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GLOSSARY 

Ambient Turbulence Intensity: The turbulence intensity without influence of neighboring wind turbines. 

Balance of Plant (BOP): All supporting components and auxiliary systems of the wind turbine generator needed 

to deliver the energy. 

Blade Length Setback: A setback used for property lines, railroads, low trafficked roads, and medium voltage 

transmission lines. The setback is 1.05x rotor diameter. 

Capacity Factor: The ratio of the actual power output over a period of time to the theoretical maximum output if 

generation was at rated capacity continuously for the same period of time. 

Characteristic Turbulence Intensity: The ambient Turbulence Intensity plus one standard deviation. This is not 

used in the most recent IEC standards. 

Coefficient of Determination (R2): The percentage of the variance in the dependent variable that is determined 

from the independent variable, with a value between 0 and 1. 

Composite Performance Distribution: The resulting distribution after combining all performance factor 

distributions. This Composite Performance Distribution then allows for energy production value altering. 

Certified Retail Electricity Supplier (CRES): A company that provides a competitive electric service in a 

deregulated electricity market. 

Curtailment: An occasion when wind resource is available for energy production, but the turbine operator does 

not allow for generation. 

Decibels (dB): The unit used to measure sound pressure levels. A-weighted decibels (dBA) may be used due to 

the relative loudness of sound as perceived by the human ear. This A-weighting weights the decibels by 

frequencies that can be heard by the human ear and are standard for use in measurement of environmental noise.  

Effective Turbulence Intensity: A turbulence intensity that considers the wakes of neighboring turbines and 

accounts for the added turbulence intensity. The Wake Induced Turbulence Intensity is a component of the 

Effective Turbulence Intensity. 

Exceedance Table: The Composite Performance Distribution is applied to the Net Energy Production. 

Exceedance Table lists the resulting P-values of the energy production. 

Gross Annual Energy Production (Gross AEP): The total amount of energy generated by the turbine(s) before 

any Wake Loss or Performance Factors are considered. Only the wind resource affects the Gross AEP. 

Gross Capacity Factor: The ratio of the Gross AEP to the theoretical energy production if the turbine were 

running at its rated capacity for the entire year. 

Icing: An event in which ice buildup occurs on a turbine blade. 

Ice Shedding: An event in which the ice buildup on a turbine blade is released and falls from the structure. 
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IEC Classes: Wind turbine IEC classes are determined by the average wind speed, extreme 50-year gust, and the 

turbulence intensity. The current classes have high, medium, and low wind as well as higher or lower turbulence 

values.  

Inflow Angle (α): Angle at which the wind will be approaching the turbine.  

LiDAR: A remote sensing instrument used to collect wind data, short for Light Detection and Ranging. The data 

collected by LiDARs are volume measurements as opposed to point measurements. 

Long-Term: Describes a consecutive period of the most recent 30 years.  

MACRS: The current tax depreciation system in the United States, short for Modified Accelerated Cost Recovery 

System (MACRS). The capitalized cost of tangible property is recovered over a specified time length by 

deductions for depreciation. 

MERRA2: A satellite-derived long-term reanalysis data source from NASA, short for Modern-Era Retrospective 

Analysis for Research and Applications. Contains 30+ years of data, which include wind speed, direction, and 

temperature. 

MET Tower: Meteorological Towers, used to collect wind data, including speed, direction, and temperature at 

typically three different heights. These are point measurements as opposed to volume measurements.  

Micrositing: Any turbine siting change that does not exceed one arcsecond from the original siting location. This 

term is adopted from the FAA. 

Near-site Data: Data that has been collected within 20 miles of the project site.  

Net Capacity Factor: The ratio of the Net AEP to the theoretical energy production if the turbine were running at 

its rated capacity for the entire year. 

Net Energy Production: Gross AEP minus any Wake Loss. No other Performance Factors are included in the Net 

Energy Production calculation. 

On-site Data: Data that has been collected on the project site or customer property.   

Original Equipment Manufacturer (OEM): The manufacturer of the wind turbine(s). 

P-value: Exceedance Probabilities for a given variable. For example, a P90 energy production value denotes the 

production level predicted to be exceeded 90% of the time period. 

Pearson Correlation Coefficient (R): A measurement of linear correlation between two variables, with a value 

between -1 and 1. 

Performance Factors: Individual distributions of various elements that determine the variability of the energy 

production. Examples include electrical, power curve degradation, measurement and modeling, etc. 

Private Residence Setback: A setback used for private residences. This setback is a minimum of 750 feet, although 

1,000 feet is preferred, as siting allows. 
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Project Performance Report (PPR): Includes the summary from the Wind Resource Assessment Report and its 

main outcome values (Gross Annual Energy Production, Net Energy Production), explanation of Performance 

Factors, Composite Performance Distribution, and Exceedance Table.  

Prudent Wind Industry Practices: Those practices, methods, specifications and standards of safety, 

performance, quality, dependability, efficiency and economy generally recognized by industry members in the 

US as good and proper, and such other practices, methods or acts which, in the exercise of reasonable judgment 

by those reasonably experienced in the industry in light of the specific projects and facts known at the time a 

decision is made, would be expected to accomplish the result intended at a reasonable cost and consistent with 

applicable laws, reliability, safety and expedition. Prudent Wind Industry Practices are not intended to be limited 

to the optimum practices, methods or acts to the exclusion of all others, but rather to be a spectrum of good and 

proper practices, methods and acts. 

Representative MCP Dataset: An MCP dataset created with the Target Dataset and the MERRA2 node closest to 

the Target Dataset.  

Representative Turbulence Intensity: The 90th percentile of the ambient Turbulence Intensity distribution. 

Sometimes this is also calculated as the mean value of the ambient Turbulence Intensity plus 1.28x the standard 

deviation of the ambient Turbulence Intensity, assuming a normal distribution. 

Rider: A temporary credit or charge that may appear on utility bills. Typically used to recover additional and 

unpredictable energy costs by the utility.  

Shadow Flicker: The effect caused by the shadows of the spinning rotor and rotating blades. 

Site Dataset: The most representative Target Dataset of the project site. A Site Dataset will always be a Target 

Dataset. 

Site MCP Dataset: An MCP dataset created with a Site Dataset and the closest available MERRA2 node to the 

site. 

Site-Specific Feasibility Studies: Includes results from the shadow, icing, and sound propagation studies.  

TAILS 3.0: One Energy’s proprietary software used to model turbine icing, shadow flicker, and wake loss. 

Target Dataset: Any chosen MET tower or LiDAR dataset that is characteristic of the project site. A Target Dataset 

can be, but will not always be, a Site Dataset.  

Turbine-Clearance Setback: A setback used for high-trafficked roads, high-voltage transmission lines, and 

underground pipelines. The setback is calculated to be 1.1x maximum tip height (hub height plus rotor radius).  

Turbulence Intensity (TI): The ratio of the wind speed standard deviation to the mean wind speed. 

Wake Induced Turbulence Intensity: The additional turbulence intensity caused by the wake of a neighboring 

turbine. It is included as a variable within the Effective Turbulence Intensity equation. 

Wake Loss (W): When obstacles upwind create a wake that reduces the wind available at the downwind wind 

turbines. Wake loss results in a reduction of energy production. 

Waked Sector: The sector in which wake will affect a turbine. 
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Weibull Distribution: Standard distribution used in the wind industry for wind speed distribution.  

Wind Resource Assessment Report (WRA): Includes the wind resource analysis, Gross AEP, and Wake Loss. 

The outcome is the Net Energy Production. 

Wind Shear: The variation in wind speed over a given height range. 

Wohler Exponent (m): A constant used in determining the Effective TI. This exponent is used to characterize the 

fatigue behavior of varying materials. Typically, values used in the wind industry are m=1 (for steel) and m=10 

(for fiber glass). 

Zones of Interest: Regularly inhabited structures, or clustered groups of structures, roughly within a one-mile 

radius of the turbine(s). Zones may include private residences, businesses, and public areas. 
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EXECUTIVE SUMMARY 

One Energy conducts a suite of studies for a proposed project site. The investigations include a Wind Resource 

Assessment, a Project Performance Report, and a Site-Specific Feasibility Study. A Project Performance Report 

(PPR) is necessary for financial modeling of a proposed project. The PPR is determined from a Monte Carlo-based 

model that produces 18 specific Performance Factors with differing probability density functions (PDF) for each. 

Not all Performance Factors are applicable to all projects; additional Performance Factors may be added as 

necessary. The Performance Factor PDFs include natural and artificial distributions and allow for specific “caps” 

that are based on contractual, natural, or insurance-based boundaries. One hundred thousand random 

combinations of all the PDFs are combined and the result is a cumulative density function (CDF) called the 

Composite Density Function. An Exceedance Table that represents the specific site is also derived from the best 

methods currently available to statisticians. Details and methodologies of the PPR are described in the following 

sections. Included in each section are the deliverables of analysis for guidance in understanding the report. 

This Project Performance Report Methodology is version 2019.1. 

PROJECT PERFORMANCE REPORT METHODOLOGY 

An accurate uncertainty and loss analysis is critical for estimating the range of P-values of annual energy 

production generated by a wind turbine. General methods used in the industry use fixed losses for complicated 

factors, assume all distributions are normal, and combine distributions using basic statistical equations that are 

not representative of a complex distribution analysis. One Energy’s method for predicting uncertainty is derived 

from a purely statistical fashion. 

One Energy’s PPR details the five main steps involved: 

1. Summarize findings from WRA previously completed. 

2. Determine distributions for each Performance Factor. 

3. Determine Composite Performance Distribution based on the Performance Factor distributions. 

4. Apply Composite Performance Distribution to previously realized Net Annual Energy Production to 

obtain the P50 Annual Energy Production and its distribution.  

5. From Composite Performance Distribution, determine the Exceedance Table (P75, P90, P95, and P99 

Annual Energy Production values and capacity factors).  

1. PERFORMANCE FACTORS 
One Energy has developed a method to more accurately predict real world events that can alter uncertainty and 

losses in energy production than current industry standards. The standard variables that are considered 

uncertainty or losses within the industry are addressed, but in a different and purely statistical fashion. A 

Performance Factor is defined as an individual variable with a distribution that determines the variability of the 

energy production. Each Performance Factor has one PDF that describes the probability of affecting the energy 

production. The majority of the Performance Factor distributions are assumed normal, but specific distributions 

are derived from real-world data and imported directly. Performance Factors may have multiple distributions 

combined and weighted appropriately to create the single PDF. Based on real-world data from previous projects, 

it is not assumed that a Performance Factor effect can only result in a straight loss.  
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The x-axis of all the Performance Factor distributions is representative of change in Net Energy Production, with 

100% indicating no change. Values higher than 100% indicate an increase in Net Energy Production and values 

lower than 100% indicate a decrease in Net Energy Production. A mean of 100% indicates there is no bias with 

the sought-after Performance Factor. The area under each Performance Factor PDF must equal 1 to be a true PDF. 

Upper and lower bounds may be placed on the distribution for each PDF based on contractual, natural, or 

insurance reasons. If these bounds are placed, a linear scaling factor is applied to adjust the distribution to 

establish a true PDF with the area under the distribution equal to 1. Figure 1 shows a Performance Factor with a 

mean of 100% and a standard deviation of 7. 

 
Figure 1: Performance Factor example with mean 100% and standard deviation 

Table 1 is a list of the current Performance Factors included in One Energy’s Project Performance Analysis. Also 

included is an indication if the x-axis on the PDF of the specified Performance Factor can exceed 100%.  

PERFORMANCE FACTOR PDF CAN BE GREATER THAN 100% 

Annual Wind Variability Yes 

Balance of Plant No 

Catastrophic Events No 

Curtailment No 

Data Measurement Yes 

Electrical Collection No 

Extreme Temperature Downtime No 

Extreme Wind Speed Downtime No 

Grid No 

Icing Downtime No 

Measure-Correlate-Predict (MCP) Yes 

MCP Correlation Yes 

OE Turbine Uptime No 

OEM Turbine Availability No 

Power Curve Yes 

Power Curve Degradation No 

Shear Extrapolation Yes 

Wake Loss Model Yes 

Wind Flow Model Yes 

Wind Rose Sensitivity Yes 

Table 1: Performance Factors 
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The distributions of each Performance Factor will vary at each site due to turbine manufacturer, data source types, 

and specific site characteristics. A CDF is created for each Performance Factor along with the distribution. 

It is important to note that all means and standard deviations are in energy production, not wind speed. A model 

was created to develop a relationship between the average site wind speed and the energy production to then 

convert the wind-speed uncertainty into energy-production uncertainty.  

This relationship is determined by using a simulated time series created by running an MCP of the Target 

Dataset with a long-term dataset (MERRA2). The power curve provided by the Original Equipment 

Manufacturer (OEM) is used to convert the simulated data into yearly energy productions. Each year is 

normalized to the long-term average for both wind speed and energy production. These values are then 

plotted against each other and the best linear fit is found. The slope of the linear fit is determined to be the 

wind speed-to-energy sensitivity factor and is multiplied by the wind-speed uncertainty value previously 

found to obtain the energy production uncertainty. This wind speed-to-energy sensitivity factor varies 

depending on the site and is recalculated for each project. 

A) Annual Wind Variability 

The Annual Wind Variability Performance Factor considers how annual wind-speed fluctuation affects the 

energy production over a long period of time. This Performance Factor is calculated by using a long-term site 

MCP dataset. This is the same dataset that is used in TAILS for wake loss calculations and should be used 

regardless of the chosen WRA method. The energy production is calculated by applying the manufacturer-

provided power curve to the MCP dataset. The energy production for each year is used to create a true 

distribution of the yearly energy production. The distribution is used as the PDF and converted to a CDF for the 

Performance Factor.  

It is assumed that there is only one turbine and that wake loss is not taken into consideration. This Performance 

Factor is site specific. 

B) Balance of Plant 

The Balance of Plant Performance Factor considers the risk for the turbines being down for repair of external 

equipment. This risk includes major equipment issues, such as needing a new transformer, and includes the time 

it takes to obtain the new parts, whether domestic or international. It does not include grid downtime, planned 

maintenance, or OEM downtime. A 10% chance is assumed for a 10-day event which is part of the Balance of 

Plant Performance Factor. The Balance of Plant Performance Factor is fixed and does not change for different 

sites. 

C) Catastrophic Events 

The Catastrophic Event Performance Factor involves the probabilities of a major event that would render the 

turbine out of commission for 30 or more days. This includes tornadoes rated EF-3 or higher, earthquakes with a 

magnitude of 6.0 or higher, and other large and unpredictable events. It is assumed that there is a 1:1000 chance 

one of these catastrophic events impacting a project. With this assumption, the distribution for the Catastrophic 

Event Performance Factor is a combination of two curves.  

The first curve accounts for the 1:1000 chance a catastrophic event occurs. Its mean is 87% due to insurance 

policies, with a standard deviation of 0 and a weight of 0.1%. The second curve accounts for the probability of no 

catastrophic events occurring. Its mean is 100%, with a standard deviation of 0 and a weight of 99.9%. These two 

curves are then combined. The Catastrophic Event Performance Factor is fixed and does not change for different 

sites. 
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D) Curtailment 

The Curtailment Performance Factor is associated with shutting down the turbines to reduce generation when 

grid demand is low. Curtailment is an issue for large wind farms, but typically not for Wind for Industry® projects. 

Wind for Industry® projects do not put enough energy back onto the grid (if any energy is put back on the grid at 

all, depending on the project) for the export to be higher than the baseload of the grid. Because of this, the 

Curtailment Performance Factor is a distribution with a mean of 100% and a standard deviation of zero. The 

Curtailment Performance Factor is fixed and does not change for different sites. 

E) Data Measurement 

The Data Measurement Performance Factor is based on the best available industry knowledge of the errors and 

uncertainty associated with measuring atmospheric variables, including wind speed and wind direction. These 

variables are used within the Wind Resource Assessment and the uncertainty must be taken into consideration. 

The primary measurement instrument for the Wind Resource Assessment is the determining metric for what 

uncertainty values to use within the Data Measurement Performance Factor. Additional modes may be added 

within this Performance Factor when Continuum is used.  

MET tower measurement distribution is determined from industry standards and through relevant studies 

conducted, assuming a mean of 100% to indicate there is no bias in the measurements. Renewable NRG Systems 

conducted a study to determine the uncertainty and accuracy of a variety of anemometers, as seen in their 

Application Note “#40C Anemometer Uncertainty” (2015). The standard deviation used for the Data 

Measurement Performance Factor, if the main measurement tool is anemometers, is determined by using the 

table in the NRG Application Note for the specific anemometer and the class of anemometer. This uncertainty in 

the table is in wind speed, so a conversion to annual energy production is performed.  

If a LiDAR is deployed on-site, the Data Measurement Performance Factor is a normal distribution with a mean 

of 100% to indicate there is no bias in the measurements, and uses the accuracy provided by the LiDAR 

manufacturer as the standard deviation. These standard deviations are typically measured in wind speed, so a 

conversion to annual energy production is necessary. This Performance Factor is site specific. 

F) Electrical Collection 

The Electrical Collection Performance Factor takes the amount of power lost through transmission lines and 

determines the estimated loss distribution from the turbine to the interconnection point. Typically, a wind farm 

takes this as a straight 2% loss, but because Wind for Industry® projects are smaller than typical wind projects and 

located closer to the facilities they power, the electrical losses are much less.  

Absent an electrical model specifically for a Wind for Industry® project, this is taken to be a 0.4% loss with a 0.25% 

standard deviation. The Electrical Collection Performance Factor is fixed and does not change for different sites. 

G) Extreme Temperature Downtime 

For the Extreme Temperature Downtime Performance Factor, long-term data from multiple MERRA2 re-analysis 

nodes representative of the site are examined. The number of hours that exceed the temperature thresholds are 

counted on a per-year basis and normalized per hours in a year. These values for each year create the extreme 

temperature dataset. The mean and standard deviation are calculated from this extreme temperature dataset and 

the curve is assumed to be normal. This Performance Factor is site specific. 
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H) Extreme Wind Speed Downtime 

The Extreme Wind Speed Downtime Performance Factor is associated with the downtime related to extreme 

wind events that cause the turbine(s) to shut down. The threshold for an extreme wind event is sustained wind 

speeds over 45 mph. A dataset of MET towers, if available, or other data sources that are representative of the site 

are analyzed. For example, in Ohio, nine MET towers with a 10-minute resolution were analyzed. The number of 

hours above the wind-speed threshold for each dataset are counted and normalized per hours in a year. These 

values for each year create the high-wind-speed dataset. The mean and standard deviation are calculated from 

this high-wind-speed dataset. This Performance Factor is assumed to be normally distributed and is site specific. 

I) Grid 

The Grid Performance Factor considers the time the grid itself is down. It accounts for the length of blackout 

periods as well as grid availability. The Grid Performance Factor is a normal distribution with the mean and 

standard deviation taken from a study from the Lawrence Berkeley National Laboratory, “Tracking the 

Reliability of the U.S. Electric Power System: An Assessment of Publicly Available Information Reported to State 

Public Utility Commissions” (2008). This study reports the average and standard deviation of major events to 

cause a grid outage based on region throughout the United States. The reported values are used and are site 

specific, depending on the region. 

J) Icing Downtime 

For the Icing Downtime Performance Factor, a figure in “Temporal and Spatial Variations of Freezing Rain in the 

Contiguous United States” from Changnon and Karl (2003) is utilized. Figure 2 shows this reference. In the event 

of freezing rain, the turbine is shut down to mitigate any ice shedding effects. This Performance Factor takes the 

downtime associated with icing events and is assumed to be normally distributed. 

 
Figure 2: Icing Days 

The mean of the icing curve is the number of icing days indicated by the map above. The standard deviation is 

half of the change to the next contour, in days.  

K) Short-term Measure-Correlate-Predict (MCP) 

The Measure-Correlate-Predict (MCP) Performance Factor is associated with correlating a short-term on- or near-

site dataset to a long-term reference dataset to predict long-term wind-speed estimates at the project site. An 

internal study was conducted to determine the uncertainty associated with different lengths of short-term on-site 

data. For the MCP Performance Factor, a mean of 100% is used, which indicates there is no bias, and the standard 

deviation is site specific. It is determined from the table below, which is a result from the internal study, and the 

number of months of on-site data.  
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MONTHS AEP UNCERT. EST. 

1 12.05% 

2 9.45% 

3 7.41% 

4 5.81% 

5 4.56% 

6 3.58% 

7 2.81% 

8 2.20% 

9 1.73% 

10 1.35% 

11 1.06% 

12 1.03% 

13 0.96% 

14 0.89% 

15 0.82% 

16 0.75% 

17 0.68% 

18 0.61% 

19 0.54% 

20 0.47% 

21 0.40% 

22 0.33% 

23 0.26% 

Table 2: MCP Length Uncertainty  

L) Owner/Operator Turbine Availability 

The Owner/Operator Turbine Availability Performance Factor is based on historical availability data. This 

Performance Factor considers turbine downtime due to Owner/Operator events and scheduled maintenance; 

downtime due to OEM events is not included. The CDF is determined from previous projects’ availability data 

by month. From this data, an actual distribution is created. Only full years of data are used for each turbine, 

beginning with the first month of data availability (i.e. a year can be from March to February). Turbines with less 

than two full years of operational data are not included in the dataset so the commissioning period is not over-

weighted. The uptime is converted to a percentage by comparing the available time to the theoretical maximum 

time the turbine could be operational. Any turbine month with 10 consecutive days of Owner/Operator 

downtime is considered to be a BOP event and included within that Performance Factor. This event is removed 

from the dataset and the remaining availability is calculated (e.g. a 30-day month with a 10-day event would have 

the availability calculated with a theoretical maximum operational time of 20 days). An upper bound is placed 

for a maximum availability of 100%. 

This Performance Factor will be updated every 12 months as more turbine availability data is collected and does 

not change between different sites. The OE Turbine Uptime Curve was last updated in December 2018. 
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M) OEM Turbine Availability 

The OEM Turbine Availability Performance Factor is primarily based on an OEM-provided value within the 

signed contract as well as historical turbine availability data. This Performance Factor considers turbine 

downtime due to OEM events, not including scheduled turbine maintenance. The CDF is determined from 

previous project’s availability data by month. From this data, an actual distribution is created. Only full years of 

data are used to reduce seasonality bias, beginning with the first month of data availability (i.e. a year can be from 

March-February). All datapoints must be at or above the minimum availability based on the contract provided 

by the OEM. From these datapoints, a CDF is created. An upper bound is placed for a maximum availability of 

100%. 

This Performance Factor will be updated every twelve months as more turbine availability data is collected and 

does not change between different sites. The OEM Turbine Availability curve was last updated in December 2018. 

N) Power Curve 

Each OEM must provide a contractual power curve with the intended turbine for purchase. The contractual 

power curve is the normalized value within the Power Curve Performance Factor. The Performance Factor 

associated with the power curve is a normal distribution of the actual observed power curves from past projects. 

The observed power curves are normalized against the manufacturer’s power curve at an air density 

representative of the site, with the mean and standard deviation of these observed power curves becoming the 

mean and standard deviation of the Power Curve Performance Factor distribution, explained below. The upper 

bound for the Power Curve Performance Factor is the highest observed data point from the observed power 

curves, and the lower bound cut-off is based on the OEM’s value in the contract of what percentage of time the 

turbines must be producing at the contractual power curve or higher. 

This Performance Factor is updated as new data becomes available and is used for all projects within a similar 

wind regime. A LiDAR deployment is conducted to create the measured power curves in accordance to IEC 

61400-12. For the LiDAR deployment, the distance between the wind-speed measurements gathered from the 

LiDAR and the turbine tested must be between two- and four-times the rotor diameter. Areas of waked data from 

nearby towers are not used within the power curve measurement dataset. Periods of time when the turbine was 

not operational, as determined by turbine downtime logs, are not used within the dataset. The resulting data is 

binned in 0.5 m/s centered bins, from 1 m/s below cut-in wind speed to 1.5-times the wind speed at 85% of rated 

power. For example, for the Goldwind 87-1500 turbine, the bin ranges between 2 - 14 m/s. The IEC 61400-12 also 

indicates that a dataset is complete when a minimum of 30 minutes in each wind-speed bin is filled, the entire 

dataset has a minimum of 180 hours, and the data collection period spanned at least 3 months. The measured 

wind-speed data, along with production data for the same period of data measurements from the turbines being 

tested, are used to create the raw measured power curve. The average power output for each wind-speed bin is 

used to create the average measured power curve.  

The average measured power curves from multiple turbines are used and compared to the manufacturer-

provided power curve to determine differences in annual energy production. Using wind-speed distributions 

from nearby MET data, various annual energy production estimates are created for each of the MET stations by 

applying the different average measured power curves determined from the LiDAR deployment as well as the 

manufacturer-provided power curve. The percentage difference from the manufacturer-provided power curve 

in annual energy production is determined, and from this set of data of percentage difference, the average 

difference and standard deviation of difference is determined. 
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This average difference in annual energy production is used as the mean value for the Power Curve Performance 

Factor, and the standard deviation is used as well. This distribution is assumed to be normal. This Performance 

Factor was last updated December 2018.  

Should a turbine model be considered that One Energy does not have operational data for, One Energy will 

attempt to work with the OEM to acquire operational data for this analysis. If this is not possible, a “worst-case” 

mean value and standard deviation following industry standard will be used. 

O) Power Curve Degradation 

As the turbine goes through wear and tear throughout its lifetime, its efficiency can potentially be reduced 

especially due to blade degradation. The Power Curve Degradation Performance Factor takes this into 

consideration. An article from WindPower Monthly in 2013, “No Big Drop in Performance as Turbines Get 

Older”, examined how capacity factor changed over time with wind turbines in Denmark. The findings in this 

article are the basis for the Power Curve Degradation Performance Factor distribution. The result of this analysis 

was that the capacity factor decreases by 0.7 percentage-points over the 20-year lifetime of the turbine for onshore 

turbines.  

Using this information, a model is created to convert the project-specific Gross Annual Energy Production 

capacity factor that is determined from the WRA into a uniform distribution using the range of the 0.7 percentage-

point decrease into percentage of annual energy production. The Power Curve Degradation Performance Factor 

is site specific and is not a normal distribution.  

P) Shear Extrapolation 

The Shear Extrapolation Performance Factor accounts for using the power law shear profile to extrapolate wind 

speeds measured at lower heights up to hub height. This assumption brings an uncertainty into the data and 

needs to be accounted for. If a LiDAR unit is used for on-site data collection, this Performance Factor is determined 

to have a mean of 100% and a standard deviation of 0% due to the fact that wind speeds are measured at hub 

height and do not need to be extrapolated.  

Using MET towers to do the extrapolation, the mean is also 100% because no bias is assumed. The paper 

“Understanding and Quantifying the Uncertainty in Tower Extrapolation and AEP Estimations Using SODAR” 

(2010) examined an experiment that was completed to determine the uncertainty in using the power law shear 

profile to extrapolate to hub height wind speeds for flat terrain, which showed an annual energy production 

uncertainty value of 1.8%. The Shear Extrapolation Performance Factor uses this as the standard deviation of 

wind speeds that are extrapolated up to hub height. This Performance Factor is site specific.  

Q) Wake Loss Model 

With any wake loss model, there is uncertainty in the generated estimates which may be due to the selected model 

settings as well as the simplifying assumptions that are inherent to the model. Currently, One Energy uses its 

proprietary wake loss software to estimate the wake loss at the proposed sites when more than one turbine is 

sited. This model utilizes the N.O. Jensen Model, which is a simple, yet effective, wake loss model within the 

industry.  

The uncertainty associated with the N.O. Jensen Model is taken from the article “Systematic quantification of 

wake model uncertainty”, by N. Nygaard (2015). The result from Nygaard’s analysis is that there is a 15% model 

uncertainty in the wake loss estimate from this model. To determine the standard deviation for this Performance 

Factor, the determined wake loss estimate, which is in percentage loss in energy production, is multiplied by 15%. 

The total wake loss for the entire project is used as opposed to the individual turbine wake loss percentages. The 

mean is 100%, which is indicative of no bias. This Performance Factor is site specific and is only applicable when 
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more than one turbine is being assessed. Should another wake loss model be used, a similar process will be used 

to calculate the Performance Factor. 

R) Wind Flow Model 

For some WRAs, a wind flow model may be used to estimate the wind resource variability across the project area 

and to generate energy production estimates at each turbine location. If a wind flow model was used, the Wind 

Flow Model Performance Factor needs to be defined that encompasses the wind flow model uncertainty. The 

Wind Flow Model Performance Factor depends on the specific wind flow model used and the modeled site. Each 

wind flow model will need its own uncertainty distribution. One Energy uses the Continuum wind flow model 

and has determined the uncertainty values associated, which can be found in “Continuum Wind Flow Model 

Uncertainty Estimates” (2016).  

S) Wind Rose Sensitivity 

The Wind Rose Sensitivity Performance Factor accounts for the uncertainty in energy production due to wake 

loss from upwind turbines derating the wind speed available to the downwind turbines. This Performance Factor 

is only applicable when more than one turbine is being assessed. The closest MERRA2 re-analysis node is located 

and long-term historical data is collected. A wind-rose distribution for each year is calculated while keeping the 

wind speed constant at the site’s mean wind speed.  

These wind roses are then put through the wake loss model with the varying wind rose and identical wind-speed 

distributions. For each year, the average wake loss at each turbine is calculated. The wake loss for the entire project 

is an average of the turbine’s wake loss percentages. From the collection of each year of project average wake loss, 

a distribution is determined for the Wind Rose Sensitivity Performance Factor. The mean is assumed to be 100% 

to indicate no bias, and a standard deviation is determined from the average wake loss dataset. This performance 

factor is site specific. 

In the PPR, the following are specified:  

1) Individual Performance Factors’ mean and standard deviations, or a table of the imported PDF 

2) Plot of the distribution, along with the CDF  

2. COMPOSITE PERFORMANCE DISTRIBUTION 
A probability dataset is created for each Performance Factor by utilizing a Monte Carlo Method. One hundred 

thousand simulations are performed. Each Performance Factor is considered independent and a unique random 

number is generated for each throughout each simulation. The random number is determined to be the CDF 

value for that sample, and the probability of the energy production percentage related to the random CDF value 

is compiled into a probability dataset for each Performance Factor. The actual annual effect of each Performance 

Factor is calculated for a given year and then is combined with the others by the statistical rule of multiplication, 

assuming independence, to find the total effect of the year. A new probability dataset is created encompassing 

the results of all scenarios for all Performance Factors and a new combined distribution is resolved, called the 

Composite Performance Distribution.  

This Composite Performance Distribution returns a cumulative density function at different P-values. Each of the 

P-values has a Net AEP Scaling Factor that is applied to the Net Energy Production.  

In the PPR, the following are specified: 

1) Plot of the Composite Performance Distribution 
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3. EXCEEDANCE TABLE 
The Composite Performance Distribution Net AEP Scaling Factors determined at the different P-values desired 

are applied to the Net Energy Production, which was calculated in the WRA.  

One Energy calculates the P1, P10, P50, P90, P95, and P99. P10, for example, means 10% of the time the energy 

production will be at that level or greater. P50 is the base case, meaning there is a 50:50 chance it will be exceeded.  

The Composite Performance Distribution is applied to the Net Energy Production value and an exceedance table 

is filled in. Confidence intervals are calculated based on the standard deviation of the Composite Performance 

Distribution and are calculated for each P-value.  

In the PPR, the following are specified: 

1) Table with the Net AEP scaling factors taken from the Composite Performance Distribution 

2) Table with P1, P10, P50, P75, P90, P95, P99 annual energy production values  

3) Table with the monthly P50 energy production values 

4) Table with P1, P10, P50, P75, P90, P95, P99 capacity factor values 

CONCLUSIONS 

One Energy conducts a Project Performance analysis that is necessary for financial modeling of a project. In the 

PPR, the following are included: Performance Factors and their distribution information, figures of each 

Performance Factor probability density function, the Composite Performance Distribution, the range of P-values 

for annual energy production, and the exceedance table for a site-specific project. The result of the Project 

Performance Report is a fully-burdened P50. 
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