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Abstract 

This work assesses the performance of different spatial interpolation methods (inverse 

distance weighting/IDW family, nearest neighbour, linear interpolation, natural neigh-

bour, and spherical kriging) for the preliminary wind energy assessment and the estima-

tion of wind speed and direction from numerical models that constitute key factors in 

early-stage feasibility studies for offshore wind farm (OWF) development. Using the 

CERRA reanalysis dataset over the Mediterranean Sea, long-term measurements from 31 

buoys have been used as ground truth data, and the methods’ performance was evaluated 

through multiple statistical metrics and a weighted aggregated performance metric 

(WAPM). To ensure statistically robust comparisons, the non-parametric Friedman and 

Nemenyi tests were applied, along with the Aligned Rank Transform ANOVA to examine 

interactions between performance and distance from shore. The numerical results suggest 

that for wind power density and energy production, inverse distance weighted regression 

(IDW-R) and natural neighbour perform better than the rest of the interpolation methods 

and should be considered for assessing wind energy characteristics of candidate areas for 

OWF development. The same methods perform best for wind speed interpolation, while 

IDW-R and IDW0 (mean of four) perform best for wind direction. One of the most im-

portant advantages of the IDW-R is that it reduces local bias and improves accuracy due 

to the embedded linear regression framework, while its interpolation quality is superior 

when the available data points are limited. Overall, the numerical results clearly suggest 

that the selection of an appropriate interpolation method can significantly reduce errors 

in the preliminary estimation of the available wind power and projected offshore energy 

production. 

Keywords: offshore wind energy; spatial interpolation methods; CERRA dataset;  

Mediterranean Sea; aligned rank transform; Friedman and Nemenyi post hoc test; wind 

speed and direction 

 

1. Introduction 

Interpolation techniques play an important role in practical applications encountered 

in Oceanography, Marine renewable energy, Climatology, Meteorology, Hydrology, En-

vironmental Monitoring/Remote Sensing, Geography, etc. Interpolation can be applied in 

the temporal domain (temporal interpolation) or the spatial domain (spatial 
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interpolation). A general introduction to spatio-temporal statistical analysis is provided 

in [1]. Temporal interpolation aims to estimate values of a variable at time points where 

no observations are available. This requires a time series from which missing values can 

be derived using the chosen interpolation method. 

The focus of this work is on spatial interpolation methods, which aim to estimate 

values of the variable of interest (offshore wind energy characteristics, wind speed and 

direction), at locations where no observations are available. Apart from wind energy as-

sessment, interpolation of wind speed and direction has numerous applications in clima-

tology, oceanography, pollutant transport, and agriculture, see [2]. Spatial interpolation 

methods can be broadly classified as deterministic, geostatistical (or stochastic), and hy-

brid [3–5]. Deterministic methods include nearest-neighbour interpolation, inverse dis-

tance weighting (IDW) techniques, splines, and others. Geostatistical methods mainly en-

compass kriging and Gaussian process regression, while hybrid methods consist in com-

binations of these approaches. 

Onshore wind speed interpolation, especially over complex topography and hetero-

geneous land cover, presents significant challenges. For offshore areas interpolation may 

appear simpler at first, but no consensus exists, as the presence of and the distance from 

shoreline may introduce additional complexities. Despite the importance of wind speed 

interpolation in offshore wind energy applications, since it directly affects power-genera-

tion estimates and the overall feasibility of wind farm projects, to the best of the authors’ 

knowledge, no systematic evaluation has been conducted yet at marine environments 

with diverse spatial characteristics. Consequently, there is a gap in understanding how 

interpolation methods affect offshore wind energy characteristics estimates. 

In studies focused on preliminary wind energy assessments, wind data typically 

originate from atmospheric reanalysis products. Interpolation techniques are then applied 

to derive wind speed and direction at specific locations within a candidate OWF area, 

permitting the preliminary estimation of wind energy production. In this context, Cellura 

et al. [6] estimated onshore mean wind speeds across Sicily using hourly data from 29 

meteorological stations. The authors compared standard geostatistical approaches with a 

hybrid neural network-based kriging framework, where the latter provided improved 

spatial resolution, particularly in complex terrain. They also concluded that the choice of 

interpolation method can substantially influence wind energy planning accuracy. Guo et 

al. [7] estimated mean wind speed and wind power density by integrating satellite obser-

vations with coastal station measurements using IDW, OK, and Ordinary Cokriging at 10 

m and 100 m heights. They validated the obtained results using eight buoy stations and 

found that ordinary cokriging most frequently provided the highest accuracy. Lee [8] ex-

amined several interpolation techniques to estimate mean annual wind speed distribu-

tions across the continental United States. The author concluded that cokriging and re-

gression kriging were the most suitable interpolation methods. Lin and Li [9] proposed a 

method involving sequence interpolation based on kriging and wind speed probability-

distribution correction to reconstruct local time series. Irfan et al. [10] used wind speed 

measurements from Karachi Airport to estimate winds in the surrounding areas for a 

small-scale wind energy feasibility study. 

Xenitidis et al. [11] applied spatial interpolation using Delaunay triangulation to 

characterize terrain elevation and wind resource at candidate sites for wind farm devel-

opment. The triangulation method enabled the mapping of spatial gradients in wind 

speed and surface roughness, allowing continuous datasets to be partitioned into discrete 

zones for siting evaluation. A two-component Weibull mixture distribution has been fitted 

to hourly wind speed records from 575 Brazilian stations to estimate wind energy density 

in [12]. The IDW method was then used to extrapolate these estimates to unsampled areas, 

producing a comprehensive national wind energy potential map. Soto Sagredo et al. [13] 
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evaluated a LIDAR system for reconstructing the longitudinal wind speeds across the ro-

tor disc. The authors mapped the spatial wind field under different sampling configura-

tions using IDW, and they found that this combination improved reconstruction accuracy 

by roughly 60%, and improved rotor wind speed estimates by about 30% compared to a 

simple rotor plane averaging. 

Chen et al. [14] assessed several interpolation methods (IDW, local polynomial inter-

polation, radial basis functions, OK, and cokriging) to evaluate their Wind Speed Dynamic 

Time Warping algorithm, seeking to reduce spatial dependence in wind speed fields. Elias 

et al. [15] reviewed kriging and IDW methods for wind energy assessment in Malaysia, 

and González-Longatt et al. [16] mapped Venezuela’s wind resources using spatial inter-

polation. Meng et al. [17] developed a refined method for offshore wind-resource assess-

ment by testing linear, cubic, and bicubic interpolation to spatially enrich ERA5 wind data. 

Using offshore stations in the South China Sea for validation, they found that cubic inter-

polation provided the lowest bias and RMSE, reducing wind speed errors by about 26%. 

Radić et al. [18] performed a detailed case study in Split, Dalmatia County. They com-

pared natural neighbour, IDW, kriging, and OK for interpolating wind speed and direc-

tion under varying topographic and coastal features. Using 28 weather stations, they de-

fined two experimental setups: one where target stations were surrounded by known 

measurements, and another with more challenging terrain. OK consistently provided the 

lowest RMSE, but all methods exhibited increased errors during strong Bora wind events. 

Additional relevant applications can be found in [18–22]. For a broader discussion of in-

terpolation errors in wind energy applications, see the review by Gualtieri [23]. 

However, there is also a rich literature regarding the evaluation of wind speed inter-

polation techniques without direct reference to wind energy applications. For example, 

six interpolation techniques have been compared in [24] for the estimation of onshore 

wind speed, solar radiation, and four additional climate variables, where cokriging pro-

vided the most accurate wind speed estimates. Luo et al. [25] assessed several interpola-

tion methods to map daily mean wind speed in the UK, and they also concluded that 

cokriging performed better. Ali et al. [26] examined five interpolation methods for recon-

structing mean wind fields across Iraq, and they found that IDW was the most accurate 

approach, followed by Ordinary Kriging (OK). Van Ackere et al. [27] evaluated IDW, sim-

ple kriging, and polynomial interpolation methods to derive 10 m onshore wind speed 

maps for Flanders. For this aim, they included a roughness-based exposure correction 

prior to interpolation and found that it improved accuracy when combined with simple 

kriging. 

A modified IDW method for onshore wind speed estimation has been introduced in 

[2]. The results showed that the enhanced method outperformed standard IDW and 

achieved accuracy comparable to OK. Friedland et al. [28] analyzed station data from two 

major European windstorms and applied isotropic and anisotropic OK to generate con-

tinuous surface maps of maximum sustained and peak gust wind speeds. The results in-

dicate that the consideration of anisotropy (for capturing directional wind patterns) im-

proves interpolation accuracy across large and heterogeneous regions. However, predic-

tion errors remain substantially higher in coastal and mountainous areas. Reinhardt and 

Samimi [29] evaluated twelve interpolation methods (including IDW, OK, generalized ad-

ditive models, support vector machines (SVM), neural networks, hybrid techniques, and 

regression kriging) for estimating wind vector components across a mountainous region 

in Central Asia. The results indicate that regression kriging consistently produced the low-

est errors across different pressure levels, followed by several neural network and SVM 

models. Berndt and Haberlandt [30] performed a sensitivity analysis regarding the effects 

of temporal resolution (hourly to daily) and station density on the interpolation perfor-

mance for several climatic variables, including wind speed. They found that the nearest 
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neighbour, IDW, and OK provided reduced interpolation errors with denser station net-

works and coarser temporal aggregation. Kriging generally outperformed deterministic 

approaches, particularly at finer resolutions. Machine learning techniques have been ap-

plied in [31] for the generation of gridded wind speed fields from irregularly distributed 

observations, while Zhao et al. [32] assessed three IDW-based interpolation variants and 

demonstrated that regression trees can effectively correct and improve the outputs of 

these methods. Zheng et al. [33] introduced an enhanced mesh-generation algorithm for 

wind speed estimation. The algorithm uses triangular centre of gravity interpolation com-

bined with incremental insertion to construct high quality Delaunay meshes over complex 

terrain, improving, in this way, mesh regularity and reducing interpolation errors. A re-

cent review [34] summarizes current machine learning and statistical approaches for esti-

mating wind speed at partially sampled and unsampled onshore and offshore sites. Fi-

nally, Omoyele et al. [35] reviewed downscaling techniques for wind speed aimed at en-

hancing the temporal resolution of reanalysis gridded datasets. 

In this study, several interpolation techniques are evaluated across a wide spatial 

domain. In situ measurements from 31 buoys located at varying distances from shore 

across the Mediterranean basin serve as ground truth data. The interpolation methods are 

applied to spatially and temporally collocated CERRA wind data, and their performance 

is assessed using multiple evaluation metrics as well as a single weighted aggregated per-

formance metric (WAPM). The key application of this work is the assessment of the effects 

of interpolation methods on the preliminary estimation of offshore wind potential and 

energy production, which are critical components of feasibility studies for OWF develop-

ment [36–38]. The effect of distance from shore on the numerical results is also considered. 

It should be emphasized though, that the present analysis and the obtained results refer 

to the Mediterranean basin. Applying the same framework to different areas with diverse 

climatological or mesoscale characteristics, would check how broadly the findings are 

generally valid for marine wind energy data. 

Overall, the main objectives of this study are 

1. Estimation of wind speed and direction using the examined interpolation ap-

proaches. 

2. Identification of the most suitable interpolation method for wind power density and 

wind energy production estimation based on (i) the WAPM and (ii) some frequently 

used evaluation metrics. 

3. Assessment of interpolation method performance considering distance from shore. 

The structure of this work is as follows: Section 2 presents the theoretical background, 

including the interpolation methods, the statistical evaluation metrics, and the relevant 

theoretical approaches for assessing these methods. Section 3 describes the wind data 

used in this study, and Section 4 presents the obtained numerical results. The last section 

summarizes the main conclusions. 

2. Theoretical Background and Methodology 

The interpolation methods analytically examined in this study include: (1) the inverse 

distance weighting (IDW) family and several of its variants (six methods in total); (2) near-

est neighbour interpolation; (3) Delaunay-based linear interpolation; (4) natural neigh-

bour interpolation; and (5) spherical kriging. In total, ten interpolation approaches are 

evaluated firstly for wind speed and wind direction and then for wind power density and 

wind energy production estimation. For wind direction, the methods are applied to the 𝑢 

and 𝑣  wind speed components, and the interpolated wind speed components 𝑢𝑀
∗ , 𝑣𝑀

∗  

can be then used for obtaining the (interpolated) wind direction as follows: 
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𝛩𝑀
∗ = 𝑚𝑜𝑑 (180 + atan2(𝑢𝑀

∗ , 𝑣𝑀
∗ )
180

𝜋
, 360 ), (1) 

where 𝛩𝑀
∗  is the interpolated model wind direction in degrees clockwise from North. All 

interpolation methods are applied in a 2D horizontal space according to the CERRA 

model resolution over the Mediterranean. Also, all methods are performed within the area 

of the modelled grid points, so no added extrapolation is performed beyond the spatial 

coverage of the model’ s dataset. Additionally, none of the selected CERRA grid points lie 

over land at any of the examined buoy locations, as CERRA, due to its high spatial reso-

lution, has a vast grid of available points for selection. 

2.1. Interpolation Methods 

The first four interpolation methodologies are inverse distance weighting (IDW) with 

the power of 0, 2, 3 and 4 (IDW0, IDW2, IDW3, IDW4), respectively. IDW is performed by 

calculating the Euclidean distance between the buoy coordinates and all available model 

grid points. The four nearest grid points to each buoy are selected, and the model wind 

speed at the buoy location is estimated as the weighted average of the wind speeds from 

these grid points, i.e., 

𝑊𝑀
∗ =

∑ (
𝑊𝑀𝑖

𝑑𝑀𝑖
𝑝 )4

𝑖=1

∑ (
1

𝑑𝑀𝑖
𝑝 )

4
𝑖=1

, 𝑝 = 0, 2, 3, 4, (2) 

𝑢𝑀
∗ =

∑ (
𝑢𝑀𝑖
𝑑𝑀𝑖
𝑝 )

4
𝑖=1

∑ (
1

𝑑𝑀𝑖
𝑝 )

4
𝑖=1

, 𝑣𝑀
∗ =

∑ (
𝑣𝑀𝑖
𝑑𝑀𝑖
𝑝 )

4
𝑖=1

∑ (
1

𝑑𝑀𝑖
𝑝 )

4
𝑖=1

, 𝑝 = 0, 2, 3, 4, (3) 

where 𝑊𝑀
∗  is the weighted average (interpolated) wind speed, 𝑊𝑀𝑖

  is the model wind 

speed at the 𝑖-th nearest grid point, 𝑢𝑀
∗  and 𝑣𝑀

∗  are the weighted average 𝑢 and 𝑣 com-

ponents of wind speed respectively, 𝑢𝑀𝑖 and 𝑣𝑀𝑖 are the model’s 𝑢 and 𝑣 components 

of wind speed at the 𝑖-th nearest grid point respectively, and 𝑑𝑀𝑖 is the distance between 

the buoy and the 𝑖-th grid point of the model. For 𝑝 = 2 and 𝑝 = 3, the squared and cu-

bic distance is considered, respectively, while for 𝑝 = 0, the above expressions provide 

the classic mean of the four nearest grid points to the buoy location. These values were 

selected based on standard practices in spatial interpolation literature, while 𝑝 = 2 is the 

most common default [8,39,40]; including the simple mean 𝑝 = 0 and 𝑝 = 3, 𝑝 = 4 al-

lows the study to evaluate how different rates of distance decay affect wind speed accu-

racy [41]. See also [42,43] for a detailed account of several variants of the IDW method. 

An improvement of the IDW method (called adaptive IDW, IDW-A) has been sug-

gested in [44]. IDW-A dynamically adapts the weighting function according to the spatial 

configuration of the input data, thereby accounting for clustering effects and avoiding 

overexposure of closely located stations. Instead of a fixed power parameter, the method 

introduces a distance decay function based on the standard deviation of the distances 

from the interpolation point of the buoy to its nearest observations. Specifically, for each 

interpolation point, the adaptive weight 𝑤𝑖  assigned to the 𝑖 − th observation is com-

puted as 

𝑤𝑖 = exp−(
𝑑𝑖
𝜎𝑑
)
2

, (4) 
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where 𝜎𝑑  is the standard deviation of the distances 𝑑𝑖  from the buoy’s location to its 

neighbours. The interpolated wind speed 𝑊𝑀
∗  is then provided as 

𝑊𝑀
∗ =

∑ 𝑤𝑖 ∙ 𝑊𝑀𝑖
𝑛
𝑖=1

∑ 𝑤𝑖
𝑛
𝑖=1

. (5) 

This formulation ensures smoother transitions and mitigates the overfitting effects of 

fixed power IDW schemes in areas of dense data. For wind direction, the same weights 

𝑤𝑖 are applied to the vector components 𝑢𝑀 and 𝑣𝑀. 

Inverse distance weighted regression (called hereafter IDW-R) [45] is another en-

hancement of the classical IDW, which incorporates a linear regression framework to re-

duce local bias and improve accuracy. Instead of assigning weights based directly on the 

inverse distance between the interpolation point and known data locations, IDW-R fits a 

local linear model where the predictors include a constant term and the inverse distances 

themselves. The authors analyzed the performance of the proposed method against the 

classical IDW method, showing clear improvements in accuracy and smoothness across 

diverse datasets. The study demonstrated that IDW-R formulation produces more stable 

and accurate interpolations, especially for irregularly distributed data points. 

Let 𝑑𝑖 denote the distance between the buoy and the 𝑖 −th observed point. The in-

terpolated wind speed 𝑊𝑀
∗  is constructed as follows: 

𝑊𝑀
∗ = 𝛽0 + 𝛽1 ∙ (

1

𝑑̅
), (6) 

where 𝑑̅ is the average of the four nearest distances. The regression parameters 𝛽0 and 

𝛽1 are estimated via weighted least squares: 

𝐷 = 𝑑𝑖𝑎𝑔 (
1

𝑑1
,
1

𝑑2
, … ,

1

𝑑𝑛
) , 𝑋 =

[
 
 
 
 1

1

𝑑1
⋮ ⋮

1
1

𝑑𝑛]
 
 
 
 

,𝑊 = [
𝑊1

⋮
𝑊𝑛

], (7) 

and 

𝜷 = (𝑋𝑇𝐷𝑋)−1𝑋𝑇𝐷𝑊. (8) 

For wind direction, IDW-R is applied to the vector components 𝑢𝑀  and 𝑣𝑀 , fol-

lowed by weighted reconstruction of the interpolated direction based on inverse dis-

tances. This approach allows the model to account for both the average influence of neigh-

bouring observations and their relative spatial proximity. For applications of the IDW 

family of methods see refs. [13,44–50]. 

In the nearest neighbour method, the model’s wind speed is taken directly from the 

closest grid point, i.e., 

𝑊𝑀
∗ = 𝑊𝑀(1)

, 𝑢𝑀
∗ = 𝑢𝑀(1) , 𝑣𝑀

∗ = 𝑣𝑀(1) , (9) 

where 𝑊𝑀(1)
 , 𝑢𝑀(1)  and 𝑣𝑀(1)  are the wind speed and components 𝑢  and 𝑣  of wind 

speed at the nearest model grid point to the buoy, see also [51]. 

In the Delaunay-based linear interpolation, triangulated weights are used for spatial 

interpolation, [52–54]. The weights are derived from the points around the buoy location. 

Let 𝑃𝑖 = (𝑥𝑖 , 𝑦𝑖) ∈ 𝑅
2  for 𝑖 = 1, 2, … , 𝑁 , be the model’s grid point coordinates and 𝑊𝑀𝑖

 

the model wind speeds at those sites. A Delaunay triangulation 𝑇  is first built on 

{(𝑥𝑖 , 𝑦𝑖)}. For any query point (𝑥, 𝑦) lying inside a triangle △ 𝑃1𝑃2𝑃3 ∈  𝑇 with vertex in-

dices (𝑖1, 𝑖2, 𝑖3), its barycentric coordinates (𝜆1, 𝜆2, 𝜆3) referring to the triangle △ 𝑃1𝑃2𝑃3 ∈

 𝑇 satisfy 
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𝜆1 + 𝜆2 + 𝜆3 = 1, 𝜆𝑘 ≥ 0, 𝑘 = 1, 2, 3, (10) 

and are determined uniquely by the triangle’s geometry through partition of unity. The 

linear interpolant at (𝑥, 𝑦) is the weight sum with the barycentric weights 𝜆𝑘. The coor-

dinates 𝜆𝑘 are defined via the area ratios of sub-triangles formed by (𝑥, 𝑦) and the edges 

of the triangle 𝑇, i.e., 

𝜆1 = 
𝐴𝑃(𝑥,𝑦)𝑃2𝑃3

𝐴𝑇
, 𝜆2 = 

𝐴𝑃(𝑥,𝑦)𝑃3𝑃1

𝐴𝑇
, 𝜆3 = 

𝐴𝑃(𝑥,𝑦)𝑃1𝑃2

𝐴𝑇
, (11) 

where 𝐴𝑇 is the area of triangle 𝑇, and each subarea is computed by the following for-

mula: 

𝐴𝑃𝑄𝑅 =
1

2
|

𝑥𝑃 𝑦𝑃 1
𝑥𝑄 𝑦𝑄 1

𝑥𝑅 𝑦𝑅 1
|, (12) 

where 𝑃, 𝑄 and 𝑅 are the points of the triangle. These result to the following scalar for-

mula for wind speed data: 

𝑊𝑀
∗ (𝑥, 𝑦) =  𝜆1𝑊𝑀𝑖1

+ 𝜆2𝑊𝑀𝑖2
+ 𝜆3𝑊𝑀𝑖3

, (13) 

whereas for wind direction, each vertex of the triangle is associated with the 𝑢𝑀 and 𝑣𝑀 

components. After interpolating these components using the same barycentric weights, 

𝑢𝑀
∗ =∑𝜆𝑘𝑢𝑀𝑖𝑘

3

𝑖=1

, 𝑢𝑀
∗ =∑𝜆𝑘𝑣𝑀𝑖𝑘

3

𝑖=1

, (14) 

the wind direction is reconstructed using Equation (1). For more details see [55]. 

Natural neighbour (Voronoi/Sibson) interpolation is another method similar to linear 

interpolation, but now the Voronoi diagram around the location of the buoy is used to 

define weights based on shared Voronoi regions rather than distances or barycentric ge-

ometry, see [18,56]. Let 𝑉 = {𝑉𝑖} be the Voronoi diagram generated from the set of known 

sites 𝑃𝑖 = (𝑥𝑖 , 𝑦𝑖) ∈ 𝑅
2 for 𝑖 = 1, 2,… , 𝑁, where each cell 𝑉𝑖 contains all points closer to 𝑃𝑖 

rather than any other 𝑃𝑗, i.e., 

𝑉𝑖 = {𝑞 ∈ 𝑅
2: ‖𝑞 − 𝑃𝑖‖ ≤ ‖𝑞 − 𝑃𝑗‖, ∀𝑗 ≠ 𝑖}, (15) 

where the query point 𝑞 = (𝑥, 𝑦) (e.g., the buoy location) is not originally in the set {𝑃𝑖}. 

The Voronoi diagram that results when 𝑞 is inserted into the original dataset is defined 

as 𝑉′ = {𝑉𝑖
′} ∪ {𝑉𝑞}. Then, for each natural neighbour 𝑃𝑖, meaning each original site whose 

cell 𝑉𝑖 shares a boundary with the new cell 𝑉𝑞, the Sibson weight 𝑤𝑖(𝑞) is defined as the 

overlapping area between 𝑉𝑞 and 𝑉𝑖: 

𝑤𝑖(𝑞) =
𝐴𝑖(𝑞)

∑ 𝐴𝑗(𝑞)𝑗∈𝑁(𝑞)
, 𝐴𝑖(𝑞) = area(𝑉𝑞 ∩ 𝑉𝑖), (16) 

where 𝑁(𝑞) ⊆ { 𝑖 = 1, 2, … , 𝑁}  is the set of natural neighbours of 𝑞 . The interpolated 

value of wind speed at the buoy’s location, is given by the following formulae: 

𝑊𝑀
∗ (𝑞) = ∑ 𝑤𝑖(𝑞)𝑊𝑀𝑖

𝑖∈𝑁(𝑞)

, with∑𝑤𝑖(𝑞)

𝑖

= 1, (17) 

𝑢𝑀
∗ (𝑞) = ∑ 𝑤𝑖(𝑞)𝑢𝑀𝑖

𝑖∈𝑁(𝑞)

, and 𝑣𝑀
∗ (𝑞) = ∑ 𝑤𝑖(𝑞)𝑣𝑀𝑖

𝑖∈𝑁(𝑞)

. (18) 

Note that the linear interpolation method ensures 𝐶0 continuity of the interpolated 

surface, while natural neighbour interpolation provides 𝐶1 continuity and offers higher 
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smoothness across Voronoi cell boundaries, except at the data sites themselves. See also 

[57]. 

An advanced geostatistical (stochastic) interpolation method used in this study is 

kriging, which explicitly exploits the spatial structure embedded in observational data to 

produce optimal and unbiased estimates. Its strength lies in the fact that rather than rely-

ing only on distance decay, as in IDW, it uses a modelled semivariogram to tailor weights 

that minimize the estimation error variance. The OK variant is among the most widely 

used in environmental and geoscientific applications, including meteorology and clima-

tology. In this work, the OK is applied to interpolate both wind speed and wind direction. 

OK assumes an unknown, yet locally constant mean and stationarity of increments, and 

it determines weights that, firstly, sum to one and, secondly, minimize the estimation 

mean square error given a fitted variogram. In practice, we specify a theoretical semivari-

ogram, estimate its parameters from the data, and solve the OK linear system to obtain 

the interpolant at the target point. Other studies of atmospheric or climate interpolation 

have used kriging variants for temperature, precipitation, or pressure fields. For example, 

Hofstra et al. [58] compared global and local kriging against other interpolation schemes 

(splines, IDW, natural neighbour) using European climate station data, finding that 

kriging often holds competitive performance in point estimation. Those studies apply 

kriging particularly to scalar fields (e.g., temperature, precipitation). The method is de-

scribed as follows: 

For every buoy 𝑠0 = (𝜆0, 𝜑0) , where 𝜆0  and 𝜑0  denote longitude and latitude re-

spectively, we identify its kriging neighbourhood by preselecting the 𝐾 nearest model 

grid nodes (𝐾 = 100 in our case) by Euclidean distance in longitude, latitude space from 

the static grid {𝑠𝑖 = (𝜆𝑖 , 𝜑𝑖)} for 𝑖 = 1, 2, … , 𝐾, and then require at least a minimum num-

ber of valid neighbours (≥50) to proceed. Given observations 𝑍(𝑠𝑖) at neighbour locations 

{𝑠𝑖} for 𝑖 = 1, 2, … , 𝐾, the OK estimator for the buoy’s point 𝑠0 is 

𝑍̂(𝑠0) =∑𝜆𝑖𝑍(𝑠𝑖)

𝐾

𝑖=1

,∑𝜆𝑖 = 1

𝐾

𝑖=1

, (19) 

where the weights 𝜆 solve the system: 

[
𝛤 1
1𝑇 0

] [
𝜆
𝜇
] = [

𝛾0
1
], (20) 

where 𝛤𝑖𝑗 = 𝛾(ℎ𝑖𝑗)  with ℎ𝑖𝑗 = ‖𝑠𝑖 − 𝑠𝑗‖  and 𝛾0 = [𝛾(ℎ10), … , 𝛾(ℎ𝑛0)]
𝑇  with ℎ𝑖0 = ‖𝑠𝑖 −

𝑠0‖. We use PyKrige’s “OrdinaryKriging” in geographic mode, which supports 2D OK 

with built-in variogram models and geographic coordinates. 

Regarding the variogram models, the semivariogram is a plot of semivariances as a 

function of distances between the observations and is denoted by 𝛾(ℎ) [59]. Taking into 

consideration that wind speed and direction data are regionalized variables, stationary 

spherical and gaussian semivariograms of wind speed and wind direction measurements 

were estimated using the following equation for the spherical semi-variogram: 

𝛾(ℎ) = {
𝐶0 + 𝐶 [

3

2

ℎ

𝑎
−
1

2
(
ℎ

𝑎
)
3

] , 0 ≤ ℎ ≤ 𝑎

 𝐶0 + 𝐶, ℎ > 𝑎

 (21) 

with a finite range 𝑎, beyond which the semivariance equals the sill 𝐶0 + 𝐶, and the fol-

lowing equation for the Gaussian semi-variogram: 

𝛾(ℎ) = 𝐶0 + 𝐶 (1 − exp [−(
ℎ

𝑎
)]
2

), (22) 

which approaches the sill asymptotically. In both semivariograms, 𝐶0 is called a nugget 

that absorbs microscale noise or representativeness error and is the semivariance value at 
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ℎ = 0; 𝐶 is the partial sill, expressing the spatially correlated variance of the wind field; 

and 𝑎 defines the range, i.e., the characteristic distance over which wind speed or direc-

tion values remain correlated. Conceptual definitions of range, sill, and nugget follow 

standard geostatistics. 

At each time step, the scalar wind speed field 𝑊𝑀 to the buoy location is estimated 

using the selected variogram. For wind direction, at each time step the wind directions 

are mapped to the wind speed components (𝑢𝑀, 𝑣𝑀), then OK is performed on each com-

ponent separately, and afterwards the interpolated direction is reconstructed using Equa-

tion (1). This approach ensures that the periodic nature of angles is respected and avoids 

discontinuities. It also provides the wind direction in degrees from 0° to 360°, clockwise 

from the north. The choice of 100 nearest model grid nodes as the kriging neighbourhood 

ensures a statistically significant sample for the semivariogram estimation while main-

taining locality. Given CERRA’s horizontal resolution of 5.5 × 5.5 km, this neighbourhood 

size provides a sufficient spatial context for capturing local wind gradients [60]. Requiring 

a minimum of 50 valid neighbours ensures that the interpolation remains robust even in 

areas close to the selected grid’s edge where data is missing. The use of spherical models 

was dictated by the regionalized nature of wind speed and direction data. These models 

were selected to minimize estimation error variance by explicitly exploiting the spatial 

structure of the CERRA dataset, following standard geostatistical procedures. For appli-

cations of the kriging interpolation method, see refs. [6,18,58–61]. 

2.2. Statistical Metrics 

For the comparison of the derived variables (e.g., wind power density, wind energy 

production, wind speed and direction) with the corresponding model’s interpolated var-

iables, appropriate statistical metrics will be used. Following the suggestions from the ex-

isting literature, the particular metrics for the wind power density and wind energy pro-

duction are the root mean squared error (𝑅𝑀𝑆𝐸), bias (𝑏), Pearson correlation coefficient 

(𝑟), and mean absolute percentage error (𝑀𝐴𝑃𝐸) see refs. [62–67]. For wind speed the met-

rics suggested in different applications are the following: root mean squared error (𝑅𝑀𝑆𝐸), 

bias (𝑏), Pearson correlation coefficient (𝑟), mean absolute error (𝑀𝐴𝐸), relative error of 

means (𝑅𝐸𝑀), scatter index (𝑆𝐼), Hanna–Heinhold indicator (𝐻𝐻), mean absolute scaled 

error (𝑀𝐴𝑆𝐸), Brier score (𝐵𝑆), fractional gross error (𝐹𝐺𝐸), mean fractional bias (𝑀𝐹𝐵), 

refined index of agreement (𝑑𝑟) and Nash–Sutcliffe efficiency (𝑁𝑆𝐸). For wind direction, 

the following circular statistical metrics are used: circular correlation coefficient (𝑟𝐶), the 

directional consistency index (𝐷𝐶𝐼), Hit Rate within ±10° (𝐻𝑅10), root mean square angular 

error (𝑅𝑀𝑆𝐸𝐶), mean absolute angular error (𝑀𝐴𝐸𝐶), and relative angular error (𝑅𝐸𝐶). 

In the following sections, 𝑊𝐵𝑖
 denotes the measured wind speed obtained from the 

buoy, 𝑊𝑀𝑖
 denotes the corresponding wind speed obtained from the CERRA model da-

taset, 𝑊𝐵
̅̅ ̅̅  and 𝑊𝑀

̅̅ ̅̅ ̅ denote the corresponding sample mean values, and 𝑛 is the number 

of paired data points. Moreover, 𝛩𝐵𝑖 denotes the observed wind direction from the buoy 

in degrees, 𝛩𝑀𝑖 denotes the wind direction from the model in degrees, and 𝑛 denotes the 

number of valid (𝑊𝐵𝑖
,𝑊𝑀𝑖

) and (𝛩𝐵𝑖 , 𝛩𝑀𝑖) pairs. 

2.2.1. Statistical Metrics for Linear Characteristics 

The root mean square error (𝑅𝑀𝑆𝐸) is defined as 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(𝑊𝐵𝑖

−𝑊𝑀𝑖
)
2

𝑛

𝑖=1

, (23) 

and provides a measure of the spread of the errors between the observed and modelled 

values. A similar measure as 𝑅𝑀𝑆𝐸 is the mean square error 𝑀𝑆𝐸 =  𝑅𝑀𝑆𝐸2. 
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Bias (or mean bias, 𝑏) is calculated as 

𝑏 =
1

𝑛
∑(𝑊𝐵𝑖

−𝑊𝑀𝑖
)

𝑛

𝑖=1

, (24) 

and represents the mean error between the observed and modelled values. 

The mean absolute error (𝑀𝐴𝐸) is defined as 

𝑀𝐴𝐸 =
1

𝑛
∑|𝑊𝐵𝑖

−𝑊𝑀𝑖
|

𝑛

𝑖=1

, (25) 

and provides the average absolute difference between the observed and model data. 

The (mean) relative error (𝑅𝐸) is defined as follows: 

𝑀𝑅𝐸 =
1

𝑛
∑

𝑊𝑀𝑖
−𝑊𝐵𝑖

𝑊𝐵𝑖

𝑛

𝑖=1

. (26) 

The Pearson correlation coefficient (𝑟) is given by 

𝑟 =
∑ (𝑊𝐵𝑖

−𝑊𝐵
̅̅ ̅̅ )(𝑊𝑀𝑖

−𝑊𝑀
̅̅ ̅̅ ̅)𝑛

𝑖=1

√∑ (𝑊𝐵𝑖
−𝑊𝐵
̅̅ ̅̅ )

2𝑛
𝑖=1 ∑ (𝑊𝑀𝑖

−𝑊𝑀
̅̅ ̅̅ ̅)

2𝑛
𝑖=1

. 
(27) 

The correlation coefficient ranges from −1 to 1, with values close to 1 indicating a 

strong positive linear correlation, while values close to −1 indicate a strong negative linear 

correlation. 

The relative error of means (𝑅𝐸𝑀) is calculated as follows: 

𝑅𝐸𝑀 = 100 ×
𝑊𝐵
̅̅ ̅̅ − 𝑊𝑀

̅̅ ̅̅ ̅

𝑊𝑀
̅̅ ̅̅ ̅

. (28) 

The mean absolute percentage error (𝑀𝐴𝑃𝐸) is defined as follows: 

𝑀𝐴𝑃𝐸 =
100

𝑛
∑|1 −

𝑊𝑀𝑖

𝑊𝐵𝑖

|

𝑛

𝑖=1

. (29) 

The scatter index (𝑆𝐼) is given by the equation 

𝑆𝐼 =
√1
𝑛
∑ (𝑊𝐵𝑖

−𝑊𝑀𝑖
− 𝑏)

2𝑛
𝑖=1

𝑊𝐵
̅̅ ̅̅  

, 
(30) 

and provides a normalized measure of the variability of the errors relative to the mean 

observed value. 

It is, however, not always true that lower values of 𝑅𝑀𝑆𝐸 and 𝑆𝐼 imply a better per-

formance, [39,68]. Therefore, the Hanna and Heinhold indicator will be used [69], which 

is defined as follows: 

𝐻𝐻 =
√∑ (𝑊𝐵𝑖

−𝑊𝑀𝑖
)
2𝑛

𝑖=1

∑ 𝑊𝐵𝑖
𝑊𝑀𝑖

𝑛
𝑖=1

. 
(31) 

𝐻𝐻 is an indicator that combines normalized bias and variance information; values closer 

to zero indicate better model agreement. 

The mean fractional bias 𝑀𝐹𝐵 is defined as follows: 

𝑀𝐹𝐵 =
200

𝑛
∑

𝑊𝑀𝑖
−𝑊𝐵𝑖

𝑊𝐵𝑖
+𝑊𝑀𝑖

𝑛

𝑖=1

. (32) 
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The mean absolute scaled error 𝑀𝐴𝑆𝐸 is dimensionless and symmetric. The refer-

ence score is 𝑀𝐴𝑆𝐸 = 1 , which indicates that the model performs the same as a naive 

forecast, while 𝑀𝐴𝑆𝐸 <  1 indicates that the model performs better than the naive fore-

cast, and 𝑀𝐴𝑆𝐸 >  1 indicates bad performance of the predictions. 𝑀𝐴𝑆𝐸 is given by the 

following equation: 

𝑀𝐴𝑆𝐸 =

1
𝑛
∑ |𝑊𝐵𝑖

−𝑊𝑀𝑖
|𝑛

𝑖=1

1
𝑛 − 1

∑ |𝑊𝐵𝑖
−𝑊𝐵𝑖−1

|𝑛
𝑖=2

 =
𝑀𝐴𝐸

1
𝑛 − 1

∑ |𝑊𝐵𝑖
−𝑊𝐵𝑖−1

|𝑛
𝑖=2

, (33) 

where 𝑊𝐵𝑖−1
 is the measured wind speed obtained from the buoy for the previous step. 

See also [70]. 

Fractional gross error 𝐹𝐺𝐸  is a symmetric, normalized measure of absolute error 

that ranges from 0 (perfect match) to 200%, provides balanced weighting of both overes-

timation and underestimation, and is robust to outliers, [71]. The expression for 𝐹𝐺𝐸 is 

𝐹𝐺𝐸 =
2

𝑛
∑

|𝑊𝑀𝑖
−𝑊𝐵𝑖

|

𝑊𝑀𝑖
+𝑊𝐵𝑖

𝑛

𝑖=1

. (34) 

The range of 𝐹𝐺𝐸 is [0,2]. For applications of 𝐹𝐺𝐸 see ref. [72]. 

The index of agreement 𝑑 is a dimensionless, normalized metric proposed by Will-

mott (1981) [73] that scales between 0 (no agreement) and 1 (perfect agreement) and 

measures accuracy and precision using squared residuals. It considers both the magnitude 

and direction of model errors and is expressed through the following equation: 

𝑑 = 1 − 
∑ |𝑊𝑀𝑖

−𝑊𝐵𝑖
|𝑛

𝑖=1

∑ (|𝑊𝑀𝑖
−𝑊𝐵
̅̅ ̅̅ | + |𝑊𝐵𝑖

−𝑊𝐵
̅̅ ̅̅ |)𝑛

𝑖=1

. (35) 

The refined index of agreement (𝑑𝑟) is an improved variant of the original index, 

designed to reduce sensitivity to outliers while maintaining interpretability and normali-

zation [74]. It refines 𝑑 by a modification on the denominator (potential error) to normal-

ize absolute error, fostering greater robustness across a range of models’ behaviours. 𝑑𝑟 

is estimated as follows: 

𝑑𝑟 =

{
 
 

 
 1 − 

1

𝑐
 
∑ |𝑊𝑀𝑖

−𝑊𝐵𝑖
|𝑛

𝑖=1

∑ |𝑊𝐵𝑖
−𝑊𝐵
̅̅ ̅̅ |𝑛

𝑖=1

, when ∑ |𝑊𝑀𝑖
−𝑊𝐵𝑖

|
𝑛

𝑖=1
≤  𝑐∑ |𝑊𝐵𝑖

−𝑊𝐵
̅̅ ̅̅ |

𝑛

𝑖=1

𝑐
∑ |𝑊𝐵𝑖

−𝑊𝐵
̅̅ ̅̅ |𝑛

𝑖=1

∑ |𝑊𝑀𝑖
−𝑊𝐵𝑖

|𝑛
𝑖=1

− 1, when ∑ |𝑊𝑀𝑖
−𝑊𝐵𝑖

|
𝑛

𝑖=1
>  𝑐∑ |𝑊𝐵𝑖

−𝑊𝐵
̅̅ ̅̅ |

𝑛

𝑖=1
,

 (36) 

where 𝑐 = 2 and 𝑑𝑟 ∈ [−1,1]. In this work, only the refined index of agreement 𝑑𝑟 will 

be used. 

The Nash–Sutcliffe efficiency (𝑁𝑆𝐸) metric [75] is widely used in hydrology and en-

vironmental modelling, as it quantifies how well model predictions replicate observations 

relative to the variance of the observed data. The range of 𝑁𝑆𝐸 is 𝑁𝑆𝐸(−∞, 1]. An 𝑁𝑆𝐸 

value of 1 indicates perfect performance, 0 means that the model performance matches 

the mean of observations, and negative values indicate worse performance. 𝑁𝑆𝐸 is given 

by 

𝑁𝑆𝐸 = 1 − 
∑ (𝑊𝐵𝑖

−𝑊𝑀𝑖
)
2𝑛

𝑖=1

∑ (𝑊𝐵𝑖
−𝑊𝐵
̅̅ ̅̅ )

2𝑛
𝑖=1

. (37) 

Sometimes, the normalized 𝑁𝑆𝐸 is used, which is simply defined as follows: 

𝑁𝑁𝑆𝐸 =
1

2 − 𝑁𝑆𝐸
. (38) 
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Clearly, for 𝑁𝑆𝐸 = 1, 𝑁𝑁𝑆𝐸 =  1, for 𝑁𝑆𝐸 =  0, 𝑁𝑁𝑆𝐸 =  0.5, and for 𝑁𝑆𝐸 = −∞, 

𝑁𝑁𝑆𝐸 =  0. In this way, the potential problems arising with the lower limit of 𝑁𝑆𝐸 (−∞) 

are eliminated. In this work, the normalized Nash–Sutcliffe efficiency will be used. 

Finally, the Brier score 𝐵𝑆 [76], for a threshold value of wind speed 10 m/s and the 

event 𝐵 = [𝑈 > 10], is defined as follows: 

𝐵𝑆 =
1

𝑛
∑ (𝑓𝑖 − 𝑜𝑖)

2
𝑛

𝑖=1
, (39) 

where 𝑓𝑖 is the forecast probability that wind speed is greater than 10 m/s and 𝑜𝑖 is the 

observation indicator, i.e., 

𝑜𝑖 = {

1 if 𝑈𝐵𝑖 > 10

0, if 𝑈𝐵𝑖 ≤ 10.
 (40) 

The threshold of 10 m/s used for the Brier score was selected because it represents a 

significant wind speed level for offshore power generation. As shown in the NREL-6 MW 

power curve (Figure 1), this value is situated near the start of the rated power region 

where energy production sensitivity is high. 

 

Figure 1. The power curve of the NREL-6 MW offshore wind turbine. 

Lower values of 𝑅𝑀𝑆𝐸 , 𝐹𝐺𝐸 , 𝑀𝐴𝑃𝐸 , 𝑀𝐴𝐸 , 𝑆𝐼 , 𝐻𝐻 , 𝑀𝐴𝑆𝐸  indicate better perfor-

mance compared to higher values. The same holds true for the absolute values of 𝑀𝐹𝐵, 

𝑏, 𝑅𝐸𝑀. On the other hand, higher values of 𝑁𝑆𝐸, 𝑑𝑟, and 𝑟 indicate better performance 

compared to lower values. For a detailed discussion on statistical metrics for wind energy 

production and wind speed, see also [67,70,77]. 

2.2.2. Statistical Metrics for Circular Characteristics 

A variable that is used in this subsection is the minimal angular difference in degrees 

(𝑀𝐴𝐷𝐶 ∈ [−180,180]). 𝑀𝐴𝐷𝐶 is defined as follows: 

𝑀𝐴𝐷𝐶𝑖 = 𝑚𝑜𝑑(𝛩𝑀𝑖 − 𝛩𝐵𝑖 + 180, 360 ) − 180. (41) 

The circular correlation coefficient (𝑟𝐶) is a measure of association between two an-

gular variables in radians, quantifying the strength of their co-variation on the circle. This 

coefficient handles the inherent periodicity of wind direction data and ensures that angu-

lar distances are properly accounted for in correlation estimations. It is given by 
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𝑟𝐶 =
∑ sin(𝛼𝑖 − 𝛼̅) sin(𝛽𝑖 − 𝛽̅)
𝑛
𝑖=1

√(∑ sin2(𝛼𝑖 − 𝛼̅)
𝑛
𝑖=1 )(∑ sin2(𝛽𝑖 − 𝛽̅)

𝑛
𝑖=1 )

, 
(42) 

where 𝛼𝑖 =
𝜋𝛩𝑀𝑖

180
 and 𝛽𝑖 =

𝜋𝛩𝐵𝑖

180
 are the model and buoy directions expressed in radians, 

𝛼̅ =  atan2(∑ sin 𝛼𝑖
𝑛
𝑖=1 , ∑ cos 𝛼𝑖

𝑛
𝑖=1 ), and 𝛽̅ =  atan2(∑ sin 𝛽𝑖

𝑛
𝑖=1 , ∑ cos𝛽𝑖

𝑛
𝑖=1 ). 

The directional consistency index (𝐷𝐶𝐼) provides the mean of the cosine of the angu-

lar differences between the model and observed directions and ranges from −1 to +1. A 

value of +1 indicates perfect directional agreement. 𝐷𝐶𝐼, generally, reflects alignment ra-

ther than magnitude of error and is estimated as follows: 

𝐷𝐶𝐼 =
1

𝑛
∑cos(𝑀𝐴𝐷𝐶𝑖)

𝑛

𝑖=1

. (43) 

Hit Rate within ±10° (𝐻𝑅10°) is a simple yet informative metric that calculates the 

percentage of time steps where the absolute angular difference between model and buoy 

is within ±10°, where higher values suggest more frequent model accuracy in direction 

within a predefined tolerance band. When Hit Rate is within ±10°, the indicator function 

gives 1, otherwise 0. Hit Rate is measured as 

𝐻𝑅10 = 100 × 
1

𝑛
∑𝟏(|𝑀𝐴𝐷𝐶𝑖|  ≤  10)

𝑛

𝑖=1

, (44) 

where 1(⋅) is the indicator function [78]. Higher values of 𝐻𝑅10° indicate better perfor-

mance compared to lower values. 

Root mean square angular error (𝑅𝑀𝑆𝐸𝐶 ) consists of the square root of the mean 

squared values of angular differences, after calibrating these differences to the range of 

[−180°, +180°]. It quantifies the typical angular discrepancy in degrees, analogous to linear 

𝑅𝑀𝑆𝐸, but respecting circular continuity. It is given by the following equation: 

𝑅𝑀𝑆𝐸𝐶 = √
1

𝑛
∑(𝑀𝐴𝐷𝐶𝑖)

2

𝑛

𝑖=1

. (45) 

Mean absolute angular error (𝑀𝐴𝐸𝐶) is the average of the absolute angular differences 

within the range [0°, 180°], reflecting the typical magnitude of directional error without 

cancellation effects. It is calculated as 

𝑀𝐴𝐸𝐶 =
1

𝑛
∑|𝑀𝐴𝐷𝐶𝑖|

𝑛

𝑖=1

. (46) 

Mean bias error in degrees (𝑀𝐵𝐸𝐶) is the equivalent of 𝑀𝐵𝐸 for circular data, which 

identifies systematic directional bias, and it is given by the formula 

𝑀𝐵𝐸𝐶 =
1

𝑛
∑𝑀𝐴𝐷𝐶𝑖

𝑛

𝑖=1

. (47) 

Relative error (𝑅𝐸𝐶 or normalized 𝑀𝐴𝐸𝐶) is the mean bias error expressed as a per-

centage of the observed direction’s magnitude, where the absolute value is used to uni-

formly penalize both positive and negative biases. 𝑅𝐸𝐶 is estimated as follows: 

𝑅𝐸𝐶 = 𝑁𝑀𝐴𝐸𝐶 = 100 × ∑
|Δ𝛩𝑖|

180

𝑛

𝑖=1

. (48) 

Higher values of 𝐷𝐶𝐼 indicate better performance compared to lower values, while 

lower values of 𝑅𝑀𝑆𝐸𝐶, 𝑀𝐴𝐸𝐶, 𝑀𝐵𝐸𝐶 and 𝑅𝐸𝐶 indicate better performance compared to 
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higher values. For a review of circular statistics and applications for wind direction, see 

also [79]. 

2.3. Aggregated Performance Metric 

In practice, it is often observed that the interpolation method that performs best ac-

cording to a single statistical metric may not perform optimally according to other metrics. 

This occurs because different metrics capture different aspects of a method’s performance: 

for example, RMSE is sensitive to outliers. The correlation coefficient (𝑟) measures how 

well predicted and observed values jointly vary, and thus a method may achieve a high 

𝑟 while still exhibiting large absolute errors. The bias indicates systematic over- or under-

estimation, but a method with low bias may still have high variance, leading to an in-

creased RMSE [80,81]. A detailed discussion on these topics is provided in [82], while 

these issues have also been emphasized in the previous literature, e.g., [83–85]. 

For deriving a single statistical metric (aggregated performance metric/APM or com-

posite indicator) that will characterize the performance of each interpolation method in a 

unique way, the following procedure is adopted. 

Let it be assumed that 𝑀 different interpolation methods should be examined across 

𝐿 locations, based on 𝑆 statistical metrics. The first step is to normalize the statistical met-

rics in a common reference frame, e.g., [0,1], for each location 𝑙 = 1,2, … , 𝐿. To this end, 

the following transformation is applied: 

𝑆𝑖,𝑚
∗  =

𝑆𝑖,𝑚 −min
𝑚
(𝑆𝑖,𝑚)

max
𝑚
(𝑆𝑖,𝑚) − min

𝑚
(𝑆𝑖,𝑚)

 or 𝑆𝑖,𝑚
∗  =

max
𝑚
(𝑆𝑖,𝑚) − 𝑆𝑖,𝑚

max
𝑚
(𝑆𝑖,𝑚) − min

𝑚
(𝑆𝑖,𝑚)

, (49) 

where 𝑚 = 1,2, … ,𝑀 is the particular interpolation method and 𝑖, 𝑖 = 1,2, … , 𝐾 is the par-

ticular statistical metric. The first relation holds for the metric, whose value should be as 

high as possible, and the second relation holds for the metric the value of which should 

be as low as possible to suggest a good performance for the interpolation method, respec-

tively. The minimum and maximum values of each 𝑆𝑖 are estimated across all locations. 

On the other hand, among the collocated datasets for each examined location, there 

are different levels of reliability, since the statistics derived from samples of greater sizes 

are more robust compared to the statistics of samples with smaller sizes. The weighted 

aggregated performance metric (WAPM) 𝐶𝑙𝑚 for each location 𝑙 = 1,2, … , 𝐿 and method 

𝑚 = 1,2, … ,𝑀 are then defined as follows: 

𝐶𝑙𝑚 =∑𝑤𝑙𝑆𝑖,𝑚,𝑙
∗

𝐾

𝑖=1

, 𝑙 = 1,2, … , 𝐿, 𝑚 = 1,2, … ,𝑀, (50) 

where 𝑆𝑖,𝑚,𝑙
∗  denotes the normalized statistic 𝑆𝑖 provided by the interpolation method 𝑚 

for the location 𝑙 . Each normalized metric has the same weight on 𝐶𝑙𝑚 . The weights 

𝑤𝑙  are defined as follows: 

𝑤𝑙 =
𝑛𝑙

∑ 𝑛𝑙
𝐿
𝑙=1

, for 𝑙 = 1,2, … , 𝐿,  (51) 

where 𝑛𝑙  is the sample size of the collocated pairs of (𝑊𝐵,𝑊𝑀)  at location 𝑙 . Conse-

quently, the interpolation method that provides the higher value for 𝐶𝑙,𝑚 is then consid-

ered as the best performing method. There are also other methods for normalization such 

as the rank-based normalization [86,87]. 

In the case where the sample sizes at the examined locations differ significantly (as is 

the case in this work), in order to reduce the increased effect of very large sample sizes, 

the above relation can be written as 
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𝑤𝑙 =
√𝑛𝑙

∑ √𝑛𝑙
𝐿
𝑙=1

 or 𝑤𝑙 =
log(𝑛𝑙)

∑ log(𝑛𝑙)
𝐿
𝑙=1

.  (52) 

In this work, the second equation of relation (52) has been adopted. The final rankings 

remain unchanged regardless of whether log(𝑛𝑙) or √𝑛𝑙 is used, and the selection of the 

logarithmic weighting scheme was intentional. Given the high disparity in sample sizes 

across the 31 locations, varying from ~3000 to ~57,000 (see Table 1), a linear weight would 

allow a few stations, with larger sample pools, to almost entirely dictate the WAPM. The 

log(𝑛𝑙) transformation acts as a dampening function that balances the higher statistical 

reliability of larger samples while ensuring that all geographic locations contribute mean-

ingfully to the final assessment of the interpolation methods. A discussion on the use of 

weights can also be found in [82]. 

Table 1. Characteristics of the examined buoys (C: “coastal buoy/location”, O: “offshore buoy/loca-

tion”, I: “intermediate buoy/location”) and corresponding sample sizes. 

Buoy 

Number 

Buoy 

Name 
Lat Lon 

Measurement 

Period 
CERRA 
𝒏𝑴𝑪 

Buoy 
𝒏𝑩𝑪 

Distance 

from Shore, 

km 

Location 

Type 

1 SOLA 42.483 3.133 2021–2023 6814 2975 0.18 C 

2 6100196 41.900 3.650 2001–2023 66,517 38,684 34.94 O 

3 6100197 39.710 4.420 1993–2023 89,530 57,483 14.52 I 

4 6100198 36.570 −2.340 1998–2023 75,281 54,277 21.21 O 

5 6100280 40.690 1.470 2004–2023 56,579 50,370 47.72 O 

6 6100281 39.510 0.200 2005–2023 53,023 44,618 37.98 O 

7 6100417 37.650 −0.310 2006–2023 51,006 42,810 29.46 O 

8 6100430 39.560 2.090 2006–2023 49,930 41,405 18.38 O 

9 6101404 36.066 −5.416 2013–2023 30,296 12,235 1.25 C 

10 Alboran 36.267 −5.033 1997–2006 26,372 11,341 19.63 O 

11 Valencia 39.461 −0.260 2004–2005 3033 3033 4.90 C 

12 61277 35.726 25.131 2007–2023 48,490 30,719 29.50 O 

13 68422 36.829 21.607 2007–2023 47,172 30,357 7.45 I 

14 Athos 39.975 24.729 2000–2022 65,757 50,161 25.82 O 

15 Cagliari 39.110 9.454 2013–2014 2801 2367 1.82 C 

16 Civitavecchia 42.133 11.689 2013–2014 4557 3715 4.43 C 

17 Heraklion 35.434 25.079 2016–2023 21,518 12,513 4.32 C 

18 Kalamata 36.971 22.094 2007–2011 10,656 10,319 4.21 C 

19 Lesvos 39.156 25.807 2001–2012 33,306 23,309 3.68 C 

20 Monopoli 40.975 17.378 2013–2015 4385 4385 6.04 I 

21 Mykonos 37.519 25.460 2001–2022 61,160 32,141 4.83 C 

22 NADR_E1 44.143 12.570 2013–2014 4208 2598 5.73 I 

23 NADR_SNG 43.755 13.209 2013–2015 6675 6675 1.90 C 

24 Rmnge 44.410 8.926 2014–2015 3112 2795 0.06 C 

25 Rmnim 43.878 8.019 2014–2015 4400 3457 0.22 C 

26 Rmnsp 44.096 9.858 2014–2015 2350 2093 0.22 C 

27 Santorini 36.262 25.501 2001–2011 29,190 21,437 9.12 I 

28 Saronikos 37.610 23.567 2007–2019 34,854 21,343 6.27 I 

29 Skyros 39.113 24.464 2007–2012 14,285 10,666 10.20 I 

30 Vida 45.549 13.551 2013–2022 27,880 23,018 2.02 C 

31 Zakynthos 37.956 20.604 2007–2012 12,297 8697 6.93 I 
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Clearly, the specific application largely determines the relative importance of each 

statistical metric. In Section 4, numerical results are presented both for individual evalua-

tion metrics and for the WAPM, while a sensitivity analysis as regards the effect of weights 

𝑤𝑙 values on the obtained results is also presented. 

2.4. Friedman and Nemenyi Post Hoc Statistical Tests 

Since the main assumptions of repeated measures ANOVA are not satisfied in our 

case (the residuals are non-Gaussian), this method cannot be applied. Instead, the non-

parametric Friedman test [88], is used as an alternative, since this test does not require a 

particular data distribution, making it suitable for our analysis. In this study, 10 different 

interpolation methods (“treatments”) are applied to wind data from 31 locations (“sub-

jects”), and the response (dependent) variable is the WAPM (or any other evaluation met-

ric). The hypothesis tested using the Friedman test is the following: 

ℋ0: The median ranks all interpolation methods are the same. 

ℋ1: At least one of the median ranks of the interpolation methods is significantly different 

from the rest. 

The Friedman statistic 𝐹 is provided by the following expression: 

𝐹 = (
12

𝑁𝑘(𝑘 + 1)
)∑𝑟𝑖̅

2

𝑘

𝑖=1

− 3𝑁(𝑘 + 1),  (53) 

where 𝑘 is the number of interpolation methods (𝑘 = 1,2, … ,10), 𝑁 is the number of lo-

cations where the interpolation methods are evaluated and ranked (𝑁 = 1,2, … ,31), and 

𝑟𝑖̅ is the mean rank for each interpolation method estimated across all locations, i.e., 

𝑟𝑖̅ =
1

𝑁
∑𝑟𝑖𝑗

𝑁

𝑗=1

,  (54) 

where 𝑟𝑖𝑗 is the rank of the 𝑖-th interpolation method at the 𝑗-th location. If ℋ0 is true, 

then 𝐹  follows a chi-squared distribution with 𝑘 − 1  degrees of freedom. If ℋ0  is re-

jected (i.e., when the 𝑝 -value is significant: 𝑝 < 0.05 ), then the post hoc Nemenyi test 

should be applied in order to identify which of the interpolation methods performs better 

than the others. In this context, the Nemenyi test [89] identifies which pairs of interpola-

tion methods differ significantly in their performance (based on the WAPM or any other 

evaluation criterion). The critical difference 𝐶𝐷 in this case is provided by the following 

equation: 

𝐶𝐷 = 𝑞𝑎√
𝑘(𝑘 + 1)

6𝐿
,  (55) 

where 𝐿 = 31 is the number of locations, and 𝑞𝑎 is the critical value from the Studen-

tized range distribution. Then, a pairwise comparison between all interpolation methods 

is performed by considering the absolute difference between their corresponding mean 

ranks, i.e., Δ𝑟𝑖̅,𝑟𝑗̅ = |𝑟𝑖̅ − 𝑟𝑗̅| . If Δ𝑟𝑖̅,𝑟𝑗̅ > 𝐶𝐷 , then the interpolation methods 𝑖  and 𝑗  differ 

significantly. The above results can be efficiently visualized in a critical difference (CD) 

diagram. In these diagrams, a lower rank suggests a better performing method compared 

to a method with a higher rank. 
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2.5. The Aligned Rank Transform ANOVA Method 

The aligned rank transform (ART) is the non-parametric alternative to factorial 

ANOVA, and is used when the essential assumptions (such as normality) of the factorial 

ANOVA are not satisfied [90–93]. ART enables full factorial analysis of main effects and 

interactions using standard ANOVA procedures after aligning and ranking the data. The 

ART approach is introduced in this work, since there is need to assess effects and interac-

tions when, for example, the effects of the distance 𝐷 of the interpolation location from 

the shore (i.e., long, short or intermediate distance) are of interest. In the following, the 

locations of long distance from shore (𝐷 > 15 km) will be called “offshore locations”, of 

intermediate distance (5 < 𝐷 ≤ 15 km) will be called “intermediate locations” and of short 

distance (𝐷 ≤ 5 km) will be called “coastal locations”. Let it be reminded that the Fried-

man test described above cannot take into consideration potential interactions. Conse-

quently, to evaluate whether interpolation performance varied with distance from shore, 

a factorial design was established with the following factors: (1) interpolation method (10 

levels) and (2) distance from shore (categorical factor, 3 levels). Distance was treated as a 

factor rather than a continuous variable because the ART framework requires fixed-factor 

structure. The response variable is the WAPM. 

The ART procedure allows ANOVA-style tests on nonlinear and non-normally dis-

tributed data by first aligning the data so that the effect of interest is isolated and then by 

ranking the aligned values to construct a nonparametric test statistic. In this way, the ap-

plication of the ART framework answers the question whether the relative performance 

of the examined interpolation methods depend on distance from shore. All the statistical 

analyses were performed using the R Statistical Software, Ver. 4.5.2 [94]. For the imple-

mentation of this specific approach, the ARTool, Ver. 0.11.2 [92,95] has been used. In con-

clusion, the use of the ART method is appropriate in this context because WAPM is con-

tinuous but not necessarily normally distributed, the factorial design places strong em-

phasis on interaction effects, and the unequal sample sizes across locations are already 

accounted for through WAPM. Moreover, the design is balanced with respect to the 

method factor, as all 10 interpolation methods were applied to all 31 locations. A detailed 

description of the ART procedure is provided in Appendix A. 

2.6. Wind Energy Assessment 

In this subsection, the steps for wind energy assessment are provided. For the esti-

mation of the buoy wind speed at 100 m asl, the logarithmic law will be used. According 

to the Monin–Obukhov similarity theory, the neutral logarithmic law that includes stabil-

ity effects is provided as follows: 

𝑢(𝑧) =
𝑢∗
𝜅
[ln (

𝑧

𝑧0
) − Ψ(

𝑧

𝐿
) + Ψ(

𝑧0
𝐿
)], (56) 

where 𝑢(𝑧) is the sought for wind speed at height 𝑧, 𝑢∗ is the friction velocity, 𝜅 is the 

von Karman constant, 𝐿 is the Obukhov length (that depends on 𝑢∗, 𝜅, surface virtual 

potential heat flux, acceleration due to gravity, and near-surface potential temperature), 

𝑧0 is the roughness length, and Ψ(∙) is the stability correction function. According to at-

mospheric conditions, i.e., unstable (𝐿 < 0), stable (𝐿 > 0) and neutral (𝐿 → ∞), Ψ(∙) has 

different formulations. For 𝐿 → ∞, Ψ → 0, and relation (56) simplifies as 

𝑢(𝑧) =
𝑢∗
𝜅
[ln (

𝑧

𝑧0
)] , (57) 

which, for a reference height asl 𝑧𝑟 = 10 m and 𝑧 = 100 m, may be further simplified as 
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𝑊𝐵,100
𝐿 = 𝑊𝐵,10

ln (
100
𝑧0
)

ln (
10
𝑧0
)
, (58) 

where 𝑊𝐵,10 is the buoy wind speed at 10 m asl, 𝑊𝐵,100
𝐿  (m/s) is the estimated buoy wind 

speed at height 100 m asl and 𝑧0 (m) is the roughness length equal to 0.0001 m for neutral 

or near neutral atmospheric conditions [96]. Note here that using the logarithmic law of 

relation (58) under unstable atmospheric conditions overestimates the extrapolated wind 

speed, while under stable conditions, it underestimates wind speed. The same approach 

as the one implemented here has also been used in Montoya and Osorio [97], who also 

state that “comparisons with other expressions showed differences of less than 5%”. More-

over, as is stated in [98], an inaccurate surface roughness length does not significantly 

affect wind speed prediction. Let us also note that the use of the logarithmic law as a first 

order approximation is a very common practice in preliminary wind energy assessments. 

The mean wind power density 𝑊𝑃𝐷 at 100 m asl, assuming that air density is con-

stant [22,99,100] is estimated using the following relation: 

𝑊𝑃𝐷 =
1

2
𝜌 ∫ 𝑊̂𝐵,100

3 𝑓𝑊(𝑊̂𝐵,100)𝑑𝑊̂𝐵,100
∞

0
, (59) 

where 𝑊̂𝐵,100 is the estimated buoy wind speed at 100 m asl and 𝑓𝑊(𝑊̂𝐵,100) is the corre-

sponding probability density function. 

The total wind energy production of a particular wind turbine with a power curve 

𝑃𝑇(𝑤) during the time period 𝑇𝑟 at 100 m asl can be estimated as follows: 

𝐸𝑃 = 𝑇𝑟 ∫ 𝑃𝑇(𝑊̂𝐵,100)𝑓𝑊(𝑊̂𝐵,100)𝑑𝑊̂𝐵,100
𝑢𝑐𝑢𝑡−𝑜𝑢𝑡
𝑢𝑐𝑢𝑡−𝑖𝑛

, (60) 

where 𝑢𝑐𝑢𝑡−𝑖𝑛 and 𝑢𝑐𝑢𝑡−𝑜𝑢𝑡 are the cut-in and cut-out wind speeds, respectively. When 

long time series of wind speed are available, the above relations (59) and (60) can be ex-

pressed as follows: 

𝑊𝑃𝐷 =
1

2𝑁
𝜌∑ 𝑊̂𝐵,100,𝑖

3𝑁
𝑖=1 , (61) 

and 

𝐸𝑃 = ∑ 𝑃𝑇(𝑊̂𝐵,100,𝑖)
𝑁
𝑖=1 𝛿𝜏𝑖, (62) 

where 𝛿(𝑡𝑖) is the time step of the wind speed time series (for CERRA data 𝛿(𝑡𝑖) = 3 h), 

and 𝑁 is the available sample size. 

The mean wind power density and the energy production will be estimated using 

the buoy wind speed at 100 m asl, 𝑊𝐵,100
𝐿 , and the model wind speed 𝑊𝑀,100 directly pro-

vided from CERRA. For the wind energy production at the examined locations, the NREL-

6 MW [101] offshore wind turbine will be used as an example. The corresponding power 

curve is provided in Figure 1. 

It should be noted beforehand that the optimal interpolation method for wind speed 

does not necessarily coincide with the method that performs best in terms of wind energy 

characteristics. Therefore, the performance of the examined interpolation methods will be 

re-evaluated for wind power density and energy production using standard evaluation 

metrics commonly applied in offshore wind energy studies, i.e., 𝑅𝑀𝑆𝐸, 𝑏, 𝑅2, 𝑀𝐴𝐸, and 

𝑀𝐴𝑃𝐸. The overall performance of the interpolation methods will be characterized by the 

WAPM. 
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3. Data 

3.1. Buoy Data 

The locations along with other characteristics of the 31 examined buoys are summa-

rized in Table 1; see also Figure 2. 

In total there are 9 offshore buoys/locations, 8 intermediate buoys/locations and 14 

coastal buoys/locations. 

 

Figure 2. Examined buoy locations plotted along with the CERRA model. Buoy numbers refer to 

Table 1.  

3.2. CERRA Numerical Model Data 

CERRA is a state-of-the-art atmospheric reanalysis product developed within the 

framework of a collaborative effort between the Swedish Meteorological and Hydrologi-

cal Institute, Météo-France, and the Norwegian Meteorological Institute. The system is 

built around the HARMONIE numerical weather prediction model consortium. HAR-

MONIE combines advanced mesoscale modelling capabilities with physical parameteri-

zations and dynamical formulations originating from the ALADIN model. The lateral 

boundary conditions for CERRA are derived from the global reanalysis ERA5 [102,103]. 

The data assimilation system of CERRA integrates in situ surface observations from syn-

optic stations, measurements from ships and drifting buoys, surface wind from scatterom-

eter, and satellite radiance observations. This combination of conventional and remote 

sensing measurements contributes to a more accurate depiction of atmospheric condi-

tions, particularly over oceanic and data-sparse regions [104]. 

CERRA operates at a horizontal resolution of ~5.5 × 5.5 km and includes 106 vertical 

levels. The fine horizontal resolution allows a much better representation of mesoscale 

features, local topography, coastlines and complex terrain. The temporal resolution is 3 h 

(00, 03, 06…21 UTC), which is well suited for a broad range of climatological and meteor-

ological applications. More than fifty meteorological variables are available, across multi-

ple vertical levels, height levels, and the native model levels. The reanalysis domain covers 

the entire area of Europe and a large part of the North Atlantic, and the dataset covers the 

period 1984 to 2024. All CERRA data are openly available through the Copernicus Climate 

Data Store (https://cds.climate.copernicus.eu/#!/home; accessed on 10 January 2025). 

The performance of CERRA wind fields in the Mediterranean basin has been studied 

by Soukissian et al. [39] who assessed wind speed and direction across the Mediterranean 

Sea and over the Greek Seas [22]. The results indicate that CERRA tends to overestimate 

wind speed at the majority of examined Mediterranean locations (10 out of 13 stations) 
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when compared with buoy observations. Hadjipetrou and Kyriakidis [105] compared sev-

eral high resolution wind datasets using coastal meteorological station data (2009–2018) 

in the Eastern Mediterranean and concluded that CERRA provides the best fit to observa-

tions, supporting its use for coastal wind climatology in the Eastern Mediterranean. Patra 

et al. [106] assessed CERRA and other reanalyses wind speed products along the French 

Atlantic and Mediterranean coasts and found that CERRA performs better in representing 

surface wind speed on all coasts examined, and offshore wind at 100 m. Finally, 

Rouholahnejad et al. [107] highlighted both strengths and limitations of CERRA in cap-

turing wind variability. 

4. Numerical Results 

In this section, the numerical results obtained using the methodology described 

above are presented. To simplify notation in the presentation and discussion of the results, 

the interpolation methods are subsequently referred to as shown in Table 2. 

Table 2. Interpolation methods and shorthand notations. 

IDW0 IDW2 IDW3 IDW4 
Nearest 

Neighbour 
Linear 

Natural 

Neighbour 

Spherical 

Kriging 
IDW-A IDW-R 

M1 M2 M3 M4 M5 M6 M7 M8 M9 M10 

First, buoy and model data were collected and pre-processed. Model wind speed and 

direction data at 10 m above sea level (asl) (i.e., the closest height to the buoys’ measure-

ment heights) were extracted from the CERRA dataset. A total of 10 different interpolation 

methods were applied to the CERRA wind data and evaluated using 13 statistical metrics 

for wind speed and eight for wind direction, as well as an WAPM. The specific evaluation 

metrics used are described in Section 2.2. 

The analysis that follows aims to identify the interpolation methods that perform best 

across the majority of the examined locations. This approach determines the “best” 

method based on the number of locations where it outperforms the others. To obtain a 

statistically robust view of the overall performance of the interpolation methods, a com-

pound approach is also applied, considering their mean ranks across all locations and 

potential interactions with location type/distance from shore (offshore, intermediate, and 

coastal). In this context, the non-parametric Friedman test, the Nemenyi post hoc test, and 

the ART ANOVA method are employed. 

4.1. Performance of Interpolation Methods for Wind Speed and Direction 

4.1.1. Performance of Interpolation Methods for Wind Speed 

In the critical difference (CD) diagrams that follow, the points along the horizontal 

lines represent the average rank of each interpolation method with lower mean ranks in-

dicating better performance. When the horizontal lines completely overlap, the methods 

are visually considered statistically indistinguishable. No overlap provides a strong visual 

indication of a substantial difference between the methods’ performance. In the CD dia-

grams, the lowest mean rank (closest to 1) corresponds to the best method, and the highest 

mean rank (closer to 10) corresponds to the method with the poorest performance. 

Figure 3 (left panel) presents the CD diagram along with the Friedman test 𝑝-value. 

Method M10 performs better (since it achieves the lowest mean rank), followed by M7 

and M1, while method M5 has poorest performance. Since (i) methods M10, M7 and M1 

are characterized by very comparable average ranks, (ii) the average rank differences are 

clearly smaller than CD, and (iii) the corresponding horizontal lines overlap to a great 

extent, they are considered as statistically indistinguishable (at the significance level 𝛼 =

0.05), and thus they can be used in practical applications as the most favourable choices. 

https://doi.org/10.3390/en19040971


Energies 2026, 19, 971 21 of 40 
 

https://doi.org/10.3390/en19040971 

Based on the same reasoning, less favourable choices in this case are methods M6, M2 and 

M3, while methods M9 and M5 are not appropriate for interpolation purposes. Overall, 

method M10 performs best at 12 of the 31 locations, M7 at 7 locations, and M6 and M1 

each at 3 locations. 

  

Figure 3. Performance of interpolation methods for wind speed. Left panel: CD diagram. Right 

panel: Performance with respect to the location type (offshore, intermediate, coastal). 

Robust statistical inference as regards the performance of the interpolation methods 

in offshore, intermediate and coastal locations can be achieved by applying the ART 

ANOVA methodology; see the results in Figure 3 (right panel). This figure suggests that 

methods M10, M1, and M2 generally perform better at offshore sites than at intermediate 

and coastal locations. Method M10 performs best offshore (achieves the highest WAPM), 

followed by M1 and M2 (with M2 and M6 showing very similar values), making M10 a 

reliable choice for offshore conditions. At intermediate locations, methods M1, M7, and 

M6 rank highest, second, and third, respectively. For coastal locations, methods M7, M6, 

and M3 provide the top three WAPM. Consequently, methods M10, M1, and M7 are the 

most reliable choices for the offshore, intermediate, and coastal locations, respectively. 

We now focus on the metrics most commonly used in practical applications, i.e., 

𝑅𝑀𝑆𝐸, correlation coefficient 𝑟 and 𝑀𝐴𝐸, each given equal weight in the WAPM. Ac-

cording to Figure 4 (left panel), method M10 achieves the best performance, followed very 

closely by M7 and M1, while method M5 exhibits the poorest performance. The Friedman 

test yields 𝑝 = 4.84 × 10−13 , confirming statistically significant differences among the 

methods. Based on the same reasoning as before, M10, M7 and M1 are considered as sta-

tistically indistinguishable, and thus they can be used in practical applications as the most 

favourable choices. Method M5 is not recommended due to its poor performance. Overall, 

interpolation method M10 performs better for 16 out of 31 locations, while method M7 

performs better for six locations. 

Figure 4 (right panel) suggests that methods M1, M10, and M2 generally perform 

better at offshore sites than at intermediate or coastal locations, and better at intermediate 

sites than at coastal sites. Specifically, method M10 achieves the highest WAPM offshore, 

followed by M1, making both methods reliable choices for offshore locations. At interme-

diate sites, methods M1 and M7 perform best, and thus M1 is considered as a safe choice 

for intermediate areas. For coastal locations, methods M7 and M8 exhibit the highest 

WAPM, suggesting that M7 is a dependable choice for coastal conditions. 
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Figure 4. Performance of interpolation methods for wind speed considering 𝑅𝑀𝑆𝐸, 𝑟 and 𝑀𝐴𝐸. 

Left panel: CD diagram. Right panel: Performance with respect to the location type (offshore, inter-

mediate, coastal). 

Finally, in Table 3 the results of the evaluation of the examined interpolation methods 

based on a single statistical criterion are summarized. 

Table 3. Number of best performances for each interpolation method for wind speed according to 

a single evaluation criterion (bold numbers indicate the maximum number of locations for the par-

ticular method and evaluation criterion). 

Statistical 

Metric 
𝑹𝑴𝑺𝑬 𝒃 𝑴𝑨𝑬 𝑹𝑬𝑴 𝑺𝑰 𝑯𝑯 𝑴𝑨𝑺𝑬 𝑩𝑺 𝑭𝑮𝑬 𝑴𝑭𝑩 𝒓 𝒅𝒓 𝑵𝑺𝑬 

Method              

M1 1 2 3 2 6 2 4 2 4 2 1 4 1 

M2 2 - 1 - 1 2 1 1 - - 2 1 2 

M3 - - 2 - - 1 1 5 1 - 2 1 - 

M4 - 1 - 1 - 1 - 3 1 1 - - - 

M5 - 7 - 7 2 - 1 1 - 10 2 1 - 

M6 3 7 2 7 2 5 3 4 2 4 1 3 4 

M7 6 2 5 2 2 3 6 3 6 2 4 6 7 

M8 - 3 2 3 2 3 1 3 - 4 - 1 - 

M9 1 1 1 1 1 2 - 1 1 1 1 - 1 

M10 18 8 15 8 15 13 14 8 16 7 18 14 16 

According to the results of this table, method M10 performs better for all individual 

metrics except from 𝐹𝑀𝐵, where method M5 performs better. Overall, methods M2, M3, 

M4, M8, and M9 seem to not perform satisfactorily. 

Regarding the interrelation of extreme wind speeds (e.g., greater than the 95th per-

centile) and the performance of the examined methods, it is reasonable to expect increased 

errors at the right tails, since the interpolation methods operate on the entire samples and 

not on their right tail. In the examined cases, the effect of extreme wind events on the 

performance of interpolation methods was evident. For example, method M10 performed 

best at 12 locations. For these locations, the 𝑅𝑀𝑆𝐸 values for the subsamples 𝑊𝐵,100 ≥

𝑊𝐵,10,0.95, where 𝑊𝐵,10,0.95 denotes the 95th percentile of the buoy wind speed at 10 m asl, 

were systematically greater than the 𝑅𝑀𝑆𝐸 values obtained from the total sample, except 

from locations 2 (6100196), 4 (6100198) and 14 (Athos). The relative increase in the 𝑅𝑀𝑆𝐸 

values at the extreme percentile ranged between 12.7% (for location 5, buoy 6100280) and 

53.6% (for location 27, buoy Santorini). This qualitative behaviour has been confirmed for 

https://doi.org/10.3390/en19040971


Energies 2026, 19, 971 23 of 40 
 

https://doi.org/10.3390/en19040971 

all examined locations and methods. It is evident that when the interpolation methods are 

implemented in the context of extreme value analysis applications, they should be applied 

on the right tails of the data samples. In [108], the authors concluded that kriging and co-

kriging methods are the most suitable to interpolate annual maximum wind speeds.  

Another issue that deserves further examination refers to the potential interaction 

and effects between spatial buoy clustering and performance of the interpolation meth-

ods. In this work, the examined buoys that are clustered are (9,10) in the Alboran Sea, 

(6,11) in the Iberian Sea, (13,18) in the southern Ionian Sea, and (12,17) in the Cretan Sea 

(see also Figure 2). Regarding wind speed, for the clustered buoys (6,11) the best perform-

ing common interpolation methods (amongst the three best methods) are M10, M1 and 

M7, for buoys (13,18) method M7, and for buoys (12,17) methods M10 and M1. In contrast, 

clustered buoys (9,10) share only method M6 among the three best performing methods. 

Therefore, no robust conclusion can be derived and further assessment is needed. Ben-

moshe [50] introduced the Clusters Unifying Through Hiding Interpolation approach to 

improve IDW performance under the presence of a cluster of measurement stations. 

4.1.2. Sensitivity Analysis 

The case that was examined in the previous subsection considered equal weights 

(contributions) for all statistical metrics that are included in the aggregated performance 

metric. For the sake of completeness, a short sensitivity analysis is performed as regards 

the effects of weights’ values on the obtained results. Several different weighting schemes 

have been tested, with no differences in the final results. As a final check of the robustness 

of the obtained results, weights in [0,1] have been randomly assigned to all statistical 

metrics and the evaluation repeated 500 times. In this case, the likelihood of the method 

M10 to perform best at 12 locations is 58.6%, and at 13 locations is 34.2%, i.e., a total of 

92.8%. Overall, the likelihood of the method M10 to perform best at 11 or 12 or 13 locations 

is 97.6%. The likelihood of the method M7 to perform best at seven locations is 63.8%, and 

at 6 locations is 34.8%, i.e., a total of 98.6%. The likelihood of the method M6 to perform 

best at three locations is 66.4% and at four locations is 18.0%, i.e., a total of 84.0%. Overall, 

the likelihood of the method M6 to perform best at two or three or four locations is 99.6%. 

It can be thus concluded that the best performing methods are in a great extent inde-

pendent from the weights assigned to the statistical metrics. Note however that the 

weights assigned to the statistical metrics depend on the particular application.  

4.1.3. Performance of Interpolation Methods for Wind Direction 

Figure 5 (left panel) presents the CD diagram for wind direction, considering all ex-

amined metrics with equal weight. The diagram shows that method M10 overall performs 

best, followed by M1 and M2. Note also that since the average rank differences between 

methods M10, M1 and M2 are clearly smaller than CD, these methods can be considered 

as statistically indistinguishable. Specifically, method M1 performs best at 13 of the 31 

locations, M8 at 5 locations, and M10 at 4 locations. 
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Figure 5. Performance of interpolation methods for wind direction. Left panel: CD diagram. Right 

panel: Performance with respect to the location type (offshore, intermediate, coastal). 

The results of the ART ANOVA methodology are depicted in Figure 5 (right panel). 

Methods M1, M10, M2, M6, and M7 generally perform better at offshore sites than at 

coastal or intermediate locations. Specifically, M1 and M10 achieve the highest WAPM for 

both offshore (followed by M2) and intermediate areas (followed by M8), making them 

reliable choices for wind-direction interpolation at these distances from the shore. For 

coastal sites, methods M8, M3, and M2 are the most promising choices. 

Table 4 summarizes the evaluation of the interpolation methods based on individual 

statistical criteria. Method M1 performs best across all criteria, while methods M2, M3, 

M6, and M9 should be avoided in this context. 

Table 4. Number of best performances for each interpolation method for wind direction according 

to a single evaluation criterion (bold numbers indicate the maximum number of locations for each 

method and evaluation criterion). 

Statistical Metric 𝑹𝑴𝑺𝑬 𝑴𝑩𝑬 𝒓 𝑴𝑨𝑬 𝑹𝑬 𝑫𝑪𝑰 𝑯𝒊𝒕𝑹𝒂𝒕𝒆 

Method        

M1 18 9 14 12 12 17 5 

M2 2 - - - - 1 2 

M3 1 - - - - - - 

M4 - 1 - 1 1 1 5 

M5 2 9 3 3 3 3 4 

M6 2 4 2 2 2 2 3 

M7 2 2 3 3 3 2 - 

M8 3 4 3 3 3 4 5 

M9 - 1 - 1 1 - 3 

M10 1 1 6 6 6 1 4 

Focusing now on the equally weighted 𝑅𝑀𝑆𝐸 and 𝑀𝐴𝐸 (most commonly used in 

practical applications), Figure 6 (left panel) presents the corresponding CD diagram. 

Method M10 exhibits the lowest mean rank followed closely by method M1 and then M2, 

while method M5 has the highest mean rank, indicating the poorest performance. Meth-

ods M10 and M1 can be considered statistically indistinguishable, while in this case, 

method M10 performs better for six locations, M1 performs better for 12 locations, and 

methods M7 and M8 perform (each) better for three locations. 
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Figure 6. Performance of interpolation methods for wind direction considering 𝑅𝑀𝑆𝐸 and 𝑀𝐴𝐸. 

Left panel: CD diagram. Right panel: Performance with respect to the location type (offshore, inter-

mediate, coastal). 

Regarding the performance of the methods at different types of locations, Figure 6 

(right panel) suggests that methods M1, M10, M2, M6, and M7 perform better at offshore 

and intermediate sites than at coastal locations. For offshore areas, method M1 performs 

best, followed by M10 and M6. At intermediate locations, methods M1 and M10 exhibit 

the best performance followed by M8, while at coastal sites, methods M8, M2, and M3 

rank highest. Overall, methods M1 and M10 appear to be reliable choices for interpolating 

wind direction at offshore and intermediate locations. 

4.2. Performance of Interpolation Methods for Wind Energy Assessment 

In this section, the results for wind power density and mean energy production at 

100 m asl are provided for the examined locations. Four different quantities at 100 m asl 

will be estimated, namely the mean energy production 𝐸𝑃𝐵,100
𝐿   and 𝐸𝑃𝑀,100  from the 

buoy (𝑊𝐵,100
𝐿 ) and the CERRA model wind speed (𝑊𝑀,100), respectively, and the corre-

sponding wind power densities 𝑊𝑃𝐷𝐵,100
𝐿  and 𝑊𝑃𝐷𝑀,100. 

4.2.1. Wind Energy Production 

In Figure 7 (left panel), the CD diagram is shown. Method M2 performs best as re-

gards the mean rank, method M7 comes second, method M10 comes third, and method 

M5 performs worst. Methods M2, M7, M10, and M1 can be considered statistically indis-

tinguishable. Overall, interpolation method M10 performs better for 13 out of 31 locations 

and method M7 performs better for eight locations. 

The results of the ART ANOVA methodology shown in Figure 7 (right panel) indi-

cate that methods M10 and M1 generally perform better at offshore sites than at the other 

locations. M10 achieves the highest WAPM offshore, followed by M1 and M2. For inter-

mediate locations, methods M4, M6, and M7 exhibit the highest, second highest, and third 

highest WAPM values, respectively, identifying M4 and M6 as strong candidates for these 

sites. At coastal locations, methods M7, M1, and M2 provide the highest values for 

WAPM.  
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Figure 7. Performance of interpolation methods for wind energy production. Left panel: CD dia-

gram. Right panel: Performance with respect to the location type (offshore, intermediate, coastal). 

Using only RMSE as a statistical evaluation metric, it is evident from Figure 8 (left 

panel) that method M7 achieves the best overall mean rank, followed by methods M10, 

M1, and M2. These methods can be considered statistically indistinguishable (at the sig-

nificance level 𝛼 = 0.05). 

  

Figure 8. Performance of interpolation methods for wind energy production considering only 

𝑅𝑀𝑆𝐸. Left panel: CD diagram. Right panel: Performance with respect to the location type (offshore, 

intermediate, coastal). 

Examining performance by location type, methods M1 and M10 exhibit better results 

for offshore sites than for intermediate or coastal ones. Specifically, for offshore locations, 

method M10 performs best, with M1 and M6 following. For intermediate locations, meth-

ods M3, M2, and M4, achieve the highest rankings, while for coastal sites, the best meth-

ods are M7, M1, and M10. 

The complete results for all location types and methods are presented in Figure 9. In 

this figure the circle sizes denote RMSE values, while the darker blue coloured circles de-

note the three lowest values for RMSE. According to Figure 9, method M10 performs best 

at 12 locations, second best at two locations and third best at three locations. Method M7 

performs best at eight locations, second best at three locations and third best at five loca-

tions. Finally, method M1 performs best at three locations and second best at ten locations. 
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Figure 9. Performance of interpolation methods for all locations for wind energy production con-

sidering only 𝑅𝑀𝑆𝐸. Darker blue circles with numbers denote the best three ranks of the perform-

ing methods. 

4.2.2. Wind Power Density 

Figure 10 presents the corresponding results for wind power density. From the left 

panel it is observed that method M7 achieves the lowest mean rank, followed closely by 

M1 and M10. In contrast, method M5 shows the highest mean rank. Methods M7, M10, 

and M1, can be considered statistically indistinguishable (at the significance level 𝛼 =

0.05 ). Overall, interpolation method M10 performs better for 13 out of 31 locations, 

method M7 performs better for six locations, and methods M2 and M5 (each) for three 

locations. 

The right panel of Figure 10 suggests that methods M10, M1, M6, and M7 perform 

better at offshore sites than at intermediate and coastal locations. Method M10 performs 

best offshore, followed by M1 and M7. For intermediate locations, methods M2, M4, and 

M3 perform best, indicating that M2 is a strong candidate for these sites. At coastal loca-

tions, methods M7, M1, and M6 exhibit the top performance.  
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Figure 10. Performance of interpolation methods for wind power density. Left panel: CD diagram. 

Right panel: Performance with respect to the location type (offshore, intermediate, coastal). 

Using 𝑅𝑀𝑆𝐸 as the unique statistical evaluation metric, the results shown in Figure 

11 were obtained. From the left panel of this figure, it is seen that method M1 ranks first 

in terms of mean performance, while methods M7 and M10 follow closely in second and 

third place, respectively. When location type is considered (Figure 11, right panel), meth-

ods M10, M1, M6 and M7 perform better at offshore sites than at intermediate or coastal 

ones. Specifically, for offshore locations, methods M10 and M1 exhibit better performance, 

followed by M6, while for intermediate sites, methods M5, M9, and M7 achieve the best 

rankings. For coastal locations, the best performing methods are M7, M10, and M2. The 

complete results for all location types and methods are presented in Figure 12. 

  

Figure 11. Performance of interpolation methods for wind power density considering only 𝑅𝑀𝑆𝐸. 

Left panel: CD diagram. Right panel: Performance with respect to the location type (offshore, inter-

mediate, coastal). 

According to Figure 12, method M10 performs best at 12 locations, second best at 

three locations and third best at one location. Method M7 performs best at six locations, 

second best at two locations and third best at five locations. Method M1 performs best at 

four locations, second best at 11 locations and third best at one location. Finally, method 

M5 performs best at five locations, second best at two locations and third best at three 

locations.  
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In conclusion, the rarely used in the relevant literature M10 (IDW-R) method appears 

to be a highly favourable candidate for offshore wind energy applications and should be 

considered in any preliminary analysis of such projects. 

 

Figure 12. Performance of interpolation methods for all locations for wind power density consider-

ing only 𝑅𝑀𝑆𝐸. Darker blue circles with numbers denote the best three ranks of the performing 

methods. 

5. Concluding Remarks 

In this study a very detailed and systematic large-scale evaluation of 10 spatial inter-

polation methods for offshore wind and energy over the Mediterranean, using CERRA 

reanalysis data collocated with in situ measurements from 31 buoys located at coastal, 

intermediate, and offshore environments, has been performed. Wind speed and wind di-

rection, as well as mean energy production and mean wind power density were assessed 

with an extensive suite of evaluation metrics and a composite WAPM. 

Table 5 presents a summary of the optimal interpolation methods for wind speed and 

direction at 10 m asl, as well as for wind power density (𝑊𝑃𝐷) and energy production 

(𝐸𝑃) at 100 m asl. 
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Table 5. Summary table of the interpolation methods’ performance with respect to wind speed and 

direction at 10 m asl, and wind power density 𝑊𝑃𝐷 and energy production 𝐸𝑃 at 100 m asl. 

Location Type 𝑾𝟏𝟎 𝜣𝟏𝟎 𝑾𝑷𝑫 𝑬𝑷 

Overall M10, M7, M1 M1, M10, M2 M7, M10, M1 M2, M7, M10 

Offshore  M10, M1, M2 M1, M10, M2 M10, M1, M7 M10, M1, M2 

Intermediate M1, M7, M6 M10, M1, M8 M2, M4, M3 M4, M6, M7 

Coastal M7, M6, M3 M8, M3, M2 M7, M1, M6 M7, M1, M2 

Overall, IDW-R (M10) is among the three best performing interpolation methods for 

wind speed, wind direction, wind power density, and energy production. IDW0 (M1) and 

natural neighbour (M7) are systematically among the three best performing methods ex-

cept for wind direction (M7) and energy production (M1). At offshore locations, IDW-R 

outperforms all other methods for all examined variables except for wind direction (where 

it ranks as the second-best method). At coastal locations, natural neighbour is systemati-

cally among the three best performing methods except for wind direction. On the other 

hand, nearest neighbour (M5) systematically underperformed, which is reasonable, as the 

nearest neighbour method consists of only one point of analysis and limits interaction 

with the 2D environment of the variables. These findings were confirmed by significant 

Friedman tests and the associated critical difference (CD) rankings.  

Regarding wind speed offshore, methods IDW-R and IDW0 performed better, fol-

lowed by IDW2 (M2). Specifically, these methods have a clear relative performance ad-

vantage at offshore locations (6 out of 9 offshore locations for IDW-R and 2 locations for 

IDW0). Taking as an indicative example the offshore location 4 (buoy code name 6100198), 

the mean wind speed at 100 m asl obtained from the buoy data is 7.20 m/s, while the 

corresponding values from the interpolated CERRA wind speeds range between 7.73 m/s 

(for methods IDW0 and IDW-R) and 7.76 (for linear interpolation method, M6). The 

𝑅𝑀𝑆𝐸 value obtained from method M10 is 2.39 m/s, while the rest of the interpolation 

methods range from 2.396 m/s (for IDW0) up to 2.43 m/s for linear interpolation. The wind 

speed estimate provided by IDW-R and IDW0 is clearly closer to the estimate provided 

by the buoy measurements, and the 𝑅𝑀𝑆𝐸 value provided by IDW-R is lower. It is evi-

dent that a prior calibration of the model data would result in much better interpolation 

results, see refs. [109,110]. Overall, it can be concluded that when land–sea boundary ef-

fects are reduced, simple wind speed interpolation methods are favourable. Note also that 

a main advantage of these methods is their computational efficiency. 

For intermediate locations, IDW0 and natural neighbour outperformed. Note here 

that although IDW0 and natural neighbour perform overall better for the individual loca-

tions, these methods perform best at one (IDW0) and two (natural neighbour) out of eight 

locations.  

For coastal locations, where land and sea contrast with each other and the factors that 

influence wind gradients get more complex as coastline geometry and representativeness 

issues are most acute, natural neighbour and linear interpolation delivered overall the 

most reliable wind speed estimates. These methods that encode local geometry perform 

more reliably than purely distance-related schemes. For example, natural neighbour lev-

erages Voronoi-based weights that adapt to irregular spacing without overshoot. These 

properties help both methods accommodate coastal heterogeneity and reduce uncer-

tainty, explaining their competitive performance at near-shore buoys in our evaluation. 

The following important issue should be emphasized and clarified here: natural neigh-

bour method performed best at five out of 14 individual coastal locations, but linear inter-

polation performed best at only two individual coastal location. On the other hand, the 

performance of linear interpolation was overall the second best for the coastal locations. 

Similar remarks might also be deduced for the rest of the examined variables. Overall, it 
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seems that when land–sea boundary effects increase (e.g., for intermediate and especially 

for coastal locations), more complicated interpolation methods are required. 

Finally, the ART analyses confirmed a statistically meaningful interaction between 

“method” and “location type”. 

For wind direction, methods IDW0, IDW-R, and IDW2 (M2) perform overall better. 

For the offshore and intermediate locations methods, IDW0 and IDW-R perform better, 

and, for the coastal locations, spherical kriging (M8) and IDW3 exhibit the highest WAPM. 

When attention was restricted to commonly used circular metrics, IDW-R again took the 

top mean rank, underscoring its versatility for both wind direction and wind speed vari-

ables, thus forming a strong baseline choice. 

Taking all into consideration, the WAPM integrated multiple complementary met-

rics, sample sizes and weights, reducing the risk that a single score (e.g., 𝑅𝑀𝑆𝐸 or corre-

lation) biases final conclusions. This is an important safeguard, which prevents one single 

metric from driving the narrative, given the complex nature of interpolation error. Winner 

counts by site check that a “win” is not coming from a few comfortable locations, CD 

diagrams test whether mean rank gaps are statistically significant across methods, and 

ART assess main effects and interactions, verifying that patterns persist across different 

location types. The consistency between the above procedures increases confidence in the 

robustness of the main rankings and shows that they are not an artefact of any single met-

ric, site, or assumption, but consistently supported across statistical lenses. 

From a wind energy perspective, the results based on the logarithmic vertical extrap-

olation confirm that the main conclusions for 10 m wind speed carry over to the derived 

quantities of wind power density and wind energy production. When mean wind energy 

production and wind power density are computed from extrapolated buoy wind speeds 

at 100 m, IDW-R, always attains one of the three best WAPM across the 31 locations overall 

and for offshore locations in particular; thus, it becomes a most robust option for wind 

energy production and wind power density. For intermediate locations, IDW4 (M4) is al-

ways between the three best performing methods, while for coastal locations, natural 

neighbour and IDW0 perform better.  

Location Type 𝑾𝟏𝟎 𝜣𝟏𝟎 𝑾𝑷𝑫 𝑬𝑷 

Overall M10, M7, M1 M1, M10, M2 M7, M10, M1 M2, M7, M10 

Offshore  M10, M1, M2 M1, M10, M2 M10, M1, M7 M10, M1, M2 

Intermediate M1, M7, M6 M10, M1, M8 M2, M4, M3 M4, M6, M7 

Coastal M7, M6, M3 M8, M3, M2 M7, M1, M6 M7, M1, M2 

For offshore location 4, the mean wind power density at 100 m asl (which is often 

used for site characterization) based on the buoy wind speeds is 529.74 Wm−2. The corre-

sponding values obtained from the CERRA model interpolated values ranging from 

616.94 Wm−2 (for IDW-R) to 625.86 Wm−2 (for IDW4). Similar qualitative results may be 

obtained for the mean wind energy production at 100 m asl. Despite the fact that the dif-

ferences are rather small, the estimates provided by method IDW-R are clearly closer to 

the corresponding estimates provided by the buoy wind speeds. Let it be noted again that 

prior calibration of the model data would result in much better interpolation results. 

In addition, taking into consideration only RMSE, IDW-R still outperforms (best 

method for 12 locations for both wind energy and wind power density), while natural 

neighbour sometimes yields slightly lower absolute deviations for wind energy produc-

tion (best method for eight locations) and wind power density (best method for six loca-

tions). Therefore, IDW-R emerges as the better option, with natural neighbour serving as 

a favourable method for sensitive coastal areas. 
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Overall, the analysis shows that under a consistent log-law extrapolation to 100 m 

height asl, the dominant source of uncertainty in wind energy production and wind 

power density remains the horizontal interpolation step rather than the vertical profile 

specification itself. In this setting, adopting IDW-R as a novel method, complemented 

where necessary by natural neighbour at a small number of intermediate and coastal sites, 

offers a realistic and consistent strategy for preliminary offshore wind assessments based 

on CERRA and buoy data. 

There can be further steps for future studies. CERRA’s ~5.5 km grid and 3-hourly 

data are great for regional analysis, but they miss some of the smaller-scale coastal idio-

syncrasies. Results could be compared with higher-resolution models, and coastal covari-

ates—such as atmospheric layers, terrain, orography, and surface roughness—could be 

incorporated using regression kriging or anisotropic co-kriging to reduce coastal errors. 

Let it be also emphasized that the present results are valid for the Mediterranean Sea. 

Applying the same framework to different regional seas, with different climatological or 

mesoscale characteristics, would check how broadly these findings hold for offshore wind 

energy data. As complete as possible time series from buoys are also required in order to 

separate the analysis by common seasons, time periods, or flow regimes to identify cases 

where method rankings differ. Moreover, a more accurate extrapolation of buoy wind 

speeds at the hub height would potentially reveal features that are currently masked from 

the logarithmic law. 
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Abbreviations 

The following abbreviations are used in this manuscript: 

APM Aggregated performance metric 

ART Aligned rank transform 

asl above sea level 

CD Critical distance  

CERRA Copernicus European Regional Reanalysis 

DCI Directional consistency index 

EP Energy production 

FGE Fractional gross error 

IDW Inverse distance weighting 

MAE Mean absolute error 

MAPE Mean absolute percentage error 

MASE Mean absolute scaled error 

NSE Nash-Sutcliffe efficiency 

OK Ordinary kriging 
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OWF Offshore wind farm 

RE Relative error 

RMSE Root mean square error 

WAPM Weighted aggregated performance metric 

WPD Wind power density 

Nomenclature 

𝑢, 𝑣 wind speed components 

𝑢𝑀
∗ , 𝑣𝑀

∗  interpolated wind speed components 

𝛩𝑀
∗  interpolated wind direction from CERRA model 

𝑑𝑀 distance of CERRA model grid point from buoy location 

𝑊𝑀
∗  interpolated wind speed from CERRA model 

𝑅𝑀𝑆𝐸 Root mean square error 

𝑀𝐴𝐸 mean absolute error 

𝑏 (mean) bias 

𝑀𝑅𝐸 (mean) relative error 

𝑟 Pearson correlation coefficient 

𝑅𝐸𝑀 relative error of means 

𝑀𝐴𝑃𝐸 mean absolute percentage error 

𝑀𝐴𝑆𝐸 mean absolute scaled error 

𝑁𝑆𝐸 Nash-Sutcliffe efficiency 

𝑑𝑟 refined index of agreement 

𝐹𝐺𝐸 Fractional gross error 

𝐵𝑆 Brier score 

𝑀𝐴𝐷𝐶 minimal angular difference in degrees 

𝑟𝐶  Circular correlation coefficient 

𝐷𝐶𝐼 directional consistency index 

𝐻𝑅10° Hit Rate within ±10° 

𝑅𝑀𝑆𝐸𝐶 Root mean square angular error 

𝑀𝐴𝐸𝐶 Mean absolute angular error 

𝑀𝐵𝐸𝐶 Mean bias angular error in degrees 

𝑅𝐸𝐶 Relative angular error 

𝐶 (weighted) aggregated performance metric 

𝐶𝐷 Critical distance in Friedman test 

𝑊𝐵,100
𝐿  estimated buoy wind speed at height 100 m using the logarithmic law 

𝑊𝐵,10 estimated buoy wind speed at height 10 m using the logarithmic law 

𝑊𝑀,10,𝑊𝑀,100 CERRA model wind speed at 10 m and 100 m asl 

𝑊𝑃𝐷𝐵,100
𝐿  mean wind power density at 100 m asl estimated using 𝑊𝐵,100

𝐿  

𝐸𝑃𝐵,100
𝐿  (mean) wind energy production estimated using 𝑊𝐵,100

𝐿  

𝑊𝑃𝐷𝑀,100 mean wind power density at 100 m asl estimated using 𝑊𝑀,100 

𝐸𝑃𝑀,100 (mean) wind energy production estimated using 𝑊𝑀,100 

Appendix A 

Since there can be different design settings and different corresponding ART proce-

dures, the specific ART procedure will be described as was implemented for the particular 

situation. In the following, the guidelines provided in https://cran.r-project.org/web/pack-

ages/ARTool/readme/README.html (accessed on 13 November 2025) and 

https://depts.washington.edu/acelab/proj/art/ (accessed on 17 November 2025), will be 

adopted. The dependent variable is the WAPM 𝐶𝑚,𝑙,𝑡, the values of which depend on the 

method ( 𝑚 = 1,2, … ,10 ), location ( 𝑙 = 1,2, … ,31 ), and type of location ( 𝑡 =

“offshore” (1), “intermediate”, (2), “coastal” (3)). Formally, the overall aim is to test the 

following statistical hypothesis: ℋ0—the interpolation method effect is the same for all 

locations types vs. ℋ1—there is interaction. The distance from shore classes will be de-

noted simply as “1” (offshore), “2” (intermediate), and “3” (coastal). 
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The main principle of the ART procedure is the transformation of the response vari-

able 𝐶𝑚,𝑙,𝑡 (or of any evaluation metric) in order to remove the effects of all the other fac-

tors, and then, estimate the ranking of the residual variation attributable to the target ef-

fect. This procedure is applied for each main effect and interaction so that a typical 

ANOVA can be then applied on the ranks. The marginal means of the method, distance, 

and cell, as well as the grand mean are provided respectively as follows: 

𝐶̂𝑚.. =
1

31
∑∑𝐶𝑚𝑙𝑡

𝑛𝑡

𝑙=1

3

𝑡=1

, (A1) 

𝐶̂..𝑡 =
1

10𝑛𝑡
∑∑𝐶𝑚𝑙𝑡

𝑛𝑡

𝑙=1

10

𝑚=1

,  (A2) 

𝐶̂𝑚.𝑡 =
1

𝑛𝑡
∑𝐶𝑚𝑙𝑡

𝑛𝑡

𝑙=1

,  (A3) 

𝐶̂… =
1

10 × 31
∑∑∑𝐶𝑚𝑙𝑡

𝑛𝑡

𝑙=1

3

𝑡=1

10

𝑚=1

,  (A4) 

where 𝑛𝑡 is the number of locations in the distance from shore class 𝑡 (= “1”, ”2”, ”3”). 

To test whether the interpolation method significantly affects performance, the fol-

lowing alignment for method should be estimated: 

𝐶̃𝑚𝑙𝑡
(𝑀) = 𝐶𝑚𝑙𝑡 − 𝐶̂𝑚.𝑡 − 𝐶̂..𝑡 + 𝐶̂...,  (A5) 

where the effects of distance and interaction 𝑚 × 𝑡  are removed and the variation at-

tributable to methods is preserved. In a similar manner the alignment for the interaction 

𝑚 × 𝑡 is estimated as follows: 

𝐶̃𝑚𝑙𝑡
(𝑀×𝑇) = 𝐶𝑚𝑙𝑡 − 𝐶̂𝑚.. − 𝐶̂..𝑡 + 𝐶̂..., (A6) 

and the alignment for the distance is estimated as follows: 

𝐶̃𝑚𝑙𝑡
(𝑇) = 𝐶𝑚𝑙𝑡 − 𝐶̂𝑚.. − 𝐶̂𝑚.𝑡 + 𝐶̂.... (A7) 

The next step in the ART procedure is the ranking of the aligned values across all 

observations, i.e., 

𝑅𝑚𝑙𝑡
(𝑀) = rank [𝐶̃𝑚𝑙𝑡

(𝑀)], (A8) 

𝑅𝑚𝑙𝑡
(𝑇) = rank[𝐶̃𝑚𝑙𝑡

(𝑇) ], (A9) 

𝑅𝑚𝑙𝑡
(𝑀×𝑇) = rank[𝐶̃𝑚𝑙𝑡

(𝑀×𝑇)]. (A10) 

After the alignment and ranking, the standard full two-factor ANOVA model can be 

implemented for 𝑅𝑚𝑙𝑡
(𝑀), 𝑅𝑚𝑙𝑡

(𝑇) , and 𝑅𝑚𝑙𝑡
(𝑀×𝑇), i.e., 

𝑅𝑚𝑙𝑡
(𝑀) = 𝜇(𝑀) + 𝛼𝑚

(𝑀)
+ 𝛽𝑡

(𝑀)
+ (𝛼𝛽)𝑚𝑡

(𝑀)
+ 𝑒𝑚𝑙𝑡

(𝑀)
, (A11) 

𝑅𝑚𝑙𝑡
(𝑇) = 𝜇(𝑇) + 𝛼𝑚

(𝑇)
+ 𝛽𝑡

(𝑇)
+ (𝛼𝛽)𝑚𝑡

(𝑇)
+ 𝑒𝑚𝑙𝑡

(𝑇)
, (A12) 

𝑅𝑚𝑙𝑡
(𝑀×𝑇) = 𝜇(𝑀×𝑇) + 𝛼𝑚

(𝑀×𝑇)
+ 𝛽𝑡

(𝑀×𝑇)
+ (𝛼𝛽)𝑚𝑡

(𝑀×𝑇)
+ 𝑒𝑚𝑙𝑡

(𝑀×𝑇)
, (A13) 

where the Greek-letter terms represent the usual ANOVA components, i.e.,: 
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• 𝜇(𝑀), 𝜇(𝑇), 𝜇(𝑀×𝑇) , are the grand means of all method-, distance- and interaction-

aligned ranks respectively. They are determined from the total number of observa-

tions ((𝑁 + 1) 2⁄ ), where 𝑁 = 31 × 10. 

• 𝛼𝑚
(𝑀)
, 𝛼𝑚

(𝑇)
, 𝛼𝑚

(𝑀×𝑇)
  are the main effect of interpolation method 𝑚  and represent the 

deviation of interpolation method 𝑚 from the grand mean in the aligned-ranked da-

taset for effects 𝑀,𝑇,𝑀 × 𝑇 respectively. 𝛼𝑚
(𝑀)

 is the tested term in ANOVA, while 

the rest are nuisance terms. 

• 𝛽𝑡
(𝑀)
, 𝛽𝑡

(𝑇)
, 𝛽𝑡

(𝑀×𝑇)
 are the effect of distance from shore class 𝑡. 𝛽𝑡

(𝑇)
 is the tested term 

in ANOVA, while the rest are nuisance terms. 

• (𝛼𝛽)𝑚𝑡
(𝑀)
, (𝛼𝛽)𝑚𝑡

(𝑇)
, (𝛼𝛽)𝑚𝑡

(𝑀×𝑇)
  are the method × distance  interaction parameters that 

measure the extent to which the effect of method 𝑚 depends on distance from shore 

class 𝑡 , after accounting for the main effects. (𝛼𝛽)𝑚𝑡
(𝑀×𝑇)

  is the tested effect in 

ANOVA, while the rest are nuisance terms. 

• 𝑒𝑚𝑙𝑡
(𝑀)
, 𝑒𝑚𝑙𝑡
(𝑇)
, 𝑒𝑚𝑙𝑡
(𝑀×𝑇)

 denote the residuals variations. 

Evidently, the question of interest in this context refers to the interaction effect 𝑀 × 𝑇, 

i.e., the testing of whether the performance ranking of interpolation methods depends on 

(or changes with) distance from shore, thus in this case only equations (A.7), (A.10) and 

(A.13) are of interest. The F-statistics and the corresponding 𝑝-values can then be obtained 

for the particular effect. 
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