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ABSTRACT  

 

Different key performance indicators are used to assess various aspects of a wind turbine 

(performance, reliability, financial aspects…). Availability metrics mainly, time-based and energy-

based availability are the main indicators used to monitor and evaluate turbine’s availability 

performance today. However, due to significant growth of the share of energy sold into the 

electricity market as well as different selling structures, a new indicator has been established in 

order to assess availability performance in terms of revenues rather than time or energy.  

This thesis compares energy and revenue-based availabilities of two turbines during 12 months 

of operational production. A methodology of calculation is suggested based on the International 

Electrotechnical Commission (IEC) information model for availability calculation. Time-based 

availability is calculated first, followed by energy-based, and finally revenue-based availability is 

derived from revenues as a result of combining energy production and electricity prices and 

revenue losses from energy losses and electricity prices. 

Availability metrics are calculated for three different scenarios, pure-market, mix of market and 

fixed price purchase agreement (PPA), and finally a PPA with a minimum monthly baseload to 

simulate the impact of volume risk. Results indicate a significant impact caused by the electricity 

price as well as the specifics of the selling agreement on revenue-based availability. Finding that 

in such cases, a significant divergence between energy and revenue-based indicators is possible. 

Limitations associated with the suggested methodology and case studies are presented and 

discussed.  

Keywords:  

KPI, time-based availability, energy-based availability, revenue-based availability, wind turbine 

availability.  
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Chapter 1      INTRODUCTION  

 

Wind energy technology is one of the world's most mature and competitive renewable energy 

technologies, with a global installed capacity of 743 GW in 2021. A huge market expansion is 

expected with an average wind power capacity of 180 GW to be installed annually in order to 

keep the global warming below 2°C (GWEC, 2021).  Operational phase of wind farms is the longest 

phase during the lifetime of a wind power project. Effective and efficient asset management of 

wind farms is a key element in order for wind turbines to operate safely and optimally. It includes 

a permanent monitoring of several indicators covering: performance, reliability, maintenance, 

finance, as well as health, safety, and environmental aspects (Gonzalez et al., 2017). 

Wind turbine or wind farm performance monitoring often compares the asset's theoretical or 

potential behavior to its actual performance. The availability of a turbine is a critical factor in 

determining its performance. It is primarily quantified in terms of time or energy as the ratio of 

actual to potential energy or available to unavailable periods of time. Both metrics ignore external 

factors like as electricity prices and instead focus on lost time and energy losses as the primary 

inputs for assessing turbine performance (Pfaffel et al., 2019). 

However, more developers seek a mix of the energy market and stable prices through power 

purchase agreements with private consumers. Therefore, traditional availability metrics may not 

provide an accurate picture of the turbine's performance. As a consequence, a new availability 

indicator is required for, not only monitoring performances, but also for ensuring optimal asset 

management of wind turbines  (Siemens Gamesa, 2020).  

Several studies have been conducted to investigated the correlation between time and energy 

availability. Overall, energy-based availability is seen to be as an improvement of time-based and 

gives more accurate picture of the turbine’s performance (Conaill Soraghan, 2015) (Conroy et al., 

2011). Some recent studies have also looked at the link between time, energy, and the new 

revenue-based availability metric that was introduced to account for the influence of external 

factors such as the price of electricity and defined as the ratio between realized and potential 
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revenues during a given period of time. Results show that the new metric is considered to 

represent an improvement over both time and energy indicators (Lutz et al., 2020). 

Most of research within this topic was mainly based on a pure market situation where the whole 

production is sold into the market. The objective of this thesis focuses on evaluating the influence 

of a situation characterized by a mix of fixed and fluctuating electricity prices, or simply a situation 

in which the production is divided between the market and fixed price agreements.  

The following question will be investigated in the thesis:  

• What impact do variations in power prices and the electricity selling agreement have on 

revenue-based availability compared to energy-based availability? 

In order to understand this impact, a methodology for calculation of time, energy and revenue-

based availability was developed and applied on two turbines for recalculating and comparing 

monthly availability metrics (mainly energy and revenue-based). Different case studies were 

considered in order to investigate the impact of electricity prices, market and PPA mix, and PPA 

volume risk on  availability indicators. 

It’s of great importance for wind farm developers, operation and maintenance service providers 

as well as turbine manufacturers to understand and determine which availability metric gives an 

accurate picture of the turbine’s performance in order to ensure an effective and efficient 

monitoring as well as taking those indicators into account for an optimal operation and 

maintenance planning.   
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Chapter 2       LITERATURE REVIEW  

2.1. Introduction  

Different indicators are used to assess the performance of a wind farm/turbine. Depending on 

the targeted stakeholder, different indicators can be used to monitor, compare and evaluate the 

performance, reliability, security, maintenance and financial aspects of the asset. 

In terms of turbine’s performance, several performance indicators are used mainly to track the 

actual performance and also to compare it to what was planned or forecasted. One of the main 

performance indicator of wind turbines is availability. Different availability metrics are used, the 

most common are time and energy-based indicators. However, due to market price volatility and 

the intermittent nature of renewable energies, the adoption of a new revenue-based availability 

concept is expected (Siemens Gamesa, 2020). 

2.2. Key performance indicators  

Key performance indicators (KPI) for a wind turbine/wind farm refer to tools and metrics used to 

measure and track the performance of an asset. During the Operation and Maintenance phase 

(O&M), several stakeholders are involved (e.g. Wind farm operator, Investors, Maintenance 

service provider, Insurance provider, Grid operator, Government and end users.) and they have 

different requirements. For instance, the objective of the turbine operator is to maximize 

revenues and production, information and indicators about energy production, efficiency, and 

losses are in high demand. While the state of the turbine and failure indicators are the most 

important for an insurance provider and maintenance provider. Therefore, diverse KPIs are 

required and used to assess the performance of the turbine or the wind farm in order to provide 

a better indication of the asset from different perspectives (Gonzalez et al., 2017).   

Similar KPIs were published in a recent study based on standards and guidelines as well as an 

industry survey with 28 participants which identified around 50 KPIs. The following five principal 

categories were identified (Pfaffel et al., 2019), (Gonzalez et al., 2017)  :  

• Performance KPIs: Performance indicators are one of the most important indicators, they 

mainly give an indication of the performance of the asset and if the turbine is producing 

as much energy as possible.    
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• Reliability KPIs: Give an indication about a turbine's ability and performance to operate 

without failures under certain conditions during a period of time. 

• Maintenance KPIs: Mainly gives an indication of the cost and time consumed during 

maintenance activities.   

• Finance KPIs: Gives an indication of the financial status of the project.  

• Health, Safety, and Environment (HSE) KPIs: Assists in monitoring the safety of the 

turbine and workers. 

 

2.3. Performance indicators  

This paragraph will focus only on different KPIs used to assess the performance of the turbine. 

Several indicators exist, the following is a brief definition of the key indicators. However, this 

thesis will only look at the last two indicators.  

• Wind/Energy index: Gives an indication of the potential of wind energy production in a 

specific location and at a specific height. The index is calculated based on wind speed and 

wind power density for different period of time (daily, monthly, yearly...), and it can be 

used to assess the performance of the turbine by comparing its actual production to the 

potential production (Ritter et al., 2014).  

• Capacity factor: Compares the average production of the turbine per year to its nominal 

production, it can be expressed as a percentage and also as full load hours. (e.g. a capacity 

factor of 40% corresponds to 0.4 x 8760 = 3504 full load hours)(Earnest & Wizelius, 2015). 

• P50 deviation: P50 is mainly calculated during the wind resource assessment phase and 

represents the AEP that will be achieved with a likelihood of 50% (Asian Development 

Bank (ADB), 2014).  

• Time-based availability (TbA): Calculates the availability of the turbine from the time 

perspective, which indicates the percentage of time for which the turbine is available to 

produce. A general form of the TbA is given below (Wright & Falbe-Hansen, 2017):  

𝑇𝑏𝐴 =  
𝑇𝑖𝑚𝑒 𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒 (𝑖𝑛 ℎ𝑜𝑢𝑟𝑠)

𝑇𝑜𝑡𝑎𝑙 𝑡𝑖𝑚𝑒 𝑖𝑛 𝑐𝑜𝑛𝑠𝑖𝑑𝑒𝑟𝑎𝑡𝑖𝑜𝑛 (𝑖𝑛 ℎ𝑜𝑢𝑟𝑠)
                          (1) 
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• Energy-based availability (EbA): A production-based indicator that calculates the ratio of 

the actual energy production and the potential energy production for a given period of 

time. The basic form of EbA is (Wright & Falbe-Hansen, 2017):  

            𝐸𝑏𝐴 =  
𝐸𝑛𝑒𝑟𝑔𝑦 𝑎𝑐𝑡𝑢𝑎𝑙𝑙𝑦 𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑 (𝑖𝑛 𝐾𝑊ℎ)

𝐸𝑒𝑛𝑒𝑟𝑔𝑦 𝑝𝑜𝑡𝑒𝑛𝑡𝑖𝑎𝑙𝑙𝑦 𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 (𝑖𝑛 𝐾𝑊ℎ)
                           (2) 

Energy-based availability is different from the capacity factor as in the case of capacity factor we 

consider the nominal (full constant capacity) power of the turbine, while the potential capacity 

depends on the turbine’s power curve and wind speed.  

2.4. Availability indicators  

Previous sections describe aspects for which performance indicators are used. The following 

section will focus on availability indicators which are used to assess the turbine's availability 

performance. The definition and calculation method of the availability of a wind turbine vary 

remarkably depending on which purpose it is used for. Therefore, the scope and the definition of 

the availability should be clearly clarified. According to DNV GL, "The term availability, as used in 

the wind industry, is a measure of the potential for a wind turbine or wind farm to generate 

electrical power." It’s clear that availability can be calculated for a single turbine as well as the 

whole wind farm, such distinction is defined by DNV GL as the scope of analysis. For a single 

turbine, turbine’s availability: doesn’t take into account downtimes due to “non-turbine causes” 

such as grid-related downtimes. In this case, the availability only focuses on the turbine itself. On 

the other hand, systems’ availability: considers the availability of the whole wind farm, in this 

case the majority of downtimes, including grid-related downtimes, are taken into account, which 

helps to assess the performance of the project (Wright & Falbe-Hansen, 2017). 

Furthermore, there is a distinction between contractual and technical availability. The first term 

is used to describe a contractual availability under a turbine supply agreement or an operation 

and maintenance agreement, in this case certain downtimes are taken into account such as 

unavailability periods required for preventive maintenance activities. While the second term, 

refers to the effective availability, calculated by considering that the turbine should be available 

under certain wind and turbine conditions (Wright & Falbe-Hansen, 2017).      
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Since availability can be used for a variety of objectives, multiple definitions and calculation 

methods can be applied, leading to various results and interpretations. The three main availability 

metrics will be briefly described in the following subsections. 

 

2.4.1. Time-based availability  

DNV GL distinguish between two definitions of time-based availability. The so called full-period 

availability, in this case, the denominator in equation (1) covers the full-period of time 

(year/month). The second definition, is wind-in-limits availability, in this case we consider only 

periods of time for which the wind speed and temperature are within the operating limits (Wright 

& Falbe-Hansen, 2017). 

In 2008, an important paper was published about time-based availability, information gathered 

covered more than 250 wind farms in different countries, with an operating period varying from 

1 year to 15 years. Results show, as illustrated in the graph below, that 90% of the investigated 

wind farms have a minimum availability of 92.5% and an assumption of 97% time-based system 

availability is acceptable. This figure indicates the high maturity level of wind farms (Harman et 

al., 2008). A comparison study of different initiatives that investigated time-based availability 

shows similar results, around 96% for onshore wind farms and 92% for offshore projects (Pfaffel 

et al., 2017).   
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Figure 1. Distribution of annual average time-based availability (Harman et al., 2008) 

2.4.2. Energy or production-based availability  

Energy-based availability, also known as Production-based availability, measures the 

performance of the turbine compared to its power curve under given wind conditions and 

different turbine states. Another, expression of equation (2) is given by equation (3) by replacing 

the Energy potentially expected as the sum of actual energy produced and lost production. For 

instance, if the power curve indicates that the output of the turbine should be 1 MWh at 7 m/s, 

but the actual power produced is only 0.8 MWh, in this case 0.2 MWh represents lost production 

and the turbine has an EbA of 80% (Conaill Soraghan, 2015) (SPARTA, 2019). 

             𝐸𝑏𝐴 = 𝑃𝑏𝐴 = 1 −  
𝐿𝑜𝑠𝑡 𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 (𝑖𝑛 𝐾𝑊ℎ)

𝐴𝑐𝑡𝑢𝑎𝑙 𝐸𝑛𝑒𝑟𝑔𝑦  𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛  (𝑖𝑛  𝐾𝑊ℎ)+  𝐿𝑜𝑠𝑡  𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛  (𝑖𝑛  𝐾𝑊ℎ)
                           

 

Technical specification IEC TS 61400-26-2 of International Electrotechnical Commission (IEC), 

relates to production-based availability and describes how terms of equation (3) can be calculated 

based on different operational states of the turbine (Conaill Soraghan, 2015). 

Results of a production loss evaluation study conducted for 57 wind farms in three different 

countries with a total capacity of 389 MW are illustrated below. The average value of production-

(3)
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based availability is estimated to be around 97%, and 90% of the evaluated assets have a PbA of 

93.1%. The major source of production loss was turbine errors (or technical unavailability) with 

around 2.7% out of the 3% total unavailability (Adiloglu et al., 2016). 

 

Figure 2. Distribution of average production-based availability (Adiloglu et al., 2016) 

System Performance, Availability and Reliability Trend Analysis (SPARTA) a performance wind 

offshore benchmarking tool, indicates, in its 2019/20 review of a total installed capacity of 5255 

MW (i.e. 20 wind farms with a total of 1347 turbines, 54% of UK installed capacity), that the 

production-based availability has an average of 95.39% (SPARTA, 2019).  

The same initiative has investigated the variability of production-based availability using three 

different performance groups, the first group corresponds to top performance, the second to 

average performance and the third corresponds to low performance, results and monthly 

variations are given below (see Figure 3). The low, average, and top performance are 

approximately 92%, 96% and 97% respectively (SPARTA, 2019).  

 

 

Figure 3. PbA monthly variation over more than 3 years (left), Mean PbA (right) (SPARTA, 2019) 
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The difference might be slight; however, SPARTA has translated the difference in terms of 

production-based availability to financial terms and around a 4% difference in PbA can equate to 

approximately 500 000 € per month for a 400 MW wind farm (SPARTA, 2019).   

Comparing time and energy availability metrics for an operational period of one year, found that 

the average TbA was around 97% while the average of EbA was only 89%, this remarkable 

difference was justified by the overlap between periods of high average wind speed and 

downtime periods (Conroy et al., 2011). In contrast, DNV GL considers that time-based availability 

calculated based on wind-in-limits definition shows similar results compared to energy-based 

availability in the majority of cases (Wright & Falbe-Hansen, 2017). Conroy et al. (2011) further 

investigated whether the availability of the turbine should be based on time or energy. A case 

study of an operational wind farm in Ireland composed of 11 turbines showed that 11% of 

unavailability in terms of energy can be equivalent to only 3% of unavailability in terms of time. 

The financial impact of this difference is important. Time-based availability has been used for a 

long period as an availability indicator, however, due to its better approximation of availability, 

the use of the energy-based concept has risen in importance (Conroy et al., 2011). 

2.4.3. Revenue-based availability  

Energy-based availability can be seen as an improvement of the time-based concept as it takes 

into account the real operational and performance metrics of a wind turbine. However, due to 

the remarkable speeding up of the transition from a subsidized to unsubsidized market and due 

to the electricity market price fluctuations, both time and energy-based concepts might not give 

a better indication of the turbine's availability Lutz et al. (2020) presented an illustration of this 

disparity, with an average difference between time and energy-based availabilities of roughly      

2.4 %.  

A new KPI called “monetary-based availability” or “revenue-based availability” (MbA or RbA) 

measuring the turbine’s availability, as the ratio between actual revenues and potential revenues, 

was presented. Results indicate an average difference of around 3.9% between revenue and time-

based and 1.5% between energy and revenue-based (Lutz et al., 2020).  
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A simplified expression of RbA over a given period of time (month, year) is given by Eq. 4, for 

which realized revenue depends on the actual turbine’s production and also the selling price 

(electricity market price), and the potential revenue is the sum of realized revenue and losses due 

to a turbine’s state (Sundgaard Pedersen & Langreder, 2018).   

             𝑅𝑏𝐴 = 𝑀𝑏𝐴 =  
𝑆𝑢𝑚 𝑜𝑓 𝑟𝑒𝑎𝑙𝑖𝑧𝑒𝑑 𝑟𝑒𝑣𝑒𝑛𝑢𝑒

𝑃𝑜𝑡𝑒𝑛𝑡𝑖𝑎𝑙 𝑟𝑒𝑣𝑒𝑛𝑢𝑒
                           (4) 

The calculation method is quite similar to the energy-based availability with consideration of the 

electricity price factor as well as some other aspects. A detailed calculation method will be 

discussed in the following chapter. 

Lutz et al. (2020) have compared the three availability metrics (time, energy and revenue) using 

a dataset of 900 turbines and electricity price from the Day-Ahead-Market in Germany. The 

correlation results, as shown below, indicate that in general energy-based availability is higher 

than revenue-based availability and only 14.9% of the evaluated dataset shows inverse results. 

While time-based availability is higher than the revenue-based in 98.7% of the cases. Also, the 

amplitude of the correlation difference with revenue-based is higher for time-based compared to 

energy-based.  

Results also show, (points marked with red circles below in Figure 4), that for some turbines both 

time and energy-based metrics indicate good performances (more than 95%), while the 

corresponding revenue-based availability is only around (80% to 87%). Such result indicates low 

financial (profit) performance even with good energy and time availability (Lutz et al., 2020). 
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Figure 4. Correlation between revenue-based availability and production based (left) and Time-based 
(right) (Lutz et al., 2020) 

A previous similar study published by EMD International S/A (EMD) in 2018, focusing on the 

calculation and comparison of losses in terms of time, energy and revenue for three different 

projects (low, medium and high site losses) shows similar results (Figure 5) with an average 

difference of around 2% between energy and revenue losses, while the difference in terms of 

time losses is higher as the case of loss time due to icing (around 11%) and bat stopping system 

(around 24%), which shows a high divergence compared to energy and revenue losses. Overall, 

EMD highlighted the importance of using revenue-based metrics for assessing the availability of 

wind farms as a way to monitor the performance of the turbine and optimize maintenance 

activities (Sundgaard Pedersen & Langreder, 2018). 
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Figure 5. Comparison of losses in terms of time, energy and revenue for high loss site 
 (Sundgaard Pedersen & Langreder, 2018) 

 

On the other hand, PEAK WIND (a leading consulting firm for renewable operations and asset 

management), has investigated the impact of market price fluctuations as well as the intermittent 

character of renewable energy on the availability metrics of a wind farm. Results indicate that for 

a low volatility market price, energy-based availability indicators can achieve revenue 

optimization. However, PEAK WIND highlighted the importance of using revenue-based 

availability, especially in case of high intermittent market which corresponds to high volatile 

market price (Conradsen & Ferreira, 2020). 
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Chapter 3 METHODOLOGY AND DATA 

3.1. Introduction 

The objective of this thesis is to assess and compare different availability metrics, mainly time-

based, energy-based and revenue-based. Data from different turbines (wind farms) as well as 

data from the electricity day-ahead market are used for this purpose. A simplified approach is 

developed based on IEC specifications, and availability metrics are calculated based on SCADA 

data and market data (in the case of revenue-based availability) following IEC technical 

specifications and the general description of available and unavailable periods.   

The developed methodology allows the calculation of the three-availability metrics using the 

same method, which makes a comparison analysis possible. Production, market and consumption 

(PPA) data are used for calculating availability metrics and comparing different cases to determine 

parameters and sources of divergence.      

3.2. Methodology 

The developed methodology uses the same method for calculating all the availability metrics. It 

consists of cleaning and filtering raw SCADA data as the first step, available and unavailable 

periods are determined based on IEC information models for both the time-based and energy-

based metrics. Market data are used to find revenues in order to calculate revenue-based 

availability. The last step consists of applying this calculation method on several case studies. 

A simplified flow chart of the proposed methodology is illustrated below, and it’s composed of 

the following five main steps: 

i. Data Processing  

ii. Time-based layer   

iii. Energy-based layer  

iv. Revenue-based layer 

v. Application and analysis 
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Figure 6. Flow chart of the proposed methodology 

The application of this methodology was implemented in a Python code (see appendix 1) based 

on pandas (an open source library in Python that provides data-structures and data-analysis 

tools).  A detailed explanation of each of the above steps is covered in the following sections. 
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3.2.1. Data processing  

3.2.1.1. Data cleaning  

The raw data received contains irrelevant, incorrect, and missing data which impact the accuracy 

of the calculation. The objective of the first step is the preparation of a clean dataset containing 

information about turbine production during a given period of time. The following filters are 

applied to the raw data.   

 Removal of rows with missing power production or wind speed data (unavailable data); 

 Identification and removal of data rows with missing time identification and duplicated 

timestamp data (unavailable data). 

All above listed conditions are applied and missing data is excluded in further calculations. A data 

coverage rate (DCR), defined as the ratio between clean and raw data, is calculated in order to 

give an indication of the amount of available clean data or available data in terms of time. For 

example, a DCR of 81% for one month simply means that the clean data covers around 24.3 days, 

which is 30 days times DCR. For better accuracy, periods of time with a DCR less than 50% are 

excluded from analysis. This condition is introduced so that only months with sufficient clean data 

are considered.  

This step mainly consists of deleting only unavailable data, and not erroneous data such as 

negative power output, in this case the turbine is consuming electricity from the grid and the 

turbine’s state is considered as a downtime period. Unavailable data are not taken into account 

for the calculation of availability metrics (IEC 61400-26, cited in Carter et al., 2016, Figure 2).      

3.2.1.2. Determination of wind in limits dataset (data filtering)   

Based on DNV GL’s definition of wind-in-limits availability (see chapter 2 section 2), only periods 

of time respecting wind speed between the cut-in and cut-out and temperature within the 

turbine’s operating limits are considered (Wright & Falbe-Hansen, 2017).  

In this case according to the power curve and technical specifications of the observed turbines 

the following filtering conditions are applied to the previously cleaned dataset from the first step.     

 Removal of data if the wind speed is less than 3 m/s or more than 22 m/s 
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 Removal of data if the temperature is less than -20 °C or more than +40 °C 

A second DCR is calculated as ratio between filtered and clean data is calculated for each month. 

As with the above filtering, only period of times with data coverage of more than 50% are 

considered. This criteria was added to take into consideration only months with sufficient data. 

Months with insufficient data are excluded in further calculations.    

3.2.2. Time-based layer   

Time-based availability is calculated based on the IEC 61400-26 information model below. Data is 

classified into two main categories: Information available and Information unavailable.  Available 

information is composed of three subcategories: Operative, non-operative and force majeure. 

Operative periods are periods of time in which the turbine is generating at full or partial 

performance and periods of non-generation due to technical standby, out of environmental 

specifications, requested shutdown or out of electrical specifications. While non-operative 

periods cover scheduled maintenance, planned corrective actions, forced outage and suspended 

periods. Force majeure covers all contracted catastrophic events  (IEC 61400-26, cited in Carter 

et al., 2016). 
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Figure 7.  IEC 61400-26 information model (IEC 61400-26, cited in Carter et al., 2016, Figure 2) 

According to IEC 61400-26-1, operational time-based availability is defined as the ratio of the 

period of times in which the turbine is generating at both full (IAOGFP) and partial (IAOGPP) 

performance, and periods of time in which the turbine was unavailable which include (Carter et 

al., 2016):  

 Technical Standby (IAONGTS) 

 Out of Environmental Specification (IAONGEN) 

 Requested Shutdown (IAONGRS) 
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 Out of Electrical Specification (IAONGEL) 

 Scheduled Maintenance (IANOSM) 

 Planned Corrective Action (IANOPCA) 

 Forced Outage (IANOFO)  

 Suspended (IANOS) 

 Force Majeure (AIFM) 

Therefore, operational time-based availability is given by the following expression:  

𝑇𝑏𝐴 =  
𝐼𝐴𝑂𝐺𝐹𝑃+𝐼𝐴𝑂𝐺𝑃𝑃

𝐼𝐴𝑂𝐺𝐹𝑃+𝐼𝐴𝑂𝐺𝑃𝑃+𝐼𝐴𝑂𝑁𝐺𝑇𝑆+𝐼𝐴𝑂𝑁𝐺𝐸𝑁+𝐼𝐴𝑂𝑁𝐺𝑅𝑆+𝐼𝐴𝑂𝑁𝐺𝐸𝐿+𝐼𝐴𝑁𝑂𝑆𝑀+𝐼𝐴𝑁𝑂𝑃𝐶𝐴+𝐼𝐴𝑁𝑂𝐹𝑂+𝐼𝐴𝑁𝑂𝑆+𝐴𝐼𝐹𝑀
  (Eq. 5) 

 

For a simplified approach, both full and partial performance are combined and are considered as 

periods of times of which the output of the turbine is strictly higher than 0 KWh. All unavailable 

periods of time are combined. Time-based availability will be calculated for each turbine for 12 

months.  

3.2.3. Energy-based layer  

Similar to time-based availability, energy-based is calculated following the IEC TS 61400-26-2 

Information Model (Figure 8). Actual production is derived directly from SCADA data as the total 

of all produced power during a given period of time (total of all periods of which the turbine’s 

power is higher than 0 KWh), which combines both full performance and partial performance. 
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Figure 8. IEC TS 61400-26-2 Information Model (IEC TS 61400-26-2, cited in Conaill Soraghan, 2015) 

Lost production, as illustrated in Figure 8, is defined as production losses due to partial 

performance of the turbine and is the total of production loss during non-generating periods, 

non-operative periods as well as force majeure periods (IEC TS 61400-26-2, cited in Conaill 

Soraghan, 2015). 

A worst-case scenario is assumed for the calculation of production losses due to partial 

performance. Based on a typical turbine power curve, each period of time in which the turbine is 

producing less than it should according the power curve is considered as partial performance and 
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production loss. Such scenario will increase the share of losses due to partial performances and 

therefore will reduce both energy and revenue-based availabilities.    

Non-generating, non-operative and force majeure losses are calculated for each recorded wind 

speed based on a typical power curve of the given turbine.  

A detailed expression of the energy-based availability, as function of actual production and 

production loss, is given by:  

𝐸𝑏𝐴 = 1 −
𝐿𝑜𝑠𝑠𝑒𝑠 

𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 + 𝐿𝑜𝑠𝑒𝑒𝑠 
                                                                                                                                                                (Eq. 6) 

            = 1 − 
(𝐼𝐴𝑂𝐺𝑃𝑃𝑝−𝐼𝐴𝑂𝐺𝑃𝑃𝐴)+(𝐼𝐴𝑂𝐺𝑃𝑃+𝐼𝐴𝑂𝑁𝐺𝑇𝑆+𝐼𝐴𝑂𝑁𝐺𝐸𝑁+𝐼𝐴𝑂𝑁𝐺𝑅𝑆+𝐼𝐴𝑂𝑁𝐺𝐸𝐿+𝐼𝐴𝑁𝑂𝑆𝑀+𝐼𝐴𝑁𝑂𝑃𝐶𝐴+𝐼𝐴𝑁𝑂𝐹𝑂+𝐼𝐴𝑁𝑂𝑆+𝐴𝐼𝐹𝑀)𝑃

(𝐼𝐴𝑂𝐺𝐹𝑃𝑃𝐴+𝐼𝐴𝑂𝐺𝑃𝑃𝐴)+(𝐼𝐴𝑂𝐺𝑃𝑃𝑝−𝐼𝐴𝑂𝐺𝑃𝑃𝐴)+(𝐼𝐴𝑂𝐺𝑃𝑃+𝐼𝐴𝑂𝑁𝐺𝑇𝑆+𝐼𝐴𝑂𝑁𝐺𝐸𝑁+𝐼𝐴𝑂𝑁𝐺𝑅𝑆+𝐼𝐴𝑂𝑁𝐺𝐸𝐿+𝐼𝐴𝑁𝑂𝑆𝑀+𝐼𝐴𝑁𝑂𝑃𝐶𝐴+𝐼𝐴𝑁𝑂𝐹𝑂+𝐼𝐴𝑁𝑂𝑆+𝐴𝐼𝐹𝑀)𝑃
   

  

3.2.4. Revenue-based layer  

A general expression of revenue-based availability is given as the ratio between realized and 

potential revenues (see chapter 2 section 4.3). A detailed equation for its calculation was 

developed by Lutz et al. (2020), see Equation 7, and the electricity market price is the main new 

parameter introduced. 

𝑅𝑏𝐴 =
∑ 𝑃𝑖. 𝑡𝑖. (𝑃𝑟𝑖 − 𝑐𝑖)

𝑛
𝑖=1

∑ 𝑃𝑖. 𝑡𝑖(𝑃𝑟𝑖 − 𝑐𝑖) + ∑ (𝑃𝑝𝑐(𝑣𝑖) − 𝑃𝑖). 𝑡𝑖 . (𝑃𝑟𝑖 − 𝑐𝑖)
𝑛
𝑖=1,𝑃𝑟𝑖>𝑐𝑖,𝑆

𝑛
𝑖=1,𝑃𝑟𝑖>𝑐𝑖

     (𝐸𝑞. 7) 

                   

Where, for each timestamp (i) for a period of time (n):  

 Pi: is the actual production of the turbine in kW 

 ti: period of time (10 min or 1 hour) 

 Pri: electricity market price  

 Ci:   marginal cost  

 Ppc: mean power from the reference turbine’s power curve in kW 

 Vi: mean wind speed in m/s 

 S: State of the turbine (user defined: producing, not producing, curtailed…)  
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The numerator in Equation 7 represents the gross operating profit (revenues) from operating the 

turbine during a period of time (n), one month for example, while the denominator represents 

the potential profit for the same period. Potential profit is the total of actual profit and profit 

losses due to the different states of the turbines. Marginal cost, defined as the cost of producing 

an additional unit of power (Lutz et al., 2020), is set to 0. Such consideration assumes that the 

turbine is producing whenever the wind conditions are good regardless of the production cost.   

Therefore, a simplified version of Equation 7 is given as:  

𝑅𝑏𝐴 =
∑ 𝑃𝑖 . 𝑡𝑖 . 𝑃𝑟𝑖

𝑛
𝑖=1

∑ 𝑃𝑖 . 𝑡𝑖. 𝑃𝑟𝑖 + ∑ (𝑃𝑝𝑐(𝑣𝑖) − 𝑃𝑖). 𝑡𝑖 . 𝑃𝑟𝑖
𝑛
𝑖=1,𝑆

𝑛
𝑖=1

       (𝐸𝑞. 8) 

                     

The calculation of revenue-based availability is similar to the method used for energy-based 

availability. The states of the turbine are identified according to the IEC TS 61400-26-2 

Information Model and realized revenue is calculated by combining production and electricity 

price data for periods of full and partial performance. Lost revenues are derived from production 

losses (losses dues to force majeure, non-operative, non-generating and partial performance 

losses) and concurrent electricity prices. 

However, the calculation of revenues and revenues losses depends on several parameters. For 

instance, in a pure-market case, revenues depend directly on the production profile and 

electricity prices (Eq. 8). While, in the case of a power purchase agreement different factors need 

to be considered, for instance, fixed price PPA, market and PPA shares and also volume risks. 

Below a description of the equations used for each scenario.  

• In a fixed price case, we assume that the production is sold through a fixed price PPA, in a 

such situation revenue-based availability will not depend on the electricity price and will 

equal to energy-based availability. Therefore, Equation 8 will be:  

𝑅𝑏𝐴 =
∑ 𝑃𝑖 . 𝑡𝑖

𝑛
𝑖=1

∑ 𝑃𝑖 . 𝑡𝑖 + ∑ (𝑃𝑝𝑐(𝑣𝑖) − 𝑃𝑖). 𝑡𝑖
𝑛
𝑖=1,𝑆

𝑛
𝑖=1

       (𝐸𝑞. 9) 
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• In a market/PPA situation, revenue-based availability is calculated as combination of 

market and PPA. The production will be divided into market and PPA shares, revenues are 

calculated from electricity market prices for the market share and through fixed price for 

the PPA share.  

Equation 8 in this case will be:  

𝑅𝑏𝐴 =
𝑅

𝑅 + 𝐿
    (𝐸𝑞. 10) 

Where, for each (x) Market share and (PPPA) PPA price, revenues (R) and losses (L) are given 

as: 

𝑅 = 𝑥. ∑ 𝑃𝑖. 𝑡𝑖. 𝑃𝑟𝑖

𝑛

𝑖=1

+ (1 − 𝑥). 𝑃𝑃𝑃𝐴. ∑ 𝑃𝑖 . 𝑡𝑖              (𝐸𝑞. 11)

𝑛

𝑖=1

 

𝐿 = 𝑥. ∑ (𝑃𝑝𝑐(𝑣𝑖) − 𝑃𝑖). 𝑡𝑖. 𝑃𝑟𝑖

𝑛

𝑖=1,𝑆

+ (1 − 𝑥). 𝑃𝑃𝑃𝐴. ∑ (𝑃𝑝𝑐(𝑣𝑖) − 𝑃𝑖). 𝑡𝑖

𝑛

𝑖=1,𝑆

       (𝐸𝑞. 12) 

 

• In case of PPA with minimum monthly baseload we differentiate between two scenarios: 

 If the monthly production is more than the required PPA volume (VPPA) (PPA 

volume: the monthly contracted quantity of electricity between the producer and 

consumer). In this case, PPA price, monthly production and losses are used to 

calculate revenues and revenue losses.   

 If the monthly production is less than PPA volume, the volume risk (deficit between 

actual production and PPA volume) is carried by the producer. In this case 

revenues will be impacted by this risk and the producer should pay the deficit to 

the consumer. Therefore, revenues are given as:  

   

𝑅 = 𝑃𝑃𝑃𝐴. ∑ 𝑃𝑖. 𝑡𝑖

𝑛

𝑖=1

− (𝑉𝑃𝑃𝐴 − ∑ 𝑃𝑖 . 𝑡𝑖

𝑛

𝑖=1

) . 𝑃𝑃𝑃𝐴                   (𝐸𝑞. 12) 

The final step of this methodology consists of calculating and comparing availability metrics for 

several cases with different selling structures.   
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Chapter 4  RESULTS, DISCUSSION, AND ANALYSIS  

4.1. Case study data 

 The main objective of this study is to understand the sources of divergence between availability 

metrics. Such understanding will help to identify the best availability metric to use for monitoring 

turbine’s performance. 

In order to understand the impact of different parameters on the availability metrics, mainly 

energy and revenue-based, the proposed methodology was tested on two turbines located in 

France with a rated power of 2050 KW each. The two turbines are part of “La Haute Borne” wind 

farm in France. Two turbines are used to compensate periods of lack data and also in order to 

analyze two different production profiles with the same electricity price profile (assuming that 

non-operative and non-generating periods are different for the two turbines). However, for a 

more diverse production profile, it would be preferable to evaluate several turbines in different 

locations. 

There are different scenarios to consider, this study will focus on the following three basic 

scenarios, pure market, market/PPA, and PPA with a minimum monthly baseload, in order to 

show and measure the intensity of the divergence between availability metrics. Also, to 

investigate the research gap, as all previous studies only focused on a pure market situation. 

Those scenarios take into account a mix of pure market (variable prices) and stable prices (PPA).  

Developed approach cannot be modeled for all cases as there are lot of cases, and each case has 

different structures and parameters. Therefore, only the three defined case-studies will be 

considered.  

4.1.1. Power curve 

Both turbines (hereinafter referred to as Turbine 1 and Turbine 2) used in this case study have 

the same power curve, and a rated power of 2050 KW with a cut-in wind speed of 3.5 m/s and 

cut-out wind speed of 22 m/s. The turbine model is MM82/2050 and manufactured by Senvion 

(The wind power, 2020). 
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Figure 9. Power curve of turbines 1 and 2 (The wind power, 2020) 

 

4.1.2. Production data  

The production data of both turbines for the year 2017 is available online through ENGIE open 

access data platform accessible at: (ENGIE, 2019). One-year production is considered to be 

sufficient to cover seasonality impacts of both electricity prices (low and high prices) and wind 

speed (low and high production). However, for a more detailed analysis, it is preferable to utilize 

production data from many operational years to account for turbine performance degradation. 

The yearly production profile of both turbines is given below (see Figure 10 and 11) with a 7-day 

moving average production. A description of production data, mainly, wind speed, output power 

and ambient temperature is given in tables 1 and 2. The idea of using two turbines is simply to 

show that the difference may occur during different months for each turbine. 

Overall, production data shows that the average output of both turbines is about 320 KW, with 

75% of the output being less than 454 KW. In general, the production is not performing well, 

which may be viewed as a data limitation of this study. 
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Figure 10. Production profile of turbine 1 (ENGIE, 2019) 

Table 1. Production data description of turbine 1 

  Turbine 1 

 

 Wind speed 
(m/s) 

Output 
power (kW) 

Ambient 
temperature 

(°C) 

 Average  5.2 313.9 20.6 

 

Standard 
deviation  

2.5 409.5 6.1 

 min 0.0 -16.0 6.0 

Percentiles 

25% 3.7 6.6 16.0 

50% 5.3 160.4 20.4 

75% 6.5 436.6 25.0 

 max 21.2 2049.9 38.0 
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Similar data and production profile of the second turbine are given below (Figure 11 and Table 

2):  

 

Figure 11. Production profile of turbine 2 (ENGIE, 2019) 

Table 2. Production data description of turbine 2 

  Turbine 2 

 

 Wind speed 
(m/s) 

Output 
power (kW) 

Ambient 
temperature 

(°C) 

 Average  5.2 331.0 19.5 

 

Standard 
deviation  

2.7 442.6 6.8 

 min 0.0 -15.0 3.0 

Percentiles 

25% 3.7 3.5 14.4 

50% 5.3 157.5 19.5 

75% 6.6 454.2 24.0 

 max 20.0 2050.5 215.0 
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4.1.3. Market data  

As a result of the lack of market data, the day-ahead market data for 2021 in France is used, with 

the assumption that the turbine generation profile is independent from the electricity price 

profile, as it's very hard to match or correlate between production of (one or two turbines) and 

the market data. Market data is available in Nord Pool accessible at (Nord Pool, 2021).  

A 7-day moving average of the electricity price in France is given below (Figure 12). The following 

tables (Table 3), give more information on electricity prices (average, standard deviation, 

minimum, maximum and percentiles) as well as average market price per month and variance, 

which is a measurement of the spread of electricity prices, calculated as  the sum of the squared 

differences between each data point and the mean, divided by the number of data values. 

 

Figure 12. 7-day moving average electricity price in France (Nord Pool, 2021) 
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Table 3. Electricity price description  

  

 

 

4.1.4. Data clearing and filtration  

The first and second steps are applied to raw data in order to delete irrelevant and missing data 

as well as to select only wind-in-limits data based on wind speed and ambient temperature. The 

results of monthly first and second data coverage rate for both turbines are given in table 4 below.  

Table 4. Monthly data coverage rate for both turbines  

 Turbine 1 Turbine 2 

 

1st Data 
coverage 

rate 
(%)  

2nd data 
coverage rate 

(%)   

1st Data 
coverage 

rate 
(%)  

2nd data 
coverage 

rate 
(%)   

Jan  99.91 71.77 100 71.05 

Feb  100 80.79 100 81.25 

Mar 99.97 87.4 99.98 87.56 

Apr 99.86 79.04 99.95 80.08 

May  100 79.4 100 79.57 

Jun  93.72 76.18 89.29 78.07 

Jul  100 77.66 100 77.44 

Aug  99.93 71.71 99.96 71.63 

Sep 96.29 73.26 95.93 73.24 

Oct 99.08 84.64 99.08 84.38 

Nov 98.95 79.97 98.91 80.48 

Dec 99.82 87.67 99.62 85.23 

Average  98.96 79.12 98.56 79.16 

 

 
  

Electricity price  
in (Euro/MWh) 

  Average  108.0 

 

Standard 
deviation 

84.3 

 min -66.2 

Percentiles  

25% 55.6 

50% 78.0 

75% 135.9 

 max 620.0 

 

Average 
market price  
(Euro/MWh) 

Variance  

Jan  57.68 281.75 

Feb  47.82 265.26 

Mar 50.564 246.83 

Apr 62.447 420.31 

May  57.059 664.09 

Jun  74.302 394.57 

Jul  78.58 558.72 

Aug  77.979 1015.33 

Sep 134.379 1036.33 

Oct 173.517 4085.05 

Nov 222.319 3802.61 

Dec 263.86 10506.43 
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The average first data coverage rate is around 98% for both turbine while the second coverage 

rate has an average of around 79%. No month was identified with less than 50%, therefore, all 

months are considered in further calculations. 

The suggested methodology and data were applied for three different scenarios, a pure-market 

situation, a market/PPA shares and a PPA with minimum baseload. The obtained results and a 

further description of the case studies under consideration are given below.  

4.1.5. Case 1:  Pure-market situation 

In a pure-market situation we assume that the total production of both turbines is sold into the 

day-ahead market. In this case, energy production and losses as well as revenues and revenue 

losses are calculated only based on the concurrent electricity price. 

A summary of availability metrics calculation, for both turbines, is given in table 5 below. 

Detailed calculations of energy and revenue losses are given in appendices 2 and 3. 

Table 5. Results of availability metrics of the first and second turbines 

 Availability metrics Turbine 1 Availability metrics Turbine 2 

 

Time-
based 

availability 
(%) 

Energy-
based 

availability 
(%) 

Revenue-
based 

availability 
(%) 

Time-
based 

availability 
(%) 

Energy-
based 

availability 
(%) 

Revenue-
based 

availability 
(%) 

Jan  87.59 92.04 92.3 96.91 94.23 94.28 

Feb  96.53 93.99 94.3 97.95 95.90 95.85 

Mar 97.64 94.52 95.01 98.49 95.28 95.72 

Apr 96.74 90.07 90.44 97.05 90.35 90.60 

May  94.66 85.21 87.41 94.73 81.61 81.67 

Jun  95.51 87.74 87.75 84.92 74.51 76.50 

Jul  96.71 87.92 87.73 97.43 89.27 89.16 

Aug  95.27 83.49 83.12 96.71 85.22 84.84 

Sep 94.78 90.47 90.22 91.63 84.94 85.12 

Oct 97.62 93.16 93.05 98.37 94.71 94.47 

Nov 98.47 94.37 94.4 97.21 90.32 88.83 

Dec 91.68 89.86 88.32 83.72 82.80 78.55 

Average  95.27 90.24 90.34 94.59 88.26 87.96 

 

The results show an average time-based availability of around 95% and 94% while energy and 

revenue-based availability are of around 90% and 88% for turbine 1 and turbine 2 respectively. 
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In general, time-based is higher than energy-based and revenue-based. However, it’s possible to 

find situations in which the revenue based is higher. An example of this happens during periods 

of time in which the turbine was producing during high electricity prices while losses are occurring 

during low electricity prices. Which leads to high performances in terms of revenues.  

The opposite (time-based lower than energy-based) can also occur, especially during periods of 

time in which downtimes happen during low wind speeds (for long periods of time) such situation 

leads to low time-based availability compared to energy-based availability. Results of January, for 

the first turbine, indicate such situation with a time-based availability lower than both energy and 

revenue-based.  

For a monthly comparison, the results of turbine 1 show a remarkable difference between energy 

and revenue-based availability especially for May with a 2.2% difference and December with 

1.5%. While turbine 2 shows a significant difference in June, November, and December, with a 2 

%, 1.5 %, and 4.3 % difference, respectively. 

In terms of revenues and revenue losses, results show that both revenue-based and energy-based 

availability in general give a good indication of the turbine’s performance. However, in some 

particular cases, such as in May for turbine 1 and June for turbine 2 (as illustrated in Figure 13 for 

turbine 1 and Figure 14 for turbine 2), revenue-based availability is higher than energy-based. 

Such a scenario is mainly due to the fact that the production was occurring during favorable 

electricity market prices.  

 

Figure 13. Availability metrics, revenues and losses of turbine 1 
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Figure 14. Availability metrics, revenues and losses of turbine 2 

During December, for both turbines, the revenue-based availability is less than energy-based. In 

the case of the second turbine, the energy availability metric indicates 82.8%, while revenue-

based availability is only 78.5%. Such a situation is also a result of combination of a high share of 

energy losses combined with high energy prices. As previously indicated in the electricity market 

price showing high values for the last three months. In fact, December, was the month with the 

highest average electricity price of around 265 Euro/MWh. 

 

Figure 15. Total monthly production and losses of the second turbine  

A comparison between June and December for the second turbine shows clearly the impact of 

the electricity price on the revenue availability of the turbine. The share of energy losses is 
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approximately the same in June and December (Figure 15), with higher energy losses compared 

to other months. However, due to the market price (265 Euro/MWh in December, and 74 

Euro/MWh in June) the cost of losses in terms of revenues is higher in December.  

Overall, in a pure-market scenario, high energy losses lead to a divergence between energy-based 

and revenue-based availability. This difference is amplified during high electricity prices which 

leads to high revenue losses.  

4.1.6. Case 2: Market/PPA shares 

In Market/PPA shares situation we assume that the total production is split between the day-

ahead market and a private consumer through a fixed price power purchase agreement. The 

suggested methodology was applied on turbines 1 and 2 for the following cases.  

• First case: for both turbines, availability metrics are calculated by increasing the share of 

the production sold through a fixed price PPA from 10% to 30% and finally 70% with a 

PPA price of 80 Euro/MWh (simply means reducing the share of variable prices from 90% 

to 70% and finally 30%).   

• Second case: The selling price of power (PPA price) for the same shares was increased 

from 80 Euro/MWh and 180 Euro/MWh to 260 Euro/MWh. 

The results of the first case, for turbine 1 are given below (Figure 16). Similar results are 

obtained for the second turbine (see appendix 5 for detailed results).  
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 Figure 16. Revenue and energy-based availability for increased share of PPA (10%, 30%, and 70%) 

(case of Turbine 1) 

 
The results show an increased difference between energy and revenue-based availability mainly 

for previously identified months with high energy losses (May and December for turbine 1) and 

(June and December for turbine 2). For the first turbine, the difference is around 2% in May if we 

decrease the share of PPA to only 10% of the production. The results show also a slight difference 

between availability metrics (energy and revenue-based) by increasing the share of the PPA to 

around 70%. This is primarily because raising the percentage of a fixed price PPA increases the 

share of time or periods in which both energy and revenue-based availability are equal.  

The difference between revenue and energy-based metrics may occur in both directions 

(increasing or decreasing) as the months of May and December indicated.  

Regarding the second case, results indicate a slight difference between availability metrics in 

cases of high shares of the fixed price PPA regardless of the PPA price. As by increasing the price 

from 80 Euro/MWh to 260 Euro/MWh the difference in both cases (70% and 10% PPA share) is 

only around 0.4% (figure 17). While, by reducing the share of PPA to only 10%, the instable prices 

of the electricity market increase the difference between availability indicators during months of 

high losses to around 1.6% (figure 18).    
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It’s therefore clear that the impact of the PPA share is higher than the impact of PPA price and 

leads to more divergence between energy and revenue-based indicators especially during months 

of high production losses.  

 

Figure 17. Revenue and energy-based availability for fixed share (70% PPA) and different PPA prices 

 

Figure 18. Revenue and energy-based availability for fixed share (10% PPA) and different PPA prices  
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4.1.7. Case 3: PPA with minimum monthly baseload  

Case study 3 investigates a situation in which revenues are impacted by other external factors for 

example the volume risk which simply means that the producer should pay the deficit of 

production to the consumer if the production is lower than the minimum contacted. 

In cases of a minimum monthly baseload, we assume a minimum monthly quantity of energy to 

be delivered to the consumer under a PPA agreement of 1GWh per month at a price of 100 

Euro/MWh for both turbines. The volume of 1GWh was selected based on the monthly total 

production of each turbine in order to create situations in which volume risk is occurring. The 

volume was chosen to cover scenarios with low, medium, and high-volume risk for the two 

turbines. Based on the total monthly production, months with volume risk were identified and 

availability calculations are summarized in the following graphs (Figure 19).  

  

Figure 19. Monthly energy and revenue-based availability for turbine 1 (left) turbine 2 (right) 

Results indicates a remarkable divergence between energy and revenue-based indicators 

especially during months of high production losses. This difference is higher for months with large 

volume risk as is the case for August for both turbines compared to May. 

The impact of volume risk is significant during August for both turbines with around 10% for the 

first turbine and 5% for second. In terms of revenues losses, for the same month, the volume risk 

is around 50 000€   for the first turbine and 20 000€ for the second. 

The use of revenue-based availability is therefore important, especially for the monitoring of the 

turbine’s availability performance. However, in case of contractual availability it’s difficult to take 

into account such external factors.       
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4.2. Results Summary and Discussion 

Overall, several conclusions can be drawn regarding the difference between energy and revenue-

based metrics. In a pure-market situation the results indicate a remarkable difference between 

those indicators mainly during months with high energy losses. A previous study found 

comparable findings with an average difference between energy and revenue-based of around 

2% (Sundgaard Pedersen & Langreder, 2018).  

Theoretically and based on the definition of revenue-based availability (RbA), for months with the 

same realized revenues, low values of RbA occur during periods of time with high revenue losses. 

While revenue losses are determined by two variables: energy losses and electricity prices. For 

the same quantity of energy losses, the impact of electricity prices can be either low (low 

electricity prices combined with low energy losses) or high impact (high electricity prices 

combined with high energy losses).  

Case study 2 results provide a simulation of the influence of power price dispersion. In fact, by 

increasing the market share energy losses occur during fluctuating electricity prices which creates 

variable revenue losses for the same quantity of energy. Reducing the market share, by increasing 

the share of fixed price PPA reduces the impact of the electricity price. This leads to slight 

differences between energy and revenue-based indicators during periods of low electricity price 

fluctuations compared to a significant difference during periods of high electricity fluctuations. 

Overall, revenue-based availability takes into account the electricity price component and 

indicates different values compared to energy-based availability for cases of high electricity prices 

fluctuation. 

Similar results are obtained for the case of a pure-market situation as values for December, the 

month with the highest electricity price dispersion, indicate for both turbines with the 1.5% losses 

for turbine 1 and more than 4% for turbine 2.  

More complex situations evaluated in the case study shows the impact of the PPA structure, 

especially the volume risk due to insufficient energy production, and the important difference 

between availability metrics that may occur under those conditions.  
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Consequently, fluctuations in electricity prices, market/PPA share, and power purchase 

agreement. All of these factors have an impact on availability metrics and can be a source of 

divergence between energy and revenue-based availability. This effect is often higher during 

periods of greater dispersion of electricity prices. 
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Chapter 5  CONCLUSIONS    

 

In this project a methodology for calculation and comparison of availability metrics of wind 

turbines was developed based on simplified approach of the IEC 61400-26 information model.  

The developed methodology was applied for calculating and comparing energy-based and 

revenue-based availability metrics for 12 months of production for two 2050 kW turbines in 

France. 

Availability metrics are derived in a consecutive way using the same approach, starting with the 

identification of available and unavailable periods of time as the basic step for calculation of time-

based availability. Energy losses and actual production are calculated for the same periods of time 

and the second metric (energy-based availability) is obtained. The same identified periods of 

available and unavailable states, combined with the actual production and losses, as well as 

electricity prices are used for calculating the third indicator, revenue-based availability. 

In order to understand and answer the research question of this project, the developed 

methodology was applied on three different scenarios: pure-market case, Market/PPA shares, 

and PPA case with a minimum monthly baseload. The three investigated scenarios helped to 

understand the impact of electricity prices and a split of the production between fixed price 

agreement and wholesale electricity market.  

Overall, results indicate significant impacts from high fluctuations of electricity prices combined 

with periods or months of high electricity prices and high energy losses. Results also show a 

significant difference between energy-based and revenue-based availability in cases where the 

share of electricity sold into the electricity market is large. Such results confirm the impact of the 

fluctuation, or disparity, of the electricity market price compared to the electricity price itself.  

From a theoretical point of view, in general cases increasing the share of periods of time with 

stable or low fluctuations in the electricity price lead to low differences between energy and 

revenue-based metrics. Obtained results from case study 3 confirm this, however, the impact 

from a high disparity of electricity prices still lead to a divergence between the two indicators. 
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From a general perspective, the impact of electricity prices and a split between market and PPA 

can be important and can be a source of significant divergence between energy and revenue-

based availability. It is found that in a market characterized by low fluctuations of electricity prices 

or in a situation where a high share of production is sold through a stable or fixed price 

agreement, energy-based availability will still give an accurate picture of the turbine’s 

performance. While, in cases where the market is characterized by high disparities in electricity 

prices during the periods in which availability metrics are calculated, the use of a revenue-based 

metric gives a better indication of the turbine’s performance and a significant difference between 

energy performances and revenue performances may occur. 

Overall, the fluctuation of electricity prices leads to cases of divergence between energy and 

revenue-based metrics. A divergence that can occur in both senses. A comparison of the two 

indicators can be used to differentiate between periods of better or poorer energy-based 

performance compared to revenue-based performance. 

This distinction is critical because it helps determine which indicators, maintenance and operating 

strategies, and availability warranties should be based on. 

Various limitations were identified in this thesis, resulting in a less precise analysis. From a data 

perspective, even though the use of one-year operational data and two turbines may help to 

cover the seasonality impact of both electricity prices and wind speed, it remains an important 

limitation in terms of the impact of a diverse production profiles as well as performance 

degradation after several operation years. Another limitation is the lack of data from different 

locations. From a methodology perspective, the suggested methodology is a simplified version 

for calculating availability metrics, all downtimes are combined regardless of their nature. In 

addition, a worst-case scenario is assumed for estimating partial performances.       

Additional investigations in future works can be conducted using the same developed 

methodology and applying it to different wind turbines under different markets conditions and 

selling structures. This will grant a more in-depth analysis of the impact of the market and 

electricity purchasing agreements on the availability metrics.    
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Appendix 1.   Python code based on pandas  

#Downloading data  

dff=T1m1 

pc=pd.read_csv(path+ '/powercurve.csv', sep=';') 

price1=pd.read_csv(path+ '/m1.csv', sep=';') 

price1["price"] = pd.to_numeric(price1["price"], errors='ignore') 

mshare=90/100 

PPA=180 

price1['fr']=6 

pricemnt=price1.loc[price1.index.repeat(price1.fr)].reset_index(drop=True) 

dff['price']=pricemnt['price'] 

df=dff.dropna() 

#First data coverage ratio  

frstdcr=df.count()/dff.count()*100 

df['allrev']=(mshare*df['P_avg']*df['price'])+((1-mshare)*df['P_avg']*PPA) 

#Wind-in-limits definition   

dfwd = df.drop(df.index[df['Ws_avg']<3]) 

dfwd = dfwd.drop(dfwd.index[dfwd['Ws_avg']>20.5]) 

dfwd = dfwd.drop(df.index[df['Rt_avg']<-20]) 

dfwd = dfwd.drop(dfwd.index[dfwd['Rt_avg']>40]) 

#Second data coverage ratio  

scddcr=dfwd.count()/df.count()*100 

dfdt = dfwd.drop(dfwd.index[dfwd['P_avg']>0]) 

#Time-based availability 

TbA=(dfwd.count()-dfdt.count())/dfwd.count()*100 

dfpp=dfwd.drop(dfwd.index[dfwd['P_avg']<0]) 

Totalpower= dfpp['P_avg'].sum() 

Totalrevenue= dfpp['allrev'].sum() 

#Downtime losses (energy and revenue) power curve split into three parts 

pnoploss1=dfdt.drop(dfdt.index[dfdt['Ws_avg']>8.51]) 

pnoploss1['los']=13.868*dfdt['Ws_avg']*dfdt['Ws_avg']+9.9431*dfdt['Ws_avg'

]-132.67 

pnoploss1['losrev']=(mshare*pnoploss1['los']*pnoploss1['price'])+((1-

mshare)*pnoploss1['los']*PPA) 

pnoploss22 = dfdt.drop(dfdt.index[dfdt['Ws_avg']>=14.5]) 

pnoploss2 = pnoploss22.drop(pnoploss22.index[pnoploss22['Ws_avg']<8.51]) 

pnoploss2['los']=3.8438*pnoploss2['Ws_avg']*pnoploss2['Ws_avg']*pnoploss2[

'Ws_avg']-

174.74*pnoploss2['Ws_avg']*pnoploss2['Ws_avg']+2634.6*pnoploss2['Ws_avg']-

11187 

pnoploss2['losrev']=(mshare*pnoploss2['los']*pnoploss2['price'])+((1-

mshare)*pnoploss2['los']*PPA) 

pnoploss3 = dfdt.drop(dfdt.index[dfdt['Ws_avg']<14.5]) 

pnoploss3['los']=2050 



pnoploss3['losrev']=(mshare*pnoploss3['los']*pnoploss3['price'])+((1-

mshare)*pnoploss3['los']*PPA) 

#Total downtime energy losses  

nonoplosses=pnoploss1['los'].sum()+pnoploss2['los'].sum()+pnoploss3['los']

.sum() 

# Total downtime revenue losses 

nonoplosrev=pnoploss1['losrev'].sum()+pnoploss2['losrev'].sum()+pnoploss3[

'losrev'].sum() 

# Partial performance losses (energy and revenue) power curve split into 

three parts 

dfwd1 =dfpp.drop(dfpp.index[dfpp['Ws_avg']>8.51]) 

dfwd1['los']=14.886*dfwd1['Ws_avg']*dfwd1['Ws_avg']-

8.6476*dfwd1['Ws_avg']-148.49-dfwd1['P_avg'] 

dfwd1p = dfwd1.drop(dfwd1.index[dfwd1['los']<0]) 

dfwd1p['losrev']=(mshare*dfwd1p['los']*dfwd1p['price'])+((1-

mshare)*dfwd1p['los']*PPA) 

dfwd22 = dfpp.drop(dfpp.index[dfpp['Ws_avg']>=14.5]) 

dfwd2 = dfwd22.drop(dfwd22.index[dfwd22['Ws_avg']<8.51]) 

dfwd2['los']=-0.9021*dfwd2['Ws_avg']*dfwd2['Ws_avg']*dfwd2['Ws_avg']-

10.71*dfwd2['Ws_avg']*dfwd2['Ws_avg']+812.91*dfwd2['Ws_avg']-4756-

dfwd2['P_avg'] 

dfwd2p = dfwd2.drop(dfwd2.index[dfwd2['los']<0]) 

dfwd2p['losrev']=(mshare*dfwd2p['los']*dfwd2p['price'])+((1-

mshare)*dfwd2p['los']*PPA) 

dfwd3 = dfpp.drop(dfpp.index[dfpp['Ws_avg']<14.5]) 

dfwd3['los']=2050-dfwd3['P_avg'] 

dfwd3p = dfwd3.drop(dfwd3.index[dfwd3['los']<0]) 

dfwd3p['losrev']=(mshare*dfwd3p['los']*dfwd3p['price'])+((1-

mshare)*dfwd3p['los']*PPA) 

Totalloss=dfwd1p['los'].sum()+dfwd2p['los'].sum()+dfwd3p['los'].sum() 

totalrevlossop=dfwd1p['losrev'].sum()+dfwd2p['losrev'].sum()+dfwd3p['losre

v'].sum() 

Losses=Totalloss+pnoploss1['los'].sum()+pnoploss2['los'].sum()+pnoploss3['

los'].sum() 

Revlosses=totalrevlossop+nonoplosrev 

# Energy-based and revenue-based availability  

EbA=(Totalpower)/(Totalpower+Losses)*100 

RbA=(Totalrevenue)/(Totalrevenue+Revlosses)*100 

 



Appendix 2.   Calculation results of the first turbine 
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Average 
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(Euro/MWh) 
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production  

(MWh) 

Total 
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(Euro) 
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operative 
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operative 
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Operative 
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(partial 
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(MWh) 

Operative 
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(partial 
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(Euro) 

Total 
losses  

(MWh) 

Total losses  
(Euro) 

Time-
based 

availability 
(%) 

Energy-
based 

availability 
(%) 

Revenue-
based 

availability 
(%) 

Jan  99.91 71.77 6.21 4.35 462.13 57.68 1481.601 89300.934 76.536 4605.009 51.592 2843.297 128.128 7448.307 87.59 92.04 92.3 

Feb  100 80.79 6.55 4.16 519.19 47.82 1691.445 79963.838 20.064 700.841 87.97 4132.035 108.034 4832.876 96.53 93.99 94.3 

Mar 99.97 87.4 6.63 3.34 530.385 50.564 2069.356 111763.459 5.495 266.433 114.443 5592.39 119.939 5858.824 97.64 94.52 95.01 

Apr 99.86 79.04 5.44 3.25 262.57 62.447 895.399 57366.995 5.278 331.888 93.377 5728.626 98.656 6060.514 96.74 90.07 90.44 

May  100 79.4 5.48 3.66 245.816 57.059 871.439 54666.241 17.821 454.943 133.364 7418.697 151.186 7873.64 94.66 85.21 87.41 

Jun  93.72 76.18 5.89 3.31 329.15 74.302 1049.003 77476.501 7.825 568.32 138.742 10237.524 146.567 10805.844 95.51 87.74 87.75 

Jul  100 77.66 5.85 3.33 315.717 78.58 1094.591 84916.458 6.5 542.238 143.842 11326.494 150.343 11868.732 96.71 87.92 87.73 

Aug  99.93 71.71 5.45 3.33 235.49 77.979 753.354 57975.369 8.832 695.597 140.137 11070.278 148.97 11765.876 95.27 83.49 83.12 

Sep 96.29 73.26 5.92 3.23 371.098 134.379 1131.109 149121.831 7.273 1036.651 111.84 15117.103 119.114 16153.754 94.78 90.47 90.22 

Oct 99.08 84.64 6 3.36 376.389 173.517 1409.201 240360.777 5.433 788.671 98.006 17137.947 103.44 17926.619 97.62 93.16 93.05 

Nov 98.95 79.97 6.38 3.42 473.31 222.319 1618.25 362024.696 3.945 710.831 92.524 20730.897 96.47 21441.728 98.47 94.37 94.4 

Dec 99.82 87.67 6.9 4.22 584.609 263.86 2284.069 530404.726 62.645 21489.112 194.906 48643.868 257.552 70132.98 91.68 89.86 88.32 



Appendix 3.   Calculation results of the Second turbine 
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(MWh) 
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Total 
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(MWh) 

Total losses  
(Euro) 

Time-
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availability 
(%) 

Energy-
based 

availability 
(%) 

Revenue-
based 

availability 
(%) 

Jan  100 71.05 6.32 4.69 481.754 57.403 1528.376 92347.583 27.824 1753.213 65.592 3844.249 93.416 5597.463 96.91 94.23 94.28 

Feb  100 81.25 6.75 3.46 579.000 47.677 1896.348 89234.884 5.131 246.903 76.014 3614.132 81.145 3861.034 97.95 95.90 95.85 

Mar 99.98 87.56 6.78 3.28 575.434 50.526 2248.893 121645.514 3.003 124.176 108.309 5311.434 111.312 5435.610 98.49 95.28 95.72 

Apr 99.95 80.08 5.55 3.27 281.546 62.497 973.495 61847.158 5.074 324.883 98.914 6089.462 103.988 6414.345 97.05 90.35 90.60 

May  100 79.57 5.54 4.64 244.542 57.071 868.549 53557.268 57.700 4401.614 138.042 7616.849 195.742 12018.463 94.73 81.61 81.67 

Jun  89.29 78.07 5.95 4.91 320.495 74.005 997.061 74636.655 130.708 8282.149 210.474 14640.318 341.182 22922.467 84.92 74.51 76.50 

Jul  100 77.44 5.95 3.26 340.022 78.775 1175.455 91519.911 4.264 347.969 136.959 10784.085 141.223 11132.054 97.43 89.27 89.16 

Aug  99.96 71.63 5.52 3.24 252.850 78.546 808.107 61737.825 4.770 374.544 135.379 10659.911 140.149 11034.455 96.71 85.22 84.84 

Sep 95.93 73.24 6.02 4.52 380.083 134.680 1153.552 152378.116 61.438 7711.311 143.016 18933.915 204.453 26645.226 91.63 84.94 85.12 

Oct 99.08 84.38 6.07 3.25 404.287 173.429 1508.798 257987.351 2.870 523.305 81.390 14569.235 84.260 15092.540 98.37 94.71 94.47 

Nov 98.91 80.48 6.52 6.06 502.073 222.575 1726.628 384698.533 60.630 17118.542 124.349 31275.965 184.979 48394.506 97.21 90.32 88.83 

Dec 
99.62 85.23 7.16 5.23 617.119 265.835 2338.880 533528.809 208.511 66868.384 277.512 78859.883 486.023 145728.267 83.72 82.80 78.55 



 

Appendix 4.   Results summary of the second case study (second turbine) 

 

Result of the second turbine case of market/PPA shares 

 

Results of the second turbine (increase of the PPA share) 
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Appendix 5.   Detailed results of the second case study (first and second turbines) 

80 Euro/MWh 

Revenue-
based 

availability 
(70 %) 

Revenue-
based 

availability 
(30 %) 

Revenue-
based 

availability 
(10 %) 

92.1 92.2 92.26 

94.05 94.17 94.25 

94.63 94.82 94.94 

90.16 90.31 90.39 

85.75 86.62 87.13 

87.74 87.75 87.75 

87.86 87.79 87.75 

83.38 83.24 83.16 

90.37 90.27 90.24 

93.11 93.07 93.06 

94.39 94.4 94.4 

89 88.51 88.37 
 

180 Euro/MWh 

Revenue-
based 

availability 
(70 %) 

Revenue-
based 

availability 
(30 %) 

Revenue-
based 

availability 
(10 %) 

92.07 92.15 92.23 

94.02 94.11 94.2 

94.57 94.72 94.88 

90.12 90.24 90.35 

85.49 86.18 86.86 

87.74 87.75 87.75 

87.89 87.82 87.77 

83.43 83.3 83.2 

90.41 90.31 90.25 

93.13 93.09 93.07 

94.38 94.39 94.4 

89.31 88.7 88.44 
 

260 Euro/MWh 

Revenue-
based 

availability 
(70 %) 

Revenue-
based 

availability 
(30 %) 

Revenue-
based 

availability 
(10 %) 

92.06 92.13 92.21 

94.01 94.08 94.18 

94.56 94.68 94.84 

90.11 90.2 90.32 

85.41 85.99 86.7 

87.74 87.74 87.75 

87.9 87.84 87.78 

83.44 83.34 83.22 

90.42 90.33 90.27 

93.13 93.09 93.07 

94.38 94.39 94.4 

89.43 88.81 88.48 
 

  
Results of the first turbine  
 
 

 

80 Euro/MWh 

Revenue-
based 

availability 
(70 %) 

Revenue-
based 

availability 
(30 %) 

Revenue-
based 

availability 
(10 %) 

94.25 94.26 94.27 

95.88 95.87 95.85 

95.38 95.55 95.66 

90.41 90.51 90.57 

81.62 81.64 81.66 

75.06 75.86 76.28 

89.23 89.19 89.16 

85.1 84.95 84.87 

85.01 85.08 85.1 

94.59 94.51 94.48 

89.5 89.02 88.88 

80.4 79.07 78.69 
 

180 Euro/MWh 

Revenue-
based 

availability 
(70 %) 

Revenue-
based 

availability 
(30 %) 

Revenue-
based 

availability 
(10 %) 

94.24 94.25 94.27 

95.89 95.87 95.86 

95.33 95.46 95.6 

90.38 90.46 90.54 

81.61 81.62 81.65 

74.8 75.47 76.07 

89.2 89.21 89.17 

85.16 85.02 84.91 

84.98 85.05 85.09 

94.64 94.54 94.5 

89.79 89.2 88.94 

81.24 79.57 78.87 
 

260 Euro/MWh 

Revenue-
based 

availability 
(70 %) 

Revenue-
based 

availability 
(30 %) 

Revenue-
based 

availability 
(10 %) 

94.24 94.25 94.27 

95.89 95.88 95.86 

95.4 95.42 95.56 

90.37 90.44 90.52 

81.61 81.63 81.65 

74.71 75.29 75.93 

89.26 89.22 89.18 

85.17 85.06 84.94 

84.97 85.03 85.08 

94.65 94.56 94.5 

89.79 89.31 88.99 

81.58 79.89 79 
 

  
Results of the second turbine 

 

 

  



Appendix 6.   Detailed results of the third case study (first and second turbines) 

 

 

Total production  
(MWh) 

Total losses  
(MWh) 

Total losses 
due to 

volume risk 
(Euro) 

Total 
revenues 

(Euro) 

Total 
revenue 

losses (Euro) 

EbA 
(%) 

RbA 
(%) 

Jan  1481.601 128.128 0 296320.2 25625.6 91.35 91.35 

Feb  1691.445 108.034 0 338289 21606.8 93.61 93.61 

Mar 2069.356 119.939 0 413871.2 23987.8 94.20 94.20 

Apr 895.399 98.656 20920.2 158159.6 19731.2 88.98 87.52 

May  871.439 151.186 25712.2 148575.6 30237.2 82.65 79.65 

Jun  1049.003 146.567 0 209800.6 29313.4 86.03 86.03 

Jul  1094.591 150.343 0 218918.2 30068.6 86.26 86.26 

Aug  753.354 148.97 49329.2 101341.6 29794 80.23 70.60 

Sep 1131.109 119.114 0 226221.8 23822.8 89.47 89.47 

Oct 1409.201 103.44 0 281840.2 20688 92.66 92.66 

Nov 1618.25 96.47 0 323650 19294 94.04 94.04 

Dec 2284.069 257.552 0 456813.8 51510.4 88.72 88.72 

 

Results of the first turbine 

 

 

Total production  
(MWh) 

Total losses  
(MWh) 

Total losses 
due to 

volume risk 
(Euro) 

Total 
revenues 

(Euro) 

Total 
revenue 

losses (Euro) 
EbA RbA 

Jan  1528.376 93.416 0 152837.60 9341.60 93.89 93.89 

Feb  1896.348 81.145 0 189634.80 8114.50 95.72 95.72 

Mar 2248.893 111.312 0 224889.32 11131.19 95.05 95.05 

Apr 973.495 103.988 2650.514955 94698.97 10398.80 89.32 89.02 

May  868.549 195.742 13145.08503 73709.83 19574.21 77.46 73.44 

Jun  997.061 341.182 293.918 99412.16 34118.17 65.78 65.68 

Jul  1175.455 141.223 0 117545.54 14122.28 87.99 87.99 

Aug  808.107 140.149 19189.274 61621.45 14014.91 82.66 77.26 

Sep 1153.552 204.453 0 115355.18 20445.31 82.28 82.28 

Oct 1508.798 84.260 0 150879.81 8426.04 94.42 94.42 

Nov 1726.628 184.979 0 172662.75 18497.94 89.29 89.29 

Dec 2338.880 486.023 0 233887.98 48602.30 79.22 79.22 

 

Results of the second turbine 
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