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Abstract
The feasibility and long term sustainability of proposed projects for wind energy production strongly depend on the 
availability of wind resources. This availability is assessed by means of local wind speed statistics. Under climate change, 
the future (long term) wind resource availability is, however, highly uncertain. This research proposes a methodology 
for on-site wind resource assessment in future (climate change) perspective based on stochastic modeling, observed 
data and the latest generation of climate model results for future projections. Statistical downscaling and bias correction 
methods, i.e., the Quantile Perturbation Method and Quantile Matching, are applied to enable local scale assessments. It 
requires observed data for extended periods to facilitate climate change signal assessments and associated future pro-
jections. Two types of data sets are considered for observed data, i.e., on-site (local) measurements and reanalysis data. 
Two stochastic modeling approaches were adopted for the local observations data extension, i.e., a Markov and Weibull 
model, allowing for a sensitivity assessment. The methodology has been applied to a potential wind site in Suriname. 
Results reveal significant changes in wind power potential for the end of the century (2070–2100), ranging from − 27 to 
89%. Analysis of the extreme conditions reveals an extended range, from − 65 to 282%.
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1 Introduction

The COP21 agreement, at the 21th session of the UNFCCC 
Conference of the Parties, commits parties to a common 
effort on nationally determined commitments to develop 
strategies for low emission development to face climate 
change [41]. The rapid deployment of renewable energy 
technologies would aid in attaining a low emission status. 
Most renewable energy sources, namely solar, wind, and 
hydropower, are, however, dependent on weather and 
climate. Although the renewable aspect of these energies 

is attractive, it is possible that under climate change its 
potential may also change. The energy sector in Suriname 
relies on thermal and hydropower generation, with hydro-
power contributing to approximately 40% of the power 
demand [13]. The power demand increases with an aver-
age of 6% annually, resulting in a further increasing con-
tribution of thermal power generation. At the other hand, 
extreme climate events, i.e., droughts in the recent dec-
ade, have had significant impact on the water resources 
in Suriname, hence hydropower capacity. Although there 
is no strong evidence that the recent events are related to 
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climate change, there is a concern that hydropower may be 
subject to potential negative impacts of climate change in 
the future, i.e., extreme droughts occurring with higher fre-
quency and greater intensity [13]. It is therefore important 
to develop a long term energy strategy to address both, (I) 
the commitments towards the COP21 agreement, and (II) 
to develop an energy matrix of complementary renewable 
energy resources, to guarantee a sustainable energy sup-
ply on the long term, with minimal thermal contribution. 
Although there are no existing wind farms and plans for the 
near future (short term) to develop wind power projects, 
preliminary assessments show that under the current cli-
matic conditions in Suriname, wind resources may comple-
ment hydropower during the dry seasons, as these seasons 
have favorable wind conditions (substantially greater wind 
speeds occurring with higher frequency). Hence, to some 
extent, wind could mitigate the impact of the potential 
loss of hydropower capacity as a consequence of droughts. 
However, climate change could potentially have a negative 
impact on wind as well, which would be a setback for the 
development of wind power projects in Suriname. Climate 
modeling for renewable energy applications is an emerg-
ing research topic for both climate scientists and renewable 
energy engineers [21]. The advancements in climate models 
have increased the confidence in their outputs, such that 
they can be applied for climate change impact assessments. 
Research on this subject, including wind energy, has been 
done recently for different regions in the world [7, 9, 10, 15, 
34, 35, 37, 40, 49], but mostly limited to large scale projec-
tions rather than local (on-site) assessments. One of the main 
reasons is that, at present, there are limitations on the use of 
climate models for local impact analysis due to the coarse 
spatial and temporal resolutions. Also, the systematic bias in 
the output of the models has to be dealt with [4, 31, 47]. Dif-
ferent attempts have been made to develop downscaling or 
bias correction methodologies [10, 12, 20, 36, 40], but in gen-
eral the limiting factor is the additional need of long term 
observational data when applying a specific downscaling or 
bias correction methodology. The methods indeed need to 
be calibrated/trained (or at least validated) before use. The 
aim of this paper is to present a methodology for downs-
caling of climate model outputs that enables local impact 
assessments and also deals with the problem of model bias 
and limited observational data. A case study has been con-
sidered for a potential wind site in Suriname.

2  Materials and methods

2.1  Suriname and its climatology

Suriname is located in the northern part of South Amer-
ica (1.5–6°NL, 54–58°WL) and has a tropical wet climate. 

The average annual temperature is about 26.8  °C, the 
annual precipitation about 2100 mm and the average 
annual evaporation about 1750 mm. The relative humid-
ity is around 80% and the annual average solar irradi-
ance about 5 kWh/m2/day. The monthly rainfall distribu-
tion throughout the year is mainly governed by the Inter 
Tropical Convergence Zone (ITCZ), alternately causing 
wet and dry seasons in Suriname. The short (Dec–Jan) 
and the long (May–Aug) wet seasons account for about 
75% of the annual rainfall. Precipitation is also influenced 
by various dynamic processes on inter-decadal and inter-
annual scale, such as the Pacific El Niño Southern Oscil-
lation and the Tropical Atlantic Variability [16]. Some of 
these processes are schematically shown in Fig. OR1 [in 
Online Resource (OR)]. These are the North Atlantic Oscil-
lation (NAO), the Tropical Atlantic Variability (TAV), and 
the Pacific El Niño-Southern Oscillation (ENSO). The asso-
ciated north–east and south–east trades are the prevailing 
winds in Suriname. The Pacific ENSO (through the Walker 
and the Hadley circulation) and the NAO (through the 
Hadley circulation) influence the sea surface temperature 
anomalies (SSTAs) north of the equator [25, 44], which, in 
turn, impacts the north–east and south–east trades. The 
interaction of these processes is complex and is still under 
investigation [33]. During the NAO positive phase, intensi-
fied easterly trade winds, associated with strengthened 
Azores High, lead to a SST cooling in the Tropical North 
Atlantic (TNA) via greater latent heat fluxes from the oce-
anic surface [33]. Alternately, the ENSO can potentially lead 
to a SST warming in the TNA, in the spring, following El 
Niño (mature) winter. As discussed by [16], following the 
mature phase of an ENSO event, higher than average sea 
level pressure (SLP) in the region of the tropical Atlantic 
decreases the meridional SLP gradient, hence decreasing 
wind speeds in the trade wind belt, reducing evaporation 
and increasing SST. This is illustrated schematically in Fig. 
OR1. Northward cross-equatorial winds, inferring from 
a positive north–south SSTA difference, are shifting the 
position of the ITCZ, which impacts the trade winds, i.e., 
the northeasterly trades are being reduced in the north 
while the southeasterly trades are enhanced in the south. 
While El Niño events could cause the TNA-SST warming in 
the subsequent spring, it is argued that the duration of El 
Niño appears crucial, because if El Niño dissipates quickly, 
before spring, its affect should diminish as well [33]. In 
addition, the combined effects of El Niño and NAO should 
be considered as well, because a positive NAO tends to 
attenuate the effect of El Niño. Thus, understanding the 
relative role of El Niño and NAO becomes important in the 
TNA-SST variability [33]. For instance, a delayed TNA-SST 
warming associated with El Niño could be offset by the 
cooling effect associated with a stronger-than-average 
NAO in a positive oscillation phase [16], resulting in no 
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significant influence of El Niño on TNA-SST. Apparently, 
SST is a very important factor, which implies that future 
changes (global warming) may be of significant impact.

Considered from a wind power potential perspective, 
the locations with the more favorable conditions are situ-
ated in the coastal area of Suriname between 5 and 6°NL. 
This is illustrated in Fig. OR2, presenting a wind map of the 
coastal area of Suriname (derived from satellite/reanaly-
sis data: 2 × 2 km horizontal resolution at 100 m altitude 
[5]). The precise location of the study area is in the west of 
Suriname (6°NL, 57°WL), where most of the trade winds 
are received from the north-east trades, situated between 
5 and 30°NL. The wind regime is characterized by relative 
greater wind speeds occurring with higher frequency 
during the dry seasons compared to the wet seasons with 
relative lower wind speeds (refer to Fig. OR2).

2.2  Future climate projections: climate models

Initially we used the output of 31 General Circulation Mod-
els (GCMs) (refer to Table OR1), run under the 5th Cou-
pled Model Intercomparison Project (CMIP5). The coupled 
modeling effort under the CMIP5 project brought climate 
modeling centres around the world together [39] which 
made available their model simulation output in a coor-
dinated and structured way, allowing for an assessment 
of each model’s relative strengths and weaknesses. It fur-
ther allowed for a quantification of the range of possible 
(potential) future change based on the resulting spec-
trum of future projections inferring from the contribut-
ing models (model simulations), thus also accounting for 
the uncertainties associated with future greenhouse gas 
emission scenarios, the inherent variability of the climate 
system (probabalistic uncertainty), and climate modeling 
itself (parametrization uncertainty). The data used is of 
daily resolution at 10 m altitude.

2.3  Future climate projections: scenarios

The future (climate model) projections are based on the 
Representative Concentration Pathways (RCPs). RCPs 
are scenarios presenting possible future changes in the 
atmospheric composition, i.e., as a result of greenhouse 
gas emissions and other air pollutants. While these sce-
narios take account of the effect of socio-economic 
developments and the physical system response, they 
also account for the long-term consequences of present 
decisions (including the role of mitigation and adapta-
tion) [29], thus explicitly exploring the impact of climate 
policies [42, 43]. We considered 4 RCPs (RCP2.6, RCP4.5, 
RCP6.0 and RCP8.5). RCPs are characterized by their total 
radiative forcing levels, expressed in Watts per square 

meter, reached by the end of the century (2100) [27]. 
RCP2.6 represents a strong mitigation oriented path-
way where efforts are made to reduce greenhouse gas 
emissions (and indirectly emissions of air pollutants) 
substantially over time [42]. In contrast, RCP8.5 is char-
acterized by a strong increase in greenhouse gas emis-
sions, leading to high concentration levels towards 2100. 
It is referred to as a “business as usual” emission path-
way. RCPs 4.5 and 6.0 have been chosen as intermediate 
emission pathways, allowing for an impact assessment 
at intermediate global warming scenarios.

In total 82 model runs were considered, based on 
the available GCM-RCP combinations (Table OR1). We 
extracted model data (wind) for a (present day) base-
line period (1960–1990) and for the end of the century 
(2070–2100) for the future change assessments.

2.4  Statistical downscaling

2.4.1  Observed and extended wind speed data

Typical for climate impact studies is the use of long term 
data, generally considering periods of 30 years length, 
for both historical data and future projections. Historical 
(observed) data for the study area were obtained from 
wind speed measurements done for 1 year (2009–2010) 
on a 10 min interval basis at 30 m altitude. These ground 
measurement data, considering daily averages, were 
used as basis to conduct this study. Given that only 
1 year of observations was available, the observed time 
series had to be extended. The main reason for extend-
ing the observed time series is the additional need of 
long term observational data when applying a specific 
downscaling or bias correction methodology, either to 
train (and validate) the method in order to be applica-
ble, or as an inherent need of the applied method [10, 
12, 20, 36, 40]. Some researchers make use of reanalysis 
data, but these are limited by the available resolutions, 
which are still to coarse to be applied locally [12, 20]. In 
any case, to further improve the dynamic simulations, 
for applicability on point scale for instance [12], statis-
tical methods have to be applied, inevitably requiring 
long term historical data, which are scarce [20]. There-
fore, in this study, stochastic modeling was applied to 
obtain the required historical time series of 30 years. Two 
approaches were considered, to allow for a sensitivity 
analysis: the first one based on the empirical distribution 
of wind speeds, i.e., a Markov model, and the other one 
based on a fully random temporal generation of wind 
speeds, hence without temporal autocorrelation, con-
sidering a Weibull Probability Distribution (WPD) for the 
wind speeds.
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2.4.2  Wind time series generation based on Markov model

The use of weather generators based on Markov chains to 
produce long time series of weather data is widespread, 
and have been used in climate change studies [14]. As 
wind is a natural continuous process, wind speed at any 
time step is strongly related to wind speeds at previous 
time steps. Consequently, wind speed time series can be 
generated based on the Markovian approach. The proce-
dure is based on the utilization of the historical (observed) 
time series to setup a transitional probability matrix (TPM) 
as follows:

where the elements ai,j represent the number of transi-
tions from state i to state j in the historical data. The wind 
states are determined based on a classification of wind 
speeds. In this study, a total number of 8 wind speed states 
were defined, for observed wind speeds between 2 and 
10 ms−1, considering wind speed state sizes of 1 ms−1. This 
means that state 1 includes all wind speeds between 2 and 
3 ms−1; state 2 between 3 and 4 ms−1 etc.

Elements of the TPM are further transformed using the 
following equations. Firstly:

where bi,j represents the transition probability from state 
i to state j. Secondly:

where ci,j represents the summation of the transition prob-
abilities from state 1 to state j in row i of the TPM. The sum 
of the probabilities equals 1. A uniformly distributed ran-
dom number R, between 0 and 1, is then used to generate 
the wind speeds. Comparing R to the elements ci,j (j = 1, 
2,…, n) of the TPM, if R is smaller than (or at least equal to) 
ci,j, the next wind speed belongs to state j [14]. R is then 
used to determine the value of the wind speed in that 
specific state. The resulting Markov chain is referred to as 
a one-step or first-order Markov chain. Although higher-
order Markov chains are possible, the use of the first-order 

(1)

⎡
⎢⎢⎢⎢⎢⎢⎣

a1,1 a1,2 … a1,j−1 a1,j
a2,1 a2,2 … a2,j−1 a2,j
⋮ ⋮ ⋱ ⋮ ⋮

⋮ ⋮ ⋱ ⋮ ⋮

ai−1,1 ai−1,2 … ai−1,j−1 ai−1,j
ai,1 ai,2 … ai,j−1 ai,j

⎤
⎥⎥⎥⎥⎥⎥⎦

(2)bi.j = ai,j∕

j∑
k=1

ai,k

(3)ci,j =

j∑
k=1

bi,k

Markov chains is more common, especially in the case of 
generating wind time series. The strong increase in the 
number of the parameters for higher-order Markov chains 
limits their use [3]. For this study, a first-order Markov chain 
has been applied.

The performance of the Markov model was optimized 
by defining an appropriate size for the wind speed states, 
to obtain the closest statistical match with the observed 
(original) wind time series [14]. The approach being sto-
chastic implies that the same statistical properties should 
be found in the generated (synthetic) wind series. There-
fore, the model was validated based on the relevant sta-
tistical properties, i.e., the minimum, maximum, mean and 
standard deviation (St. Dev) of wind speeds, and even the 
full probability distribution through the parameters of 
the fitted distribution. Given the application, the valida-
tion was further extended based on an assessment of wind 
speed extremes, i.e., consideration of the extreme value 
distribution inferring from the model time series relative 
to the extreme value distribution of the observations (see 
Sect. 2.6.3 for further explanation).

It is noted that the first-order Markov model does not 
directly include seasonality [14]. This was solved by con-
sidering the seasonality characteristics derived from the 
observed time series as follows. First, the observed data of 
1 year are repeated to obtain a time series of 30 years. Then 
a series of dates, considering 30 years, starting at January 
1st of the first year and ending at December 31st of the 
30th year, is linked to the daily intensities of the repeated 
observed time series of 30 years. Based on the assumption 
of statistical equality of the observed and generated syn-
thetic time series, the distributions of wind speeds should 
be similar for both series. It implies that the ranked intensi-
ties in both time series should occur for the same empiri-
cal return periods (or exceedance probabilities). Next, the 
intensities of the repeated observed time series of 30 years 
are ranked, pair wise with each specific date linked to its 
specific intensity, next to the ranked intensities of the ran-
domly generated synthetic time series of 30 years, system-
atically considering the same exceedance probability for 
the ranked intensities of both time series. The dates linked 
to the ranked intensities of the repeated observed time 
series, now not in chronological order, can then be sorted 
back chronologically to obtain the rearranged synthetic 
time series of 30 years, with the seasonality characteris-
tics incorporated. This method was validated based on the 
statistical properties of random samples of 1 year out of 
the rearranged synthetic time series of 30 years (with sea-
sonality incorporated). The statistical properties, especially 
the mean and standard deviation (St. Dev), and parameters 
of the fitted probability distribution, should be close to 
those of the original (random) synthetic time series with-
out seasonality.
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2.4.3  Wind time series generation based on Weibull 
Probability Distribution

An alternative approach for wind speed time series gener-
ation is the one based on the random temporal generation 
of wind speed values, sampled from a probability distribu-
tion. In this study, the two-parameter WPD was applied [1, 
19, 23, 49]. Once the WPD parameters have been deter-
mined, this is a simple process, given that the cumulative 
distribution function of the WPD can be obtained in closed 
form [3]. The process to obtain the WPD parameters for 
wind speed distributions is discussed further in Sect. 2.6.2. 
The random number generation process is formulated as 
follows (utilizing the inverse form of the cumulative distri-
bution of the WPD):

where v is the randomly generated wind speed, c is the 
scale parameter of the fitted WPD, related to the mean 
wind speed, k is the dimensionless shape parameter, 
related to the wind speed variability, and R a uniformly dis-
tributed random number between 0 and 1. As discussed 
for the Markov model, the same procedure to include sea-
sonality was applied here.

2.4.4  Reanalysis data

Alternatively, we used reanalysis data to deal with the 
shortcoming of short observational data series. Given 
that the baseline GCM historical runs considered are for 
the period 1960–1990, we consistently extracted rea-
nalysis data for the same period. We used two data sets 
(facilitating a sensitivity analysis), i.e., NCEP-NCAR and 
ERA40 model data, (meridional and zonal components) 
at 10 m altitude, both with a 2.5° × 2.5° global resolu-
tion. Daily averages were considered, based on 6 hourly 
data. Besides the uncertainties regarding the accuracy 
of reanalysis data, considering the resolution, there is 
also uncertainty regarding the selection of the right 
cell covering the point of observations (site of consid-
eration). To deal with this uncertainty, [28] applied bi-
linear interpolation to the reanalysis data used in their 
study, which implies that the four nearest cells to the 
point of observations are considered, forming a 2 × 2 
square. In our study we considered the nine nearest 
cells, i.e., the centric cell, covering the point of observa-
tions, and the eight surrounding cells, forming a 3 × 3 
square of cells. We then obtained the data from the cell 
which was statistically most representative, relative to 
the current/observed wind regime for the point of con-
sideration, also considering bias correction. The bias cor-
rection method applied here is based on a probabilistic 

(4)v = c × (−lnR)1∕k

downscaling approach. It is a Quantile-Matching (QM) 
method, considering empirical Cumulative Probability 
Functions (CDFs), i.e., of the observed (Fo(O)) and rea-
nalysis data (Fr(R)) [28]. Thus, to downscale the coarse 
scale reanalysis data (bias correction), one selects the 
local (point of observations) value such that:

and,

where F−1
o

 is the inverse function of Fo, defined over [0,1]. 
Thus Eq. 6 allows to build a new (bias corrected) data 
series (O) with the local observational statistical charac-
teristics. This approach does not need the reanalysis data 
to be extrapolated to the observational altitude, i.e. 30 m, 
since it only requires or utilizes the statistical properties 
of the data sets (CDFs). Thus, the resulting downscaled 
series are 30 m altitude values. The robustness of the bias 
correction method applied here was tested by validation 
(1981–1990) after calibration (1960–1980) of the bias cor-
rection method. The calibration was done afterwards, by 
modeling the CDFs of the data sets involved (reanalysis 
and observational), and followed by a validation using the 
kolmogorov–Smirnov test statistic (KS-Stat; α = 0.05) [28].

For the NCEP-NCAR model, we also extracted data for 
the 2009–2010 period, matching the period of the local 
observations, for comparison without bias correction. 
This is one setback for ERA40, because data is available 
only for the 1957–2002 period. The NCEP-NCAR data 
(2009–2010), consistently extracted for the cell that is 
most representative of the observed wind regime, was 
extrapolated to the altitude of the observations (30 m) 
to validate the NCEP-NCAR model skill (uncorrected). A 
power law, as proposed by [40], was used to extrapolate 
the data:

where UH is the wind speed at a specific altitude H, e.g. 
wind turbine hub height, and US is the wind speed at 10 m 
(e.g. for the reanalysis data used in this study).

The assessment reveals that the NCEP-NCAR model 
skill is reasonably good. This was validated based on the 
KS-Stat (2009–2010 data), i.e. 0.065, which is well under 
the critical value of 0.090 (α = 0.05). The 2009–2010 
NCEP-NCAR reanalysis data and local observations 
(2009–2010) are therefore assumed to be of the same 
distribution (see Figs OR7 and OR8). Although it was not 
possible to validate the ERA40 model in the same way, 
we still used the most representative data set, out of the 
3 × 3 square of cells, to facilitate the sensitivity analysis, 
as stated previously.

(5)Fo(O) = Fr(R)

(6)O = F−1
o
Fr(R)

(7)UH = US ×
(
H

10

)�

, � = 0.37 − 0.0881 × ln
(
US

)
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2.4.5  Quantile Perturbation Method

The GCM outputs are generally too coarse for direct 
application at local/point scale (typical horizontal 
resolution of 50 × 50 km). The outputs were therefore 
downscaled statistically applying the Quantile Pertur-
bation Method (QPM) [13, 30, 38, 48]. It is a method 
that generates projections which are consistent with 
the recurrence probability (frequency) of intensities for 
a specific climatic variable of interest, whereas daily or 
sub daily (hourly) time series are considered. The inten-
sities of the baseline (current/present day model pro-
jections: 1960–1990) and the future model projections 
(2070–2100), ranked according to their empirical return 
period (or associated exceedance probability p), are 
compared in a systematic way, i.e., considering quantiles 
(values) of the same rank. This is done for each specific 
month, thus accounting for seasonal change. This sys-
tematic comparison, as function of the exceedance prob-
ability, p, produces a (unit-less) future-baseline intensity 
ratio:

where φ is referred to as the perturbation factor, with Qf(p) 
and Qc(p) respectively the future and current quantiles for 
the climatic variable of interest, both depending on the 
exceedance probability p. The historical time series, also 
ranked in the same way, are then perturbed systematically, 
thus utilizing the derived perturbation factors consist-
ently as function of the exceedance probability p. Conse-
quently, 30 years of historical data are considered, thus, 
in this case, the extended observed time series and bias 
corrected reanalysis data sets. In this way, future projec-
tions are obtained for each of the individual climate model 
runs (at the observational data altitude and time resolu-
tion considered).

Applying the reanalysis data approach allows for the 
inclusion of inter-annual variability, which is not the case 
for the weather generators used, because these only uti-
lize the statistical properties of the observations, and the 
built-in seasonality characteristics are drawn from the 
single year of observations only. This is one caveat of the 
weather generators approach, introducing additional 
uncertainty (i.e., referring to general assumption of sta-
tionarity). Thus, the future range of change in power 
density, for reanalysis data, is proportional to the CDF 
(historical) range (30 year anomalies), inflated with the 
future change signal (perturbations) cubed, i.e., consid-
ering the lowest minimum and highest maximum of the 
resulting CDF range by all available future change sce-
narios (all GCM-RCP combinations). This allows assessing 

(8)�(p) =
Qf (p)

Qc(p)

the range of annual power potential variations, i.e., con-
sidering power density anomalies relative to the 30 years 
mean power density, associated with the 30 years future 
CDFs. In other words, by modeling the extreme empiri-
cal CDF functions for the change signal boundaries (e.g. 
see Fig. OR11), the range of change can be extended by 
the absolute minimum and maximum of the anomaly 
boundaries, thus allowing for an extremes assessment 
(e.g. considering the potential future extremes for poor 
wind resource years).

Although several statistical downscaling methods exist, 
the QPM was selected for this study as it predominantly 
explores and utilizes the climate change signal, which has 
major advantages. It does not require additional physical 
data bound to the location of consideration, e.g. detailed 
surface morphology or the need to distinguish clearly 
between land and sea at coastal sites, as is the case for 
other empirical methods [36]. Compared to regression 
based approaches [10, 12, 20, 36], the QPM has an impor-
tant advantage, i.e., besides parameterization uncertain-
ties (concerning best predictor variables), it is not always 
clear whether predictor variables providing an optimal fit 
for the historical observations are still suitable for other 
time periods (e.g. climate change studies) when using 
regression based approaches [20]. Moreover, when apply-
ing certain bias correction methods, corrections may be of 
the same order of magnitude as the climate change signal, 
potentially having important implications for the final (cli-
mate change) impact assessments, which may not be fully 
understood. It would then require additional analysis, i.e., 
without correcting winds, e.g. as done by [40], in order to 
evaluate how critical the post-processing is for the results.

The application of the QPM was supported by the “Cli-
mate Perturbation Tool” developed at KU Leuven [13, 30, 
48].

2.5  Selection of an optimal ensemble of model runs

We selected a smaller ensemble of model runs for the 
impact assessments, which is representative of the full 
range of change of the original (full) ensemble. This is 
particularly important, as otherwise the impact assess-
ments become very challenging, taking the amount of 
data involved into account, and the (computational) 
resources required for the impact assessments [13, 
26]. Initially all model runs were evaluated based on 
the range of change factors they produce. This assess-
ment was done based on the Quantile Perturbation 
procedure. Following a boxplot approach [11, 13], we 
excluded the outlying model runs first. Outliers were 
detected based on the inter quartile range (IQR) of the 
monthly change factors. Based on the first quartile (Q1) 
and the third quartile (Q3), which constitute the IQR 
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(Q3–Q1) (e.g. as shown in Fig. 1), inner and outer fences 
were defined. The inner fences were at Q1 − 1.5 IQR and 
Q3 + 1.5 IQR, while the outer fences were at Q1 − 3 IQR 
and Q3 + 3 IQR. Data outside the inner fences, but inside 
the outer fences, were considered mild outliers. Data 
outside the outer fences were considered extreme outli-
ers. The evaluation was done per RCP and per month.

Following this assessment of change factors, which 
further facilitates the identification of redundant pro-
jections (model runs with more or less the same out-
comes), we consistently selected an equal number of 
model runs, for each RCP (RCPs 2.6, 4.5, 6.0 and 8.5), 
aiming for a (minimal) sub-set, which most effectively 
span the full range of the original model projections 
(with the outliers excluded). The boxplot approach, as 
shown by [13], facilitates the evaluation of the extent 
to which the selected sub-set is representative, aiming 
for an optimum, i.e., the boxplots, especially the Inter 
Quartile Ranges (IQRs), of the optimal ensemble and the 
original (full) ensemble should match closely.

2.6  Wind power potential

The observed data sets used in this study are bias cor-
rected reanalysis data sets and extended local observa-
tional (local measurements) series, based on the avail-
able locally observed data (2009–2010) pertaining to 
the study area. Therefore, the power potential assess-
ments were consistently done at the altitude of the local 
observations, i.e., 30 m.

2.6.1  Power density

Instantaneous wind power potential, P, is typically calcu-
lated by [19, 49]:

where ρ is the density of air, A the considered unit of area 
perpendicular to the wind flow, and v the instantaneous 
wind speed. Consequently, the wind power per unit area 
(P/A) is referred to as the power density, PD:

The time variation of wind speed is reflected by its 
probability distribution, e.g. at monthly time scale. The 
two-parameter WPD [Eq. (11)] is commonly utilized by 
the wind industry for wind speed frequency distribution 
analysis [1, 49]. This WPD was indeed identified as the one 
that represents wind speed frequency distributions well 
[19, 23]. As noted previously, the WPD is characterized by 
the scale parameter, c, related to the mean wind speed, 
and the dimensionless shape parameter, k, related to the 
wind speed variability, which provides an approximation 
of the flatness of the distribution (high values of the shape 
parameter are associated with more narrow distributions):

The mean, ⊽, and variance, σ, of the WPD are estimated 
based on the WPD parameters via:

and

where Γ is the gamma function. The mean wind power 
density, E, of a site for which the wind speed frequency dis-
tribution could be modeled by the WPD, whether monthly 
or annually, is given by [10, 35]:

2.6.2  Calibration of the Weibull Probability Distribution

There are several ways to estimate the WPD parameters, 
such as the classical moments or maximum likelihood 
based methods. [2] have shown that the alternative 
Power Density Method (PDM) is the best way to estimate 
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Fig. 1  Range of change of the optimal ensemble of model pro-
jections (red boxplot) that most effectively spans the full range of 
change (black boxplot) of the original (full) ensemble. Each line 
represents a model projection of the original ensemble. The model 
projections of the optimal ensemble are highlighted in blue. Outli-
ers are highlighted in green
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the two-parameter WPD. This has been confirmed by [1]. 
Furthermore, given that the estimated energy produced 
by wind turbines is one of the primary objectives in evalu-
ating wind sites, the only method that partially takes it 
into account is the PDM, i.e., it utilizes the available (poten-
tial) energy associated with a wind speed distribution [8]. 
Given the context of this paper, the PDM has been used for 
fitting the WPDs. It relies on the knowledge that the kinetic 
energy in wind is proportional to the cubic of wind speed. 
Based on Eq. (14), the mean of the cubic wind speeds is 
given by:

Equations  (12) and (15) can be used to obtain the 
energy pattern factor, Epf, which is given by [1, 2]:

Equation (16) is solved numerically to obtain k, whereas 
c can then be determined using Eq. (12). It implies that the 
power density under the fitted WPD should be equal to 
the weighted average power density for the wind speed 
classes under the wind speed distribution. The coefficient 
of determination (R2) has been used as statistical measure 
for the goodness-of-fit (GOF) and is given by:

where N is the total number of wind speed classes, yi the 
frequencies of wind speeds per wind speed class, xi the 
frequency distribution value obtained by means of the fit-
ted WPD, and ӯ the average of the yi values. The closer R2 
is to 1, the better the fit.

2.6.3  Assessment of wind extremes

A change in the occurrence and intensity of extreme winds 
could potentially impact the wind power properties of a 
specific wind site (e.g. in terms of selection of suitable 
wind turbines and plant design, typically considering the 
50 year gust speed). Therefore, an assessment of wind 
extremes has been done in addition. The basis of all clas-
sical extreme value analysis methods is the Generalized 
Extreme Value (GEV) distribution theory [32], describing 
how the maxima of independent and identically distrib-
uted random variables can be fitted to one of three basic 
families. The GEV has the following cumulative distribution 
function:
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where k is a shape parameter which determines the type of 
extreme value distribution. The Type I parent distribution 
has k = 0, and is also referred to as the Gumbel distribution. 
As [32] discusses, for negative and positive values of k, the 
extreme value distributions are respectively identified as 
Type II and Type III. The Type I and Type II are unbounded at 
the upper end (with Type II typically having a thicker tail), 
while Type III is bounded at the upper end. The reduced 
(standardized) variate, y, is given by [32]:

where β is the mode (or location parameter) of the 
extreme value distribution, and α is the dispersion (or scale 
parameter). The Type I parent distribution also includes 
the WPD. Given that the WPD is a good (widely accepted) 
model for wind speed distributions, wind speed extremes 
are often modeled by Type I [14, 32].

In conjunction of the GEV theory, more recently, the-
ory has been developed which allows for analysis of all 
extreme values exceeding a specified threshold (the cross-
ing rate), the so called Peak Over Threshold (POT) extremes 
[32]. The behaviour of the POT extremes is described by 
an asymptotic distribution, i.e., the Generalized Pareto 
Distribution (GPD). The maxima of the GPD distribution 
are GEV distributed [32]. As the GEV distribution, it has a 
shape parameter, k, and a scale parameter α. The number 
of observations above the threshold is low and assumed 
Poisson distributed. The cumulative distribution function 
for the GPD is given by [32]:

where ξ is the selected threshold. For k = 0, the GPD 
reduces to an exponential distribution:

A best fit line equation, based on a least square assess-
ment, thereby considering an optimal threshold, is fit as 
the extreme value distribution, showing the exceedance 
probabilities of extreme values, e.g. as presented in Fig. 
OR6. As [32] discusses, for a correct and satisfactory deter-
mination of the distribution parameters, the choice of the 
threshold has to be correct, i.e., appropriate for the clima-
tology of the site. When the observational time series are 

(18a)F(x) = exp
[
−(1 − ky)

1

k

]
k ≠ 0

(18b)F(x) = exp
[
−exp(−y)

]
k = 0

(19)y =
x − �

�

(20)F(x) = 1 −

[
1 −

k

�
(x − �)

]1∕k

(21)F(x) = 1 − exp

[
−
x − �

�

]



Vol.:(0123456789)

SN Applied Sciences (2019) 1:846 | https://doi.org/10.1007/s42452-019-0885-6 Research Article

short, as in our case, the conventional extreme value dis-
tribution analysis methods become less effective. In those 
cases, the application of stochastic modeling approaches 
for data extension—as we did—effectively complements 
these conventional methods [14]. The extreme value 
analyses in our study were supported by “WETSPRO” [45] 
and “ECQ” [46] (tools developed at KU Leuven), support-
ing the theory described above. The first tool was used for 
POT extreme value assessments and the latter for extreme 
value distribution parameters determination and fitting.

The methodology described above can be applied to, 
both, daily mean wind speeds and daily gust speeds. The 
empirical relationship between observed mean and gust 
speeds, considering daily values, can be applied beyond 
available periods, facilitating climate change studies [17].
The approach is a regression based one whereas peak-gust 
factors are considered, relating daily gust and mean wind 
speeds given by [17]:

where ug is the daily gust wind speed, U is the daily mean 
wind speed, and G the dimensionless peak-gust factor, 
defined over 0 ≤ G < +∞ (with G = 0 accounting for cases 
where ug and U are in close/precise agreement). A linear 
regression model is then calibrated to the logarithmic val-
ues of G and U. Thus the daily gust speeds, derived from 
the extended daily mean wind speed time series, are per-
turbed in the same way as done for the daily mean wind 
speeds, to obtain the future projections.

3  Results and discussion

3.1  Validation of the wind speed generation models

The two models for wind speed generation were validated 
based on generated daily wind speed time series of 30 
consecutive years. Their statistical properties were com-
pared with these of the observed series. The results are 
presented in Fig. OR3, presenting boxplots that depict the 
range of the (statistical property) differences between the 
generated and observed series for 10 generated 30-year 
series. The maximum differences are between 6% (for 
the WPD parameter k) and − 8% (for the minimum wind 
speed) for the Markov based model, and between 6% (for 
the maximum wind speed values) and − 23% (for the mini-
mum wind speed) for the WPD based model. Note that the 
WPD based model generates wind speed values beyond 
the observed lower and upper “bounds”, respectively 2.16 
and 9.83 ms−1, a feature inherent to the model, due to the 
WPD calibration. However, this is for a limited number of 

(22)G = ugU
−1 − 1

simulations (about 1% below 1.5 ms−1/above 10.5 ms−1 
excluded, obtaining the 30 years series).

Arbitrarily, the first generated 30-year series, for both 
wind speed generation models, have been considered as 
basis for further assessment. Consequently, the method 
for incorporating seasonality (in the generated series) is 
evaluated based on that series. The results are shown in 
Fig. OR4. This figure presents boxplots depicting the range 
of differences for the statistical properties of 10 random 
years chosen out of the rearranged generated 30-year 
daily series, hence with the seasonality characteristics 
incorporated, relative to the original series (without sea-
sonality). The maximum differences are between 4% (for 
the St. Dev) and − 8% (for the minimum wind speed val-
ues), for the Markov model, and between 0.6% (for the 
minimum wind speed) and − 0.6% (for the St. Dev), for the 
WPD based model.

Further validation shows that the WPDs calibrated to 
the generated series and to the observed series are close 
(Fig. OR5); idem for the empirical and calibrated (type I) 
GPD extreme value distributions (Fig. OR6), calibrated as 
explained in Sect. 2.6.3. Taking the context of this paper 
into account, where the emphasis is not on short term 
(hourly or daily) forecasting of wind speed, e.g. for wind 
farms, the models are considered useful.

3.2  Bias corrected reanalysis data sets 
and validation

The results for the bias corrected reanalysis data sets, i.e., 
the mean empirical CDFs and associated inter-annual 
variability ranges, are presented in Figs. OR7 and OR8, 
showing the results before (blue plot/shaded area) and 
after bias correction (grey plot/shaded area) of the NCEP-
NCAR model, without data extrapolation (Fig. OR7), and 
the ERA40 model, with data extrapolation (Fig. OR8), 
respectively. The empirical CDFs for the observed data 
and NCEP-NCAR data, for 2009–2010 (extrapolated to the 
observational altitude of 30 m) are also shown for refer-
ence in both figures, along with the empirical CDFs for the 
validation periods. The KS-Stat is 0.064, for the validation 
periods (1981–1990) of, both, NCEP-NCAR and ERA40. The 
critical value is 0.065 (α = 0.05).

3.3  Optimal ensemble of climate model runs

The reduced or optimal ensemble of climate model runs, 
representing the full range of available CMIP5 GCM projec-
tions, after exclusion of the outliers, is presented in Table 
OR2. A minimum of 20 runs, 5 for each RCP, were selected 
to most effectively span the full range of the climate 
change projections. In total, 12 model runs were identified 
as outliers. Figure 1 presents the range of change spanned 
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by the reduced ensemble. The good match between the 
boxplot ranges of the optimal ensemble and the original 
(full) ensemble suggests that the optimal ensemble rea-
sonably represents the full range of change by all model 
runs, at least after excluding the outliers. Figure 2 presents 
the range of change for the model runs of the optimal 
ensemble for each specific RCP relative to the full range 
of change for all RCPs.

The results reveal a clear distinction, dependent on the 
RCP, in projected changes for our study area at the end 
of the century (2070–2100). Overall, by considering the 
boxplot IQRs in Fig. 2, there is a clear tendency towards 
a higher probability for increased wind speeds at suc-
cessively higher emission rates. Mean monthly change 
anomalies with respect to the present day model base-
line are smallest for RCP2.6 and largest for RCP8.5 (greater 
than 20%), especially for the long wet season (May–Aug). 
It implies that relative greater wind speeds are also pro-
jected for the long wet season, generally known for lower 
relative wind speeds, predominantly caused by the ITCZ. 
The projections for RCPs 4.5 and 6.0 illustrate the delayed 
response of our climate system to increases at intermedi-
ate emission rates or global warming scenarios.

3.4  Wind speed distributions and power potential

3.4.1  Wind generation model results

Figs. OR9 and OR10 present the WPDs for the future wind 
regimes projected by the end of the century (2070–2100), 
considering the 30-year generated daily wind speed series 
for the Markov and WPD based models respectively. The 
boxplots in these figures present the range of change for 
the probabilities of wind speeds, inferred from the future 
projections. It is apparent, by considering the boxplot IQRs 

specifically (relative to the WPD for the observed/present 
climatic conditions), that there is a clear tendency towards 
an increased probability for the higher wind speeds. Based 
on the calibrated WPDs, per model projection of the optimal 
ensemble, an assessment was made of the power density 
for each scenario (model run based on a specific model and 
specific RCP), also allowing for RCP specific assessments. The 
power density per scenario as well as the relative changes 
are presented in Table 1, along with the WPD parameters 
and GOF statistic (R2). The range of change in power density 
is presented by the boxplots in Fig. 3, for each specific RCP 
and for both wind speed time series generation models. The 
corresponding IQRs and extreme values are presented in 
Table OR3. As noted previously, the use of different wind 
speed generation models allows for a sensitivity analysis. 
The results (referring to Fig. 3 and Table OR3) show that 
a slight discrepancy (depending on the wind generation 
model accuracy) can result in significant differences in 
power potential projections, which is attributed to power 
density being proportional to wind speed cubed. This adds 
additional uncertainty, apart from climate modeling specific 
uncertainties. Using different wind speed generation mod-
els would enable quantification of the uncertainty to some 
extent. However, the WPD based method presents an over-
all better performance compared to the Markov approach 
(refer to Figs. OR3 and OR4: Mean, St. Dev, k and c). 

3.4.2  Reanalysis data results

The main difference here, compared to the wind generators 
results, is the additional information obtained by the enabled 
assessment of the future change anomalies associated with 
inter-annual variability, providing greater insight in terms 
of potential extremes. The resulting extreme anomalies in 
power density are presented in Table 2 and Fig. 3 (along with 
the wind generators results). These were obtained by mod-
eling the WPDs for the minimum and maximum boundaries 
of the future change projections, by all RCPs (e.g. see Fig. 
OR11, depicting the extreme empirical CDFs and associated 
extended ranges of change for ERA40 reanalysis data).

3.4.3  Extreme wind assessment results

The results for the extreme wind assessments are pre-
sented in Fig. OR12 and Fig. OR13. These results are based 
on the 30-year daily wind speed series of the WPD based 
model. Fig. OR12 presents the regression relation of the 
daily mean versus gust wind speed, based on the obser-
vational data, used to extend the gust wind speed time 
series. This model has the following relation with Log G as 
the predictant and Log U as the predictor:

LogG = 2, 053−1, 227 LogU

Fig. 2  Range of change for the model runs of the optimal ensem-
ble, for each specific RCP (colored boxplots: green, blue, orange 
and purple respectively representing RCP 2.6, 4.5, 6.0 and 8.5), rela-
tive to the full range of change by all RCPs (black boxplot)
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where G is the peak-gust factor and U the daily mean wind 
speed. The regression model has an R2of 0,66.

Fig. OR13 presents the (type I) GPD extreme value 
distributions for the daily mean and gust wind speeds 
for the current climatic conditions and future projec-
tions (2070–2100). The extreme value distributions for 
the model runs with the lowest and highest projected 
extremes are plotted, covering the total range of change.

4  Conclusions

Applying the proposed methodology to the poten-
tial wind site considered in this study, the results reveal 
significant changes towards the end of the century 
(2070–2100). A clear distinction can be made in projected 
changes, dependent on the RCP scenario. Overall, there 
is a clear tendency towards increasing probabilities for 
the higher wind speeds with increasing emission rates or 
global warming scenarios. Mean monthly change anoma-
lies with respect to the present day baseline are smallest 
for RCP2.6 and largest for RCP8.5, especially for the long 
wet season (May–Aug). It implies relatively higher wind 
speeds for the long wet season, generally known for rela-
tively lower wind speeds, predominantly caused by the 
ITCZ. The RCP4.5 and 6.0 scenarios illustrate the cascading 

Table 1  Parameters of the calibrated WPDs for the future wind regime projections, towards the end of the century (2070–2100), and corre-
sponding power density, for the Markov and WPD based models

GCM RCP Markov based model WPD based model

WPD parameters GOF Power density WPD parameters GOF Power density

⊽ c k R2 [W/m2] Change(%) ⊽ c k R2 [W/m2] Change(%)

ACCESS1-0_r1i1p1 8.5 7.11 7.81 4.26 0.90 265.4 97.2 7.01 7.70 4.31 0.92 254.2 88.9
ACCESS1-3_r1i1p1 8.5 6.18 6.92 3.00 0.74 199.5 48.2 6.13 6.85 3.13 0.91 192.0 42.6
GFDL-ESM2G_r1i1p1 8.5 5.31 5.89 3.67 0.84 117.1 − 13.0 5.24 5.80 3.70 0.93 111.9 − 16.9
MPI-ESM-LR_r3i1p1 8.5 6.80 7.55 3.56 0.89 246.0 82.8 6.69 7.41 3.79 0.93 230.9 71.5
MRI-CGCM3_r1i1p1 8.5 5.58 6.20 3.50 0.82 138.3 2.7 5.49 6.10 3.58 0.94 131.0 − 2.7
GFDL-CM3_r1i1p1 6.0 5.31 5.90 3.56 0.81 118.7 − 11.8 5.24 5.81 3.61 0.93 113.2 − 15.9
GFDL-ESM2G_r1i1p1 6.0 5.35 5.94 3.60 0.84 121.0 − 10.1 5.27 5.85 3.65 0.92 115.1 − 14.5
IPSL-CM5A-LR_r1i1p1 6.0 5.60 6.23 3.42 0.79 141.6 5.2 5.52 6.13 3.51 0.93 133.7 − 0.7
MIROC5_r1i1p1 6.0 6.50 7.19 3.80 0.84 211.7 57.3 6.41 7.09 3.82 0.90 202.7 50.6
MIROC5_r3i1p1 6.0 6.77 7.44 4,25 0.76 229.9 70.8 6.67 7.38 3.86 0.93 227.3 68.9
CMCC-CM_r1i1p1 4.5 6.03 6.69 3.66 0.88 171.9 27.7 5.98 6.62 3.76 0.93 165.7 23.1
GFDL-CM3_r5i1p1 4.5 5.08 5.64 3.67 0.88 102.7 − 23.7 5.02 5.56 3.70 0.93 98.4 − 26.9
IPSL-CM5A-MR_r1i1p1 4.5 5.46 6.08 3.32 0.80 132.7 − 1.4 5.37 5.98 3.41 0.92 125.2 − 7.0
MPI-ESM-LR_r1i1p1 4.5 6.48 7.22 3.40 0.86 218.2 62.1 6.38 7.08 3.61 0.91 203.7 51.3
MPI-ESM-MR_r1i1p1 4.5 6.26 6.94 3.65 0.90 191.9 42.6 6.16 6.82 3.76 0.92 181.2 34.6
GFDL-ESM2G_r1i1p1 2.6 5.46 6.07 3.52 0.82 129.7 − 3.6 5.38 5.97 3.59 0.94 123.0 − 8.6
IPSL-CM5A-LR_r2i1p1 2.6 5.68 6.32 3.37 0.80 148.4 10.3 5.59 6.22 3.46 0.94 140.1 4.1
IPSL-CM5A-LR_r4i1p1 2.6 5.69 6.34 3.34 0.79 150.1 11.5 5.61 6.24 3.44 0.93 141.5 5.1
IPSL-CM5A-MR_r2i1p1 2.6 5.53 6.17 3.29 0.76 139.1 3.3 5.45 6.07 3.37 0.92 131.4 − 2.4
MPI-ESM-LR_r1i1p1 2.6 6.22 6.92 3.44 0.83 193.0 43.4 6.12 6.79 3.60 0.93 180.7 34.2
Observed – 5.51 6.13 3.43 0.85 134.6 – 5.51 6.13 3.43 0.85 134.6 –

Fig. 3  Power density change projections based on the different 
historical series used. The results are shown per RCP, for the Markov 
and WPD based models for wind series generation. For the NCEP-
NCAR and ERA40 reanalysis data, the projected changes by all RCPs 
are shown, with the projected maximum (extended) ranges for 
power density anomalies associated with inter-annual variability
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effect of further increases at intermediate emission rates, 
showing the delayed response of our climate system at 
intermediate global warming scenarios. These projected 
changes lead to important changes in the power density 
and, as a consequence, also in the wind power potential 
for the study site in Suriname.

The changes in wind power potential for the study 
region range from − 27 to 89%, over all RCPs considered, 
when applying the WPD based stochastic wind speed 
generation model. Comparing the results obtained by 
the two stochastic wind speed generation methods shows 
significant differences, adding on to the uncertainty in the 
impact results, apart from climate modeling related uncer-
tainties. The range of change, based on the Markov model 
results, is from − 24 to 97%. Apparently, a slight discrep-
ancy, depending on the wind generation model accuracy, 
can result in significant differences in terms of impacts on 
power potential (Fig. 3), which is attributed to power den-
sity being proportional to wind speed cubed. This shows 
that for such future impact investigations, wind generation 
methods should be selected and calibrated with the high-
est possible accuracy.

The use of reanalysis data facilitates inter-annual vari-
ability assessments, referring to the extreme conditions 
analysis results, i.e., the resulting extended range of pos-
sible future power potential changes, from − 57 to 189% 
and − 65 to 282%, respectively for the NCEP-NCAR and 
ERA40 models, with ERA40 presenting greater variabil-
ity. Apparently, there is additional uncertainty involved 
regarding the data sets used. It indicates the specific need 
for more in depth/extensive research on variability (e.g. 
also at sub-daily time resolutions), specifically related to 
the associated aspects of grid stability and backup/storage 
systems planning and design, which is critical in terms of 
dealing with the intermittent nature of wind power.

Based on the assessments for extreme wind speeds, it 
is apparent that extreme wind conditions will not change 
drastically towards the end of the century (2070–2100). 
For instance, referring to Fig. OR13, the greatest 50-year 
gust speed projected (corresponding with an exceedance 
probability of 0.02 (or −Ln (0.02) = 3.915)), is 18 m/s, which 
is 20% greater than the 50-year gust speed for the current 

climatic conditions, i.e., 15 m/s. Given that the 50-year gust 
speed is typically used for optimal wind turbine selection 
and plant design purposes, this is important information. 
Considering the greatest 50-year gust speed projected 
relative to the classification of wind turbines by the Inter-
national Electrotechnical Commission (IEC), i.e., standard 
IEC 61400-1 [22], when it comes to optimal wind turbine 
selection for the potential wind site of consideration, there 
should be more concern about optimizing the capacity 
factor rather than extreme wind conditions.

Considered from a global perspective, there is an 
increasing tendency of wind resources/increasing wind 
speeds in general [24] with increasing global warming 
rates. However, it is shown that, on the regional scale, cli-
mate change impacts are more region-specific, i.e., there 
are regions which might be impacted positively or nega-
tively, to different extents [e.g. 9, 35], and regions with 
insignificant or minor impacts [e.g. 10, 34]. For instance, 
[9] shows that, although no major differences are to be 
expected in the near term future, by the end of the current 
century differences in terms of wind energy density can 
reach up to + 30% in the Baltic regions and − 30% in East-
ern Europe. It is found by [35] that it is unlikely that mean 
wind speeds and energy density will change by more than 
the current inter-annual variability (i.e., − 15% to + 15%) 
over most of Europe and North America during the pre-
sent century, but changes over South America may be of 
larger magnitude. This statement may be confirmed by 
our study, considering the results we found for our study 
area (situated in South America). However, [35] further 
state that the estimates they refer to are also subject to 
rather large uncertainty. Changes may also be seasonal, 
e.g. as shown by [37] for Oklahoma wind resources specifi-
cally. Changes of up to + 20% are projected for summer 
and decreases of up to − 6% for fall, towards mid century 
time periods. Research done for the equatorial (tropical 
and subtropical) regions specifically, i.e., considering the 
trade winds (e.g. in the Pacific and Atlantic basins), shows 
a strengthening tendency of the trade winds projected at 
increased global warming rates [24]. This is also confirmed 
by our study/for our study region (South American coastal 
zone in the equatorial Atlantic region). The processes that 

Table 2  Parameters of the calibrated WPDs for the future (variability) change range extreme projections, towards the end of the century 
(2070–2100), and corresponding power density, for NCEP-NCAR and ERA40 reanalysis data

Historical series GCM-RCP Projection Minimum extreme Maximum extreme

WPD parameters GOF Power density WPD parameters GOF Power density

⊽ c k R2 [W/m2] Change(%) ⊽ c k R2 [W/m2] Change(%)

ERA40 Total Ensemble 3.76 4.21 2.88 0.93 46.7 − 65.3 8.75 9.68 3.85 0.94 514.6 282.4
NCEP-NCAR Total Ensemble 4.15 4.62 3.39 0.90 57.9 − 57.0 8.09 8.88 4.36 0.95 388.6 188.7
Observed – 5.51 6.13 3.43 0.85 134.6 – 5.51 6.13 3.43 0.85 134.6 –
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lead to this strengthening are still not fully understood and 
are still under investigation. For instance, [24] considered 
CMIP5 projections for the twenty first century (based on 
19 models and RCP4.5), showing that, among different fac-
tors considered, increased SST plays a predominant role 
in the strengthening of the trade winds (including the 
equatorial Atlantic). The strengthening of the trade winds 
may be attributed to the potential impacts on the ITCZ, 
in addition. Although the position (shifting) of the ITCZ 
might not be affected significantly [6, 18], it is shown by 
[6], considering CMIP5 projections for the end of twenty 
first century (based on 32 models and RCP8.5), that the 
width and strength of the ITCZ might decrease (based on 
the majority of the model projections).

Finally, in general, it can be concluded that there is a 
high probability for more favorable conditions to occur 
in the future for the potential wind site considered in our 
study. Increasing wind power density and potential is 
found for most of the future projections, showing greater 
perspectives for wind power investments. It is therefore 
important to assess to what extent wind can contribute 
in a significant way to the energy mix of Suriname, i.e., 
to offset future changes in hydropower potential and to 
keep fossil fuel based power generation to a minimum. 
Although some projections indicate a decrease in the 
availability of wind resources in comparison with the 
present climatic conditions, it should be noticed that the 
time span of the projections is about 100 years, while the 
lifespan of most wind turbines is 20–25 years in general. 
The projected (potential) long term change will apply to 
a lower extent for the next decades, thus it is possible to 
consider adaptation strategies, e.g. technological improve-
ments. Nevertheless, it is important to note that inter-
annual variability (low) extremes, i.e., poor wind resource 
years, can have an enormous impact on the wind power 
potential, as revealed by the results in this study (e.g. 
− 65% decrease projected under the worst case scenario). 
This could cause problems, even under the best scenario 
conditions, i.e., in terms of planning energy supply and 
the security/reliability thereof. In any case, assessing these 
potential extremes provides a better basis for contingency 
planning/management and sustainable long term policy 
and decision making.
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