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Abstract. Accurate estimates of wind speeds at wind turbine hub heights are crucial for both wind resource assessment and

day-to-day management of electricity grids with high renewable penetration. In the absence of direct measurements, parametric

models are commonly used to extrapolate wind speeds from observed heights to turbine heights. Recent literature has proposed

extensions to allow for spatially or temporally varying vertical wind gradients, that is, the rate at which wind speed changes

with height. However, these approaches typically assume that reference height and hub height measurements are available at5

the same locations, which limits their applicability in operational settings where meteorological stations and wind farms are

spatially separated. In this paper, we develop a two-step spatio-temporal framework to estimate turbine height wind speeds

using only open-access observations from sparse meteorological stations. First, a non-parametric generalized additive model is

trained on reanalysis data to perform vertical height extrapolation. Second, a spatial Gaussian process model interpolates these

hub-height estimates to wind farm locations while explicitly propagating uncertainty from the height extrapolation stage. The10

proposed framework enables the construction of high-resolution, sub-hourly turbine-height wind speed time series and spatial

wind maps using data available in real time, capabilities not provided by existing reanalysis products. We further provide

calibrated uncertainty estimates that account for both vertical extrapolation and spatial interpolation errors. The approach is

validated using hub-height measurements from seven operational wind farms in Ireland, demonstrating improved accuracy

relative to ERA5 reanalysis while relying solely on real-time, open-access data.15

1 Introduction

Estimating wind speeds at turbine hub heights is crucial for both wind resource assessment and day-to-day management

of electricity grids, and its importance increases as the share of wind power in total generation grows. In Ireland, 33% of

electricity was produced by wind farms in 2025, with the Government setting a target of 80% by 2030 (Wind Energy Ireland,

2026; Department of the Environment, Climate and Communications, 2024). To meet that target, the Government has set a goal20

of 9 GW of onshore wind energy to be installed by 2030. There are currently approximately 300 wind farms which provide

4.8 GW of installed capacity. Based on the current average wind farm size, this would require the construction of approximately

260 new wind farms in the coming years (Sustainable Energy Authority of Ireland, 2025b).
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Wind resource assessment requires knowing wind speed at turbine hub height (i.e., the height at the centre of the rotor)

(Murthy and Rahi, 2017), but official measurements of wind speeds are generally available only at 10 m (i.e., the standard height25

of weather stations) (Oke, 2018), leading energy providers to carry out their own surveys at potential sites (Weekes and Tomlin,

2014). On-site assessments required for investors can cost frome10,000 to in excess ofe100,000, so improved preliminary site

screening can lead to targeting sites with higher potential (Bailey et al., 1997; Teagasc, 2020). Such costs can be prohibitive

for small-scale or community energy projects, effectively limiting their ability to undertake rigorous resource assessments

and delaying or preventing otherwise viable developments. As a result, reanalysis datasets are popular products for historical30

wind resource assessment, as they provide wind speeds on a regular grid, typically over several decades (Doddy Clarke et al.,

2021). However, these are often coarse in space (with grid sizes from 1 to in excess of 50 km) and time (typically on an hourly

resolution) and released with delays that make them unsuitable for real-time operational use (Ramon et al., 2019). This creates a

gap between the availability of near-surface wind observations and the need for accurate hub-height wind estimates at arbitrary

locations and times.35

For day-to-day grid operations, accurate and real-time information on wind conditions is critical in energy systems with high

renewable penetration. In particular, errors in wind power forecasts impose substantial operational costs. In the Irish context,

Mc Garrigle and Leahy (2015) estimate that a one percentage point reduction in forecast error could yield annual savings of

approximately e2.5 million. While forecasting is not the focus of this study, accurate real-time estimates of wind speed form

a key input to short-term forecasting and grid management workflows. For such real-time estimation tasks, statistical methods40

have been shown to improve upon pure numerical weather prediction outputs (Sweeney et al., 2020). As for wind resource

assessment, the real-time estimation for grid operations requires wind speed at turbine height.

In the absence of wind measurements at turbine hub height, a common alternative is to vertically extrapolate wind speeds

from observations at 10 m or other near-surface levels. There is extensive research on methods for extrapolating wind speeds

from a reference height to turbine hub height, most of which rely on simple parametric formulations, primarily the log law45

and the power law (Houndekindo and Ouarda, 2025). Gualtieri (2019) reviews the classical models used in this context. These

laws generally depend on parameters relating to surface roughness or air stability. As these parameters are usually unknown or

difficult to estimate, fixed approximations are used. These approximations, however, can introduce systematic biases at some

locations and cannot capture temporal changes in the vertical wind speed gradient. To complement parametric formulations,

recent research has therefore focused on statistical methods that learn how wind speeds vary with height. Crippa et al. (2021)50

fitted a model in which the power-law parameters vary over time and depend on weather variables other than wind speed. Other

studies have explored non-parametric approaches such as random forests and gradient-boosting models to predict wind speeds

at target heights (Yu and Vautard, 2022). These methods rely on datasets that provide wind speeds at multiple heights, such as

physical weather models or specialised remote-sensing instruments like LiDAR (Light Detection and Ranging) (Vassallo et al.,

2020). Model training and testing are typically carried out on multi-height datasets, meaning these studies assume that wind55

speeds at several heights are co-located and that wind speeds at a reference height are available at the prediction site. This is

a strong practical limitation because in most real-world settings the location where hub-height winds are required is different
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from where open-access 10 m measurements are observed, and physical weather model outputs are often too coarse to provide

reliable site-specific vertical wind gradients (Gualtieri, 2022).

As a result, existing height-extrapolation models cannot be directly applied when hub-height winds are required at locations60

where only near-surface observations from distant stations are available, which is the most common operational scenario

for both grid operators and early-stage site assessment. Moreover, existing approaches do not propagate height-extrapolation

uncertainty into subsequent spatial prediction. Consequently, there is currently no established framework capable of estimating

hub-height wind speeds at unmonitored locations using only near-surface observations from distant stations, while explicitly

propagating height-extrapolation uncertainty into subsequent spatial predictions.65

In this context, the present paper addresses a practical but underexplored problem in wind resource modelling: estimating

turbine hub-height wind speeds at locations where no on-site measurements exist. This is done using only 10 m-high wind

observations recorded at distant sites. We develop a modelling framework that integrates height extrapolation and spatial

interpolation within a unified probabilistic framework, allowing uncertainty from the vertical extrapolation stage to be explicitly

propagated into spatial prediction at new locations. This enables hub-height winds to be estimated at unobserved sites using70

sparse, 10 m high observations from disparate locations.

The proposed methodology consists of two linked stages: (i) non-parametric vertical extrapolation of 10 m wind observa-

tions to turbine hub heights, and (ii) spatial interpolation of these hub-height estimates to unobserved locations using Gaussian

process regression. We propose performing vertical height extrapolation before spatial interpolation, arguing that wind speeds

are spatially smoother at hub heights. For vertical height extrapolation, we employ a non-parametric model trained on reanaly-75

sis data and then applied to meteorological stations. The resulting hub-height wind speeds are subsequently interpolated using

Gaussian process (GP) regression to generate predictions at arbitrary locations. Note that although this study focuses on mete-

orological stations as reference wind speeds, the proposed methodology can also be applied to extrapolate turbine height wind

speeds derived from numerical weather predictions or satellites (Verhoef et al., 2012), which are typically at 10 m.

A key contribution of the proposed framework is that it relies exclusively on open-access data streams and can therefore80

generate turbine-height wind estimates and spatial maps in real time, unlike reanalysis products which are released with multi-

day delays. This makes the approach suitable for day-to-day management of renewable grids with high penetrations of wind

energy. It can also be applied retrospectively to construct high-resolution hub-height wind-speed time series at prospective

sites. Unlike reanalysis datasets, meteorological station observations are available at sub-hourly (often minute-level) resolution,

enabling resource assessments at a temporal resolution consistent with the nonlinear power curve of modern turbines. Recent85

studies have shown that higher temporal resolution wind-speed data are important for accurate wind resource and power

estimation, due to the cubic relationship between wind speed and power generation (Vest and Tych, 2025). Another advantage

of the framework is its ability to provide full uncertainty quantification for all predictions. This is in contrast with reanalysis

data, which provide only point estimates.

To our knowledge, this is among the first frameworks that jointly performs height extrapolation and spatial interpolation90

of wind speeds while propagating uncertainty across both stages using only open-access, real-time data. This enables the
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generation of prospective hub-height wind estimates and minute-level time series at arbitrary locations using only publicly

available data, together with calibrated uncertainty estimates.

The layout of the paper is as follows: In Section 2 we introduce the datasets used. Section 3 briefly reviews classical

vertical height extrapolation approaches, and introduces our non-parametric strategy, while also reviewing the spatial models95

used. Section 4 presents our results on both reanalysis data, and proprietary wind farm data. Finally, Section 5 discusses our

conclusions future research directions.

2 Data

This study integrates three different data sources to develop and validate the proposed model. First, meteorological station data

provide high-quality, real-time measurements of wind speed at a 10 m reference height. Second, reanalysis data, the output of100

physical weather models, provide wind speeds at 10 m and multiple heights above ground level, which are used to train the

height extrapolation model in Section 3.2. Finally, wind speed measurements from wind farms serve as an external validation

dataset to evaluate the accuracy of the complete modelling pipeline.

2.1 Weather Station Data

Ground-level wind observations are sourced from the network of 23 meteorological stations operated by Met Éireann, Ireland’s105

national meteorological service (Met Éireann, 2025). These stations adhere to World Meteorological Organization standards

(Oke, 2018) and record wind speed at a height of 10 m.

Of the 23 stations, 18 provide data at a one-minute temporal resolution, while the remaining 5 report wind speeds at an

hourly resolution. To ensure temporal consistency with the wind farm dataset used for validation (Section 2.3), all station data

are processed to a 10-minute resolution. For the 18 high-resolution stations, data are averaged over 10-minute intervals, while110

for the 5 hourly stations, a linear interpolation is applied to generate 10-minute estimates.

The geographical distribution of the stations, with the colour corresponding to median wind speeds over the year 2023,

is shown in Figure 1, illustrating how coastal locations have typically higher wind speeds. Figure 2 depicts the daily cycle of

average hourly wind speed at a sample of four locations. This shows a clear diurnal pattern of wind speed, a phenomenon driven

by the differential heating of the Earth’s atmosphere (Dai and Deser, 1999), which is consistently captured across stations.115

2.2 Reanalysis Data

Reanalysis provides a gridded, historical record of the Earth’s climate system by combining a physical weather model with

observational data via data assimilation (Lahoz and Schneider, 2014). Running the model retrospectively with this constraint

produces a more accurate and coherent dataset than the model or observations could provide alone (Lahoz and Schneider,

2014). These products therefore offer a valuable source of information on numerous weather variables but are inherently120

delayed, being released days or weeks after the fact, and are thus unsuitable for real-time applications (Organ et al., 2026).
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Figure 1. The location of Ireland’s 23 meteorological stations. Highest wind speeds are generally seen along the west coast.

Figure 2. Comparison of hourly average speeds at four locations (highlighted in Figure 1. All stations share a similar diurnal (daily) trend).
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Table 1. Summary of reanalysis and wind atlas datasets used in this study.

Dataset Spatial resolution Heights Temporal infor-

mation

Role in this study

ERA5 0.25◦×0.25◦ (∼30

km)

Wind speeds at 10 m

and 100 m

Hourly time se-

ries (1940 - near

present)

Benchmark for hub-height

wind speed prediction

NEWA 3 km Wind speeds at 10, 50,

75, 100 m

30-min time series

(1989-2018)

Training data for height extrap-

olation model

GWA 250 m Weibull parameters and

long-term mean wind

speeds at 10, 50 and

100 m

Mean and Weibull

parameters only (no

time series avail-

able)

Statistical downscaling of

NEWA to station locations and

mean covariate

2.2.1 ERA5

Widely used global reanalysis products for wind applications include ERA5, produced by the European Centre for Medium-

Range Weather Forecasts (ECMWF) (Hersbach et al., 2020), and NASA’s Modern-Era Retrospective analysis for Research

and Applications, Version 2 (MERRA2) (Gelaro et al., 2017). These datasets have become a cornerstone for renewable energy125

resource assessment in numerous studies (Doddy Clarke et al., 2021; Olauson, 2018). In particular, Doddy et al. (Doddy Clarke

et al., 2021) identify ERA5 as the most reliable global reanalysis product for wind resource assessment over Ireland, and we

therefore adopt ERA5 as a benchmark for comparison in this study. A primary limitation, however, is their relatively coarse

resolution. For instance, the ERA5 data used in this study as a benchmark are provided on a 0.25◦ × 0.25◦ grid, translating to

a nominal resolution of approximately 28 km east-west and 17 km north-south at Irish latitudes.130

2.2.2 New European Wind Atlas (NEWA)

To train the height extrapolation model, we require a proxy dataset containing wind speeds at both the standard reference height

of 10 m and at turbine-relevant hub heights. We therefore utilise reanalysis data for this purpose. For applications requiring finer

spatial scales, several high-resolution reanalysis products have been developed. In this paper, we employ the New European

Wind Atlas (NEWA) as our primary data source for model training, which provides a time series of wind speeds spanning135

almost 30 years (Hahmann et al., 2020; Dörenkämper et al., 2020). We use the most recent full year of data available, which is

2018.

The spatial resolution of NEWA is 3 km, with wind fields available at a temporal resolution of 30 minutes. Wind speeds

are provided at several heights, including 10 m, 50 m, 75 m, and 100 m. Additional heights above 100 m are also available, but

these were excluded from this study as they exceed the range of turbine hub heights in our validation dataset.140
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Figure 3 illustrates the average wind speeds from NEWA over a full year, while Figure 4 shows wind speeds at multiple

heights at four sample sites over the five-day period 1–5 January 2023. These plots show that at coastal sites, surface wind

speeds (10 m) closely follow those at hub heights, whereas at inland sites, a greater disparity exists between the two. To

summarise this pattern across the whole country, Figure 5 shows a map of empirical correlation between 10 m and 100 m wind

speeds across the NEWA dataset.145

2.2.3 Global Wind Atlas

While the NEWA provides an extensive time series of wind speeds over several years, the relative coarseness of the grid means

the wind speeds at a meteorological station may not closely match the wind speed distribution of the nearest reanalysis grid cell.

To address this mismatch, we use a higher-resolution dataset to statistically downscale the wind speed distribution. Specifically,

the Global Wind Atlas (GWA) is used (Davis et al., 2023), which has been employed in previous studies to downscale coarser150

physical models (Gruber et al., 2022, 2019).

Importantly, the GWA provides only long-term climatological summary statistics rather than a time series of wind speeds,

and therefore cannot be used directly for temporal modelling or height extrapolation. Instead, it is used here in complement

to NEWA to impose fine-scale spatial structure on the reanalysis time series. The GWA contains summary statistics such as

Weibull distribution parameters at a 250 m resolution, which better capture local topography and surface roughness effects.155

Figure 3 shows average wind speeds from the GWA across Ireland. When compared to the NEWA plot, the higher spatial

resolution reveals additional local variation and fine-scale spatial structure in wind speeds.

2.3 Wind Farm Data

To illustrate the potential of our framework and assess the accuracy of the proposed models, we use data from a selection of

seven wind farms provided by an industry partner. Ireland currently has over 300 operational wind farms (Sustainable Energy160

Authority of Ireland, 2025b, a), with their locations shown in Figure 7. The counties containing the seven validation farms are

highlighted in blue, though specific sites are not identified to maintain data privacy.

Each wind farm comprises of multiple turbines, each recording wind speeds independently. Therefore, model validation can

be performed using either the average wind speed across the farm or the speed recorded at an individual turbine. In this study,

we use two summary measures for comparison:165

1. the highest recorded wind speed across all turbines at each time point, and

2. the average wind speed across the farm at each time point.

Wind speeds within a farm are influenced by the wake effect, where downstream turbines experience reduced wind speeds

due to the energy extraction of upstream turbines (González-Longatt et al., 2012; Adaramola and Krogstad, 2011). We therefore

interpret the maximum recorded speed as being less affected by wake losses, while the farm average reflects the aggregate effect170

of wake losses. Figure 6 shows the wind speeds at a single farm, comparing both the average and the speeds of each individual

turbine. Since reanalysis datasets are designed to represent unobstructed, free-stream wind conditions, we expect our predicted
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Figure 3. Comparison of mean wind speeds at 10 m for two reanalysis products. The higher resolution of the GWA (250 m vs. 3 km) resolves

significantly more local topographic variation in wind speed. The NEWA is based on the most recent full year available, 2018. The GWA

uses the most recent model update, release 4.0 in June 2025, which provides improved modelling and more recent land use maps (Global

Wind Atlas, 2025).

wind speeds to more closely match the maximum recorded speeds, while systematically overestimating the farm average values

unless wake losses are explicitly accounted for.

Turbines typically measure wind speeds at their hub, which is the height at the centre of the rotor. Hub heights can vary from175

60 to 100 m for typical wind turbines found in Ireland, depending on the turbine model. Turbine wind speeds are provided at a

10 minute resolution, and all modelling in this study is therefore performed at this time scale.
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Figure 4. Wind speeds at four locations over the five-day period 1–5 January 2023 (the location of each station is highlighted in Figure 1).

Each line represents wind speed at a different height (10 m, 50 m, 75 m, 100 m ). We choose a sample of four locations that cover both coastal

and inland sites.
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Figure 5. Empirical Pearson correlations between wind speeds at 10 m and 100 m. Correlations are generally highest in coastal and upland

locations, areas with high surface wind speeds.

Figure 6. Individual turbine scaled wind speeds (grey) and average wind speed (navy) at a single wind farm over a five-day period.
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Figure 7. The locations of Ireland’s wind farms. There are over 300 wind farms in Ireland. The names and locations of wind farms are

publicly available and published by the Sustainable Energy Authority of Ireland (Sustainable Energy Authority of Ireland, 2025b, a). The

highlighted counties contain the seven wind farms used for validation.
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3 Modelling Framework

The objective of our modelling framework is to use weather station observations to predict wind speeds at wind farm locations

and turbine hub heights. This introduces two challenges: (i) a spatial interpolation process is required to interpolate wind180

speeds from meteorological stations to wind farm sites, and (ii) a vertical extrapolation model is needed to predict wind speeds

at turbine hub height, conditional on 10m observations, which are the standard reporting height for meteorological stations.

A practical constraint is that wind speed observations at turbine hub heights are typically proprietary and not publicly accessi-

ble. Consequently, stakeholders often have limited or no access to this data. In this study, wind farm hub height measurements

are therefore used only as an external test set, while all model training relies exclusively on the publicly available datasets185

described in Section 2.

Our prediction framework addresses these challenges through a sequential two-step approach, illustrated in Figure 8:

1. Vertical height extrapolation: A generalised additive model (GAM) is trained on reanalysis data to learn vertical wind-

speed profiles and to predict turbine hub-height wind speeds from 10 m reference observations at meteorological stations.

2. Spatial interpolation: The resulting hub-height wind speed predictions are then interpolated to target wind farm loca-190

tions using a spatial statistical model

The order of these steps is motivated by the fundamental meteorological principle that wind fields are smoother and exhibit

longer-range spatial correlation at higher altitudes, free from the fine-scale turbulence induced by surface roughness (Schlez

and Infield, 1998). As illustrated in Figure 9, the mean wind field at 100 m is considerably smoother than at 10 m, where

local topography and vegetation introduce strong small-scale variability. Performing height extrapolation first leverages this195

smoother, more spatially coherent field for the subsequent interpolation step, which is likely to improve accuracy.

3.1 Reanalysis Wind Speeds Preprocessing

Before fitting the height extrapolation models, we preprocess the reanalysis data to address its inherent spatial coarseness.

While the New European Wind Atlas (NEWA) provides a high-quality temporal record, its 3 km resolution may not fully cap-

ture the local wind climate at a specific point, such as a meteorological station location. To incorporate finer-scale topographic200

effects, we statistically downscale the NEWA data using the high-resolution wind climatology from the Global Wind Atlas

(GWA).

The downscaling procedure is a quantile-quantile transformation at each of the NEWA height levels(Michelangeli et al.,

2009), which maps the empirical distribution of the NEWA data at a grid point to a theoretical distribution defined by the

GWA’s parameters at the location of the reference sites. This process effectively imparts the high-resolution spatial structure of205

the GWA’s climatology onto the NEWA time series.

Let wNEWA = (w1, . . . ,wn) be a time series of wind speeds of size n from the nearest NEWA grid point to a meteorological

station, with empirical cumulative distribution function (CDF) Fn(w) =
#(wi≤w)

n . The empirical cumulative probability (or

percentile rank) associated with an observation wi is pi = Fn(wi).
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Figure 8. Schematic of the two-step process: (1) vertical extrapolation from 10 m to turbine hub height, followed by (2) spatial interpolation

from meteorological stations to wind farm locations.

We assume that the long-term wind speed distribution at a location s follows a parametric distribution with CDF F̂s(w;Θs),210

where Θs denotes the distribution parameters. For this purpose, we adopt the two-parameter Weibull distribution, which is

widely used to model wind speed climatology (Carta et al., 2009; Wais, 2017; Bowden et al., 1983). Its probability density

function (PDF) and CDF are given by:

f(x;k,λ) =
k

λ

(x
λ

)k−1

exp
[
−(x/λ)

k
]
, F (x;k,λ) = 1− exp

[
−(x/λ)

k
]
, (1)

where k > 0 and λ > 0 are the shape and scale parameters, respectively. These parameters are directly available from the215

Global Wind Atlas (GWA) at 250 m resolution (Davis et al., 2023), and the Weibull distribution has been shown to accurately

represent Irish wind speed distributions (Organ et al., 2026). For each station location, we extract the corresponding GWA

parameters (ks,λs), define F̂s using Equation (1), and apply the quantile mapping in Equation (2) to the NEWA time series to

obtain the downscaled dataset.

The downscaled wind speed, w̃s,i, is obtained by applying the inverse CDF transform using the GWA-derived theoretical220

distribution:

w̃s,i = F̂−1
s (pi) = F̂−1

s (Fn(wi)) . (2)

As the downscaled NEWA dataset only reports wind speeds at one reference height and three target heights (50 m, 75 m,

100 m), there is a risk that models trained directly on these values may overfit to the discrete levels or fail to capture the
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Figure 9. Comparison of wind speeds at a sample wind farm (outside the validation dataset) in the west of Ireland: (a) satellite image. (b)

GWA mean wind speed at 10 m showing fine-scale variability. The average speeds within the image have a range of 9.7 m/s and a standard

deviation of 2.1 m/s. (c) GWA mean wind speed at 100 m showing smoother wind field at turbine height. The average wind speeds have a

range of 3.4 m/s and a standard deviation of 0.65 m/s. The large amounts of forestry around the turbines cause large variations in average

wind speeds at 10 m, while the 100 m wind speeds significantly lower levels of variation.

continuous effect of height on wind speed. To address this, we construct a smooth vertical profile of wind speed at each time225

and location by interpolating the three target heights with a quadratic curve. From this fitted curve, wind speeds are then

sampled at 5 m intervals, producing a denser set of pseudo-observations. A 5 m spacing was chosen as a practical balance: it

provides sufficient vertical resolution to train a non-parametric extrapolation model while avoiding unnecessary computational

overhead.

3.2 Height Extrapolation230

Wind speed extrapolation from observations at a reference height (typically 10 m) to turbine hub height is traditionally per-

formed using parametric models such as the power law or logarithmic law. A comprehensive overview is given in Gualtieri

(2019), which found the power log to be the most popular and generally most reliable. In its generic form, the power law is
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defined as

Wh =W10

(
h

10

)α

,235

where Wh and W10 are wind speeds at heights h and 10 m, respectively, and α is a wind shear parameter dependent on surface

roughness and atmospheric stability. Although α is known to vary in space and time, fixed approximations are often used for

simplicity, with α= 1/7 being the most common choice (Houndekindo and Ouarda, 2025; Panofsky and Dutton, 1984).

Extensions have been proposed to account for this variability by allowing α to depend on covariates. For instance, Crippa

et al. (2021) modelled α(t) as a function of diurnal harmonics, with a separate model fit to each location in their dataset:240

α(t) = α0 +
P∑

i=1

βi sin
(
2πti
24

)
+β

′
i cos

(
2πti
24

)
, (3)

where α0 is a constant mean term, and βi and β
′
i are the coefficients for P periodic harmonics. Such approaches substantially

improved predictions relative to fixed α values. However, our analysis of reanalysis data indicates that empirically derived α

values display high variability and strong, non-linear interactions with surface wind speed (Figure 10), limiting the effectiveness

of parametric approaches that rely on a simplified structural form. The high variability suggests that direct non-parametric245

modelling of wind speeds may be preferable.

Figure 10. Five days of 10 m and 100 m wind speeds at Malin Head, labelled (1) in Figure 4. The α value at each time point derived from the

two wind measurements is plotted. This plot illustrates that α shows a high amount of variability, and constant or periodic harmonics may

struggle to fully capture the relationship

Previous studies using non-parametric approaches also provide good accuracy for wind height extrapolation predictions (Yu

and Vautard, 2022; Vassallo et al., 2020). We choose to adopt a flexible, non-parametric approach using a Generalized Additive
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Model (GAM) (Wood, 2017). GAMs have been shown to achieve accuracy comparable to machine learning methods, but offer

parsimonious inference and interpretable outputs (Doohan et al., 2026). In our framework the GAM predicts the square root of250

hub-height wind speeds in the processed NEWA dataset. This transformation is commonly used to reduce positive skewness

and to approximate Gaussianity in wind-speed data (Lenzi and Genton, 2020). As described in Section 3.1, the NEWA time

series are first statistically downscaled using Weibull distributions derived from the Global Wind Atlas in order to encode fine

scale spatial structure. For Irish wind climates, the Weibull shape parameter is typically close to 2 (Organ et al., 2026). If a

wind speed follows a Weibull distribution with shape parameter k and scale parameter λ, then its square root also follows a255

Weibull distribution with shape parameter 2k and scale parameter
√
λ. Consequently, the square-root transformation yields

a distribution with shape parameter close to 4, a regime in which the Weibull distribution exhibits low skewness and is well

approximated by a Gaussian distribution (Cui and Xie, 2003). This motivates the use of a Gaussian likelihood on the square-

root-transformed scale, which simplifies model fitting while remaining consistent with the empirical distribution of Irish wind

speeds.260

Predictors include the square root of 10 m wind speed, turbine hub height, diurnal cycles, and wind direction components.

These covariates are chosen as crucially, they are all available in real time at meteorological stations. The model is specified

as:

√
Wh,i = β0 + s1(

√
W10,i)+ s2(hi)+ s3(hi,W10,i)+β1 sin

(
2πti
24

)
+β2 cos

(
2πti
24

)
+β3Ui +β4Vi + εi (4)

where β0 is an intercept term, and β1, . . . ,β4 are coefficients associated with the linear covariates. Here, i= 1, . . . ,n indexes265

independent observations for a given meteorological station, each corresponding to a specific time point and height level.

Wh,i and W10,i denote wind speeds at height hi and 10 m for observation i. ti denotes the hour of the day associated with

observation i. Ui and Vi are the east–west and north–south components of the unit wind direction vector at 10 m. All smooth

terms use the default spline bases in mgcv (thin-plate regression splines), with smoothing parameters estimated via restricted

maximum likelihood (REML). Basis dimensions were checked using standard mgcv diagnostics. s2 and s3 were left at their270

default values, while for s1 the basis dimension was increased until the k-index was close to 1(Wood, 2017). The error term

εi represents independent residual variation and is assumed to follow εi ∼N (0,σ2
s), where σ2

s is the station-specific residual

variance for the model fitted at meteorological station s.

Figure 11 contains a sample of training curves as well as model fits to show how the predicted wind speeds vary with

reference heigh wind speed and target height.275

A separate model is fit for each meteorological station using reanalysis wind speeds extracted from the nearest NEWA grid

point and statistically downscaled using the Global Wind Atlas, as described in Section 3.1, accounting for local effects such

as surface roughness. Each training observation corresponds to a specific time point and height and are treated as independent

observations. While this formulation ignores temporal and vertical dependence in the reanalysis data, it is consistent with the

intended operational use of the model, where predictions at any given time must rely solely on the 10 m wind observation280

available at that location. This setup ensures that model training and evaluation reflect the information constraints present in
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Figure 11. Representative vertical wind-speed profiles from the processed reanalysis training data at four meteorological stations. Light

blue curves show interpolated vertical profiles at 13:00 across sample days, while black curves show fitted GAM predictions evaluated

at representative 10 m wind-speed regimes over turbine-relevant heights (50–100 m) (25th, 50th and 75th percentiles). The figure illustrates

height dependence and variation in the vertical gradient with reference wind speed.
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real-time applications. Implementation uses the mgcv package in R, with efficient estimation (typically under 10 seconds per

model on a standard laptop). The process is easily parallelised if fitting is required for many locations.

Model uncertainty is quantified directly from the fitted GAMs. For each station specific GAM, residual variance is estimated

under the assumption of Gaussian errors with constant variance on the square root scale. This residual variance is used as a285

measure of uncertainty in the height-extrapolated wind speeds at each station. Figure 12 shows the resulting station-specific

variance estimates.

Figure 12. Estimated standard deviation σs of the height extrapolation model at each wind farm location.

Uncertainty is generally higher at inland sites, while coastal stations—despite higher mean wind speeds—exhibit lower

extrapolation uncertainty, possibly due to smoother vertical wind profiles near open seas. As seen in Figure 4 and Figure 5, at

coastal location, wind speeds at 10 m more closely follow the pattern shown at turbine height.290

3.3 Spatial Interpolation

To interpolate wind speeds from observed to unobserved locations, we model wind speed as a Gaussian Process (GP) (Banerjee

et al., 2003; Williams and Rasmussen, 2006). Spatial interpolation is performed at a fixed turbine hub height, as wind speeds

at greater heights are generally smoother and less affected by surface obstacles. Following Section 3.2, spatial inference is
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performed using the square root of wind speeds, which is approximately Gaussian. For notational clarity, the dependence on295

height is suppressed throughout this section.

The mean structure of the spatial process incorporates information from the Global Wind Atlas (GWA), with the GWA mean

square-root wind speed at location s and at the target height h, denoted µh
s , used as a covariate. The mean square-root wind

speed is derived from the GWA Weibull parameters (Organ et al., 2026). As the GWA is available only at fixed reference

heights, which generally differ from turbine hub heights, a power-law relationship is used to interpolate the mean wind speed300

to the target height h. Let µGWA denote the vector of GWA-derived mean square-root wind speeds at the observation locations.

The mean structure is specified as

µ= β0 +β1µGWA,

where β0 and β1 are regression coefficients. This provides a spatially varying baseline that reflects long-term climatological

differences between locations. While other spatial covariates such as elevation and distance to the coast have been used in wind305

speed studies, the GWA mean implicitly incorporates these effects through the physical modelling used to generate the atlas.

The dataset comprises Met Éireann wind speed observations recorded at 10 minute intervals over the full year 2023 (52,560

time points). Fitting a fully spatio-temporal Gaussian process (GP) model to data of this size would be computationally de-

manding, as exact GP inference scales as O(n3). While scalable approximations such as composite likelihood or Vecchia-type

methods could be considered, incorporating an explicit temporal dependence structure is unlikely to substantially improve310

spatial interpolation in this setting, since observations are available at the same fixed locations for all time points.

We therefore assume temporal independence and treat each time point as an independent realization of the spatial pro-

cess, using temporal replication to improve estimation of the spatial covariance structure. This approach substantially reduces

computational cost while retaining the information needed for accurate spatial interpolation at each time step. To allow for

seasonal variation in both the mean structure and spatial covariance, a separate spatial model is fitted for each calendar month,315

using the full 10 minute time series within that month for inference and prediction. This monthly modelling strategy reduces

computational cost and enables inference to be performed on standard hardware.

The hub-height wind speeds used as inputs to the spatial model are not direct observations but estimates obtained from

the height-extrapolation step in Section 3.2. To account for this additional source of uncertainty, we treat the square-root-

transformed wind speeds as noisy observations of an underlying latent Gaussian process, with an observation-error variance320

informed by the height-extrapolation model. As discussed in Section 3.2, the square root transform provides a suitable Gaussian

approximation for wind speeds, which allows for efficient spatial inference.

Let Wt denote the vector of square-root-transformed wind speeds observed at meteorological station locations at time t, for

t= 1, . . . ,nt. The hub-height wind speeds used as inputs to the spatial model are not direct observations but estimates obtained

from the height-extrapolation step in Section 3.2. To account for this additional source of uncertainty, we treat Wt as noisy325

observations of an underlying latent spatial process.

√
Wt ∼MVN

(
ft, ΣGAM +σ2

ϵ I
)
,
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where f is the latent spatial process evaluated at the observation locations, ΣGAM is a diagonal matrix containing the station-

specific variance estimates σ2
si from the height-extrapolation model at locations sil, and σ2

ϵ I is a nugget term capturing unre-

solved microscale variability.330

ft ∼GP (µ,k(·, ·))

where µ is the mean defined above

We assume independent measurement errors at each location, making ΣGAM +σ2
ϵ I diagonal. Unlike the standard ho-

moscedastic assumption (equal variance at all sites), we allow for heteroscedasticity by setting each diagonal entry of ΣGAM to

σ2
si , the estimated variance of the residuals from the GAM predictions at location si. This provides a location-specific measure335

of uncertainty. As reanalysis data are often over-smoothed, an additional common nugget term σ2
ϵ I is added to the diagonal to

capture unresolved microscale variability, which is learned from the data.

Assuming independence between the latent process and measurement error, the marginal distribution of the observed data

for each becomes:

√
Wt ∼MVN

(
µh,Σf +ΣGAM +σ2

ϵ I
)
.340

The latent GP employs a Matérn covariance function, which is widely used for spatial processes (Banerjee et al., 2003). To

simplify inference and avoid identifiability issues between range and smoothness parameters, we fix the smoothness parameter

ν = 1, yielding:

Σf,ij = cov(si,sj) = κdK1 (κd) ,

where d denotes the Euclidean distance between sites si and sj , and Kν is the modified Bessel function of the second kind345

with parameter ν. κ is a scale parameter, which smaller values of κ denote a longer spatial correlation.

Assuming independence across time points, the log-likelihood is given by

logL(Θ)∝−1

2

nt∑

t=1

[
(
√
Wt −µ)⊤C−1(

√
Wt −µ)+ logdet(C)

]
, (5)

where C=Σf +ΣGAM +σ2
ϵ I and Θ= {κ,σf ,σϵ,β0,β1} denotes the set of model parameters. nt denotes the number of

unique 10 minute points in a given month (e.g., nt = 4464 for a 31 day month). The optimization is carried out in R using the350

optim function with the Broyden–Fletcher–Goldfarb–Shanno (BFGS) algorithm.

As multivariate optimisation routines can be sensitive to starting values, initial values for the spatial range and variance

parameters were chosen based on estimates reported in previous studies of Irish wind speeds (Organ et al., 2026). Fixed effect

coefficients were initialised using ordinary least squares estimates.

Once optimal hyperparameters are obtained from the BFGS algorithm, the posterior mean and variance of the wind speed at355

wind farm locations can be derived. Let
√
W denote the vector of observed wind speeds at station locations S, and

√
W ∗ the

20

https://doi.org/10.5194/wes-2026-101
Preprint. Discussion started: 20 July 2026
c© Author(s) 2026. CC BY 4.0 License.



(unobserved) vector of wind speeds at wind farm locations WF . We define the joint covariance matrix of all locations as

C=


 CS,S CS,WF

CWF,S CWF,WF


 ,

where each block C denotes the covariance between locations in sets S and WF .

Then, the conditional (posterior) distribution of
√
W ∗ given

√
W and parameters Θ is given by standard GP results (Rue360

and Held, 2005):

√
W∗ |

√
W,Θ∼N

(
µ∗ +CWF,SC

−1
S,S(

√
W−µ), CWF,WF −CWF,SC

−1
S,SCS,WF

)
.

This posterior distribution provides both predicted hub-height wind speeds and their associated uncertainty at each wind farm

location.

Taken together, the preprocessing, height extrapolation, and spatial interpolation form an end-to-end framework for predict-365

ing turbine hub height wind speeds at unobserved locations. Once trained, the framework can be applied in real time using

only 10 m wind speed and direction observations from meteorological stations. These inputs are first extrapolated to hub height

and then spatially interpolated to target locations, producing turbine-height wind speed predictions without requiring access to

turbine measurements or reanalysis data.

4 Results370

The results are presented in two parts. First, we validate the height extrapolation model (Section 3.2) using a held-out test set

from the reanalysis data. Second, we evaluate the full two-step framework—extrapolation followed by spatial interpolation

(Section 3.3)—against the external validation dataset of hub-height measurements from operational wind farms.

4.1 Accuracy on reanalysis data

We first benchmark the performance of our height extrapolation model against parametric baselines using the NEWA reanalysis375

dataset. The first baseline employs the power law with a constant shear exponent α= 1/7, a common approximation for neutral

atmospheric conditions over smooth terrain (Panofsky and Dutton, 1984). The second baseline is a simplified, temporally

varying α model following Crippa et al. (2021) (Section 3.2), which incorporates diurnal harmonics but omits the temperature

gradient to rely only on predictors available in real-time. These are compared against the GAM proposed in Section 3.2.

A separate height-extrapolation model is fitted for each meteorological station using reanalysis wind speeds extracted from380

the nearest NEWA grid point and statistically downscaled using the Global Wind Atlas, as described in Section 3.1. Predictions

at any given time must rely solely on the 10 m wind observation available at that location as models inputs. This setup ensures

that model evaluation reflects the information constraints present in real-time applications.

All models are trained on 80% of the NEWA reanalysis data and evaluated on the remaining 20% holdout set. The root mean

square error (RMSE) for each approach is presented in Table 2.385
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Model RMSE (m/s)

Power Law (α= 1/7) 2.92

Temporally Varying α 1.53

GAM (Proposed) 1.25
Table 2. Comparison of height extrapolation accuracy on the reanalysis test set.

The results demonstrate that both temporally varying α and our proposed GAM offer substantial improvements over the

constant power law. The proposed GAM provides a further, meaningful increase in accuracy, likely due to its ability to capture

non-linear relationships between the 10 m wind speed and the target height, as well as its incorporation of additional covariates

like wind direction.

4.2 Accuracy at wind farms390

We evaluate the end-to-end performance of our two-step framework using an external test set comprising hub-height wind

speed measurements from seven operational wind farms (Section 2.3). Using one year of 10-minute data, predictions are gen-

erated exclusively from publicly available datasets and the proposed modelling framework. For comparison, we also generate

predictions from the ERA5 reanalysis dataset, a commonly used benchmark in renewable energy applications (Olauson, 2018;

Doddy Clarke et al., 2021).395

ERA5 is provided at hourly temporal resolution, whereas both the wind farm observations and the proposed framework

operate at a 10-minute resolution. To enable a comparison at this finer time scale, wind speeds at 10 m and 100 m were

extracted from the nearest ERA5 grid point to each wind farm location. The resulting hourly time series were then linearly

interpolated to a 10-minute resolution to align with the wind farm data. This interpolation does not introduce additional physical

information, but represents a simple baseline approach for deriving sub-hourly wind speeds from an hourly reanalysis product.400

A site-specific power-law relationship was subsequently applied at each time point to estimate wind speeds at the actual turbine

hub height.

Predicted wind speeds are evaluated against two validation observations defined in Section 2.3: the maximum observed wind

speed (a proxy for the unobstructed free-stream wind) and the farm average wind speed (which incorporates wake effects). As

our model predicts the free-stream wind, its predictions are systematically higher than the farm average. To account for this and405

to facilitate comparisons, we apply simple empirical wake loss adjustments to predicted wind speed of 10%, 15%, and 20%,

reflecting typical values reported in the literature (González-Longatt et al., 2012; Pryor and Barthelmie, 2024; Adaramola and

Krogstad, 2011).

The results are summarised in Tables 3 and 5, which evaluate model performance against two validation metrics.

Table 3 compares predicted wind speeds against the maximum observed wind speed at each farm, which serves as a proxy410

for the unobstructed wind speed. Under this metric, the proposed model achieves both a lower root mean squared error (RMSE)

and a substantially smaller mean residual (bias) than the ERA5 benchmark, indicating improved accuracy and reduced system-
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atic error in estimating unobstructed hub-height wind speeds. This suggests that combining data-driven height extrapolation

with spatial interpolation better captures local wind regimes than relying on coarse-grid reanalysis products alone, even when

evaluated at hub height.415

To assess whether this improvement is consistent across locations, Table 4 reports model performance at each individual

wind farm. The proposed model achieves lower RMSE than ERA5 at three out of seven wind farms, with particularly large

improvements observed at WF3 and WF6. While ERA5 performs well at several individual sites, its errors are notably larger

at others, resulting in higher overall variability in performance across locations. In contrast, the proposed framework provides

more stable predictions across sites, particularly in terms of bias, leading to improved aggregated accuracy.420

While ERA5 exhibits marginally higher correlation at most individual sites, pooled correlation values across all wind farms

are similar for both models. This arises because the pooled correlation reflects both temporal variability within sites and spatial

variability between sites. The proposed framework improves representation of site-to-site variability, which offsets its slightly

weaker within-site temporal correlation when evaluated across all locations.

Table 5 compares predictions against the farm-average wind speed, which reflects the combined effects of turbine wakes and425

local flow interactions. As the proposed framework predicts unobstructed wind speeds, the unadjusted model overestimates

wind speeds and exhibits elevated RMSE when evaluated against farm average observations. However, after applying simple

empirical wake-loss adjustments, the agreement improves substantially. In particular, the 15% wake-loss adjustment yields

the lowest RMSE and a mean residual close to zero, indicating stronger agreement with observed farm average wind speeds.

Correlation coefficients are unchanged by the wake loss adjustment, as the adjustment corresponds to a linear scaling of the430

predicted wind speeds, which does not affect correlation. The sensitivity analysis across multiple wake-loss values demonstrates

that modest wake corrections are sufficient to align raw predictions with farm level averages.

Model RMSE (m/s) Mean Bias (m/s) Correlation

Proposed Model 1.90 -0.50 0.86

ERA5 2.14 1.18 0.86
Table 3. Prediction accuracy aggregated across all seven wind farms, evaluated against the maximum observed wind speed at each farm

(proxy for unobstructed free-stream wind speeds). Mean bias is defined as observed minus predicted, so positive values indicate underpre-

diction and negative values indicate overprediction.

While predictive accuracy is comparable to or better than ERA5 under both validation metrics, the proposed framework ad-

ditionally provides full predictive uncertainty, combining uncertainty from both height extrapolation and spatial interpolation.

Figure 13 visualizes predicted hub-height wind speeds and 95% prediction intervals at four sample wind farms over a five435

day period. The prediction closely follows the observed temporal trends, as well as rapid wind ramps. Observed wind speeds

generally fall within the predicted uncertainty bounds, indicating that uncertainty estimates are well calibrated. Differences

between the farm average and maximum observed wind speeds are also illustrated, consistent with the presence of wake

effects within the farms.
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Figure 13. Predicted and observed wind speeds at four wind farms over the first four days of the year (values have been standardised for data

privacy). Shaded regions denote the 95% prediction interval. In each panel, the average wind speed is shown in blue and the maximum wind

speed in black. Periods with missing turbine observations are also visible.
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RMSE (m/s) Bias (m/s) Corr.

Farm Proposed ERA5 Proposed ERA5 Proposed ERA5

WF1 1.97 2.20 0.31 1.27 0.87 0.89

WF2 1.89 1.4 -0.85 0.30 0.88 0.90

WF3 1.84 3.01 0.20 2.57 0.86 0.90

WF4 1.98 1.86 -0.52 -0.18 0.85 0.86

WF5 1.73 1.63 -0.1 1.09 0.88 0.92

WF6 1.78 2.44 -0.25 1.92 0.88 0.92

WF7 2.08 2.00 -0.97 1.33 0.84 0.87
Table 4. Prediction accuracy at each individual wind farm, evaluated against the maximum observed wind speed (proxy for unobstructed

wind speed). Mean bias is defined as observed minus predicted, so positive values indicate underprediction and negative values indicate

overprediction.

Model RMSE (m/s) Mean Bias (m/s) Correlation

Proposed Model (Unadjusted) 2.01 -1.13 0.86

ERA5 1.72 0.38 0.86

Proposed Model (10% Wake Loss) 1.70 -0.29 0.86

Proposed Model (15% Wake Loss) 1.62 0.14 0.86

Proposed Model (20% Wake Loss) 1.67 0.56 0.86
Table 5. Prediction accuracy aggregated across all seven wind farms, evaluated against the average observed wind speed at each farm.

Finally, we validate our uncertainty quantification by examining the empirical coverage of our prediction intervals (Table 6),440

which calculates what percentage of true values are contained within a given confidence interval. The 80% and 95% intervals

show coverage of 85% and 96.6%, respectively, indicating that the estimated variance is slightly too high but well-calibrated.

Prediction Interval Empirical Coverage

80% 85.0%

95% 96.6%
Table 6. Empirical coverage of the prediction intervals at wind farms of our proposed model, demonstrating well-calibrated uncertainty

quantification. These values are calculated using the maximum observed wind speed at all 7 validation sites, at each 10-minute time point

over the full year.
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5 Conclusions

This paper presented a two-step statistical framework to predict wind speeds at turbine hub heights using publicly available

meteorological data from separate locations. By combining a non-parametric height extrapolation model with a spatial Gaussian445

Process, our approach produces high-resolution wind speed estimates at wind farm locations. When validated against seven

onshore wind farms in Ireland, our model achieves comparable accuracy to ERA5 while being available in near real-time,

demonstrating its suitability for operational use.

Given the open-access nature of the input data and prediction framework, this could be used as a tool alongside reanalysis

data for preliminary site selection. Open-access wind resource tools can be important for smaller scale community energy450

groups who don’t have the up front investment for extensive site surveys (Araveti et al., 2022). The framework provides a valu-

able tool for short-term wind monitoring and real-time decision-making. Unlike ERA5, which is available with a 5-day delay,

our approach can deliver immediate estimates, enabling grid operators to adjust reserve capacity or optimize dispatch sched-

ules (Wang et al., 2016). In addition, the framework generates continuous 10-minute resolution time series at any prospective

wind farm location, enabling both real-time monitoring and retrospective analysis at spatial scales not directly available from455

reanalysis products. The provision of uncertainty estimates at each site further allows stakeholders to quantify the confidence

in predictions and integrate probabilistic forecasts into operational planning, which is crucial for managing variability in wind

generation.

Our model is sensitive to the choice of height extrapolation and the underlying reanalysis dataset. Non-parametric methods

such as the Generalized Additive Model (GAM) used here allow flexibility in capturing local wind profiles, but performance460

may vary in regions with complex terrain, high forest cover, or limited data coverage. The use of reanalysis datasets inherently

smooths local variability, which can under-represent extreme or highly localized wind events. Future work could explore the

fusion of multiple reanalysis products or satellite-derived wind estimates to enhance model robustness (Gruber et al., 2022;

Dörenkämper et al., 2020).

While we focus on a two step approach, a joint multivariate model of wind speeds across multiple heights is conceivable. This465

strategy is impractical for our use case because (i) no hub-height data are available for conditioning the model during applica-

tion, and (ii) hub heights vary between farms, complicating a unified approach. However for practitioners who have access to

both meteorological station and hub-height observations, a multivariate approach, such as a coregionalisation model(Krainski

et al., 2018), or multi-output GP could be employed (Alvarez and Lawrence, 2008).

Another limitation lies in the treatment of wake effects within wind farms. While we apply empirical reduction factors to470

account for speed losses at downwind turbines, more detailed modelling could incorporate turbine layouts and computational

fluid dynamics (CFD) simulations (González-Longatt et al., 2012; Pryor and Barthelmie, 2024). Such refinements would be

particularly relevant when the model is applied to forecast farm-level energy output or turbine loads.

Beyond onshore applications, the proposed framework is naturally extendable to offshore wind estimation, where obser-

vational networks are typically much sparser and direct hub-height measurements are rarely available. In this setting, the475

10 m reference observations used in the first stage of the framework could be supplied by offshore weather buoys, coastal
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meteorological stations, satellite-derived surface winds, or numerical weather prediction products. For example, Advanced

Scatterometer (ASCAT) products provide near-real-time offshore wind estimates at approximately 10 m above sea level and

have previously been evaluated in Irish waters (Remmers et al., 2019). Since such products do not directly provide turbine

hub-height winds, they could be used as inputs to the height-extrapolation stage of the proposed framework, with the resulting480

hub-height estimates then spatially interpolated to offshore wind farm locations.

However, a rigorous offshore application would require additional validation data, such as offshore meteorological masts,

floating LiDAR measurements, or operational offshore wind farm observations at hub height. These data were not available for

the present study, which is therefore restricted to validation at onshore wind farms. The offshore extension should consequently

be viewed as a promising application of the modelling framework rather than a demonstrated result. In particular, offshore485

conditions may require re-training or recalibration of the height-extrapolation model, since vertical wind profiles over sea

differ from those over land due to differences in surface roughness, atmospheric stability, and boundary-layer structure. Future

work could therefore combine buoy, ASCAT, and numerical weather prediction inputs with offshore hub-height validation

data to assess whether the same two-stage strategy can provide real-time, sub-hourly wind-speed estimates for offshore wind

resource assessment and short-term operational monitoring.490

Combining our statistical framework with numerical weather prediction (NWP) outputs may further improve sub-hourly

forecasting, addressing a key limitation of traditional NWP models, which typically provide data at 10 m heights (Olauson,

2018; Gualtieri, 2019).

From a practical perspective, this framework could reduce reliance on expensive on-site wind measurements for preliminary

assessments. Traditional wind resource assessments require extended campaigns, often costing tens of thousands of euros per495

site (Teagasc, 2020), whereas our approach leverages open-access datasets to provide rapid, high-resolution estimates. This

has clear implications for project development, investment decisions, and grid management, particularly when considering

multiple candidate sites or monitoring operating wind farms in real time.

In summary, our two-step approach enables high-resolution, real-time predictions of turbine-height wind speeds from pub-

licly available data, with quantified uncertainty. While the method performs comparably to ERA5 in an Irish context, future500

work should focus on improving wake effect modelling, exploring multi-source data fusion, and extending the framework to

offshore applications to maximize its practical impact.

Code and data availability. Reanalysis and meteorological station data is publicly available. Data from the Global Wind Atlas can be down-

loaded at https://globalwindatlas.info. Data from the New European Wind Atlas can be downloaded at www.neweuropeanwindatlas.eu. ERA5

data is available at cds.climate.copernicus.eu. Meteorological station is maintained by Met Éireann, the Irish national meteorological service.505

Historical data is available at www.met.ie/climate/available-data/historical-data. The validation dataset was shared by an industry partner and

is not publicly available. Code for final models and data processing will be available at: https://github.com/EamonnO22.

27

https://doi.org/10.5194/wes-2026-101
Preprint. Discussion started: 20 July 2026
c© Author(s) 2026. CC BY 4.0 License.



Author contributions. All authors contributed to concept development, writing and editing. EO led core research tasks including model

development, software development, testing and benchmarking. MU, DA, LB and JS contributed to problem formulation, metrics, and

statistical design.510

Competing interests. The authors do not have competing interests to report.

Acknowledgements. This publication has emanated from research supported in part by a grant from Taighde Éireann – Research Ireland

under Grant number 18/CRT/6049. This publication has emanated from research conducted with the financial support of the EU Commission

Recovery and Resilience Facility under the Research Ireland Energy Innovation Challenge Grant Number 22/NCF/EI/11162G. This work was

partially supported by the “PHC ULYSSES” program (project number: 50252NC ), funded by the French Ministry for Europe and Foreign515

Affairs, the French Ministry for Higher Education and Research, Taighde Eireann – Research Ireland. The French authors also acknowledge

the financial support of the Chair Geolearning, funded by ANDRA, BNP Paribas, CCR and the SCOR Foundation for Science.

Data obtained from the Global Wind Atlas version 4.0, a free, web-based application developed, owned and operated by the Technical

University of Denmark (DTU). The Global Wind Atlas version 4.0 is released in partnership with the World Bank Group, utilizing data

provided by Vortex, using funding provided by the Energy Sector Management Assistance Program (ESMAP). For additional information:520

https://globalwindatlas.info

Data is also obtained from the New European Wind Atlas, a free, web-based application developed, owned and operated by the NEWA

Consortium. For additional information see www.neweuropeanwindatlas.eu
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