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Highlights

A non-parametric approach for wind speed mapping is developed.

A comparative analysis of parametric and non-parametric approaches is carried out.

The non-parametric method slightly outperforms the parametric approach and avoids the
hypothesis of a single distribution.

The new method is recommended for regions having diverse wind regimes.
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Abstract

Statistical methods to estimate wind resources at unsampled locations in a region can serve as an initial
step to identify locations that warrant further investigation. There has been an ongoing effort to develop
approaches for mapping the parameters of the wind speed distribution with statistical methods. This
approach enables a comprehensive understanding of the wind resource variability across the entire
region by considering the full wind speed distribution rather than focusing solely on mean values. The
present study proposes a non-parametric approach to map the wind speed distribution. The method's
main advantage is that it avoids constraining the region to a single distribution family and is thus more
flexible than existing methods. In the proposed approach, a number of wind speed quantiles are first
mapped in the region using machine learning techniques. Afterwards, the wind speed distribution is
estimated by fitting an asymmetric kernel estimator to the estimated wind speed quantiles at unsampled
locations. The new approach was compared to the standard statistical method based on mapping the
regional wind speed distribution parameters. The results indicate that the non-parametric approach
leads in the best scenario to a 9% and 6% drop in the Kolmogorov-Smirnov statistic on average during
cross-validation and validation, respectively. The Birnbaum-Saunders and the Log-Normal kernels gave a
better fit to the estimated wind speed quantiles than the Weibull kernel. The proposed approach is

recommended in regions with high wind regime variability.

Keywords: Asymmetric kernel estimator, Non-parametric, Quantile, Wind speed distribution, wind

variability, ungauged location, regional estimation.
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1. Introduction

Wind energy has the potential to become a crucial source of power worldwide [1]. In 2021, worldwide
wind energy installed capacity reached 837 GW, with an estimated offset of over 1.2 billion tons of CO2
[2]. However, more effort is needed to raise the contribution of wind energy in the world energy mix to

achieve a more sustainable and low-carbon future [3].

One of the initial stages of building a wind farm involves finding a suitable location with sufficient wind
resources to generate electricity. This objective typically involves conducting an in-depth assessment of
the wind regime, which requires a long-term dataset of wind speed measurements. However, this data is
often only available at irregular points in space rather than at the location of interest for wind energy
production. It may not be feasible to install a monitoring station to gather sufficient data during the
preliminary site selection due to time and financial constraints. Using methods that can estimate wind
resources at unsampled locations is more suitable. Although these methods may not be as accurate as a

monitoring station, they can help identify potential sites that warrant further investigation.

Numerous WS estimation studies have been conducted at unsampled locations, as detailed in the review
by Houndekindo and Ouarda [4]. These studies typically estimate an aggregated WS value [5, 6], such as
the mean and occasionally the WS distribution, via mapping the parameters of a theoretical probability
distribution function. Both approaches have some downsides. First, using the mean WS for wind
resource assessment may underestimate the long-term resource depending on the frequency
distribution's shape [7]. Second, when estimating the WS distribution at unsampled locations, authors
typically select a unique family of distributions with different parameters for the entire region (the
regional distribution (RD)). For example, Veronesi, et al. [8] mapped WS distribution in the UK using
random forests and assumed that the Weibull distribution (W) was adequate across the study region.
Although the W is the most commonly used distribution for WS modelling, some studies have found that

other types of distributions may provide a better fit depending on the wind regime at a location. For

6
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instance, the three-parameter W distribution (an additional location parameter) is better suited for calm
wind regimes [9]. Tsvetkova and Ouarda [10] reported that the heavy-tailed Halphen distribution family
provided a better fit than the two-parameter W distribution in all 125 WS stations considered in Eastern

Canada.

In another study, Jung [11] mapped WS distribution parameters in Southwest Germany. First, the author
evaluated the goodness of fit (GOF) of 67 theoretical distributions to select the RD. Then, a gradient-
boosting model was employed to map the parameters of the selected distribution. Similarly, Laib and
Kanevski [12] conducted a study in Switzerland for extreme WS. The authors used the quantiles plot to
evaluate the GOF of three theoretical distributions and select a RD. Then, with a machine learning
model, they mapped the parameters of the RD. This approach can be tedious, requiring the testing of
multiple distributions, and there is no guarantee that the selected distribution would be adequate at the
unsampled locations of interest. Previous studies evaluated the goodness of fit of different theoretical
distributions for WS modelling in a given region [13-18] and found that no single distribution family
provided the best fit at all locations in the region. Thus, using a single family of distributions may not be

appropriate for characterizing the WS distribution in an entire region.

This work proposes a new approach for WS distribution mapping that does not constrain the region to a
single distribution family (i.e.: a regional distribution). The proposed approach consists of estimating
several WS quantiles (WSQ) at a location of interest. Then, a distribution function can be fitted to the

estimated WS quantiles using the Least Square Estimation (LSE) method.

It can be tedious to test several distributions with the LSE method. Indeed, in most cases, the LSE
method does not have an analytical solution. Thus, optimization algorithms may be required with an
initial guess of the parameters, which can lead to suboptimal solutions. To address this issue, it is

proposed to fit a kernel estimator of cumulative distribution function (KCDF) to the estimated WSQ.
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Kernel estimators are, in general, rather flexible and do not require prior knowledge of the family of
distributions of the data. The literature shows a growing interest in kernel estimators for WS distribution
modelling [19]. In most of these studies, symmetric kernels (ex: gaussian) were used to estimate the
probability distribution function. WS values are non-negative, while symmetric kernels have unbounded
support leading to probability leakage below zero [20]. This is a well-known problem called the boundary
effect, and several solutions have been proposed [21]. In this study, one of these solutions based on
asymmetric kernel estimators [22] is adopted and introduced for WS distribution modelling. According to
Hirukawa [22], asymmetric kernels are weight functions with support on the unit interval [0, 1] or the
positive half-line. The effectiveness of the proposed approach was assessed by comparing it to another

method based on mapping the W parameters in the study region.

The paper's novelty can be summarized as follows: First, a methodology to map WS distribution is
proposed based on mapping WSQ. Quantiles are relatively easy to estimate from time series, while
selecting an adequate RD can be tedious, requiring the fitting and evaluation of multiple distributions.
Secondly, to the author's knowledge, this is the first study employing asymmetric kernels to model WS
distribution. By combining the mapping of WSQ and asymmetric kernels, a fully non-parametric
approach for WS distribution mapping is proposed in this study. The main advantage of the non-
parametric approach is that it does not require specifying a unique distribution family to the region of
interest. This allows to effectively combine all the available data in the region to build a more robust
model in case the region does not have a homogenous wind regime which can be described by a single

family of distribution functions.

The current paper is structured as follows. Section 2 illustrates the methodology of the proposed
approach with the evaluation procedure. The study area and the dataset are presented in section 3. The
results obtained are shown in section 4. In sections 5 and 6, the discussion of the findings and the

conclusion are given, respectively.
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2. Methodology

This study proposes a new approach for mapping WS distribution using regional information without
constraining the region to a single distribution family. First, various WSQ are estimated at sampled
locations in the region. Then, machine learning and WS covariates are used to map the quantiles,
allowing the estimation of these WSQ at any unsampled location in the region. Finally, parametric, and
non-parametric approaches are implemented to recover the WS distribution at unsampled locations
from estimated quantiles. The proposed approach will be referred to as Quantile-based WS probability
distribution Mapping (QWSM) in the next sections. The QWSM approach will be compared to another
approach based on directly mapping the W parameters [8]. This method will be referred to as the W

parameters mapping (WPM) in the next sections. A flowchart of the methodology is available in Figure 1.

DEM, land use map, geographical . .
coordinates, CANGRD WS time series

Data processing

, | !

-~
[ WS covariates ] [ WsQ ][ W parameters

» Mapping using machine learning technics

1

LSE KCDF

b 1

Gmparative analysis: WS distribution mapp@

Figure 1: Methodology of the comparative analysis of WS probability distribution mapping approaches
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2.1. Quantile-based WS probability distribution mapping
At the sampled locations in the region, WSQ at some fixed percentile points can be estimated from the

sorted values of the hourly time series with the following general formula [23]:
W(P) =1 - v)Xy +vXj+n (1)

Where P is the percentile point of interest, X(;) and X ;1) are j-th order statistics. y is a weight (0 <

y < 1) that is function of j = floor(Pn+m),m= a4+ P(1— a— f)andg =nP + m—j.Incase it
is desired to obtain W (P) as a continuous function of P, then y = g and selecting y reduces to selecting
a, 3. Typical values of a, 8 are available in [23]. In this study, a, § were both set to 1/3 given quantiles
that are approximately median-unbiased regardless of the WS true probability distribution [24]. Using
equation 1, WSQ associated with the following 13 percentile points were estimated at the sampled
locations: 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). Table 6 in Appendix | gives an

overview of the distribution of the estimated WSQ.

These percentile points were chosen to cover the WS cumulative distribution functions (CDF) evenly,
ensuring a representative estimation of the WSQ at various points along the distribution. In previous
studies employing a similar modelling approach, varying numbers of percentile points have been
modelled to estimate the probability distribution of a target variable. For instance, to forecast power
load probability distribution, [25] modelled 20 percentiles evenly spaced between 1% and 96%. In
another study, to map wind speed shear distribution, [26] estimated 11 percentiles evenly spaced
between 1% and 99%. Additionally, to regionalize river temperature at ungauged locations, [27]
estimated 17 percentiles non-evenly spaced between 0.05% and 99.95%. This diversity in the number of

percentile point selections highlights a lack of consensus in the literature regarding the optimal number

10
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to ensure a comprehensive target distribution coverage. Nevertheless, it is worth noting that the number

of percentiles selected in the current study falls within the range of those used in previous research.

A regression function was constructed between the observed WSQ and WS covariates. Two regression
models were compared, the multilinear regression (LR) and the Gradient boosting trees [GBT: 28] model.
Feature selection (FS) was performed using the minimum redundancy maximum relevance (MRMR)
method [29] to reduce the complexity of the models and improve their performance. A comparative
study of FS methods was carried out by Houndekindo and Ouarda [30]. They found that MRMR was
among the most effective FS methods for WSQ estimation. Houndekindo and Ouarda [30] used MRMR
with simple linear regression. However, the approach can be adapted to non-linear models such as tree-
based gradient boosting. The FS method (MRMR) and the GBT model are presented in more detail in the

following subsections.

2.1.1. MRMR approach for covariate selection
MRMR is a filter-based FS approach with the benefit of considering both the covariates' relevancy and
redundancy during selection. Filter-based FS methods are computationally efficient algorithms and are
agnostic to the regression model [31]. The MRMR algorithm uses an iterative approach to select the
covariate (X;) at each step with the best trade-off between its relevancy to the response variable (Y) and
its redundancy relative to selected features from previous iterations. At the first step of the algorithm,

the most relevant covariate is selected based on a measure of relevancy (Rel(X;,Y)).

Let Red(X;, X;) be a measure of the dependency between the covariates X; and X; and let S be the set
of covariates selected during previous iterations. After the first step of the algorithm, S contains only the

most relevant covariate (m;x [Rel(X;,Y)]) and the objective criterion at each subsequent iteration of
i

the MRMR algorithm can be formulated in two ways:

11
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max [Rel(X;,Y)/Red (X, X))] (2)

Or

max [Rel(X;,Y) — Red(X;, X))] (3)

Several measures of relevancy and redundancy can be applied. In this study the following formulations

of the MRMR objective criterion were compared:

MRMR — PC: max [FC )/ (5 Exyes P XD )| (4)
and
MRMR ~ MI: max (1) /(5,5 1 X0 XD)] (5)

Where F(X;,Y) is the F-statistic used to measure the relevancy, p(X;, X;) is the Pearson correlation
coefficient (PC) used to measure redundancy, I(X;,Y) is the mutual information (MI) used to measure
relevancy and I(X;, X;) is the Ml used to measure redundancy. The Ml between two random variables X

and Ycan be defined as follows:

IX,Y) = [[pX, V) logp(X,Y)/p(X)p(Y)) dxdy

(6)
The Python package scikit-learn [32] was used to calculate the Ml between the variables.

2.1.2. Regression models
The LR model was implemented and used as a benchmark for the GBT model. Tree-based regression
models such as GBT perform better than deep learning models on tabular data and often outperform
other regression models [33]. The GBT algorithm works by fitting sequentially decision trees to the

residuals from previous iterations. Contrary to the LR model, the GBT model can learn nonlinear

12
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relationships between the covariates and the response variable and is robust against non-informative
covariates [34]. The GBT model is a popular regression model that has been successfully applied in
studies for short-term wind power prediction [35], wind resource mapping [26], the selection of solar

power plant location [36] and short-term prediction of solar irradiance [37].

The eXtreme Gradient Boosting package [XGB: 38] is a popular machine-learning library that implements
the GBT algorithm efficiently. Several regularization strategies are available in XGB to improve the model
performance and reduce computational time. To find adequate values for the parameters of XGB, a
random search with 1000 iterations was implemented. Grid search and random search are popular
algorithms used for hyperparameter tuning [39]. Grid search is a brute force algorithm that
systematically tries all possible combinations of hyperparameter values within specified ranges. The
algorithm can find the optimal hyperparameter values within the defined search space at the cost of
increased computational resources and time. On the other hand, random search is a more efficient
algorithm that does not guarantee the optimal solution but can find good hyperparameters [40]. Table 1

presents the hyperparameters of the XGB model that were tuned in the study.

Table 1: Hyperparameters of the XGB model

Hyperparameters used during training Search space

(Min, Max, Step)

Learning rate (Boosting learning rate) (0.01,0.1,0.01)
Minimum loss reduction (gamma) (0.0,1.0,0.1)
Maximum depth of the trees (max_depth) (3,10, 1)

Ratio of predictor to use during training (0.1,0.7,0.1)

(colsample_bytree)

Subsample ratio of the training data (subsample) (0.1, 0.5, 0.1)

13
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Number of trees (n_estimators) (20, 300, 10)

2.1.3. Recovery of the WS distribution from WSQ
With estimated WSQ available at any non-sampled location, it is possible to fit different theoretical
distribution functions using the LSE method. The LSE method is widely used for fitting WS probability
distributions [41]. In their study, Jung and Schindler [26] applied the LSE method to recover the
probability distribution of wind shear exponent from estimated quantiles of the same variable. LSE
involves minimizing the sum of the square error (SSE) between the empirical cumulative probability
(ECDF) and the theoretical CDF to determine the best-fitting parameters of the theoretical distribution
function. Let T, be the predicted WSQ and F (W;)) their associated CDF, the SSE can be written as

follows:
PN — a2
SSE = Y3 [F(W) — F(W; 6)] (7)

Where: F(W,; ) corresponds to the cumulative probability function of W, with estimated parameter 8.
The W, Log-Normal (LN), Rayleigh (R) and Generalized Gamma (GG) distribution were fitted to the

estimated WSQ.

Additionally, it is proposed to recover the WS distribution at unsampled locations using asymmetric
KCDF. The asymmetric kernels method represents one of the solutions to the boundary effects that
appear when using symmetric kernels with bounded random variables (ex.: WS values are bounded on
[0, 0]). By combining WSQ mapping and asymmetric kernel fitting, this study proposes a fully non-
parametric method for wind speed distribution mapping. Traditional parametric methods might
introduce bias if the selected RD does not align with the data. The non-parametric approach can adapt to
various WS distribution patterns without being restricted by specific parametric assumptions. This
flexibility is necessary for a region with complex and diverse wind behaviors. In addition, combining the

14
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WSQ mapping and asymmetric kernel fitting avoids the tedious process of testing and evaluating

different probability distribution functions to model WS.

The general expression for the asymmetric KCDF is given by [21]:

Fw)= 1/nZL, Kyp(W),

(8)
Where:

b > 0 is the bandwidth and K (*) is the CDF of an asymmetric kernel function. In this work, the

Birnbaum-Saunders (BS), the Log-Normal (LN) and W asymmetric kernel functions were tested [21, 42]:

FBS(w) = 1/n X Kps(Wi; w,Vb), (9)
FN(w) = 1/n X1y Ky (Wi;logw ,Vb), (10)
FWE(w) = 1/nXi; Kws(Wi; w/T(1 + b),1/b), (11)
Where:

Kps(x; B,a) =1— ((\x/B —[B/x)/a), B,a>0,

(12)

I?LN(x; u, U) =1- (D((logx _M)/a)' u, o > 0;

(13)

Kys(x; a,B) = exp(—(x/B)%), a,B >0, (14)
@(+) is the CDF of the standard normal distribution and ['(+) is the gamma function.

The optimal bandwidths can be selected by minimizing the Mean Integrated Square Error (MISE)

MISE = [;" MSE (F(w)) dw (15)

15
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Where:

. " 2
MSE (F(w)) —E [(F(W) - F(w)) ] (16)
Mombeni, et al. [21] derived the asymptotical optimal bandwidth of Kz and K}, with respect to the

MISE:

-2/3

1 0 /
b = (7 xf @) (i [ (ef o+ 22f ) dx} 2,

(17)

biE ~ {361n2 f xf () dx { 4f (x2f'(x)) dx} n’s, (18)

Lafaye de Micheaux and Ouimet [42] proposed the following asymptotical optimal bandwidth with

respect to the MISE for K, :

2

{ ooxrz(f(x) +xf’(x))2dx}_§n_§, (19)

wIiN

bipe = {_nfo xf(x)dx}

The optimal bandwidth with respect to the MISE was selected under the assumption that the W with
parameters estimated using the predicted WSQ and the LSE method was the target distribution. The
reason for employing the W distribution in the paper is two-fold: First, it is the parametric probability
distribution function most commonly used to model WS; Secondly, it is convenient because its CDF can
be linearized with respect to its parameters and the WSQ. As a result, finding the best-fitting parameters
with the LSE method is equivalent to solving a linear equation and does not require an optimization

algorithm.

2.2. Weibull parameter mapping
In previous studies, to estimate the WS probability distribution at unsampled locations, machine learning

models were used to map the parameters of a RD. The approach selects a single distribution family for

16



331

332

333

334

335

336

337

338

339

340

341

342

343

344

345

346

347

348

349

350

351

352

353

the entire region. Then, the distribution function parameters are fitted at the sampled locations, and a
regression model is built between the parameters and WS covariates. Jung [11] selected the Wakeby
distribution as the RD in southwest Germany based on two goodness of fit measures: Kolmogorov-
Smirnov statistic and the coefficient of determination. For a review of criteria used for the identification
of adequate WS distributions the reader is referred to Ouarda, et al. [43]. Veronesi, et al. [8] selected the
W as the RD in the UK due to its widespread use in modelling WS, and convenience as it requires only
two parameters to characterize the WS probability distribution. The W was also adopted as the RD in this
study to evaluate the QWSM approach. The W parameters were estimated with the LSE method and the
best-fitting parameters were mapped in the region using the WS covariates described in section 3 and
the LR and XGB regression models described in section 2.1.2. The MRMR algorithm was also applied to

identify the best set of covariates to include in the regression models.

2.3. Model validation
To evaluate the QWSM and the WPM, holdout and 5-fold cross-validation were implemented with the
available samples. During the holdout procedure, parts of the samples were withheld (the validation set)
before model training and parameter tuning and used to evaluate the final model generalization
performance. During 5-fold cross-validation, the training samples were divided into five approximately
equal subsets. Then, the holdout method was implemented five times by considering each subset as the

validation set and training the model on the remaining subsets.

The following metrics were calculated based on the observed (y;) and estimated (¥;) values:

R* =1- YL (i — 9/ 21(vi — §)? (20)
RMSE = \J1/n Y~ (v; — §:)? (21)
MAE = 1/n Y ly; — ¥il (22)
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The evaluation of the GOF of the estimated WS probability distribution was based on the percentage
probability plot [PP plot: 44]. The PP plot compares the ECDF to the estimated CDF. During cross-
validation and validation, the R?, the RMSE and the MAE defined in equations 20, 21 and 22, respectively,
were used to evaluate the degree of association between the ECDF and the CDF. Horst [45] noted that
the PP plot has strong discriminatory power in high-density regions of the distribution (i.e.: the middle of
a distribution), where the CDF changes more rapidly with the WS values compared to low-density
regions (i.e.: the tails). Regions of the probability distribution with high density are the most crucial for
wind energy production. Also, in their reviews on WS distribution selection, Jung and Schindler [9]

observed that the most widely used GOF metrics were based on the PP plot.

The Kolmogorov-Smirnov statistic (D) is an alternative measure that was used to compare the ECDF and

the CDF:

D = max |F,(W;) — F(W))|

(23)
Where E,(W;) is the ECDF and F (W;) is the estimated CDF.

The ECDF was calculated with the Weibull plotting position [46] giving unbiased non-exceedance

probabilities regardless of the underlying distribution of the data [47]:
E,(W) =i/(n+1) (24)

Where i = 1, ...,n is the rank of the WS values after sorting them in ascending order.

3. Study area and dataset
The study was conducted on data from the whole Canada representing a total area of 9,984,670 square
kilometers. Hourly WS data from 207 meteorological stations located throughout the country were used

for the research. From Environment and Climate Change Canada (ECCC) historical climate database,
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380

381
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383

384

385

386

stations with at least 20 years of recent WS record were selected. Additional filtering was performed to
eliminate all stations with more than ten years of record having two months of missing data. Figure 2
illustrates the geographical location of the 207 stations that were selected after filtering. From the
available stations, 155 (white triangles in figure 2) were used for FS, model training and cross-validation
and the remaining stations (black dots in figure 2) were used to validate the final model as explained in

section 2.3.

Meterological stations
~ Training set
@ \Validation set
[ Canada border and Provinces

0 500 1,000 1,500 2,000 km
[ a— —

Figure 2: Spatial distribution of the training and validation stations used in this study.

The following four types of covariates were used with the regression models to either estimate the WSQ
or the W parameters: topographic, climatic, geographic, and surface roughness length. The

topographical covariates were created using the WhiteboxTools [48] and a 30m resolution global DEM
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[49]. Seasonal and annual trends of mean temperature data were acquired from the Canadian gridded
temperature and precipitation anomalies (CANGRD) dataset (available at https://climate-

change.canada.ca/climate-data/#/historical-gridded-data). Surface roughness length was extracted from

a 2015 Canada land use map [50] resampled at different spatial resolutions using majority resampling
(i.e.: most popular value in a defined radius). A surface roughness length was associated with each land
use type based on a lookup table proposed by Wiernga [51]. Table 7 in Appendix Il provides more details

about the covariates.

4, Results

4.1. Performance of regression models
The LR and the XGB models were fitted with covariates selected using MRMR-PC and MRMR-MI. The
results of comparing the different combinations of regression models and FS methods are presented in
Tables 3 and 4 for QWSM and the WPM, respectively. Figure 3 details the average R? for estimating the
13 WSQ and the two W parameters (shape and scale). The comparisons using cross-validation and
validation lead to very similar results, indicating, in general, that XGB with MRMR-PC outperforms the
other combinations of regression models and FS methods. Indeed, XGB gave better results than LR in
most cases, and MRMR-PC was more effective than MRMR-MI for FS in the study. In the few cases where
LR outperformed XGB, the performance difference was marginal and inconsistent during cross-validation
and validation (see, for instance, P8 in Figures 3a and 3b). Tables 3 and 4 indicate that the improved
performance of XGB with MRMR-PC is consistent across all metrics. Hereon, only the results obtained

with estimations from the top-performing FS and regression model (MRMR-PC + XGB) will be presented.

Figure 4 displays the spatial distribution of the RMSE (WSQ) scaled by the actual WS median for the
validation set. This representation allows for comprehensive visualization of the accuracy and variability

of the model's predictions across different locations. Scaling the RMSE with the actual median provides a
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410 relative measure of error that can be compared and interpreted meaningfully. The spatial distribution of
411  the scaled RMSE revealed that the model exhibited acceptable performances in estimating the WSQ in

412 regions with sparse training samples highlighting its generalization capability.

413  Table 3: Average performance metrics for the estimation of WSQ

Validation Methods Regression MRMR MAE R? RMSE
model

km/h km/h
Cross-validation LR Ml 3.59 0.23 4.90
Cross-validation LR PC 3.40 0.26 6.11
Cross-validation XGB Ml 3.24 0.42 4.30
Cross-validation XGB PC 3.08 0.47 4.07
Validation LR Ml 3.64 0.36 4.48
Validation LR PC 3.24 0.46 4.19
Validation XGB Ml 3.30 0.46 4.22
Validation XGB PC 3.00 0.57 3.74

414

415  Table 4: Average performance metrics for the estimation of the W parameters

Validation Methods Regression MRMR MAE R? RMSE
model

Cross-validation LR Ml 1.88 0.27 2.47
Cross-validation LR PC 2.02 - 4.79
Cross-validation XGB Ml 1.83 0.45 2.27
Cross-validation XGB PC 1.61 0.48 2.12
Validation LR Ml 2.07 0.32 2.42
Validation LR PC 1.76 0.37 2.27
Validation XGB Ml 1.75 0.42 2.16
Validation XGB PC 1.58 0.48 1.97

416

417

418

419
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Figure 3: Performance of LR and XGB for the estimation of the WSQ (a and b) and the W parameters (c
and d) during cross-validation (a and c¢) and validation (b and d). Note: Negative values of R? were set to

zero
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Figure 4: Spatial distribution of the scaled RMSE (WSQ) of the validation set

4.2. Wind speed distribution mapping
This section presents the results of the comparative analysis between the QWSM and WPM. Table 5
shows the mean values of the GOF metrics. In general, it is observed that the QWSM gave a better fit
than WPM for the considered metrics. Also, QWSM/W gave better fit than WPM. According to the R?,
RMSE and MAE criteria, QWSM/W and QWSM/GG were the best-performing methods, and their
performances are very similar to QWSM/KCDF/BS and QWSM/KCDF/LN. However, during cross-
validation and validation, the Kolmogorov-Smirnov statistic (D) seemed to favor QWSM/KCDF/LN and
QWSM/KCDF/BS. The distribution of the GOF measures was represented using boxplots in Figure 4. The
most noticeable difference in the distribution of the GOF measures was observed with D when
comparing the different approaches. The methods based on QWSM/KCDF/LN and QWSM/KCDF/BS
resulted in smaller D values and less variability in the same GOF measure compared to other approaches.
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438 Furthermore, the different methods were evaluated by comparing the observed and estimated WSQ
439 across ten equidistant percentiles ranging from 0.1 to 0.9. The outcome of this analysis (Figure 6)

440 indicated that the QWSM methods often outperformed the WPM for the considered WSQ. Methods
441 based on QWSM with the asymmetric kernels tend to give comparable performances to the parametric
442 methods in the middle of the distribution (ex.: 0.4, 0.5, 0.6 percentiles). While in the tails (ex.:

443 percentiles 0.1, 0.9) the parametric methods showcased a better performance than the non-parametric

444 methods.

445

446 Table 5: Mean value of the GOF measures

447

448

Distribution Validation D MAE R? RMSE
Methods
QWSM/GG Cross-validation 0.137 0.039 0.938 0.058
QWSM/GG Validation 0.147 0.041* 0.922* 0.062*
QWSM/KCDF/BS Cross-validation 0.131 0.043 0.938 0.059
QWSM/KCDF/BS Validation 0.143* 0.045 0.920 0.063
QWSM/KCDF/LN Cross-validation 0.131 0.044 0.937 0.059
QWSM/KCDF/LN Validation 0.143* 0.045 0.920 0.063
QWSM/KCDF/W Cross-validation 0.137 0.046 0.932 0.061
QWSM/KCDF/W Validation 0.150 0.046 0.911 0.064
QWSM/LN Cross-validation 0.165 0.042 0.93 0.064
QWSM/LN Validation 0.165 0.043 0.913 0.065
QWSM/R Cross-validation 0.157 0.042 0.926 0.065
QWSM/R Validation 0.168 0.044 0.908 0.069
QwsmMm/w Cross-validation 0.136 0.039 0.939 0.058
QWsm/w Validation 0.147 0.041* 0.921 0.062*
WPM Cross-validation 0.144 0.042 0.93 0.062
WPM Validation 0.152 0.043 0.910 0.065

Note: The best-performing methods are indicated in bold for the cross-validation
and marked with * for the validation.

Table 5
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450 Figure 5: GOF of estimated WS probability distribution. Note: Negative values of R? were set to zero
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453 Figure 6: Performance metrics for observed WSQ and estimated WSQ using QWSM and WPM (validation
454  set)

455 In Figure 7, the P-P plot, the CDF, and the probability density function (PDF) plot of 3 validation samples
456  are presented for illustration purposes. These plots offer a comprehensive visual analysis of the actual
457  and estimated WS distribution agreement. Recall that QWSM/W was selected as the target distribution
458 to estimate the optimal bandwidth for all KCDF. However, it is observed that the kernel PDFs exhibited
459 more flexibility than QWSM/W. The W kernel demonstrated more flexibility than the BS and LN kernels,

460  while both gave an almost identical PDF.

461
462
463
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Figure 7: PP plot, CDF plot and PDF plot of estimated wind speed probability distributions

5. Discussion

The comparison of the regression models indicates that the non-linear model (XGB) outperformed the

linear model (LR) for the estimation of WSQ and the W parameters. The superior performance of the

XGB model suggests that there are non-linear associations and interactions between the covariates and

the WS response variables (WSQ and W parameters). The XGB model can effectively capture these non-

linear relationships, leading to more accurate and precise estimates than the linear model. There is

potential for further improvement in the performance of the XGB model by conducting a more

comprehensive hyperparameter tuning. A random search was employed for the XGB hyperparameter
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tuning and proved sufficient to demonstrate the superiority of the XGB model over the LR model.
However, a more extensive hyperparameter tuning process, such as grid search or Bayesian optimization
[52], could be conducted to thoroughly search for the optimal combination of hyperparameters that

maximizes the model's performance.

The study also found that MRMR-PC was more effective for FS than MRMR-MI. Ml can assess linear and
nonlinear dependencies between variables, and it was initially expected that combining MRMR-MI with
XGB would outperform the combination of MRMR-PC with XGB. However, similar results were observed
by Ren, et al. [53] in the field of hydrology. The authors discovered that a FS method based on the partial
Pearson correlation outperformed FS methods based on Ml (including MRMR-MI) when applied with
linear and nonlinear regression models for monthly streamflow forecasting. The study attributed these
results to the possibility that the relationship between the covariates and the target variable in their
models exhibited more linearity than nonlinearity. Similar conclusions may be formulated in this study,
suggesting that the gain in performance achieved using the XGB could also be attributed to other
characteristics of the models, such as its robustness against redundant features and collinearity within
the features set. Despite these findings, it is still recommended to evaluate different FS methods.

Different scenarios or datasets may yield different results.

It is well known that wind speed and other climatic variables like humidity, pressure, and temperature
are interconnected. The main challenge in using climatic variables for estimating wind speed at
unsampled locations is that those variables should also be unavailable. Gridded climate data can be used
as an alternative source of climatic covariates. This study only used gridded climate data of long-term
temperature trends as climatic covariates. Investigating the applicability of other gridded climate data as

covariates for WS distribution mapping in future studies is recommended.
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Veronesi, et al. [8] reviewed the performance of physical and statistical methods for wind resources
assessment. They found that most studies applying statistical methods reported an RMSE of around 1
m/s on their validation set when considering the central tendency of the wind speed distribution (ex.:
mean). In the current study, the average RMSE for estimating the median wind speed obtained was 3.28
km/h (0.87 m/s), and the average MAE was 2.62 km/h (0.69 m/s). These results seem to agree with
previous studies. However, as was pointed out by Veronesi, et al. [8], results from different studies are
generally difficult to compare as different datasets, regions and techniques were covered in these

studies.

In general, based on the evaluation of the GOF, QWSM demonstrated a better fit compared to WPM.
This result may be explained by the fact that the estimation of the WS distribution from WSQ may be less
sensitive to mapping error compared to WPM. For instance, in the case of the WPM, minor errors in
mapping the W parameter could have disproportionate effects on the overall resulting shape of the wind
speed distribution. In contrast, with the QWSM, the implications of mapping errors are less severe, as
inaccuracies in wind speed quantile mapping seemed to have a smaller impact on the overall
distribution's shape. Consequently, the QWSM approach exhibits enhanced robustness against errors in

mapping, rendering it a more dependable framework for wind speed distribution mapping.

The non-parametric approach with the BS and LN KCDF gave slightly better results than the parametric
approach when considering the Kolmogorov-Smirnov statistic. The non-parametric method does not
require fixing a regional distribution and can adequately recover the WS distribution from the estimated
quantiles. Parametric methods require fitting the data to a specific probability distribution family, which
may introduce bias if the assumed distribution does not align with the underlying distribution. Another
potential source of bias common to both methods (i.e.: QWSM, WPM) is related to the regression
models used to estimate either the WSQ or the RD parameters. It should be noted that the bulk of the

bias of the QWSM + KCDF method arises from the regression model used to map the WSQ in the region.
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Thus, the non-parametric approach can reduce potential biases by minimizing the assumptions. The
proposed approach becomes particularly interesting in regions where the wind regime exhibits
significant variations, and no single distribution family is suitable for all locations within the region. With
their constraints, parametric methods may struggle to capture the diversity of complex patterns that can
be present in such regions. In contrast, with its flexibility, the non-parametric approach can be more
appropriate and should yield more accurate results. Alternatively, it is possible to segregate the regions
into sub-regions and select a different RD for each sub-region. However, this would reduce the number
of samples used to learn the relationship between the covariates and the RD parameters, potentially
leading to a loss in performance. For WS values located in the distribution's tails (for instance, extreme
values), opting for the QWSM method with parametric distribution functions would be more suitable.
This recommendation is based on the finding that these parametric approaches exhibited superior

performance compared to non-parametric approaches in this case.

Mapping the WSQ in this study involved extracting the quantiles from the time series and then using a
regression model that estimates the conditional mean of the quantiles given the covariates. An
alternative approach could be directly estimating the conditional quantiles using a quantile regression
[54-57] model incorporating the covariates. Quantile regression is a statistical technique that allows
estimating specific quantiles of the response variable rather than focusing solely on the conditional

mean.

The main drawback of the QWSM approach is that the number of independent variables (quantiles) that
need to be mapped to recover the WS distribution would often be superior to the number of the RD
parameters that require mapping in the WPM approach. Fitting these individual regression models can
become time-consuming and resource intensive. However, some quantile regression models can
simultaneously estimate multiple quantiles [57, 58], providing a more efficient approach compared to

building separate regression models for each quantile. Also, when estimating multiple quantiles
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simultaneously, additional constraints can be formulated to enforce monotonicity [59] and avoid the
issue of quantile crossing that arises when estimating the quantiles independently. It is worth
mentioning that a gradient-boosting model [60] was recently proposed to simultaneously estimate the
parameters of a probability distribution conditioned on some covariates. This model could be used to
estimate the parameters of a RD simultaneously rather than building an independent model for each

parameter.

Modern wind turbine hub heights vary between 80m and 100m, while wind speed data are
conventionally collected at 10m at meteorological stations. As a result, a technique for extrapolating
wind speed data to hub height becomes necessary (ex.: the power law). Such techniques can extend the
method proposed in this study to map wind speed distribution at hub height. Nevertheless, it is worth

noting that such extrapolation introduces a notable increment in the uncertainty of the outcomes.

Jung and Schindler [26] proposed a technique for mapping wind shear distribution, allowing the wind
speed distribution to be mapped at any standard hub height. Jung and Schindler [26] selected the Dagum
family distribution to represent the wind shear distribution. In future research, the non-parametric
approach proposed in this study could be adapted to map wind shear distribution without prior
assumptions about its distribution. Also, future studies can explore the possibility of extending the

proposed approach to other types of climatic variables, such as temperature and solar irradiation.

The approach proposed in this study can provide valuable information to estimate wind resources over a
large area during a prospecting phase. Once an area that meets the necessary socio-economic
requirements and showcases sufficient wind potential is identified, alternative methods are available to
evaluate the wind flow at the microscale. An example of such an approach involves conducting wind flow
simulations via Computational Fluid Dynamics (CFD), especially in complex terrain [61]. The

implementation of a CFD model requires the provision of initial wind data, which can be sourced from
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outputs generated by Numerical Weather Prediction [NWP: 62, 63, 64]. NWP models entail considerable

computational costs compared to statistical methodologies proposed herein. A compelling avenue of

research would involve comparing the performance of NWP and statistical models for CFD model input

and developing methods to combine statistical and CFD models to assess microscale wind flow dynamics.

6. Conclusion

A fully non-parametric approach was developed to map wind speed distribution. The new method was

compared to a more traditional approach based on mapping the parameters of a regional distribution.

The results of the comparative analysis highlighted the superiority of the proposed approach. The main

conclusions of the paper are summarized as follow:

The non-parametric approach is more practical as it does not require fitting and evaluating
several distribution functions to the available wind speed data. In the proposed method, wind
speed quantiles can be easily extracted from the time series and mapped using suitable
machine-learning techniques. At any location in the study area, the entire wind speed
distribution can be recovered from the estimated wind speed quantile by fitting asymmetric
kernel estimators. The proposed approach is free from any assumption on the wind speed
probability distribution family in the region that can bias the analysis. The non-parametric
approach is recommended for mapping wind speed distribution in regions with a highly variable
wind regime. The analysis indicates that the fully non-parametric approach improved the
Kolmogorov-Smirnov statistic by 9% on average during validation.

Compared to the regional distribution parameter mapping approach, quantile-based wind speed
distribution mapping can be slower to implement as it requires the estimation of multiple wind

speed quantiles. However, with the advancement in quantile regression models, it is possible to
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build a single regression model to predict multiple quantiles. This type of quantile regression
model should reduce the computational burden associated with the proposed approach.

e The Gradient boosting trees model outperformed the multilinear regression model for mapping
wind speed quantiles and the Weibull parameters. At the same time, feature selection based on
the Pearson correlation coefficient was more effective than the Mutual information. Utilizing the
Gradient Boosting Trees model and feature selection based on the Pearson correlation
coefficient resulted in a 23% improvement in R? during validation compared to the second-best
model for estimating wind speed quantiles.

e |t should be noted that symmetric kernels could also be fitted to the estimated wind speed
guantiles, with some probabilities associated to small negative wind speed values. Using an
asymmetric kernel effectively avoids probability leakage at the boundary of the lower tail of the
wind speed probability distribution.

e The proposed approach is easily portable to regions with sparsely available wind speed
measuring stations. The other data sources used in the study (ex.: DEM and land use map) are

often freely accessible from global datasets covering most regions of the world.
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Appendix | Statistics of the estimated wind speed quantiles

Table 6: Statistics of the estimated wind speed quantiles

Percentile Mean Std Min 25% 50% 75% Max
(km/h) (km/h) (km/h)  (km/h)  (km/h)  (km/h)  (km/h)
5 4.2 1.6 1 3 4 5 9
12.5 6.4 2.2 2 5 6 7 13
20 8.2 2.9 3 6 7 9.5 18
27.5 9.9 3.4 4 7 9 12 20
35 11.6 4.0 4 9 11 14.5 24
42.5 134 4.4 5 11 13 16.5 28
50 15.2 4.9 6 12 15 19 31
57.5 17.1 5.4 6 13 17 20 35
65 194 6.1 7 15 19 235 39
72.5 21.9 6.7 7 17 21 26 44
80 24.8 7.6 9 19 24 30 51
87.5 29.0 8.7 11 22.5 28 35 59
95 36.2 10.9 14 28.5 35 44 74
Appendix Il. Wind speed covariates
Table 7: Overview of the WS covariates
Predictor Description Spatial scale
Altitude Altitude of the location in meter.
Aspect Slope orientation in degree. 100m, 500m, 1000m,
1500m, 2000m
Deviation from Difference between the grid cell 100m, 500m, 1000m,
mean elevation elevation and the mean of its 1500m, 2000m
neighbouring cells normalized by the
standard deviation.
Difference from Difference between the grid cell 100m, 500m, 1000m,
cell mean elevation and the mean of its 1500m, 2000m
elevation neighbouring cells.
Difference of Difference between two copies of the (100m, 500m), (100m,
Gaussian DEM smoothed with two different 1000m), (500m, 1000m),
gaussian kernel. Measure land surface (300m, 500m), (1000m,
curvature. 2000m), (1000m, 1500m),
(100m, 2000m), (500m,
2000m)
Distance to coast The location distance to the coast
Elevation Percentile of the grid cell elevation 100m, 500m, 1000m,
percentile relative to the neighbouring cells. 1500m, 2000m
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Gaussian Product between the maximal and the 100m, 500m, 1000m,
curvature minimal curvature. Measure of surface 1500m, 2000m
curvature [65].

Geographical Geographical coordinates of the

coordinates location.

geomorphologic  Landform element classification with

phonotypes the geomorphons-based method [66].

(geomorphons)

Laplacian of Derivative filter used to highlight 100m, 500m, 1000m,

Gaussian location of rapid elevation change. 1500m, 2000m

Maximal Measure of surface curvature [67]. 100m, 500m, 1000m,

curvature 1500m, 2000m

Mean curvature Measure of surface curvature [67]. 100m, 500m, 1000m,
1500m, 2000m

minimal Measure of surface curvature [65]. 100m, 500m, 1000m,

curvature 1500m, 2000m

Pennock Landform classification based on the

landform class slope and curvature of the grid cell [68].

plan curvature Measure of surface curvature [65]. 100m, 500m, 1000m,
1500m, 2000m

Relative Normalized measure of the grid cell 100m, 500m, 1000m,

topographical elevation relative to its neighbouring 1500m, 2000m

position cells.

Ruggedness A measure of the local terrain 100m, 500m, 1000m,

index heterogeneity [66, 69] 1500m, 2000m

Slope Slope at the grid cell. 100m, 500m, 1000m,
1500m, 2000m

Standard Measure of surface roughness [70]. 100m, 500m, 1000m,

deviation of slope 1500m, 2000m

Surface area ratio Measure of the surface roughness [71]. 100m, 500m, 1000m,
1500m, 2000m

Surface Surface roughness length estimated 100m, 500m, 1000m,

roughness length  from land use map. 1500m, 2000m

tangential Measure of surface curvature [65]. 100m, 500m, 1000m,

curvature 1500m, 2000m

Total curvature Measure of surface curvature. 100m, 500m, 1000m,

1500m, 2000m

Temperature
trend

Seasonal and annual trends of mean
temperature change between 1948-
2018.
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