 68 

Figure 4-6. Simulated Availability Outliers...................................................................... 69 

Figure 4-7. Simulated Availability Outliers...................................................................... 70 

Figure 4-8. Simulated Availability No Outliers ................................................................ 70 

Figure 4-9. Number of Forced Outages by Hydropower Plant ......................................... 90 

 

file:///C:/Users/Amir/Desktop/DEng/Transfer/Praxis/Praxis_Template.docx%23_Toc519272032
file:///C:/Users/Amir/Desktop/DEng/Transfer/Praxis/Praxis_Template.docx%23_Toc519272032
file:///C:/Users/Amir/Desktop/DEng/Transfer/Praxis/Praxis_Template.docx%23_Toc519272032
file:///C:/Users/Amir/Desktop/DEng/Transfer/Praxis/Praxis_Template.docx%23_Toc519272032


xiv 

 

 List of Tables 

 

Table 1-1. WRAP Binding Season ..................................................................................... 3 

Table 3-1. Generators Used in WRAP Modeling………...……………………………...41 

Table 4-1. R-squared Values to Determine Exponential Fit ............................................. 56 

Table 4-2. Simulation Results Summary Table ................................................................ 57 

Table 4-3. Simulated Availability, Unavailability, Generation Capacity Loss Results.... 58 

Table 4-4. 5-year Simulated and 5-year Average Availability Comparison Table .......... 59 

Table 4-5. 5-year Simulated and 5-year Average Generation Capacity Loss Table ........ 60 

Table 4-6. IQR Lower and Upper Bounds ........................................................................ 63 

Table 4-7. Number of Outliers Removed ......................................................................... 71 

Table 4-8. P50 Availability ............................................................................................... 72 

Table 4-9. EV, Variance, and σ of Simulated Availability ............................................... 73 

Table 4-10. Expected Value Generation Capacity Loss ................................................... 74 

Table 4-11. Final Lost Generation Capcity Comparison Table ........................................ 75 

Table 4-12. Actual Average Generation Capacity Loss CY 2024 .................................... 76 

Table 4-13. Generation Capacity Loss Comparison Table Including CY 2024 ............... 77 

Table 4-14. Actual Average System-wide Generation Capacity Loss CY 2024 .............. 78 

Table 4-15. Mean Absolute MW Deviation: Historical Average ..................................... 79 

Table 4-16. Forecast Error: Historical Average ................................................................ 80 

Table 4-17. Forecast Error: CY 2024 ............................................................................... 81 

Table 4-18. Mean Absolute MW Deviation: CY 2024 ..................................................... 82 

Table 4-19. Additional Out of Sample Testing, CY 2025 ................................................ 83 



xv 

 

 

Table 4-20. Generation Capacity Loss in CY 2025: Scenarios ........................................ 84 

Table 4-21. Current Forced Outages in Second Half of CY 2025 .................................... 85 

Table 4-22. Current Forced Outages 2025 Generation Capacity Loss ............................. 86 

Table 4-23. 50% Increase in 2025 Generation Capacity Loss .......................................... 86 

Table 4-24. 100% Increase in 2025 Generation Capacity Loss ........................................ 86 

Table 4-25. 150% Increase in 2025 Generation Capacity Loss ........................................ 86 

Table 4-26. MAD of Simulated Availability Estimates .................................................... 89 

Table 4-27. Capacity Reserve ........................................................................................... 93 

Table 4-28. Twelve Month Capacity Reserve .................................................................. 93 

Table 4-29. Nine Month WRAP Capacity Reserve .......................................................... 93 

Table 4-30. Theoretical Reserve ....................................................................................... 93 

Table 4-31. Capacity Reserve ........................................................................................... 95 

Table 4-32. Twelve Month Capacity Reserve .................................................................. 95 

Table 4-33. Nine Month WRAP Capacity Reserve .......................................................... 95 

Table 4-34. Theoretical Reserve ....................................................................................... 95 

Table 5-1. Actual Number of Forced Outages Per Generator (2019-2023) ..................... 99 

Table 5-2. Actual and Simulated Availability ................................................................ 100 

Table A-1. Simulated Availabilities ............................................................................... 112 

Table B-1. OTS Data ...................................................................................................... 113 

Table C-1. Availabilities 2025 Scenarios ....................................................................... 114 

Table C-2. Availabilities 2025 Scenarios ....................................................................... 115 

Table C-3. Generation Capacity Loss 2025 Scenarios ................................................... 116 



xvi 

 

Table C-4. Theoretical Reserve ...................................................................................... 117 

Table C-5. 50% Gen Capacity Loss Comparison ........................................................... 118 

Table C-6. 100% Gen Capacity Loss Comparison ......................................................... 119 

Table C-7. 150% Gen Capacity Loss Comparison ......................................................... 120 

Table C-8. YTD MAD 2025 Scenarios .......................................................................... 121 

Table C-9. 50%  MAD 2025 Scenarios .......................................................................... 122 

Table C-10. 100%  MAD 2025 Scenarios ...................................................................... 123 

Table C-11. 150%  MAD 2025 Scenarios ...................................................................... 124 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



xvii 

 

List of Equations 

 

Equation 1. Mean Time Between Failure (MTBF)  .......................................................... 23 

Equation 2. Mean Time To Repair (MTTR) ..................................................................... 23 

Equation 3. Asymptotic Average Interval Availability .................................................... 25 

Equation 4. Generator Operational Availability ............................................................... 25 

Equation 5. Loss of Load Probability ............................................................................... 28 

Equation 6. Loss of Load Expectation .............................................................................. 28 

Equation 7. Cumulative Distribution Function ................................................................. 30 

Equation 8. Reliability Function ....................................................................................... 31 

Equation 9. Exponential Distribution ............................................................................... 31 

Equation 10. Hazard Function .......................................................................................... 31 

Equation 11. Generator Failure Rate ................................................................................ 31 

Equation 12. Generator Repair Rate ................................................................................. 32 

Equation 13. PDF of Failure Rate ..................................................................................... 32 

Equation 14. PDF of Repair Rate ..................................................................................... 32 

Equation 15. Generator Unavailability ............................................................................. 38 

Equation 16. Generator Capacity Loss ............................................................................. 38 

Equation 17. Simulated Availability (i) ............................................................................ 46 

Equation 18. Simulated Availability ................................................................................. 46 

Equation 19. Probability, P(x) .......................................................................................... 46 

Equation 20. Expected Value, E(x) ................................................................................... 47 

Equation 21. Variance, Var(x) .......................................................................................... 47 



xviii 

 

Equation 22. Standard Deviation ...................................................................................... 47 

Equation 23. Interquartile Range ...................................................................................... 47 

Equation 24. IQR Lower Bound ....................................................................................... 48 

Equation 25. IQR Upper Bound........................................................................................ 48 

Equation 26. Availability A(i) in MATLAB .................................................................... 49 

Equation 27. Availability in MATLAB ............................................................................ 50 

Equation 28. Mean Absolute Deviation ............................................................................ 51 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



xix 

 

List of Symbols 

 

𝜆  Failure rate (lambda) 

𝜎  Standard deviation (sigma) 

𝜎2  Variance (sigma squared) 

µ  Repair rate (mu) 

∞  Unbounded limit 

𝑒  Euler’s number 

𝑖  Index representing a specific iteration 

𝐸(𝑥)  Expected value of a probability distribution (also, µ) 

 

 

  

 

  



xx 

 

List of Acronyms 

 

BPA  Bonneville Power Administration 

CAISO California Independent System Operator 

CCA  Community Choice Aggregators 

CDF  Cumulative Distribution Function 

CGS  Columbia Generating Station 

CPUC  California Public Utilities Commission 

DoE  Department of Energy 

ESP  Energy Service Providers 

FCRPS Federal Columbia River Power System 

FERC  Federal Energy Regulatory Commission 

FOR  Forced Outage Rate 

GADS  Generating Availability Data System 

IOU  Investor-Owned Utility 

ISO  Independent System Operator 

IQR  Interquartile Range 

LOLP   Loss of Load Probability 

LOLE  Loss of Load Expectation 

MAD  Mean Average Deviation 

MTBF  Mean Time Between Failure 

MTTR  Mean Time To Repair 

MID-C  Northwest Mid-Columbia 



xxi 

 

NERC  North American Electric Reliability Corporation 

NWPCC Northwest Power and Conservation Council 

NPP  Northwest Power Pool 

OTS  Outage Tracking System 

PDF  Probability Density Function 

PMA  Power Marketing Authority 

PRM  Planning Reserve Margin 

SPP  Southwest Power Pool 

SWEDE Idaho and the Desert Southwest 

USACE U.S. Army Corps of Engineers 

USBR  U.S. Bureau of Reclamation 

WAPA  Western Area Power Administration 

WFOF  Weighted Forced Outage Factor 

WPP  Western Power Pool 

WRAP  Western Resource Adequacy Program 

 

 

 

 

  

 

 

 



1 

 

Chapter 1—Introduction 

1.1 Background 

The Bonneville Power Administration (BPA) is a Federal agency within the 

Department of Energy (DoE) and the transmission and marketing arm of the Federal 

Columbia River Power System (FCRPS). The FCRPS is a highly coordinated bulk 

electric generation system comprised of 31 hydroelectric projects in the Columbia River 

Basin that are owned and operated by the U.S. Bureau of Reclamation (USBR) and the 

U.S. Army Corps of Engineers (USACE). The FCRPS also includes a 1GW nuclear 

power plant owned and operated by Energy Northwest. Figure 1-1 below is a map of the 

FCRPS, including both the U.S. and Canadian jurisdictions of the Columbia River Basin.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1-1. FCRPS Hydro-electric Power Plant Facilities (Columbia Basin Fish and 

Wildlife Authority, 2005) 
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BPA serves as the Power Marketing Authority (PMA) for the FCRPS.  BPA 

markets FCRPS hydropower generation and transmits power from both federal and non-

federal hydropower plants (Bureau of Reclamation, 2019). One of the greatest challenges 

facing BPA and the U.S. electric grid is ensuring enough generation and transmission 

capacity to reliably deliver electric energy to serve its load centers (Carvallo, 2021). The 

North American Electric Reliability Commission (NERC) defines resource adequacy as 

“the ability of supply-side and demand-side resources to meet the aggregate electrical 

demand” (NERC, 2023). Additionally, ensuring resource adequacy is the purpose of the 

Northwest Power Act which aims to deliver “adequate, efficient, economical and reliable 

power to the Pacific Northwest” (NWPCC, 2021b). 

To comply with NERC reliability standards and the Northwest Power Act, the 

Western Power Pool (WPP) launched the Western Resource Adequacy Program (WRAP) 

in 2019. WRAP is a NERC approved resource adequacy program and was created 

collaboratively through regional utilities and public power partnerships to address 

resource adequacy concerns driven by an everchanging energy supply and demand 

landscape. The goal of WRAP is to leverage diverse regional resources to enhance 

resource adequacy and electric grid reliability for customers across the western U.S. 

Currently, WRAP participants include 22 public and private utilities sharing generation 

and transmission capacity throughout the western U.S. The program is administered by 

WPP and employs the Southwest Power Pool (SPP) as the technical program operator 

(WPP, 2024).  

As the first regional resource adequacy program in the western U.S., WRAP’s 

electric utility participants share capacity resources to address reliability uncertainty 
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during summer and winter peak loads. To do this, binding participants commit to 

generation capacity for power pooling seven months in advance of both summer and 

winter load peaks. WRAP is designed to support two regions in the western U.S. – 

Northwest Mid-Columbia (Mid-C), and Idaho through the desert Southwest (SWEDE). 

Currently BPA is participating in WRAP as a sharing participant to test its capabilities 

and preparedness. BPA is planning to join WRAP as a binding participant in the winter 

2027-2028 season. As a shared participant, about 90% of BPA’s WRAP loads are within 

the Mid-C, and about 10% are in the SWEDE. There are two binding seasons in WRAP, 

winter and summer shown in Table 1-1. As a binding participant, BPA will be required to 

provide capacity commitments for WRAP seven months in advance for both summer and 

winter load peak seasons. 

WRAP Binding Season Timeframe 

Winter November 1st through March 15th 

Summer June 1st through September 15th 

 

Table 1-1. WRAP Binding Seasons 

 

The benefits to BPA for participating include guaranteed resources to purchase 

capacity in the case of a deficit to meet load demands. Additionally, through bilateral 

agreements, energy deployments in the WRAP are settled at higher-than-market 

payments. BPA benefits by creating sales revenue from the power pool members at 

between 120% and 125% of the spot price – based on WRAP settlement calculations. 

Furthermore, failing to meet WRAP commitments could result in significant penalty 

charges under the WRAP tariff. These penalties are intended to incentivize the 

compliance of binding participants in the program.  
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BPA’s successful marketing of power pool capacity depends on capacity 

planners’ ability to accurately forecast FCRPS system-wide availability. The availability 

of FCRPS generation capacity includes planned and unplanned generation outages. After 

fulfilling generation and transmission capacity commitments and obligations to existing 

customers, BPA can allocate remaining resources to the WPP and WRAP, capitalizing on 

significant revenue opportunities. However, to be successful, capacity planners will need 

to account for the uncertainty of forced outages when committing power pool resources. 

 

1.2 Research Motivation 

 Critical to BPA’s success as a binding-participant in WRAP, is a forward-

showing capacity commitment that meets its load obligations while optimizing its surplus 

in the power pool. The motivation for this research is to enable BPA to optimize available 

WRAP capacity commitments by accounting for the effect of forced outages on planned 

capacity. The determination of surplus capacity depends on quantifying and accounting 

for the uncertainty of forced outages.  If BPA doesn’t accurately forecast available 

capacity, the commitment made in WRAP may leave a shortage to meet current capacity 

obligations.  This would be costly for BPA and necessitate purchasing capacity in day-

ahead markets to meet its obligations, resulting in lost net revenue.  Successful marketing 

of power pool capacity in the WRAP depends on capacity planners’ ability to accurately 

forecast overall FCRPS system availability and commit to a forward showing capacity 

that accounts for the uncertainty of forced outages.   
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The development of a forecasting tool to predict the probability of reduced 

capacity due to forced outages will allow BPA to carry less MW reserve generation 

capacity and optimize its power pool commitment in WRAP. 

 

1.3 Problem Statement 

Forced outages reduce Bonneville Power Administration’s planned capacity in 

the WRAP, and risk revenue loss of marketable power at 120-125% of the spot price. 

BPA capacity planners use scheduled transmission and generation maintenance 

outages to forecast future available FCRPS capacity.  The uncertainty of forced outages 

has the potential to reduce available planned capacity, and planners set aside reserves to 

account for this risk.  Holding reserves limits BPA’s marketable power and may have 

significant opportunity costs, especially in summer and winter peak load periods with 

high demand and premium energy prices. Optimizing the level of reserves and the 

amount of marketable surplus can help BPA capitalize on premium energy prices and 

increase revenue during periods of high demand. 

 

1.4 Thesis Statement 

A forced outage forecasting model is necessary for Bonneville Power 

Administration to both maintain capacity obligations and maximize revenue 

opportunities in the WRAP. 

Forced outages are unplanned and reduce planned capacity. A forced outage 

simulation model will aid capacity planners in determining a system-wide available 

capacity that accounts for the uncertainty of reduced capacity due to unforeseen and 
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unplanned outages.  A simulation of historical generation outages using Monte Carlo 

methods can model the probability of MW reductions of planned generation capacity due 

to forced outages (Scully et al., 1992).  Using Monte Carlo simulation, capacity planners 

can optimize the MW generation capacity reserve based on risk appetite using a lost-

capacity exceedance curve to maximize marketable energy in the WRAP’s power pool. 

 

1.5 Research Objectives 

The research objective is to develop a probabilistic generation capacity forecasting 

model to predict the probability of forced outages for capacity planning at BPA. 

Currently, WRAP capacity planners estimate forced outages in the forward showing 

capacity plan that is deterministic, using a rolling five-year average lost capacity due to 

forced outages on the system.  The research objectives for this praxis are: 

• to develop a stochastic simulation using Monte Carlo methods and estimate the 

probability of generation capacity loss due to forced outages.  

• to provide capacity planners with a lost generation capacity estimate that will aid 

in the optimization of capacity commitments to the WRAP power pool and align 

capacity commitments with risk tolerance.  

• to determine whether Monte Carlo simulation provides improved capacity 

planning through optimized reserves based on the probability of forced outages. 

• To determine whether Monte Carlo Simulation reduces the forecast error, 

compared to current methods for developing estimates based on a five-year 

average of generation capacity loss. 
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1.6 Research Questions and Hypotheses 

There are four research questions and four hypotheses.  The research questions 

(RQ) and hypotheses (H) are the following: 

 RQ1: How well does the random number from exponential distribution simulate 

the independent variables of MTBF and MTTR compared to historical actuals? 

RQ2: How is generation capacity loss prediction accuracy improved by 

simulating the MTBF and MTTR of equipment failures due to forced outages? 

RQ3: How does the Monte Carlo Simulation of forced outages help estimate 

reserve generation capacity? 

RQ4: How does a Monte Carlo simulation of forced outages improve WRAP 

power pool revenues of surplus capacity? 

H1: Historical five-year average MTBF and MTTR can be simulated as a random 

number from an exponential distribution to estimate WRAP capacity. 

H2: Monte Carlo simulation of availability metrics MTBF and MTTR quantify 

the frequency and severity of forced outages to more accurately estimate the reduction of 

available capacity from a limited data set. 

 H3: The probability distribution of the Monte Carlo simulation defines statistical 

limits for estimated availability that provides a disciplined approach to setting reserve 

capacity.   

H4: The probability distribution of the Monte Carlo simulation optimizes the 

generation capacity reserve to maximize marketable power. 
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1.7 Scope of Research 

The scope of this research is focused on estimating generation capacity loss due to 

unplanned forced generation outages. The timeframe considered in this analysis is one 

year and specifically designed to align with WRAP’s forward-showing capacity planning 

requirements. WRAP requires binding capacity commitments seven months in advance 

of both winter and summer peak load periods. The winter peak period spans five months 

(November through March), representing the longest continuous WRAP planning period. 

To encompass the complete planning cycle, the analysis scope must cover the seven-

month advance commitment period plus the five-month winter peak duration, totaling 

twelve months. This timeframe directly supports WRAP's operational needs by providing 

forced outage estimates for the complete planning horizon.  

Capacity planners currently account for lost generation capacity by using a five-

year average generation capacity loss. This five-year estimate is used to commit power 

pool capacity for winter and summer load peaks as defined by WRAP. This research is 

conducted using historical forced outage data stored in BPA’s outage tracking system 

(OTS) and encompassing twenty-one federal generation projects in the FCRPS that are 

owned and operated by either USBR or USACE.  

 

1.8 Research Limitations 

The analysis performed for this praxis is designed to estimate generation capacity 

loss due to forced generation outages, at twenty-one hydropower plants. The analysis 

performed for this praxis is designed to estimate system-wide generation capacity loss, as 

an average of each hydropower plant’s unavailability due to forced outages. Additionally, 
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this praxis research uses generator max capacities in the analysis of forced outage 

generation capacity loss. In practice, operational capacity is dependent on water supply 

throughout the year. Capacity planners will use water supply forecasts along with the 

planning tools in this research to plan capacity commitments for WRAP that account for 

the uncertainty of generation capacity loss due to forced outages.  

 

1.9 Organization of Praxis 

This praxis comprises five chapters. Chapter 1 is the introduction, providing 

background and motivation, the problem statement, the thesis statement, and the research 

questions. Chapter 2 is the literature review, providing a review of existing research in 

generation capacity planning and forced outage predictive modeling. Chapter 3 details the 

data sources and the methodologies used in this praxis. Chapter 4 presents the results of 

the forced outage predictive model and details the model validation approach. Chapter 5 

includes a discussion of the results, new contributions to the practice of generation 

capacity planning, and recommendations for future research. 

 

 

 

 

 

 

 

 



10 

 

Chapter 2—Literature Review 

2.1 Introduction 

As discussed in Chapter 1, this praxis is focused on predicting lost capacity 

probabilities due to unplanned forced generation outages. Forced generation outage 

predictions will aid BPA in the optimization of power marketing benefits in WRAP. This 

chapter consists of a literature review critical to understanding this praxis research. This 

literature review includes research regarding resource adequacy, capacity planning, and 

stochastic and predictive modeling, specifically with respect to electric grid operations. 

 

2.2 Resource Adequacy in the Pacific Northwest 

 The Pacific Northwest is increasingly committing to unprecedented carbon-free 

electrical energy goals. With the passing of House Bill 2021, Oregon joins Washington, 

Idaho and California in commitment to 100% carbon-free energy. Furthermore, Oregon 

has committed to eliminating greenhouse gas emissions by 2040 (HB2021 Clean Energy, 

2021). To meet these goals, utilities are decommissioning coal power plants that will 

reduce greenhouse gas emissions but create resource adequacy challenges for the entire 

region (NWPCC, 2021a). Added to the complexity is the need for not just clean energy 

sources, but reliable and dispatchable resources for peak demand – for which coal and 

LNG power plants have been relied upon. Utilities need to meet energy demand under all 

scenarios, not just average conditions, thus energy capacity is needed to meet peak 

demand in extreme conditions such as peak summer and winter loads. 

 Resource adequacy is critically important to ensure electric grid stability by 

maintaining the required supply of power generation to meet load obligations. Balancing 
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supply and demand across the bulk electric system requires bulk electric suppliers like 

BPA, as well as investor-owned load serving entities to ensure that planned capacity and 

available reserves are in place to serve load requirements. An additional challenge for 

utilities is the need to meet energy demand under all scenarios, not just average 

conditions (NERC, 2024a). In the Pacific Northwest, resource adequacy is studied and 

quantified by the Northwest Power and Conservation Council (NWPCC). NWPCC 

resource adequacy studies consider many different factors including hydrology, weather 

extremes, and potential disruptions to generation and transmission. Forced generation 

outages represent a significant uncertainty in capacity disruption and deficits to meet 

demand, especially in extreme demand situations (Ming et al., 2019). NWPCC’s most 

recent study shows that demand for energy is already beginning to outpace supply 

(NWPCC, 2024). 

 Hydropower in the Pacific Northwest is not only carbon free but provides controllable 

energy output that can be deployed quickly, ramping up or down to meet changing 

energy demand. These attributes result in a greater regional reliance upon the Pacific 

Northwest’s hydropower bulk electric system. To combat this emerging need for resource 

adequacy, the region has collectively worked together with the Northwest Power Pool 

(NWP), to create a regional resource adequacy program. More than twenty utilities, 

federal and investor-owned entities, are responsible for different parts of the grid called 

balancing authorities. Moreover, resource planning has historically been an independent 

process by each individual entity. The resource adequacy program will address the 

segmented nature of the region’s power grid, to collectively define the region’s energy 

needs, identify capacity deficits, and share in a power pooling effort through the WRAP, 
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ensuring that surplus energy serves power and capacity deficit areas within the power 

pool (WPP, 2024). 

 

2.3 Resource Adequacy in other Regions 

Resource adequacy has a critical role in utilities across the west. Outside of 

BPA’s territory is the California Independent System Operator (CAISO) who is 

responsible for delivering wholesale electricity for most of California and portions of 

Nevada (CAISO, 2024). Additionally, the Desert Southwest is served by the Western 

Area Power Administration (WAPA) and the Southwest Power Pool (SPP). The Desert 

Southwest includes southern California, Arizona, New Mexico and a small part of SW 

Texas (WAPA, 2024). 

Following the California Energy Crisis in 2001, the California Public Utilities 

Commission (CPUC) created a resource adequacy program for California. The objective 

of this program was to support the system reliability objectives of the CAISO while 

improving economic efficiency and assuring the lowest-cost energy for California 

consumers. Load-serving entities such as investor-owned utilities (IOUs), energy service 

providers (ESPs) and community choice aggregators (CCAs) are subject to the CPUC’s 

resource adequacy obligation requirements. CPUC’s RA program helps facilitate 

resource procurement and drives infrastructure investment by requiring that load-serving 

entities invest in capacity resources that are made available to the CAISO (CPCU, 2015). 

The Desert Southwest is experiencing rapid load growth. Additionally, aging 

infrastructure and mandates for clean energy are causing resource retirements. This 

energy resource deficit is creating an urgent need for the desert Southwest to invest in 
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new energy resources to maintain reliability and resource adequacy. Meeting the growing 

energy needs of the Desert Southwest will depend on load serving entities’ ability to 

procure and deploy new energy resources fast enough to serve loads. Doing this will 

require energy resource development to keep pace with demand. Maintaining reliability 

will depend on both maintaining existing generation capacity and new investments in 

solar energy development and energy storage. While load growth is a key component 

driving load serving entities’ resource adequacy, uncertainty with climate change and 

extreme weather events create significant reliability risks. As the Desert Southwest’s 

energy landscape transitions to meet the latest clean energy targets, its energy portfolio 

will depend on renewable energy sources, energy storage technologies and distributed 

energy resources. Because of the challenges of integrating variable resources and new 

energy technologies, this transition to clean energy in the Desert Southwest is one of the 

greatest challenges to grid reliability (Schlag et al., 2022). 

Resource adequacy planners in the Desert Southwest are not the only ones facing 

these challenges. Load serving entities across the country are investing in grid 

modernization to improve availability and resource adequacy in a rapidly changing and 

uncertain energy landscape. Capacity planning continues to develop as resource adequacy 

evolves. The following sections of this praxis review the current state of capacity 

planning and best practices, define availability and reliability and discuss the main 

components of capacity planning – loss of load probability (LOLP), forced outage factor 

(FOF) and planning reserve margin (PRM).  
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2.4 Summary of Electric Grid Reliability 

 Wholesale power customers and the end-using public and private sectors depend on 

the availability and reliability of the wholesale bulk electric system to power our homes, 

drive industry and support communities. Despite significant risks, the U.S. grid, including 

generation and transmission, has very high reliability. On average U.S. electrical 

customers experience disruption to power supply fewer than two times per year a total 

outage duration of fewer than five hours. According to a recent U.S. Dept of Energy 

study, on average the U.S. electric grid has a 99.95% reliability (Denholm, 2024). 

Furthermore, most outages are not due to due to generator unit outages but instead are 

mostly caused by disruptions to the electrical distribution system, unrelated to the bulk 

electric system. In other words, most power outages occur in the local distribution 

systems of load serving entities.  

 

Figure 2-1. Balancing Authorities Interconnections (U.S. Energy Information 

Administration, 2025) 
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 The U.S. electric grid is a highly coordination system that allows individual power 

generator units and transmission line failures to occur without affecting the larger grid 

system. This level of autonomy is accomplished through the coordination of multiple 

balancing authorities sharing transmission routes to serve load centers. The cooperation 

of balancing authorities in the U.S. electric grid allows flexibility to maintain energy 

generation and transmission to balance load despite unexpected outages (Denholm, 

2024). Figure 2-1 is a map of the U.S. electric grid interconnections of balancing 

authorities across North America. 

 There is almost no contribution to power outages from the loss of generation units. 

This high reliability is achieved through resource sharing across all U.S. electric grid 

regions between balancing authorities. This interconnection is mainly due to a highly 

coordinated system in which power is pooled from areas with surplus capacity to areas 

with a deficit. As discussed earlier, this coordination is made possible through resource 

adequacy programs like WRAP and the participation of various independent system 

operators and load-serving entities of the bulk electric system. The WRAP region and its 

22 load serving entities, including BPA, is shown in Figure 2-2. 
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Figure 2-2. WRAP Region (Northwest Power and Conservation Council, 2023) 

 

2.5 Hydropower Forced Outages 

 Hydropower generation represents one of the most established renewable energy 

technologies, providing approximately 6.6% of U.S. electricity generation and significant 

grid flexibility services. However, the operational management of hydropower facilities 

faces unique challenges, particularly regarding forced outages of generating units. Unlike 

planned maintenance outages, forced outages introduce operational uncertainty that 

impacts system reliability, revenue generation and long-term asset management 

strategies. Recent hydropower market data indicates that “from 2019–2021, the average 

hydropower availability factor was stable at 79% for small units, 83% for medium-sized 

units and 78% for large units” (U.S. Department of Energy, 2022). These availability 
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factors reflect the combined impact of planned and unplanned outages on hydropower 

plants.  

 

2.5.1 Generator Availability Data System (GADS) 

The North American Electric Reliability Corporation (NERC) first developed the 

Generator Availability Daya System (GADS) in 1982 to support power generation outage 

data collection. Today, GADS is the primary source of generation outages for public and 

private utilities across North America. The GADS database stores operational 

information collected through mandatory reporting from thermal, coal, natural gas and 

hydropower generation facilities. Additionally, variable resource power plants such as 

wind and solar report to GADS. Through GADS, NERC collects generation outage 

events that are characterized by eight separate event types, including forced and planned 

outages. GADS data supports load serving entities’ resource adequacy programs and 

capacity planning modeling. All conventional generators (including hydro power 

facilities) that are larger than 20MW must report outage information to GADS. The 

historical forced outage data used in this praxis research comes from BPA’s internal 

outage tracking system (OTS), which is discussed in the next section. Outage data 

collected in OTS follows the GADS outage type standards. 

GADS defines a generation outage as whenever a generating unit is not 

synchronized to the grid and not in a reserve shutdown state. FCRPS partner hydro 

projects report outages following NERC GADS standards and report monthly outage data 

to BPA.  BPA tracks and provides performance indicator metrics that include forced 
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outage factor (FOF) and scheduled outage factor (SOF) for all FCRPS federal 

hydropower projects (NERC, 2024b). 

 

2.5.2 BPA Outage Tracking System (OTS) 

 BPA’s Outage Tracking System (OTS) is an internal BPA database for generation 

outage tracking and is separate from GADS. FCRPS project operators access OTS to 

input outage information that includes the generator unit affected and associated 

equipment, the time of the outage and the time (or estimated time if the outage is current) 

the unit returned or will return to service. The information recorded in OTS is delivered 

to transmission dispatchers from FCRPS project operators who are following the same 

GADS standards. In addition to tracking forced outages, OTS also tracks planned outages 

at FCRPS hydropower projects up to a ten-year horizon. OTS provides over 7 years of 

historical outage data, both planned and unplanned. OTS data is the primary data source 

used in this praxis for modeling the probability of future forced outages, used for capacity 

planning.  

 

2.6 Capacity Planning BPA 

 Understanding capacity planning requires distinguishing between two fundamental 

utility concepts: energy and capacity. Energy represents the total quantity of electricity 

delivered to customers over time, typically measured in kilowatt-hours (kWh) or 

megawatt-hours (MWh). In contrast, capacity refers to the maximum amount of 

electricity that can be generated at any given moment, measured in megawatts (MW). 

Capacity planning is the strategic assessment of generation, transmission and distribution 
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resources necessary to reliably meet projected electricity demand while maintaining 

system adequacy and operational efficiency (Hobbs, 1995). 

 The Bonneville Power Administration published the Pacific Northwest Loads and 

Resources Study, commonly called the White Book. BPA’s White Book is an annual 

publication that documents the latest projection of the federal system’s loads and 

resources and the Northwest region’s total retail loads, power supply obligations and 

resources for the upcoming 10-year period. BPA uses the White Book as a planning tool 

and data source for the Columbia River Treaty studies, providing a snapshot of the 

current load/resource balance. It specifically looks at current obligations, contracts and 

conservation, along with resource forecasts. Other studies that BPA produces look at 

loads and resources with a specific design intent. For example, rate case studies are 

designed to get to a load resource balance by including either augmentation or surplus 

sales that do not yet exist. Resource Program studies use fixed load forecasts to optimize 

resource selection in order to fill deficits (BPA, 2023). 

 The federal system analysis provides a deterministic analysis of federal firm loads 

and resources based on expected loads and varying water conditions. All analyses are 

based on agreements currently in place and represent BPA’s total obligations and the 

current resource portfolio (physical and contractual resources available to serve load). 

BPA uses this analysis as input for Columbia River Treaty studies, data submittals and 

other studies. Other entities – the Northwest Power and Conservation Council, BC Hydro 

and Power Authority, Pacific Northwest Utilities Conference Committee, Pacific 

Northwest Coordination Agreement participants and individual customers – also access 

and use this analysis for various purposes. The result of the latest study shows that under 
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firm water conditions, the federal system has annual energy deficits throughout the 10-

year study period, with the largest deficit near the end of the study period. Under median 

water conditions, however, the analysis shows annual energy surpluses across the study 

period (BPA, 2023).  

 The Pacific Northwest regional analysis provides a deterministic analysis of regional 

firm loads and resources. BPA, the Council, BC Hydro, PNUCC, PNCA and other 

entities use the study results as inputs for Treaty studies, data submittals and other 

analyses. Under firm water conditions, the region is projected to have annual energy 

surpluses until the third year of the study period (operating year 2027). After that, deficits 

increased considerably throughout the period. Under median water conditions, the 

analysis shows annual energy surpluses until the end of the study period (BPA 2023). 

 The types of available resources under firm conditions to meet the load for the federal 

system and the Pacific Northwest region in the Operating Year 2025 are shown in Figure 

2-3. More than 80% of the energy and capacity available from the federal system comes 

from hydropower. The PNW regional analysis reveals that 43% of the energy comes from 

hydropower, as shown in Figure 2-4. While hydro supplies a significant share of the 

resources across the region, the above figures show the PNW region has a more diverse 

resource portfolio. At the same time, the federal system is highly dependent on hydro 

(BPA, 2023). 
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Figure 2-3. Federal System Firm Resource Mix for Annual Energy (BPA, 2023) 

 

Figure 2-4. PNW Regional Firm Resource Mix for Annual Energy (BPA, 2023) 

 

2.7 Reliability and Availability 

Reliability measures system readiness at specific intervals, while availability 

measures the percentage of operability (Bargai & Shittu, 2021). Both offer insights into 
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electric grid stability and help identify areas of vulnerability. Reliability of the U.S. 

electric grid is the probability that the broader, coordinated bulk electric system will 

perform as intended without failure for any given period. In addition, reliability is used to 

measure the bulk electric system’s ability to maintain functionality and performance, 

despite generation and transmission outages. NERC resource adequacy programs, such as 

WRAP are designed to improve electric grid reliability through coordinated pooling of 

capacity resources.  

Reliability is essential for maintaining customer confidence and operational 

efficiency. Reliability modeling is used to predict system performance using 

interdisciplinary methods in probability, statistics and simulation. Reliability theory uses 

mathematical models and statistical techniques to estimate a system's or component's 

probability of failure (Ben-Daya et al., 2016). NERC provides GADS standards for 

outages and failure rates in their Data Reporting and Instructions manual (NERC, 2024b).  

NERC defines factors and rates for a variety of system conditions shown in 

Figure 2-5. Failure rates like Weighted Forced Outage Factor (WFOF) are used to 

determine system or component failure probability. These NERC metrics are important 

for reliability analysis, as they provide insight into the frequency and likelihood of system 

or component failures. By understanding these metrics, BPA and other load serving 

entities can better predict maintenance needs, plan for replacements and improve overall 

system reliability.  
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Figure 2-5. NERC Factors and Rates (NERC, 2024b) 

Measuring availability with performance metrics, such as mean time between 

failures (MTBF) and the mean time to repair (MTTR) is common practice in industry. 

MTBF is calculated by dividing the total operation time by the number of failures as 

shown in Equation 1. MTBF is a key metric used in this praxis to define the average time 

duration between generation outages. MTBF and MTTF are often used interchangeably, 

however MTTF is typically used for non-repairable systems, while MTBF is used for 

repairable systems.  

                                             𝑀𝑇𝐵𝐹 =
𝑇𝑜𝑡𝑎𝑙 𝑂𝑝𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑎𝑙 𝑇𝑖𝑚𝑒

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐹𝑎𝑖𝑙𝑢𝑟𝑒𝑠
                                 (1) 

Equation 1. Mean Time Between Failure (MTBF)  

                                                 𝑀𝑇𝑇𝑅 =
𝑇𝑜𝑡𝑎𝑙 𝑅𝑒𝑝𝑎𝑖𝑟 𝑇𝑖𝑚𝑒

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑅𝑒𝑝𝑎𝑖𝑟𝑠
                                  (2) 

Equation 2. Mean Time To Repair (MTTR)  
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This praxis research uses MTBF and MTTR to develop a forced outage 

forecasting model used to determine lost generation capacity due to forced outages. 

Calculating MTBF and MTTR involves collecting historical data on failure events and 

using statistical methods to compute the average time to failure and between failures. In 

this praxis research, historical outage data comes from BPA’s OTS database. 

The availability metric is the percentage of time that a system or component is in 

an operational state, ready to perform its function at a certain point in time or interval. 

Availability is a metric used to measure the amount of time that a generating unit can be 

used for energy production. Availability is in part defined by an asset’s uptime and 

downtime. These are random variables determined by failure time and repair time 

distributions. As mentioned earlier, availability can be determined for a specific singular 

point in time, or over a certain time interval. For the purposes of BPA capacity planning 

in the WRAP, this praxis will focus on estimating generation availability for a period of 

one year, or 8,760 hours.  

The steady-state average proportion of time a system is operational over a given 

period (0,∞) determines the probabilistic, mean availability of a generating unit. 

Asymptotic average availability is shown in Equation 3, where t1 = 0 and t2 = ∞. Using 

asymptotic average availability, where uptimes are independent and share the same 

exponential distribution function F(t), the average uptime is equal to MTBF. This same 

case is applied to downtimes, which is equal to MTTR and shown in Equation 2. 

Applying the ordinary renewal process to Equation 3, we get the commonly used formula 

for availability shown in Equation 4, where MTBF + MTTR is equal to the total time 

span (Ben-Daya et al., 2016). 
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                                                           𝐴∞ = 𝐴(0, ∞)                                     (3) 

Equation 3. Asymptotic average interval availability  

                                                             𝐴∞ =  
𝑀𝑇𝐵𝐹

𝑀𝑇𝐵𝐹+𝑀𝑇𝑇𝑅
                                                        (4) 

Equation 4. Generator Operational Availability  

Equation 4 determines the generator availability, meaning it is in an available 

state, ready for deployment. The FCRPS electric grid operates continuously and 

maintaining high availability is critical. Utilizing availability metrics such as MTBF and 

MTTR, capacity planners and system operators can improve electric availability. 

Equation 4 shows that availability and reliability are connected, with reliability 

improving through either longer MTBF or shorter MTTR. (Ben-Daya et al., 2016). 

Forced outage probabilities can enable BPA capacity planners to reduce capacity reserve 

and optimize the surplus capacity committed to the power pool. As discussed in Section 

1.1, capacity is acquired in the power pool at 125% of the energy price. Capacity 

planning informed with forced outage probabilities may reduce BPA’s required capacity 

reserve, resulting in more marketable capacity in the power pool. 

 

2.8 Deterministic and Probabilistic Methods 

Capacity planners in the power industry have used multiple methods for 

evaluating resource adequacy. As discussed in “Probabilistic resource adequacy 

assessment of large interconnected systems,” authors Bagen et al, discuss the two 

common approaches as deterministic and probabilistic. Deterministic approaches set a 

reserve margin based on the unavailability of generation capacity. What deterministic 

methods don’t account for is the randomness of generator failures (Bagen et al., 2010). A 
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probabilistic approach to generation capacity forecasting has become more prevalent in 

the power and utility industry as the integration of variable resources such wind and solar 

present greater uncertainty (Zhang et al., 2022). 

Sections 2.8.1 and 2.9 provide a review of methodologies for modeling forced 

outage probabilities for capacity planning. Model analysis can combine several analytical 

and computational techniques. A literature review of loss of load probabilities (LOLP) 

and loss of load expectations (LOLE) finds these are standard approaches for 

probabilistic determination of resource adequacy. A Monte Carlo simulation literature 

review identifies various successful applications in which forced outage probabilities are 

determined by a statistical analysis of thousands of simulations. This helpful approach 

utilizes confidence limits in the solution and can be tailored to risk tolerance. 

Additionally, Monte Carlo simulation can perform sensitivity analysis and provide a lost-

capacity exceedance curve to inform capacity planners when including the uncertainty of 

forced outages in future capacity commitments (Ben-Daya et al., 2016). 

 

2.8.1 LOLP and LOLE 

 Capacity planners in the power industry have used multiple methods for 

evaluating resource adequacy. As discussed in “Probabilistic resource adequacy 

assessment of large interconnected systems,” authors Bagen et al, discuss the two 

common approaches as deterministic and probabilistic. Deterministic approaches set a 

reserve margin based on the unavailability of generation capacity. What deterministic 

methods don’t account for is the randomness of generator failures (Bagen et al., 2010). A 

probabilistic approach to load forecasting has become more prevalent in the power and 
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utility industry as the integration of variable resources such wind and solar present 

greater uncertainty (Zhang et al., 2022).  

LOLP is a standard index used for electric grid reliability and is a measure of 

generation capacity reliability. LOLP is defined as the expected probability that available 

generation capacity is less than the expected load. For generation capacity planners 

wanting to quantify the impacts of forced outages on system availability, the LOLP is 

used to measure the probability for a single point, or an interval such as summer peak 

loads. (Almutairi et al., 2015). In the paper, Optimal Sizing and Designing of Hybrid 

Renewable Energy Systems in Smart Grid Applications, the LOLP is generally defined as 

the expected number of hours in a particular period when capacity deficiency occurs. 

During a loss of load period where generation capacity is deficient, the available 

generation does not meet load demand (Eltamaly et al., 2018). 

NERC has published a resource for capacity planners, Methods to Model and 

Calculate Capacity Contributions of Variable Generation for Resource Adequacy.  In this 

NERC guide, the LOLP calculation combines the load profiles and planned generator 

outage schedules with forced outage probabilities (NERC, 2011). This computation for 

LOLP includes the uncertainty of forced outages. 

One limitation of the LOLP is that it only considers the number of hours in which 

generation is deficit relative to load demand. The LOLP calculation does not account for 

MTBF or the MTTR (NREL, 2011). Forced outages encompass a range of outage 

durations from hours to years. In a federal hydropower system that includes 31 operating 

facilities that vary in installed capacity from 6.8GW to 28MW, the frequency and 

duration of forced outage has wide variability of impact to LOLP. To account for the 
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uncertainty of forced outages a model should include the severity of the outage, which is 

the frequency and duration relative to its operational impact on the system. 

In the paper, “The effects of Uncertainties in Forced Outage Rates and Load 

Forecast on the Loss of Load Probabilities,” the authors summarize the standard method 

of calculating the LOLP into three steps. The first step to calculating the LOLP of a 

system of generating units is to compute the cumulative forced outage probability for the 

system using individual FOR of each generator. The second step uses the Capacity 

Outage Probability Table (COPT) to calculate the probability of Loss of Energy 

Expectation (LOEE) for each forecasted peak load. The third and final step is the 

summation of LOEE probabilities for all the forecasted load demand peaks (Wang, 

1977). LOLE and LOEE are also common indices used in capacity planning to quantify 

resource adequacy and reliability and shown in Equations 5 and 6. LOLE is an expected 

value metric typically measured in days/year, though it can be calculated using other time 

units like hours/year depending on the analysis requirements (NERC, 2011). 

                                                   𝐿𝑂𝐿𝑃 = ∑ 𝑃𝑘 ∗ 𝑡𝑙𝑜𝑠𝑠,𝑘
𝐾
𝑘=1                                               (5) 

Equation 5. Loss of Load Probability  

                                     𝐿𝑂𝐿𝐸 = 𝐸(𝑥) =  𝑃1𝑋1 + 𝑃2𝑋2 … 𝑃𝑖 … + 𝑃𝑛𝑋𝑛                            (6) 

Equation 6. Loss of Load Expectation  

 

2.9 Stochastic Simulation and Monte Carlo Methods 

 Monte Carlo simulations and Markov processes are used in a variety of reliability and 

resource adequacy modeling applications. Electric utilities have been utilizing 

probabilistic methods for determining resource adequacy for decades. Changes in the 
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energy landscape the electric power industry has adopted probabilistic modeling versus 

deterministic approaches. In addition, NERC standards are becoming increasingly 

focused on probabilistic methods and are including probabilistic methods in RA 

standards and best practices. When capacity planners determine reserve margins using a 

probabilistic approach, the reserve margin is based on the probability that some level of 

generation deficit renders the power system unable to meet demand (Bagen et al., 2010). 

 In the paper, Using a Semi-Guided Monte Carlo Method for Faster Simulation of 

Forced Outages of Generating Units, the authors determine the uptime and downtime of 

generating units using an unguided and semi-guided Markov process, in a two-state 

model.  The results show that the semi-guided technique reduced computation time and 

reduced the number of required iterations (Scully et al., 1992). It is common for capacity 

planners to employ Multi-state Markov models to determine power system reliability. A 

two-state model of a generating unit would limit the unit to two states - a capacity of zero 

and full capacity. Generating units can exist in multi-states where the unit is generating at 

a derated capacity, as in the case of a fix blade Kaplan unit, or a transmission limitation 

that requires reduced generation. In the paper, A Multi-State Markov Model for a Short-

term Reliability Analysis of a Power Generating Unit, the authors write that because a 

simple two-state model doesn’t accurately characterize generators, the results of resource 

adequacy studies will be much less conservative using a multi-state model that can 

capture generation capacity between zero and full operational capacity (Lisnianski et al., 

2012). 

 In the paper, “Forced Generation Outage Investigations for the Northwest Power 

Pool”, authors Brown, et al, explain that their analysis of data from almost 2,000 
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machine-years of hydroelectric generating unit operation, finds that while statistical 

testing indicates that neither exponential nor log-normal distributions adequately 

represent the true underlying distribution of outage duration data, the log-normal 

distribution provides sufficient accuracy for practical applications (Brown et al., 1960). 

 The probability of generator failure rates over time can be depicted in the bathtub 

curve shown in Figure 2-6, with three main failure periods: burn-in, useful life, and wear-

out. In the burn-in period, failures from manufacturing and assembly result in a high 

initial failure rate that decreases over time. In the useful life period, failures become 

random, and a constant failure rate is assumed. Finally, the wear-out phase is 

characterized by an increasing failure rate as equipment ages beyond its useful life. The 

time to failure is a discrete random variable, T, with a cumulative distribution function 

(CDF) F(t), shown in Equation 7. The reliability function R(t) is the probability of no 

failures before time t, shown in Equation 8. Finally, the hazard rate shown in Figure 2-6 

as a function of time, is shown in Equation 10, where f(t) is the probability density 

function (PDF), shown in Equation 13 (Ben-Daya et al., 2016). 

 

 Figure 2-6. Bathtub Curve (Ben-Daya et al., 2016)  

 

                                                                    𝐹(𝑡) =  P(𝑇 ≤ 𝑡)                                                        (7)  

Equation 7. Cumulative Distribution Function               
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                                              𝑅(𝑡) =  P(𝑇 > 𝑡) = 1 − 𝐹(𝑡),   𝑡 > 0                                         (8)    

Equation 8. Reliability Function  

                                                         𝐹(𝑡) =  1 − e−λt ,    0 ≤ 𝑡 < ∞                                          (9)   

Equation 9. Exponential Distribution  

                                                                       ℎ(𝑡) =  
𝑓(𝑡)

𝑅(𝑡)
                                                        (10) 

Equation 10. Hazard Function 

 Forced Outage Rate (FOR) is the percentage of time that a generator is unexpectedly 

out of service due to forced outages. FOR is a key index for resource adequacy analysis. 

FOR is defined as the ratio of the downtime hours to the total number of hours the 

generator unit is in an operational state. The MTBF is the reciprocal of the constant 

failure rate where lambda is calculated using Equation 11 (Schneeweiss, 1984). 

 FOR, is represented by (λ) and the repair rate (μ). Failure rate represents how 

frequently equipment fails during its operational time, while repair rate indicates how 

quickly equipment is restored during downtime periods. Exponential distribution is 

commonly used in reliability engineering because it aligns with the constant failure rate 

assumption for generation equipment. This approach relies on the assumptions that 

generators are homogeneous components sharing identical failure rates (λ)and second, 

that failures are memoryless, meaning a generator's failure probability remains 

independent of its operational history (Billinton, 1996). 

                                                                      λ =  
1

𝑀𝑇𝐵𝐹
                                                                 (11) 

Equation 11. Generator Failure Rate  
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 Additionally, the repair rate (μ) is assumed to be constant and is calculated by using 

equation 12, where MTTR is the reciprocal of the constant repair rate. 

                                                                µ =  
1

𝑀𝑇𝑇𝑅
                                                          (12) 

Equation 12. Generator Repair Rate 

 The PDF for the failure rate (λ) and the repair rate (μ) are shown in Equations 13 and 

14. 

                                                           𝑓(𝑡, 𝜆) =  𝜆𝑒−𝑡/𝜆                                                  (13)     

Equation 13. PDF of Failure Rate  

                                                             𝑓(𝑡, µ) =  μ𝑒−𝑡/μ                                                    (14) 

Equation 14. PDF of Repair Rate 

 This literature review found similar research conducted on the Canadian jurisdiction 

of the Columbia River basin, researching the application of Monte Carlo analysis to 

quantify the generation capacity loss due to forced outages. In this research, author 

Agrawal proposes a Monte Carlo analysis with multi-state Markov Chain methods. 

Agrawal argues that the multi-state approach improves the capture of generation capacity 

loss due to generator de-rates. In Agrawal’s model, generator de-rates represent a third 

operational state, between operating at max capacity and no capacity as in a forced 

outage state (Agrawal, 2018).  

 

2.10 Current Approach for BPA Capacity Planners 

 WRAP capacity planners at BPA commit to a power pool capacity seven months in 

advance of winter or summer peak load periods. FCRPS operating hydro projects update 

OTS with planned outages one year in advance and maintain the database with updated 



33 

 

and accurate schedules. Capacity planners use a deterministic approach, utilizing planned 

and unplanned outages in OTS to calculate system availability over summer and winter 

peak load time intervals. This accounting of system availability alone is insufficient and 

does not account for uncertainty. 

 An example of uncertainty with planned outages is when an operating project cancels, 

extends or postpones an outage after the capacity commitment to WRAP has been set. A 

capacity commitment set seven months in advance can have a significant amount of 

uncertainty and planners may rely heavily on reserves. In addition to emergent schedule 

changes to planned outages, capacity planners contend with the risk of unplanned or 

forced outages.  

 Currently no model or planning tool exists within BPA to quantify the probability of 

capacity reducing forced outages. Instead, capacity planners use 10 years of historical 

GADS outage data and average the capacity deficit due to forced outages during the 

summer and winter WRAP periods. They use the ten-year historical average to inform the 

necessary reserve requirements. The intent of this praxis is to develop a probabilistic 

forced outage forecasting model that will help optimize the planned MW generation 

capacity reserve. Optimized reserves allow more surplus capacity to be available and 

marketed in the power pool and reduce the risk of deficit capacity.  

 

2.11 Summary and Conclusion  

 In summary, capacity planning primarily relies on LOLP and LOLE analysis. LOLP 

represents the probability that available generation capacity is less than demand and 

serves as a standard reliability index for electric grid adequacy assessment. While LOLP 
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provides valuable insights into generation capacity planning, its limitation lies in not 

capturing the frequency and duration characteristics of outages. Monte Carlo simulation 

offers a more comprehensive approach to availability modeling by enabling stochastic 

analysis of MTBF and MTTR. These simulations assume that generator failure and repair 

rates follow exponential distributions. This modeling approach depends on two key 

assumptions: 1) generator homogeneity, where all units of the same type share identical 

failure rates (λ) and 2) memoryless behavior, where a generator's failure probability 

remains independent of its forced outage history (Billinton, 1992). 

 The research methodology in this praxis differentiates from previous research by 

focusing on the probability of unavailable capacity due to forced outages using actual 

forced outage data from the FCRPS hydropower plants. Additionally, this praxis 

contributes to the body of knowledge based on the uniqueness of the FCRPS and the 

actual model build developed in this research to aid capacity planners at BPA and the 22 

member utilities in WRAP. Finally, this analysis treats derated generators as a separate 

capacity planning consideration, avoiding the complexity of multi-state Markov Chain 

modeling. The analysis of five years of historical data reveals that observed generator 

derates are overwhelmingly, long-term conditions spanning the entire dataset period. 

These derates typically result from repairs that safely restore units to service but with 

lower operational capacity. Long-term derates can often be addressed through capital 

investments to restore generators to their original nameplate capacity. The proposed 

methodology requires accurate accounting of maximum generation capacity that reflects 

both long-term capacity changes from derates, as well as operational capacity variations 

due to water supply forecasts. 
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Chapter 3—Research Methodology 

3.1 Introduction 

This chapter provides a detailed overview of the methodology used in this praxis 

research. This praxis is focused on estimating generation capacity loss due to unplanned, 

forced generation outages. Forced generation outage estimates aid BPA capacity planners 

in the optimization of marketable capacity in WRAP and other future resource adequacy 

power-pooling markets. This chapter consists of an overview of the proposed model 

development. Section 3.2 is a statement of the problem and the proposed solution. 

Section 3.3 introduces the independent and dependent variables used in simulation. 

Section 3.4 describes the data sources used in this research. Section 3.5 is a detailed 

summary of the data collection. Section 3.6 discusses the required data preparation and 

quality control. Section 3.7 discusses the various data limitations encountered in the five-

year historical data set used. Section 3.8 outlines data analysis steps followed in this 

research. Sections 3.9 and 3.10 describe the MATLAB model. Section 3.11 outlines and 

describes the validation methods used in this research. Section 3.12 discusses the 

hypotheses to be tested in this research. Finally, Section 3.13 provides a summary and 

conclusion. 

3.2 Statement of the Problem and Proposed Solution 

 Availability forecasting is a coordinated effort, as the FCRPS comprises thirty-one 

federal hydroelectric dams owned and operated by the USBR and USACE (Bureau of 

Reclamation, 2019). Twenty-one are analyzed for WRAP purposes. Forced outages 

reduce Bonneville Power Administration’s planned capacity in WRAP. Capacity 

commitments that don’t account for forced outage probabilities risk losing revenue of 



36 

 

marketable power up to 120% of spot price. When a hydropower generator is forced out 

of service, this is an unplanned event that reduces the hydropower system availability. 

The time a hydropower generator is out of service is its unavailability. A Monte Carlo 

simulation for forced outage unavailability allows BPA to both maintain capacity 

obligations and maximize revenue opportunities in the WRAP. Maximizing revenue in 

the WRAP market depends on the amount of surplus BPA can commit. BPA’s 

marketable surplus capacity is the remaining capacity after subtracting its load resource 

obligations, water resource obligations, treaty obligations, scheduled transmission 

outages, scheduled generation outages and unplanned forced generator outages. Forced 

outages represent significant uncertainty of available capacity – especially in WRAP’s 

forward showing (seven months in advance) capacity commitment. WRAP capacity 

planners consider generation capacity loss due to both scheduled and forced generator 

outages in their capacity commitments. This research aims to provide a Monte Carlo 

simulation model that minimizes uncertainty in planned capacity through disciplined 

accounting of forced outage unavailability. The model will be used for operations 

planning to commit to power pool capacity seven months in advance for both summer 

and winter load peaks. 

 

3.3 Relevant Variables 

 The generator outage data variables include the outage type (whether it is forced, 

planned, urgent, etc.), out of service time in hours and the return to service time in hours. 

The outage types for each logged outage in OTS follow the NERC Generator Availability 

Data System (GADS) standards for classification and reporting.  
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 The Monte Carlo simulation has two independent variables, the MTBF and the 

MTTR. As discussed, MTBF is the mean time between failures in hours and MTTR is the 

mean time to repair in hours. This analysis uses average historical generator outage data 

in a five-year period, to estimate the next year’s generation capacity loss due to forced 

outages. WRAP planners will use this yearly estimate to plan the bi-annual capacity 

commitment for both summer and winter peak loads.  

 MTBF and MTTR are determined by FCRPS operating project outage data entered 

into BPA’s OTS database. As mentioned above, the historical data in OTS conforms to 

NERC GADS standards in terms of forced outage classification. Generator uptime and 

downtime are determined by MTBF and MTTR. MTBF is the generator’s uptime, 

otherwise known as the available time, that the generator is synced to the grid. MTTR is 

the generator down time, which is the time the generator is not synced to the grid. The 

variables are obtained from the FCRPS outage data in PBA’s OTS database. Figure 3-1 

shows that the MTBF is the generator “uptime” where it is synced to the grid and 

operational. Additionally, the figure shows that the MTTR is the generator “downtime,” 

in an outage state and not synced to the grid. 

 

 

Figure 3-1. Uptime and Downtime 
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 The inputs to the Monte Carlo simulation include the number of experiments and the 

random number of the exponential distribution for both MTBF and MTTR. The number 

of experiments for the model run is 10,000 and is discussed more in Section 3.9.  The 

output of the simulation is the generator availability, shown in Equation 4 and is the ratio 

of the average uptime and the total span of time including the total hours the generator is 

in both operational and failure states. 

                                        𝑈𝑛𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦 = 1 −  
𝑀𝑇𝐵𝐹

𝑀𝑇𝐵𝐹+𝑀𝑇𝑇𝑅
                                       (15) 

Equation 15. Generator Unavailability  

 Finally, the unavailability of the generating unit is shown in Equation 15. The 

generation loss due to forced outages is shown in Equation 16. Equation 16 is the method 

used to determine generation capacity loss due to forced outages. One issue to overcome, 

that is discussed in Section 3.5.1 is that a single hydropower plant may have multiple 

generators with different capacities. In these cases, the methodology used in this research 

organizes generators by capacity to determine average unavailability. The generation 

capacity loss is determined for each plant and when required, grouped by equal capacity 

generators. Generation capacity loss is then aggregated by generator capacity and by 

hydropower plant to determine overall system availability. 

                                 𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝐿𝑜𝑠𝑠𝐹𝑂 = 𝑈𝑛𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦 ∗ 𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦                           (16) 

Equation 16. Generator Capacity Loss  

 

3.4 Data Source 

 The data used in this praxis comes from BPA’s outage tracking system (OTS) 

database, maintained by BPA and used by FCRPS federal partners as well as BPA 
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transmission. This data includes forced outages from all 31 hydro power plants across the 

FCRPS. MTBF and MTTR are variables determined from the outage data. The outage 

data includes the out of service and in service times for each forced outage. This Praxis 

research uses plant-specific outage information to estimate overall system availability. 

This research is approved by BPA; however, FCRPS outage data is BPA business 

sensitive and cannot be shared or published. Additionally, hydropower plant names are 

anonymized from the results and data tables to protect business sensitivity.  Figure 3-2 is 

an example of the forced outage data format from OTS, using mock data for illustration.  

 

3.5 Data Collection 

 The variable MTTR to is obtained from the “Out of Service Duration Hrs’ shown as a 

column header in Figure 3-2 and is the downtime of the corresponding forced outage. 

The MTBF is the number of hours between the “In Service Time” of the previous forced 

outage and the “Out of Service Time” of the next forced outage, also shown in Figure 3-

2. This data is pulled from the OTS database as a .csv file and the MTBF is calculated in 

Excel. The “Duration Days” and “Duration Hrs” are checked for correctness. In addition, 

outage data is continuously monitored for correctness of outage type and duration.   

 Due to the limited historical dataset spanning 2019-2023 and the age of the OTS 

database, some forced outages have recorded MTTR values without corresponding 

MTBF values. This occurs when the “Out of Service Time” precedes the data collection 

period, affecting only the historical dataset used for model training. Rather than 

artificially generating MTBF values, this analysis uses only observed historical values to 

maintain statistical integrity for validating exponential distribution. This results in a 
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slightly larger sample of MTTR observations compared to MTBF observations. This 

approach maintains the statistical integrity of the observed historical forced outage data. 

 

Figure 3-2. OTS Outage Data 

 

3.6 Data Preparation 

 The OTS database captures generator outages both scheduled and unplanned, across 

the FCRPS. OTS is at the center of outage coordination activities and processes at BPA. 

OTS was built in 2018 and contains seven years of outage data. Historical forced outage 

data from OTS encompasses all federal hydro generation projects in the FCRPS. Figure 

1-1 shows the geographic area of the Columbia River Basin and the 31 FCRPS 

hydropower projects. For this Praxis research, this model is being designed for WRAP 

capacity planners who focus on specific hydropower plants. The 21 plants studied in this 

analysis are shown in Table 3-1 and represent the specific subset of FCRPS hydropower 
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plants that WRAP capacity planners currently use in their deterministic capacity planning 

approach. 

 

Table 3-1. Generators Used in WRAP Modeling 

 To demonstrate the improvement of the proposed Monte Carlo methodology over 

existing practices, this research maintains the same plant selection used by WRAP 

capacity planners. There are ten hydropower plants not considered by WRAP capacity 

planners and thus filtered out of the data set. The ten excluded FCRPS plants serve 

different operational purposes, primarily focused on irrigation and, to a lesser extent, 

recreation. These hydropower plants are not considered in WRAP capacity planning 
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because of their operational priorities. This approach to plant selection enables adoption 

by WRAP capacity planners, by using their established scope. BPA also markets the 

power from Columbia Generating Station (CGS), a 1GW nuclear facility that is also 

excluded from this analysis. CGS outages are filtered out for the dataset. For the 21 

projects in this analysis, OTS outage schedule data is filtered for only forced outages and 

separated by project and individual generating units. There are 175 hydropower 

generators in this analysis, totaling 21,544MW of capacity.  

 Finally, when hydropower plants contain multiple generators with different nameplate 

capacities, these generators are grouped by capacity shown in Table 3-1. As an example, 

for a hydropower plant that has ten generators consisting of five 80MW units and five 

100MW units, generators are grouped by capacity: Group 1 with 400MW total capacity 

(5 × 80MW) and Group 2 with 500MW total capacity (5 × 100MW). This grouping 

approach ensures consistency when calculating generation capacity loss. 

 

3.7 Data Limitations 

 As discussed in Section 4.2, OTS contains only seven years of outage data and 

this has some limitations. For many of the smaller projects the frequency of outages is 

much lower and thus may have a small data set, making the determination of best fit for 

an underlaying distribution more difficult. Furthermore, many projects have had long-

term outages that span the entirety or a large part of the five-year span of the data. This is 

significant for hydropower plants with large capacity generators that account for a larger 

percentage of overall, system-wide capacity. Figure 3-3 shows the projects studied in this 
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analysis and their capacities. The figure shows that the largest hydropower plant, P4, 

accounts for approximately 31% of the total system capacity.  

 Simulation directly addresses the challenge of limited historical data by providing 

an alternative source of modeling information, with the benefit of compensating for 

limited data availability (Morris et al., 2019). This capability is particularly useful with 

respect to forced generator outages in OTS, as the database is relatively new and has 

limited historical records. 

Another limitation of the data is that some smaller plants in this analysis don’t 

always have a forced outage on the hydropower generating units every year. This is the 

reasoning for using the average from a five-year data set. Section 4.7 describes the model 

validation approach, in which the five-year historical average, calendar years 2019-2023, 

is used to estimate calendar year 2024. A data limitation when doing this is that a single 

forced outage may be recorded for the entire year. The calculation for MTBF in this case 

is handled differently. When a hydropower generating unit only has a single forced 

outage in calendar year 2024, the starting point is unavailable.  

 

Figure 3-3. System Capacity 
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An additional limitation of the data set is the manual entry of forced outages. 

These are entered into OTS by plant operators, dispatchers, or the BPA outage group. 

Sometimes these are miscategorized. To avoid missing data and to ensure all historical 

forced outages are included in the data set, filtering for forces outages requires both the 

selected outage type and the outage description, which would indicate that the outage was 

forced and unplanned.  This required additional filtering for key words. These words 

include “forced”, “F/O” and “FOOS”. 

The last data limitation to discuss is the complexity of generator capacity. For 

example, there is name plate capacity and operational capacity. A hydropower 

generator’s max capacities can change. One example is when a repair to a turbine blade 

necessitates a fixed position. The power curve and max capacity will no longer match the 

name plate capacity. There are many examples of repairs to equipment that keep the 

hydropower generators safely operating until a major capital project begins for a 

complete overhaul. This repair often comes at a cost to operational efficiencies or a 

reduction of capacity. It is important for this model to be updated with the latest 

hydropower generator max capacity. In the paper, “A Systematic Comparison of 

Operating Reserve Methodologies” the authors argue that power system operators must 

proactively establish reserve capacity levels to address potential supply-demand 

mismatches caused by forecasting inaccuracies and unexpected generator failures (Ibanez 

et al, 2014). Capacity planners should work with system operators to ensure WRAP 

capacity commitments are based on correct assumptions for max capacities, 

Finally, data errors existed in the database for the outage duration in hours. These 

errors were corrected by multiplying the duration in days by 24 hours. This praxis 



45 

 

research aims to support an important work problem with BPA. In anticipation of 

building a Monte Carlo simulation to estimate the generation capacity loss, several 

quality control and reporting processes have been created to quickly catch and correct 

hydropower generator forced outage errors. 

 

3.8 Data Analysis Steps 

 This section details the steps followed in this research and describes the analysis 

performed to evaluate and answer the research questions posed. Using five years of 

historical forced outage data collected from OTS for years 2019 -2023, capacity planners 

at BPA use the years average hydropower generator unavailability due to forced outages, 

to estimate the next year’s generation capacity loss.  Generation capacity loss is 

calculated as shown in Equation 16. This is the current approach capacity planners are 

taking to estimate yearly generation capacity loss from forced outages. This research 

compares the results of different approaches to estimating the annual generation capacity 

loss resulting from forced outages, using the same historical data.  

 The Monte Carlo method simulates 10,000 availabilities based on the independent 

variables MTBF and MTTR, which are averages from the five-year (2019 – 2023) data 

set. To simulate the independent variables, a best fit distribution is tested using the 

exponential distribution. The results section describes this analysis, and it is found that 

the exponential distribution will work well as the underlying distribution in the 

simulation of random variables. In the MATLAB script MTBF and MTTR are random 

numbers generated from exponential distribution. By using Monte Carlo simulation, 

availability and unavailability are estimated from 10,000 random simulations. The current 
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approach by capacity planners uses the much smaller historical, five-year data set. The 

Monte Carlo simulation estimates the availability for each hydropower plant generator, 

using each of the 10,000 simulations. The formula is shown in Equation 17 below. After 

running the Monte Carlo analysis, not only can we use the availability from the entire 

simulation shown in Equation 18, but we can perform some statistical analysis, create 

probability distributions and compare estimated availability. 

                                               𝐴(𝑖) =
𝑢𝑝𝑡𝑖𝑚𝑒 (𝑖)

𝑑𝑜𝑤𝑛𝑡𝑖𝑚𝑒 (𝑖)+  𝑢𝑝𝑡𝑖𝑚𝑒 (𝑖)
                                          (17) 

Equation 17. Simulated Availability (i)  

                                               𝐴 =
𝑠𝑢𝑚 (𝑢𝑝𝑡𝑖𝑚𝑒)

 𝑠𝑢𝑚(𝑢𝑝𝑡𝑖𝑚𝑒)+𝑠𝑢𝑚(𝑑𝑜𝑤𝑛𝑡𝑖𝑚𝑒)
                                       (18) 

Equation 18. Simulated Availability  

 After determining an estimated availability from 10,000 simulations, MATLAB 

creates an array of the10,000 availabilities, from each simulated random MTBF and 

MTTR variables. A probability distribution is created from the 10,000 availabilities and 

the expected value is determined. The expected value is used as an estimate for 

availability and used to calculate generation capacity loss. A probability distribution is 

created for the discrete variable, availability. The probability distribution is a mutually 

exclusive list of all possible outcomes, with each simulated availability’s respective 

probability of occurrence, P(x). P(x) is calculated for every estimate and shown in 

Equation 19. X*P(x) is the availability estimate times its probability. The expected value 

is equal to the sum of the probabilities P(x). Using Equation 20 below, the expected value 

is determined (Gupta et al., 2019). 

                                                           𝑃(𝑥) =
𝐹𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦

𝑇𝑜𝑡𝑎𝑙
                                                 (19) 

Equation 19. Probability, P(x) 
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                                                    µ = 𝐸(𝑥) =  ∑ 𝑥𝑖𝑝(𝑥𝑖)𝑘
𝑖=1                                            (20) 

Equation 20. Expected Value, E(x) 

 

                                            𝜎2 = 𝑉𝑎𝑟(𝑋) = ∑ (𝑥 − µ)2𝑝(𝑥𝑖)
𝑘
𝑖=1                                   (21) 

Equation 21. Variance, Var(x) 

                                                            𝜎 = √𝑉𝑎𝑟(𝑥)                                                      (22) 

Equation 22. Standard Deviation  

 After the expected value is calculated from the probability distribution, the next step 

taken identifies outliers. Outliers are identified and removed from the data set using the 

interquartile range IQR method. The IQR creates an upper and lower bound and removes 

extreme events that can provide poor availability estimates. After outliers are removed a 

new availability estimate is determined, using the 50th percentile or P50. Actual 

hydropower generation capacity loss has a 50% probability to exceed this estimate and 

likewise a 50% probability that it will be less than this estimate. This is compared to the 

simulated availability estimate, the average five-year historical availability estimate, the 

expected value estimate of the entire 10,000 availability simulations and finally, the P50 

estimate after outliers are removed. Using the interquartile range (IQR) method, outliers 

are removed. The IQR is calculated using Equation 23, the third quartile minus the first 

quartile (Gupta et al., 2019). 

                                                                   𝐼𝑄𝑅 = 𝑄3 −  𝑄1                                                         (23) 

Equation 23. Interquartile Range 

 The IQR measures the range of simulated availability outcomes, relative to the 

middle 50% of the 10,000 simulated availabilities that lie between the upper and lower 

quartiles.  To use the IQR to identify outliers in the simulated generator availabilities we 
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use the values for Quartile 1 and Quartile 3 to calculate a lower and upper bound. The 

lower bound and upper bound formulas are shown in Equations 24 and 25. Simulated 

availability below the lower bound and above the upper bound are considered outliers 

(Ben-Daya, 2016). 

                                                𝐿𝑜𝑤𝑒𝑟 𝐵𝑜𝑢𝑛𝑑 = 𝑄1 − (1.5 ∗ 𝐼𝑄𝑅)                                         (24) 

Equation 24. IQR Lower Bound 

                                              𝑈𝑝𝑝𝑒𝑟 𝐵𝑜𝑢𝑛𝑑 = 𝑄3 + (1.5 ∗ 𝐼𝑄𝑅)                                         (25) 

Equation 25. IQR Upper Bound 

 

3.9 Monte Carlo Simulation Parameters 

 The selection of 10,000 simulations follows standard Monte Carlo practice for 

achieving statistical convergence while maintaining computational efficiency (Ballio & 

Guadagnini, 2004). The adequacy of 10,000 simulations is validated by the results shown 

in Table 4-5 of Section 4.3.1. The simulated system-wide unavailability differs by only 

0.3% from the historical 5-year average unavailability calculated from the same 

independent variables. This demonstrates that 10,000 iterations provide sufficient 

precision without requiring more simulations. 

 Additionally, 10,000 simulations support the methodology used in this praxis research 

by enabling robust statistical analysis including probability distribution generation, 

outlier removal using the IQR method, and expected value determination.  Finally, 

10,000 simulations are practical for computational requirements and operational 

implementation by WRAP capacity planners. 
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3.10 Model Build 

 The Monte Carlo analysis is simulated using MATLAB script. Based on an 

exponential distribution for MTBF and MTTR, 10,000 simulations using a random 

number generator function simulates availability over one year, which is 8760 hours of 

operational timespan. Each hydropower plant is characterized by the average MTBF and 

MTTR. These are calculated for each generating unit across 21 hydropower plants using 

the five-year forced outage data set.  

 Figure 3-4 shows the script to run the simulation. Simulated MTTR represents the 

total hours the unit is in a forced outage state. There is no overlap with a forced outage 

state and any other state. Therefore, MTTR represents the downtime of the generating 

unit and MTBF represents the total hours the unit is in not in a forced outage state. 

Likewise, for MTBF, there is no overlap with a forced outage state and any other state. 

Therefore, MTBF represents the uptime of the generating unit. 

 The model’s MATLAB script is shown below. The simulation is defined by 

“number_of_runs” which is equal to 10,000. The ‘for-end’ loop is simulated 10,000 

times, generating uptime and downtime histories. The MTBF is determined by the hours 

between failures for each generating unit by hydroelectric power plant. The MTBF / 8760 

represents the MTBF in percentage of hours per year. MTTR / 8760 represents the mean 

time to repair in percentage of hours per year. The model’s transfer equation is the 

availability formula describing the system-wide availability of the 21 hydropower plants 

studied (Hamsa, 2024).  

                                        𝐴(𝑖) =
𝑈𝑝 𝑇𝑖𝑚𝑒(𝑖)

(𝑈𝑝 𝑇𝑖𝑚𝑒(𝑖) + 𝐷𝑜𝑤𝑛 𝑇𝑖𝑚𝑒 (𝑖))
                                     (26) 

Equation 26. Availability A(i) in MATLAB 
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                                                            𝐴 =
𝑠𝑢𝑚(𝑈𝑝 𝑇𝑖𝑚𝑒)

𝑇𝑖𝑚𝑒 𝑆𝑝𝑎𝑛
                                                       (27) 

Equation 27. Availability in MATLAB 

 

 

Figure 3-4. MATLAB Script 

 

 This MATLAB function generates a random number from exponential distribution. 

The exprnd(MTBF) function simulates uptime and generates a random number from the 

exponential distribution with the historical MTBF. Likewise, the exprnd(MTTR) function 

simulates downtime and generates a random number from the exponential distribution 
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with the historical MTTR. An array is created in MATLB with 10,000 simulated 

availabilities (Gilat, 2025). 

 

3.11 Validation Method 

The validation approach has two parts. The Monte Carlo simulation is validated 

by comparing the results of the current planning method using five-year actual 

availability averages and the simulated estimates. The simulated estimates are evaluated 

for how well the simulation accounts for the uncertainty of generation capacity loss due 

to forced outages. The lost generation forecast results are compared to the actual lost 

generation in the historical data set and evaluated for accuracy. The mean absolute 

deviation error (MAD) is used to measure the accuracy of lost generation predictions of 

the five-year estimates and shown in Equation 28.  MAD is selected over percentage-

based metrics to avoid division errors when availability or unavailability is zero. 

                                            𝑀𝐴𝐷 =
∑ |𝐴𝑡−𝐹𝑡|𝑛

𝑡=1

𝑛
                                                       (28) 

Equation 28. Mean Absolute Deviation 

The second validation method used in this praxis employs hold-out validation, 

using out-of-sample testing with a five-year historical data set (years 2019 through 2023) 

to estimate the total generation capacity loss in calendar year 2024. Hydropower 

generator forced outage data is collected from OTS for calendar year 2024 and filtered 

the same way as the test data. MTBF and MTTR are calculated for the same 175 

generators across 21 hydropower plants. 

To evaluate the accuracy of generation capacity loss estimates, calendar year 2024 

actual forced outage unavailability and generation capacity loss is compared to the 
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estimates of the five- year simulation, five-year average, expected value and the P50 

estimate with outliers removed. This analysis uses the mean absolute deviation error 

(MAD) to identify the estimate with the best accuracy and lowest MAD. The results of 

the MAD between the actual generation capacity loss and the estimate are averaged 

across all hydropower plants. 

Additionally, to assess model robustness across different operational scenarios, 

the methodology was tested against 2025 year-to-date forced outage data with scenario 

analysis. This approach was selected over testing prior years or reducing the historical 

window because it provides true out-of-sample validation while maintaining current 

industry practice. BPA capacity planners currently use a 5-year average for their 

deterministic approach, which this research replicates to demonstrate methodology 

improvements. Four scenarios were evaluated: actual 2025 year-to-date capacity loss and 

three projections representing 50%, 100%, and 150% increases to account for potential 

additional forced outages through year-end. 

 

3.12 Hypothesis Testing 

 The hypotheses to be tested are as follows: 

H1: Historical five-year average MTBF and MTTR can be simulated as a random 

number from an exponential distribution to estimate WRAP capacity. 

H2: Monte Carlo simulation of availability metrics MTBF and MTTR quantify 

the frequency and severity of forced outages to more accurately estimate the reduction of 

available capacity from a limited data set. 
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 H3: The probability distribution of the Monte Carlo simulation defines statistical 

limits for estimated availability that provides a disciplined approach to setting reserve 

capacity.  

H4: The probability distribution of the Monte Carlo simulation optimizes the 

generation capacity reserve to maximize marketable power. 

 

3.13 Summary and Conclusion 

 Hydropower generator forced outages present a large uncertainty in capacity 

planning. The methodology used in this praxis research will provide a data driven model 

using historical forced outage data to estimate lost generation capacity due to unplanned 

forced generation outages. Accurate estimates of generation capacity loss from forced 

outages will aid BPA capacity planners in the optimization of marketable generation 

capacity in WRAP and other future RA power-pooling markets. The Monte Carlo 

analysis is simulated using MATLAB script. Based on an exponential distribution for 

MTBF and MTTR, 10,000 random number simulation from an exponential distribution 

simulates availability over one year. Each hydropower plant is characterized by the 

average MTBF and MTTR. These are calculated for each generating unit, across 21 

hydropower plants using the five-year forced outage data set.  

 The Monte Carlo simulation of historical forced outages is evaluated for accuracy 

using the MAD metric for the prediction of calendar year 2024 actual generation capacity 

loss. Quantifying the uncertainty of forced outages allows BPA to both maintain capacity 

obligations and maximize revenue opportunities in the WRAP. This solution will 

minimize uncertainty in planned capacity through disciplined accounting of forced outage 
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probabilities and allow for power-pool capacity planning seven months in advance for 

both summer and winter load peaks. 

 Finally, the probabilistic reserve capacity methodology proposed in Section 3.8 

uses the IQR method to eliminate extreme events. The P50 unavailability provides a 

baseline for capacity commitments, while the expected value serves as the upper planning 

boundary. The reserve requirement is calculated as the difference between expected 

unavailability generation capacity loss and P50 unavailability generation capacity loss, 

creating a risk buffer proportional to actual system uncertainty. 
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Chapter 4—Results 

4.1 Introduction 

 This praxis is focused on predicting lost capacity probabilities due to unplanned 

forced generation outages. This chapter provides a detailed overview of the model results. 

Section 4.2 outlines the initial data analysis to determine if the exponential distribution is 

sufficient for representing generator unit failure rates in model simulation. Section 4.3 

discusses the simulation results. Section 4.4 discusses the IQR and method for removing 

outliers in the simulated availability data set. Section 4.5 discusses the probability 

distribution and expected value of the simulated availability. Section 4.6 is the model 

results, showing the comparison of availability estimates of the five-year historical forced 

outage data set. Section 4.7 discusses results of the simulation validation, which estimates 

generation capacity loss for calendar year 2024 based on estimates from the five-year 

data set. Results of the estimation error using MAPE is presented. Finally, section 4.8 

through 4.9 presents the hypothesis test results.  

 

4.2 Preliminary Analysis 

 After creating a complete data set, the first step taken in data analysis was to test 

the hypothesis that the exponential distribution was suitable as an underlying distribution 

for generator unit outage simulation. The MTBF was calculated for each hydropower 

generator forced outage, by plant and by generator. The variables MTBF and MTTR for 

each generator are plotted and analyzed for fitness. The fit of the distribution is validated 

using R2 values. The results are shown in Table 4-1. The most significant reason for low 

R2 values is the lack of forced outage data at some hydropower projects. Other reasons 
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include long-term outages spanning the majority, or whole, of the five-year data set, 

generator conditions and other operational conditions.  

 

Table 4-1. R-squared Values to Determine Exponential Fit 

 

4.3 Model Results 

 This praxis is focused on predicting lost capacity probabilities due to unplanned 

forced generation outages. This section provides a detailed review of the results of the 
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Monte Carlo simulation. The Matlab script shown in Figure 3.5 simulates the variables of 

MTBF and MTTR 10,000 times using a random number, exponential distribution 

generator. The MTBF and MTTR variables determine the simulated availability using the 

historical outage data from 2019-2023. These availabilities are plant level, unless the 

plant has generators of varying max capacities. In this case the simulated availability is 

by grouped of generators, by order of generator capacity.  

 The unavailability is 1 – the availability and both are shown in Table 4-3. To 

determine the generation capacity loss due to forced outages the unavailability times the 

total MW capacity of the generator or group of generators calculates generation capacity 

loss. The total simulated lost generation capacity due to forced outages is the summation 

lost generation capacity across the system of 21 hydropower projects.  

 

4.3.1 Monte Carlo Simulation Results 

 Table 4-2 summarizes the Monte Carlo simulation results. Based on five years of 

historical forced outages, the simulation models a total yearly generation capacity loss of 

1,327.42 MW. The total capacity of the 21 hydropower plants is 21,544 MW. The 

simulated percentage of generation capacity loss due to forced outages over the 8,760 

hours of operation is 6.16%. 

 

Table 2-2. Simulation Results Summary Table 
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Table 4-3. Simulated Availability, Unavailability, Generation Capacity Loss Results 

 These simulation results are compared to the current methodology that capacity 

planners use to account for forced outages in capacity planning. The uncertainty of the 

generation capacity loss due to forced outages is currently determined by averaging the 

unavailability of historical forced outages in the same five-year data set 2019 - 2023. 

Table 4-4 shows the simulation results compared to the average availability method 

currently used. The comparison in Table 4-5 shows that the Monte Carlo simulation 

results predict 65.55MW more in yearly generation capacity loss.  
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Table 4-4. 5-year Simulated and 5-year Average Availability Comparison Table 
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Table 4-5. 5-year Simulated and 5-year Average Generation Capacity Loss Table 

  

 The time that a generator is available is referred to as “Up-Time” and is represented 

by the variable MTBF. This variable is the amount of time, in hours between the end of 
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the generator’s last failure and the beginning of the next failure. Likewise, the time the 

generator is inoperable due to a forced outage resulting from equipment failure is its 

“Down-Time,” represented by MTTR, which is the duration of the outage, in hours. The 

model creates 10,000 simulated “Up-Times” and 10,000 simulated “Down-Times”. For 

each simulated Up-Time and Down-Time, there is a simulated availability, A. The 

formula for each simulated availability is shown in Equation 26. Availability is the 

amount of time the generator is operating or available to operate, divided by the total 

amount of time, which for this analysis is 8,760 hours. The model’s simulated availability 

is the sum of the 10,000 simulated Up Times divided by the total time span, which is the 

sum of the 10,000 simulations of both Up Time and Down Time, this is shown in 

Equation 27. 

 The simulated availabilities shown in Table 4-4 are determined by using Equation 27 

from the simulated variables. The simulated availability for each generator is calculated 

using simulated Up Times and Down Times, which are generated random numbers from 

exponential distribution.  

 

4.4 Removing Outliers from Simulated Availabilities  

 The scatter plots of the simulated generator availabilities indicate outliers exist. 

Removing the outliers may lead to a more useful prediction of unavailability due to 

forced outages. The scatter plots are shown below. Using the interquartile range (IQR) 

method, outliers are removed. The IQR is calculated using Equation 23. As discussed in 

Section 3.8, the IQR measures the range of simulated availability outcomes, relative to 

the middle 50% of the 10,000 simulated availabilities, that lie between the upper and 
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lower quartiles. To use the IQR to identify outliers in the simulated generator 

availabilities we use the values for Quartile 1 and Quartile 3 to calculate a lower and 

upper bound.  The lower bound and upper bound formulas are shown in Equations 24 and 

25. Data points that fall below the lower bound and above the upper bound are considered 

outliers (Ben-Daya, 2016). 

 Table 4-6 shows the calculated 1st and 3rd quartiles, IQR and the lower and upper 

bounds for the 10,000 simulated availabilities of each generating unit. Because the 

simulated availability and calculated variables are simulated randomly in exponential 

distribution, removing the outliers improves accuracy by reducing variance. Using the 

upper and lower bounds as fences, outliers are removed from the simulated availability. 

Once the outliers are removed the median, or P50, value is used as the estimated 

generator availability and compared to the simulated availability without removing 

outliers. 

 Two hydropower projects had a negative lower bound and no data points were 

removed.  A negative lower bound is expected when there is a large number of simulated 

generator availabilities close to zero. This is evidenced by looking at the scatter plots for 

the projects with negative lower bounds, shown below. A negative lower bound can also 

be an indication the exponential distribution may not be the best fit for the historical 

outage data used to simulate MTBF and MTTR.  
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Table 4-6. IQR Lower and Upper Bounds 
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Figure 4-1. Simulated Availability Outliers 

 



65 

 

 

 

 

Figure 4-2. Simulated Availability Outliers 
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Figure 4-3. Simulated Availability Outliers 
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Figure 4-4. Simulated Availability Outliers 
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Figure 4-5. Simulated Availability Outliers 
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Figure 4-6. Simulated Availability Outliers 
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Figure 4-7. Simulated Availability Outliers 

 

 

Figure 4-8. Simulated Availability No Outliers 
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Table 4-7. Number of Outliers Removed 

 

The outliers were removed using the IQR method and the number of outliers in 

10,000 simulated availabilities at each project is shown in Table 4-7. Hydropower plants 

P13 and P15, shown in Table 4-7 are the two hydropower projects with negative lower 

bounds. With the new availabilities for each project, the P50 or median value is used as 

the forecasted availability, shown in Table 4-8. The P50 value is chosen as a realistic 

estimate, meaning the actual generator availability has a 50% chance of being higher or 



72 

 

lower.  With the P50 availability, capacity planners have a reasonable point of reference 

for determining acceptable risk. 

 

Table 4-8. P50 Availability 

 

  

4.5 Probability Distribution and Expected Value 

 The expected value is calculated from the 10,000 availability simulations, as an 

estimate for availability. 1 – expected value of generator availability is the expected 

unavailability and is used to calculate generation capacity loss for comparison. As 

discussed in Section 3.8, a probability distribution is created for simulated availability. 
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The calculated expected value (mean), variance and standard deviation are shown in 

Table 4-9 and the unavailability and generation capacity loss are shown in Table 4-10. 

 

 

Table 4-9. EV, Variance and σ of Simulated Availability 
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Table 4-10. Expected Value Generation Capacity Loss 

 

4.6 Final results 

 Table 4-11 shows the simulations’ results, comparing the estimated lost generation 

capacity. BPA capacity planners’ current approach to estimating generation capacity loss 

is the five-year average from historical data shown in Table 4-11. The current approach 

(2019-2023 average generator availability) is compared to generation capacity loss 

estimates calculated from the unavailability determined by the following: 

1.  Monte Carlo simulation availability estimate 

2.  Expected value (µ) availability estimate of 10,000 (simulated availabilities) 
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3. Average availability estimate (simulated availabilities with outliers removed) 

4. P50 availability estimate (simulated availabilities with outliers removed) 

 The total estimated generation capacity loss across 21 hydropower plants and the 

percentage total generation capacity loss are tabulated at the bottom of Table 4-11. 

 

Table 4-11. Final Lost Generation Capacity Comparison Table 
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 The five-year lost generation capacity simulation and estimation results are compared 

to the actual average generation capacity loss that occurred in CY 2019-2023 in the 

historical data set, shown in Table 4-11.  The mean absolute deviation error (MAD) is 

used to measure the accuracy of lost generation capacity predictions. Table 4-12 shows 

the results of the actual generator forced outage unavailability occurring in CY 2024.   

 

Table 4-12. Actual Average Generation Capacity Loss CY 2024 Table 
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Table 4-13 shows the results of the actual generator capacity loss occurring in CY 

2024, compared to the five-year historical and simulated generator capacity loss results.  

The lost generator capacity percentage is based on the total modeled, system capacity of 

21,544 MW. 

 

Table 4-13. Generation Capacity Loss Comparison Table Including CY 2024 
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4.7 Model Validation 

 The validation approach has two parts. The Monte Carlo simulation of the five-year 

historical data MTBF and MTTR is validated by comparing the results to the results of 

the current planning method, using actual availability averages of the same data set. The 

simulated estimates are evaluated for how well the simulation accounts for the 

uncertainty of generation capacity loss due to forced outages, compared to the historical 

averages. The mean absolute deviation error (MAD) is used to measure the accuracy of 

lost generation estimations of the five-year estimates.  

 In the second step of validation, The Monte Carlo simulation of the five-year 

historical data’s MTBF and MTTR is validated by comparing the results to the results of 

CY 2024. Likewise, the simulated estimates are evaluated for how well the simulation 

accounts for the uncertainty of generation capacity loss due to forced outages, compared 

to the actuals of CY 2024 that are not in the historical five-year average data set. The 

mean absolute deviation error (MAD) is used to measure the accuracy of lost generation 

capacity estimations compared to CY 2024 actuals. 

 

Table 4-14. Actual Average System-Wide Generation Capacity Loss CY 2024 Table 

 

4.7.1 Validation Results: Gen Capacity Loss Five-year Historical Actuals 

 Generation capacity loss for the simulated and five-year actual average availability 

for years 2019-2023 is shown in tables 4-15 and 4-16. The generation capacity loss error 
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is shown in the MAD calculation. The estimate using the simulated availability of the 

10,000 simulations, from the five-year actual forced outage MTBF and MTTR, has the 

lowest average absolute deviation. However, the generation capacity loss estimate for the 

overall system was closest to the five-year average actuals when using the P50 estimate 

with outliers removed. 

 

Table 4-15. Mean Absolute MW Deviation, Historical Average 
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Table 4-16. Forecast Error, Historical Average 

 

4.7.2 Validation Results: Generation Capacity Loss CY 2024 Actuals 

Generation capacity loss for the simulated and actual CY 2024 average 

availability for years 2019-2023 is shown in tables 4-17 and 4-18. The generation 

capacity loss error is shown in the MAD calculation. The MAD error metric is relatively 

close in comparison to all estimates. In comparison to CY 2024 actual availability, the 

estimate using the simulated availability of the 10,000 simulations, from the five-year 

actual forced outage MTBF and MTTR, also has the lowest average absolute deviation. 

Additionally, when comparing simulated estimates to the five-year average, the 

generation capacity loss estimate for the overall system was closest to the CY 2024 

actuals when using the simulated availability of the 10,000 simulations.  

 

Table 4-17. Forecast Error, CY 2024 
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Table 4-18. Mean Absolute MW Deviation, CY 2024 

 

4.7.3 Additional Out-of-Sample Testing: CY 2025 Analysis 

 Out-of-sample testing using CY 2025 forced outage data provides additional model 

testing and improves the robustness of testing. This approach combines interim model 

assessment using actual YTD data with sensitivity analysis using projected scenarios. 
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This approach for more testing maintains alignment with current industry practice as 

BPA capacity planners currently use a 5-year average for their deterministic approach. 

Maintaining the full 5-year historical data set best demonstrates the improvements the 

probabilistic Monte Carlo simulation provides over existing deterministic methods. 

Reducing the historical dataset to enable additional out-of-sample testing years was 

considered but rejected to preserve practical value to BPA, and also due to limited sample 

sizes of forced outage events. As shown in Table 5-1, the number of actual forced 

outages per generator over the five-year period ranges from only 9 to 187 events across 

the 175 generators studied. Reducing the historical dataset would further reduce the 

limited data availability, particularly given that some hydropower plants don't experience 

forced outages every year. 

 To address the challenge of incomplete 2025 data (~7.5 months), scenario analysis 

was employed to project capacity loss increases of 50%, 100%, and 150% for the 

remainder of the year. The scenario approach improves model evaluation by testing the 

methodology across multiple capacity loss conditions rather than relying on a single 

additional year of data. These scenarios test the methodology under varying operational 

conditions. The analysis uses four scenarios based on actual 2025 year-to-date forced 

outage data to project future generation capacity loss. Table 4-19 shows generator 

unavailability and generation capacity loss for the CY 2025 year-to-date period of ~7.5 

months by hydropower plant. 

 Table 4-20 compares the generation capacity loss increase scenarios for CY 2025, 

increasing by 50% from the current year-to-date generation capacity loss of 

approximately 1,503 MW. As shown in Table 4-21, 10 current forced outages are 
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scheduled to return to service in the fourth quarter of 2025.  Additionally, 57% of current 

outages originated in CY 2024. This carryover of long-duration outages from the 

previous year provides justification for the scenario ranges tested. The three projection 

scenarios include a 50% increase (2,254.7 MW total), 100% increase (3,006.3 MW) and 

150% increase (3,757.9 MW). Scenarios analysis helps show the advantages of 

probabilistic versus deterministic approaches, by leveraging the Expected Value from the 

Monte Carlo simulation’s full probability distribution. 

 

Table 4-19. Additional Out of Sample Testing, CY 2025 
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Table 4-20. Generation Capacity Loss in CY 2025: Scenarios 
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Table 4-21. Current Forced Outages in Second Half of CY 2025 

  

 The MAD error analysis is summarized in Tables 4-22 through 4-25 (detailed tables 

in Appendix C). The MAD error is very consistent, and close in comparison across all 

scenarios. Finally, this analysis enables testing of the Expected Value reserve sizing 

approach across multiple operational scenarios (50%, 100%, and 150% increase in 

generation capacity loss).  This is shown in Section 4.10 and demonstrates the benefits of 

probabilistic Monte Carlo simulation for risk-based capacity planning. 
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Table 4-22. Current Forced Outages 2025 Generation Capacity Loss  

 

Table 4-23. 50% Increase in 2025 Generation Capacity Loss  

 

Table 4-24. 100% Increase in 2025 Generation Capacity Loss  

 

Table 4-25. 150% Increase in 2025 Generation Capacity Loss  

 

4.8 Hypothesis Test Results 

This praxis research focuses on developing lost generation capacity estimates due 

to unplanned, forced generation outages. The motivation for this research is to enable 
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BPA to accurately account for the lost generation capacity due to forced outages in 

WRAP capacity planning. As discussed in Chapter 1, the development of the WRAP 

power-pooling market began in 2020. By 2023 the RA program achieved NERC 

approval. BPA has been participating since 2024. By 2027 BPA’s forward-showing 

capacity commitments will be binding, meaning there will be penalties for not fulfilling 

capacity commitments when they are called upon in the power pool. The forecasting tool 

developed in this praxis research aims to improve BPA’s estimated generation capacity 

loss due to forced outages for capacity planning in the WRAP. 

Forced outages reduce Bonneville Power Administration’s planned capacity in 

the Wrap and risk revenue loss of marketable power at 120-125% of the spot price. 

The research objectives for this praxis are: 

• to develop a Monte Carlo simulation using historical forced outage data to 

estimate lost generation capacity due to forced outages.  

• to provide capacity planners with a simulated estimate of the generation capacity 

loss due to forced outages as a baseline to align capacity commitments with risk 

tolerance.  

• to determine whether Monte Carlo simulation provides improved capacity 

planning through optimized reserves based on the Monte Carlo simulation of 

forced outages. 

RQ1: How well does the random number from exponential distribution simulate 

the independent variables of MTBF and MTTR compared to historical actuals? 

 RQ2: How is generation capacity loss prediction accuracy improved by 

simulating the MTBF and MTTR of equipment failures due to forced outages? 
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RQ3: How does the Monte Carlo Simulation of forced outages help estimate 

reserve generation capacity? 

RQ4: How does a Monte Carlo simulation of forced outages improve WRAP 

power pool revenues of surplus capacity? 

 

4.9 Hypothesis 1 Test Results 

 This Praxis research tests the following hypotheses: 

H1: Historical five-year average MTBF and MTTR can be simulated as a random 

number from an exponential distribution to estimate WRAP capacity. 

The Monte Carlo simulation of the independent availability variables MTBF and 

MTTR aims to improve BPA’s estimated generation capacity loss due to forced outages 

for capacity planning in the WRAP. In this praxis research, the MTBF is the average time 

in hours, that a system or component takes to fail – it is the metric used for repairable 

systems. The MTTR is the average time to repair to an operational state in hours.  

This research determines the exponential distribution is validated as a reasonable 

fit to the independent variables of MTBF and MTTR of 175 hydropower generators 

across 21 hydropower plants.  The MTBF and MTTR variables are historical actuals from 

a five-year data set (2019 – 2023). The historical MTBF and MTTR data is fit to the 

exponential distribution and validated by the R2 value. The results are shown in Table 4-

1. The MTBF and MTTR of each individual generator is analyzed to fit to the 

exponential distribution. System-wide, across all 175 generators, the average R2 value for 

MTBF is 0.886. and MTTR is 0.891.  The two main reasons for lower R2 values for some 

generators’ MTBF and MTTR is a small sample or even no sample, of forced outages in 
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the data set. The other is long duration outages and major equipment failures. In a few 

cases generators have been in a forced outage state beyond the five-year data set and the 

availability is 0. Shown in Table 4-19, the simulated availability is the forecasted 

availability, whose MAD error to historical actuals is very low – less than 1 percent.  

 

Table 4-26. MAD of Simulated Availability Estimates 
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4.9.1 Hypothesis 2 Test Results 

 H2: Monte Carlo simulation of availability metrics MTBF and MTTR quantify the 

frequency and severity of forced outages to more accurately estimate the reduction of 

available capacity from a limited data set. 

The Monte Carlo simulation of the independent availability variables MTBF and 

MTTR improve BPA’s generation capacity loss prediction accuracy for WRAP 

generation capacity planning. The five-year historical forced outage data for the years 

2019-2023 contains 1,119 forced generator outages for the 21 hydropower plants in this 

praxis research. The number of forced outages by each hydropower plant are shown in 

Figure 4-1 below.  

 

Figure 4-9. Number of Forced Outages by Hydropower Plant  

The number of actual forced outages in the five-year data set ranges from 9 to 187. 

Using Monte Carlo simulation for 10,000 data point for both MTBF and MTTR allows 

more data and statistical analysis for quantifying the uncertainty of forced outage 
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generation capacity loss. The simulation estimates are validated by the MAD from both 

the five-year average generation capacity loss and the actual CY 2024 forced outage data 

summarized in Figure 4-1. The CY 2024 actuals are not in the historical data set and are 

used for measuring forecast accuracy.  

Table 4-17 shows the results of the forecast error when estimating CY 2024. The 

current approach BPA capacity planners use is a rolling five-year average for generation 

capacity loss. The actual generation capacity loss in CY 2024 was 2,962.91 MW of a 

21,544 MW total max capacity of the twenty-one hydropower projects used in WRAP 

capacity planning. The five-year rolling average estimate was 1,259.86 MW, 

underestimated by 1,703 MW for the calendar year. Using the Mont Carlo simulation and 

probability distribution of the 10,000 simulations yields an expected value of 2,525.87 

MW. This estimate is much closer to the actual generation capacity loss. The CY 2024 

actual generation capacity loss was more than the simulated expected value estimate by 

437 MW.  

CY 2024 had some outlier generator availabilities and unexpected failures. 

Hydropower plant P14 forced out of service, 10 of its 18 generators for most or all of 

2024 due to a common mode failure. Several other hydropower plants had one or more 

generator units out of service for major repairs. The MTTR has also been extended, due 

primarily to supply chain disruptions. However, rising costs, labor shortages due to hiring 

freezes, deferred resignation and reduction in force measures and other constraints, are 

likely to be future impactful drivers to a longer MTTR than seen in past failures. 
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4.9.2 Hypothesis 3 Test Results 

H3: The probability distribution of the Monte Carlo simulation defines statistical limits 

for estimated availability that provides a disciplined approach to setting reserve 

capacity.  

The Monte Carlo simulation of forced outages improves the current method of a 

rolling five-year outage.  By simulating 10,000 availabilities, a system-wide availability 

is calculated and a probability distribution determined. This allows capacity planners to 

develop a data informed generation capacity reserve, when the historical data is limited. 

Table 4-15 shows the MAD error between the five-year rolling average actual 

generation capacity loss and the forecasted estimate. The simulated availability using all 

10,000 simulated availabilities has the lowest MAD error across 21 hydropower plants. 

The P50 estimate using the simulated 10,000 availabilities with outliers removed (as 

shown in figures 4-1 through 4-8) has the smallest error of the total estimated capacity 

loss, to the five-year rolling average. Table 4-18 shows the MAD error between the CY 

2024 actual generation capacity loss and the forecast. Again, the simulated availability 

using all 10,000 simulated availabilities has the lowest MAD error across 21 hydropower 

plants. The expected value of the probability distribution for the 10,000 simulations is 

calculated using formula 16. The expected value estimate was the closest to the CY 2024 

actual generation capacity loss. 

This research shows that the Monte Carlo simulation improves the ability to plan 

capacity reserves. Using the P50 estimate as the lower bound and the expected value as 

the upper bound, capacity reserves can be calculated as the MW difference, shown in 

Table 4-20. The MW difference is 1319.41 MW. Table 4-21 shows the capacity reserve 
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spread across the calendar year and Table 4-22 shows the capacity reserve, weighted by 

the summer and winter load peaks for WRAP. To show adding capacity reverses to the 

P50 estimates meets or exceeds the expected values, the capacity reserve of 146.60 MW 

is extended to non-peak months as shown in Table 4-23. The theoretical sum of monthly 

reserve capacity is 1,759.24 MW. Added to the P50 capacity estimate of 1,208.86 MW, 

the total is 2,968.11 MW. The results show that reserve-setting methodology was 

effective under anomalous conditions, leaving a small remaining buffer of 5.2 MW. 

 

 

Table 4-27. Capacity Reserve 

  

Table 4-28. 12-month Capacity Reserve 

 

Table 4-29. 9-month WRAP Capacity Reserve 

 

Table 4-30. Theoretical Reserve 
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4.9.3 Hypothesis 4 Test Results 

 H4: The probability distribution of the Monte Carlo simulation optimizes the 

generation capacity reserve to maximize marketable power. 

 From BPA’s power marketing perspective, the marketable surplus is the available 

capacity – less operational obligations – less scheduled outages – less forced outages and 

– less reserve capacity.  A portion of marketable, surplus capacity is used to commit to 

WRAP.  This simplified formula will be used to answer research question four.  

RQ4: How does a Monte Carlo simulation of forced outages improve WRAP 

power pool revenues of surplus capacity? 

 The marketable surplus is increased by the MW difference between the historical 

average and P50 estimates for generation capacity. Estimating generation capacity loss 

with the P50 of the 10,000 simulations versus the historical average increased marketable 

surplus capacity by 51.67 MW as shown in Table 4-17. The value of the marketable 

capacity saved is potential revenue earned, whether that’s revenue from WRAP or 

another current or future market opportunity for BPA’s surplus.  

 The cost of being deficit in terms of MW capacity is determined by the same process 

in hypothesis 3. Table 4-24 shows the generation capacity reserve as the MW difference 

between the expected value estimate and the historical five-year average estimate. The 

generation capacity reserve is 1267.74 MW.  Table 4-25 shows the generation capacity 

reserve spread across the nine months of peak loads for WRAP. The theoretical sum of 

monthly reserve capacity shown in Table 4-27, is 1,690.32 MW. Adding the theoretical 

sum of 1,690.32 to the generation capacity loss calculated from the historical five-year 

average availability of 1,260.53 MW, yields a total of 2,950.85 MW. In CY 2024 the 
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actual generation capacity loss due to forced outages was 2,962.91 MW.  Sizing 

generation capacity reserves using the lost generation capacity estimate from the 

historical five-year average availability, leaves a 12 MW deficit. This is above the design 

limit when stress tested by the actuals for CY 2024.  

 

  

Table 4-31. Capacity Reserve (Historical 5 Year Average) 

  

Table 4-32. 12-month Capacity Reserve (Historical 5 Year Average) 

 

Table 4-33. 9-month WRAP Capacity Reserve (Historical 5 Year Average)

 

Table 4-34. Theoretical Reserve 

 

4.10 Reserve Sizing Testing: Second Data Set, 2025 

 To test the expected value reserve sizing methodology on a second independent 

dataset, this analysis applies the two-tiered approach using the P50 estimate and the 

Expected Value of the full probability distribution. The scenarios developed in section 
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4.7.3 address the partial year of forced outages in 2025. Using all three CY 2025 

scenarios (50%, 100%, and 150% generation capacity loss increases) tests the reserve 

methodology in different forced outage conditions based on 7.5 months of actual out-of-

sample data. The reserve sizing methodology demonstrates effectiveness for the 50% 

scenario (2,254.7 MW capacity loss), resulting in a 713.4 MW reserve buffer remaining. 

However, the 100% (3,006.3 MW) and 150% (3,757.9 MW) scenarios show the 

methodology’s limitations, resulting in respective deficits of 38.2 MW and 789.8 MW. 

This deficit demonstrates the need for additional extreme event modeling using 

distributions like Gumbel for more extreme scenarios, as discussed in future research 

recommendations. 

  

 

 

 

. 
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Chapter 5—Discussion and Conclusions 

5.1 Introduction 

This praxis is focused on estimating lost generation capacity due to forced 

outages. Critical to BPA’s success in WRAP, is a forward-showing capacity commitment 

that meets its load obligations while optimizing its surplus capacity in the power pool. 

The motivation for this research is to enable BPA to optimize available WRAP capacity 

commitments by accounting for generation capacity loss due to forced outages. The 

thesis statement guides the research, the development of research questions and 

hypotheses: 

A predictive model for forced outage capacity loss is necessary for Bonneville 

Power Administration to both maintain capacity obligations and maximize revenue 

opportunities in the WRAP. 

Determining capacity commitments to WRAP depends on quantifying and 

accounting for the uncertainty of forced outages. Accurately estimating availability 

ensures that BPA’s capacity obligations are met and a capacity deficit is avoided. A 

capacity deficit is a shortage of capacity to meet load obligations. A position of deficit 

capacity requires purchasing power in real-time markets to fulfill obligations. This is 

especially important to avoid in WRAP as this market supplies power in seasonal periods 

of peak demand, where MWh prices are high. Successful marketing surplus capacity in 

the WRAP depends on accurate availability estimates that quantify the generation 

capacity loss of forced outages well before the occur. The current method for estimating 

capacity loss is a five-year rolling average of generation capacity loss from unavailable 

generators due to an unplanned outage. 
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This praxis research aims to improve forced outage capacity loss, with stochastic 

simulation and Monte Carlo analysis. No modeling tool exists within BPA to estimate 

generator unavailability by simulation of the independent variables of MTBF and MTTR. 

Through the research questions posed in this praxis, the following objective has been 

achieved: 

• Develop a stochastic simulation using Monte Carlo methods to more accurately 

estimate the generation capacity reduction due to forced outages and optimize 

capacity reserves based on the expected value of availability probabilities. 

5.2 Generation and Generation Capacity 

Table 2 shows the 21 hydropower plants that are studied in this analysis and each 

generator’s corresponding MW capacity. It is important to stress that though those MW 

capacities were used to test the simulation model and develop the generation capacity 

loss for validation, in practice max generation is not just dependent on the generator’s 

name plate capacity, but its fuel supply. Capacity planners use streamflow forecasts that 

are converted to a generator’s MW output based on flow rate, head and turbine 

efficiency. For every hydropower plant in Table 2, capacity planners use flow rate to 

calculate MW output. In practice, capacity planners would use the forecasting tool 

developed in this praxis with a MW capacity for each generator based on water supply 

forecasts. Additionally, A hydropower generator’s max capacities can change, as 

discussed in Chapter 3. Certain repairs to the turbine or generator can reduce efficiency, 

change the power curve and limit the generator’s maximum name plate capacity. It is 

important for generator max capacities to be updated for planning WRAP capacity 

commitments.  
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5.3 Discussion of Hypothesis 1 

H1: Historical five-year average MTBF and MTTR can be simulated as a random 

number from an exponential distribution to estimate WRAP capacity. 

The hypothesis that the independent availability variables MTBF and MTTR can 

be simulated as random numbers in an exponential distribution is validated by the R2 

correlation coefficients shown in Table 4-1, of the historical forced outage data. For all 

175 generators, the average R2 value for MTBF is 0.886. and MTTR is 0.891.   

 

Table 5-1. Actual Number of Forced Outages Per Generator (2019-2023) 
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Table 5-2. Actual and Simulated Availability 

One limitation with this validation test is the size of the historical forced outage 

data. Table 5-1 shows the small data set and limitations to a meaningful R2 value. With 

only a five-year data set. To further validate this hypothesis, the five-year average forced 
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outage availability from historical actuals is compared to the availability estimates from 

the random numbers generated from exponential distribution. The forecast error using 

MAD is less than 1% and is shown in table 4-19. The simulated P50 availability estimate 

with outliers removed, is shown in Table 5-2 below. Despite the data limitations, the 

validation shows an acceptable error between the actual and simulated availability. 

 

5.4 Discussion of Hypothesis 2 

H2: Monte Carlo simulation of availability metrics MTBF and MTTR quantify the 

frequency and severity of forced outages to more accurately estimate the reduction of 

available capacity from a limited data set. 

The hypothesis testing attempts to show that the Monte Carlo simulation of the 

independent availability variables MTBF and MTTR improve BPA’s generation capacity 

loss prediction accuracy for WRAP generation capacity planning. To validate this 

hypothesis CY 2024 actual generation capacity loss is estimated using the five-year 

historical forced outage data for years 2019-2023 and the simulated availability using 

average MTBF and MTTR from the same data set. The results are shown in Table 4-13. 

Forced outage capacity loss spiked in 2024 to approximately 2,963 MW. The five-year 

average historical actual generation capacity loss is 1260.5.  The main drivers for the 

2024 decrease in availability are three year-long generator outages at two plants and the 

loss of ten generators at one other plant. These failures have an unusually long MTTR. 

Despite the slightly more accurate generation capacity loss estimate using the simulated 

availabilities to predict generation capacity loss in 2024, no estimate was a good predictor 

of CY 2024 actuals. The expected value of the simulated availabilities is the exception 
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and a benefit to the Monte Carlo simulation in establishing capacity reserves. This is 

discussed in the hypothesis 3 discussion, section 5.6. 

 

5.5 Discussion of Hypothesis 3 

H3: The probability distribution of the Monte Carlo simulation defines statistical 

limits for estimated availability that provides a disciplined approach to setting reserve 

capacity.  

The Monte Carlo simulation of forced outages improves the current method of a 

rolling five-year average unavailability due to forced outages, by utilizing the expected 

value of the probability distribution. By simulating 10,000 availabilities, an expected 

value determined from the probability distribution, allows capacity planners to develop a 

reserve generation capacity to absorb outlier capacity loss due to forced outages.  

Table 4-20 shows the estimated generation capacity loss compared to the actual loss 

in CY 2024. The P50 estimate is the median value for availability of the 10,000 

simulations with outliers removed. The P50 availability was used to determine the 

generation capacity loss estimate, while the expected value availability from the 

probability distribution provides an upper limit to determine MW reserves. This approach 

determines the reserve sizing upper bound based on the expected value of the probability 

distribution. The methodology's effectiveness was validated during the anomalous 2024 

operating year, which experienced significantly higher forced outage rates than historical 

averages. Despite these anomalous conditions, the probabilistic reserve sizing left only 

5.2 MW of unused reserve capacity, demonstrating that the model avoided a potentially 

costly deficit.  
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5.6 Discussion of Hypothesis 4 

H4: The probability distribution of the Monte Carlo simulation optimizes the 

generation capacity reserve to maximize marketable power. 

 Quantifying the uncertainty of generation capacity loss from forced outages is a key 

factor in forecasting marketable surplus in WRAP. As shown in hypothesis test 4, the 

marketable surplus is increased by the MW difference between the historical average and 

P50 estimates for generation capacity loss. Estimating the generation capacity loss in CY 

2024 with the P50 estimate of the simulated availability, allows an additional 51.67 MW 

to be planned capacity in WRAP. Furthermore, marketed capacity in WRAP is sold at 

premium prices, between 120 and 125% of the spot price.  

 As discussed, CY 2024 saw an increase in generation capacity loss due to forced 

outages not captured in any estimate. Equally important to maximizing available surplus, 

is minimizing the deficit. A deficit market position requires BPA to purchase energy to 

meet its load obligations. Forced purchases to meet WRAP commitments for high peak 

periods reduces net revenues. Using a generation capacity loss estimate from the 

historical average availability, leaves capacity reserves deficit by 12 MW when sizing for 

CY 2024. 

 

5.7 Discussion of Extended Validation Results 

 The extended 2025 analysis demonstrates the Monte Carlo methodology's 

effectiveness across multiple independent datasets. The prediction accuracy assessment 

(Section 4.7.3) and reserve sizing analysis (Section 4.10) confirm the approach works 

reliably for normal-to-moderate operational scenarios while identifying realistic 
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limitations for extreme conditions. This additional testing strengthens confidence in the 

methodology's practical utility for BPA's immediate WRAP implementation needs. 

 

5.8 Conclusion 

The objective of this research is to help BPA quantify the uncertainty of 

generation capacity loss due to forced outages. Simulating availability using Monte Carlo 

analysis improves BPA’s ability to quantify the uncertainty of generation capacity loss. 

This praxis research improves capacity loss estimates and forecasted reserve 

requirements. The hypotheses are confirmed, and the validation results confirm the 

methodology's practical value. The small remaining buffer of 5.2MW indicates efficient 

reserve sizing under uncertainty. This outcome validates the assumption that probability 

distributions from Monte Carlo simulations can effectively capture real-world forced 

outage uncertainty and support risk-based capacity planning decisions. 

 

5.9 Implementation 

 This praxis research is intended to address important capacity planning challenges 

in WRAP. In practice, WRAP capacity commitments are forward showing and are 

required seven months in advance of the summer and peak load periods. Referring to 

Table 4-27, capacity commitments will need to be planned in March for the winter peak 

loads and October for the summer peak loads. The simulation and analysis can be 

performed seven months ahead of the capacity planning deadline. Forced outage capacity 

loss is estimated over a period of one year, which is long enough to encompass the seven 

months of advance and the length of the planning period. 
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5.10 Contributions 

 This praxis research supports resource adequacy, reliability and compliance in the 

region by offering a disciplined, data driven approach to quantify the uncertainty of 

generation capacity loss, not only to BPA but regional partners for resource adequacy. 

 This research is not only novel for its timely contribution to a new resource adequacy 

program in the Northwest, but further contributions come from a unique position within 

BPA. This research uses actual forced outage data for its out-of-sample validation, which 

adds a unique benefit in its practical application to support the needs of the region. 

Additionally, this research provides the broader electric utility industry with an 

innovative, probabilistic capacity reserve-sizing methodology that improves upon 

existing deterministic methods. Finally, this praxis research addresses a literature gap by 

providing probabilistic capacity planning for resource adequacy markets.  

 

5.11 Future Research 

 Future research can address the limitations discussed in Section 1.8. Future research 

includes incorporating water supply estimates for developing realistic operational 

capacity – specifically in WRAP capacity planning periods. Additionally, the capacity 

sizing approach has limitations in very extreme, “black swan” events. Valuable future 

research includes developing a reserve sizing methodology using the Gumbel distribution 

for extreme events.  Finally, further research using the Weibull distribution when a 

constant failure rate cannot be assumed.   
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Appendix A 

Appendix A shows a snapshot of the 10,000 simulated availabilities. The binary column 

identifies the outlier from the IQR method. Hydropower plant names are masked. 

 

Table A-1. Simulated Availabilities 
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Appendix B 

Appendix B is Figure 3-2 showing an example of the forced outage data format from 

OTS, using mock data for illustration. 

 

Table B-1. OTS Data 
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Appendix C 

Appendix C includes the data tables supporting the additional out-of-sample validation 

using actual year-to-date 2025 forced outage data. 

 

Table C-1. Availabilities 2025 Scenarios 
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Table C-2. Unavailability 2025 Scenarios 
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Table C-3. Generation Capacity Loss 2025 Scenarios 
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Table C-4. Generation Capacity Loss 2025 Scenarios 
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Table C-5. 50% Gen Capacity Comparison 
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Table C-6. 100% Gen Capacity Comparison 
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Table C-7. 150% Gen Capacity Comparison 
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Table C-8. YTD MAD 2025 Scenarios 
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Table C-9. 50% MAD 2025 Scenarios 
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Table C-10. 100% MAD 2025 Scenarios 
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Table C-11. 150% MAD 2025 Scenarios 

 

 

 


