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ABSTRACT

This study analysed temporal and spatial changes in offshore wind power density (WPD) and capacity
factor (CF) around the Iberian Peninsula during the 20th century by analysing data from ERA20 and
ERAS5. Both WPD and CF were calculated using reanalysis data considering a wind turbine with a hub
height of 90 m and incorporating the effect of air density changes. Since ERA5 assimilates more obser-
vations, the data from ERA20 was bias-corrected using quantile matching, with ERA5 reanalysis data as
the reference. As both variables are based on wind speed (WS), this variable was also corrected and
analysed. The results show that the mean values for WPD, CF, and WS during the 20th century were
highest in the Atlantic zone and the Gulf of Lyon and lowest around the Balearic Islands. The results of
the assessment of decadal trends using the Theil-Sen estimator show that all indicators increased

Trends significantly in the waters of the Iberian Peninsula during the study period (1900—2010). Considering the
ERA5 mean slope over this period, the change over the entire period could amount to 174 Wm™ for WPD, 8.8%
ERA-20C for CF, and 1.1 ms~! for WS. Based on these changes, offshore wind turbines would have increased their
20th century returns by approximately 20% over the 11 decades.

Fluid mechanics

© 2021 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND

license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

In recent years, there has been growing interest in renewable
energy as a means to mitigate the negative effects of climate
change. Liu et al. [1] demonstrated a direct association between
renewable energy consumption and reductions in CO; emissions in
multiple countries (Brazil, India, China, and South Africa).

Worldwide, wind power is the second leading source of
renewable energy after hydroelectric power. These sources
generate 591 and 1132 GW per year, respectively, according to the
Renewables Global Status Report in 2019 [2]. This report indicates
that Spain is among the five countries with the greatest installed
wind power capacity worldwide. Moreover, Spain and Portugal are
above the third quantile in the European Union (EU) in terms of
installed wind power capacity [3]. These data are in line with those
published by the International Renewable Energy Agency [4],
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which are summarised in Table 1. It also shows how the installed
wind power capacity is expected to increase by 2030 according to
the EU Directorate-General for Energy [5] and National Renewable
Energy Action Plans of Spain [6] and Portugal [7].

The EU is committed to the development of offshore wind po-
wer in the long term. It is the region with the highest floating wind
energy capacity, approximately 77% (Table 1) of the global total. The
EU Directorate-General for Energy forecasts that this technology
will contribute the most to the increase in renewable power pro-
posed for the near future. This is in line with the offshore wind
strategy in the European Green Deal [8], marking the first steps
towards a more sustainable economy in the EU. In Europe, offshore
wind power is focused in the North Sea, supported through the
North Seas Energy Cooperation [9]. Recently, however, attention
has been focused on the Mediterranean Sea and Atlantic Coast.

The most widely used indicators for measuring wind energy
potential are wind power density (WPD) [10] and capacity factor
(CF) [11], which, in the literature, are customarily derived from
wind speed (WS). The former is used for wind resource assess-
ments of an area under study, while the CF for a given wind turbine
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Table 1
Present and future installed wind power capacity (GW).
2019 2020 2030
Onshore GW (%) Offshore GW (%) GW GW
World 594.4 (100) 20.31 (100)
Europe 173.95 (29.26) 21.83 (77.12) 210 350
Spain 25.55 (4.30) 0.05 (0.02) 28.03 50.33
Portugal 5.23 (0.88) 0.08 (0.03) 54 9.2

at a specific location is an indicator of actual power generation with
respect to the nominal power. According to a European study [12],
the mean CF for European wind turbines assessed in 2018 was 24%,
rising to 37% when considering only offshore wind power. Notably,
the Hywind Scotland pilot park, an offshore floating wind farm, has
achieved a CF of 53.8% [13]. Both WPD and CF should be calculated
by combining site-specific air density and wind speed data. How-
ever, few studies have considered the impact of changes in air
density [14,15] on WPD. Considering the 1950—2010 period in the
Northern Hemisphere [16], oscillations of approximately 6% in
WPD can be attributed to air density changes alone. Specifically, for
the Iberian Peninsula (IP), during the 2009—2014 period, the vari-
ation may reach 8% in the case of WPD and 1% for CF [17].

In recent years, numerous studies have been published on
offshore wind power, and their main objective has been to analyse
the wind power potential of many sites across the world that are
markedly different from each other. For example, for Africa [18],
Blended Sea Winds (BSW) [19] datasets from satellite observations
over 11 years were used to analyse wind resources and CFs in two
scenarios, one near the coast and the other in deep waters. In
Colombia, WS and WPD were investigated for the 1979-—-2015
period [20] using North American Regional Reanalysis data [21].
WPD analysis has also been carried out at specific sites in Kuwait
[22]. In the northeast of Scotland [15], estimates of WPD and CF
have been obtained using ERA5 [23] reanalysis data for the
2008—2017 period. Several studies have also been conducted in the
waters around the IP. The WPD in the Mediterranean Sea was
analysed [24] based on BSW datasets from the National Oceanic
and Atmospheric Administration (NOAA) for a 20-year period
(1995—2014). Salvagao et al. [25] used the 6-hourly output of the
Weather Research and Forecasting (WRF) model [26] to calculate
WPD and CF offshore the IP during 2004—2013. All of these studies
provide an average or static picture of the current WPD and CF,
using at most 37 [20] years of data. In these works, long-term
changes and the effects of air density have not been considered.

To date, most studies analysing changes in offshore wind power
have used WPD based on WS data to make future projections. These
studies typically focus on analysing the impact of climate change,
with an underlying interest in economic analysis, as future changes
in the available resources will also require changes in the man-
agement of wind farms already in operation. Specifically, Zheng
et al. [27] used observations obtained between 1980 and 1999 as a
reference to analyse the future projections of worldwide WPD from
the Coupled Model Intercomparison Project 5 (CMIP5) [28],
considering the low and medium climate change scenarios
(Representative Concentration Pathways [RCPs] 2.6 and 4.5). Cost-
oya et al. [29] performed a similar analysis for the western part of
the IP, considering the years 2025—2100, with the worst-case sce-
nario (RCP 8.5). Another study carried out in the Mediterranean Sea
[30] analysed an intermediate scenario (RCP 4.5) considering both
1976—2005 and 2021—-2050 periods.

To demonstrate the capability of climate projections combined
with operational tools for offshore wind farm planning, the Euro-
pean Centre for Medium-Range Weather Forecasts (ECMWF)
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undertook a project that consisted of simulations of seven wind
farms in Northern Europe using the projections of the HIRHAM5/
EC-EARTH model with RCPs 4.5 and 8.5 as input [31]. This was
the first study to explore the effect of climate change on the
operation and maintenance of floating wind farms. The results
obtained [32] concerning the energy generated suggested a 3%
reduction (RCP 8.5) and a 2% reduction in mean WS (RCP 4.5 and
8.5). As this study only considered one model and two climate
scenarios, there is a need for further research in this field.

To the best of the author’s knowledge, no studies have investi-
gated long-term changes in WPD or CF during the 20th century.
However, analyses were carried out for other variables, such as
wave energy [33,34], daily precipitation [35], WS [36] and ocean
WS and wave height [37,38].

Previous studies have generally estimated WPD and CF using
reanalysis data. ERA5 reanalysis has been widely used to analyse
wind in specific regions. Jourdier [39], using ERA5 and other
reanalyses such as NASA’s MERRA2 and COSMO-REA6 from the
German Weather Service (DWD), concluded that ERA5 provides
good results with a low bias for WS in the northern half of France. In
Brazil, De Assis Tavares et al. [40] validated WS from the CFSv2,
ERAS5, and MERRA2 reanalyses at five buoys, concluding that ERA5
yielded the best results. With the same objective and results,
Olauson [41] compared ERA5 with MERRA2 for the specific case of
wind power for 1051 wind turbines in five countries: Germany,
Denmark, France, Sweden, and the USA (Bonneville). One of the
conclusions of this work was that ERA5 data can be used to accu-
rately estimate the wind power potential. This database was also
used to calculate WPD and CF in another region close to the IP,
namely, the northeast of Scotland [15].

According to Wohland et al. [42], in long-term assessments, it is
necessary to complement the current reanalysis ERA5, with long-
term reanalysis datasets such as ERA-20C [37] or 20CR [36,43].
These long-term reanalyses (ERA-20C and 20CR) provide estima-
tions of the state of the atmosphere through longer periods, albeit
with a coarser spatial resolution and less assimilated observations
than reanalyses such as ERA5. ERA20-C has been selected because it
is widely used in studies that analyse trends over the 20th century
[33—-35].

Nonetheless, these long-term reanalyses require careful recali-
bration [44—47] with current reanalysis datasets (e.g. ERA5), which
cover a shorter timespan (approximately 40 years). These modern
reanalyses are better constrained by observations as they assimilate
other types of data that are not used by the assimilation model in
ERA-20C, such as satellite radiance data, vertical soundings, and
surface observations. For this reason, to extend the study back to
1900, it is necessary to calibrate 20th century data by combining
information from the two above-mentioned reanalyses in their
overlapping period.

The objectives of this study are as follows:

1. To analyse long-term changes in offshore WPD and CF over 111
years (1900—2010) in the waters around the IP.

2. To characterise both the spatial structure and the low-frequency
time variations of three variables (WPD, CF, and WS).

3. To classify the area of study into subareas according to its wind
power potential as defined by the average WPD.

For all three objectives, the effect of air density oscillations
needed to be incorporated into the calculations. As a reference, the
National Renewable Energy Laboratory’s (NREL) 5-MW turbine
[48], FAST 5 MW, with 126 m diameter and 90 m hub height was
selected.

The paper is divided as follows: Section 2 presents the datasets
and the methods used in this study. Section 3 describes the results,
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Section 4 discusses the results, and Section 5 concludes this study
and outlines areas for future work.

2. Data and methods
2.1. Data

In this study, offshore WPD, CF, and WS around the IP were
analysed, specifically for the region from 15° W to 10° E and 32.5°—
to 50 °N, as shown in Fig. 1. To calculate and validate the results of
WPD, CF, and WS over the 20th century, two sources of data were
used: the ECMWF 20th century reanalysis, ERA-20C (ERA20 here-
after), and ERA5 reanalysis.

ERA20 is based on data from 1900 to 2010 and has a spatial
resolution of 1.5° x 1.5°. The variables used for calculating both
WPD and CF are as follows:

- 10 m zonal wind component (Uyg)

- 10 m meridional wind component (Vo)

- 100 m zonal wind component (Ugp)

- 100 m meridional wind component (V1g0)
- 2 m temperature (Ty)

- 2 m dewpoint temperature (dy)

- Atmospheric sea level pressure (mslp)

The temporal resolution of these variables ranges between 3 and
6 h, and for this study, the resolution was taken as 6 h in all cases, as
only 6-hourly data are available for temperature.

To combine ERA20 data with ERA5, ERA5 data corresponding to
the same set of variables were downloaded at the same spatial and
temporal resolution. For this study, an ERA5 land—sea mask was
used to identify the grid points over the sea (Fig. 1).

2.2. Methods
2.2.1. Calculation of WS, WPD, and CF

In this study, a 90-m high turbine was selected, and hence, the
first step was to calculate the WS at that hub height. This is the
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Fig. 1. Masks used by ERA5 and ERA20, the magenta dots indicating points identified
as water.
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height of the hub of the National Renewable Energy Laboratory’s 5-
MW offshore turbine [48] which was used as a reference. WS at 10
and 100 m were calculated using zonal and meridional components
at those heights according to Equations (1) and (2).

12

W10 = (U3 + Vo) (1)
1/2

WS100 = <U1200 + Vlzoo) 2)

As WS changes logarithmically with height, sea surface rough-
ness zg was calculated from WS at 10 and 100 m, for each grid point
at 6 h intervals according to Equation (3). Then, WS at 90 m was
calculated by applying Equation (4).

I M)
W5100 :Og(zo (3)
WS10(10) log(m)
Zy

ol
WS590(90) = WS10(10) ——- (4)
()

The second variable of interest in this study was WPD, an in-
dicator of the wind energy available at a given site and height.
Specifically, it is the power available per square meter of area
normal to the incoming wind (Equation (5)). This calculation in-
cludes both WS at 90 m and air density (p) [10].

WPD =2 p(WSso)? (5)

The other variable of interest, CF, indicates the energy produced
by turbines with respect to what would be produced if turbines
were operating at their rated power (Pgr). CF is widely used to
measure the average load of power plants such as wind farms
[12,49,50] and solar photovoltaic arrays [51,52]. It can be used to
compare different plants and technologies [53]. To calculate the CF
of a commercial turbine, first, WS was normalised (WS,). Using air
density (Equation (6)), the CF was calculated using Equation (7)
[11]. In this estimation, many reference turbines with rated po-
wer of approximately 1 and 2 MW [11] have been used. The authors
have already demonstrated the accuracy of Equation (7) for tur-
bines that are larger (with longer and wider blades) and taller
[15,54,55], such as the aforementioned NREL 90-m 5 MW turbine.
In the previous articles, the CF relative error for a 5 MW turbine was
less than 5% if the CF was calculated using the power curve pro-
cedure instead of calculating it with Equation (7). Additionally, the
remainder terms in the equation that accounts for the turbine
characteristics (Pg and D) are not relevant when the absolute dif-
ference in CF as a percentage has been calculated. Only the hub
height makes a difference.

p\}
ws, :WS(%) (6)
Py
CF =0.087 WSy — 1 7)

where Pg is the rated power of the turbine in kW and D is the
diameter in meters.

The accurate calculation of the WPD and normalised WS in-
volves the previously calculated air density. As mentioned above,
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although air density is customarily considered to be constant in
most studies, pg = 1.225 kg/m?3, it can be accurately calculated if
pressure, temperature, and humidity information are known. As
ERA5 and ERA20 data include atmospheric pressure at sea level
(mslp) and 2 m and dewpoint temperatures (T, and d), the air
density at each grid point was calculated to obtain better results for
WPD and CF. Details on performing these calculations using Ty, d,
and mslp with the R package aiRthermo [56] can be found in the
work of Ibarra-Berastegi et al. [14].

2.2.2. Adjustment of reanalysis data

The 20th century ERA20 reanalysis assimilates fewer observa-
tions than more recent reanalyses, such as ERA5. Therefore, the
adjustment of ERA20C data using ERA5 aims to transfer the addi-
tional information available in ERA5 to ERA20. For the calibration
process, the quantile matching technique was used, which involves
calculating the percentiles of ERA20 data to be corrected, and the
percentiles of ERA5 data for the common years in which data are
available from both reanalyses (1979—2010). In this way, the rela-
tively more recent ERA5 reanalysis that incorporates more detailed
information can be used to correct biases in the ERA20 reanalysis,
which covers a longer period, thus obtaining an adjusted ERA20
reanalysis (ERA20adj).

This approach is a widely used method for bias correction with
the aim of achieving various goals, such as the adjustment and
homogenisation of climate data series [57,58], or as in this study,
the correction of biases in 20th century reanalysis using more
recent reanalysis for a shorter period (in this case, 32 years). This
methodology has been previously applied for different target var-
iables such as WS [36] and wave energy resources [33,34]. For this
purpose, Gudmundsson et al. [59] indicate that non-parametric
transformations perform better than parametric transformations
or those based directly on the distribution. Among possible non-
parametric techniques, quantile matching seems to outperform
statistical smoothing spline methods. The success of the non-
parametric approach is likely due to its flexibility and as it does
not depend on a preset function. The aforementioned authors also
indicate that non-parametric methods are, on average, better able
to reduce systematic errors, even in the case of the highest per-
centiles (the extremes).

In this study, the variables of interest are WPD, CF, and WS,
which were calculated from the information available in the
reanalysis. Considering that the relationships of WPD and CF with
air density and WS are nonlinear, the best approach to reduce the
final errors was to directly calibrate WPD and CF.

2.2.3. Calculation of mean data and decadal changes

First, mean values at each grid point based on 6-hourly WPD, CF,
and WS data from the whole period were computed. Maps with
three variables were produced for different seasons, considering
December to February to be winter; March to May, spring; June to
August, summer; and September to November, autumn. The spatial
mean of the variables in the map were also shown on all maps over
land.

To calculate long-term changes, WPD, CF, and WS monthly data
were used. To reduce the interference of seasonal variations in the
variables, anomalies were identified for the whole period
(1900—2010). A 30 year reference period (1981—2010) was used to
compute the seasonal cycle, and the anomalies were identified by
subtracting the seasonal cycle from the original data at each grid
point.

Box plots were used to graphically represent the variability of
WPD, CF, and WS over time. To build the box plot for each decade,
the corresponding monthly anomalies of each grid point were used.
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Table 2
WPD classifications categories at 90 m.
Categories WPDgg m (Wm™2) WSo0 m (ms™1)
1. High >1050 >9.8
2. Medium-high (640, 1050] (84, 9.8]
3. Medium (440, 640] (7.4, 8.4]
4, Medium-low (240, 440] (5.9, 7.4]
5. Low <240 <5.9

Together with the box plots, the trends from the decadal median
were calculated using the Theil-Sen estimator [60,61] from
monthly anomalies. This method is much more robust than a
simple linear regression, as it calculates the mean of the slopes
between all possible pairs of points. For this reason, it can reduce
the influence of extreme values and allows the calculation of 95%
confidence intervals.

2.2.4. Classification of areas by WPD values

According to classical ranges used in wind energy, WPD classi-
fication maps were generated according to the usual division into
five major wind energy potential categories [62]. To that end, the
WPD at 90 m height was calculated (Table 2) for all grid points in
the studied area. The procedure to perform the classification was as
follows: first, the annual mean values of WPD and WS at each grid
point were calculated; next, considering Table 2, the categories
were selected; and finally, the mean category for the entire period
was calculated.

3. Results
3.1. Calibration of ERA20adj data

The panels in Fig. 2 show the results for each reanalysis for the
overlapping period (1979—2010) in the three datasets (ERA20,
ERAS5, and ERA20ad)).

The differences in WPD, CF, and WS between ERA5 and ERA20
were as large as 648 Wm™2, 0.24, and 2.8 ms~, respectively (not
shown). The greatest differences between these datasets are found
at the points closest to the coast and in the Mediterranean Sea. As
expected, because of adjusting ERA20 data using ERA5, the
resulting dataset (ERA20adj) shows the same patterns of high WPD,
CFs, and WSs as in ERAS5, particularly in the Mediterranean Sea and
in the northwest of the study area.

3.2. Spatial means

Considering the WPD and CF mean values in ERA20adj data for
the entire period 1900—2010 (Fig. 3), interesting zones with high
WPD values (above 600 Wm™2) can be observed. In particular, in
the Atlantic, including around A Coruna and along the French coast,
as well as the Gulf of Lyon in the Mediterranean Sea. The region
around Cabo de Gata should also be highlighted, as the mean WPD
there is as high as 590 Wm 2. Note that the areas with the highest
WPDs also have the highest CFs (WSs), with values above 0.4
(8 ms~!) being found in the northwest of the study area. Around the
Gulf of Lyon, values between 0.35 and 0.48 (between 7.1 and
9.1 ms~!) have been estimated, and 0.37 (7.8 ms~!) was estimated
around Cabo de Gata (Fig. 3). Based on the overall mean values of
WPD and WS for the whole period, a classification of grid points
was carried out by wind energy potential (Table 2), thus identifying
five major regions in the study area. The most energetic areas are
located NW of the Iberian Peninsula and in the Gulf of Lyon (Figs. 3
and 4), while the WPD tends to decrease near the coast of the IP.

The behaviour of the study variables WPD, CF, and WS differed
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Fig. 2. Mean values of WPD (top), CF (middle), and WS (bottom) for ERA20, ERA5, and ERA20adj in the period 1979—2010, the numerical values written over land correspond to the
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Fig. 3. Mean WPD (left), CF (middle), and WS (right) from ERA20adj in the period 1900—2010, 90 m above the sea surface.

depending on the season (Fig. 5). The values of both WPD and CF are 3.3. Temporal and spatial trends

above the mean in winter and below it in summer across the entire

study area. In the regions with the highest mean values across all The decadal trends over the period 1900—2009 were also
periods, that is, in the NW of the IP and the Gulf of Lyon, differences calculated and derived from the monthly data corresponding to
between winter and summer are +400 Wm 2, +0.15, and +1.7 ms ™! ERA20Adj at each grid point. For graphical representation purposes,
for WPD, CF, and WS, respectively. the decades have been defined as follows: 1900—1909, 1910—1919,

... and 2000—2009. Thus, a total of 11 decades were considered.
The box plot in Fig. 6 was generated using the monthly
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Fig. 4. Classic wind energy classification at a height of 90 m (Table 2).

anomalies. In the figure, a positive trend over the decades in the
medians of WPD, CF, and WS can be observed. Specifically, WPD has
a positive trend of 13.32 Wm2decade ! (95% confidence interval

Winter Spring

[
)

Summer
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from 1224 to 14.57 Wm 2decade!), calculated using the
Theil—Sen estimator. Moreover, as shown in Table 3, the median in
each decade is higher than that in the previous one, except in
1920—1929. In the case of CF, there is a trend of 0.72% per decade
(95% confidence interval from 0.65% to 0.8%). Additionally, the WS
has a positive trend of 0.091 ms~'decade™! (95% confidence in-
terval from 0.082 to 0.1 ms~ 'decade™1).

To check the temporal and spatial evolution, decadal mean
values of WPD, CF, and WS were calculated. Fig. 7 shows the maps
of the first (1900—1909), sixth (1950—1959), and the last decade
(2000—2009) of the study period. It should be noted (Fig. 7) that
areas with greater intensity increase over the decades. To find out
which areas have the greatest increase, the maps in Fig. 8 show the
slopes of the regression lines calculated using the robust Theil—Sein
estimator. Grid cells are shaded if the decadal trends are different
from zero at the confidence level of 0.95.

To allow a more detailed analysis of the trends across the study
area, on one hand, the slopes of the decadal trends at each grid
point obtained using the Theil-Sen method [36,37] have been
plotted. On the other hand, the mean values of each variable from
the first (1900—1909), middle (1950—1959), and last (2000—2009)
decades have been plotted.

The slope of the WPD trend is positive and significant across the

Autumn Wime
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Autumn

Autumn 1

451
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'
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'
n
]
n 4
[=]

'
n
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Fig. 5. Seasonal mean values of WPD, CF, and WS by season, in the top, middle, and bottom rows, respectively, from ERA20ad] in the period 1900—2010, 90 m above the sea surface.

6



S. Carreno-Madinabeitia, G. Ibarra-Berastegi, ]. Saenz et al.

WPD

3000
|

2000

1000
o

Wm™

— e —

-1000 o
1
o_-—l:']——-_mo ® o
g —— .
o_———m——-— °
ow___m___mm wocaloom 0o
_-_m-.—mm-m

m___m__
]
—._-m--.—nooo
I
o 2. - — { [ ] - - e 0.0

1g20.-1a2a 4 @ _——m——-—m o

1940-1949
1960-1969
1980-1989
2000-2009 —

1900-1909

WS

™ =

o

o—r-—---dj----a—mm °
_______[D______w
1
om..,-----_ijj_____-__omm.
R I T

g °
a

o

0 -

T T T T T T T T T T T
® @ Q ® @ @
=] o @ @ =]
=) @ @ @ @ g
=] [=1] g =1 [=] =]
=] o @ @ a
@ @ @ =] ) =1
- - - - = o

Energy 226 (2021) 120364

CF

06
1

0.4

—
N
P [ [ E—
m—r———-—{:i:}————-i—o
o—v——————[l|:|—————~|——o
o—o»---{jj---—mo
]
— .
. m_p-_-__m_-_--.,_mm
commmn. ~ - = =~ ]~ - - e

mjI
0
g oo—r—————D:]—————a—» o

1800-1808
1920-1924
1940-1849-
1960- 1969
1980-19848
2000-2009

Fig. 6. Decadal box plot of monthly anomalies in WPD, CF, and WS in the period 1900—2009 from ERA20adj. The red dashed line shows the Theil—Sen estimator of the median
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Table 3

Decadal statistics for the monthly anomalies in WPD in the period 1900—2009.
(Wm~2) Min Pys Pso P75 Max
1900—-1909 —-1100.12 —248.11 —132.65 -20.3 1521.68
1910-1919 -1160.29 —259.33 —-121.74 -1.17 1217
1920-1929 —1437.48 —246.58 —128.05 —-13.25 1353.85
1930—-1939 —-1327.37 —240.27 —-118.38 —2.45 1355.39
1910-1949 —-9954 —-231.92 —104.76 15.99 1328.39
1950-1959 —1289.49 —-191.61 —62.18 59.89 1995.25
1960—-1969 —1047.57 —174.57 —55.43 79.3 1632.15
1970-1979 -968.11 —176.45 -53.15 70.75 2153.63
1980—-1989 -1021.41 —146.86 —33.66 93.7 1438.84
1990-1999 —-1197.34 —136.85 —-19.61 111.63 2718.13
2000—-2009 —1042.76 —-127.79 —-12.17 122.75 1727.58

Statistical values indicated as: Min = minimum; P,5 = 25th percentile; Psg = 50th
percentile; P75 = 75th percentile; and max = maximum.

entire study area (Fig. 8), and is stronger in the Atlantic zone and
the Gulf of Lyon, and much weaker around the Balearic Islands. The
point with the steepest slope is at the north-western point of the
study area (14 °W, 48.5 °N), with a slope of 27.03 Wm—2decade ™.
The grid point in the Gulf of Lyon (5.5 °E, 42.5 °N) also shows a
notably steep slope of 23.81 Wm2decade . Further, the mean
slope for the entire study area is 15.86 Wm~2decade ™!, which over
the 11 decades, could amount to 174 Wm™2. A similar pattern is
observed in the case of CF and WS, namely, a trend that is positive
and significant across the study area, which is strongest in the
Atlantic and weakest near the Balearic Islands. The mean slopes for
CF and WS in the study area are 0.008 decade™' and
0.091 ms~! decade™!, which across the 11 decades would be 0.088,
and 1 ms~, respectively.
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4. Discussion

During the period of overlap between ERA20 and ERA5
(1979—-2010), it can be seen that the ERA20 reanalysis data un-
derestimates ERA5 for the three target variables WPD, CF, and WS
(Fig. 2). Furthermore, as shown by the bias between reanalyses in
Fig. 2, the greatest differences are found mainly at points close to
the coast, with the largest error in the Gulf of Lyon, a highly ener-
getic area. This is to be expected because the closest grid points to

the coast show the greatest variability in topography and present
small-scale atmospheric phenomena such as breezes that coarse-
resolution models are not able to properly characterise [18].

The areas with the greatest wind potential are located in the
northwest of the study area and the Gulf of Lyon with WPD and CF
values above 600 Wm~2 and 0.4, respectively (Fig. 3). In addition,
the area around Cabo de Gata exhibits a high potential, with values
of 590 Wm~2 and 0.37, respectively. As shown below, these results
are in line with previous studies that highlight the same areas as
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having the greatest wind energy potential. Furthermore, the results
of two studies [63,64] that used ERA5 data to validate the meth-
odology correlated well with those in the present study. The first
one [63] focused on Portuguese waters as simulated with the WRF
model. It highlighted the north of Portugal, near the coast, as the
region with the highest WPD values (909 Wm™2). Using the
methodology explained in subsection ‘2.2.1 Calculation of WS,
WPD, and CF but with the conditions of Campos et al. [63] (using
ERAS5 without adjusting air density and at a height of 10 m), a WPD
of 884 Wm~2 was obtained for the same area (point 10 °W, 41 °N).
This value is somewhat lower in the current study, probably due to
the finer spatial resolution of WRF (0.081° x 0.097°) better repre-
senting the characteristics of areas close to the shore. Using the
WRF model, Salvador et al. [64] analysed the area around Galicia
and found the highest WPD values in the northwestern zone from
Cape Finisterre to Cape Ortegal. Specifically, in A Coruna, the WPD
reached 1000 Wm™? at a height of 120 m. ERA5 yielded almost
identical results, namely, 1001 Wm~?2 under the same conditions.
Another study based on WRF highlighted the potential of A Coruna
in the Galician coasts [25] (from 14° to 5 °W and 35° —45° N) with a
mean CF of 29—48%. Despite the great differences between the
studies, a CF of 35—54% was found in this study in the same domain.
Again, the results are notably similar, thus confirming the validity of
this study.

Similar studies have also been carried out extensively in the
Mediterranean Sea. Ulazia et al. [65] indicated that the Gulf of Lyon
had notable potential, with a high CF of 0.46, compared to Menorca,
with a considerably lower mean CF (0.3) and a decreasing trend
towards the east Mediterranean [14]. Along similar lines, despite
differences in the conditions, CFs of 0.46 for the Gulf of Lyon (5.5 °E,
42.5 °N) and 0.27 for the area around Menorca (4 °E, 39.5 °N) were
obtained in this study. Based on satellite data, Sukissian et al. [24]
also concluded that the Gulf of Lyon (5.5 °E, 42.5 °N) is a candidate
for wind farms and highlighted the Cabo de Gata for its relatively
high WPD.

To the best of the authors’ knowledge, this study is the first to
analyse, in depth, the trends and behaviour of WPD, CF, and WS
throughout the 20th century around the IP. Analysis of the decadal
median trends indicates significant positive trends during
1900—2010. This result is present for all grid points across the study
area. Regarding the study variables, the mean WPD and CF values
obtained were 15.86 Wm2decade~! and 0.008 decade ', respec-
tively. Likewise, for peak values, the strongest trends were found in
the Atlantic and Gulf of Lyon. In contrast, Cabo de Gata does not
stand out, compared to the results for surrounding areas, as has
been found previously. The results of this study also show positive
trends for WS (0.091 ms~'decade™!), in line with recently pub-
lished studies analysing offshore WS during the 20th century
[37,38]. Meucci et al. [37] proved that ERA20 reanalyses present
positive trends of WS at a height of 10 m in the Northern Hemi-
sphere, exceeding 0.18 ms~'decade™. However, as per Young et al.
[38] 10 m WS satellite data (1985—2018) indicated a significant
growth in the Atlantic North zone of 0.1 ms~'decade™, and no clear
trend was present in the Gulf of Lyon and Bay of Biscay. Compared
with the results obtained in Fig. 6, growth during 1990—1999 and
2000—2009 tended to stabilize. There is no available information
for 2010—2019.

Understanding the past evolution of WPD and CF during the last
century can be helpful to put into context the estimations for
climate change-driven future trends described in other studies.
Rusu et al. [30], analysed 30 years of historical data (1976—2005) for
the Mediterranean Sea, and found a slight increase in the yearly
mean of approximately 8 Wm2decade’. In contrast, the pro-
jections for the period 2021—2050, under a moderate scenario (RCP
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4)5), indicated a reduction in wind energy (approximately 12
Wm2decade™"). The Gulf of Lyon (43.23 °N, 4.77 °E) was also
identified as a suitable area for wind energy generation. Instead,
Costoya et al. [29] investigated the waters off the west of the IP
considering RCP 8.5 and analysed the years 2025—2100 and pointed
to a reduction in WPD, except in the northwest corner of the IP
where hardly any changes or a slight increase can be expected.
Zheng et al. [27] concluded that as per RCPs 2.6 and 4.5, although
the number of regions with high offshore wind potential
(WPD > 800 Wm2) will slightly decrease worldwide, the number
of zones with WPD > 400 Wm 2 will increase by the end of the 21st
century, and the coasts of the IP lie in this range. Therefore,
although previous studies have forecasted reductions in WPD, the
aforementioned authors suggest that there may be more zones
with wind energy levels above 400 Wm™2, implying an overall
increase in WPD. In relation to this, there is a need for further
detailed analysis of future projections seeking to identify when and
where decreases or increases in WPD can be expected.

Over the entire study period (1900—2010), the mean increase in
CF, in the coastal areas around the IP, was 8.8%. In other words, the
CF of a reference NREL 5 MW turbine (Pr = 5 MW and D = 126 m)
would have increased from 34% (the CF mean of the first decade
1900—1909, Fig. 8) to 42.8%. Since annual energy production is
proportional to CF [10], this would mean an increase in production
of more than 900 MWh. For a floating turbine, such as the NREL
5 MW turbine, the increase in annual energy produced over 11
decades with this magnitude of change would be more than
4000 MWh, although the final production of a wind farm cannot be
directly derived from the electricity generated by a single turbine.
In addition, the studies available on this topic looking to the future
are not conclusive, and it is believed that, due to climate change,
WPDs could continue to increase in areas that currently have the
highest values around the IP coast [43], although this should be
analysed in more detail. Considering trends in the last century, the
increase in WPD represents an increase in economic returns of at
least 20% for each wind turbine compared with early 20th century
production, since the rise from 34% to 42.8% represents in relative
terms an increase of more than 20%.

This historical trend is of great interest given the expected in-
crease in offshore wind energy in Europe, and the potential re-
ductions in the price of electricity and CO, emissions that may
follow in the future. The EU is committed to expanding the
renewable energy industry, and the economic feasibility of any
wind farm is directly dependent on the WPD. It seems clear that a
long-life feasibility study requires dynamic knowledge of the WPD
evolution at a given location instead of only a static value. The
Spanish and Portuguese National Renewable Energy Action Plans
incorporates estimations for offshore installed wind power that are
expected to reach 59.53 GW in IP [6,7] by 2030. Furthermore, in
recent years, there has been a 4.5 €/MWh reduction in the market
price of electricity for every 12.8 TWh block installed, due to the
penetration of wind energy into the energy market [66]. It has also
been demonstrated that the implementation of tens of GW in a
region can reduce CO, emissions by almost 70% [67].

Finally, it should be pointed out that the increase in CF observed
based on resource availability in recent decades could translate to
even greater increases in energy production with technical ad-
vancements in the aerodynamic and hydrodynamic design of
floating turbines. As more technical advances in the field of deep-
sea anchoring systems become feasible, more offshore wind po-
wer facilities could be built. This includes the generation of
hydrogen or methanol at thousands of kilometres from the coast at
far-offshore wind farms with an optimal/maximum WPD [68].
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5. Conclusions and future outlook

This study shows that the calibration of ERA20 data by quantile-
matching with ERA5 data is appropriate to carry out the analysis of
the long-term variability of WPD, CF, and WS in the waters off IP. It
is shown that during the overlapping years (1979—2010), ERA5 and
ERA20adj are very similar.

Considering the values of three variables (WPD, CF, and WS)
over the IP, the Atlantic zone, the Gulf of Lyon, and Cabo de Gata
were identified as suitable areas to generate offshore wind energy.
It has been also proved that during the 20th century and the first
decade of 21st, WPD, CF, and WS increased at a rate of 15.86
Wm2decade™!, 0.008 decade’, and 0.091 ms~'decade !, respec-
tively, which corresponds to a total increase of 174 Wm~2, 0.088,
and 1 ms~, respectively. In this period, the areas that have the
greatest increase in WPD are the Atlantic zone and the Gulf of Lyon,
while for CF, only the Atlantic zone has a significant increase.

Finally, applying these results to a reference turbine throughout
the 20th century, an increase in profits of 20% was estimated. This
increase could extend over time, especially considering the result of
Zheng et al. [27] who considered that the number of zones with
WPD > 400 Wm 2 will increase by the end of the 21st century.

In the near future, an ERA5 dataset from 1950 to the present is
expected to become available. With the inclusion of 30 more years
of current reanalysis data, more robust results could be obtained.
Additionally, the complete projections of CMIP6 will soon be
available, making it possible to assess potential future wind power.
Further projections are needed to improve the estimates of what
will happen from now until 2100.

In this study, ERA20 reanalysis data from the 20th century
(herein ERA20) were used, but this analysis could also be carried
out using other atmospheric reanalyses covering the 20th century,
such as the NOAA’s 20CR. This could be interesting, as previous
studies comparing the 20th century reanalyses from NOAA with
those from the ECMWF have demonstrated differences [42,69].
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