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Wind turbine failure database

You work outside the university? Learn more about our remote access capabilities Volume 22, Issue 12 Reliability is critical for designing, operating, maintaining and evaluating performance and improving wind turbines (WTs). This document provides a systematic overview of publicly available reliability data for both
onshore and coastal areas and examines the impact of reliability on the cost of energy. The degree of failure and the break-out time of WT broken down by subblock are collected from 18 publicly available databases, including over 18 000 TT corresponding to more than 90 000 turbine years. The data are classified on
the basis of the types of data collected (failure rate and stop) and on land and offshore populations. A comprehensive analysis is carried out to study variations in data variations for WT node data, identify critical subgroups, compare the reliability of offshore and offshore WT, and understand possible sources of
uncertainty. There have been large variations in both the degree of failure and interruptions, and the gradient in the prevalence of failure suggests that large databases with low fault rates, despite their different populations, are less uncertain than more targeted studies, which are easily distorted by faults of the TYPE OF
TT. A model is presented for assessing the levelled energy costs as a function of the WT failure rates and downtime. Numerical study proves a strong and non-linear link between WT reliability and maintenance costs, as well as annual energy production. Together with the cost analysis model, the findings can help
vicosity operators identify the optimal degree of reliability improvement to minimise the levelled energy value. AEP Annual Energy Production CAPEX Capital Expenditures CM Correction Lcoe Energy Value Level of ISS Average Sum of Squares NPV Net Present Value OPEX Operating Costs O&amp;m Operation and
Maintenance PM Preventive Maintenance WT(s) Wind Turbine(s) λ Turbine Failure Rate failure rate of subgroup failure i λi, d Failure rate of subset i in database d Mean arithmetic percentage error of sub-step , considering several databases CCM corrective maintenance costs CF Capacity factor CPM Preventive
maintenance labor costs per hour repair time cr repair (material and spare parts) cost of damage D Interruption of turbine average downtime of damage to the subset i Di,p total downtime due to failure of subset i in the period p I Total number of sub-grooves in turbine m positive exponent represents the effectiveness of
PM investment failureAndy rate Number of databases Np Number of turbines p ni,p Number of malfunctions in (i) in the period p P Maximum number of periods in database Sent WT rated output power r Discount rate Tp Duration of period p in hours of turbines in database d Reliability is crucial for the success of wind
energy energy Low levels of reliability can lead to multiple failures that require extensive maintenance. High levels of reliability can reduce the cost and frequency of the crash, but may be impossible to achieve. Breakdown and maintenance costs are a significant part of WT's operation and maintenance costs (OPEX).
Furthermore, WT reliability affects overall system performance and power,1, 2 as a result of additional costs of lost revenue. A common indicator used to describe the performance of wind generators is the energy cost amount (LCOE), which is defined as the net present cost of unit energy production. The production of
the turbine, OPEX and initial investment costs shall be taken into account in the assessment of the LCOE. In the literature there are several studies to evaluate LCOE3-7; however, the reliability of WT was not taken into account in such studies. It is therefore essential to develop an LCOE assessment model that includes
TC reliability data in order to fully understand the impact of reliability. Data on the reliability of wind turbines include historical damage, repairs and downtime of turbine and its assembly units. A deep understanding of WT's reliability is crucial for developing effective operational and maintenance strategies (O&amp;M) and
improving the efficiency of WT and wind farms. Several studies have been conducted to collect and analyse WT reliability data. The Offshore Energy Converter Project (DOWEC, 1998-2003) provided an early study of the need to design large offshore wind installations and a preliminary study of the reliability of onshore
TT.8, 9 ReliaWind (2008-2011) is another European project that systematically provides a taxonomy of reliability data and collects reliability data for a large number of onshore turbines.10 11 In the ReliaWind project, data from approximately 7,000 turbines were collected over a period of more than 10 years from three
large databases, including Windstat Germany, Windstat Denmark, 12 and LWK (landwirtschaffcamecamer, Schleswig-Holstein, Germany). , however, some of the most comprehensive data that are publicly available. Perez et al14 provides an overview of the reliability of onshore WT installation in European countries,
including reliability data from six data sources, including three from the ReliaWind project. Offshore wind power has experienced rapid growth in recent years, and annual cumulative installed capacity is expected to increase in the coming years. Since 2011, the annual cumulative capacity is more than four times greater
and reached 18.8 GW in 2017 (Figure 1). Together with the increasing cumulative capacity, modern and complex technologies for the deployment of larger turbines elsewhere at sea. Currently, the offshore wind energy sector faces many operational challenges, such as the need to improve component reliability and to
implement and develop operational and maintenance strategies to reduce costs.16 Global offshore wind capacity in recent years15 [the figure of color can be seen on wileyonlinelibrary.com] Compared to onshore wind power , which is now in a state of prudent development.16 16 Global offshore wind capacity15 [The
colour figure can be seen on wileyonlinelibrary.com] compared to onshore wind power, which is now in a state of reasonably developed development. , the large-scale offshore wind industry has continued to grow significantly in recent years in parallel with continued advances in plumbing and farm technologies. Data on
the reliability of offshore TT are available at different levels as a result of the competitive nature of the industry, leading to producers and operators being protected from their data and reluctant to share information about their wind power plants and faults openly. However, data on the reliability of offshore information are
very useful for reliability, O&amp;M analysis and performance assessment and published in many documents, such as in literary sources.17-20 When reviewing the results and reliability of WT by Pfaffel et al19, 24 data sources are indicated, but only three of them include data from offshore TT. Two of these sources
offshore provide data on module failure, while the wind-pool21 database provides only general information about the performance of turbine O-M. None of the sources in Pfeiffel and al19 reported WT's stay at sea. In the literature there are some studies that compare the total performance of onshore and offshore wind
turbines19, 21; However, due to the lack of data on the reliability of the offshore country, there are several studies comparing data on land reliability and offshore safety. Artigao et al20 recently reviewed 13 reliability data sources, including two offshore, six on land at Pinar Pérez et al14 and five others on land, published
from 2011 to 2016. Data on the reliability of nodes from different sources are normalized and measured as a percentage and thus used to identify critical WT assemblies for the development of condition monitoring. This document summarizes the reliability data of WT nodes from different sources. The report analysed
additional offshore reliability data that had not been examined in Pinar Perez and al, Pfaffel et al and Artigao et al14, 20 to identify critical subgroups and highlight differences between land and offshore TT. To best understand the authors, this is the most detailed review with 18 data sources conducted for the reliability of
TH, including more than 18,000 WTs in Europe, Asia and the US, which correspond to more than 90,000 turbines years; three additional sources of reliability data (over 1200 wind turbines, two of which are offshore) were not included in the previous reviews. Additional offshore databases allow us to make offshore TT.
The reliability analysis in this report focuses not only on identifying critical sub-trolls and comparing the reliability of intersub functional groups, as in Pfaffel et al and Artigao et al14, 19, 20, but also on the degree of failure and fluctuations in downtime and the identification of possible sources of uncertainty. In addition, the
document presents a new lcoe assessment model using reliability data and reliability data is used to assess the reliability impact of WT on LCOE for different slat groups. This report makes a significant contribution: The document provides the most detailed overview of existing data sources on land reliability and offshore
security to date and identifies similarities and differences between onshore wind turbine populations and marine wind turbines. The paper analyzes the failure rate and downtime of WT nodes based on general classification obtained from several data sources to identify critical subblocks (in terms of failure rate and
interruption). In addition, this document is the first study to quantify the uncertainty of reliability data and examine sources of uncertainty and correctly compare the reliability of coastal and coastal populations. In addition to quantifying variations and data uncertainties, this document presents a lcoe evaluation model using
reliability data to link WT error rates and downtime to OPEX and annual energy production. The reliability data of the data examined shall be used to find the optimal reliability improvement necessary to minimise lcoe for different data sources. The rest of this document is organised as follows. Section 2 provides a
methodology for assessing the degree of failure and downtime of WT nodes and a common WT classification for the collection and interpretation of reliability data. Detailed reviews of several onshore and offshore reliability WT reliability database are provided in section 3. Section 4 presents an analysis of the reliability
data of WT nodes. Section 5 offers an LCOE evaluation model using reliability data and numerical analysis to optimize LCOE for different databases. Section 6 contains conclusions drawn from the study and analysis. In the O&amp;M wind farm practice, historical TT events can be recorded from several sources, such as
condition monitoring systems (CMS), supervisory control and data collection systems (SCADA), fault reports and maintenance logs. Historical events are usually summarised for reliability studies and presented in terms of the degree of failure, (e) the frequency of failure given by the number of turbine failures per unit of
time and the interruption of operation of a failure, which is given as the time during which the turbine does not produce power due to failure. Reliability data, including the degree of assessment of the performance of the TT, but it is often difficult to acquire or share. This survey searches for all data sources that contain
failure and/or downtime statistics, commonly referred to as reliability statistics, for WT subblocks. The failure statistics may be either the estimated turbine failure rates per year or the number of failures within a specified time interval. In both cases, it is assumed that the time between failures follows exponential
distribution, with the failure process being a homogeneous by-product process (PPP) with a constant parameter λ representing the degree of failure. This assumption has been tested and has been reasonably demonstrated for reliaWind22 failure data and is widely accepted for data studies on the reliability of WT.14, 20,
23 In this assumption, the failure rate of sub-scheme i,λi, estimated as the number of turbine failures per year, can be determined by (1), where ni,p is the number of failures of sub-steps i during the p period; Np is the number of TPs considered in the period and TP is the duration of the p period in hours. The failure rate
of the entire WT is calculated as aggregation of all failed percentages of all its sub-debris: (2)when I is the total number of subgroups in the turbine. The numerator of equation 2 represents the total number of turbine failures and the denominator represents the total number of turbine years in the study. Some databases
provide this total number of malfunctions and a relative percentage of these errors obtained from each subblock; the degree of damage to each assembly unit is obtained accordingly. Like error statistics, downtime statistics are often either an average calculated downtime for a malfunction for each subblock or total break
within a certain interval. The calculation is shown in equation 3: (3) where Di,p is the total duration of the interruption due to sub-section failures. The numerator of equation 3 is the total interruption caused by subblock i failures, and the denominator is the total number of errors over the entire duration of a database. This
study uses a common classification to report WT reliability data. The general classification shown in Table 1 is used to streamline the process of examining TH reliability data and subsequently to assess the associated failure and downtime rates and to allow comparison of databases. Wind turbine structure [Colour figure
can be viewed on wileyonlinelibrary.com] Table 1. WT taxonomy applied in this paper subsystems Alternative names Rotor blades Rotor blades Hub unit Air brake Rotor brake Tilt control system Train shafts and bearings Low speed, high speed shafts Mechanical braking system Gear Speed rotation System Speed
generator Speed generator Speed generator Generator Hydraulic System Yau System Yau System - Control System Electronic Control Electrical Converter Transformer - Electrical Protection and Switches Electrical Components Sensors - Nacelle Nacelle ‐ Structure - Foundation - Other other components It is worth
noting that this book studies only system, subsystems and node levels (Figure 2). An example of a subsystem is the turbine rotor, which contains four lifting elements, namely blades, hub, air brake and tilt system. Usually, an assembly module can be divided into smaller components. For example, the tilt system includes
electric motors used to tilt the blades. Similarly, converters may include separate IGBT/diode components (two-way switches). Readers can refer to other common reliability databases, such as Offshore System Reliability Databases (OREDA), 24 Nonelectronic Parts Reliability Database (NPRD-2016), 25, and Electronic
Parts Reliability Database (EPRD-2014)26 for data on the reliability of lower-level components and parts. There is a variation in the breakdown of WT data in the literature and many data sources are not directly comparable for this reason.19 The taxonomy included in this article is based on that used in the ReliaWind22,
23, 27 project with some minor modifications (Table 1). The reliaWind turbine taxonomy has also been adopted in many other studies of wind turbine reliability data.19, 28-32 In addition, an installation can be called differently in different sources of reliability. In Table 1, the first two columns include common names of WT
subsystems and subsystems in this book and the majority of reliability studies; the third column provides alternative names that can be called in several studies in the literature. In Table 1, the category of subsystems terminated others is used for turbine equipment which cannot be linked to another specific category. For
example, some studies include data marked with unknown or which are for small components that are not necessarily related to the function of the turbine (such as cabinets, lighting, etc.). All these components are included in the other category in this document. It is noted that there are some reports and reports in the
literature that relate to the reliability of a module or the overall turbine, but not the details of all nodes, such as literary ones.21, 33-38 These studies are not within the scope of this study, since the taxonomy of the turbine is not presented, and as such, the data are insufficient to compare these studies with other
databases. Each database is a survey of reliability data; characteristics included in each study, however, varied. In this article, turbines are classified by General categories: Type I: Fixed speed, induction generator Type II: Variable speed/slip, type III induction generator: Twelfth induction generator (DFIG) Type IV:



Variable speed, fully converter (induction/synchronous/permanent magnetic generator) Types I and II are limited to canopy and wind turbines of small scale. These types of turbines have been working for a long time. Types III and IV are the dominant configurations and have become the standard for all new and recently
developed turbines (such as Siemens SWT-7.0-154, Vestas V164). Depending on the drive configuration, WT may have indirect (reducing) drive (with a step-type connection of the turbine rotor to the generator) or a power unit (DD) (with a low-speed rotor connected directly to the generator). Type IV turbines can be
either direct or indirect propulsion, with some manufacturers already applying medium speed configurations with indirect drive for PMSG machines. DD PMSG (Siemens SG-8.0-167DD, SG‐10.0-193DD) turbines are currently being developed for large-scale long-range offshore applications. This document reviews 14
sources of WT reliability data from all countries in Europe, Asia and America that play an important role in the wind energy sector (Figure 3). Data from more than 17,000 turbines corresponding to approximately 90,000 turbine years have been identified. For each database in Table 2, the location, number of turbines,
turbine ratings (range), type of turbines, study years, turbine years, reference data and key characteristics are given. Summary of WT onshore reliability databases [Colour figure can be viewed on wileyonlinelibrary.com] Table 2. Onshore WT Reliability Databases Name Location/Country Count WTs Rating, MW WT
Years WT Years Original Data Ref. quarterly reported 2 Windstati Denmark Denmark 2345 0.1- 2.5 All 1994- 2004 17 200 12 , the second largest database, often compared with Windstat Germany, error rate data, reported monthly 3 LWK Germany 643 0,225-1,8 All 19 93-2006 5719 13 — TTs data in northern Germany
(near the coastline) — failure rate and interruption data reported annual 4 WMEP Germany 1500 0,03-1.8 All 1989-2006 15 375 42 data collected from SCADA alarms and support reports – collected from SCada alarms and support reports ADA , from the Fraunhofer43 Wind Energy Institute - the full data for the entire
period were updated and presented in Faulstich et al28 5 VTT Finland 72 0.075-3 All 1996-2008 936 44 – failures and WT presentation were reported in a report on the Finnish conference and thesis , 46 6 Sweden Sweden 723 0,055‐3 NA 1997-2005 3122 47 – original in Swedish; data are summarised in English31, 32 -
error rate and stay data for the whole period 7 CIRCE Spain 4300 0,3 -3 III, IV 3 y, ~12 900 29 data are reported on the basis of fault logs and malfunction alarms30 – to be presented as a percentage and calculated using the available total number of TC and number of failures 8 CREW USA 800-900 0.05-3 NA 2011-
2015 ~3000 48 – data for stop (nab two subsequent updates in 2012 and 201649, 50 9 EPRI USA 290 0.04-0.6 NA 1986-1987 580 9 - data on california wind farms 10 India 1 5 0,225 I 2000-2004 75 51 — Munpadal wind farm data ( one wind farm) – only damage data available (non-stop) 11 CWEA China 640 1,5 to 6 III,
IV 2010-2012 1311 52 — error data of seven critical , gearbox, generator, terrain, 1. 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1 2 Huadian China 1313 NA NA 2012 547 53 – to be presented as a percentage and to calculate using the available total number of TC and number of failures 13 East China 108 1.5-2 NA 2009‐2009-
2009 2013 331 54 - single wind farm in Jiangsu Province - stop rate (non-foreseeable) data 14 SE China China 134 1.5 III 2011 67 55 - single wind farm in Southeast China – to be presented in percentage and assessment of the available total number of WTs and number of malfunctions The majority of data sources are
combinations from small (several hundred kilowatts) to medium (several megawatt) turbines. There may be one database per country, such as Denmark, Finland and Sweden, or several data sources from the same country, such as Germany, the US and China. Onshore databases are highly variable in terms of size and
content. Large databases, such as windstat, WMEP and CIRCE, contain data from several thousand turbines over long periods of time (more than 5 years), and the number of turbine years is more than 10,000. These large databases represent over 70% of the total number of TT reported and over 80% of the total
number of reported turbine years. On the other hand, small databases such as EPRI, VTT, Eastern China, Huadyan and Southeast China study only a small number of turbines or only for short periods of time and thus the number of turbine years is less than 1000. These databases, however, tend to focus on specific
types of turbine rather than pooling data from a large number of different types of turbines. Some medium-sized databases may contain a smaller number of turbines, but over a fairly long period of time, such as LWK, Sweden, CWEA and CREW. As there are several data sources, there are some differences between the
turbine taxonomomas used and the way the data was collected. Typically, the failure is defined as an event that causes the turbine or subset module to fail, that repair operation. However, in some databases, such as crew (US) and eastern China, every stop event is reported and many of these events can be resolved
with remote or manual reset rather than tangible action support. In this case, many stops are not real damage, but answers to unusual operating conditions. Sometimes different databases break down the taxonomy of the turbine a little differently. For example, a database may report rotor information in separate
categories for blades, hubs, air brakes and tilting systems and present reliability statistics for all these debris separately, while another database may pool these data and provide general statistical information on the rotor subsystem. Data on offshore TT and wind power plants are less prevalent than on land. This study
found four studies of the reliability of offshore TT with a total of 1551 TT, which corresponds to over 3300 turbine years in Europe. Details of the places, number of turbines, years of data collection, rated power, types and years of turbine from these studies are given in Table 3. In addition to the characteristics given in
Table 2 for land TT, Table 3 provides the distance to shore depth and water depth for offshore exploration. 3. Table 3. Offshore reliability of WT databases Name location/country Off to shore, km Water deep, m Number of WTs WT rating, MW WT types years original data Reference. Note 1 Round 1 UK 3.6–12.8 5-20
120 2-3 III 2004-2007 270 56 - data from four farms in early operation – dominant gearbox failure leading to a large number of gearbox changes 2 NoordzeeWind Netherlands 10-18 17-33 36 36 3 III 2007-2020 09 108 57-59 — Wind stop speed data (no failure rate) — dominant gearbox failures and generator 3
Strathclyde Europe NA NA NA NA 350 2-2-1 4 III 5 y 1768 17 – damage is classified in minor repair, overhaul and basic repair data (not downtime) 4 SPARTA UK Vary Vary 1045 2-6 III , IV 2015-2016 1219 60 - data from 19 wind power installations in the UNITED Kingdom – the average monthly number of repairs (due
to malfunctions) — no data on interruption of fault time As opposed to onshore reliability data , the data sources for offshore TT contain a relatively small number of wind and turbine years, with only data available on the reliability of European (including British) turbines at sea (Figure 4). This is well explained by the
dominance of European countries in offshore wind installations. All these studies are for multimegawatt WTs (2 MW and over). Strathclyde and SPARTA data are also newer for a large number of turbines and turbines than the other two covering one or more wind turbines in their early operation. As with onshore reliability
databases, there is also a difference in the way the data is presented. For example, stop/alarm events, a system actual failures reported for The Data from this source can be compared with crew (US) and East China Databases, as they follow a similar reporting approach. Summary of offshore reliability databases of WT
[The colour figure can be considered on wileyonlinelibrary.com] When analysing the reliability and performance of offshore wind power generation installations, it may be useful to investigate other offshore electrical infrastructure that is not part of THE but is essential for energy collection and transmission to shore. The
reliability of offshore transmission equipment, such as cables (AC and DC), high voltage power transformers, and switching modules can be found in databases and existing studies such as the International Council for Large Electrical Systems (CIGRÉ), 57-59 Offshore Wind Generation Commission (OWPB), 50 Beddard
and Barnes, 61 and Rui et al.62 In this section, WT-assembly reliability data are presented and analysed in terms of failure rate and downtime to identify critical subgroups and to compare statistics on the reliability of TT on land and at sea. All 18 reliability databases in Section 3, including 14 onshore and four coastal
areas, are analysed. Because there are inconsistencies in the way data is reported, failure and downtime statistics for failure (from 15 data sources: 12 on land and three offshore) and stop the event and stay stop statistics (three data sources: two on land - CREW and east China, one offshore, NoordzeeWind) are
treated separately. It should be noted that in the subsequent analysis the common taxonomy introduced in Section 2 was used to group the data. In this section 15, data sources with failure rates and downtime for failed statistics are analyzed for the reliability of subblocks and variations among these data sources. All 15
sources contain data on the failure rate, but only 10 of them include break data: Windstat Denmark, India, CWEA, UK offshore round 1, and SPARTA data sources do not include break information. Boxplots of WT-assembly failure and downtime rates given by different data sources are presented in Figures 5 and 6
respectively. Graph graph graph of the frequency of installation failure [Colour figure can be viewed on wileyonlinelibrary.com] Carton section of the break time of the assembly [Colour figure can be viewed at wileyonlinelibrary.com] Based on the median values of Figure 5, the sub-tools showing higher mean failure rates
include electrical control system Control systems Tilts and hubs with lower error values include brake shafts and Nacelle Structure bearings Based on Values from Figure 6, subblocks with the highest interruptions include generator shafts gearbox and bearing structure nodes with lower interruptions in all studies include
Nacelle Sensor Hydraulics It is noted that there are similar types of box box in Artigao et al20 compared to Figures 5 and 6. However, the graphs in Artigao et al20 present normalized data as a percentage, while Figures 5 and 6 present absolute failure rates and downtime values, thus providing additional information,
such as comparing reliability data between different nodes. Moreover, compared to Artigao et al20, there are more deviations than Figure 5, which can be explained by the use of absolute reliability data rather than the normalised reliability rate. Table 4 presents the quartile dispersion coefficient (COD) for each subblock
used to compare variations in fault factors and interruptions in different subgroups. Quartile COD is determined by the ratio (Q3–Q1)/(Q3+Q1), where Q1 and Q3 are the first and third quartile respectively. 4. Table 4. Dispersion subsistence factors Quartile COD Failuretime Blades and hub 0,708 0,866 Air brake 0,478*
0,593 Step 0,938** 0,789 Shafts and bearings 0,563* 0,099* Mech. brake 0.588 0.882** Transmission 0.698 0.552 Generator 0.651 0.678 Hydraulic 0.5 90 0,373* Yaw 0,740** 0,888** Control system 0,693 0,687 Electric 0,90 0,443* Sensors 0,631 0,74 2 Nacelle 0,496* 0,691 Structure 0,705 0,955** Other 0,645 0,552 a
*/**: Values in bold show the top three low (*) or high (**) CODs. Table 4 shows that there are large variations in the frequency of failures and downtime between different nodes. In terms of failure rate, gradient system, electric and ulcer are the three constituents with the greatest variations, while air brake, engine brake
and shafts and bearings are the three subassembles with the least variations. Design flexibility is the reason for these statistics, as sublayers with more design capabilities (terrain, electrical and appearance) often lead to inconveniences in experienced errors. In terms of downtime, the three highest variability are
structural, partitioning and mechanical brake; the lowest downtime variability nodes are shafts and bearings, hydraulic and electric. Large variations in refusal and downtime rates lead to a number of deviations in carons in Figures 5 and 6. The average failure rate and downtime are not very different, 0.67 and 0.65
respectively, but there are only three deviations in the break box, compared to 15 uncomfortable values in the boxpool for failure rate. This means that large failure rates are experienced in some databases, while downtime is widely distributed across all databases. The high prevalence of net values in Figure 5 is due to
the inclusion of both onshore and offshore data sets. All atypies in the installation interruption of Figure 6 are from databases in northern Europe (Finland and Sweden), where time associated with difficulties in accessing a cry for repair and maintenance may be the cause of the downtime In order to quantify and
determine possible sources of uncertainty of WT reliability data, the degree of WT failure from different data sources is shown in Figure 7, where the relative volume of data (the number of turbine years) is indicated by the district. Subparts 7a, 7b and 7c are presented in subdivisions 7a, 7b and 7c. In Figure 7, the SDR
rates from the UK's CWEA and Round 1 databases are expected to be higher as data in Feng et al and Lin et al63, 64, only include data on damage to the main components in the turbine, which involve significant types of damage. Frequency of THE and factors influencing its uncertainty [Color value can be viewed at
wileyonlinelibrary.com] The volume of data has a clear impact on the discrepancy in these databases. It is noted that the shortcomings of large studies such as Windstat, LWK, WMEP and CIRCE are relatively small and closely grouped, suggesting that larger, more diverse databases may have less uncertainty in the
failure rate data. On the other hand, studies with a small WT population or a short duration of data collection, such as EPRI, Chinese, India, Strathclyde and SPARTA, can produce extremely high or low failure rates. The SPARTA, Strathclyde, SE China, and CWEA all contain type 3 (and some type 4) stt of similar
capacities and data collection time and still manage to produce significantly different fault rates. In SE China, WTs has suffered a specific non-technical error related to a missing cable (man-made), which explains the high levels of failure of WT-assemsolations in this source. Together with the volume of data, the duration
of the data study is a related factor as shown in Figure 7A. Large studies often associated with an extended period (over 5 years) tend to give a lower failure rate (to the right of Figure 7A), while the percentage of deficiencies in shorter studies (5 years or less) is widespread (to the left of Figure 7A). Location may be
another factor contributing to the discrepancy in the degree of failure. In Figure 7C, all onshore populations in Europe, including Windstat Germany, Windstat Denmark, LWK, WMEP, CIRCE, Sweden and VTT, are grouped into a relatively low failure rate, while other databases in the US, Asia and offshore Europe have a
high prevalence in SPA rates. Interestingly, on land and offshore places can be a factor in distinguishing the degree of malfunction. The failure rates of SPARTA and Strathclyde (offshore) have a higher error rate than for sources of drought. Further comparisons of land and outdoor reliability data are presented in section
4.3. In Figure 7C, the mean WT power of a study is as an average of the highest WT power category and the lowest power of WT WT table 2 and the seventh column of Table 3. The WT failure rate shows relatively fewer variations for medium-sized databases (average power of approximately 1.0-2.5 MW), which mainly
include European databases and databases in Asia. For databases with small and large TT, the failure rate shows a similar pattern to other subfigures 7A, B and the degree of failure varies due to the relationship between the volume/duration of the data and the degree of failure previously explained. Most databases
consist of a mixture of WT types (and configurations), and the frequency of failures and downtime is usually not reported separately for different WT configurations. In many databases, such as CWEA, Huadian and SPARTA, the details of WTs are not disclosed for privacy reasons, and thus, WT-based analysis, eg, gear
or gear, is not done here because of the ways of reporting data in various studies. However, there are some separate studies such as Carroll and al, Reder et al, and Carroll and al18, 29, 38 making this type of comparison, and it is shown that the reliability of TT gears is higher than speed TT. Therefore, the change in
WT type may be another cause of reliability uncertainty in the different databases in the literature. For each database, the non-conformity of the failure rate, Rd, shall be defined as the ratio between the deviation and the maximum absolute deviation presented in equation 4. (4)where and λd are the coefficient of the S
and the degree of failure of WT in the database d. The discrepancy of the failure rate varies from -1 to 1. Negative Rd indicates that the database failure rate is less than the average error frequency, and positive Rd indicates that the database failure rate is greater than the average failure rate. For a group of databases,
the average sum of a square of all inconsistencies in the MSS(Rd) failure rate can be used to measure the variation of this reliability group. Two range of study duration, namely long (over 5 years) and short (5 years or less) and three ranges of average WT power, namely small (less than 1,0 MW), on average (from 1,0
MW to 2,5 MW), and are defined large (over 2,5 MW) and MSS (Rd) for each group related to duration, location and average WT power is presented in Table 5. 5. MSS Failure Rate MSS (Rd) Short Duration (5 g or less) 0.339 Long (over 5 g) 0.088* Location Onshore Europe 0.098* Offshore Europe 0.534 Asia and USA
0.0.000000 Average power Small (less than 1 MW) 0,372 Average (1-2,5 MW) 0,107* Large (over 2,5 MW) 0,501 * : Lowest MSS(Rd) in any category. Overall, there is less uncertainty among different reliability databases when the average sum of the mss (Rd) squares mismatch rate is low (or close to zero). mss(Rd)
values in Table 5 are balloon sections in Figure 7. Long-term, onshore studies in Europe and average power rating size are the lowest MSS(Rd) in three categories. This result means that other short studies in Asia and the USA and offshore Europe with WT's small and large rating power are the main sources of
uncertainty in WT's reliability data. 6. Table 6. Coefficient of variation and distortion Coefficient of variation Coefficient Of deviation Failure 1.078 1.110 Downtime 0.728 −0.098 of Table 6, the coefficient of variation of damage rare is relatively higher than that of the downtime, which reflects the same findings with regard to
deviations in Figures 5 and 6. In addition, the distribution of the failure rate has a strong positive distortion, suggesting that the average is dominated by large databases with small failure rates. On the other hand, the allocation of downtime represents less uncertainty with a much greater distortion of the balance sheet
than the distribution of the degree of failure. This section further examines the reliability data of the assembly unit using all 18 data sources. The three most important selections from each data source have been identified, in terms of failure/stop frequency and downtime/repair time. Two onshore and coastal TC
populations are analysed simultaneously to identify similarities and differences. Critical sub-blocks with regard to the degree of failure are presented in Figure 8. Critical sub-panels with regard to the degree of damage [The colour figure can be viewed on wileyonlinelibrary.com] From Figure 8, the top five most important
nodes in the onshore TT technology, in order of importance, include electrical, control systems, blades and hub, terrain and generator. These elements are also critical in offshore wind turbines, but the order of criticality is slightly different. It should be noted that there are fewer data sources at sea (only four instead of 14),
and between these sources Round 1 uk offshore is a special case where a certain gearbox failure requires replacing almost all gearboxes, and where there is a high degree of gearbox failure and other related components, such as the generator and propulsion system. In fact, the gearbox and propulsion system are not
observed to have a high failure rate in other data sources at sea. The tilt system is the most critical (c) offshore data sources appearing in three of the four offshore sources, while the generator is crucial in two of the four sources (one of which is 1 offshore). In addition, certain elements, such as the control system,
electrical, blades and the control system, both onshore and on the high seas. The critical sub-block of 2000 with regard to downtime is presented in Figure 9. Critical components during downtime [Colour figure can be seen wileyonlinelibrary.com] Although there are some inconsistencies in the average downtime break
period for failure (see section 4.1) between sources, the ranking of important assembly elements in terms of downtime is quite consistent for both coastal and offshore populations. Gearbox, generator and blade and hub failures result in the largest fault times for both onshore and offshore TT. As specified in sections 3.1
and 3.2, there are two ways to communicate WT-assembly reliability data: reporting damage data or event alarm data (stop). This section provides further analysis of the reliability data of the SUB-BLOCKS of the IS in order to highlight the differences between two groups by all reporting methods. The weighted average
fault levels and stop rates for WT groups in onshore and offshore data populations shall be calculated and presented in Figures 10 and 11 respectively. Equation 5 is used to calculate the weighted average failure rate of sub-middle i, from several databases based on turbine populations. (5)where λi, d is the failure rate of
component i in database d, Nd is the maximum number of databases and Yd is the number of turbine years recorded in the database d. The weighted average stop rate of one subblock i is calculated in a similar way. Comparison of weighted fault rates between onshore databases and offshore databases [Color figure
can be viewed at wileyonlinelibrary.com] Comparison of weighted stop rates between onshore databases and offshore databases [Color value can be viewed at wileyonlinelibrary.com] Land failure rates in Figure 10 are calculated from 12 onshore with damage data , while the offshore withdrawal rates are from
Strathclyde data source. Two sources of data at sea (offshore round 1 and SPARTA) are not included in this figure, as they have some bias and incompleteness. The source of The Circle 1 of the United Kingdom includes an error of the gearbox manufacturer and reports only major failures, such as those from the
gearbox, generator and rotor; Strathclyde source contains only information about the 10 critical subblocks and errors of other subblocks are not documented. It is clear from Figure 10 that the failure rate for offshore TT is usually higher than for onshore TT and that this applies to almost all sub-blocks. Electrical systems,
control systems, generators, blades and hub systems, as well as tar systems, all experience high levels of failure for both populations, and their average are higher than offshore. The gearbox structure and mechanisms follow the same pattern, but the failure rate is outside the top five highest failure rates The two
interesting and irregular subblocks are the weed system and sensors, which have a higher degree of damage on the shore than the offshore one. When data on individual elements are combined, the offshore failure rate of WT is approximately three times the weighted average failure rate of WT. The difference between
the rate of water and offshore failure can be partly explained by the harsh working conditions at sea, such as higher average wind speed and corrosive salt water. Thus, within marine conditions, including soil and wave conditions, the offshore WT structure is subjected to greater variations in the load of high wind
speeds.63 Thus, the degree of damage to many main nodes such as blades and hub, gearbox, generator, structure and electrical components of offshore TT are higher than those of offshore TT. Furthermore, larger TC tends to experience more failures than small ones, as presented in Figure 7, Section 4.2, and
literature20, and therefore, WT's offshore power in this study is higher than that of the onshore average. In Figure 11, the stop rate on land is calculated from two databases, CREW (US) and Eastern China, and the tariffs for stopping offshore fields are from the NoordzeeWind (Egmond aan Zee wind farm) database. We
observe that stop module rates are much higher than the failure rate from other sources, and although the failure rates for offshore subblocks are higher than those for onshore sub-blocks, the comparison of braking speed shows a different trend. Almost all selections, with the exception of control and stretching systems,
experience higher braking rates in the onshore population. The control system, air and rotor are high stop-speed units at sea, while rotor, gearbox, generator and hydraulic are high stop-stop units on land. Similar to the comparison of the failure rate, the weighted average fault breaks for the various sub-debris of onshore
WT populations are calculated. The downtime and repair times of land and offshore installations are shown in Figure 12. It is assumed that the downtime of each module includes repair time, execution time and any logical delay that can be applied to bring the maintenance team into the turbine to carry out repairs and
return the installation back to operational condition. Therefore, the stay is greater than the repair time. It is noted that onshore databases report downtime, while the offshore database (Strathclyde) only takes into account repair time. There is insufficient evidence to conclude that the population has a higher period of stay
or repair, but general Downtime and time for repairing databases on land and at sea [The colour figure can be viewed at wileyonlinelibrary.com] Figure 13 compares the downtime of an event (the duration during which the turbine turbine 46, 57 to 60 that report alarming events. Stop time for an event for offshore and
offshore wind turbines [The color figure can be considered wileyonlinelibrary.com] For a subblock, the average downtime per event for offshore TT is generally higher than that for onshore TT. Among all the underrated, on average, stop events lasting 3.9 hours on land, while offshore events are the last 7.7 hours.
Accessibility is likely to be the cause of this difference. Also, there are two separate assemblies, gearbox and generator that require extremely high braking times in offshore TT. The offshore WT population in this comparison is the Egmond aan Zee wind turbine, where there is a manufacturer's failure that causes
gearbox failure in almost all turbines, thereby distorting the data. This gearbox failure spreads to the generator and causes the generator to malfunction,67, 68, which explains the unusual situations observed in Figure 13. However, even without this unusual gearbox failure, the braking speed of the main nodes, such as
the electric and rotor, are higher than offshore. It is noted that compared to downtime/time-stopping, there is only one data source at sea and that the population of offshore TT is much smaller than that of onshore wind turbines. The results in this section can change when more data on the reliability of the offshore area
emerges, adding to the complexity of accurate reliability analysis. LCOE and reliability are common indicators for assessing vic performance. However, reliability data studies in the past do not examine the relationship between the above two indicators, nor does the literature on LCOE. This section presents and analyses
a lcoe assessment model of WT reliability data and other characteristics to understand the impact of reliability data on the TE economy, and the reliability data in Section 3 are used to assess LCOE from different populations of WT. LCOE is the net present value (NPV) of WT's lifelong electricity generation costs, based
on the expected power produced. It includes all turbine lifecycle costs that can be classified into two groups: capital investment costs (ADS) and operating and maintenance costs (OPEX). CAPEX includes the costs of turbine, infrastructure, installation and other upfront costs for the development, implementation and
commissioning of wind turbines. OPEX covers all regular turbine operation and maintenance costs, such as leasing, insurance, management, planned maintenance, unplanned maintenance, spare parts and other running operating costs.16 Compared to wetting. Although lcoe in the offshore of wind energy has
decreased recently, it is still compared to the onshore wind generation. The LCOE of offshore wind projects in the UK has gradually declined from £142/MWh in 2011 to $97/MWh in 2016.64 Meanwhile, the LCOE of US offshore wind power in 2015 was $181/MWh, which roughly tripled its onshore ($61/MWh). Together
with improving capex design and turbine technology, optimizing O&amp;M strategy is essential for reducing OPEX and ultimately for LCOE optimization. Maintenance costs are a large element in OPEX that contributes approximately 20% to 30% to energy costs.16, 65 WT maintenance is classified in Repair Maintenance
(CM) and Preventive Maintenance (PM).32, 66 CM is defined as immediate action to fix turbine after a failure occurs, while PM is a planned action that is performed in advance to prevent damage occurring. PM may additionally be classified in maintenance (TPO), which is maintenance performed at fixed intervals and
according to the maintenance conditions (CBM), which is carried out on the basis of the state of activities of WT.67 PM, including, both on time and condition basis, are crucial for reliable and efficient operation with WT.14, 68 The following formula is used to calculate LCOE.69 (6), where NPVC and NPVCn are NPVs of
total costs (including CAPEX and OPEX) of the turbine during the turbine life and year n respectively; NPVG and NPVGn are the NPV of total energy generated by the turbine and year n, respectively. Equations 7 and 8 r are the discount rate and AEP is WT's annual energy production. Although this method of evaluation
of ODS is widely used in many studies,4, 7, 70-72, it relies on a assumption that allows OREX to be averaged by the electricity generated without taking into account actual damage and turbine maintenance activities. There are also studies on other cost components in lcoe's estimate, such as taxes, royalties paid to
landowners, and penalties related to contracts purchased for electricity.73, 74 However, conventional OPEX is used in these studies. The cost of replacing turbine components whose life is shorter than the turbine life are included in a model submitted by the National Renewable Energy Laboratory (NREL) in the USA.75
This opex calculation method was used in some later NREL,5, 6 reports, replacement costs may be included in the total maintenance costs, and this shall be applied in accordance with Last publication NREL.3 O&amp;m costs are estimated as a product of the frequency of refusal and repair costs66, 76 and in some
cases with additional logistical costs.77, 78 Models in literature66, 75-78 can handle corrective or replacement actions and integrate them into OPEX. However, actual OPEX may also vary depending on the maintenance strategy and not just on repair or replacement actions in the event of damage. For example, a good
PM strategy can help reduce OPEX, as PM activities can prevent damage, thereby reducing repair costs and other damage costs. As explained in the previous section, two important elements of LCOE are OPEX and annual energy production, both of which vary depending on the reliability and maintenance of WT. This
section presents a model for assessing OPEX's output and the annual calculation of energy production using the WT failure rate and downtime data. OPEX includes all cost elements for operating and maintaining WT. In this document OPEX is classified into two categories as follows: Fixed costs : OPEXfixed:
representing all cost elements that are usually fixed for a particular turbine in a particular location, such as rent, administration, insurance, etc. These costs may depend on CAPEX, but do not depend on the failure and maintenance of WT. Variable costs — OPEXvariable: representing the variable cost elements that
depend not only on the turbine capex, but also on the failures and maintenance strategy applied to the turbine. OPEXvariable can be further classified as CM costs (the cost of accidental cancellations) and PM costs (costs associated with planned maintenance activities). This gives (9)In detail, cm costs represent the
total unplanned maintenance costs in the event of damage, this is repair or replacement of the cost of damage. This depends on WT reliability data, including failure rate and failure rate, as well as material repair costs and hourly labor rate. Equation 10 presents a formula for calculating CM costs, taking into account WT
reliability data. (10)Equation 10 shows that the CM price is the product of the annual estimated number of errors E[NoF(λ)] and the cost of WT's failure coff(D). The expected WT expected downtime D can be estimated by the module error rate and downtime Di as : the estimated number of errors depends on the error
rate of WT, . The cost of damage depends on the cost of repairing damage, cr, including materials and spare parts, expected recovery period D and labor coefficient cl. (11) in equation 11, pr,0 &lt; pr &lt; 1, is the proportion of the repair time of WT during the downtime. From On the other hand, PM costs are the cost or
investment of a planned maintenance strategy applied to WT. Pm cost of the WT is considered to vary depending on the failure rate (λ) with an attitude presented by a power law as specified in equation 12. (12) Inches λ0 is a baseline failure rate that relates to a strategy for basic PM and m is a positive indicator
representing the effectiveness of PM investments in terms of the failure rate of WT. This equation implies that when more money is spent on PM activities, WT's reliability improves and the failure rate decreases. From equation 912: (13)For simplicity, the following sections assume that m = 1, i.e. the PM value is in
reverse proportional to the degree of failure of WT. This document also estimates WT's annual expected energy production (energy production) using reliability data. Given the general characteristics of WT, annual energy production can be estimated using equation 14. (14)where Prated is the nominal turbine power; CF
is the turbine factor; and E [NoF(λ)] is the expected number of failures in one year. The product of D × E[NoF(λ)] represents the expected total interruption for one year. From opex's analytical performance and annual energy production in section 5.2, it can be seen that LCOE is a function of both the PERCENTAGE of the
IP and the interruption. It is obvious that when the downtime of the wind turbine decreases, OPEX decreases and annual energy production increases, thereby reducing lcoe. On the other hand, the relationship between the degree of failure and the LCOE shows a more complex relationship. When the failure rate
increases, the total cost may either increase or decrease depending on cm and PM costs. This section examines the relationship between lcoe's failure rate and WT for different databases in Section 4 in order to find the optimal failure rate that minimizes LCOE. For each database, the optimal failure rate for minimising
lcoe is determined using equation 15: (15), where λd and are the error rate of WT in database d and its optimal value, respectively. there are 10 databases (nine on land and one offshore , see section 4.1) that include both failure rate and downtime data, so they are included in this numerical survey. For comparison
between onshore databases, input data on failure rate and downtime apply to the same model sample turbine model with similar CAPEX and OPEX. For comparison between onshore databases and offshore databases, the numerical experiment uses two sets of input data with different CAPEX and OPEX. 7. Table 7.
Input data for LCOE land-based parameter parameter Rated power (MW) 2 5 Life (y) 25 25 25 Capacity factor 0.4 0.4 Initial investment (millions £/MW) 1.07 1.4 82 Fixed OPEX (% CAPEX) 8 PM reference value (% CAPEX) 12 15 Labour level (£/h) 200,300 Repair costs (£1,000) 20 30 (time of for a stay of 40% 20%
discount rate of 10% 10% in Table 7, the initial investment costs (CAPEX) for MW are the average values of the European Wind Energy, Energy Association, for land and on the high seas.79 In the event of damage, WT's downtime includes repair time, i.e. maintenance time to be actually implemented, and time to delay
logistics, i.e. delays due to weather conditions, transport and availability of spare parts, etc.23 Due to accessibility difficulties, the logistical delay time of offshore TS is longer than that of onshore TE, and thus the ratio of repair time outside the offshore period is greater for offshore offshore hours. In this report, we accept
that this share is double for offshore TT above its offshore partner (40% and 20% respectively), and this assumption is based on the result of Figure 13 that the time to stop offshore TT is approximately double the time to stop TT on the basis of TT failure within the offshore spectacle. the labour ratio and repair costs shall
be determined in such a way that the average share of OPEX above the total costs is approximately 30 %, as reported in Nielsen and Sørensen.65 The duration, capacity factor and rebate rate shall be considered the same for TC on land and at sea. taken in the reliability study. Opex and LCOE graphs compared to the
change in the failure rate for a sample database (Strathhwade) are shown in Figure 14A,B, respectively. OPEX (A) and LCOE (B) as functions of changing the degree of failure (Strathclyde) [Color figure can be seen in wileyonlinelibrary.com] It can be observed that when the failure rate increases cm costs also increases
(increase in the cost of failure) and PM costs decrease (a high degree of failure is associated with lower PM investments). Both OPEX and LCOE are protruding functions of failure rate. For this database, the baseline scenario yields lcoe of £93.65/MWh and the optimal LCOE is £90.37/MWh. The LCOE baseline scenario
for offshore TT is in line with strathclyde and NREL.78 results. in which the LCOE of offshore wind power plants located 10 km to the coast is approximately £93/MWh. In Figure 14B, the optimum λ*/λ0 is 0.63 (less than 1), which means that the reliability of WT needs to be improved to obtain a minimum LCOE. The forms
of OPEX and LCOE are similar, but the actual optimal lcoe values and the error rate vary for different databases. The optimal LCOE and λ*/λ0 graphs for different databases are shown in Figures 15A, B, respectively. Optimal LCOE (A) and failure rate (B) for different databases [The colour figure can be seen on
wileyonlinelibrary.com] From Figure 15, it can be seen that the optimal LCOE values for onshore databases are quite consistent while there is variations in the optimal λ*/λ0. The onshore optimal LCOE is around an average of £48.2/MWh, which is much less than the optimal offshore LCOE at a cost of £90.37/MWh. opex
costs for offshore wind turbines (as shown in Table 7). If the initial offshore investment can be reduced to a hypothetical level equivalent to that for offshore TT, the optimal offshore LCOE could fall to £56.98/MWh, which is just £8.78/MWh higher than the shore average. With regard to the degree of failure, there has been
a major change in the optimal λ*/λ0. This can be explained by variations in the failure rate data presented in point 4. The majority of optimal λ*/λ0 are less than 1, which means that more needs to be spent on FPs to improve the reliability of the TC. It is also worth noting that the average optimal ratio of WT's onshore
failure rate is higher than the offshore error rate for WT (0.77 compared to 0.63), suggesting that further improvements should be made to improve the reliability of offshore TT and to minimise their LCOE. The failure rate and investment in the PM for different databases are set out in Figure 16. It can be seen that
investment in lcoe optimisation PM should be higher for the population with a high failure rate. In this case, the INVESTMENT FROM THE GOM for offshore TT can reach approximately 47,7 k per MW per year, which is about twice the average investment in PM per MW per year for onshore investments and failure rates
[Colour can be viewed on wileyonlinelibrary.com] This report provides an extensive overview of the most up-to-date publicly available data on the reliability of WT. 18 TC data sources on land and at sea are investigated and statistics on failure and interruption analysed. In addition, an LCOE assessment model is
presented using reliability data. This model allows the assessment of annual energy sources and energy production using the failure factor and downtime of WT. It can be noted from the analysis that there are significant variations in both the degree of damage and the interruptions of turbine assemblies from different
data sources. Moreover, the distribution of the PERCENTAGE of the WT is strongly tilted to the right, which means that large data sources with low error rates are dominant and small and medium-sized data sources with high error rates are a source of uncertainty in the population. The criticality of the subblock group is
completely consistent for different data sources. With regard to the degree of failure, electrical, control, blades and tar and tar systems are the four most critical modules for wind turbines of the They are also among the most important components for offshore TT. In terms of downtime, gearbox, generator, blades and hub
and drive system are the four most critical mounting units for both onshore and offshore TT. The average failure rate for offshore TT is greater than for offshore TT, but the average stop rate on land is slightly higher than offshore. The downtime at an offshore WT stop is approximately twice that of the outdoor WT. The
difficulty of repairing/maintaining offshore TTT are possible reasons for these discrepancies. In the case presented, LCOE and OPEX are protruding functions of the degree of failure. The average optimal rate of damage on land and on land to minimise LCOE is less than 1, suggesting that reliability should be improved to
minimise LCOE. In the case study, lcoe and PM's optimal investments in offshore TT were approximately twice as high as those of onshore TT. It is important to stress that a large population of TT is being studied on land, while the offshore population is relatively small. This underlines the importance of developing a
deep understanding of the available data and the sensitivity of lcoe and other calculations to any options in order to obtain the best quality analysis using the available data. All the results of failure and comparison of downtime between the offshore and coastal populations will be much stronger with wider input data for
offshore TT. however, a thorough understanding of the nature of the data collected must be obtained if the best results are obtained. This work is supported by the UK Engineering and Physical Sciences Research Council (EPSRC) through the HOME-Offshore project [grant number EP/P009743/1]. 1 Wen Y, Zheng
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