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Abstract

Various models for wind speed mapping have been developed, with increasing attention on models
focusing on mapping wind speed distribution. This study extends these models to predict hourly
wind speed time series at unsampled locations. A model based on the quantile mapping (QM)
procedure was compared to a traditional and machine-learning model to interpolate wind speed
spatially. These proposed models were also used with inputs from the ERAS reanalysis dataset,
enabling them to consider local variation in orography and large-scale wind fields. A widely used
procedure for mean bias correction of reanalysis based on the Global Wind Atlas (GWA) was
implemented and compared to the proposed models. It was found that the QM and machine learning
model, both using input from ERAS, significantly outperformed GWA bias correction in terms of
time series correlation and probability distribution. Despite being more computationally intensive
than GWA bias correction, both models are recommended due to their significantly (in a statistical

sense) superior performance.

Keywords: Bias-correction, ERAS, Light gradient-boosting machine, Quantile regression,

Reanalysis, Wind resource assessment

1. Introduction

The past decades have witnessed a significant uptake of wind energy in various parts of the world
[1]. This growth reflects a global shift toward more renewable energy sources, with wind power
playing a prominent role in energy supply [2]. The intermittent nature of wind speed still poses
some challenges to the development of the renewable energy source [3]. Due to the cubic

relationship between wind speed and power output, inaccuracies in estimating wind speed are
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amplified when estimating the energy production, leading to suboptimal design of wind energy

infrastructure and jeopardizing the profitability and sustainability of the project [4].

Prospective studies to evaluate the wind resource across a large region at a high spatial and
temporal resolution provide valuable sources of information for the expansion of wind energy [5,
6]. In-situ wind speed (WS) data are generally accepted as the most reliable data source for wind
resource assessment (WRA). However, measuring stations are often sparsely available in a given
region and have limited record length for WRA. Several publicly available datasets exist that give
access to wind data at the global scale with high temporal resolution and extensive record length.
The European Centre for Medium-Range Weather Forecasts (ECMWF) reanalysis v5 [ERAS: 7],
and the NASA’s Modern Era Retrospective Analysis for Research and Applications-2 [MERRA-2:
8] have been used extensively to conduct WRA across large regions [9, 10]. Samal [11] evaluated
the adequacy of MERRA-2 for WRA in India. The author compared the wind data from the
reanalysis dataset with observed data collected at meteorological stations. The study found that the
reanalysis dataset was more suitable for long-term than short-term planning. In another study,
MERRA-2 was used to perform a preliminary evaluation of the wind resource in South Sudan [12].
The authors identified areas in the region with high wind potential. Five global reanalysis datasets
including ERAS and MERRA-2 were evaluated for WRA by comparing them with measured WS
data from meteorological stations distributed worldwide [13]. The comparative study was based on
estimated mean WS, variability, and trends. From the study results, the ERA5 dataset was

recommended for wind energy applications.

Direct application of reanalysis datasets for WRA still has some drawbacks. Notably, the coarse
spatial resolution of reanalysis datasets renders them unable to resolve local variations in orography

and surface roughness influencing near-surface WS [14]. A review of the uncertainties associated
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with the application of reanalysis data for WRA was presented by Gualtieri [9]. Several studies
endeavoured to increase the spatial resolution and bias-correct reanalysis datasets using ground
measurements and other datasets with higher spatial resolution. The Global Wind Atlas (GWA) is
a popular dataset used to correct the bias in reanalysis WS data [15]. In this procedure, the mean
WS from the reanalysis dataset is corrected to match the GWA mean WS by applying a correction

factor estimated during the overlapping period of both datasets.

Alternatively, to reanalysis datasets, spatial interpolation and machine learning models have been
used to map wind data at a high spatial resolution using in-situ observations. The main advantage
of this approach over the use of reanalysis data is its ability to account for the rapid change in the
topography and surface roughness by using covariates extracted from DEM and land use maps. A
comparative analysis of several spatial interpolation methods for hourly WS mapping was
performed by Collados-Lara, et al. [16]. The authors found that the regression kriging model produced
the best results and was selected to generate hourly wind speed time series (WSTS) between 1996
and 2016 in The Granada province, Spain. In another study, Cellura, et al. [17] developed a machine-
learning model to interpolate mean WS in Sicily, Italy. The author recommended the approach for
its ease of application and transferability to other regions. A similar study was conducted in
Venezuela [18] to create a regional mean WS map. It should be noted that wind speed distribution
(WSD) is often skewed, and the mean is not a good representative of the most typical value of the

distribution.

In recent studies, authors have been interested in mapping the entire WSD, allowing a better
evaluation of the wind resource variability at unsampled locations of interest. For example,
Veronesi, et al. [19] mapped the parameters of the Weibull distribution fitted to WS data across the

United Kingdom (UK). Jung [20] mapped the parameter of the Wakeby distribution fitted to WS
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data to estimate the annual wind energy yield with a high spatial resolution in Germany. In another
study, Jung and Schindler [21] developed a global model that estimates the parameters of the Kappa
and Wakeby distribution for WS variability assessment using estimated L-moments. Houndekindo
and Ouarda [22] recently proposed a nonparametric approach for WSD mapping. The approach does
not restrict the region to a single WSD distribution family. The availability of methods to map the
entire WSD is a crucial step forward compared to past studies where only aggregated values of WS
were estimated. However, For the evaluation of WS variability at different temporal resolutions
(ex., daily, seasonal, annual), WSTS with a high temporal resolution (e.g., ten min. or one hour)

are still required.

This study proposes expanding upon previously developed techniques for mapping WSD to predict
hourly WSTS at unsampled locations. The proposed method named the Wind Duration Curve
(WDC) is inspired by an approach commonly used for environmental variables (see, for instance,
Castellarin, et al. [23] and Requena, et al. [24] for application to streamflow data and Ouarda, et al. [25]
for application to daily river temperature) and can be seen as an adaptation of the quantile mapping
(QM) technique often used to downscale global circulation models and regional climate model
outputs [26, 27]. A comprehensive evaluation of the WDC method is performed and the approach

is compared to other methods for WSTS estimation at unsampled locations.

The paper is structured as follows: Section 2 describes the study area and the datasets. The
methodology employed is presented in section 3. The results of the comprehensive evaluation of
the different approaches are presented in section 4. The discussion follows in section 5, and section

6 gives the conclusions of the study.
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2. Study area and dataset
Experimental data for the study were obtained from Environment and Climate Change Canada

(ECCC) historical climate database (https://climate.weather.gc.ca/). Stations with less than 10%

missing values between 2011 and 2021 (11 years of mean hourly WS) were selected from the
database, resulting in 303 meteorological stations available for the study. WS data at the
meteorological stations were typically collected at 10 m above ground level according to ECCC.
The measured WS data was considered the most representative of the actual WS condition. Figure
1 illustrates the study area and the location of the 303 meteorological stations. In the figure, stations
represented with circles were used during the training of the models and those represented with

triangles were solely used as test samples.

Reanalysis WS data were obtained from ERAS5 dataset. Wind speed data from ERAS5 are provided
in a grid format with a temporal resolution of 1 h available between 1980 and the present. The

eastward and northward WS components at 10 m were obtained from the dataset

(https://doi.org/10.24381/cds.adbb2d47), and the 10 m horizontal WS was calculated and

interpolated at the 303 meteorological stations using nearest neighbor interpolation.

The WS covariates used in the study are presented in detail in Table S1 of the supporting material.
Topographical covariates were calculated from the Advanced Land Observing Satellite (ALOS)
Digital Elevation model (DEM) of 30m resolution [ALOS DEM: 28] obtained freely from the Japan
Aerospace Exploration Agency. The surface roughness length was estimated from a 2015 land use

map of Canada [29] obtained from Natural Resource Canada.


https://climate.weather.gc.ca/
https://doi.org/10.24381/cds.adbb2d47
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136  Figure 1: Study area and location of the 303 meteorological stations used in the study.

137

138 3. Methods

139 3.1. Wind speed distribution mapping

140  Inrecent studies, different methodologies to map WSD were introduced. Most of these approaches
141  relied on mapping the parameters of a distribution function fitted to WS data. More recently, a
142 nonparametric method was developed by Houndekindo and Ouarda [22] to map hourly WSD. The
143 approach starts by mapping hourly wind speed quantiles (WSQ) using a machine learning model

144  and WS covariates. Then, the estimated WSQ are used as input of an asymmetric kernel function
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to estimate the WS cumulative distribution function (CDF) at unsampled locations. The approach
is flexible and does not restrict the region to a unique WSD family. In their study, Houndekindo and
Ouarda [22] extracted 13 quantiles from observed WSTS and then built a regression model between
the covariates and each WSQ. The present study proposes a quantile regression (QR) model to
directly estimate 13 conditional WSQ. Although QR models have been used in previous studies for
WS forecasting [30] and for the estimation of other hydro-climatic variables at unsampled locations
[31], to the author's knowledge, it is the first time they are applied to estimate conditional WSQ at
unsampled locations. As done by Houndekindo and Ouarda [22], WSQ at the following 13 percentile
points were considered: 5.0% (P1), 12.5% (P2), 20.0% (P3), 27.5% (P4), 35.0% (P5), 42.5% (P6),

50.0% (P7), 57.5.0% (P8), 65.0% (P9), 72.5% (P10), 80.0% (P11), 87.5% (P12), and 95.0% (P13).

The Light Gradient-Boosting Machine [LGBM: 32] with the pinball loss function (Eq 1) was used
as the QR model (herein referred to as LGBMQR). The LGBM was adopted based on its efficiency,
scalability for large datasets, and proven high prediction accuracy [33-35]. The LGBM is a
histogram-based gradient-boosting model that sequentially builds additive decision trees to
minimize a loss function. By discretizing the continuous values of the covariates into a fixed
number of bins, the LGBM can significantly reduce the training time and memory usage for large
datasets (ex., N > 10,000) while maintaining good prediction accuracy. In addition, the LGMB
adopts a leaf-wise tree expansion with a fixed maximum depth, improving the model's training
performance. Table 1 shows the different model parameters that were tuned. Random search with
1000 iterations was used to select the best parameters for the QR model. Random search is not an
optimal algorithm for parameter tuning but can still find suitable parameters when allocated a
sufficient number of iterations [36]. LGBMQR is a single-output QR model. Thus, it needs to be

trained separately for each conditional WSQ of interest. Also, parameter searches can be performed
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independently for each considered quantile. To reduce the computation burden associated with
performing parameter tuning independently for every quantile of interest, the best parameters

selected when training the model to predict the median (P7) were used for all quantiles.

(G =Dw —wy w—-w;) <0
pe(w —wy) = {le A w—-w;)=0 (1)
where w; is the T-quantile defined as follows:
w; =inf{w : Fw|X =x) > 1} )

with F(w| X = x) the conditional cumulative distribution function of the random variable w.

In addition to the covariates presented in Table S1 of the supporting material, hourly WSQ
extracted from the ERAS dataset (ERAS-WSQ) were assessed as covariates in the current study.
As stated by Jung and Schindler [21], covariates from the ERAS reanalysis dataset can represent the
large-scale wind field unaffected by local surface properties. The LGBMQR that uses the ERAS-
WSQ will be referred to as LGMBQR-ERAS, and the benefit of using the ERA5-WSQ as

covariates will be evaluated and discussed in the following sections of the paper.

Furthermore, to select the optimal number of covariates to include in the model, the available
covariates were ranked according to their relevance and redundancy using the minimum
redundancy maximum relevancy algorithm [MRMR: 37]. Then, the number of covariates to use with
LGBMQR and LGBMQR-ERAS5 was treated as an additional hyperparameter during the
implementation of the random search algorithm. The MRMR algorithm has already demonstrated

good performance for WSQ mapping in a comparative study of covariate selection techniques [38].

The estimated conditional WSQs were used as input for the Birnbaum-Saunders asymmetric kernel

estimator of CDF [39] to estimate the WS CDF at unsampled locations. For more details on fitting

10



189  the Birnbaum-Saunders kernel using the WSQ as input, the readers are referred to Houndekindo and
190 Ouarda [22].
191  Table 1: Parameters of LGBMQR and LGBMQR-ERAS. The same set of randomly selected
192  parameters was tested for LGBMQR and LGBMQR-ERAS to implement the random search.
Model parameter Description Range
learning_rate Learning rate 0.02-0.1
max_depth Maximum depth of the 3-8
regression trees
feature fraction Fraction of covariate touse to  0.1-0.9
build each tree
bagging fraction Fraction of data to sampleto ~ 0.1-0.9
build each tree
extra_trees Use of extremely randomized True, False
trees [40]
lambda 12 L2 regularization 0-1000
lambda_I1 L1 regularization 0-1000
num_leaves maximum number of leaves 2-50
per regression tree
max_bin max number of bins for the 50-400
discretization of the
covariates
min_data_in_leaf minimal amount of data in 100-20000
one leaf
num_boost_round Number of trees to build 90-400
(boosting iteration)
n_features Number of features to include 5-30
in the model
193
194
195 3.2. Prediction of wind speed time series at unsampled locations

196 It is proposed to adapt the QM [41] procedure to predict WSTS at unsampled locations using the

197  following general formula [26]:

198 We(so) = Fso_l[ﬁ(wt)] 3)

11
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where: W;(s,) is the estimated WS at time t and unsampled location s,. Fso is the estimated WS

CDF at the unsampled location s, and F'So_l is its inverse. F'(w,) is the estimated wind speed non-
exceedance probabilities (WSNEP) at time t. The methodology to estimate F'Soat any unsampled

location in the region was described in section 3.1. For the estimation of F(w,) two approaches

have been put forward in previous studies:

1. Some authors [25, 42] proposed using information from nearby locations to estimate £ (w,)
at any unsampled location. This technique assumes that observed non-exceedance
probabilities (or exceedance probabilities) between nearby locations are correlated. Thus, a
spatial interpolation method could be applied to estimate the WSNEP at unsampled
locations. The Inverse Distance Weighting (IDW) was used to interpolate the WSNEP. The
method was named the flow duration curve and the temperature duration curve for
streamflow and temperature modelling. Following this nomenclature, the technique was
referred to as the Wind Duration Curve (WDC) in the context of WS modelling.

2. Jung and Schindler [43] derived the non-exceedance probabilities F(w,) directly from a
reanalysis dataset, thereby performing bias correction. This approach will be applied with
ERAS and named quantile mapping bias correction of ERAS (QM-ERAYS) in the following

sections.

The Weibull plotting position was used to estimate the WSNEP from the WSTS as follows:

Faw) ="/ o4 )

where: i; = 1, 2,3, ...,n is the rank of the WS value observed at time t (w;) after sorting the time

series in ascending order.

12
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3.3. Spatial interpolation methods
Two spatial interpolation methods were selected and evaluated to interpolate the WSTS directly.
The IDW technique was selected for its ease of application and set as the baseline method in the

study. The general formula of the IDW methods is:

W (so) = Z{'(=1 Aiwe(s;) (5)
where:
d: P
Ai = t - 6
/Z;gzl d p (6)

where: w;(s;=1.x) is the observed WS value at time t and the nearest location s;, located at a
distance d; from the target location s,. The parameters p and k are the exponents and the number
of nearest neighbours to consider. It should be noted that the IDW was used in the study to
interpolate observed WSTS and WSNEP (during the implementation of the WDC method). In both
cases, the optimal number of nearest locations and the exponent were selected based on 1) the time
series (TS) evaluation using the Pearson correlation coefficient between observed and estimated
WSTS and 2) the probability distribution (PD) evaluation by calculating the coefficient of
determination (R?) between observed and estimated WSQ derived from the WSTS. The R? is
presented in equation S4 of the supporting material. The results of the models were presented for

each evaluation metric (TS and PD) separately.

The second spatial interpolation method implemented in the study was the Random Forest for
Spatial Interpolation model [RFSI: 44]. The model uses nearby observations and their distance from
the target location as covariates with a random forest regression model to interpolate at unsampled

locations. The general formula of the model is [44]:

13
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W (So) = f(x1(S0), eves X (S0), We(81), dy, o, Wi (Sk), di) (7

where: x;_1.,(S,) are covariates available at the target location s,, f(.) is a regression function
linking the covariates and the WS values at the unsampled location. A comparative analysis carried
out by Sekuli¢, et al. [44] revealed that in real-world conditions, the RFSI model outperformed Space-
time regression kriging, and the approach can scale and perform better than another spatial
interpolation method based on the random forest model [45]. Furthermore, as RFSI does not require
semi-variogram modelling, it is easier to implement than kriging methods with less restrictive
assumptions (e.g., stationarity and linearity). In the original RFSI model, the authors used the
random forest model to learn the regression function. Due to its efficiency and scalability for large
datasets, the LGBM implementation of the gradient boosting algorithm was used in place of the
random forest model, and the approach was renamed LGBMSI for this study. The tuned LGBMSI
parameters were the same parameters presented in Table 1 of the present paper. These parameters
were also tuned using a random search with 1000 iterations. As done for the QR model, the
available covariates were ranked using the MRMR algorithm. The number of covariates to include
in the model was treated as a parameter to be tuned during random search. Two versions of
LGBMSI were tested: The version presented in equation 7 (it will be referred to as simply LGBMSI
in the following sections) and a version which uses as additional covariate the WS values from the

nearest ERAS grid point to the unsampled location (w; (ERAS 50)). The LGBMSI model with the

ERAS covariates will be referred to as LGBMSI-ERAS in the following sections of the paper and

is presented in equation 8:

@(50) = £ (150)s o, Xm (50, We(51), da, ., We(i), di we (ERAS,)) ®)

14
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3.4. Global Wind Atlas mean bias correction

The GWA version 3 (https://globalwindatlas.info/ ) feeds the output from a mesoscale atmospheric

model into a microscale model to downscale the ERAS wind data. The resulting wind data has a
spatial resolution of 250m and accounts for the effect of the local topography and surface
roughness. Several studies used the GWA to bias-correct reanalysis WS data [46-48]. The
procedure involves applying a scaling factor to the reanalysis WS data to ensure that their mean
matches the mean WS from GWA. The scaling factor is computed as the ratio between the mean
WS from GWA and the reanalysis during the overlapping period of both datasets. The mean WS
from GWA and ERAS5 at 10 m estimated for the period between 2008 and 2017 were used to
calculate the scaling factor. Nearest neighbour interpolation was used to interpolate the GWA data
at locations of interest. The bias-corrected ERAS using GWA will be referred to as GWA-ERAS

in the remainder of the paper.

3.5. Validation
The model validation strategy adopted in this study is aligned with the modelling procedure's
primary task, which consisted of predicting WSTS at unsampled locations. During the models
tuning, random k-fold cross-validation across the training locations was implemented to estimate
the model's performance for prediction at (pseudo) unsampled locations. In 5-fold cross-validation,
the training locations are randomly split into five groups. Training is carried out with the data of 4
groups, and the model is evaluated on the remaining group. This procedure was repeated five times,
using each group once as the validation set. The final evaluation of the selected model was
performed on a group of locations (test samples) held back and comprising approximately 30% (97

locations) of the available locations (303) for the entire study.
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The estimated WSTS at locations of the test samples were evaluated according to the following

criteria:

Time series evaluation: The Pearson correlation (PC), mean absolute error (MAE) and root-
mean-squared error (RMSE) were calculated between observed and estimated WSTS. The PC,
MAE and RMSE are presented in equations S1, S2, and S3 of the supporting material,
respectively.

Probability distribution evaluation: Two approaches were used to evaluate the probability
distribution of the estimate WSTS. First, quantiles with non-exceedance probabilities between
10% and 90% and a spacing of 10% were calculated from the WSTS using equation S8 in the
supporting material. The R?2, MAE and RMSE were used to compare the observed and
estimated WSQ. Lastly, the Overlap percentage [OP: 49] was used to assess the overlap between
estimated and observed empirical probability distribution function (PDF). The OP is presented
in equation S6 of the supporting material. For a review of criteria used for the selection of PD
for WS data the reader is referred to [50].

Interannual variability (IAV) evaluation: The robust coefficient of variation [RCov: 51] of
annual median WS was calculated to assess IAV. RCov serves as a robust and resistant measure
of variability analogue to the coefficient of variation, which lacks robustness and resistance to
outliers. The MAE and mean error (ME) between observed and estimated RCov were used to
evaluate the performance of the models in reproducing the observed IAV. The RCov and the

ME are presented in equations S7 and S5 of the supporting material, respectively.
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4. Results

4.1. Quantile regression models
A thousand random combinations of the LGBM hyperparameters (Table 1) were tested with
LGBMQR and LGBMQR-ERAS5 models. Table S2 in the supporting material shows the best
parameters found using a random search, including the number of selected covariates. Figure 2
illustrates the R, MAE, and RMSE between estimated and observed WSQ from the test samples.
For reference, the same metrics between ERAS5-WSQ and observed WSQ are also presented in
Figure 2. Figure 3 shows boxplots of the metrics calculated over the different percentile points (P1
— P13) at each test sample. The Wilcoxon signed-rank test was used to test the statistical
significance of these metrics between pairs of models (the test P-values are shown in Table S3 of
the supporting material). The P-values associated with LGBMQR-ERAS are all less than 0.05, and
the P-values between LGBMQR and ERAS5-WSQ are more significant than 0.05. LGBMQR and
ERAS5-WSQ had significantly lower median R?> and higher median MAE and RMSE than
LGBMQR-ERAS5. LGBMQR underperformed compared to ERAS5S-WSQ, but the difference
between the methods was not significant according to the Wilcoxon signed-rank test. LGBMQR
outperformed ERAS5-WSQ for WSQ with low exceedance probabilities (P1, P2, P3) while ERAS-
WSQ were more accurate in the middle and upper tail of the distributions. It is evident from these
results that the inclusion of the ERA5-WSQ improves the QR model performance; thus, WSQs

from LGBMQR-ERAS5 were used in subsequent analyses of the study.
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Figure 2: Results of the R?, RMSE and MAE between estimated and predicted WSQ at various

percentile points (P1-P13). The metrics were calculated across the test samples for each



328  percentile point.

1.0 1 X 5.0 1 X
4.0
0.8 A 4.0 1
x X X X
3.0 1 -
0.6 1 = % 2 304 X
N £ E X
o m X * Lr})'] X x
0.4 = A 2.0 4
0.2 - 1 1.0
x
0.0 — T T >|< 00 L T T T

Q “ <
& ©
et g P
& O
< N
&
K

329

330  Figure 3: Result of the R?, MAE and RMSE between observed and estimated WSQ. The metrics

331  were calculated across the percentile points (P1-P13) at each location in the test samples.

332 4.2. Inverse distance weighting parameters

333  Table 2 shows the optimal parameters (p and k) for IDW based on the TS and PD evaluation. The
334  selection of the best parameters was performed with the training set. The optimal k and p was
335  contingent upon the evaluation criteria. For the interpolation of WSNEP, the optimal number of
336  nearest neighbours (optimal k = 1) based on the PD evaluation is equated to the nearest neighbour
337 interpolation. Generally, it was observed smaller values of k were optimal for the PD criteria. The
338 results of the different evaluation criteria will be presented and discussed separately in the

339  following section.
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Table 2: Optimal parameters of the IDW for WSTS and WSNEP interpolation

Interpolated Evaluation Optimal k Optimal p Abbreviation
variable criteria used for the
model herein
WSTS PD 6 0.3 IDW-PD
TS 11 1.7 IDW-TS
WSNEP PD 1 - WDC-PD
TS 9 1 WDC-TS

4.3. Time series evaluation
Figure 4 shows a boxplot of the PC, MAE and RMSE between observed and estimated WSTS from
the test samples, while the median values of the metrics are given in Table 3. LGBMSI-ERAS had
the highest median PC alongside the lowest median MAE and RMSE. In contrast, WDC-PD had
the lowest median PC and the highest median MAE and RMSE. WDC-TS performed better than
WDC-PD, with performances comparable to the IDW model. The ERAS WSTS showed a
relatively high median PC and methods directly exploiting this dataset (GWA-ERAS, LGMBSI-
ERAS, QM-ERAS) maintained a higher median PC with less variability in the distribution of the
metric in comparison to methods solely using observations from nearby locations (WDC-PD,
WDC-TS, LGBMSI, IDW-PD and IDW-TS). Despite QM-ERAS showing a relatively high median
PC, it also had a high median MAE and RMSE. Table S4 in the supporting material gives the P-
value of the Wilcoxon signed-rank test between pairs of models for the different evaluation metrics.
From the results of the Wilcoxon test, it was found that LGBMSI-ERAS was the only method with
an MAE and RMSE statistically inferior to IDW-TS. For the time series evaluation criteria,
LGBMSI-ERAS was the best-performing method, WDC-PD was the least effective method and

most other models had performances comparable (in a statistical sense) to IDW-TS.

Table 3: Median PC, MAE and RMSE between observed and estimated WSTS

20
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Model PC MAE RMSE
(m/s) (m/s)
WDC-TS 0.73 1.26 1.59
WDC-PD 0.64 1.62 2.19
ERAS 0.75 1.22 1.60
QM-ERAS 0.76 1.34 1.80
GWA-ERAS 0.75 1.32 1.68
IDW-TS 0.74 1.29 1.68
IDW-PD 0.72 1.31 1.66
LGBMSI 0.72 1.28 1.59
LGBMSI-ERAS 0.78 1.13 1.47
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Figure 4: Result of the PC, MAE and RMSE between observed and estimated WSTS.

4.4. Probability distribution evaluation
Figure 5 shows matrices detailing the R?, MAE and RMSE calculated between the estimated and
observed WSQ across various percentile points. The last row of these matrices (labelled M)
presents the median value (calculated over the different percentile points). QM-ERAS5 and WDC-
PD were the top-performing methods overall, mainly due to their relatively strong performance in
estimating WSQ in the lower and middle tail of the distribution. Both LGBMSI-ERAS and
LGBMSI performed relatively well in the middle of the distribution but were less effective in
estimating WSQ in the lower tail. GWA-ERAS was the best method for estimating WSQ in the
upper tail of the distribution, yet it performed poorly for low exceedance probabilities WSQ. The
IDW methods demonstrated an overall lack of effectiveness in estimating WSQ across the

distribution.

The OP metric measured the overlap between the empirical PDF computed from the estimated and
observed WSTS. Figure 6 presents boxplots illustrating the distribution of the OP metric. QM-
ERAS had the highest median OP at 80%, followed by ERAS at 77%, GWA-ERAS at 77% and
WDC-PD at 76%. Also, QM-ERAS and WDC-PD displayed less spread in the distribution of the
metric compared to ERAS and GWA-ERAS. LGBMSI and LGBMSI-ERAS had the lowest median
OP values at 65% and 72% respectively. The statistical significance of the results was tested with
the Wilcoxon signed-ranked test between pairs of models (Table S5 of the supporting material).
The P-values associated with QM-ERAS, LGBMSI, LGBMSI-ERAS and WDC-TS were always
small (ex.: less than 0.05). The differences between IDW, ERAS, GWA-ERAS and WDC-PD were
not statistically significant (P-values greater than 0.05) for the OP metric. Overall, QM-ERAS5 was

the top performer for the OP metric, followed by (listed in no particular order) IDW, ERAS, GWA-

23



385 ERAS5 and WDC-PD. WDC-TS performed slightly better than LGBMSI-ERAS, while LGBMSI

386  was the least effective method.
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Figure 5: Result of the R*» MAE and RMSE between observed and estimated WSQ. The last row
of the matrices gives the median of the metric calculated across the different percentile points.

Values of R? less than 0 were omitted from the matrices.
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Figure 6: Boxplots of OP metrics calculated between observed and estimated empirical PDF.

4.5. Interannual variability evaluation
The IAV assesses the fluctuation of wind speed across multiple years. Studies have indicated that
wind speed exhibits IAV in many parts of the world [52-54]. The IAV has been linked to
atmospheric teleconnections [54-56] such as the El Nifo-Southern Oscillation and the North
Atlantic Oscillation. Accurately assessing the IAV of wind resources is essential for providing

adequate information for the long term planning of wind energy projects [57]. Some attempts have
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been made to develop teleconnection-based long term forecasting models for wind speed that use

low frequency atmospheric circulation patterns as covariates [58].

Figure 7 presents a bar plot representing the MAE and ME between observed and estimated RCov

of median annual WS.

WDC-PD gave the smaller MAE at 2%, while the other methods gave a slightly higher MAE at
3%. Notably, WDC-PD was the only method that overestimated, on average, the IAV (positive
ME). The other methods showed, on average, an underestimation of the IAV (negative ME). There

was no substantial difference in the performance among the various methods based on the IAV.
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Figure 7: Result of MAE and ME between observed and estimated RCov of median annual WS.
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5. Discussion

The study results indicate that no single method excelled according to all evaluation criteria,
suggesting potential for improvement through combining specific methods. For instance, it was
found that WSQ derived from the GWA-ERAS time series was the most accurate in the upper tail
of the distribution. Conversely, in the lower tail, WSQs from GWA-ERAS were inaccurate
compared to QM-ERAS and WDC-PD. Based on these outcomes, future studies are recommended
to explore using the mean WS from the GWA dataset as covariates of the QR model to potentially
improve the estimation of the conditional WSQ in the upper tail of the distribution, thus enhancing

the performance of QM-ERAS5 and WDC-PD.

LGBMSI-ERAS was the top performer based on the time series evaluation. In the case of the
evaluation based on the PD, QM-ERAS5 was the top performer. Generally, more complex methods
yielded superior performances compared to the baseline model (IDW), suggesting some benefits
in implementing complex methods in part due to their ability to integrate various WS covariates.
The ERAS dataset was a valuable covariate. For instance, ERA5 WSTSs are well correlated with
ground measurements, and this correlation could be improved significantly (in a statistical sense)
by using the dataset as a covariate with LGBMSI. Also, ERA-WSQ significantly improved (in a
statistical sense) the performance of the QR model. It should be noted that other covariates used as
input of the QR models demonstrated a higher ability to predict WSQ in the distribution's lower

tail than ERAS5-WSQ, which seemed less accurate in the lower tail.

QM-ERAS5 improved the performance of ERAS in most cases. The approach is relatively easy to
implement and relies on a reasonable estimation of the WSD at unsampled locations. One reason
that could explain the improved performance of QM-ERAS is its higher accuracy in the lower tail

of the distribution compared to ERAS wind data. It was also revealed that the WDC method was
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competitive. However, the approach is sensitive to the evaluation criteria used to select the optimal
parameters of the IDW for interpolating the WSNEP. Different evaluation criteria lead to different
optimal parameters, which leads, in turn, to different performances during evaluation. For instance,
WDC-PD performed relatively well based on the evaluation of PD, while it performed poorly based
on the TS evaluation. In contrast, WDC-TS performed relatively well based on the TS evaluation
and was less effective than WDC-PD based on the evaluation of the PD. In future studies, it is
recommended that different methods to interpolate the WSNEP are explored to improve the
performance of the WDC method. For instance, a more complex interpolation method, such as

RFSI, could be applied to interpolate the WSNEP.

In this study, LGBM with the pinball lost function was used as the QR model (LGBMQR). Other
quantile regression models could be viable alternatives, such as quantile regression forests [59] and
quantile regression neural networks [60]. LGBMQR was adopted because it is efficient during
training, and in general, gradient-boosting models have demonstrated superior performance on
tabular data [61]. In upcoming research, a comparative analysis can be performed to evaluate the

performance of different QR models for conditional WSQ mapping.

For practical reasons, the analysis in the present study was carried out at the World Meteorological
Organization (WMO) recommended wind speed measurement height of 10 m. Modern wind
turbines operate at hub heights of 100 m and beyond. It would be ideal to assess the wind resource
directly at these hub heights. However, there is lack of extensive wind speed time series data at
these heights and even when available, accessing such data from private wind farm operators can
pose challenges. To account for this disparity, vertical wind profile equations such as the
logarithmic and power law are employed to extrapolate the estimated wind speed from 10 m to the

hub height [15, 21]. This procedure inevitably introduces additional uncertainty to the estimated

29



458

459

460

461

462

463

464

465

466

467

468

469

470

471

472

473

474

475

476

477

478

479

wind resource. Future research should be conducted to evaluate and quantify this layer of

uncertainty more comprehensively.

6. Conclusions and future research

This study conducted a comprehensive evaluation of various approaches for the prediction of wind
speed time series at unsampled locations. It was found that no single method consistently
outperformed the other methods according to all evaluation criteria. However, complex methods
that include various covariates were more effective than the baseline method. Mainly, two
approaches (QM-ERAS5 and LGBMSI-ERAS) applied to bias-correct ERAS wind speed data
seemed promising and showed improved results compared to the most common ERAS bias
correction method (GWA-ERAS). It should be noted that both methods are more complex and
computationally demanding than GWA-ERAS. However, LGBMSI-ERAS significantly improved
the accuracy of the ERAS data when evaluating the time series correlations, while QM-ERAS
significantly improved the overlap percentage between the observed and estimated empirical PDF.
In future studies, it is recommended that the performance of LGBMSI-ERAS and QM-ERAS be
explored further in different regions with different wind regimes. Another promising research route
is the potential to combine different approaches to produce a more accurate model across multiple

evaluation criteria.

Also, with the QR model, there is a potential to account for the non-stationarity of the WSD by
using related covariates. For instance, Ouarda and Charron [54] found that the North-Atlantic
Oscillation and the Pacific North American indices of atmospheric circulation were good predictors
of the IAV of WS in the province of Québec, Canada. In future studies, these climate indices can

be used as covariates with a QR model in the region to map conditional WSQ that accounts for the
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resource's IAV. This analysis could lead to a better evaluation of the wind resources at unsampled

locations, thus reducing the risk associated with future projects.

The comprehensive evaluation provided in the present study aims to assist practitioners in choosing
the most suitable methodologies for their specific projects. Furthermore, it is anticipated that this
research will inspire future studies to systematically evaluate various approaches for predicting
wind speed time series at unsampled locations. This will foster in the long run a better
understanding of the strengths and limitations of these approaches and encourage their refinement
and the development of more robust techniques for the prediction of wind speed time series at

unsampled locations.
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