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Abstract

Facing increasing societal and economic pressure, many countries have established
strategies to develop renewable energy portfolios, whose penetration in the market can
alleviate the dependence on fossil fuels. In the case of wind, there is a fundamental
question related to the resilience (and hence profitability) of future wind farms to
a changing climate, given that current wind turbines have lifespans of up to thirty
years. In this work we develop a new non-Gaussian method to adjust assimilated
observational data to simulations and to estimate future wind, predicated on a trans-
Gaussian transformation and a cluster-wise minimization of the Kullback–Leibler
divergence. Future winds abundance will be determined for Saudi Arabia, a country
with a recently established plan to develop a portfolio of up to 16 GW of wind energy.
Further, we estimate the change in profits over future decades using additional high-
resolution simulations, an improved method for vertical wind extrapolation and power
curves from a collection of popular wind turbines. We find an overall increase in
daily profit of $273,000 for the wind energy market for the optimal locations for wind
farming in the country.

Keywords: Bias correction; Kullback-Leibler divergence; Non-Gaussian process; Nonsta-
tionary model; Spatio-temporal model; Wind energy
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1 Introduction

The vast evidence of the negative effects of fossil fuel emissions (24) calls for a major sys-

temic change in current strategies to produce and distribute energy throughout the world.

Societies worldwide are adapting by developing renewable alternatives to reduce depen-

dence on fossil fuels and to align with the standards imposed by the Paris Agreement (28).

Wind has been the natural resource with the largest share of power generation worldwide,

with the United States and China being the two major leaders (39). In the United States,

renewable energies, with wind energy being a major contributor, are predicted to surpass

coal in terms of share of the energy market by the end of this decade. Similarly, while Eu-

ropean countries have an overall smaller absolute installed capacity, the penetration of the

energy in the national grid is in percentage considerable, with a peak of 42% in Denmark.

The wind energy sector is at its early stages in developing countries such as Saudi

Arabia. Despite being one of the countries with the highest per capita energy consumption

(52), the sixth largest consumer of oil worldwide (3) and the largest in the Gulf Cooperating

Council (GCC) (22), the transition to renewable energy is very recent and almost exclusively

focused on solar energy (23). Currently Saudi Arabia’s contribution to the GCC’s renewable

energy portfolio amounts to 16% of the total capacity, with only 0.2% available for sharing,

and only 2% generated from wind (22). As part of the recently outlined ‘Vision 2030’

plan (33), Saudi Arabia aims to generate 16 GW of wind energy (32), positioning the

country as one of the major global wind energy suppliers and considerably contributing

to the planned emissions reduction targets stipulated in the United Nations Framework

Convention on Climate Change (47). Investments in wind energy would also result in the

increased reliability of renewable energy, as for example solar energy is only available during

daytime, whereas winds often peak at nighttime.

Under the aforementioned scenario, a comprehensive analysis must be conducted to
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identify optimal sites for developing windfarms based on a cost-benefit analysis. Several

recent studies with global climate models at annual (25) and monthly (26) scale, and later

at daily level (42; 44), including validation of observational and simulated data sets (6) and

extreme wind conditions (7), provided initial evidence about the availability of sufficient

wind for installing wind turbines. Very recently, (14) conducted the first full feasibility

study with a new high-resolution ensemble and identified the optimal locations and types

of turbine based on maintenance and operational costs. While their study provided the

first detailed assessment of the country’s resources, it relied on only four years of data, from

2013 to 2016, due to computational and storage constraints. This timescale is inconsistent

with the current lifespan of wind turbines, which can be as long as thirty years, and

the multidecadal effects of climate change could have an impact on the wind resource

availability.

In order to provide a pathway for a feasible and robust implementation of a wind energy

portfolio, the question of resilience under a changing climate must be addressed. Given the

computational impossibility to simulate high resolution numerical simulations for decades,

an alternative strategy focused on publicly available data must be devised. In this work

we focus on developing a methodology for assessing future winds, predicated upon the

estimation of the relationship between simulated and observed data for a historical period

at the same spatial and temporal scales. Under the assumption of an enduring relation

between these two data sets, future wind behaviors are estimated by applying the same

relation to future climate simulations.

Methods for adjusting observations and simulations have a long history in geoscience

(see, e.g., (54; 27) and (21; 17) for a general review). In its simplest form, the bias correction

method focuses on an individual time series, estimates the differences between observational

and simulated historical climate, and applies this difference to future simulations to obtain

the future observations. Slightly more sophisticated approaches involve also the use of
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variance (see Section 3 for a comprehensive review). With the exception of some studies

(e.g., (36; 50)), the vast majority of literature has focused on the adjustment of first and

second moments for the marginal distribution of a time series.

Only recently statistical methodologies focused on adjustments of the joint spatial or

temporal distribution have been proposed. (30) proposed a spectral-based approach to the

adjustment of time series, thus resulting in an adjustment of the implied covariance struc-

ture. At the core of this method, formulated as a generalization of the ‘Delta method’ (17),

is the notion of (penalized) estimation of the ratio between the spectral densities of observa-

tions and simulations. (37) proposed a generalization of the aforementioned approach to a

transient climate and multiple simulations under different future scenarios. In this work, we

propose a new approach based on a non-Gaussian clusterwise spatial transformation, which

is estimated by minimizing the distance between the joint distribution of the observational

and of the simulated data field. Our proposed approach is based on three fundamental

ideas: 1) non-Gaussianity can be accounted for through a marginal transformation which

is slowly varying in space; 2) the transformation to Gaussianity can be inferred by minimiz-

ing the distributional distance between the two fields, as long as this value is comparable,

and possibly within the confidence interval of the maximum likelihood estimate; and 3)

transformation to Gaussianity allows a simple adjustment of first and second moments and

a back-transformation to the original scale. Besides the obvious difference of being focused

on space rather than time, our proposed method approaches the adjustment of the joint

distribution under a different perspective from (30) and (37), as it explicitly aims to trans-

form the data to Gaussianity instead of adjusting its spectral representation. While their

proposed method incidentally ‘retained most non-Gaussian characteristics of data’, this

was not the primary objective, while in this work a transformation/back-transformation to

non-Gaussianity ensures the preservation of the marginal distribution.

Section 2 introduces the data sets used for this study, validates the historical wind
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speeds across Saudi Arabia, and proposes a model for the mean and temporal depen-

dence. Section 3 reviews current approaches to observation-simulation corrections. Section

4 introduces the proposed methodology for non-Gaussian adjustment. Section 5 validates

the model with a simulation study with non-Gaussian random fields and historical data.

Section 6 applies the proposed methodology, along with vertical wind extrapolation and

power curve evaluation, to estimate the change in daily profits from future winds in Saudi

Arabia. Section 7 concludes with a discussion. The code for this manuscript is avail-

able atgithub.com/jiachenzhang001/Non-Gaussian-Bias-Correction the following GitHub

repository: github.com/jiachenzhang001/Non-Gaussian-Bias-Correction.

2 Data and preprocessing

In this study, we focus on daily wind speed data at 10 meters above the ground level in

Saudi Arabia, which is bounded approximately by longitudes of 34◦E–56◦E and latitudes

of 16◦N–33◦N (see Figure 1(a-b)). Wind speed is derived as the Euclidean norm from the

zonal and meridional velocity (i.e., over the x and y axes). We present the data set of the

power curves along with the information related to the cost of energy in the supplementary

material.

2.1 Observational data

We use the Modern-Era Retrospective Analysis for Research and Applications, version

2 (MERRA-2, (13)), available from 1980 to the present day. Reanalysis data consists

of observational data assimilated to a numerical weather model and, in the geoscience

community, this data product is considered the best representation of the state of the

Earth’s system. MERRA-2 is the reference observational data set used in our study and

is available on a regular grid with a resolution of 0.625◦ × 0.5◦ in longitude and latitude,
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respectively. We only use daily wind speed data from 1980 to 2005, for a total of 26 years,

to match the simulation data sets presented in Section 2.2. There are n = 614 locations

in Saudi Arabia at MERRA-2 resolution for a total of T = 9, 497 days. Throughout this

manuscript, we will denote the MERRA-2 wind fields as WO(si, tj), where the subscript O

indicates the observation.

2.2 Regional simulations

We use the simulations from the Coordinated Regional Climate Downscaling Experiment

(CORDEX), which is a set of coordinated regional experiments. Specifically, we focus on

the Middle East North Africa (MENA) CORDEX Program, and among the five available

simulations, we select CORDEX-4, which exhibits the best agreement with MERRA-2 in

Saudi Arabia, as demonstrated by (6). The simulation resolution is 0.22◦ × 0.22◦, finer

than MERRA-2, and boundary conditions for the historical and future periods are pro-

vided by the Geophysical Fluid Dynamics Laboratory global coupled climate-carbon Earth

System Models (GFDL-ESM2M, (9)). Future GFDL-ESM2M runs are simulated under the

Representative Concentration Pathways 8.5 (RCP 8.5, (48)) scenario, in which the global

radiative forcing is assumed to increase by 8.5 W/m2 by 2100 (45). We regrid and upscale

the MENA CORDEX data to the MERRA-2 resolution by considering the average of lo-

cations in MENA CORDEX that are within the range of two consecutive MERRA-2 grids.

Even though the historical run spans from 1950 to 2005, we only consider data from 1980

to 2005 to align the observation window with MERRA-2; for future runs we only consider

simulations in the near future for the same number of years, i.e., from 2025 to 2050. We

will denote the MENA-CORDEX wind fields as WS(si, tj), where the subscript S indicates

for simulation.
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2.3 Overview of the MENA CORDEX and MERRA-2 represen-

tation of wind fields in Saudi Arabia

Figure 1(a-b) show the average daily wind speed from year 1980 to 2005 from MENA

CORDEX and MERRA-2, respectively, during June, July, and August, which correspond

to the season with the highest winds (6; 14). Wind from MENA CORDEX is consistently

lower than from MERRA-2, which is apparent when comparing the color scales of the two

maps. Moreover, both panels show that the average wind speed is high near the water

masses of the Red Sea, Mediterranean and Persian Gulf due to strong temperature and

pressure gradients between land and ocean. MERRA-2 also indicates strong winds towards

the central plateau where the capital Riyadh is located.

Figure 1(c) compares the spatially averaged annual cycle. Despite a strong additive

bias, MENA CORDEX and MERRA-2 agree in terms of the annual cycle, the wind speed

is at its highest and lowest during summer and winter, respectively. This annual variability

is attributable to Saudi Arabia’s location within the trade-wind belt (Hadley cell) of the

Northern Hemisphere (16). During winter, wind travels south from the Mediterranean

to the Persian Gulf. However, with the advent of spring, the northern wind becomes

stronger, and the monsoon season brings southeastern wind from the Indian Ocean to the

southeastern part of the peninsula and the Arabian Sea. Figure 1(d) shows the Taylor

diagram, a standard graphical diagnostics in polar coordinates between two data sets, with

the radius representing the ratio of standard deviations and the angle being proportional

to the correlation between the two data sets. The diagram compares data aggregated at

daily and monthly level. Unsurprisingly, the two data sets are more strongly correlated at

monthly level, and the variability of MENA CORDEX is smaller (larger) at daily (monthly)

level when compared to that of MERRA-2. Further comparison is shown in Figure S1 of

the supplementary materials.
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Figure 1: Average daily wind speeds for June-July-August from 1980 to 2005 for (a)

MERRA-2 and (b) MENA CORDEX; (c) Annual cycle of daily wind speed in Saudi Arabia

from MENA CORDEX and MERRA-2; (d) Taylor diagram of monthly (purple crosses),

and daily (red triangles) wind speeds from MENA CORDEX, and MERRA-2 (black dot).

σO and σS are the spatial standard deviations of MERRA-2 and MENA CORDEX, respec-

tively.

2.4 Model for the mean and temporal dependence

We assume a periodic climatology described by K harmonics in order to account for the

inter-annual wind variability. If we denote the wind speed for location s and time t by
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W (s, t), its interannual variability across the year can be written as

W (si, tj) = µ(si, tj) +
∑P

i′=1 φi′,iε(si, tj−i′) + ε(si, tj),

µ(si, tj) = ωi ∗ yr(tj) +
∑K

k=1

{
βk,i sin

(
2πktj
δ

)
+ β′k,i cos

(
2πktj
δ

)}
,

(1)

where δ ∈ {365, 366} depending on whether the year is non-leap or leap, si = (xi, yi), i =

1, . . . , n; j = 1, . . . , T , and yr(t) represents the year of day t. Thus, the model assumes a

location-specific linear annual trend, with K harmonics to explain inter-annual variability

and P autoregressive coefficients. We further assume that ε(si, tj) is independent across tj

with a spatial dependence that will be specified later. The mean and the autoregressive

coefficients are estimated through site-specific inference, initially by assuming Gaussian

errors and independence in time for estimating {ωi, βk,i, β′k,i} and subsequently estimating

φi by maximum likelihood. In the supplementary material we present diagnostics to show

that 1) the linear trend ωi is significant for the majority of points in both data sets (Figure

S2); 2) two harmonics (K = 2) are sufficient to explain the climatology for both data sets

(Figure S3); 3) the parameters βk,i, β
′
k,i, φi are constant in time (Figures S4 and S5); and

4) the residuals of (1) are uncorrelated in time (Figure S6).

3 Review of adjustment approaches

MERRA-2 represents the state of the system assimilated from observations, so it can be

observed up to the present and its future needs to be estimated. The simulations obtained

from MENA CORDEX can be used as a proxy to assess the future wind speed. From the

preliminary analysis in Section 2.3, a systematic mismatch between the two data sets is

apparent. The objective of this study is to provide an adjustment of this mismatch in the

historical period and use it to predict future MERRA-2 observations using the available

future MENA CORDEX simulations. While the methods are general, for consistency with
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the previous section, we will denote the spatio-temporal wind fields as W
(H)
O and W

(H)
S

for MERRA-2 (O for observations) and MENA CORDEX (S for simulations), respectively,

for the historical period (1980-2005). The future data will be denoted as W
(F )
O and W

(F )
S .

Throughout this section, we will refer to MERRA-2 as ‘observations’ and MENA CORDEX

as ‘simulations’ to emphasize the generality of our methodology.

3.1 Correction for marginal distributions

The simplest approach to achieve adjusted future simulations is bias correction, which

assumes a simple additive bias between observations and simulations, estimates it in the

historical period, and then adjusts future simulations. Bias correction has been widely

used in a number of studies in geoscience (see, e.g., (18; 5) for wind applications). This

approach assumes that there is no difference in marginal variance, spatial covariance, or

other high-order moments. Formally, we assume that the observation-corrected data for a

location si can be expressed as

W
(F )
O (si, tj) = W

(F )
S (si, tj) +

{
µ

(H)
O (si, tj)− µ(H)

S (si, tj)
}
, (2)

where tj refers to the jth time for the historical or future time period, and µ
(H)
` (si) for

` = {O, S} is the mean in the historical period (from 1980 to 2005), which is estimated via

the location-specific inference of the mean parameters in (1), as described in Section 2.

Two data sets typically exhibit differences also in their temporal variability (see Figure

S1), which cannot be accounted for by a simple bias correction. Therefore, a relatively more

articulated approach focuses on adjusting both the mean and variance (46; 31). Formally:

W
(F )
O (si, tj) = W

(F )
S (si, tj) +

σ
(H)
O (si)

σ
(H)
S (si)

{
µ

(H)
O (si, tj)− µ(H)

S (si, tj)
}
, (3)

where σ
(H)
` (si) for ` = {O, S} is the standard deviation in the historical period, and is

estimated from the parameters of the autoregressive process in (1).
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3.2 Covariance adjustment

In the previous section, the adjustment was performed independently for every grid point,

hence focusing only on the marginal distribution, without considering the potential depen-

dence across multiple locations. However, there is strong evidence of spatial dependence

in the observed and simulated field. Indeed, Figure S8 indicates a strong empirical spatial

correlation between two neighboring points for both data sets. It is therefore of interest

to develop methods to correct not just for the mean and variance, but also for the spatial

correlation.

Under the assumption of Gaussianity, a simple generalization of (3) allows for adjust-

ment of both the mean and covariance matrix (therefore including variance). Indeed, future

observations can be expressed as:

W
(F )
O (tj) = W

(F )
S (tj) + (Σ

(H)
O )

1
2

{
(Σ

(H)
S )−

1
2

}> {
µ

(H)
O (tj)− µ(H)

S (tj)
}
, (4)

where µ
(H)
` (tj) =

(
µ

(H)
k (s1, tj), . . . , µ

(H)
k (sn, tj)

)
(with the same convention being used for

the other quantities), and Σ
(H)
` for ` = {O, S} denotes the covariance matrices for the

observational and simulated data sets in the historical period, and the superscript 1
2

denotes

the Cholesky decomposition. While Σ
(H)
` could be estimated using a simple nonparametric

sample covariance matrix, the relatively large number of locations (n = 614) would result

in an unstable estimate. Instead, we assume spatial dependence via two parametric models

in increasing order of complexity. First, we consider a stationary and isotropic covariance

function modeled by the Matérn correlation (41), i.e., if two measurement are separated

by distance h, then their correlation is

C(h) =
21−ν

Γ(ν)

(√
2ν
h

ρ

)ν
Kν

(√
2ν
h

ρ

)
, (5)

where ρ > 0 is the range parameter, ν > 0 is the smoothness of the process, and Kν is

the Bessel function of the second kind of order ν. Second, we consider a more articulated
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nonstationary covariance resulting from the kernel convolution representation of the random

field (20), which can be written in closed form under a general class of kernels as (34)

C(s, s′) = σ(s)σ(s′)
|Σ(s)|1/4|Σ(s′)|1/4∣∣∣Σ(s)+Σ(s′)

2

∣∣∣1/2 g
(√

Q(s, s′)
)
, (6)

where

Q(s, s′) = (s− s′)>
(

Σ(s) + Σ(s′)

2

)−1

(s− s′).

In this study, the function g is specified to be the exponential function (although several

other alternatives are possible) with a spatially varying range. All the spatially varying

parameters are defined through the mixture of fixed knots for A fixed locations ba, a =

1, . . . , A. Herein, we select A = 4 as a larger number of knots would imply a considerable

increase in computational cost. The spatially varying variance is defined as

σ(s) =
A∑
a=1

wa(s)σa, wa(s) ∝ exp

{
−‖s− ba‖2

2λσ

}
,

where the weights are normalized and λσ could be estimated, but for simplicity it is here

assumed to be fixed at one half of the minimum distance between the knots. A similar

approach is used to define Σ(s) and the exponential function range. Inference is performed

through local likelihood, see (40) for details.

4 Adjusting for non-Gaussian spatial data

The methods presented in Section 3 allow to correct the joint distribution under the as-

sumption that the mean and covariance are the only quantities for which the adjustment

is necessary. This is appropriate only for physical variables whose temporal aggregation

is sufficiently large to ensure at least approximate Gaussianity. Wind data aggregated at

daily or subdaily level are generally expected to exhibit non-Gaussian behaviors, and in
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particular, to be skewed to the right owing to occasionally high values because of local

meteorological events such as storm fronts or persistent wind gusts. This is indeed the case

in our application. Figure 2(a) shows the histogram of the MENA CORDEX data from a

location at the northwest end of Saudi Arabia represented by a cross in Figure 1(a-b). The

superimposed best fit for a Gaussian distribution is vastly inadequate as it fails to capture

the aforementioned right skew. Furthermore, the red boxplots in Figure 2(c-d) show the

skewness and excess kurtosis for all locations in MENA CORDEX, with a characteristic

right skew and some degree of excess kurtosis.

Figure 2: Comparison of the MENA CORDEX data from 1980 to 2005 before and after

transformation. Histogram of the (a) original and (b) transformed data at one selected

location (see the cross in Figure 1(a-b)). The red line represents the Normal distribution

that best fits the data. Boxplot of (c) skewness and (d) excess kurtosis at all locations.
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We propose a correction method for non-Gaussian data based on marginal, spatially

varying transformations. We denote this transformation to Gaussianity by gλ, a function de-

pending on λ, and we assume the same class of transformation by gλ with λ = (λ1, . . . , λn)>

indicating the element-wise transformation at each location. Future observations are then

obtained as

W
(F )
O (tj) = g−1

λO

[
gλS

(W
(F )
S )(tj) + (Σ

(H)
O )

1
2

{
(Σ

(H)
S )−

1
2

}> {
µ

(H)
O (tj)− µ(H)

S (tj)
}]

, (7)

where now µ
(H)
` (si) and Σ

(H)
` for ` = {O, S} represent the mean and covariance matrix of

the transformed process gλ`
(W

(H)
` )(tj), respectively. In the next sections, we will discuss

the particular choice of transformation gλ and the assumptions on λ to allow an approxi-

mately optimal choice across the entire spatial domain.

4.1 The Yeo-Johnson transformation

The standard Box-Cox transformation (11) cannot be used for gλ, as our objective is to

transform residuals, which are not necessarily non-negative. Instead, we rely on a similar

function, the Yeo-Johnson transformation (53):

gλ(x) =



[(x+ 1)λ − 1]/λ, x ≥ 0, λ 6= 0,

log(x+ 1), x ≥ 0, λ = 0,

−[(−x+ 1)2−λ − 1]/(2− λ), x < 0, λ 6= 2,

− log(−x+ 1), x < 0, λ = 2.

While the standard approach for estimating λ is to maximize the likelihood of trans-

forming the data to Gaussianity, our objective is to minimize the (joint) distributional

distance, which in this work is measured as the Kullback-Leibler divergence (KL diver-

gence (29), see Section 4.2), between the observational and simulated data. The key idea

of our proposed approach is that even if the parameter is estimated by minimization of KL
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divergence and not Maximum Likelihood Estimator (MLE), their difference is not substan-

tial. Indeed, for a sizable number of sites the (asymptotic, likelihood based) 95% confidence

interval for the MLE includes the parameter obtained via distance minimization, despite

its narrow range owing to the sample size from T = 9, 497 days (see Figure S9). Once the

parameter has been inferred for both data sets and the transformation has been applied,

the bias and covariance from the correction method in Section 3.2 are estimated under the

assumption of Gaussianity, and the results are applied to the future simulated data to ob-

tain an estimate for future observational data as explained in equation (7). As an example,

Figure 2(b) shows the result for the transformed wind field according to the method pro-

posed in this study for one location, resulting in an approximately Gaussian distribution.

Figure 2(c-d) show the skewness and excess kurtosis at all the locations before and after

the transformation (with MLE, see Figure S10 for the results with KL divergence), and it

is readily apparent how the transformation is sufficiently flexible to transform the data to

Gaussianity at all locations.

4.2 k-Nearest Neighbors Approximation of the Kullback-Leibler

Divergence

The KL divergence is a measure of how one probability distribution differs from a second

reference probability distribution. In this study, we estimate the KL divergence between

the simulations and observations, denoted as fS and fO respectively:

DKL(fO||fS) =

∫
fO(x) log

{
fO(x)

fS(x)

}
dx. (8)

In our case, a direct evaluation is computationally impossible as comparing two multivariate

distributions of dimension n = 614 would require an integration over the same number of

dimension in (8). While a simplifying expression is available for the Gaussian distribution,

it will not be used here as a comparison with different methods in the original non-Gaussian
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scale must be made. Therefore, we rely upon a numerical approximation of the integral

using k-nearest-neighbor (k-NN) (31; 51). Let us assume that we have two n-dimensional

random samples from two populations with probability density functions fO and fS. We

define the distance between the ith sample from fO and 1) its k-NN in the same population

as ρk′(i), and 2) its k-NN in the other population as νk′(i). Then, we use the following

approximation (51):

D̂KL(fO||fS) =
1

n

n∑
i=1

log
f̂O(X i)

f̂S(X i)
=

n

m

m∑
i=1

log
νk′(i)

ρk′(i)
+ log

m′

m− 1
, (9)

where f̂
(k′)
O (X i) = k′

m−1
· 1
v1(n)ρd

k′ (i)
and f̂

(k′)
S (Xi) = k′

m′ · 1
v1(d)νd

k′ (i)
are the k-NN estimators of

fO and fS, respectively, v1(n) = πn/2

Γ(n
2

+1)
, and Γ(·) is the Gamma function.

In our case, the dimension is equal to the number of locations, i.e. n = 614, and the

number of samples m = m′ = 4, 749 (13 years of data in the testing set, as detailed in

Section 2) since we evaluated MENA CORDEX and MERRA-2 for the same time period.

One critical aspect of this approximation is the selection of k′, i.e., the number of nearest

neighbors. In this study, the standard convention of using the square root of the number

of observations is used (2), so that k′ =
√

4, 749 ≈ 70.

4.3 K-means Clustering

To determine the transformation in (7), λO and λS must be estimated. While it is possible

in principle to estimate all 2n = 1, 222 location-specific parameters jointly, this would lead

to an unnecessary and severe overparametrization, as geographically close locations are

expected to have similar estimates. In practice, a joint estimation is also computationally

infeasible, since it would require a simultaneous optimization over all 2n parameters.

In order to reduce the parameter space, and consequently the computational time,

we assume that λO and λS are constant across some regions with a k-means clustering
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approach, i.e., for some p-variate observations x1, . . . ,xn and a fixed k′′, we aim to minimize

the distance between elements of each cluster and its mean.

Figure 3: MENA CORDEX maps of (a) the Yeo-Johnson MLE; (b) the cluster-wise MLE

and (c) the cluster-wise parameter estimated by minimizing the KL divergence. (d) The

log-likelihood profile of the cluster indicated in (c), the red cross represents the cluster-wise

parameter, and the outer-most dashed lines indicate the 95% confidence interval of the

MLE.

While our main interest is to obtain regions with similar λO, it would be desirable to

have spatially coherent clusters for interpretability. Therefore, we assume that for each site,

we have p = 3 covariates: the MLE of the element of λO corresponding to that site, the
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latitude, and the longitude. Preliminary exploratory analysis (not shown) indicates that a

weighted version of k-means with even a small weight on latitude and longitude allows for

spatially coherent clusters. Therefore, we will assume a weight of 0.98 on the MLE and a

weight of 0.01 each for the latitude and longitude, and k′′ = 20 clusters, each with thirty

to fifty grids, as shown in Figure 3(b-c). The usage of clusters instead of location-specific

parameters implies some loss of information. For MENA CORDEX, Figure 3(a) shows

the map of the pointwise MLEs (see Figure S9(a) for MERRA-2), whereas Figure 3(b)

shows the clusterwise MLEs. Both the values and spatial patterns are visually similar.

Figure S9(b-c) show the map of the points whose (asymptotic, likelihood-based) confidence

interval for pointwise MLEs include the MLE for the corresponding cluster of both data

sets. Despite the very small intervals resulting from T = 9, 497 observations, a sizable

portion of the sites (50% MERRA-2 and 37% for MENA CORDEX) includes the cluster

MLE.

Even though our objective is to estimate λ` = (λ`;1, . . . , λ`;k′′)
>, ` = {O, S} (i.e., the

parameters for each cluster) such that the KL divergence is minimized, the resulting value

must not be too different from the MLE to still achieve Gaussianity. Figures 3(b) and 3(c)

compare the cluster-wise MLE and KL minimizer for MENA CORDEX. Their patterns

are very similar, albeit with a few noticeable differences. 12 clusters from among k′′ = 20

have the KL minimizer inside the MLE confidence interval for both MENA CORDEX and

MERRA-2, and Figure 3(d) shows an example of the cluster highlighted in the southern

part of the country. In the case of pointwise MLEs, despite the narrow interval from the

large number of observed days, the KL minimizers in panel (c) fall within the interval from

panel (b).
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5 Validation with simulations and real data

In this section, we validate our proposed methodology with respect to traditional ap-

proaches in terms of the KL divergence for 1) two simulated non-Gaussian random fields,

and 2) the MENA CORDEX simulations and MERRA-2 data. Throughout this section,

we use M to denote the marginal bias correction with mean (2), MV to denote mean and

variance (3), MC and MN to denote the mean and covariance in model (4) via the Matérn

parameters in (5) and the nonstationary model (6), respectively. Further, we compare

these methods with our proposed approach in (7) for two cases in which the nonstationary

covariance (6) is used. In the first case, denoted as T1, a single transformation parameter

is considered for each of the observations and simulations, so that all locations are trans-

formed by the same parameter, minimizing the KL divergence. In the second case denoted

as TC, we use a cluster-wise parameter determined by k-means as specified in Section 4.3,

for each of the two data sets. Thus, the locations in the same cluster are transformed by the

same parameter and the vector of all cluster transformations minimizes the KL divergence

across all the sites. Computational details are presented in the supplementary material.

5.1 Simulated data

We perform a simulation study to assess the model performance in capturing varying

degrees of non-Gaussianity. Both data sets are simulated from two random fields that

cannot be transformed to Gaussianity with a simple marginal transformation. Furthermore,

to simplify the setting, we do not assume any inter-annual or annual trend or temporal

dependence (i.e., φi′,i = βk,i = β′k,i = ωi = 0 for all i = 1, . . . , n, i′ = 1, . . . , P , and

k = 1, . . . , K in (1)). The spatial domain of our simulation comprises of 200 locations

divided into R = 8 spatial regions with 25 points each on a 5 × 5 grid in a square of

length 1. For each simulation, 100 replicates were generated, among which the first 50 were
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considered the historical period, and the last 50 were considered the future period. A total

of 1,000 simulations was performed.

As ‘observational’ data, we simulated samples from a bi-resolution model with a non-

Gaussian marginal distribution (44; 43). For each region r = 1, . . . , R we have

W
(`)
O (s) =

λSKT|USKT
r |+ ηSKT

r (s)√
ZSKT
r

, (10)

where ` = {H,F}, and the temporal index has been omitted for simplicity,

ZSKT
r ∼ Gamma(νSKT/2, νSKT/2) independent and identically distributed, and USKT =

(USKT
1 , . . . , USKT

R )> ∼ N (0,ΣSKT
0 ) and ηSKT

r (s) indicate a zero mean Gaussian random

field independent across r with covariance matrix ΣSKT
r . The model assumes that, for each

region r, the two effects ZSKT
r and USKT

r are constant, and the small scale variation is

accounted by the field ηSKT
r (s). Across the regions, the vector USKT characterizes the large

scale dependence. This model (10) exhibits a skew-t marginal distribution, i.e., a pertur-

bation of the t distribution accounting for skewed behavior (1) and it can be represented

hierarchically, thereby allowing relatively fast frequentist or Bayesian inference. For our

simulation, we fix the parameters λSKT = 0.8 and νSKT = 8 and assume that ΣSKT
r and

ΣSKT
0 are generated from exponential covariance functions with ranges of 0.2 and 0.5, re-

spectively, corresponding to maximum correlations of 0.77 and 0.24, respectively. The large

correlation within each region is in accordance with the previous results with bi-resolution

models, where the majority of the dependence is explained by the small scale (4; 44). Ad-

ditional simulations with parameter choices leading to weaker and stronger correlation are

shown in Figure S11.

The ‘simulation’ data are obtained from a Gaussian-Log-Gaussian (GLG, (35)), which

assumes

W
(`)
S (s) =

ηGLG(s)√
ξGLG(s)

+ εGLG(s), (11)

where ` = {H,F} and ηGLG(s) is an isotropic zero mean Gaussian field with covariance
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function CGLG, which is considered to be an exponential with a range parameter of 0.2.

The process ξGLG(s) is such that log{ξGLG(s)} is a Gaussian field with mean −νGLG/2 and

covariance function νGLGCGLG, where CGLG is exponential with a range of 0.7, so that

marginally ξGLG(s) is lognormal with mean 1 and variance exp(νGLG) − 1, and νGLG = 8

in our simulation. The error term εGLG(s) represents an independent Gaussian noise with

zero mean and variance τ 2;GLG = 0.1, representing the micro-scale variability or the nugget

effect. As for the bi-resolution model (10), model (11) cannot be transformed to Gaussianity

with a simple marginal transformation; thus our proposed approach is not trained to obtain

an exact transformation to Gaussianity for either the ‘observed’ or ‘simulated’ data sets.

Figure 4(a) shows the results in terms of the KL divergence ratio between the MV

method and MC, MN, T1, and TC (M is not applied because the ‘simulated’ data have

zero mean by construction), where each element of the boxplots represents one of the 1,000

simulations. Despite the considerably different and non-trivial non-Gaussian structures of

the two data sets, the proposed approach can more closely estimate the true future ob-

servations against a Gaussian transformation, with an improvement of 29% in the median

using a single transformation in T1. The clusterwise transformation TC yields a further

improvement of 31%, although at an increased computational cost, because the transfor-

mation parameters must be separately estimated for each region.

5.2 Wind speed data

Since future observations cannot be used to validate our model, we only consider the

historical data period, and we separated it into a training and testing set. We use the first

thirteen years of data (1980 to 1992) as the training set and the last thirteen years (1993

to 2005) as the test set. Thus, the models are estimated according to the training set, and

the predictions in the test period are made by assuming that only MENA CORDEX is

available. Then, MERRA-2 is estimated and compared with the original data.
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Figure 4: Boxplot of KL divergences between (a) MV and the MC, MN, T1 and TC

method for the simulated data and (b) M and the MV, MC, MN, T1 and TC method for

the estimated and actual MERRA-2 from 1993 to 2005. Each of the 1,000 elements of

the boxplot represents an independent simulation in (a) and a random sub-sample of 300

locations in (b).

We compute the KL divergence (estimated and true MERRA-2 data in the testing

set) ratio between the simple mean bias correction (M) and other approaches. The MV,

MC, and MN approach result in ratios of 0.93, 0.88, and 0.81, respectively, indicating

an increasingly faithful representation of MERRA-2 if the variance and covariance are

estimated. Our proposed approach can further decrease the KL ratio to 0.58 and 0.51 for

T1 and TC, respectively.

To assess the uncertainty in the KL ratio, for 1,000 times we sample 300 points (from

the total n = 614 in the spatial domain) from the spatial domain, perform the correction

methods, and estimate the KL ratio for each sample. Each boxplot in Figure 4(b) represents

the KL ratio between M and the other approaches for each subsample. For MC, MN

and T1 methods, we estimate the covariance function parameters for each sample. In

the case of the transformation, we used the same parameters as for the full data set for

computational convenience. For TC, we used k-means and a stratified sampling method
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to select 50% of the locations in each cluster. Overall, the improvement in the proposed

model is apparent throughout the subsamples, with an increasingly small KL divergence

and with our proposed T1 and TC methods yielding the smallest divergence.

6 Application

We use the proposed approach to estimate how the daily revenue from the current optimal

turbines build-out in Saudi Arabia will be impacted by a changing climate over the next

few decades. In subsection 6.1 we describe our approach for extrapolating the predicted

surface wind to hub height, whereas in subsection 6.2 we assess the final change in profits

implied by the corrected data extrapolated at hub height.

6.1 Extrapolation to hub height

In Figure 5(a) the daily surface wind speed according to MERRA-2 is presented. This

map indicates spatial patterns of potential interest for wind harvesting, especially in the

north-west corner, which is a site of particular interest because of the ongoing project to

build a self-sustainable city (NEOM, (12)). However, the surface wind does not necessarily

represent the wind at higher altitudes. Indeed, the wind speed data from both MENA

CORDEX and MERRA-2 are computed or observed at a reference height of 10 meters,

whereas wind turbines normally operate at a height of 80-120 meters. Therefore, in order

to assess the wind energy output, the surface wind speed must be extrapolated to the

height at which wind turbines operate. There is a vast literature on extrapolating wind

speed from surface to a height within the boundary layer, see (10) for a comprehensive
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review. In the vast majority of studies, the power law is used:

W
(F )
O (si, tj, hk) = W

(F )
O (si, tj, hr)

(
hk
hr

)αi,j

eη(si,tj),

η(si, tj) ∼ N (0, σ2
i ),

(12)

where hk is the height to which we want to extrapolate and hr is the height at which data

are available (in our case is 10 meters). The α is the shear coefficient of the power law,

and its value is assumed to change depending on local spatial properties such as surface

roughness and thermal stability (i.e., the temperature gradient for the first layers in the

boundary layer) (15). In the absence of any meteorological information, the standard

approach is to assume that αij = 1/7, which corresponds to a value observed on flat terrain

under neutral atmospheric conditions (38; 42). Direct estimation of αij using MERRA-2

or MENA CORDEX is impossible, as direct estimation of the power law from (12) would

require sufficient vertical wind levels below 100 meters, and neither data sets is designed for

this level of accuracy near the surface. In this study, we rely instead on a high resolution

WRF ensemble and select a run by adopting a planetary boundary layer parameterization,

resolution and boundary conditions resulting in simulations closer to a few in-situ data

available (14). The WRF simulation is specifically designed to capture the wind at a

high resolution near the surface, and resolves the wind speed vertical profile at six levels,

which are approximately equally spaced from the ground level to an altitude of 100 meters.

Therefore, these data will be used to estimate αij and σ2
i in (12). Since we focus on

daily data (neither MERRA-2 nor MENA CORDEX has hourly data) and a preliminary

analysis (not shown) did not highlight temporal changes in the shear coefficient, αij = αi

is estimated from the power law with a simple log regression.

The map of the estimated wind shear coefficients, along with their standard deviations

and the coefficients of determination R2 can be observed from Figure S12. The map of

the estimates indicates a considerable spatial variability, with very small and even negative
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values of the shear coefficient closely associated with the mountainous areas of the Hejaz

region in the west. While slower wind at high altitudes is an unexpected (yet physically

admissible) behavior within the boundary layer, it often occurs in areas exhibiting the

smallest R2 and the largest standard deviation, indicating that the power law (12) is

likely not an appropriate model, as also indicated in many studies (15; 8). Since the

installation of wind turbines is not cost effective in the rough terrains of Saudi Arabia

(14), the model misspecification over these regions is not a major concern. Once the αi are

estimated, MERRA-2 data are then downscaled from the 50×50 km to the 6×6 km WRF

resolution with ordinary kriging using another Matérn (5) covariance, and the wind speed

at the desired hub height is computed. Finally, given the uncertainty associated with the

determination of the shear coefficients, we performed 1,000 extrapolations for each site by

simulating both the shear coefficient with its variability, as well as the random noise from

the parameters estimated in (12).

Figure 5(b) shows the extrapolated average daily wind at 100 meters for MERRA-2

during 2025-2050. Besides being uniformly faster than wind at the surface, the spatial

patterns are not drastically different from those in panel (a), as expected. Figure S13

shows the relative change of 100 meter wind against surface wind, and highlights how the

increase in wind speed ranges from 60% to about 85%.

6.2 Assessing changes in future wind energy revenues

(14) showed that the most cost effective choice of turbines depends upon the site, because

the construction and maintenance cost as well as the potential for harnessing the wind vary.

Here, we use the same map of the most efficient turbines as indicated in Figure 5(a) of the

aforementioned manuscript, and extrapolate the surface wind to the hub height of each

turbine type. The wind speed is translated into energy through a turbine-specific power

curve, which is a function that represents the ability of the turbine to translate the blade
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Figure 5: Maps of averaged daily wind speed at (a) the surface and (b) 100 meters from

2025 to 2050, and (c) average differences between the future and historical wind energy

profits and their standard deviations (d).

movement into energy. Power curves are zero until a given wind speed, increase up to a

maximum rated power and are constant for any stronger wind. The power curves for specific

turbines are not available to the public domain, and in this study we used a proprietary

database purchased from The Wind Power (www.thewindpower.net/about en.php). The

total energy output per cell can be calculated by multiplying the power for a single turbine

with the total number of turbines, is dependent on the diameter of the rotor blade and has
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to allow sufficient spacing among turbines to avoid local turbulence (wake effect), which

would reduce the overall efficiency.

Finally, the wind power is translated into actual revenue using the current tariffs of

the Saudi Electricity Company (www.se.com.sa/en-us/customers/Pages/TariffRates.aspx),

which is approximately 5 US cents per kWh. The current estimate is likely to be sensi-

bly overestimated because the associated direct and indirect costs were not accounted for.

The difference in revenue, as implied by the changes between future and present wind, is

presented in Figure 5(c). Overall, the map indicates increased revenues of up to approxi-

mately $4,000 per day for the vast majority of the sites. Most importantly, the sites with

increased future revenues are those located near the coasts, hence with more potential for

wind harvesting, and especially the NEOM region in the north west. The regions towards

the center of Saudi Arabia, including the neighborhoods of the capital Riyadh would incur

a loss in revenue from changes in wind, if turbines were to be installed there, although it

would not be as substantial as in the other areas. The uncertainty map is presented in Fig-

ure 5(d), and indicates large uncertainties in some areas, especially near the Persian Gulf.

While these uncertainties are arguably large in some areas, they are a direct consequence

of the considerable daily variability of the power law (12). The uncertainty in the use of

the power law has been acknowledged (15; 8), even though it has not been frequently used

with the goal of uncertainty quantification, but in relation to additional covariates such

as temperature gradients and stability metrics, which cannot be determined in this study

given the coarse vertical structures of MERRA-2 and MENA CORDEX.

While the aforementioned maps provide an overall estimation of the difference in profits

across the country, the areas of highest interest are the ones where the installation of wind

turbines would be the most cost-effective choice. Therefore, we estimate the difference in

profits for the 75 wind farms locations identified in (14) to be the most promising sites.

We add the difference in profits across the sites and we obtain a total increase in profit
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of approximately $273,000 and a standard deviation of $15,000, hence lending additional

support for the long-term profitability of the selected sites.

7 Conclusion

In this study, we have addressed the issue of resilience of Saudi Arabia’s current plan to

diversify its energy portfolio with wind energy under changing climate conditions. The key

element associated with this assessment is the estimation of future winds using reanalysis

data. In order to provide that, we proposed a novel trans-Gaussian cluster-wise adjustment

model based on minimizing the KL divergence between reanalysis and simulated data.

Once the model was properly validated with a simulation study and with historical data,

we estimated future winds from 2025 to 2050. These estimates were extrapolated to the

turbine hub height using the output from high resolution numerical model simulations

specifically designed to capture the vertical structure in the boundary layer. Finally, these

estimates were translated into wind power and changes in revenue from future to present

winds. Results show a sizable increase of approximately $273,000 in daily revenues at the

ideal construction sites, albeit with a standard deviation of $15,000 due to the uncertainty

propagated by the extrapolation of wind from the surface to hub height.

From a methodological perspective, our model generalized some of the most common

approaches used for correcting spatial fields to the non-Gaussian case and proposed an

inferential approach that could be scaled to considerably higher spatial resolutions for fu-

ture data sets with 1) clustering of the trans-Gaussian transformation and 2) numerical

approximation of the KL divergence with k nearest neighbors. The limitations of the cur-

rent approach will likely become apparent if hourly or sub-hourly resolution were made

available: in that case, the space-time interaction could not be reduced to a simple vector

moving average model and would likely require nonseparable models, the application of
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which would considerable increase the computational cost. Furthermore, high resolution

wind data would 1) result in sparse wind such that a simple trans-Gaussian model could

not capture, and a more involved latent Gaussian model would be required and 2) invali-

date extrapolation with the power law, which available literature suggests to use only up

to hourly resolution. This would prompt the development of more sophisticated nonpara-

metric approaches such as neural networks (49).

From the applied perspective, even though extrapolation is widely acknowledged to be

the most important source of uncertainty associated with the determination of wind energy

from surface wind, this study did not account for other sources. First, MERRA-2 is only one

of the available reanalysis data products, so further comparison with other products, such

as the new ERA5 from the European Centre for Medium-Range Weather Forecasts (19),

could be performed. Second, power curves have been obtained from proprietary data, but

the raw data used to determine them are confidential, and would likely indicate some degree

of uncertainty with respect to the determination of the said curve. Third, the translation of

power into revenue is highly dependent upon policies and negotiations between the turbine

operators and local authorities; therefore this may vary across different regions of Saudi

Arabia. Future work will focus on better assessing these sources of uncertainty by engaging

both industrial partners and policymakers, and discussing potential changes in the siting

work conducted by (14) in lights of these new results.

Finally, we emphasize how the scope of this study could be generalized to any country

with an emerging wind energy portfolio. Even though vertical extrapolation required a high

resolution ensemble focused on Saudi Arabia and energy costs are expected to change across

different countries, the core of our methodology involves only publicly available data and

hence can be used to inform strategies for other Gulf countries and beyond. Furthermore,

in lieu of new data from a high-resolution ensemble, the power law could be simplified to

the case of neutral atmospheric stability and flat terrain, a simplifying assumption widely
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accepted in wind power literature.
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