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Abstract: Many Caribbean low-latitude small island states lack wind maps tailored to cap-
ture their wind features at high resolutions. However, high-resolution mesoscale modeling
is computationally expensive. This study proposes a statistical–dynamical downscaling
(SDD) method that integrates an atmospheric-circulation-type (CT) approach with a high-
resolution numerical weather prediction (NWP) model to map the wind resources of a
case study, Trinidad and Tobago. The SDD method uses a novel wind class generation
technique derived directly from reanalysis wind field patterns. For the Caribbean, 82 wind
classes were defined from an atmospheric circulation catalog of seven types derived from
850 hPa daily wind fields from the NCEP-DOE reanalysis over 32 years. Each wind class
was downscaled using the Weather Research and Forecasting (WRF) model and weighted
by frequency to produce 1 km × 1 km climatological wind maps. The 10 m wind maps,
validated using measured wind data at Piarco and Crown Point, exhibit a small positive
average bias (+0.5 m/s in wind speed and +11 W m−2 in wind power density (WPD))
and capture the shape of the wind speed distributions and a significant proportion of
the interannual variability. The 80 m wind map indicates from good to moderate wind
resources, suitable for determining priority areas for a detailed wind measurement program
in Trinidad and Tobago. The proposed SDD methodology is applicable to other regions
worldwide beyond low-latitude tropical islands.

Keywords: wind map; numerical weather prediction model; statistical–dynamical
downscaling; atmospheric circulation type; small island; tropical; Trinidad and Tobago;
Caribbean; wind energy

1. Introduction
Wind energy’s role as a protagonist in the energy transition will depend on ensuring

the industry’s growth is sustainable, just, and socially responsible while resting on a
clear and feasible economic proposition [1]. According to the International Renewable
Energy Agency (IRENA) and the International Energy Agency (IEA) roadmaps for a
1.5 ◦C pathway [2,3], wind energy will become a central pillar of the global energy system
by 2050, with more than 8100 GW of wind capacity generating more electricity than any
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other energy source [2]. There are challenges to ensure wind energy growth over the next
few years. Small island developing states (SIDS) could use wind power installations to
provide affordable and clean energy (UN Sustainable Development Goal (SDG) 7) to aid in
their development and, in the process, contribute to taking action to combat climate change
impacts (SDG 13) [4]. However, limited relevant wind data and related suitable approaches
to modeling wind flows at high resolutions are some challenges restricting the development
of wind potential scenarios in SIDS. SIDS often have sparsely measured datasets to support
wind power projects. The World Meteorological Organization (WMO) stations provide
climatic data for multiple uses but not for wind power projects. For SIDS to implement
fully their nationally determined commitments (NDCs) to the Paris Agreement to mitigate
climate change impacts, suitable approaches to prioritize wind potential are required.

For regions with sparse in situ measured datasets, the modern-day approach to wind
prospecting or mapping is to model atmospheric flows. The choice of the numerical
model depends on the complexity of the terrain. Small islands need non-steady, non-linear
models that can simulate thermally driven mesoscale wind circulations, such as sea–land
breezes that are prevalent around islands. Of the various models, numerical weather
prediction (NWP) models are best suited for modeling atmospheric flows around islands.
They model the atmosphere as a fluid and solve the time-dependent equations governing
atmospheric dynamics, thermodynamics, and chemical processes, including conservation
of mass, momentum, heat, and moisture phases [5]. Together with elevation data, land
cover, vegetation indices, sea surface temperatures (SSTs), and soil content, mesoscale NWP
models can resolve mesoscale thermally driven wind circulation patterns [5]. In addition,
they have been used for preliminary wind resource assessments in several regions [5–19].

However, one problem for small island states is that the modeling of winds at appropri-
ate high-resolution scales to capture mesoscale wind circulation, such as sea–land breezes,
is computationally expensive. Current modeling strategies tend to compromise by model-
ing at lower, but still reasonably high, spatial resolutions with NWP models and then drive
their outputs with linear models at greater resolutions [20]. However, lower-resolution
NWP simulations, even at 3 km × 3 km resolutions used in global wind maps [21], are
still too low to resolve mesoscale phenomena around some small islands. In addition, in
the current global drive to implement wind turbine technologies to mitigate the impacts
of climate change, assessments of the potential changes in wind resources are needed
to better optimize the use of energy resources in the future. Developing high-resolution
wind climatologies through high-resolution simulations of wind flow for each day with
NWP models is computationally infeasible without supercomputing capabilities to achieve
results in an acceptable timeframe for advising on policy decisions; SIDS often do not have
such supercomputing facilities. The computational expense multiplies for developing wind
climatologies for small islands at horizontal spatial resolutions of 1 km × 1 km and higher,
where resolving the coastline is important. Past studies have tackled this problem using
several wind class generation schemes to reduce large-scale winds into a smaller set of
representative wind classes. High-resolution simulations of representative atmospheric
states associated with each large-scale wind class and the frequency of occurrence of the
wind class have been used in creating wind maps [11,16] and in climate change impact
assessments of other variables, such as temperature and precipitation [22–24]. This method-
ology is referred to as statistical–dynamical downscaling (SDD), as it uses representative
atmospheric states. These representative atmospheric states are referred to as wind classes
when the downscaling process leads to wind maps, also known as wind atlases.

Some wind class generation methodologies determine geostrophic wind speeds and
directions from pressure data [16,19] and have worked well for generating wind atlases for
mid-latitude areas. However, for low-latitude areas, where most SIDS are located, such
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wind class generation methods may not be suitable for generating representative wind
classes [18], as they tend to overestimate the geostrophic winds. Other wind classification
methods may use geostrophic wind speeds directly from reanalysis data, which capture
the geostrophic winds of low-latitude areas. However, they may select a typical mean
year or a 365-day sample that represents the long-term mean wind speed [25]. These do
not typically allow for the temporal representation of the wind resource [18], including
assessing the interannual variability in the wind. Interannual variability is important
for wind farm developers, as it has a significant impact on the economic feasibility of a
wind project; in years of lower power output, income will be reduced, and wind farm
developers will need additional financial reserves during these years for sustaining the
wind farm. Therefore, it is necessary to project the minimum possible wind resources at a
potential wind farm site. To accommodate for the temporal variation in the wind, some
researchers have used an empirical orthogonal function (EOF) decomposition technique
to derive spatially independent patterns that represent the variability in wind speed and
other parameters and a time series based on the principal components [26]. However, the
EOF patterns lose information about the actual wind fields.

In this study, we propose a statistical–dynamical downscaling method for generating
high-resolution wind maps for SIDS, which are built on an atmospheric-circulation-type
catalog defined directly from wind fields provided by reanalysis data. As streamline (wind
field) analysis is used to investigate the atmospheric circulation at low latitudes [27], a
classification of daily wind field patterns over a region would assist in generating wind
classes. An atmospheric-circulation-type (CT) catalog derived from wind fields is suitable
for any location, including in low-latitude regions, as it overcomes the limitations of previ-
ous classifications based on geostrophic wind estimates. Some wind class methodologies
estimate geostrophic wind speeds from pressure data. This typically gives accurate esti-
mates in temperate regions but not in tropical regions, as the geostrophic wind is inversely
proportional to the magnitude of the Coriolis force and the sine of the latitude, which
approach zero closer to the equator [27]. In tropical regions, the geostrophic balance is less
relevant [28]. The wind class generation technique used in this work is based directly on
wind field patterns and overcomes this limitation of previous methodologies, as it directly
accounts for observed wind behaviors rather than using theoretical estimates. As such,
the current SDD method is applicable to any region in addition to low-latitude regions.
Furthermore, the interannual variation in the wind is captured using a long-term dataset of
reanalysis data to categorize the frequencies of the occurrence of each wind class in each
year prior to using a statistical framework. The proposed wind class generation method is
outlined in Section 2 and is based on a previous catalog of atmospheric circulation types
developed for the Caribbean region [29], as the case study for this work is a Caribbean
island state. In Section 2, we describe the NWP model, its configurations, its input data,
and the modeling domain. The NWP model used is the Weather Research and Forecasting
(WRF) model. The WRF model has been extensively used for mesoscale wind mapping and
wind forecasting studies globally [6,20,21,30–34]. In addition, its planetary boundary layer
(PBL) configuration was tested for the best PBL scheme that could simulate the local-scale
wind speeds and wind speed distributions for the case study in this work, Trinidad and
Tobago [35]. In addition, the SDD method in this study uses the statistical framework of
Frey-Buness et al. [36] to determine the long-term historical winds and estimate the range
of the interannual variability in the wind at the local scale. This statistical framework is
described in Section 2, and it demonstrates how the high-resolution NWP simulation for
each wind class is combined with a frequency of occurrence to determine the resulting
average wind speeds and wind power densities. The SDD method is first validated with
local-scale measured data in terms of the historical long-term wind speed average and wind
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power density at the 10 m level in Section 3. In addition, the ability of the methodology to
determine the range of interannual variations is also examined and confirmed before pre-
senting (i) the wind maps for average wind speeds and wind power densities at the
50 m and 80 m levels and (ii) the vertical shear. Concluding remarks are presented
in Section 4.

2. Materials and Methods
2.1. Statistical–Dynamical Downscaling Methodology to Develop High-Resolution Wind Maps

The proposed statistical–dynamical downscaling approach to create a wind clima-
tology has three main steps, as shown in Figure 1, and is applied to a case study of the
Caribbean islands of Trinidad and Tobago (described in Section 2.2). The first step involves
defining the wind classes based on the daily atmospheric circulation types, as defined from
a classification of wind fields (Section 2.3). The second step is determining the diurnal
variation in high-resolution mesoscale wind fields for the case study islands, using the
wind classes as input for a mesoscale numerical weather prediction model (Section 2.4).
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Figure 1. Overview of the proposed statistical–dynamical downscaling method for developing
high-resolution wind maps.

In the third, and final, step, the wind climate was calculated by weighting each
high-resolution simulation corresponding to a wind class with its corresponding fre-
quency of occurrence. In this last step, the wind probability density function at each
grid point is calculated (Section 2.5). Finally, the resulting wind speed and wind power
density maps are validated at the locations and heights at which available wind data are
collected (Section 2.5).
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The proposed SDD approach is applicable to any region, and in this study, it is applied
to the island state of Trinidad and Tobago, the southernmost islands of the Caribbean. As
such, in step 1, the atmospheric-circulation-type catalog is defined for the Caribbean region.

2.2. Study Region of the Case Study—Location, Climate, and Energy Situation

The study region is defined as the area on which the high-resolution wind maps will
be produced, the Caribbean islands of Trinidad and Tobago. Trinidad and Tobago is an
island state comprising two main islands located at 10◦ N–11.5◦ N, 60◦ W–62◦ W (Figure 2)
at the southernmost end of the Caribbean archipelago and to the northeast of Venezuela
(Figure 2a). The two main islands have a total area of approximately 5130 km2, where
the larger island, Trinidad, has an area of 4800 km2 [37], and the smaller main island
is approximately 316 km2 [38] (Figure 2b). The climate of the islands is defined by its
rainfall characteristics, with a dry season from January to May and a wet season from
June to December [39]. Trinidad and Tobago is often considered to be ‘lucky’ to be out
of the dominant hurricane path because of its low latitude. Nonetheless, the passage of
hurricanes is accompanied by heavy rainfall and damaging flooding conditions [40].
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In (a), Trinidad and Tobago is denoted by a transparent red box in the lower right segment of
the map.

The island state is unique in that it is the only small island developing state that
actively uses its native oil and natural gas resources, with the energy sector contributing
approximately 51% of the total revenue in 2023 [41]. This sector includes both onshore and
offshore activities with significant offshore operations, as shown in its energy map (refer
to https://ngc.co.tt/wp-content/uploads/2024/01/Energy-Map-of-Trinidad-Tobago-20
23.pdf; accessed on 31 January 2025). The island state has been a key player in the world
energy market via ammonia and methanol production from its downstream petrochemical
industries [42]. In 2021, Trinidad and Tobago was the world’s largest exporter of ammonia,
slightly ahead of the Russian Federation and Saudi Arabia [43], and the second largest
exporter of methanol in 2022 [44]. However, recent declines in export volumes [45], likely
because of shortages in natural gas production [41], have necessitated a diversification in
the energy mix to include renewable energy. Solar photovoltaics and wind power have been
recognized as the main renewable energy technology alternatives for power generation [41].
Given wind power’s potential to offset all the local power needs, high-resolution wind
maps are essential for resource assessment.

https://ngc.co.tt/wp-content/uploads/2024/01/Energy-Map-of-Trinidad-Tobago-2023.pdf
https://ngc.co.tt/wp-content/uploads/2024/01/Energy-Map-of-Trinidad-Tobago-2023.pdf
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2.3. Wind Class Definition from an Atmospheric-Circulation-Type Catalog

In step 1, wind classes are defined from a catalog of atmospheric circulation types.
There are three sub-steps for step 1:

1.1: Determining the catalog of the atmospheric circulation types for a region;
1.2: Defining the number of wind classes based on this catalog;
1.3: Assessing the accuracy of the wind classes to reproduce surface-level winds from

the input data that will be fed into the numerical weather prediction model.
Figure S1 summarizes the data flow and processing stages for this step. Refer to the

Supplementary File for Figure S1.

2.3.1. An Atmospheric Circulation Catalog for the Caribbean

The atmospheric circulation (large-scale prevailing winds) is known to influence
regional and local-scale climates [46]. A classification technique, via automated or manual
rules, is used to simplify the complex nature of atmospheric circulation to discrete patterns
or circulation types [47]. These types are often categorized based on synoptic-scale pressure
patterns. However, as this study focuses on wind resources in low-latitude regions, the
circulation type is defined as a frequently recurring regional wind pattern.

Atmospheric circulation catalogs are region specific. Although this limits the direct ap-
plicability of the SDD method to other regions, it can provide insights into the relationships
between atmospheric circulation types and phenomena such as wind energy droughts,
surface wind ramp events, and extreme wind events [48–50]. Such relationships may be
useful in predicting such events and, thus, wind variability to assist in optimizing energy
resources to ensure reliable and adequate energy supplies.

Several catalogs have been defined for various regions globally and differ in the
variables classified, the classification method, and the domain [51]. For example, the
Cost733cat project is a database of 22 catalogs for Europe [52]. The present study uses
the Caribbean circulation catalog by Chadee and Clarke [29]. A brief description of the
classification variables, method, and domain is provided in this section.

The atmospheric-circulation-type catalog was developed by classifying the 850 hPa
daily wind fields over a domain spanning 0◦ N–30◦ N and 110◦ W–40◦ W. Any reanalysis
dataset can provide these wind fields; Chadee and Clarke [29] used the National Center for
Environmental Prediction/Department of Energy (NCEP-DOE) reanalysis data, available
for a 2.5◦ × 2.5◦ horizontal-resolution grid. The daily wind fields for a thirty-two-year
period (1 January 1979 to 31 December 2010) were classified using Ward’s hierarchical
clustering scheme followed by a k-means partitional clustering scheme. The number of
atmospheric circulation types was determined by identifying step changes in the within-
cluster sum of squares [29]. Seven frequently occurring atmospheric circulation types (CTs)
were identified for the Caribbean region (Figure 3) [29]. A detailed methodology and the
properties of these frequently occurring CTs can be found in [29].

2.3.2. Defining the Wind Classes from the Atmospheric Circulation Types

After identifying the number of atmospheric circulation types representing a region’s
atmospheric circulation, the wind classes are defined as the typical monthly wind-field
pattern of each circulation type. The typical pattern of each CT in each month was found
by determining the pattern closest to the mean monthly wind field for each CT. As seven
atmospheric circulation types were previously determined for the Caribbean, there should
be eighty-four classes when the representations of each circulation type (CT) are considered
in each month. However, two types (CT 4 and CT 5) never occur in August [29].
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the corresponding mean wind speeds (as colored contours) [29].

Figures 4 and 5 support this approach for using the monthly representative patterns
of each circulation type. Figure 4 shows the wind-field patterns of CT 1 in each month over
the southern Caribbean and northwest region of South America; no two patterns are the
same, and as such, each can be considered as a separate wind class. In addition, Figure 5
shows that the monthly patterns of CT 1 have a wide range of correlations (0.31–0.79) with
the long-term mean pattern for CT 1. This wide range of correlations shows that the typical
monthly wind-field patterns could possibly account for the high intra-cluster variability,
except for CT 3, which has a narrower range of correlations, between 0.65 and 0.82. Thus,
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our approach for defining the wind classes as the monthly wind-field patterns for each
circulation type accounts for the high intra-cluster variability within each circulation type
and the influence of the seasonality on the atmospheric circulation patterns.
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2.3.3. Accuracy of Eighty-Two Wind Classes Versus Seven Wind Classes in Reproducing
the Long-Term Mean Wind-Field Pattern at the 10 m Level

One main concern is the improvement that eighty-two wind classes could provide
versus seven wind classes from the seven main circulation types. To assess this improve-
ment, the reproduction of the long-term mean 10 m wind field was determined from both
seven circulation types and eighty-two wind classes. Surface-level winds (in addition to the
upper-level winds and other meteorological parameters) are taken as input to the numerical
weather prediction model in the next step of the SDD process. The long-term mean wind
field from seven classes (LT7) was determined by weighting the class patterns with their
frequency of occurrence. This was repeated for 82 wind classes to produce the long-term
mean wind field (LT82). The error was computed as a vector error between the long-term
mean wind field, as derived from the wind classes, and the actual long-term mean, using
the full 32-year dataset. These vector errors are shown in Figure 6. The eighty-two wind
classes provide a more accurate representation of the mean large-scale 10 m wind field than
just the seven typical CT patterns.

In Figure 6a, the difference between the derived long-term field created with seven
wind classes (LT7) and the actual long-term mean (LT) is depicted, while in Figure 6b,
the difference between the derived long-term field created with eighty-two wind classes
(LT82) and the actual long-term mean is shown. The vector error in using eighty-two wind
classes is smaller than that if seven wind classes were used. The sum of all the vector
component differences squared for LT82—LT (Figure 6b) (150.3 m2 s−2) is smaller than that
for LT7—LT (Figure 6a) (398.8 m2 s−2). As such, eighty-two wind classes provide a more
accurate representation of the long-term wind fields over the Caribbean than seven wind
classes. Therefore, 82 wind classes were used in the subsequent steps of the SDD method.
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2.4. Downscaling the Large-Scale Wind Fields Using a Numerical Weather Prediction Model

NWP models are used to downscale large-scale weather conditions to more localized
atmospheric information by incorporating the effects of the terrain and resolving finer-
scale features, such as sea breezes and convective systems, and incorporating physical
processes, such as turbulence. In this study, the NWP model used to adjust the large-
scale atmospheric fields for mesoscale topographic conditions is the Weather Research
and Forecasting (WRF) model, Advanced Research core, version 3.5.1 [53]. In the follow-
ing subsections, we describe the computational setup of the WRF model by describing
(i) the modeling domain, (ii) its parameterization configurations, (iii) the input surface and
terrain datasets, and, finally, (iv) the input atmospheric conditions corresponding to the
wind classes.

2.4.1. Modeling Domain

The modeling domain consisted of two telescoping nests centered at 10.69◦ N and
61.47◦ W, with a Mercator projection. The outermost domain’s (D01’s) horizontal resolution
was 25 km, with the first nest having a resolution of 5 km and the innermost nest having a
1 km resolution (Figure 7). The outermost domain (d01) consisted of 91 × 61 grid points,
the first nest (d02) comprised 151 × 111 grid points, and the second nest (d03) spanned
331 × 196 grid points. WRF was configured with two-way communication between the
nests and the parent domain. The highest-resolution grid encompassed Trinidad and To-
bago and a part of Venezuela, on the South American continent (d03). The model was config-
ured with thirty-four vertical levels, with the first six levels above ground at approximately
14 m, 42 m, 76 m, 117 m, 191 m, and 277 m. The wind maps were produced from the
outputs of the d03 domain, which is the study region.
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2.4.2. WRF’s Parameterization Schemes

WRF (and other NWP models) use parameterization schemes to represent subgrid-
scale atmospheric processes. These processes are smaller than the model’s grid resolution
and are not resolved because of computational limitations. The key processes that are
parameterized are radiation (longwave and shortwave), convection, turbulence, and cloud
microphysics. The simulated wind fields are sensitive to the PBL scheme. As such, sensitiv-
ity studies were previously conducted to determine an appropriate planetary boundary
layer (PBL) scheme that best represents wind speeds and their probability distributions [35].
For the case study islands, Trinidad and Tobago, the chosen PBL scheme was determined
to be the Yonsei University PBL scheme with the topographic drag enabled [35]. As such,
based on [35], WRF was configured using a set of physical parameterizations, as illustrated
in Table 1.

Table 1. Physical parameterizations used to configure WRF.

Physical Parameterization Name of the Parameterization Scheme

Planetary boundary layer Yonsei University PBL scheme with topographic
drag enabled

Surface layer Monin–Obukhov
Longwave radiation RRTM
Shortwave radiation Dudhia
Land surface model Thermal diffusion
Microphysics WSM 3

Cumulus
Betts–Miller–Janjic (on d01 only; cloud formation is
explicitly resolved on nests d02 and d03 (5 km and 1 km
resolutions, respectively.)

2.4.3. Input Surface and Terrain Datasets

WRF’s preprocessor (WPS) generates topographical input data for WRF from land
cover and terrain datasets. The WRF land cover characterization (LCC) (USGS/GLCC) at a
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30-arcsecond (~900 m) resolution provided land use in 24 categories and soil in 16 categories
and was used in conjunction with the USGS 30-arcsecond elevation data (GTOPO30).

2.4.4. Initial and Boundary Input Conditions for Each Wind Class

The National Center for Environmental Prediction—Department of Energy
(NCEP/DOE) reanalysis provided the necessary initial and boundary conditions. Pressure-
level parameters and surface parameters were provided on a grid of 2.5◦ × 2.5◦ resolution.
The initial and boundary conditions (ICBCs) were determined for each of the 82 wind
classes as follows: Each wind class is a monthly wind pattern for each circulation type. For
the atmospheric ICBCs, the day which daily wind pattern is closest to the mean monthly
wind pattern for each circulation type was chosen for the NWP simulations. The ICBCs
were drawn from the NCEP/DOE reanalysis at 1200 UTC of the previous day. In this
way, WRF was reinitialized from a “cold start” at 1200 UTC daily and allowed to run for
36 h, with the first 12 h taken as the spin-up period as in [35]. The spin-up period allows
mesoscale information that is not present in the reanalysis data to develop. Atmospheric
boundary conditions at the outermost domain were updated every 6 h by the model. No
observational or grid nudging was used to adjust the simulated pressure and wind fields
to the reanalysis data. As nudging prevents the simulated wind, pressure, and temperature
fields from drifting away from the large-scale forcings provided by the reanalysis, the
simulations in this work are short-term simulations, and reinitializations of the WRF model
daily prevents excessive drift away from the reanalysis boundary conditions. In addition
to atmospheric fields, sea surface temperatures (SSTs) are needed, as a substantial portion
of the domain contains the Caribbean Sea and the Atlantic Ocean. SSTs contribute to the
boundary conditions. Skin temperatures from the reanalysis provided the SSTs. SSTs, once
initialized each day, were constant throughout the integration period.

2.4.5. Processing of the WRF’s Wind Speed Output

WRF provides the 10 m wind speeds as an output and wind components at model
levels. WRF determines the 10 m wind speeds using surface layer physics, which is the
Monin–Obukhov similarity theory in this study’s configuration of the model (Section 2.4.2).
To determine the 50 m and 80 m wind maps, wind vector components from the seven
lowest model levels of the computational grid (refer to Section 2.4.1) were fitted to a cubic
spline, which was used to interpolate the wind vector components to the required heights.

2.4.6. Summary of Step 2 of the SDD Method

In Step 2 of the SDD method, the atmospheric conditions of each wind class are
dynamically downscaled using the WRF model. Figure S2 shows the transformation of the
wind classes to the input data to the high-resolution simulation. The 10 m wind speeds at a
random grid point corresponding to the high-resolution simulations of four wind classes
are shown in Figure S3. These wind classes show different diurnal variations. However,
some wind classes produce similar diurnal patterns but with a difference in the timing of
the maximum wind speed and with varying maximum wind speeds.

2.5. Climatological Wind Map Creation
2.5.1. Wind Speed and Wind Power Densities

The climatological wind maps were determined by weighting the high-resolution
simulations with the frequency of the occurrence of the large-scale wind classes derived
from the atmospheric circulation catalog. The general method by Frey-Buness et al. [36] is
adopted and outlined as follows: Let {ϕi : i = 1 . . . K} denote the wind classes and P(ϕi)

be the probability that the ith pattern occurs. As the K wind classes are assumed to cover
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all the atmospheric states, P(ϕi) is then the frequency of the ith pattern in developing the
climate and

K

∑
i=1

P(ϕi) = 1. (1)

Now, consider the ‘local-scale’ wind speeds (Vj) found from the high-resolution dynam-
ical simulations. Suppose

{
Vj : j = 1 . . . n} covers all the possible wind speeds occurring

at each grid point, and Vj is the wind speed at one of the jth hours of any 24 h simulation
associated with one of the circulation patterns. Therefore, at the local scale and for each
circulation type,

n

∑
j=1

P
(
Vj
)
= 1. (2)

Let P
(
Vj
∣∣ϕi

)
be the conditional probability that the ‘local-scale’ grid-point wind speed

(Vj) occurs if the wind class is ϕi. Then, the probability that Vj occurs is

P
(
Vj
)
=

K

∑
i=1

P
(
Vj
∣∣ϕi

)
·P(ϕi). (3)

where P
(
Vj
∣∣ϕi

)
varies for each grid point.

The statistical moments for wind speed ⟨Vµ⟩, with µ indicating the order of the
moments, may be estimated as follows [36]:

⟨Vµ⟩ =
K

∑
i=1

P(ϕi)·⟨Vµ⟩ϕi
(4)

where

⟨Vµ⟩ϕi
=

n

∑
j=1

P
(
Vj
∣∣ϕi

)
·Vµ

j . (5)

Equation (4) was used to determine the mean wind speed and the wind power density
(WPD) climate by estimating the first moment, which is the mean wind speed, and the
third moment, which contributes to the WPD as follows:

PD =
1
2

ρ⟨V3⟩ (6)

The air density at each hour of each simulation was calculated using WRF’s output
of the relative humidity, air temperature, and pressure [54]. The long-term air density (ρ)
in Equation (6), at each grid point, was determined in a similar manner as the mean wind
speed in Equation (4), with ‘V’ replaced by ‘ρ’.

2.5.2. Processing High-Resolution Simulations to Create Wind Maps

Wind maps are created at several heights above ground level. In this work, we present
maps for three heights for simplicity: 10 m, 50 m, and 80 m. To create these maps, the wind
speeds at each grid point of the modeling domain were collated across all the wind classes.
From these, the wind speed intervals and frequency of the occurrence of each wind speed
interval were computed. The probabilities (P

(
Vj
∣∣ϕi

)
) were subsequently calculated from

these frequencies prior to applying Equations (3)–(6). This computational procedure is
depicted in Figure S4.

2.5.3. Validation of the Wind Maps at the 10 m Height

The validation is for 10 m maps, as wind data were obtained through the USA National
Climatic Data Center’s website for the two sole long-term stations maintained by the
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Meteorological Service of Trinidad and Tobago. These two climatological stations record
wind data at only 10 m above ground level (AGL) at Crown Point, Tobago (the smaller
island) and Piarco, Trinidad (Table 2). Weather observations at climatological stations are
collected according to World Meteorological Organization (WMO) standards [55]. Hourly
wind data for the period 1 January 1989 to 31 December 2009 were used to validate the
wind maps. The quality checks of the wind data are detailed in [56].

Table 2. Climatological station information.

Station Name Location Elevation Closest Grid Point

Piarco, Trinidad (10.617◦ N, 61.350◦ W) 15 m (10.6182◦ N, 61.3479◦ W)
Crown Point, Tobago (11.150◦ N, 60.833◦ W) 12 m (11.1486◦ N, 60.8286◦ W)

The validation of the 10 m wind maps entails (i) a comparison of the estimates of
the observed long-term average wind speed and WPD with those from the wind maps,
(ii) a comparison of the observed wind speed distributions and the simulated distributions,
and (iii) a comparison of the variations in the annual wind speeds and WPDs between the
observations and the simulated values.

2.5.4. Interannual Variability

In this study, we consider that the interannual variability in the wind resources is
determined primarily by the frequency of the wind classes. Because a particular combi-
nation of frequencies determines the long-term climatological maps, the deviations of the
frequencies in the wind classes in each year from this specific combination will determine
the deviations from the climatological wind map. Thus, to assess the interannual variability
in the wind maps, the frequencies of the wind classes in each year were compared with
their long-term frequencies by dividing them by their corresponding long-term frequencies.
These weighted frequencies (Wyr(ϕi)) were used in Equation (4) in the replacement of P(ϕi).
The mean wind speed in each year was then determined by normalizing the right-hand
side of Equation (4) by the sum of the weighted frequencies via

⟨Vµ⟩yr =
∑K

i=1 Wyr(ϕi)·⟨Vµ⟩ϕi

∑K
i=1 Wyr(ϕi)

. (7)

3. Results and Discussion
3.1. The Validation of the 10 m Wind Maps

The 10 m wind speed and wind power density (WPD) maps for Trinidad and Tobago
were validated using climatological averages from existing in situ wind data. The 10 m
wind speed and WPD maps for Trinidad and Tobago are shown in Figures 8 and 9. At the
10 m level, in both Trinidad and Tobago, the wind speeds vary from 2 to 6 m s−1, and the
WPDs are lower than 100 W m−2 in most areas on the two islands.

The comparisons of the simulated wind speeds and the observed wind speeds at
the meteorological stations show relatively good agreement at the 10 m level. The in
situ mean wind speeds at these sites were 3.56 m/s and 2.92 m/s, respectively [56]. The
corresponding simulated long-term mean wind speeds from the 10 m wind map were
taken as the wind speeds from the closest grid point to each station (Table 2). These were
4.02 m/s and 3.52 m/s at Crown Point and Piarco, respectively, resulting in a bias of
+0.46 m/s and approximately 15% higher than the actual mean wind speed for Crown Point
and +0.60 m/s, or about 18% higher than the mean wind speed, for Piarco. These positive
biases show a tendency for the wind speeds to be overpredicted at the two low-lying
measurement stations. The mean bias of +0.53 m/s, calculated herein, is only representative
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of low elevations and at the 10 m height. For these reasons, as well as that bias could
vary with height, we do not correct the 50 m and 80 m wind maps (Section 3.2) for bias.
Furthermore, at greater heights, where the wind speeds are more moderate, the bias could
be smaller, as the NWP model configuration is known to not capture low wind speeds
adequately [35]. In addition, some bias is expected, as differences exist between the model’s
grid cell surface characteristics (e.g., mean elevation) and those at the measurement stations,
and the bias obtained in this study is comparable with those obtained in other regions, such
as the eastern Mediterranean Basin [30]. The simulated wind speed probability density
distributions, when weighted, produced wind power densities (WPDs) of 63.4 W m−2 at
Crown Point and 54.3 W m−2 at Piarco and a difference of 9.4–12.9 W m−2 (an average of
11.2 W m−2) compared to the corresponding actual WPDs of 56.0 W m−2 and 41.4 W m−2.
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In addition, the wind speeds and wind power densities at Crown Point and Piarco
were determined from the Global Wind Atlas (GWA) [21] for comparison. At Crown Point,
the GWA’s wind speed and WPD are 4.71 m s−1 and 88 W m−2, respectively. These are
higher than the corresponding values of the SDD method by 0.69 m s−1 and 24 W m−2,
respectively. The GWA overestimates the average wind speed and WPD at Crown Point
by 1.12 m s−1 and 32 W m−2, respectively. At Piarco, the GWA’s wind speed and WPD
are 3.34 m s−1 and 31 W m−2, which are lower than those of the SDD method herein by
0.18 m s−1 and 10 W m−2. The GWA overestimates the average wind speed at Piarco by
0.42 m s−1 and underestimates the WPD by 10 W m−2. The GWA’s average wind speed
bias is thus 0.77 m s−1, and the bias for WPD is 11 W m−2. The average wind speed bias is
slightly higher than that for the SDD method, and the bias for WPD is the same. The SDD
method performs slightly better for the two stations on an average basis.
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Figure 9. Wind power density map at 10 m AGL in and around Trinidad and Tobago.

Figure 10 shows the simulated wind speed distributions at Crown Point and Piarco.
Compared with the long-term histograms [56], we find that the frequencies of low wind
speeds, those lower than 2 m/s, are underpredicted at both sites, while the frequencies of
the 2–3 m/s and 3–4 m/s wind speed intervals are overpredicted. However, the total fre-
quency up to the 4 m/s wind speed bin is captured by the simulations, with approximately
57% from simulations versus 59% from observations at Crown Point and 60% low wind
speeds from simulations versus 66% from observations at Piarco. In addition, the SDD
method captures a higher frequency of low wind speeds (<4 m/s) at Piarco than at
Crown Point.

Another measure of the performance of the proposed statistical–dynamical downscal-
ing scheme for wind map generation is its ability to simulate the interannual variability in
wind speeds (Figure 11 and Table 3). The statistical–dynamical method using atmospheric
circulation patterns accounts for a high degree of the interannual variability in the wind.
The interannual variation, when quantified as a percentage deviation from the long-term
mean, is from −11.6% to 13.6% at Crown Point and from −10.7% to 18.9% at Piarco. The
interannual variation at Piarco is similar to that shown by the in situ data. The upper bound
of 18.9% is higher than that shown by the in situ data, which is expected, as wind speeds at
the 10 m level are overestimated. The lower bound of the interannual variation (−10.7%)
at Piarco is smaller in magnitude than that shown by the in situ data (−16.3%). Again,
this may be because of the overestimation of wind speeds at the 10 m level and the WRF
model’s (or any NWP model’s) ability to capture low wind speeds. The simulated annual
wind speeds at Piarco are like the in situ data’s annual variation in wind speeds. Although
the simulated interannual variability at Piarco, ±18.9%, is similar to that exhibited by the in
situ data (±16.3%), the simulated interannual variation at Crown Point (±13.6%) is almost
half that shown by the in situ data (±25.9%). This difference between the simulated and
in situ variations may be because of the model not capturing a possible increasing trend
in the wind speed at Crown Point. An investigation into possible trends at Crown Point
would require rigorous statistical analyses to confirm whether an increasing trend exists
and whether other factors are affecting the microclimate at Crown Point.
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It is expected that any statistical–dynamical downscaling method may not be able
to explain all the interannual variation, as the class generation scheme for the empirical
probability density function of the wind speed is only based on the classification of the
large-scale atmospheric circulation using wind components, the main large-scale factor
affecting winds at the near-surface level. It is possible that 82 wind classes may not be
sufficient to describe atmospheric conditions contributing to very low-wind years or very
high-wind years or the input reanalysis dataset does not capture the full impact of the
interannual variability on local-scale winds. A previous study [35] investigated the choice
of input reanalysis data by assessing their ability to minimize the spatial error in simulated
wind speeds. However, the comparison of the interannual variation in this study indicates a
necessity to check whether the input reanalysis data can capture the interannual variation in
measured data. Nevertheless, the proposed method appears to capture a significant portion
of the interannual variation, at least at sites with no discernible increasing or decreasing
trends in wind speed.
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Table 3. Comparison of the influences of the interannual variability on modeled wind data and
measured data.

Location
Interannual Variability In

Wind Speed Wind Power Density (WPD)
Simulated (%) Measured (%) Simulated (%) Measured (%)

Crown Point (−11.6,13.6) (−19.3, 25.9) (−23.9, 40.3) (−47.7, 63.5)
Piarco (−10.7,18.9) (−16.3, 14.8) (−18.8, 44.3) (−27.4, 22.3)

3.2. The 50 m and 80 m Wind Maps for Trinidad and Tobago

The wind speed maps for Trinidad and Tobago, at 50 m and 80 m heights, are
shown in Figures 12 and 13, respectively. An average wind speed of 6–7 m s−1 at the
hub height is generally considered as the threshold for economically feasible wind farm
developments [57]. The wind maps show a good wind regime (>6 m/s) along the Northern
Range; the north, east, and south coasts of Trinidad; in the central area of west Trinidad; and
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in most of Tobago at 50 m, with an excellent offshore wind resource. The wind regime in
other areas is generally low. However, the majority of the two islands has good to moderate
resources at 80 m, which is a promising result in that land space for wind farms may not
be available when constraints, such as population density and environmentally sensitive
areas, are applied. Suitable inland areas for further exploration are hilly areas and the
coastlines exposed to the prevailing winds, as well as areas in central Trinidad, which were
previously not known to have moderate wind resources. In addition, for offshore wind, the
50 m height, and taller, gives wind speeds faster than 7 m s−1. The offshore areas to the
north, east, and south of Trinidad warrant further investigation.
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The wind power density maps are shown in Figures S5 and S6 for the 50 m and
80 m heights, respectively. The 50 m WPD map shows that WPDs are generally lower
than 200 W m−2 across Trinidad and Tobago, except for two areas in the northern range
of Trinidad and two areas in the central and northeast of Tobago, where WPDs are
350–400 W m−2. At the 80 m height, the WPDs of most areas on land in Trinidad are
lower than 250 W m−2, while those of most areas on land in Tobago are higher than
250 W m−2. In addition, the 80 m WPD maps show that the offshore area between Trinidad
and Tobago are of higher wind potential (350–400 W m−2). The WPD maps confirm the
areas that could be prioritized from the wind speed maps. However, the 80 m WPD map
also enhances the possibility of the offshore region between the islands for offshore wind
farm developments.

The variations in the wind speeds in the vertical direction at the two climatological
stations are shown in Figure 14. These follow an approximate power law relationship with
height. The wind shear exponents for wind speeds between 50 m and 10 m, 100 m and
10 m, and 100 m and 50 m are given in Table 4. The shear exponents at Crown Point are
approximately two times the traditionally used 1/7 power exponent and are comparable
to the mean monthly shear exponents, which were estimated from extrapolating the 10 m
Weibull shape and scale parameters in a previous study [55] for both Crown Point (from
0.229 to 0.259) and Piarco (from 0.249 to 0.282). The shear exponents from the NWP in
this study are still higher than the estimated exponents. The shear exponents for Crown
Point are expected to be lower than those for Piarco, as Crown Point is a coastal site that is
better exposed to the prevailing winds. Crown Point’s lower exponents mean that wind
speeds of a specific value will be attained at a lower height at Crown Point than at Piarco.
For example, from Figure 14, wind speeds at Crown Point attain a value of 7 m s−1 at
approximately 75 m AGL, while at Piarco, the same wind speed is attained at approximately
100 m AGL. Crown Point has the advantage of stronger winds than Piarco at the 10 m level
because of exposure to higher wind speeds from over the ocean.
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Table 4. Wind speed shears between 50 m and 10 m, 100 m and 10 m, and 100 m and 50 m.

z2 (m) vs. z1 (m)
Wind Speed Shear Exponents

Crown Point Piarco

50 m vs. 10 m 0.277 0.293
100 m vs. 10 m 0.266 0.299
100 m vs. 50 m 0.239 0.310

In addition, the vertical wind speeds at the 50 m level were compared with those from
the GWA: 5.59 m s−1 for Crown Point and 4.74 m s−1 for Piarco. The corresponding values
from the SDD method are 6.19 m s−1 and 5.83 m s−1, respectively. The SDD method predicts
higher average wind speeds than the GWA by 0.60 m s−1 and 1.09 m s−1, respectively. The
absence of measurements at heights greater than 10 m AGL prevents further comparisons.

3.3. Implications
3.3.1. Small-Scale Wind Power

As Trinidad and Tobago is an energy-intensive island state, the suitability of wind
power for its electricity needs must be considered. First, the wind maps were evaluated
for small-scale and utility-scale wind power. Because of its location in the tropics, the
island state has lower average wind speeds compared with those in temperate regions,
as observed from the global wind maps [21]. At the 10 m level, wind speeds are lower
than 6 m s−1, and low wind speeds are prevalent (~60% lower than 4 m s−1), thereby
limiting small-scale wind power. From the 10 m wind maps, thin coastline strips around
Tobago and on the northern, southern, and eastern coasts of Trinidad appear to be useful
for small-scale wind power applications, as the average wind speed is higher than 5 m s−1.
These coastline strips are also used for tourism activities. The next steps should consider
the economic and financial feasibility of small-scale wind turbines in offsetting electricity
needs in the tourism industry. Additionally, the testing of wind turbines under corrosive
coastal conditions is essential in understanding their durability and, therefore, their lifetime
for tourism needs.

3.3.2. Utility-Scale Wind Power

For large-scale onshore wind power, all of Tobago and most of Trinidad can be con-
sidered as promising for large-scale wind power onshore at the 80 m height, while the
50 m height is the minimum height for offshore wind turbines. In addition, the offshore area
between the two islands is highlighted by the 80 m wind map as a possibility for offshore
wind farm development. A detailed wind resource assessment campaign using meteoro-
logical towers, SODARS, and LIDARS would enable the bias correction of higher-level
wind maps. Validated wind maps, a wind resource measurement campaign for bankable
onsite measurements of potential wind farms, and site layout studies are needed prior to
economic and financial studies for proper decision making in charting the developments of
onshore and offshore wind power in the island state.

3.3.3. Backup Energy Storage

In addition, improving the estimates of the interannual variability is important for
the financial modeling of future wind farms to determine the financial reserves needed for
low-wind years. Furthermore, the analysis of the interannual variation at one site indicates
a microclimate with significant interannual variation and possibly a trend (Figure 11A).
As such, it would be beneficial to ensure long-term wind measurements are taken at sites
earmarked for wind farm developments.
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The wind maps produced provide long-term wind speed and wind power density
averages. However, the wind is known to fluctuate at hourly and sub-hourly scales.
Ongoing wind measurements and an assessment of the historical sub-hourly fluctuations
would assist in determining the quantities of backup energy storage methods, such as fossil
fuel plants and battery energy storage systems (BESS). In addition, further studies should
assess and determine appropriate prediction models for extended daily wind droughts,
hourly wind ramps, and hourly or daily extreme wind events, as these types of events
would determine the size of the backup energy resources.

3.3.4. Higher-Resolution Modeling and Climate Impact Studies

It would be interesting to repeat this study at even higher resolutions for the NWP
simulations. The current study was limited by the resolution of the input topographic
datasets to the NWP model. However, increased resolutions in the topographic dataset
could assist with investigating whether a higher resolution, say 200 m × 200 m, would
provide a better assessment of the wind resources, and if so, what aspects of mesoscale
features, such as sea and land breezes, would be better resolved.

Furthermore, an assessment of the potential changes in the future wind climate would
determine sites that would benefit from an increase in wind power or whether sites might
potentially undergo a decrease in wind power. The SDD method in this study can be used
in efficiently downscaling climate change data over the next 75 years or longer to make
such assessments. The wind maps created in this study can serve as baseline maps for such
climate change impact assessment studies.

4. Conclusions
In this work, a statistical–dynamical downscaling technique with 82 wind classes

derived from typical atmospheric circulation patterns based on wind fields and the WRF
numerical weather prediction model was proposed to develop high-resolution wind maps.
This approach was applied to the Caribbean region to determine wind maps for the small
island state of Trinidad and Tobago.

At the 10 m level in both Trinidad and Tobago, the wind speeds vary from 2 to 6 m s−1,
and WPDs are lower than 100 W m−2 in most areas. The 10 m wind maps were validated
with the mean wind speed data from the two sole meteorological stations and showed
good agreement with the data. These 10 m wind maps are the first set of validated wind
maps for Trinidad and Tobago. At the 10 m level, the model data show a +0.5 m/s bias.
Validation of the wind maps at other heights will be possible as more extensive datasets
with measurements at several heights become available.

The wind maps developed in this study offer a significant benefit in determining areas
that could be given priority in finding locations for monitoring wind resources. The 80 m
wind map developed indicates that the islands have from good to moderate wind resources
(>6–7 m s−1) and that this is the minimum height to be considered for wind turbine hub
heights in utility-scale power applications. For offshore considerations, the 50 m height
and higher might be suitable for power applications. Future studies should analyze the
economics of utility-scale wind power. These wind maps can help to identify priority areas
and the minimum heights for detailed wind measurements in Trinidad and Tobago. The
80 m height is preferred on land, as this height allows for more areas to be considered for
wind farm developments, especially when environmentally sensitive areas might have to
be considered.

Supplementary Materials: The following supporting information can be downloaded at https://
www.mdpi.com/article/10.3390/wind5010007/s1, Figure S1: Data flow and processing stages for
Step 1 of the SDD method; Figure S2: Transformation of the wind classes to the input data to the
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high-resolution simulation by downscaling via the WRF NWP in Step 2; Figure S3: The 10 m wind
speeds at a random grid point in the d03 domain corresponding to the high-resolution simulations of
four wind classes; Figure S4: Transformation of the high-resolution wind speeds to maps of wind
speeds and wind power densities in Step 3; Figure S5: Wind power density at 50 m AGL in and
around Trinidad and Tobago; Figure S6: Wind power density at 80 m AGL in and around Trinidad
and Tobago.
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SDD statistical–dynamical downscaling
SDG sustainable development goal
SIDS small island developing states
SODAR sound detection and ranging
SST sea surface temperature
UN United Nations
WMO World Meteorological Organization
WPD wind power density
WPS WRF’s preprocessor
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