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Abstract

Wind power and other forms of renewable energy sources play an ever more impor-

tant role in the energy supply of today's power grids. Forecasting renewable energy

sources has therefore become essential in balancing the power grid. While a lot of

focus is placed on new forecasting methods, little attention is given on how to com-

pare, reproduce and transfer the methods to other use cases and data. One reason

for this lack of attention is the limited availability of open-source datasets, as many

currently used datasets are non-disclosed and make reproducibility of research

impossible. This unavailability of open-source datasets is especially prevalent in com-

mercially interesting fields such as wind power forecasting. However, with this paper,

we want to enable researchers to compare their methods on publicly available

datasets by providing the, to our knowledge, largest up-to-date overview of existing

open-source wind power datasets, and a categorization into different groups of

datasets that can be used for wind power forecasting. We show that there are pub-

licly available datasets sufficient for wind power forecasting tasks and discuss the dif-

ferent data groups properties to enable researchers to choose appropriate open-

source datasets and compare their methods on them.

K E YWORD S
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1 | INTRODUCTION

Over the past few years, the absolute and relative amount of sustainable and renewable energy sources integrated into the power grid has grown.

Among these energy sources, wind power is the most common in many areas such as the European Union.1 Wind power is both renewable and

sustainable as it has only a minor impact on the environment, and its main resource, the wind, is not exhaustible. However, wind power is less reli-

able than unsustainable energy sources such as gas or coal due to the stochasticity of wind and weather in general. Furthermore, wind power can-

not be generated when there is no wind, and alternative sources of energy have to be included into the power system to balance out the wind

fluctuations. Therefore, sustainable energy forecasting is essential when it comes to predicting times at which alternative energy sources or mea-

sures to change the demand behavior have to be taken in order to stabilize the grid.

Wind power forecasting is hence crucial for an efficient interplay between the different kinds of power and can be divided into different

tasks. Among these tasks are predicting the actual power generation, variability of the wind or quick and large changes in the power generation.2

Independent of the forecasting task, wind power forecasting can be performed on different time scales, ranging from very short (≤30 min) to
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long-term (several days to months) and on different spatial scales, ranging from individual turbines to whole regions.3 While much literature

focuses on wind power forecasting tasks on different spatial and temporal scales, little attention is given to the datasets used as the basis of this

research. However, the underlying datasets are crucial, as using different datasets for the same tasks does not allow properly comparing the

models and keeping the datasets private, instead of publicly available, renders reproducibility impossible.

In order to tackle this lack of comparability, Kariniotakis et al4 compare different models using different but fixed datasets. They reveal a

dependence between the performance of the models and the complexity of the terrain on which the wind farm is situated. The authors show that

depending on the turbine's environment, the normalized mean absolute errors (NMAEs) computed on the same time horizon can be more than

three times higher (NMAE > 35% in contrast to NMAE < 10%) for turbines on complex terrain in contrast to flat terrain. Additionally to the envi-

ronment of a turbine, other close-by turbines influence the power output of individual wind turbines.5 These turbine–turbine interactions play a

role in both offshore and onshore wind power forecasting (e.g.Barthelmie et al.,6 McKay et al.7). Thus, different terrain complexities and turbine–

turbine interactions make it hard or even impossible to compare methods tested and validated on different datasets. Additionally, prediction

errors depend on the forecast horizon.8 However, we argue that most issues can be overcome by comparing models using the same open-

source data.

Previous work has examined several of these open-source datasets. For example, Menezes et al9 present datasets with a focus on wind farms

and resources, most of the datasets they describe are open-source and some of them are also part of this survey. While the authors cover a

broader range of wind resource datasets, we focus on wind power data and cover various additional and new datasets. Clifton et al10 provide an

overview of energy-related wind (and solar) resource datasets. Such wind resource data aim to quantify the amount of wind available for conver-

sion into wind power and can, for example, be used to identify potential construction sites for future wind farms. However, Clifton et al10 do not

include any real turbine level datasets.

The lack of literature giving an overview of currently available open-source datasets hinders open science. Confidential data limit the repro-

ducibility and comparability of research and stand in contrast to the dogma of open research. In 2016, Wilkinson et al11 proposed a set of princi-

ples and guidelines that should improve Findability, Accessibility, Interoperability, and Reusability of data. These so-called FAIR data principles are

widely known, accepted and applied in various scientific research fields (e.g., El-Gebali et al.,12 Sinaci et al.,13 Vuong et al.,14 Frank et al.15). Open-

source data are not only seen as necessary in research; political institutions such as the Cabinet of Germany (Deutsche Bundesregierung)16 and

the European Union17 also emphasize the importance of open data. Nevertheless, these scientific and political ambitions are often not

implemented, and the known issue of the result's dependence on the data is rarely addressed.

Therefore, to bring forward open science in the wind power forecasting community, we present and categorize open-source datasets that

can be used for wind power forecasting. Furthermore, our categorization and detailed descriptions simplify and motivate the use of non-confiden-

tial, open-source wind power data. The remainder of this paper is organized as follows: Section 2 is the main focus of this paper and describes

and categorizes the open-source datasets that contain wind and wind power data. We then evaluate the datasets properties in Section 3 to help

choose an appropriate dataset before discussing known systematic errors in wind data in Section 4 and data quality in Section 5. We discuss our

approach and selection of datasets in Section 6 and conclude in Section 7.

2 | OPEN-SOURCE WIND (POWER) DATASETS

In this section, we give an overview of over forty datasets for wind power forecasting. We compiled the datasets listed in this paper in several dif-

ferent ways, mainly by searching online for datasets (e.g., on the webpages of the IEA 3618 or the WRAG19), contacting researchers from different

continents and looking into papers that work with disclosed data. We first introduce the groups into which we separate the datasets and give

some insights into each group, before we present the groups separately. We mainly differentiate between two groups of data, namely, wind power

data and wind-based data. We then further split the wind power data into three subgroups and the wind-based data into two subgroups, resulting

in a total of five different groups of data. Figure 1 shows the connections between the five data groups. These five subgroups have different char-

acteristics, which allow us to assign each of the found open-source datasets into one of the groups. All data groups include wind data, but we can

differentiate them using different characteristics: whether they contain additional weather measurements or weather data derived by weather

models, include real or synthetic wind power data, include turbine-specific control parameters, are measured on turbine level, and include turbine-

level supervisory control and data acquisition (SCADA) information. Table 1 gives an overview over the five data groups.

This distinction into five groups forms the basic framework for this paper, and the rest of this section is therefore structured accordingly. We

give some information on how our found datasets are distributed over the five data groups, the world and other descriptives in Section 2.1. We

then introduce the datasets that we categorize as wind power data in Section 2.3, before introducing the remaining datasets categorized as wind-

based data in Section 2.4. As we present the datasets in large tables, we also introduce how these tables are structured and what information they

contain in Section 2.2.
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2.1 | Descriptive statistics

The above described categorization into five groups is unique, meaning that each dataset is associated with exactly one group. In this subsection,

we want to take a look at the distribution of the datasets over these five groups and further properties that separate the datasets. Figure 2 visual-

izes all properties and their composition within the entirety of the datasets.

Regarding the data groups, most of the datasets contain SCADA (11 datasets), SCADA-subset data (13 datasets), or aggregated data (nine

datasets), while the smallest group consists of synthetic data (three datasets). More than 75% of the datasets contain real wind power data and

more than 50% of these data were collected on turbine-level. Wind power and turbine-level data are most important for very short to short-term

forecasting, for long-term forecasting location information becomes even more important as it allows to include additional weather data from

weather models. Most datasets cover at least 1 year of data. This temporal coverage is important to investigate seasonal changes and include

these into the model. However, due to yearly seasonality, it is generally assumed that 1 year of data is not sufficient to discover trends in wind

speed or wind power. Vargas et al20 investigate 145 different models and come to the conclusion that most models for long-term forecasting use

hourly data (49%). Thirty-seven of the datasets that we present here provide or can be aggregated to this resolution. Most commonly in our selec-

tion of datasets, the data are provided in 10-min intervals. This resolution is generally assumed to be high enough for wind power prediction

addressing grid integration but it too coarse to, for example, control the turbine.

While different problems and research questions require different datasets, two general statements can be made. First, location information

is always beneficial as it allows to include variables from weather models. Second, due to the possibility of aggregating data, a finer temporal reso-

lution on a large time span is also advantageous -- whether aggregated wind power data, pure wind data, synthetic data, or any other type of data

are needed to answer a specific research question lies up to the researcher. If data are not readily available, it might then be worth thinking about

either adapting the research question or shifting the spatial focus, for example to a location where more or higher resoluted data are publicly

available.

The datasets stem from different locations as presented on the map in Figure 3. This map shows that there exist open-source datasets from

all European countries, one achievement of the European association for the cooperation of transmission system operators for electricity

(ENTSO-E).21 Furthermore the datasets also cover Africa, North and South America, and Australia. However, among the datasets in this paper,

none are from Asia or the Poles.

2.2 | Guide through the tables

We present all datasets in tables in their corresponding subsection. To make these tables easier to understand, we explain their structure in the

following. The first column in each table, Dataset, gives an identifier of the dataset, which is, if possible, related to the location. We also provide a

reference in this column, the first citation usually refers to the web page where the dataset is stored. If a paper exists, it is also referenced in this

first column. Additional documentation or additional data can be found in the column Information. If accessible, the column Location provides the

country were the data was collected or the region for which it was synthetically generated. The column Coordinates then gives the specific coor-

dinates to this location, if available. The column Time span provides the time span the dataset covers and the column Interval the temporal dis-

tance between two successive data points. This interval is not always equal to the distance between two measurements, but measurements are

averaged over this interval. Lastly, the column Origin, License gives an overview of the data providers and sources and we also present

F IGURE 1 All of the presented datasets can be grouped into one of five different categories. The two supergroups are wind power data and
wind-based data. The wind power datasets can be divided into the subgroups turbine-level and aggregated data. Turbine-level datasets contain
measurements on turbine level and aggregated data are spatially aggregated on different levels from farm to country level. All of the turbine-level
datasets include wind and wind power measurements, SCADA data contain more variables than turbine-level SCADA-subset data. The wind-
based datasets contain either wind measurements or synthetic power data that is derived from numerical weather prediction models
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information regarding data policy, if applicable. Further, we provide the column Additional information which in general consists either of addi-

tional documentation, descriptions on how to add location data or variables that are included in the dataset. In the column Operational data addi-

tional information regarding operational data can be found. Additionally, if applicable, the number of turbines covered is given in the column

Turbines and for the aggregated datasets the aggregation level is provided in the column Aggregation level. The column Type contains the type

of wind data, which is either numerical weather prediction (NWP) model, reanalysis data or wind measurements.

2.3 | Wind power and turbine-level data

As stated above, we split the wind power data into three disjoint groups (see Figure 1): Two of them contain turbine-level data that cover differ-

ent variables, while the third group contains wind power data aggregated on different spatial scales. In turbine-level data, weather variables such

as wind direction are measured at hub height, the height on which wind power is generated. Having data at that height allows detecting height-

specific turbulence patterns. Additionally, wind power forecasts can also rely on other weather variables such as temperature or humidity.22 Bilal

et al23 show that including this additional weather information can increase the accuracy of the models. One reason behind this is icing of the

F IGURE 2 Descriptive statistics of the presented datasets. The numbers in the brackets display the absolute size of each group respectively.
In (A)–(D), all of the five groups are contained, (E) does not take the wind datasets into account

F IGURE 3 Country coverage of the datasets. Synthetic data can be simulated for all countries and locations given publicly available NWP
data. For several countries turbine-level data or aggregated data are accessible. Countries where at least one dataset of aggregated and turbine-
level data are accessible are colored in stripes
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turbines, which was found to induce turbine power losses of up to 80%.24 About 94% of turbines in Europe were found to be affected by icing.25

Therefore, icing and its related weather variables such as precipitation and humidity can play a major role in the wind power forecast. Precipitation

can also play an important role in areas where icing does not occur, mainly because rain cleans the turbine blades which increases power genera-

tion.26 On the other hand, precipitation leads to turbine erosion on the leading edge of wind turbine blades which decreases wind power genera-

tion.27 This knowledge can be beneficial in long-term forecasting. Summarized, taking into account weather variables besides wind speed and

other wind characteristics can increase forecast accuracy. If these data are not provided but the turbine location is known, data from NWPs or

close-by met masts can be included.

We further divide turbine-level data into two subgroups. The first group includes a large variety of supervisory control and data acquisition

(SCADA) variables. SCADA data cover a set of environmental, operational, thermal and electrical measurements28 usually recorded for mainte-

nance reasons. We give an overview of existing datasets that include SCADA data in Table 2. The second data group covers SCADA-subset

turbine-level data; an overview of the datasets is given in Table 3. The datasets in this SCADA-subset group only account for a limited amount of

measured weather variables and do not contain any technical measurements. All of them contain wind speed and wind power data and most of

them also contain information on the wind direction.

However, among the three groups of wind power data the third group of datasets, namely, aggregated datasets, are the ones that are most

often publicly available. Aggregated data do not contain turbine-level measurements or turbine-specific power output but wind power data that is

aggregated over different spatial regions, ranging from wind farms to whole countries. In contrast to turbine-level data, most of the datasets are

of lower temporal resolution and contain hourly data. Nevertheless, the dataset in this category with the highest resolution is with measurements

every 4 s the most finely resolved one in the whole collection. When the location of the wind farm is known, additional weather data from NWP

models or close-by met masts can be taken into account. Several databases allow for a mapping of wind farms to their location. This mapping can

for example be performed for the datasets provided by Elexon29 and the transparency platform of ENTSO-E,21 two of the largest aggregated

datasets. Both are updated daily with a lag of approximately five days and wind power data can be found under “Actual Generation Output per

Generation Unit.” Table 4 gives more details of all aggregated datasets.

2.4 | Wind-based data

Wind power is generated by transforming the wind's kinetic energy into physical torque. As generated wind power is proportional to wind speed

cubed,30 the performance of an operating wind turbine is mainly determined by wind speed. Some research therefore focuses on wind speed

forecasting in order to perform wind power forecasting; sometimes, this is also called indirect wind power forecasting.31

This dependence of wind power on wind speed is also exploited to generate meteorologically derived time series. These data are usually gen-

erated by transforming real or modeled wind and weather data into synthetic wind power data. By mapping wind intensity with a turbine-specific

power curve to extracted wind power, data can be generated without taking any—potentially disclosed—wind power data of the turbines that are

modeled into account. The wind datasets can be sub-divided into pure wind datasets and synthetic wind power datasets based on wind data. The

datasets in Table 5 cover the former and contain either NWP models, reanalysis data or met mast measurements. Reanalysis data consists of mea-

sured, post-processed and interpolated data32 while NWPs use mathematical models of the environment and its current state to predict future

weather variables. Synthetic datasets that are based on wind data and can be derived from these can be found in Table 6. In general, all of the

wind and wind power datasets are suitable for various wind power forecasting tasks, but not all of the datasets are suitable for every model. To

find a suitable dataset for a specific model, the variable description in the dataset tables (Tables 2,3,4,5, and 6) should be considered.

2.5 | Providing the data

Having discussed the different types of (open-source) data used in wind power forecasting research, we now conclude with some suggestions for

researchers who work with their data. The best way to proceed is to use data that can be published and re-used without limitations. The FAIR

guiding principles15 (see also Section 1) provide a good starting point for better reproducibility. Additionally, code, including scripts for data pre-

processing, should be provided. However, due to constraints posed by the data owners, it is not always possible to publish the data. In this case, a

comprehensive description of the dataset and its metadata, including farm size and location, can help put the research in context.

3 | EVALUATION OF THE DATASETS' PROPERTIES

Having introduced all datasets, we take a closer look at the properties of the datasets. We want to point out that dealing with live data for opera-

tional forecasts introduces additional difficulties that are not addressed in this work. With this section we aim to enable choosing a proper data
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set for different wind power forecasting tasks. As the different data groups come with their group specific properties, we first address the tasks

for which the datasets are often used and then discuss the shortcomings and advantages of each group. The discussion focuses on the role of spe-

cific variables as well as spatial and temporal granularity and coverage of the datasets. We do not evaluate the properties of the different wind

measurements in this section but refer to Section 4 for this. The goal of wind power forecasting is mainly threefold. It consists of wind farm site

selection (1), efficiently harnessing the wind (2)—mainly by controlling the turbine—and efficiently integrating that generated wind power into the

grid (3). Additionally, wind power forecasting is performed hours to days ahead for power system management and energy trading.33 Most other

goals, such as maintenance planning, can be derived from results that tackle these three primary issues. To control the turbine and harness the

wind efficiently (2), it is usually assumed that finely-resolved data on a second or even millisecond scale are needed.2 Therefore, even though

eleven of the datasets contain control parameters, their temporal resolution of 10 min is not sufficient for efficient turbine control and we will not

discuss turbine control in this review. Consequently, the tasks we cover mainly aim to improve site selection (1) and wind power grid integration

(3). The goal of the former is to optimize turbine or wind farm site selection under certain constraints. These constraints can be diverse; among

them are the average wind speed, geological and geographical properties of the surrounding area, and political guidelines that, for example,

restrict the closeness of turbines to cities.34 Furthermore, while site selection has to rely on pure wind and weather data only, wind power grid

integration models usually also consider wind power data.

3.1 | Wind power data

We will now first elaborate on the direct use of wind power data to perform wind power forecasting. The associated goal of wind power forecast-

ing is usually efficient wind power grid integration. To achieve this goal, different sub-tasks can be defined. Among them are wind power time

series forecasting on different temporal and spatial scales, ramp forecasting and variability forecasting. The main difference between these fore-

casting tasks is not always their underlying model or data but, in many cases, the evaluation metric used to assess the forecast quality. Therefore,

the tasks mentioned here are neither disjoint nor do they necessarily require different models. An example of this can be found in Bianco et al,35

where redefining the error metric allows using time series forecasts to investigate variability of the wind or ramp events.

The underlying main task of wind power forecasting is usually wind power time series forecasting, a regression task that aims to predict wind

power generation at future time points given historical data. A common division of wind power time series forecasting is given by the World

Meteorological Organization, ranging from very short term (in the range of a few minutes to hours) to long-term (in the range of 1 month to

years). Additionally, wind power forecasting models can also be classified by their prediction methodology (usually physical, statistical or hybrid).3

While very short-term forecast regression is usually performed with statistical models using historical wind (power) data, more advanced physical

models do in general rely on exogenous data from NWP models. The physical properties that are preserved by these NWP models are in general

needed for high quality long-term forecasts. Wind power forecasts on a time horizon of hours to days ahead can also be used for energy trading

and power system operations. It has been shown that leveraging the forecast on wind farm level rather than turbine level can increase forecast

skills.140 Another subtask of wind power forecasting is wind power ramp forecasting which aims to predict large and sharp variations in the wind

and its associated wind power. While there is no unique definition of a wind ramp, such a ramp can be characterized by the direction and magni-

tude of the power variation and its corresponding duration.141 Additionally, the rate at which such large variations occur and the time point at

which they occur can play a role when evaluating wind ramps. Key characteristics of wind ramps are that they can lead to a power output that is

far below or above the usual one which comes either with decreased power generation or potential damage of the turbine.142 Both of these out-

comes can have a negative impact on the energy supply. The third task we mention here is wind variability forecasting. In contrast to wind power

ramps, wind power variability refers to large amplitude, periodic changes in wind speed.2 However, there is no clear definition of wind variability

either. Davy et al143 introduce a variability index that “is defined as the standard deviation of a band-limited signal in a moving window.” In gen-

eral, wind fluctuations that are part of wind variability can, for example, exhibit climatic patterns with regard to the season or atmospheric pro-

cesses such as cloud coverage. Having introduced these tasks, namely, wind power time series forecasting, ramp forecasting, and variability

forecasting, we now elaborate the usefulness of the three groups of wind power data for these tasks. However, there is no guarantee for com-

pleteness of the tasks discussed here. In the subsequent part, we discuss the spatial and temporal resolution of the datasets, the informative value

of location information, and the transferability of the results.

The spatial and temporal resolution of the individual datasets plays an important role in the usefulness and expressiveness of the data.

SCADA data are the best with respect to spatial and temporal granularity; they consist of measurements of individual wind turbines and usually

preserve a temporal resolution of 10 min. The SCADA-subset turbine-level datasets have the same spatial resolution but often a coarser temporal

resolution. While the spatial resolution within a limited region is high for the turbine level datasets, their spatial coverage is currently low due to

data regulations. Therefore, if one aims to predict or analyze the wind power of more than one wind farm, other datasets have to be considered.

Among these are the aggregated datasets presented in Table 4, which cover large spatial areas. Additionally to spatial and temporal coverage, the

time horizon that a dataset covers can also be crucial. For example, seasonal patterns can usually only be detected in datasets that cover every

season at least twice, that is, have a length of at least 2 years.
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For most countries, wind turbine locations are accessible (see, e.g., the global power plant database144) and the aggregated datasets can be

combined with these wind farm locations, which can give a broader insight into the wind power network. For three of the datasets (see ENTSO-E,

Elexon, and New Zealand Data in Table 4), location mapping is straightforward, and we include resources on how to do so. However, this mapping

can usually not be performed for most turbine-level SCADA-subset datasets found as they lack location information. Furthermore, incorporating

control specific parameters is generally not possible afterwards. Nevertheless, some forecasting models explicitly take variables such as nacelle

orientation, yaw error, or blade pitch angle into account (e.g., Lin et al.22) and can therefore only be explored, validated, and tested using turbine-

level data that include these variables. In general, the more finely resolved datasets contain more variables, and Figure 4 shows that, on average,

the SCADA datasets contain the most variables while weather data on turbine-level (except for wind data) are never included in the aggregated

datasets. However, given location information, NWP data could be included.

Another crucial point of wind power forecasting models is their ability to be generalized and transferred to other data. In general, it is hard to

elaborate how expressive an individual forecast is. Turbine–turbine interactions and environmental conditions give each turbine and wind farm a

unique set of complex physical properties that make evaluating the expressiveness of one turbine's forecast difficult. However, SCADA data for

many turbines in larger areas are currently not publicly available, to the best of our knowledge. Therefore, the informative value of SCADA data

mostly remains limited to a specific range of conditions. In contrast, aggregated datasets cover larger regions, and when forecasting wind power

generation of multiple turbines and parks together, local wind effects can become less relevant. Additionally, Holttinen et al145 show that forecast

errors drop when predicting aggregated wind power production instead of individual sites. Nevertheless, training models on one single wind

power dataset always limits transferability.

To summarize, the application area of the different wind power datasets is mainly limited by the spatial and temporal aggregation level and cov-

erage. Additionally, non-disclosed locations of the turbines play a crucial role as they limit the possibility of including additional weather or terrain

data that are often used in more advanced models. However, other models that do not take this information into account are not affected by miss-

ing location data. Nevertheless, some variables such as control variables can not be included afterwards and make some datasets unsuitable for test-

ing and validating specific models—independent of the data group to which the datasets belong. Furthermore, the possibility of transferring wind

power forecasting models validated on one dataset to another is generally restricted, especially in the case of single turbines and wind farms where

local turbulences play a significant role and highly influence the results.8 However, taking several sites into account can reduce this effect.145

3.2 | Wind-based data

Especially for larger regions, fine-grained wind power data are not accessible. Whenever this is the case, we can exploit the underlying physical

properties of wind power generation. For example, as generated wind power is proportional to wind speed cubed,30 wind speed mainly deter-

mines the performance of an operating wind turbine. However, the main advantage of using wind data instead of wind power data is their high

spatial coverage. Therefore, some research focuses on wind speed forecasting in order to perform wind power forecasting—sometimes, this is

called indirect wind power forecasting.31 One example of this is presented by Demolli et al146 who aim to predict the wind speed and map it with

a turbine-specific power curve to its corresponding wind power. Using such a turbine-specific power curve assumes that this wind speed to wind

power mapping is deterministic, that is, given a wind speed and a power curve the corresponding wind power generation can be computed.

F IGURE 4 Overview of the spatial aggregation and information contained in the different datasets. The diameter of each circle scales linearly
with the number of datasets associated with the respective category. The y-axis is ordered with increasing information content, for example,
datasets that contain control data always contain wind power, wind and weather data as well. While none of the aggregated datasets contains
weather data, six of them contain location information that allows to incorporate weather variables for example from NWPs
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However, this assumption usually does not hold (see Figure 5). Therefore, other approaches model the wind power curve empirically based on

wind data and its corresponding known wind power output to account for this stochasticity. Still, the choice of a power curve model remains diffi-

cult; Wang et al147 study several power curve models and show that none of the models can outperform all of the other models.

While the expressiveness of wind speed forecasting without additional power data is usually limited, we can perform wind assessment for

turbine site selection and efficient planing of wind turbine and wind farm constructions. This is usually done to assess whether the wind speed at

a possible future site is high enough to generate a rewarding amount of energy, optimize the turbine locations given the area and location of a

planned wind farm, or assess the maximum wind power capacity of a region. For completeness, it has to be mentioned that the maximum and

average predicted capacity are not the only relevant considerations for site selection. Additionally to meteorological components, environmental,

economic, and societal factors can further restrict site selection.34

Instead of using the wind data directly, we can also simulate wind power data based on wind measurements. This simulation allows incorpo-

rating the impact of orography into synthetic datasets and can reduce biases.134 Overall, wind data thus have the advantage of covering the whole

world, allowing us to use it for indirect wind power forecasting, site selection and synthetic data generation.

4 | SYSTEMATIC ERRORS IN WIND DATA

There are mainly two problems with the different types of wind data, namely, data availability and bias in the data. The first, data availability,

mainly affects wind power data (see Figure 1) as pure wind data are open-source in many cases. The reason for this is that datasets that include

wind power and wind measurements on turbine-level usually belong to wind power companies that do not want to disclose sensitive information

about their operations. Without a shift in industry mindset, this lack of available data makes the collection of these datasets in Section 2.3 even

more important. In contrast, the second problem, bias in the data, affects all types of wind data and can be, at least in parts, addressed in the wind

power forecasting models themselves. The different wind data measurements include a range of known systematic measurement and modeling

errors. As a result, each form of wind data comes with its specific advantages and shortcomings. In the following, we will address these known

systematic errors for each form of wind data, namely, wind measurements from met masts and turbines as well as computed wind data from

NWPs. In order to evaluate the different data types, we first compare wind measurements on turbine-level to wind measurements of met masts

and proceed with a discussion of NWP models and reanalysis data.

4.1 | Wind measurements

Wind measurements for wind power forecasting are usually performed close to the turbine's nacelle or by close-by independent met masts. The

main advantage of nacelle anemometer data is that the wind is measured close to where wind power is generated. However, the moving turbine

blades influence these measurements and these measurements are therefore considered inaccurate.148 Still, turbine-level data is often used to

forecast wind power and more recent studies by Cutler et al149 show an improvement in power curve modeling when using turbine-level wind

speed as compared to met mast measurements. Instead of dealing with these known perturbations induced by the turbine, forecasting with other

types of wind data, for example, in the form of close-by met mast LiDAR measurements, can be performed. Some renewable energy companies

also support and motivate this approach.121 Nevertheless, these wind speeds measured by close-by met masts may not be representative either,

especially if the terrain conditions are complex or the met masts are too far away from the turbine of interest.149 Another shortcoming of many of

these met mast measurements is the installation height of the average met mast. With a standard height of 10 m above the earth surface, they do

F IGURE 5 Scatterplot that shows wind power on the y-axis and wind speed on the axis. The plots show data from the first turbine of the
dataset in Beberibe and Pedra do Sal36 respectively. It can be seen that the mapping from wind speed to wind power is not deterministic
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not cover the average turbine height of 50–150 m.126 Therefore, Draxl et al150 argue that validation against 10-m wind speeds is not sufficient.

To address this height-issue, Ramon et al126 present existing non-standard meteorological observations from 222 taller met masts. Nevertheless,

the closeness to turbines and associated wind power generation are usually unknown, and their usefulness therefore remains limited.

To summarize, wind measurements can either be taken close to the turbine, where the turbine influences the measurements, or further away

from the turbine, where they might not preserve the local wind structure. However, knowing about the challenges these different types of wind

data pose allows us to consider them during the development and validation of a forecasting model.

4.2 | Weather models

As the number of met masts and monitoring stations is finite, there are no met mast wind measurements for every possible site. Therefore, glob-

ally, the density of measurements differs, and weather models covering the whole earth interpolate and model wind and weather data to fill gaps

in the measurements. This section will discuss the uncertainties of these weather models, their expressiveness, and some of their known biases.

In wind power forecasting numerical weather prediction (NWP) models are commonly used.151–153 They describe atmospheric processes with

input from weather observations and atmospheric and oceanic simulations. However, due to their nonlinearity, complexity and the gaps in mea-

surements, they are solved with numerical approximations.154 These numerical approximations and the interpolation of data points introduce

uncertainty into the NWPs wind predictions. In fact, the NWPs accuracy is generally considered to be the most influential factor on the accuracy

and uncertainty of the wind power forecast.155 Nonetheless, Holttinen et al145 show that the errors of the meteorological forecast model drop

when data of many sites are being taken into account. Weather models are, in contrast to wind power measurements, available in large amounts

covering all countries (see Section 2.4). However, the underlying meteorologic measurements are of different quality for different regions and

cannot account for turbine-specific turbulences. Furthermore, they usually contain interpolated data and measurements below hub-height.

Therefore, reanalysis or NWP datasets induce biases when they are used to simulate wind power data.134 Reducing these biases is the goal of

many forecasting algorithms that rely on weather models.156 Additionally, planetary boundary layer parameterization aims to reduce

these errors.150

Given the two different wind data types, we can decide which data to prefer by comparing the wind power curves that are associated with

either wind measurement or modeled wind speed. The more scattered these curves map wind speed to wind power, the harder it gets to forecast

wind power given wind speed. The wind power curve of the wind speed that is empirically determined using NWP data is more scattered than

the power curve that describes the relationship between wind power output and wind speed measured at a reference wind mast.157 This differ-

ence in variance indicates that measured wind speed is more accurate compared with wind speed data from weather models. Nevertheless, data

availability crucially limits the use of wind measurements, and therefore, none of the wind data types can and should be preferred for each and

every application and research question. When working with wind data or simulated wind power data, it should be kept in mind that the mapping

from wind speed to wind power is nonlinear and stochastic. Wind speed forecasting is therefore just a subproblem of wind power forecasting,

not an equivalent.

5 | DATA QUALITY

Data quality is crucial whenever data are involved in research or industry. However, the definition of data quality and its demands depend on the

research question, making generalization difficult. Nevertheless, we want to address some high-level points of interest when using wind (power)

datasets. Among these points are data outliers, the relevance of the datasets listed to current wind power forecasting research, the data's origin,

and its associated credibility. The latter is closely related to the documentation and metadata that comes with the dataset of interest; therefore,

we will elaborate on its importance.

It is generally assumed that fitting models to “bad quality or abnormal data”158 results in biases and inaccuracies. However, incomplete and

noisy data usually represent the data measured in the real world better than consistent and complete datasets, although we usually attribute a

higher quality to the latter. The datasets messiness evokes a separate research subfield, data pre-processing, and various pre-processing tech-

niques are used, for example, in order to eliminate outliers159 or classify different weather types.160 None of the datasets that are presented in

Table 2 is described as being pre-processed. We, therefore, assume that the datasets contain non-processed data. However, several datasets do

not provide raw measurements but averaged data over the measurement interval. An example is the Eolos wind research station data; the mea-

surements are averaged over 10 min rather than recorded every 10 min. For other datasets, for example, the Wind Spatio-Temporal Dataset1 in

Table 3, it is known that missing data are imputed. Pre-processing and outlier detection are, in general, choices that the researcher makes. How-

ever, this choice is often restricted by limited data availability, with data needing to be used as provided due to the policy of the data owners.

Having addressed pre-processing and outlier detection, we will now elaborate on the shortcomings and relevance of the wind power datasets

described. While wind data from met masts and weather models are updated frequently, the wind power datasets are usually historical records.
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Furthermore, most of the datasets in Table 2 are closed datasets; that is, it is not planned to update them. Because of this lack of actuality and

because some datasets are already several years old—for example, Tjæreborg provides data that is already over 30 years old—their usefulness is

limited. One reason for this limitation are the developmentsof wind measuring instruments161 and the developments in NWP models.162 Both the

former and the latter can be traced back to technological progress. However, while the technological progress in wind measurements stems from

the transition from cup anemometers to sonic anemometers and remote sensing by Doppler techniques,161 the advances in NWP techniques can

be mainly traced back to higher computational power and the “steady accumulation of scientific knowledge.”162 This progress makes the models

and data better but, on the flip side, introduces inconsistencies within data that are measured or modeled over many years. Another point of

importance that makes the older datasets less transferable to current wind power research is the trend of increasing capacities, hub heights, and

turbine sizes.163,164 However, increasing hub height is a minor issue in the datasets presented here, that is, the turbine in Tjæreborg has a hub

height of 60 m and the turbine in Penmanshiel of 59 m. With an approximate hub height of 130 m,165 the Eolos Wind Research Station is the

highest of the turbines presented here. Nevertheless, the trend of increasing capacity is partially present in the datasets presented; for example,

one shortcoming of the older datasets is that they only cover small farms or single turbines. Therefore, this collection does not cover large wind

farms—the usefulness of forecast models validated on the datasets of this collection is therefore not known for large (off-shore) wind farms such

as Hornsea 2166 with an installed capacity of over 1.3 GW and 165 turbines. This lack of knowledge is critical as it is generally assumed that

off-shore wind power will play an even more critical role in the future as land area is limited and wind speeds are on average higher over

the sea.167

Additionally to the issues with measured data, one main shortcoming of many datasets is their lack of comprehensive documentation, meta-

data, and additional operational data. While several of the datasets from ECMWF and SCADA datasets that have already been used in wind

power forecasting research come with helpful documentation and metadata, the datasets provided by wind energy companies, such as the La

Haute Borne dataset, are less comprehensive. Furthermore, for most of the datasets, no information on turbine downs or wind power curtail-

ment is provided. This lack of information makes the mapping of wind speed to wind power noisy because unknown confounding factors can

influence this mapping. Current research often deals with these types of errors by eliminating values that are too far away from the theoretic

deterministic mapping of wind speed and wind power; this is usually called wind power curve cleaning.168 However, these methods cannot be

validated as the underlying truth is unknown and measurement noise and curtailment are not always distinguishable. Another crucial point for

the credibility of the data is the data's origin and the licenses associated with it. Therefore, these should also be considered part of data quality

and reliability. It has to be mentioned that the Kaggle datasets56,57,60 except for the dataset of GEFCom2012,94 lack a good documentation of

the variables and the datasets' origins are unknown. For the data provided by the Australian Energy Market Operator,97 the data provided by

the South African Energy Department91 and the data provided by the Danish Energy Agency,65 no information regarding data licenses was

available online.

6 | DISCUSSION

Having presented the open-source datasets and the shortcomings and advantages of the different measurements, we now discuss their use and

explain how we selected the different datasets. Open-source data and code play an important role in research. While many researchers would like

to publish the data they use—we conclude this after various discussions with colleagues—most of the currently used wind power data is subject

to confidentiality agreements and therefore non-accessible for the public. Our main motivation behind this work is therefore to compile a large

collection of open-source wind power datasets that helps researchers in the field to use a suitable, non-confidential dataset. Figure 2 shows that

the important characteristics such as known location, time horizons of at least 1 year and fine-grained 10-min data are covered by several

datasets. Nevertheless, the collection lacks a fine-grained (≤10 min) dataset with large spatial coverage (more than wind farm size). However, addi-

tionally to the fact that we can only provide limited spatio-temporal resolution and coverage, wind power forecasting performance is dependent

on terrain and site conditions.4,8 The datasets presented cover neither very large nor off-shore wind farms. However, especially in large (off-shore)

wind farms, the influences of surrounding turbines can significantly decrease power generation; similar effects can be observed at neighboring

wind farms.5 Therefore, on the one hand, the datasets presented are valuable for wind power forecasting research because they provide a broad

range of open-source wind and wind power data. However, on the other hand, the collection is not complete. Furthermore, past technological

limits reduce the quality of some of the older datasets. Both are not only a drawback of this collection of datasets but a consequence of (power)

data regulations. We hope that political decision-makers' desire for a sustainable energy supply will bring about corresponding changes and that

wind power data will become available publicly more easily and quickly in the future. However, the datasets we present are only a well-prepared

snapshot of datasets. If the availability of open-source renewable energy data grows in the upcoming years, research in the field of wind power

forecasting will also become more FAIR (see Section 1). Other initiatives are working on maintaining an up-to-date resource of open wind power

data, such as the OPSD project,169 the Wind Resource Assessment Group,19 or the C3S Energy operational service.170 These resources are of

high value for experienced energy researchers, and we hope to provide a clear and easy implementable starting point for researchers from all dif-

ferent fields.
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We compiled the datasets listed in this paper in several different ways: Searching online for datasets, getting in contact with wind power

forecasting researchers from every continent to ask for available open-source data and energy data regulations in their region, and searching for

papers that work with disclosed data. There is no guarantee for the completeness of the data. While we did not find other SCADA datasets, more

countries probably provide or will provide some form of aggregated wind power data, and we know that many more resources of wind data exist.

While we try to present all datasets that are hard to find and of high interest, such as the turbine-level datasets in Section 2.3, the aggregated and

wind-based datasets should be seen as representatives of their corresponding groups. In these categories, we tried to cover different spatial and

temporal resolutions.

7 | CONCLUSION

Wind power forecasting is an essential tool that can help to integrate wind power efficiently into the power grid. In addition, wind power fore-

casting can be used to make turbine-specific adjustments, and the mapping of wind speed to wind power allows for wind power resource assess-

ment. All of this makes high-quality wind power forecasting and other forms of renewable energy forecasting important in developing a more

sustainable power grid. This paper provides a categorization and overview of open-source wind power datasets that can be used for various wind

power forecasting tasks. These tasks include wind power forecasting on different time and aggregation scales, wind ramp forecasting, wind vari-

ability forecasting and wind turbine condition monitoring. Wind power forecasting is a complex task. Its accuracy and quality depend not only on

the aim of the forecast and the quality of the data but also on the real-world properties that the data aims to represent. Among these are, for

example, the climatic characteristics of the country or region that is studied, terrain complexity and atmospheric (in-)stability and site-specific tur-

bulences. This limits the comparability of models tested and validated on different datasets—the transferability of results is therefore hard to

assess. However, a first step towards facing this issue can be taken by using open-source data and disclosing the research process. In order to

make this search for datasets easier, we present the, to our best knowledge, largest variety of different datasets that can be used for different

wind power forecasting tasks. Our categorization into five different data groups, such as fine-grained turbine-level power data, aggregated

datasets, or even synthetic data, allows researchers to find a suitable dataset for various tasks. With more than 40 open-source datasets, we claim

that suitable datasets do not have to be confidential for many tasks in wind power forecasting. Future work will benchmark different forecasting

models on the open-source wind power datasets in this overview.
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