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Summary
Winds in the coastal zone are variable due to sudden changes of the meteorological
conditions caused by the land-sea transition. Near-shore areas are, however, attractive
for installation of offshore wind farms because of the shallow waters and the proximity
to logistics on land. Accurate information about winds in the coastal zone is necessary
for optimizing the positioning and layout of wind farms.

The PhD project explores the potential of new remote sensing techniques for mapping
of coastal winds and wind resources. Wind fields retrieved from satellite observations
represent the crosscutting research theme of the project because the maps are available
anywhere in the world and for many years in the past. The satellite wind fields are
benchmarked against in situ observations, model simulations, and ground based remote
sensing using lidars and Doppler radars in different configurations.

The accuracy of individual wind speed estimates from satellites is quantified and
it turns out that observations from different satellite missions and periods need to be
carefully inter-calibrated before they can be combined. A method for inter-calibration
is developed and applied in different areas. The results show consistently that inter-
calibration removes most biases so that a better agreement with reference wind speeds is
achieved. Wind resource estimates derived from the satellite wind speeds become more
conservative.

Comparisons against spatial wind data from ground based remote sensing confirm
for the first time that satellite winds are reliable as close as 1 km from the coastline.
Wind speed gradients in the along-shore and cross-shore directions fit well with reference
observations but the satellite imagery could provide smaller-scale wind variability, which
modeling cannot capture. The influence of large offshore wind farms on the wind flow
is examined and the project shows how the interplay of wind farm effects and natural
wind speed gradients lead to very complex wind conditions in coastal zone. The project
has advanced our understanding of the wind farm interaction with the surrounding
environment.

The project work has been carried out in collaboration with academic and industry
partners from Denmark and abroad. The applicability of findings for the wind energy
industry has been in focus and innovative efforts have been put into improving the ease
of use in connection with novel remote sensing observations.
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Resumé
Vinden i kystzonen varierer som følge af bratte forandringer af de meteorologiske forhold
ved overgangen mellem landoverfladen og havet. Kystnære område er attraktive for
installation af havvindmølleparker i og med at vanddybden er lav og logistikken på land
er i umiddelbar nærhed. Præcis information om vinden i kystzonen er nødvendig for at
kunne optimere placeringen og layoutet af kommende vindmølleparker.

Dette PhD projekt undersøger potentialet for anvendelse af nye fjernmålingsteknikker
i forbindelse med kortlægning af vinden og vindressourcen i kystzonen. Vindkort genereret
ud fra satellitobservationer er det tværgående forskningstema i projektet, idet sådanne
vindkort kan tilvejebringes overalt i verden og over en lang årrække tilbage i tiden. De
satellitbaserede vindkort bliver sammenlignet med traditionelle vindmålinger, modeldata
samt jordbaserede fjernmålinger i form af laserscanninger og Doppler radar observationer
i forskellige opstillinger.

Nøjagtigheden af de individuelle vindhastigheder målt fra satellit er kvantificeret
gennem projektet. Det viser sig, at observationer fra tre forskellige satellitbårne sensorer
og perioder giver forskelle i vindens hastighed. Det er nødvendigt at korrigere for disse
forskelle, inden data kan kombineres til én homogen tidsserie. Projektet har udviklet en
metode til at inter-kalibrere satellitobservationer, og denne er testet i forskellige områder
med gode resultater. Vi ser, at inter-kalibrering fører til en lavere bias på vindhastigheden,
hvilket giver en bedre overensstemmelse med referencemålinger af vindens hastighed.
Samtidig opnås en større nøjagtighed af vindressourcen.

Sammenligninger af satellitbaserede vindkort med rumlige vinddata fra jordbaserede
sensorer bekræfter for første gang, at satellitvindkort har den samme nøjagtighed tæt
på kystlinien som længere ude på havet. Gradienter i vindens hastighed på langs og på
tværs af kysten stemmer godt overens med referencemålinger. Satellitbaserede vindkort
kan give os detaljerede informationer om vindens rumlige variation, som modeller ikke
har mulighed for at levere grundet deres lavere rumlige opløsning.

Projektet undersøger effekten af store havvindmølleparker på vindforholdene i det
omgivende miljø. Samspillet mellem vindmøller, som fjerner energi fra vinden, og de
underliggende naturlige variationer af vinden nær kysten er yderst komplekst. Projektet
har ført til ny viden på dette område.

Projektarbejdet er udført i samarbejde med flere akademiske og industrielle partnere
nationalt og internationalt. Den praktiske anvendelighed af de satellitbaserede vindkort
inden for vindmøllebranchen har været i fokus hele vejen igennem projektet. Under-
vejs er der blevet udarbejdet innovative løsninger, som forbedrer tilgængeligheden og
brugervenligheden, der ellers kan hindre anvendelsen af satellitobservationer og andre
fjernmålinger.
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Preface
This PhD thesis was prepared during a three year period at the department of Wind
Energy at the Technical University of Denmark in fulfillment of the requirements for
acquiring a PhD degree. Funding was provided by DTU through an alliance PhD project
with the Korea Advanced Institute of Science and Technology (KAIST). A five-week
research stay at KAIST was conducted in 2017. A second external stay at the National
Renewable Energy Lab (NREL) in Boulder Colorado of six weeks in 2018 was part of
the project.

This thesis consists of a synopsis summarizing results in a larger context and five journal
papers that account for the main scientific contribution of this thesis: two articles have
been published in peer reviewed journals, one article is submitted, and two articles are
in draft form including at least one full round of reviews from all co-authors.
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CHAPTER 1
Introduction

The world energy demand steadily increased over the past decades and the demand is
mainly satisfied from fossil fuels. Emission of ever increasing amounts of greenhouse
gases in the atmosphere cause a global climate change. The political aim to counteract
climate change demands a reduction of greenhouse gas emissions. This can only be
achieved when primary energy sources are shifted away from fossil. Wind energy is a key
technology for this transition and installed capacities have steadily increased to 539.1
GW worldwide and of those 177.5 GW in Europe (Wind Europe, 2018b; IEA, 2017).

The size and capacity of wind turbines are increasing and the largest new models are
higher than 200 m from the ground to the blade tip. Many suitable locations for wind
turbines on land have already been developed and regulations require e.g. minimum
distance to houses or maximum turbine heights. This has caused a trend to build wind
farms offshore, where the winds blow steadier and stronger, increasing the potential
energy yield of wind farms compared to onshore locations. In Europe, this has led to
development of large wind farms with several hundreds of MW since 2002. A total of
15.8 GW of wind power capacity has been installed in Europe in 2018 (Wind Europe,
2018a) which is approximately 10 % of the total capacity, but the offshore wind market
is growing faster than the onshore market.

While current developments of offshore wind is focused in Europe, new markets for
offshore wind energy are emerging in the US (US Department of Energy, 2015), China,
and Taiwan. Most wind farms are located in the vicinity of the shore. This has several
reasons: To date, utility scale offshore wind farms have fixed bottom structures which
limit their development to locations with shallow water depths that are more likely
occurring closer to shore. Energy needs to be transported to land through cables that
are costly to install the longer they become. Lastly, logistics for operating a wind farm
becomes more costly as they are moved further offshore. Floating wind farms1 are under
development, but they are likely still located close to shore due to the latter two reasons.

Since offshore wind farms are mainly located close to shore, it is important to
understand the wind conditions in this region. Thermal properties and surface roughness
determine the flow in the lower part of the atmosphere and are different between land
and sea. Therefore, coastlines introduce a step change in the surface properties. This
PhD focuses on wind over the ocean and especially in the "coastal zone" defined as the
region offshore where land is potentially influencing the wind profile. This region can
extend up to 70 km offshore (Barthelmie et al., 2007). Correctly modelling offshore wind
resources in this region is challenging (Hahmann et al., 2015) and thus observational
data is a valuable reference.

1https://www.equinor.com/en/news/hywindscotland.html



2 1 Introduction

Traditionally, wind is measured with anemometers mounted on a meteorological mast
restricting observations to the location of the mast and sensor but it is also possible to
sense the wind remotely. The number of technologies for remote sensing of the wind has
increased in the recent decades and prices for equipment have fallen. This PhD project
provides an overview of selected technologies that are available for sensing winds in the
coastal zone focussing on wind energy applications. Remote sensing technologies can be
categorised into airborne/spaceborne and ground based systems. Synthetic Aperture
Radar (SAR) is a radar based technology that can measure backscatter images of the
Earth’s surface from airborne or spaceborne platforms. Over water the backscatter is
related to the wind speed. The wind speed can be inferred from SAR imagery at high
spatial resolutions.

In the past, acquiring SAR images was expensive for the end-user but in recent years
the European Union launched the Copernicus program2 that distributes SAR imagery
free of charge both to the research and the private sector. This data has been used
to create a large archive of SAR wind fields covering nearly two decades3. This PhD
will focus on SAR winds in the coastal zone and show that large SAR wind archives
can be used for a series of wind energy applications. Two ground based remote sensing
technologies, Doppler lidar and Doppler radars, are used to evaluate SAR derived wind
speeds.

Validation studies of SAR winds have been carried out (Monaldo et al., 2001;
Horstmann et al., 2002; Christiansen et al., 2006; Takeyama et al., 2013) but little
attention has been given to the consistency of SAR winds over time and between sensors
or to the accuracy very close to shore. We address these gaps by consistently merging
data from different SAR sensors and by comparing SAR winds to reference wind speed
measurements close to the coast.

The mean wind speed is typically increasing with the distance to shore causing
a coastal wind speed gradients. During site assessment of offshore wind farms wind
conditions including gradients need to be quantified correctly. Wind speed gradients have
been observed in SAR imagery but their validity has not been systematically investigated.
We quantify wind speed variation in the coastal zone from SAR and compare results with
reference measurements from lidar, ocean buoys, and wind turbine data. In a second
step, mean wind speed maps derived from SAR images are used as a reference to wind
speed gradients from atmospheric models.

The wind farm wake is a downstream region of reduced wind speed and increased
turbulence (Frandsen et al., 2006). SAR images can detect patterns in the wake that
are usually attributed to a lower wind speed (Christiansen and Hasager, 2005; Li and
Lehner, 2013). Two limitations of SAR for wake analysis are: To date, no validation of
SAR wind speeds have been conducted in the wake and the ability of SAR to detect
wind farm wakes with underlying coastal wind speed gradients has not been shown. This
PhD will contribute to this first by comparing wind speeds from SAR to wind turbine
data and wind fields measured in the wake of a wind farm and secondly by investigating

2https://scihub.copernicus.eu/
3https://satwinds.windenergy.dtu.dk/
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wakes in SAR imagery for a coastal wind farm.
This thesis consists of a synopsis and five journal papers. The synopsis is divided in

the following Chapters: Chapter 2 will give an overview of remote sensing technologies
for measuring wind. Spaceborne and ground based technologies are described, with a
focus on SAR. Chapter 3 will give an overview of coastal wind phenomena and results
of validating SAR winds in the coastal zone. Chapter 4 and 5 present applications for
wind energy. Chapter 4 shows wind resource mapping from SAR, the influence of using
multiple SAR sensors together, and the possibility to use SAR based wind resources as
a reference to models. Chapter 5 introduces offshore wind farms and wake effects that
have been studied from SAR images for two sites. Chapter 6 concludes on the findings
and gives an outlook where future research can be connected.

Five journal papers are part of this PhD thesis. Paper I deals with comparisons
of SAR winds on a transect perpendicular to the coast. The focus is on the correct
quantification of wind speed gradients from SAR close to shore. Paper II deals with both
wind speed gradients and wind farm wakes at the coastal wind farm Anholt. The focus
in on detecting wakes in SAR images at an irregular shaped wind farm and for conditions
where coastal wind speed gradients overlay the wake effects. An inter-calibration approach
to merge SAR wind fields from different sensor and stability over time is developed in
Paper III including a large validation study of SAR wind retrievals against model data
and observations from ocean buoys. A SAR based wind atlas for the US East Coast is
generated in Paper IV, also including a large validation study using ocean buoy data.
Comparisons to modelled wind resources are carried out with a focus on wind speed
variations and gradients. In Paper V, the wake of the wind farm Westermost Rough is
examined from SAR and a ground based Doppler radars. The focus lies on the ability of
SAR to determine the structure of the wind farm wake.
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CHAPTER 2
Remote Sensing Technologies

In this section, remote sensing technologies used throughout this PhD are presented.
SAR is an spaceborne active microwave radar that measures radar backscatter of small
ocean waves which can be linked to a characteristic wind speed. Two ground based
remote sensing measurements for wind are presented: Light Detection And Ranging
(lidar) and Doppler radar. Both sensors actively emit light/microwaves respectively and
receive backscatter from the atmosphere that is Doppler shifted to derive wind speeds.
Additional remote sensing techniques for offshore wind retrieval are described briefly
including scatterometry, altimetery, passive radiometry, High Frequency (HF) radar, and
marine radars.

2.1 Synthetic Aperture Radar
SAR is an active radar imaging technique and is therefore independent of a natural
energy source for illumination. SAR sensors typically operate in the microwave part of
the spectrum between L (1 - 2 GHz) and X-band (8 - 12 GHz). In these frequencies,
radar penetrates clouds making images available under nearly all weather conditions.
SAR is a coherent radar, in other words: it keeps exact account of the phases of the
returned radar signal, giving additional information on the phase shift. A high spatial
resolution is achieved because the path of the radar can be used as a synthetic aperture.
This requires SAR sensors to be mounted on a moving platform, making it an ideal radar
imaging technology for satellites.

Satellites carrying SAR system circumvent the Earth on a sun synchronous orbit.
This orbit lets them acquire images everywhere on the planet with temporal coverage
increasing towards the poles. Images are acquired on ascending and descending passes
at fixed times of the day roughly 12 hours apart. SAR waves are transmitted and
received either in horizontal (H) or vertical (V) polarization. Images in this PhD where
co-polarized, i.e. transmitting and receiving with the same polarization, VV for vertical
and HH for horizontal.

2.1.1 Measurement principle
Radars are transmitting radio waves and measure the energy and timing of the return
signal. The energy is translated into the backscatter coefficient per area, commonly
referred to as the Normalized Radar Cross Section (NRCS), and the phase. The way
an object interacts with a radio wave is determined by its dielectric coefficient and its
shape. SAR images are two dimensional representation of the ground. In satellite terms,
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azimuth is referred to as direction of the satellite track and range the perpendicular
direction. The incidence angle θ describes the angle between radar beam and the normal
vector perpendicular to the ground.

Three types of scattering mechanisms are distinguished: point target, surface, and
volume scattering. On the ocean, point targets can be ships or other offshore structures
that are commonly referred to as hard targets. Surface scattering occurs at the interface
of the water and the air in two categories: specular reflection occurring on smooth
surfaces and rough surface scattering otherwise. Volume scattering does typically not
occur on the ocean. On the ocean, Bragg scattering dominates (Valenzuela, 1978). It
occurs for roughness elements that fulfill the relation:

λBragg = λradar

2sin(θ) (2.1)

with λBragg the height of the roughness element, λradar. SAR is sending out radio
waves in pulses and waits on the retruning echo. The length of this pulse determines the
resolution in the range direction. Modern SAR systems modulate their radar frequency
over the bandwidth B (pulse compression) to improve the range resolution ρR while
keeping the energy in the radar pulse low,

ρR = c

2B (2.2)

where c is the speed of light. The azimuth resolution for conventional radars is
inversely proportional to the size of the aperture. For space borne applications, this
would require unreasonably large antennas. SAR solves this by using the path of the
sensor as a synthetic antenna. As the SAR sensor passes, the radar beam illuminates
a target from several angles. The radar backscatter from individual targets is Doppler
shifted due to the motion of the sensor. In the signal processing, contributions from all
pulses are added coherently. The resolution in azimuth ρA is:

ρA = l

2 (2.3)

With the length of the physical antenna l. The resolution of SAR systems improves
when the antenna is getting smaller but restrictions from hardware and imaging properties
pose limits towards using too small antenna lengths.

The NRCS and phases within a resolution cell can be represented by a complex
number. Within each resolution cell many small scatterers are present that contribute
to the return signal. If the phase of the return signal is randomly distributed, the
resulting average can be understood as a "random walk" through the complex plain. This
characteristic noise like feature is called speckle and is a fundamental property of SAR
images. The process of speckle reduction is called multilooking and is either implemented
by splitting the bandwidth or averaging adjacent pixels. The level of speckle reduction is
commonly referred to as the Equivalent Number of Looks or ENL. It can be calculated
from the image:
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ENL = µ2

s2 (2.4)

where µ is the mean and s the standard deviation of the intensity. Note that this
should be calculated over a spatially homogeneous part of the image. An overview of
SAR technology and imaging properties is presented in Oliver and Quegan (1998).

Figure 2.1 shows part of a SAR image from Sentinel-1A. The dark area is the sea
and the bright area is the land. Wind turbines are visible as bright points in the sea.
Darker streaks on the ocean are present caused by the turbine wakes that are discussed
in detail in Chapter 5.

Figure 2.1: Part of a SAR image from Sentinel-1A over the wind farm Westermost Rough
from 2018-04-27 at 17:42 UTC.

2.1.2 Platforms
Satellite borne SAR systems have been routinely available since the 1990s. Measurements
from four satellites carrying C-band SAR are used throughout this PhD and summarized
in Table 2.1. Radarsat-1 and Envisat are not operational anymore, but they left large
archives of SAR scenes that can be analysed. Recently, the European Union initiated
the Copernicus program that delivers data under an open access license including data
from Sentinel-1A and B that were launched in 2014 and 2016. Data from the earlier
missions ERS-1, ERS-2 and Envisat is free for researchers via an easy application process.
This shift to open access data greatly increases the usability of SAR derived products.
Accessing Radarsat-1 is possible but partially restricted. Data from many current missions
i.g. Radarsat-2, TerraSAR-X or CosmoSkyMed is still proprietary and cannot easily be
accessed by the research community.
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Table 2.1: SAR satellite sensors used during this PhD

Satellite Period Band Polarization Data access
Radarsat-1 1995- 2013 C HH Restricted
Envisat 2002-2012 C HH,HV or VV ,VH Partially open
Sentinel-1A 2014-present C HH,HV or VV, VH Open
Sentinel-1B 2016-present C HH,HV or VV, VH Open

2.1.3 SAR Wind Retrieval
Wind stress over the ocean surface causes small cm-scale waves in local equilibrium
with the wind speed. These waves have a length scale where Bragg scattering occurs
that determines the NRCS of the ocean surface (Valenzuela, 1978). It is possible to
connect the NRCS with the wind speed. These relations are empirical functions known
as Geophysical Model Function (GMF) and for C-band radars the CMOD family of
functions is commonly used. They take the form of:

σ0(U, θ, φ) = B0(U, θ)[1 +B1(U, θ)cos(φ) +B2(U, θ)cos(2φ)] (2.5)
Where σ0 is the NRCS, U is the wind speed at 10 m, φ the radar look direction

relative to the wind direction, and Bx are tunable functions. CMOD was developed for
vertical polarized scatterometers (Stoffelen and Anderson, 1997) but can also be used to
retrieve wind speeds from SAR, see Monaldo et al. (2003) and Dagestad et al. (2013) for
an overview. In order to retrieve U , Eq. 2.5 needs to be numerically inverted.

Wind direction: The NRCS depends on φ, which depends on the wind direction and
U . A SAR obtains one measurement of the NRCS per resolution cell. Therefore, the
wind direction needs to be known a priori as an input to retrieve the wind speed. It is
possible to infer the wind direction from wind streaks in the SAR image itself (Koch,
2004). This method can be problematic where wind streaks are not present or due to
linear features not related to wind (Christiansen et al., 2006). Both wind speed and
direction can be retrieved from fully polarimetric SAR images (Zhang et al., 2012) but
SAR images available during this PhD were not fully polarimetric and this method
cannot be applied. Instead, the wind directions are taken from in situ observations and
from global weather models.

Polarization ratio: CMOD GMFs are developed for VV polarization and cannot be
directly applied to HH images. The backscatter from the ocean for HH polarization is
typically lower than VV. It is possible to convert HH polarized images using a polarization
ratio PR.

PR = σV V
0
σHH

0
(2.6)

Different models exist for this conversion (Thompson et al., 1998; Mouche et al., 2005).
The conversion process adds uncertainty to the wind retrieval and thus HH polarized
wind retrievals are usually less accurate.
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Wind retrieval processing chain: A large archive of SAR wind maps available at
DTU1 is used and expanded during this PhD. C-band SAR scenes are processed using the
SAROPS software from APL/NOAA. Wind direction are taken from CFSR-1 model until
2010, from a GFS model with 0.5◦ (2011 to 2012), and 0.25◦ (2014 onward). Processing is
done using CMOD5.N (Hersbach, 2010) and a polarization ratio for HH images (Mouche
et al., 2005). Prior to the wind retrieval, SAR images are averaged to 500m resolution in
range and azimuth to reduce speckle noise and effects from changes in the local incidence
angle due to long period ocean waves.

SAR wind retrieval accuracy: The target accuracy for satellite based remote sensing
of wind is 2 m/s. Validation studies using a variety of sensors and GMFs have found
that SAR winds generally comply with this. An overview for SAR validations for coastal
sites is presented in Table 1 of Paper I.

Data handling: SAR winds are processed to level-2 products at DTU. Data is in
netCDF-format and geo-located but the underlying coordinates are still connected to
the satellite track. Therefore, each scene will have its own coordinate system. This is
not problematic when handling a single file, but becomes increasingly difficult when a
large number of scenes for an Area Of Interest (AOI) should be investigated. A tool
for converting SAR scenes from the archive into a "SAR grid" file has been developed
during this PhD that also ensures that each scene covers the entire AOI. SAR grid file
have coordinates in Universal Transverse Mercator (UTM) projection and thus the units
of meter. This can be regarded as a level 3 product that is innovative, as it becomes
easier work with SAR wind retrievals for a small AOI. It is planned to offer access to
this tool alongside DTU’s SAR wind archive. A short description of this tool is given in
the Appendix.

2.1.4 Inter-calibration
When using measurements from different sensors it is generally desirable to ensure
consistent results. For SAR wind fields, this issue remains open, as no consistent
validation has been conducted comparing results from different sensors. For applications
in wind energy, it is especially important to ensure low wind speed biases, since accurate
estimation of wind resources is desirable and the wind power density is proportional to the
wind speed cubed. This gap has been addressed in Paper III where an inter-calibration
method for SAR wind retrievals is presented. The accuracy of the SAR wind retrievals
can be determined by the bias compared with in situ reference (ref) measurements:

bias = USAR − Uref (2.7)

where the overbar denotes the temporal average and USAR and Uref are the SAR
and reference wind speed respectively. The precision is characterized by the Root Mean
Square Error (RMSE)

1https://satwinds.windenergy.dtu.dk/
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RMSE =

√∑N
i (Ui,ref − Ui,SAR)2

N
(2.8)

In Paper III, it is shown that Envisat, Sentinel-1A, and B show different biases and
that biases depend on the SAR incidence angle. This is not desirable for wind resource
assessment, since the wind resources will depend on the SAR system that took the
measurement and the incidence angles. A method to inter-calibrate SAR systems towards
consistent wind retrievals is suggested that is inspired from scatterometer inter-calibration
(Elyouncha and Neyt, 2013; Stoffelen, 1999). It is based on a linear fit of the difference
between measured NRCS and an NRCS calculated from modelled winds using Eq. 2.5.
Results show that biases are reduced overall and that the offset between sensors is reduced
substantially. This method does not perform well for incidence angles below 25◦ where
biases and scatter are increased.

Results from Paper III are derived over Northern Europe. In Paper IV inter-
calibrations are performed with those results along the US East Coast. The method is
also applied to Radarsat-1 with results similar to Paper III. This is takes as an indication
that the values for inter-calibration found in Paper III can be applied outside the domain
used to derive them and for other SAR sensors.

The two large validation studies conducted in Paper IV and V include more than
10,000 collocations between SAR scenes and buoy measurements. Comparisons for SAR
wind fields with incidence angles above 25◦ are shown without inter-calibration (default)
in Figure 2.2a and with inter-calibration (IC) in Figure 2.2b. Inter-calibration reduces
the RMSE from 1.67 to 1.47 m/s and reduces the bias significantly from 0.44 m/s to -0.04
m/s. These results indicate lower RMSE than recent validation studies using Radarsat-2
(Lu et al., 2018) and Sentinel-1 (La et al., 2017). This is remarkable, since SAR data
used in Figure 2.2 is up to 20 year old.

Results from Figure 2.2 are divided by SAR sensor and shown in Table 2.2 with
bold font indicating numerically lower bias and RMSE and thus better retrieval. Inter-
calibration reduces the RMSE for all sensors, but most notably for Envisat and Radarsat-1.
Biases are generally closer to zero with the exception of Sentinel-1A. Most importantly,
biases are much more consistent between systems ranging between -0.08 and 0.05 m/s.

Table 2.2: Bias and RMSE from Figure 2.2 by SAR sensor for wind speeds from default
(Def) and inter-calibrated (IC) processing

. Lower RMSE and numerical bias are indicated in bold font.
Radarsat-1 Envisat Sentinel-1A Sentinel-1B
Def IC Def IC Def IC Def IC

Bias [m/s] -0.54 -0.08 0.79 0.02 0.04 -0.15 0.13 0.05
RMSE [m/s] 1.77 1.41 1.79 1.47 1.43 1.41 1.55 1.54

The inter-calibration method in Paper III allows for adjustment of the NRCS in time
using a 12 month window. It can therefore also account for possible changes in the
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Figure 2.2: Scatterplots comparing SAR wind fields from Radarsat-1, Envisat, Sentinel-
1A, and Sentinel-1B with buoy wind speeds: (a) default, (b) with inter-calibration. Lines
indicate the density of points.

calibration of a single sensor over its lifetime. Figure 2.3 shows how the SAR wind retrieval
bias changes over time for default and inter-calibrated processing. Biases from default
processing range between -0.2 m/s in 2002 to 1.7 m/s in 2011 while inter-calibration
removes the main proportion of this bias and its temporal dependency. This is most
notable between 2010 and 2012 towards the end of the lifetime of Envisat and in 2015
to 2016 while Sentinel-1A was experiencing calibration issues (Miranda, 2015). In this
sense, inter-calibration can both be understood as addressing offsets between sensors as
well as removing shifts in the calibration of the same sensor over time.

To date, there is a focus on developing new GMFs that should be applicable for all
SAR systems (Lu et al., 2018) or determining the best GMF to use (Christiansen et al.,
2006; Takeyama et al., 2013). Inter-calibrating SAR measurements towards consistent
wind retrievals presents a shift from this paradigm that is discussed further Paper III.
Instead of tuning GMFs with new data and producing new versions, a specific GMF is
chosen, and the NRCS is tuned accordingly. The method is a first step towards truly
consistent processing of SAR winds. There are open issues, like the poor performance of
this method below incidence angles of 25◦ and possible effects of atmospheric stability
that need to be addressed in the future.

2.2 Doppler Lidar
Lidar, or Light Detection and Ranging, is a laser based technology that is similar to
radar. A laser emits light of a single frequency in a narrow beam and a photodetector is
receiving the backscattered light. In the air, light is scattered off small particles, so called
aerosols, that are assumed to follow the flow and some fraction of the light is scattered
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Figure 2.3: Difference between SAR winds from Radarsat-1 (1998-2013), Envisat (2002-
2012), Sentinel-1A (2014-present), and Sentinel-1B (2016-present) and in situ wind speeds
from buoy measurements. A 500 sample rolling window is used for averaging.

back towards the lidar. The backscattered light is Doppler shifted, depending on the
velocity of the aerosols and thus the wind velocity. A Doppler lidar is able to accurately
detect the frequency of the incoming light and thus the Doppler shift that is directly
related to the wind velocity. The lidar measures light that is scattered back along the
beam direction and thus only the velocity component along the beam direction. This
velocity component is commonly referred to as the Line Of Sight (LOS) or radial wind
speed. See Vasiljević (2014) for a more complete overview of the background and history
of Doppler lidars for wind measurements.

In order to give meaningful wind retrieval, the detected signal must be stronger than
the noise level of the instrument. The signal strength is commonly referred to Carrier to
Noise Ratio (CNR). Therefore, lidar measurements need to be filtered for meaningful
measurements. This is commonly done by applying a threshold, as in Paper I, but more
advanced methods exist (Beck and Kühn, 2017). The CNR can be dependent on the
wind speed itself, which can cause biases when deriving climatological wind conditions
(Gryning et al., 2016). This can be particularly problematic if onshore scanning lidars
are to be used for wind resource assessment offshore.

In this PhD thesis, pulsed scanning Doppler lidars (Windcube200) are used equipped
with the WindScanner software with a a maximum range of 8 km and a probe length
between 25 and 70 m (Vasiljević et al., 2016). Scanning lidars have a scanner head
with two rotation axis and can thus point the laser beam freely. Horizontal wind speeds
on a transect can be determined from one lidar using the integrated Velocity Azimuth
Processing (iVAP) (Liang, 2006) or from two lidars using dual-Doppler processing
(Newsom et al., 2005). Standard deviations are in the order of 0.5 m/s (Simon and
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Courtney, 2016) and 0.2 m/s (Vasiljević, 2014) respectively. Therefore, scanning lidars
can measure wind speeds offshore while being installed onshore.

Coordinated dual Doppler (Vasiljević et al., 2016) and iVAP reconstructions were
tested during the "Reducing Uncertainty of Near-shore wind resource Estimates using
onshore lidar" (RUNE) campaign where wind speeds were measured on a transect from
the shore line and up to 5 km offshore(Floors et al., 2016). Figure 2.4 shows an overview
of the experimental setup of the campaign. It was found that lidar data availability
is drastically decreased with the distance (Floors et al., 2016) casting doubt on the
ability to use such measurements for wind resources assessment. Processed wind speeds
and directions from this experiment was used during this PhD to compare to SAR
measurements in Paper I. Pulsed scanning lidar are addressed to as "lidar" in remaining
document.
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Figure 2.4: Sketch of experimental setup from the RUNE campaign used in Paper I.
The transect where wind speeds are retrieved is indicated in dotted lines. "DD1" and
"DD2" indicate the positions of the lidars performing dual Doppler scans and "SC" is
the location of a lidar performing sectors scans for the iVAP reconstruction. The box
indicates how SAR images were averaged on the transect

2.3 Doppler radar
Doppler radars for wind measurements operate on similar measurement principles as
lidars, except that the transmitted light lies in the microwave part of the spectrum. In
fact, many techniques for treating lidar wind fields were originally developed for radars
(Browing and Wexler, 1968). New radars have been developed for observing wind fields
with high resolution (Hirth et al., 2012). Pulse compression is used to achive higher
resolution along the radar beam (range). With these systems it is possible to observe
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wind fields up to 35 km, e.g. around wind turbines or wind farms (Hirth et al., 2015;
Hirth and Schroeder, 2013), with a resolution of 15 m. This new type of radar will be
referred to as "Doppler radar" in this thesis.

There are two advantages of scanning Doppler radars compared with lidars: They
have a higher maximum range up to 35 km and their scanning speed is higher. High
range is an potential advantage for studying the atmospheric transition between land
and sea. Due to the expansion of the radar beam, horizontal scans suffer from reflections
of the ocean called sea clutter and measurements need to be taken at a slight elevation.
This limits data availability close to the ocean surface.

During this PhD, it was possible to access data from two Doppler radars measuring
wind fields at the wind farm Westermost Rough (Nygaard and Newcombe, 2018). One
full scan pattern takes approximately one minute and covers the entire wind farm and
its surrounding from 50 to 250 m elevation. This technology is ideal for detailed studies
of the flow within and around a wind farm. Doppler radar wind fields as reference
measurements to SAR wind retrievals in the wake of a wind farm are demonstrated in
Paper V.

2.4 Other remote sensing technologies
More remote sensing technologies for retrieving winds offshore exist of which a a selection
are presented in the following. Scatterometers are space-borne instruments that operate on
the same measurement principle as SAR for their wind retrieval, in fact the CMOD GMFs
were initially developed for scatterometers (Stoffelen and Anderson, 1997). Contrary to
SAR, it is possible to retrieve wind speeds and direction since measurements are taken at
multiple radar look directions. The spatial resolution is lower than for SAR and typically
12.5 km or 25 km while the temporal resolution is higher. Scatterometers are dedicated
to wind retrievals and data is routinely processed. Neither SAR nor Scatterometer can
retrieve wind speeds correctly where backscatter from land is included in a resolution
cell. Due to its lower spatial resolution, scatterometer cannot retrieve winds as close to
the coast as SAR.

Passive radiometers like SSM/I measure the emission of the Earth’s surface, from
which the so called brightness temperature is calculated. Wind speeds can be retrieved
offshore at coarse resolutions (Meissner and Wentz, 2012). Due to the high emissivity of
land compared to water, it is not possible to retrieve data close to shore. Large archives
of radiometer data exist and the prospect of using them for estimating wind resources
was discussed in Hasager et al. (2016).

Altimeters emit and receive radar pulses to the Earth perpendicular to the ground.
It is possible to retrieve wave heights and wind speeds from the return signal (Dobson
et al., 1987) and the RMSE is below the 2 m/s target for satellites compared with in
situ buoy observations (Witter and Chelton, 1991). A limitation of altimeters for use in
wind energy applications is the spatial resolution. Measurements are available at fixed
tracks and therefore it is not possible to retrieve whole wind fields from the data. In



2.5 Overview of technologies 15

spring 2018, Sentinel-3B was launched carrying the SENTINEL-3 Ku/C Radar Altimeter
(SRAL). This increases data coverage alongside its twin mission Sentinel-3A.

High Frequency (HF) radar systems are ground based radar systems that are operated
at many coastal sites and measure the backscatter from the ocean surface with ranges
up to 200 km. Wind direction measurements are more mature with general retrieval
algorithms available (Wyatt et al., 2006; Wyatt et al., 1997). Wind speed retrievals are
less mature, but methods exist based the Doppler spectrum (Green et al., 2009). A
neural network approach was taken by Zeng et al. (2016) which yielded RMSEs below
2 m/s but these results are likely location specific. It was concluded that HF radar
measurements are potentially useful for wind measurements in the coastal zone, especially
since temporal resolutions are higher than satellite borne SAR while the spatial resolution
is similar.

Marine radars are an established technology offshore that are installed on ships to
support navigation. Marine radars transmit and receive in the microwave band, e.g.
in X-band. Images are taken continuously, providing a time series like data set. As
for SAR or scatterometer, the radar backscatter signal is related to the wind speed.
Dankert and Horstmann (2007) have shown that wind speeds can be retrieved with high
correlation, no bias, and low scatter using a Neural Network. Statistics are improving,
when atmospheric conditions are taken into account. Simpler retrieval methods are also
available that solely rely on fitting the NRCS that showed good results even for a moving
platform (Huang et al., 2016; Lund et al., 2012). Marine radars are already installed
at many locations and could provide wind measurement without additional costs. This
could be useful for estimating wind conditions, if no other measurement is available.

2.5 Overview of technologies
The key difference between spaceborne and ground based system is that the former
offers globel coverage on low resolutions while the latter offers high resolution on a local
scale. SAR wind fields are of high resolution compared to other spaceborne sensors, e.g.
scatterometer, but low compared to lidar and Doppler radar. SAR images are acquired
infrequently, though Sentinel-1A and B have increased the number of acquisitions per
day. This low sampling rate can be problematic for wind energy applications, e.g. for
wind resource assessment (Pryor et al., 2003; Barthelmie and Pryor, 2003). Lidar and
Doppler radar offer time series like coverage in their measurement range, provided that
the measurement signal is strong enough.

SAR senses ocean surface and wind speeds higher in the atmosphere are calculated
from empirical GMFs at 10 m height, while Doppler lidar/radar measurements are taken
in the atmosphere and can thus measure at arbitrary heights. For wind energy application
of SAR wind fields, this raises the issue of relating wind speeds at 10 m to heights where
turbines operate (Badger et al., 2016). Wind retrievals from SAR are also less precise
than lidar measurements.

The advantage of SAR winds are long archives covering most coastal regions. With
this archive it is possible to extract measurements from the past and generate observation
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derived results without the need of costly deployment of equipment.

2.6 Key findings
• Different SAR sensors can be merged to a consistent data set with little offset

between the sensors (Paper III).
• Inter-calibration improves the accuracy of wind resource assessment from SAR and

makes it more conservative (Paper III)
• The strength of SAR wind retrievals are global archives that coverage of coastal
waters.



CHAPTER 3
SAR winds in the coastal zone

In the following, a brief overview of wind related phenomena in the coastal zone is
presented. Meteorology in the coastal zone is characterized by the change in surface
properties between land and sea. There are three major contributions to this change:

1) Topography: The land has topography, for example escarpments or mountain
ranges or a more flat landscape depending on the location. Compared to this, the ocean
is flat, even for conditions with high waves.

2) Roughness: Land is covered with features much smaller than the topography, e.g.
trees, rocks, or fields. These features interact with the airflow and extract momentum
from it. The contribution of these land features is commonly summarized under the term
roughness. Over the ocean, no solid features exist that extract energy from the wind
flow. The surface of the ocean itself is building up roughness elements in the form of
waves from interaction with the wind but their size is typically much smaller than on
land. In general, land is rough while the sea is smooth.

3) Thermal: Temperatures on land follow a diurnal cycle with the incoming solar
radiation. The heat capacity of water is much higher than land, thus water bodies have
more thermal inertia towards temperature changes and changes occur on seasonal time
scales. This leads to temperature differences as a step change for air masses crossing the
boundary between land and sea. For an overview see e.g. Mahrt (1999).

In the lowest part of the atmospheric boundary layer (ABL) properties of the at-
mosphere are determined by the conditions at the surface. The wind speed generally
changes with height and these changes are represented in a vertical wind profile. Close
to the ground in the surface layer and for flat terrain, Monin Obukov theory can be used
to describe the mean wind speeds (Högström, 1988):

U(z) = u∗

κ

(
log

(
z

z0

)
+ Ψ

(
z

L

))
(3.1)

Where U is the horizontal mean wind speed and z the distance above ground. The
friction velocity, u∗ determines the flux of momentum and thus the drag from the surface
to the flow. z0 is the roughness length that describes the cumulative effect of the surface on
the wind profiles. Ψ is an universal function that depends on the atmospheric stratification
z/L where L is the Obukov length that determines the atmospheric stratification/stability.
In general, three different flow regimes exist, unstable flows are characterized by buoyant
production of turbulence that cause well mixed ABL while turbulence is attenuated for
stable stratification and the layers of the atmosphere are less connected. In between
these lies neutral stratification, where buoyancy effects are neglectable compared to
shear effects (Wyngaard, 2010). The shape of the wind profile is determined by the
stratification (z/L) and the roughness length (z0).
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Eq. 3.1 is valid for spatial homogenous and steady conditions and this condition is
generally violated in the coastal zone (Mahrt, 1999). In the following, an introduction to
atmospheric flow phenomena is presented affecting winds in the coastal zone.

Coastal jets with high speed up of the wind speeds close to the surface can appear
when air masses are pushed through straits (Sandvik and Furevik, 2002) or blocked along
mountain ranges (Doyle, 1997). The roughness, z0 changes between land and sea and for
winds blowing from land to sea the wind profile has to adjust to the new lower roughness.
This leads to the formation of an internal boundary layer (IBL) that is growing from the
surface upwards. This effect is associated with a horizontal wind speed gradient with the
distance to shore (hereafter coastal gradients) as the wind profile adjusts (Smith and
Macpherson, 1987). The higher roughness of the land makes it a larger momentum sink
than the ocean. As the flow passes from land to sea it accelerates due to the decreased
loss in momentum. Coastal gradients are observed from SAR images in Paper I, II, and
IV on scales from a few kilometres to a few hundred kilometres.

Temperature differences between air and sea typically occur that influence the ABL
on different scales. Temperature changes over the day can introduce a diurnal variation
in the wind speed, e.g. sea/land breeze that occurs due to localized high and low pressure
fields from the temperature differences and can extend tens of kilometers offshore (Hughes
and Veron, 2015). The influence of diurnal variation on mean wind speed maps derived
from SAR is discussed in Paper IV. For advection of warm air over cold water low level
jets can occur, where the flow decouples at a certain height from the surface. This occur
frequently in the Baltic Sea (Smedman et al., 1997) but this cannot be observed in SAR
images as low level jets occur higher in the atmosphere.

GMFs used for SAR wind retrievals have been developed using measurements from
the open ocean (Hersbach, 2010; Stoffelen and Anderson, 1997). SAR wind retrievals rely
on the assumptions that cm-scale waves are in local equilibrium with the wind speed and
comparable to open ocean conditions. For wind from land, the wave field that determines
the surface roughness is developing (Mahrt, 1999) and the assumption above is likely
violated. This raises the need for validations studies focussed on the coastal zone and the
ability of SAR to correctly determine wind speed gradients. These gaps are addressed in
Papers I and II and summarized in the following.

3.1 SAR wind retrievals close to shore
An advantage of SAR wind fields are their high resolution and the possibility to retrieve
winds close to shore where other spaceborne sensors like scatterometer cannot. Validation
studies have been conducted close to shore, see Table 1 in Paper I, but have not consistently
taken the distance to shore into account. In order to compare SAR wind retrievals with
respect to the distance to shore, wind measurements at multiple locations are needed
extending from the shoreline until a point further offshore. SAR wind retrievals along
the transect of the RUNE campaign in Figure 2.4 are found to be similarly accurate
between 1 and 5 km from the coast line (Paper I). Differences between SAR winds USAR

and lidar sector scans USC are shown in Figure 3.1. A clear limitation of these findings
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is the low number of collocated observations and the need to extrapolate between lidar
measurements and SAR wind retrievals.

Figure 3.1: Comparison of wind speeds from SAR and sector scans (iVAP reconstruction)
over the distance to shore from Paper I. 0 m is at the coastline going further offshore
with decreasing numbers. The number of available observations, N is plotted at the top.
Individual collocations are shown in gray, mean values in black, and standard deviations
are given by the vertical lines.

Findings from Paper I are complemented with SAR vs. in situ buoy comparisons in
Paper IV and V. Figure 6 shows the difference between SAR and in situ wind speeds
over the distance to shore1. Biases and standard deviations are calculated in 5 km bins.
Again, no clear trend towards less accurate SAR wind retrievals close to shore compared
to further offshore can be found. These results indicate that the accuracy of SAR wind
retrievals in the coastal zone is not dependent on the distance to shore. Local effects from
bathymetry and currents on the SAR image (Johannessen et al., 1996) can potentially
influence SAR images differently depending on the location.

3.2 Mean wind speed gradient
Horizontal wind speed gradients can occur in two directions: perpendicular to the coast
and along the coast. In Paper II, the first is called coastal wind speed gradient and the
latter wind speed variability. The accuracy of SAR wind retrievals in the coastal zone
was shown in Paper I and Section 3.1. Wind speed gradients are investigated at three
locations during this PhD: northern Denmark during the RUNE campaign (Paper I), at
the Anholt wind farm in the Danish Kattegat (Paper II), and along the US East Coast
(Paper IV). A summary of the findings is subsequently given.

1Distance from to land taken from: http://www.soest.hawaii.edu/wessel/gshhg/
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Figure 3.2: Difference between SAR and buoy wind speeds from Figure 2.2 plotted over
the distance to shore. Black lines indicate the mean and vertical lines one standard
deviation. Data from Paper IV and V are combined

During the RUNE campaign, scanning lidar data are available in two configurations:
sector scan (SC) and dual Doppler (DD), see Section 2.2. Mean wind speeds are calculated
using collocated SAR and lidar data in Figure 3.3. Both lidar configurations and the SAR
winds showed an increase in the mean wind speed with the distance to shore. Offsets can
partially be attributed to extrapolation of the lidar data down to 10 m above sea level.

Figure 3.3: Mean wind speeds over the transect of the RUNE campaign from Dual
Doppler (DD), sector scan (SC), and SAR (for the respective collocated cases)

Coastal gradients and variability are observed at the wind farm site Anholt. A strong
variation in the wind speed derived from Supervisory Control And Data Acquisition
(SCADA) data is found for west to south-westerly wind directions (Peña et al., 2017)
caused by an upstream peninsula. Figure 3.4 shows wind speeds at the turbine positions
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of the most western row at Anholt for west to south-westerly wind directions. Wind
speeds are derived from the SCADA system of the turbines i.e. from power production
data. The wind speed is normalized at position A15 at the center of the wind farm and
turbines are numbered from south to north. Modelled winds from the Weather Research
and Forecasting (WRF) (Skamarock et al., 2008) are available at this site from Peña and
Hahmann (2017). Both WRF and SAR data are from a period before construction of
the wind farm began.

The mean wind speeds derived from SAR wind fields before construction of the wind
farm match the SCADA-derived wind speeds well. This is taken as an indication that
wind speed variations on the scales of a typical wind farm can be well represented from
SAR measurements. SAR winds can provide measurement based wind speed variation
at a potential wind farm site alongside other modelling results. In this case, there is
also good agreement with results from the WRF model. Two independent data sources
are pointing to strong wind speed variations over the wind farm for the investigated
wind directions. Using SAR and WRF together in this way can increase the confidence
in their results if similar results reached and raise awareness of possible issues where
discrepancies persist (Paper II).

Figure 3.4: a): Position of the Anholt wind farm and distances to shore. b): Wind
speed normalized with the center position A15 over the western arch of the Anholt wind
farm for wind direction between 245◦ and 275◦. Data from WRF (2002-2012), SAR
(2002-2012), and SCADA (2013-2015).

Coastal gradients were also investigated at the US East Coast from a SAR based
wind atlas. No reference data with high spatial resolution to check wind speed gradients
was available for this study. Comparisons to mean wind speeds from the WRF model
indicate larger gradients in the mean wind speed maps from SAR than for the model
outputs (Paper IV). The use of SAR derived wind maps as a reference to mesoscale
models is discussed in more detail in Section 4.3.
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3.3 Key finding
1. SAR wind retrievals perform well in the coastal zone, even though GMFs are not

tuned for this region and no dependence on the distance to shore is found (Paper
I).

2. Cross-shore: Wind speed gradients from SAR show are similar to lidar measurements
for the first kilometres from shore (Paper I).

3. Along-shore: Wind speed variations from SAR are in good agreement with SCADA
data from the Anholt wind farm (Paper II).
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Wind resource mapping

Before wind farms are constructed, the wind conditions at the site need to be known in
order to estimate the expected annual energy production. "Wind resources" are commonly
referred to as the long term average that can be statistically represented from observed
wind speeds (Troen and Lundtang Petersen, 1989). Wind resources vary depending on
the site and offshore wind speeds are generally increasing with the distance from shore.
It is important for wind farm developers to know the large scale wind conditions in order
to decide where wind farms can best be built. For large areas wind resource mapping
can be based on mesoscale models, e.g. WRF (Hahmann et al., 2015; Hansen et al.,
2014; Dvorak et al., 2013) . Over the ocean, it is also possible to calculate wind resources
directly from SAR or scatterometer winds (Hasager et al., 2015c; Christiansen et al.,
2006).

Wind speed distributions generally follow a Weibull distribution and are characterized
by the Weibull scale parameter A and the shape parameter k. The energy density E of
the wind speed can be calculated from the Weibull parameters as:

E = 1
2ρA

3Γ
(

1 + 3
k

)
(4.1)

where Γ is the Gamma function and ρ the air density. SAR wind fields can be used
as a basis to estimate the Weibull parameters and create an observation based wind
atlas (Christiansen et al., 2006). Satellite wind fields are quasi instantaneous snapshots
as they pass over a region. Weibull parameters and mean winds speeds can be directly
calculated from the SAR wind archive of DTU using the software S-WAsP.

For wind resource assessment, four issues arise that determine the uncertainty:
1. SAR wind retrievals need to be bias free in order to obtain unbiased wind resources.

The influence of inter-calibration of SAR sensors on wind resources is shown in
Section 4.1.

2. SAR images are not randomly sampled over time. Two main sources of sampling
biases are: fixed times of the overpasses and seasonal over or under sampling (see
Section 4.2).

3. The number of observations is much lower than from in situ based measurements.
Pryor et al. (2003) and Barthelmie and Pryor (2003) have addressed the issue of low
sampling and have concluded that it is possible to estimate Weibull parameters with
±10% uncertainty and 90% confidence using 250 samples. Their results assume
that satellite images are randomly sampling over time.

4. SAR wind fields are derived from surface measurements and tuned for 10 m wind
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speeds, while modern offshore wind turbines have hub heights above 100 m. It is
possible to extrapolate SAR based wind resources from 10m using atmospheric
stability distributions from weather models (Badger et al., 2016).

4.1 Intercalibration and wind resources
A process for inter-calibrating sensors was presented in Section 2.1.4 and in Paper III.
This approach leads to more accurate estimation of Weibull parameters and energy
density compared to collocated in situ measurements. Comparisons for 12 ocean buoy
locations in Northern Europe showed a reduction of the Mean Absolute Error (MAE) of
the wind resources from 20% to 8% (Paper III). The analysis is expanded to also include
data from the US East Coast (Paper IV).

Table 4.1 shows the mean wind speed, energy density, Weibull A, and k parameters
estimated at 40 buoy locations requiring at least 100 collocated samples per location.
Inter-calibration reduces biases, RMSE, and MAE for the mean wind speed, energy
density, and Weibull scale parameter. Intercalibration has the tendency to make SAR
based wind resources more conservative, manifested in the negative bias of the mean
wind speed and energy density. Influences on the Weibull shape parameter are small.
Results from Table 4.1 strongly suggest that SAR wind fields should be inter-calibrated
before merging different sensors for wind resource assessment.

Table 4.1: Bias, RMSE, MAE for mean wind speed (U), Energy density (E), Weibull
scale parameter (A), and Weibull shape parameter (k) from 40 stations with more than
100 collocated samples from default processing (Def) and inter-calibrated SAR winds
(IC).

U [m/s] E [W/m2] A [m/s] k [-]
Def IC Def IC Def IC Def IC

Bias 0.47 -0.02 63 -33 0.37 -0.13 0.08 0.08
RMSE 0.57 0.27 100 65 0.55 0.39 0.21 0.22
MAE 0.50 0.20 77 52 0.46 0.30 0.16 0.16

4.2 Sampling biases
Wind conditions are changing in time and space but two temporal patterns are typically
present: Seasonal changes with higher mean wind speeds during autumn/winter than
spring/summer. Diurnal variations with changing wind conditions over the time of
day that usually also depend on the season. In order to capture the wind climatology
correctly, measurements should be unbiased with respect to season and time of the day.

Season: SAR scenes over an area can show a seasonal bias in the sampling, i.e. over-
or under-sampling of a certain period (Hasager et al., 2015d; Monaldo, 2011). SAR scenes
are acquired for different purposes that dictate the imaging modes and acquisitions. This
was investigated for the US, where seasonal biases in the sampling are present in Paper
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IV. The mean wind speed was seasonally corrected by averaging over monthly mean
wind speeds as suggested in Monaldo (2011).

Figure 9a shows the seasonal corrected mean wind speed (USC). Wind speeds vary
from approximately 6 m/s close to shore to 8-9 m/s far offshore. The difference between
the seasonally corrected and uncorrected wind speed is shown in Figure 9b. Differences
of up to 1 m/s are found; in the north more samples were collected in the winter and in
the south more samples were collected in the summer.

Figure 4.1: SAR wind maps for the US East Coast (a) Mean wind speed at 10m that
was seasonally corrected (b) difference between the seasonally corrected and uncorrected
mean wind speed.

The seasonally corrected SAR mean wind speeds show a reduction of 40% in the MAE
compared with the long term mean wind speeds from 16 buoys (Paper IV). This is taken as
strong indication that seasonally corrected AR mean wind speeds are more representative
of the climatology with this dataset and for this location. Seasonal sampling biases
should be investigated when creating SAR wind atlases. Monthly averages can only be
applied to arithmetic mean wind speeds and not to the Weibull fitting since the number
of samples would be too low. A possibility to overcome this limitation is to weigh SAR
scenes according to the seasonal sampling bias in the estimation of Weibull parameters
as discussed within Paper IV.

Time of the day: SAR images are acquired at fixed two fixed times per day roughly
twelve hours apart, due to the polar orbit. Wind speeds derived from them are thus
biased in respect to the time of day. If diurnal variations are strong at a site, this can
cause biases in the estimation of the wind resources. This issue is known and discussed
in context of the earlier SAR based wind atlases (Hasager et al., 2011; Christiansen et al.,
2006).

Diurnal variations are present along the entire US East Coast (Hughes and Veron,
2015). The diurnal variation of the wind speeds at selected buoys in relation to the
satellite overpass times is discussed in Paper IV. The time of the overpass for Envisat and
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the Sentinel-1s is roughly 6 hours apart. Using a combination of Envisat and Sentinel-1
more evenly distributes the measurements over the time of day. More evenly sampled
data has the potential to reduce biases from diurnal variations in the derived wind
resources.

4.3 SAR as a reference for mesoscale models
In the coastal zone, mesoscale models experience higher uncertainty of the wind speed,
especially, when winds are coming from the land (Hahmann et al., 2015). The ability
of mesoscale models to capture coastal wind speed gradients is hard to validate, due to
missing reference data on large spatial scales. The advantage of SAR based wind atlases
is their high resolution covering the coastal zone and this can help narrowing this gap.
For comparison, it is assumed that both model and SAR based wind atlases represent
the long term average of the wind conditions. Therefore, the datasets do not need to be
collocated in time.

The possibility to use SAR derived wind atlases for mesoscale model validation has
been explored along the US East Coast (Paper IV). The NREL WIND Toolkit (WTK), a
seven year mesoscale model run with 2 km resolution is investigated (Draxl et al., 2015a;
Draxl et al., 2015b). Coastal wind speed gradients have been derived from SAR and
WTK on transects extending from the shore and up to 100 km offshore. Wind speed
gradients over the first 100 km from shore were generally higher from SAR with a mean
increase of 1.40 m/s per 100 km compared to 0.91 m/s per 100 km from WTK. This was
taken as an indication for too low gradi,ents in WTK that merit closer investigation.

Mesoscale models are used in the early part of an offshore wind project and correct
representation of wind speed gradients is desirable to assess variations of wind resources
over the site. The variation of mean wind speeds are investigated at 25 sites designated
for offshore wind development (BOEM, 2018). Figure 5.1 shows mean wind speed
distributions as a violin plot for SAR and WTK for each area. It can be seen that
variations of mean wind speeds is higher from SAR for most sites. Variations expressed
as differences between minimum and maximum wind speeds are on average 0.47 m/s for
SAR and 0.2 m/s from the WTK.

Accurate wind resource assessment is done using measurements on site. Information on
expected variation of the wind resources can be important for the planning of measurement
campaigns, e.g. whether to measure at a single location or multiple locations. Here,
a combination of modelled and SAR-based wind resources can be an advantage. The
variation of mean winds from SAR is likely an upper boundary since there are several
artefacts in the underlying data that could cause higher variation of wind speeds, i.e.
high resolution in combination with low number of samples increases the variation. The
sample size can vary within each area which in turn can cause additional spatial variation.
Speckle in the SAR imagery is expected to play a minor role as many SAR wind maps
are averaged at 0.02◦ horizontal corresponding to approximately 2 km (Karagali et al.,
2013).
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Figure 4.2: Mean wind speed variations at 10 m from SAR and WTK for 25 potential
wind farm sites along the US East Coast.

4.4 Key findings
• Wind resource estimates from inter-calibrated SAR wind fields compare better to

in situ observations than estimates based on default processing (Paper III).
• Seasonal sampling biases occur in SAR wind atlases and can be overcome for the

mean wind speed by using monthly averages (Paper IV).
• Along the US East Coast, wind speed gradients and variations within potential
wind farm sites are higher from SAR than from a mesoscale model (Paper IV).
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CHAPTER 5
Wake detection from SAR and

Doppler radars
Wind turbines offshore are placed in wind farms that consist of dozens of wind turbines
and the size of wind turbines has increased over the last decades. The fist large offshore
wind farm Horns Rev I built in 2002 consisted of 80 2 MW turbines while the latest
project in that area, Horns Rev III, consist of 49 8.3 MW machines. A second trend is
building wind farms in clusters where multiple wind farms are developed close to each
other. Here it becomes particularly important to correctly estimate the wind farm wake
effects.

The area downstream of a wind turbine characterized by reduced wind speed and
increased turbulence is called a wake (Vermeer et al., 2003). The velocity deficit VD is
defined from the wind speed in the wake Uwake and the wind speed without presence of
the wind turbine called the free stream reference Uref .

VD = Uref − Uwake

Uref

(5.1)

When wind turbines are placed downstream of each other their wakes overlap causing
a more pronounced velocity deficit. This causes a reduced energy production for turbines
in the wake that can reach up to 50% power loss (Nygaard, 2014; Barthelmie et al., 2010).
The velocity deficit in the wake can be modelled with different degrees of detail, from
a simple momentum balance (Jensen, 1983) to full scale large eddy simulations (Calaf
et al., 2010). An overview of engineering models is provided in Göçmen et al. (2016).
Models can be validated within the wind farm using SCADA data (Barthelmie et al.,
2010).

Downstream of the wind farm, single wind turbine wakes merge into a wider wind
farm wake. Reduced wind speeds in this wind farm wake can extend tens of kilometers
downstream depending on atmospheric conditions (Platis et al., 2018; Hasager et al.,
2015a). An increasing number of large wind farms raises the need to accurately quantify
wind farm wakes. A wind farm implementation for the WRF model is available (Volker
et al., 2015; Fitch et al., 2012). Validation of wake models in the far wake is needed,
but challenging due to limited large scale reference data. Airplane measurements (Platis
et al., 2018) or Doppler radar (Nygaard and Newcombe, 2018) are good options, but
measurement campaigns are expensive and thus restricted to few sites.

Wind farm wake measurements from SAR is an alternative that has first been studied
more than a decade ago (Christiansen and Hasager, 2005). Since then, several studies
have found the presence of wakes in satellite SAR images (Platis et al., 2018; Djath et al.,
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2018; Hasager et al., 2015a; Li and Lehner, 2013). A decreased NRCS is often visible
downstream of wind farms and it is interpreted as a reduced wind speed in the wind
retrieval process. Figure 11 shows an example on the English East Coast with easterly
wind directions. Wind farms are visible as bright spots due to the strong radar reflection
from the turbines. Downstream of the wind farms wakes are clearly visible.

Figure 5.1: Wind fields from Sentinel-1A form the 27th of April 2018 over the East Coast
of England. Six wind farms visible are: Westermost Rough (W), Humber Gateway (H),
Lincs (L), Race Bank (R), Sherinham Shoal (S), Dudgeon (D).

In this PhD, wakes have been investigated from SAR images for two wind farms:
Anholt (Figure 3.4) and Westermost Rough (Figure 5.2). Reference wind speed measure-
ments were available for both locations. For Anholt, wind speeds at the turbines were
derived from SCADA data (Paper II). For Westermost Rough Doppler radar wind fields
(Section 2.3) were available (Paper V). The latter measurement has the advantage of
capturing the flow inside and around the wind farm.

5.1 Wake structure
The Anholt wind farm has an anisotropic shape determined by arcs of wind turbines.
Paper II explores if SAR wind fields can be used to determine the shape of its wake. A
large archive of SAR wind fields before construction of the wind farm is available. This
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Figure 5.2: Position of the wind farm Westermost Rough (WR) and Humber Gateway
(HG) with the area scanned by the Doppler radars (Paper V).

was used to define a baseline of wind conditions unaffected by wind farm wakes. Wind
speed differences between upstream and downstream of the wind farm are calculated
with a positive wind speed difference defined as a reduction of wind speed downstream.
For this purpose, transects have been defined to the "East" and "West" of the Anholt
wind farm, see Figure 5.3a.

Figure 5.3: a): Transects "East" and "West" of Anholt where SAR winds are retrieved. b):
Wind speed difference between transects "East" and "West" for easterly wind directions,
(Paper II).

For easterly wind directions the fetch is long and wind speed differences before wind
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farm construction are small, see Figure 5.3. After construction of the wind farm, a
wind speed reduction between 0.2 and 0.8 m/s is visible that is clearly separated from
conditions before. The number of turbines located between the transect is indicated and
the shape of the wind farm wake is consistent with expectations of a higher wind speed
reduction where more turbines are located. This approach did not yield good results for
westerly wind directions with short and varying fetch (Paper II).

Transects perpendicular to the wake in SAR images have revealed individual turbine
wakes and wakes along a wind turbine row, hereafter row wakes (Li and Lehner, 2013)
though reference measurements in the wake were missing. Jacobsen et al. (2015) showed
the wake of a single turbine in SAR collocated with scanning lidar measurements. Paper
V presents a similar case based study with three Sentinel-1 images around the wind
farm Westermost Rough, see Figure 5.4 for an example. For these cases, coinciding wind
fields from Doppler radars were available, covering the entire wind farm and surrounding
area. For two cases, wakes are clearly visible in the SAR image close to the wind farm
including individual turbine wakes and similar to findings of Li and Lehner (2013).
Doppler radar wind fields allow to accurately determine the position of the wake and its
vertical structure in the atmosphere and match it to the SAR observations.

The SAR backscatter image Figure 5.4a clearly shows the presence of wakes as by a
reduced NRCS. The SAR image and the Doppler radar wind field (Figure 5.4b) shows
similarities in the wake features. Velocity deficits are calculated along a transect crossing
the wake (Figure 5.4c). The velocity deficit shows local maxima downstream of wind
turbines with little differences between the 50 and 100 m Doppler level. Velocity deficits
from SAR follow the structure of the Doppler radar measurements remarkably well.

"Aligned" refers to processing pixels from the SAR image on along elongated rect-
angular boxes following the wind direction while "default" denoted averaging on 500 m
resolution cells. The position of local maxima from "aligned" SAR agrees well with those
of the Doppler radar. SAR veloscity deficits are offset towards a lower velocity deficit.
This is the first observation of a full scale wind farm wake from SAR where reference
measurements can confirm the position and velocity deficit of the wake.

5.2 Wake and coastal gradients
Wind speeds increase with distance from the shore for winds blowing from land to sea.
A wind farm placed in the coastal region will experience these wind speed gradients.
From a measurement perspective, it becomes harder to quantify the velocity deficit of the
wake where it is counteracted by a coastal wind speed gradient. An approach to quantify
wind farm wakes from SAR with underlying gradients is to use data before and after
wind farm construction as a reference and transects crossing the wind farm (Paper II).
The wake effect of the wind farm should reduce the mean wind speed after construction
compared to before, assuming the wind conditions to be similar during both periods.

Figure 5.5 shows four transects and results from transect "d" for south-westerly
directions at the Anholt wind farm. SAR wind speeds are presented as a difference with
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Figure 5.4: SAR backscatter, scanning radar wind fields, and a transect crossing the
wake at Westermost Rough on the 27th of April 2018. (a) SAR backscatter image with
indicated transect. (b) Doppler radar wind field at 100 m. (c) Doppler radar winds and
SAR wind retrievals from a transect crossing the wind farm wake 700 m downstream of
the most easterly turbine.
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respect to the wind speed upstream of the wind farm and SCADA wind speeds use the
upstream wind turbine.

Figure 5.5: a): Transects in south-westerly direction crossing the wind farm. b) Mean
wind speeds on transect "d" for SAR "before" wind farm (WF) and "after" and from
SCADA.

Before construction of the wind farm, wind speeds increase with the distance from
shore. Compared to this baseline, SAR winds are reduced after construction of the wind
farm. The wind farm wake is visible from SCADA data showing a reduction compared
to upstream wind turbines. This approach did not clearly, reveal wakes for the northern
part of the Anholt wind farm (transect b and c), where fewer turbine arcs are located
(Paper II). With this approach it becomes possible to detect wind farm wakes from SAR
under the presence of coastal wind speed gradients.

5.3 Wakes and stability
The behaviour of wind farm wakes depend atmospheric stability (Smedman1994.; Abkar
and Porté-Agel, 2015) SAR images show the presence of long atmospheric wakes under
stable conditions (Hasager et al., 2015b). Two cases are presented in Paper V, with
similar wind speeds and directions undisturbed by upstream land, but the atmospheric
stratification is stable for one and unstable for the other case. Close to the wind farm,
wakes are clearly visible in SAR and the wake structure agrees with the Doppler radar
measurements under unstable conditions (Figure 5.4). A possible explanation is that
the atmosphere is well mixed for unstable conditions and properties of the wake are
transported from the rotor-swept height to the ocean surface fast. For stable conditions,
wake close to the wind farm is not clearly visible in the SAR image and the structure of
the wake does not agree with Doppler radar measurements (see Figure 9 and Figure 10
in Paper V).
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The logical next step is to quantify the wake from SAR images depending on atmo-
spheric stability conditions for a large number of samples. The following results have
been derived using "SAR grids" as described in the Appendix. These results are not
part of any manuscripts: Three wind farms of similar sizes are investigated: Westermost
Rough (WR) and Humber Gateway (HG) located off the English East Coast, and Horns
Rev I (HR) located in the Danish North Sea. Stability is roughly characterized by the
temperature difference of more than 1◦C between the air and the sea temperature derived
from CFSR data (Saha et al., 2014). The wake in SAR images is characterized though a
circle analysis rotating each SAR image to align with the wind direction before averaging
the wind speed (Hasager et al., 2015b). The angle α indicates the position on the circle
and is centered downstream at 0◦. Circles have a radius of 6 km from the center of the
wind farm. An example of this is shown in Figure 5.6.

Figure 5.6: Sketch of the circle analysis at HR. Resolution cells are selected between the
two black lines. Mean wind speed (not rotated) from all SAR images is shown in the
backgroud.

Wind speeds in Figure 5.7 are presented as differences (negative values indicating
wind speed reduction) using the wind speed to the side of the wind farm as a reference.
Results for stable conditions in Figure 5.7a do not show a clear wind speed reduction
at WR and HR and even a small increase in wind speed. For unstable conditions in
Figure 5.7b, wakes are clearly visible for all wind farms with the center of the wake
directly downstream of the wind farm center at 0◦. These results are in line with findings
from Paper V, that wind farm wakes close to the wind farm are clearly visible in SAR
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images under unstable conditions while the wake under stable conditions is less clearly
visible in SAR images.

Figure 5.7: Circle analysis at Westermost Rough (WR), Humber Gateway (HG), and
Horns Rev I (HR). a) stable atmospheric condition; b) unstable atmospheric conditions.

This analysis is expanded at Horns Rev I for circle sizes of 5 to 13 km radius and
thus covering the evolution of the wake. Rotated mean wind speeds for are presented in
Figure 18. Dashed lines indicate where the wind farm is located upstream in the polar
coordinate system.

For stable conditions in Figure 5.8a, no clear wind speed reduction is visible directly
downstream of the wind farm. In fact, a region of increased wind speed is visible from 5
to 9 km. An area of reduced wind speed appears from 8 km and further downstream
but its position is not directly downstream of the wind farm. For unstable conditions
in Figure 5.8b, the wind farm wake is clearly visible from the first radius of 5 km and
recovers with the distance to the wind farm. The bathymetry around Horn Rev I is
complex which can influence SAR wind retrievals (Christiansen and Hasager, 2005).
These effects are unlikely to account for the observed differences since rotation will
average over different locations unless stable conditions are associated with very specific
wind directions.

Djath et al. (2018) found from 22 SAR images that under unstable conditions the
minimum of the wind speed appears directly downstream of the wind farm while it is
shifted further downstream for stable conditions. They found evidence that SAR wind
speeds can increase in the near wake under stable conditions. For those cases, they
proposed that increased mixing induced by the added turbulence in the wake is causing
a downwards momentum flux that increases the wind speed close to the surface. Results
from Figure 5.7 and Figure 5.8 confirm this stability dependent downstream evolution of
the wind farm wake in SAR images for a much larger sample size. Results presented here
are derived from SAR images of the ocean surface. Nonetheless, these results present
an opportunity to investigate wake evolution for different stabilities for a large range of
wind farms and potentially use these results for model validation.
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Figure 5.8: Circle analysis of Horns Rev I for radii of 5 to 13 km around the center of the
wind farm. Dashed lines indicate the size of the upstream wind farm in polar coordinates,
a) Stable condition with 294 SAR images; b) unstable conditions with 408 SAR images.

5.4 Quantifying the missing near wake in SAR
GMFs for wind retrieval are tuned for conditions in the open ocean. Using these functions
in the wind farm wake is problematic for two reasons:

1. the wind profile changes severely under the presence of wind farm wakes
2. the formation of Bragg waves might be affected by the wakes
These effects have largely not been quantified and to date SAR studies in the wind

farm wake have used standard GMFs.
There is evidence that velocity deficits from SAR give a lower velocity deficit compared

to wake models (Hasager et al., 2015a). It is hard to quantify whether model or SAR wind
retrievals are biased, largely because reference measurements are missing. Doppler radar
wind fields offer the first large scale reference measurement to consistently quantify this
difference. From 12 available cases the velocity deficit within the first 2 km downstream
of the wind farm is 4% form SAR while it is 7% from Doppler radars at 100 m (Paper
V). Stability effects as discussed in Section 5.3 influence these results.

5.5 Key findings
• Comparisons of baseline wind conditions before and after construction of a wind

farm can help to detect wind farm wake effects (Paper II).
• SAR can depict structures of a wind farm wake with the correct position of velocity

deficit maxima (Paper V).
• The velocity deficit in near wind farm detected from SAR images is higher for

unstable than for stable stratification (Section 5.3).
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• SAR wind retrievals in wind farm wakes are clearly stability dependent also when
considering averages of a large number of scenes.



CHAPTER 6
Conclusion and Outlook

This thesis investigated the use of different remote sensing methods for measuring winds
offshore with a focus close to shore. Providing validations and finding applications for
SAR wind retrievals was the red thread guiding the work. Wind conditions in the coastal
zone have been investigated through SAR imagery and two ground-based remote sensing
technologies: Doppler wind lidar and Doppler radars. The advantage of ground-based
remote sensing technology is that it provides detailed measurements in their range. A
clear limitation is that instruments need to be deployed for a measurement campaign
and data is thus expensive to gather. SAR imagery is available globally and data access
is increasingly open, but the time between consecutive measurements is on the order of
days. Lidar and Doppler radar measurements, along with in situ data from ocean buoys
and wind turbines, were used to investigate the SAR winds over coastal waters and in
relation to wind farm wakes. This thesis benefited from the opportunity where fresh and
detailed data were available from expensive and exclusive measurement campaigns using
both lidar and Doppler radars. These data was used to help characterizing SAR wind
retrievals in the coastal zone and wind farm wakes.

Accurate SAR data can give a good wind resource assessment. It is possible to use SAR
wind retrievals from different sensors in a single dataset using an inter-calibration approach
adopted from scatterometers (Elyouncha and Neyt, 2013). The method developed in
this thesis inter-calibrates SAR images to the GMF CMOD5.N. SAR winds with inter-
calibration show lower RMSE and bias, especially for wind speeds retrieved from Envisat
and Radarsat-1. The presented inter-calibration methods has a time dimension and
biases drifting over time are. Inter-calibration improves the accuracy of wind resources
derived from SAR and makes them on average more conservative. Better calibrated thus
less biased SAR wind fields will be helpful for a multi-sensor approach to satellite based
wind resource assessment.

With Sentinel-1A and B in orbit, archives of SAR wind maps are growing fast.
Reprocessing entire archives has become a big task, which requires a vast amount of time
and computational resources. Collocations between SAR and a large number of ocean
buoy observations established during this PhD can be a basis for further investigation
of artefacts and biases in the SAR wind fields and help making the right choices for
reprocessing the SAR wind archive, also considering new GMFs.

For future work, the presented inter-calibration method could be using other GMFs.
Further refinement is needed at low incidence angles, where inter-calibration introduces
biases and large scatter. A path forward is to investigate more independent variables,
e.g. the NRCS.

Initial comparisons to lidar data as done here indicate that SAR wind retrievals are
usable as close as 1 km to shore. Note though, this result was derived from few samples
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and for a single location. However, this suggests that SAR is a useful data type for
estimating coastal wind speed gradients since it is the only measurement that offers global
coverage of coastal wind fields. On a wind farm scale, SAR mean winds derived before
construction of the Anholt wind farm agreed well with SCADA measurements of the
first 2.5 years of operation. This result is promising, as it shows that mean wind speed
variations from SAR are able to capture relative changes in the mean wind conditions on
a wind farm scale.

Coastal mean wind speed gradients along the US East Coast from a mesoscale
model were compared to SAR. Gradients in SAR are generally higher, indicating that
the mesoscale model might underestimate such gradients. Differences may partly be
explained by sampling biases in the SAR data. Seasonal and diurnal sampling biases in
the SAR data should be taken into account. For the future, a framework for comparing
SAR derived wind atlases with mesoscale models that addresses inherent sampling biases
in the SAR data would be a useful tool for validating wind resources from mesoscale
models.

Wind farm wakes can be included in the mesoscale model WRF using wind farm
parameterisation (Volker et al., 2015; Fitch et al., 2012). In wake SAR wind fields offer an
alternative to airplane or Doppler radar data (Platis et al., 2018; Nygaard and Newcombe,
2018) saving costly measurement campaigns. SAR wind retrievals can be used to detect
wind farm wakes, also for conditions where coastal wind speed gradients are overlaying
the wake effect. Atmospheric stability influences the wakes and their appearance in SAR
imagery. Evidence was found that under unstable conditions and close to the wind farm
the positions of individual turbine wakes are correctly represent in the SAR images.

Stability dependent evolution of wakes have been investigated from few scenes by
Djath et al. (2018). Averaged wind farm wakes presented in this thesis showed clear
stability dependent patterns. This analysis could be expanded to more wind farm sites
to determine commonalities. The indirect character of SAR wind fields from the ocean
surface poses a limitation here.

To date, a hurdle for using SAR data in wind energy has been cumbersome data
handling caused by a large amount of files with different coordinate systems. A tool was
developed for creating SAR grids with consistent coverage in UTM coordinate system.
With these grids, it becomes much easier to explore wind conditions e.g. wind farm
wakes or coastal wind speed gradients. As an innovative outcome of this PhD project, we
plan to offer this data for downloading along with tools to extract information, through
a web-based platform.



CHAPTER 7
Introduction to papers

Paper I:
Validation of Sentinel-1A SAR CoastalWind SpeedsAgainst Scanning LiDAR
Tobias Ahsbahs, Merete Badger, Ioanna Karagali and Xiaoli Guo Larsén, Remote Sensing,
9(6), 552 (2017).

This paper focuses on the accuracy of SAR wind retrievals close to shore. For the
first time, 15 Sentinel-1A images are collocated with measurements from lidar transects
from the shore up to 5 km offshore. SAR winds are retrieved using CMOD5.N. Overall,
the RMSE between SAR wind retrievals and lidar are 1.31 m/s and 1.42 m/s depending
on the lidar configuration. SAR wind retrievals are found to be accurate from 1 km
distance to shore. Lidar measurements on a transect made it possible to evaluate the
horizontal change of wind speeds with the distance to shore. On average both SAR and
lidar measurements show a coastal wind speed gradient. One case with winds coming
from land to sea show a strong wind speed gradient with remarkable agreement between
SAR and all lidar configurations. Findings indicate that SAR wind retrievals can indeed
be accurate very close to shore also for winds coming from land to sea.

Paper II:
Applications of satellite winds for the offshore wind farm site Anholt
Tobias Ahsbahs, Merete Badger, Patrick Volker, Kurt S. Hansen, and Charlotte B.
Hasager, Wind Energy Science, 3,573-588 (2017)

This study focused on SAR wind retrievals for detection wind speed variations around
the Anholt wind farm. The aim is to show applications of a large SAR wind archive
to gain insight into wind speed variability over the site before construction and on the
wind farm wake. Wind speeds at each turbine are derived from 2.5 years of SCADA
measurements. SCADA derived winds correlate well with SAR winds, both upstream
and in the wake, though SAR winds are overestimated in the wake. The wind farm
wake can be detected comparing mean wind conditions before the wind farm is erected
and after. For wind directions with a long fetch velocity differences up to 0.8 m/s are
found in the wake. Due to its proximity to the coast, this wind farm experiences strong
horizontal wind speed gradients. Wind speed reductions could be detected from SAR
images comparing wind conditions before and after construction, whereas no absolute
reduction is observed compared to upstream wind speeds. Mean wind speeds from
SAR images before construction at the turbine positions are calculated for a 30◦ sector.
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Comparisons to SCADA derived winds show remarkable agreement, where wind speeds
are nondimensionalized.

Paper III:
Inter-calibration of SAR data series for offshore wind resource assessment
Merete Badger, Tobias Ahsbahs, Petr Maule, Ioanna Karagali, submitted at Remote
Sensing of Environment

Long archives of SAR wind fields are available from Envisat and the frequency of
data acquisition has increased since the launch of Sentinel-1A and B. This paper aimed
to develop a method for inter-calibrating these SAR sensors to create consistent and
unbiased SAR wind retrievals. For this purpose in situ measurements from ocean buoys
are collected and collocated with SAR wind fields. Comparisons to Envisat show a bias
of 0.87 m/s while Sentinel-1A and B show biases below 0.2 m/s. During the commission
phase of Sentinel-1A wind retrievals are biased by 0.94 m/s. Using buoy wind speeds and
directions, NRCS values are calculated using CMOD5.N and compared to measurements
from the SAR sensors. A linear dependency of the NRCS residuals with respect to the
incidence angle is found. This process is repeated using modelled wind speed and direction
for a large area covering the North Sea and part of the North Atlantic. Incidence angle
dependent corrections for the NRSC are calculated using a rolling window of one year of
data. We inter-calibrated SAR wind fields using these correction factors. The resulting
SAR wind speeds have a reduced bias and RMSE for all sensors, also for Sentinel-1A
during commissioning. This method yielded best results for incidence angles above 25◦.
This process is able to decrease biases in in the end of the lifetime of Envisat from 1.0-1.5
m/s to -0.1-0.3 m/s. Estimating wind resources from inter-calibrated SAR wind speeds
reduced the Mean Absolute Error on energy densities from 20% to 8%.

Paper IV:
US East Coast SAR wind atlas for offshore wind energy
Tobias Ahsbahs, Galen Maclaurin, Caroline Draxl, Christopher Jackson, Frank Monaldo,
Merete Badger, intended for Journal of Applied Meteorology and Climatology

A SAR based offshore wind atlas is created for the US East Coast from imagery
of four SAR sensors. Before merging data from different sensors, their measurements
are inter-calibrated to ensure consistent wind retrievals between systems and over time.
Comparisons to ocean buoy measurements confirmed that this decreased biases to ±0.2
m/s for each sensor. SAR scenes experience seasonal sampling biases, i.e. data availability
unevenly distributed over the year. A simple method for correcting this is implemented
and the resulting mean wind speed is found to be closer to long term buoy measurements
than the uncorrected version. The resulting mean SAR wind atlas is used for comparison
against mean wind speeds from a mesoscale model. Stronger coastal wind speed gradients
are found from SAR compared to the mesoscale model. Investigation of 25 potential
offshore wind farm sites show an average variation in the mean wind speed of 0.47
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m/s from SAR and 0.2 m/s from the mesoscale model. These finding are taken as an
indication for underprediction of gradients and general variation of mean wind speed in
mesoscale models.

Paper V:
Wind farm wakes from SAR and Doppler radar
Tobias Ahsbahs, Nicolai Gayle Nygaard, Alexander Newcombe, Merete Badger, intended
for Remote Sensing of Environment

This study is driven by access to a unique dataset of Doppler radar measured wind
fields around the offshore wind farm Westermost Rough provided from the utility company
Ørsted. The wind farm wake is investigated for three collocated Sentinel-1 images. Wake
structures are visible in two images and wind speeds are retrieved on a transect 700 m
downstream of the wind farm. Wakes from turbine rows and individual turbines are
clearly visible from the SAR images. They are located at the same position as wakes
in the Doppler radar wind fields. Though, the spatial structure of the velocity deficits
are similar in SAR, the absolute values are lower. Two images are acquired where wind
speeds and directions are similar but the atmospheric stratification is unstable for one
and stable for the other. Doppler radar wind fields clearly show the wake for both cases.
SAR images and wind retrievals show wakes clearly under unstable conditions but not for
stable conditions near the wind farm. From 12 cases we found that the velocity deficits
close to the wind farm is approximately 8% from Doppler radar but only 4% from SAR
measurements.
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Abstract: High-accuracy wind data for coastal regions is needed today, e.g., for the assessment of
wind resources. Synthetic Aperture Radar (SAR) is the only satellite borne sensor that has enough
resolution to resolve wind speeds closer than 10 km to shore but the Geophysical Model Functions
(GMF) used for SAR wind retrieval are not fully validated here. Ground based scanning light
detection and ranging (LiDAR) offer high horizontal resolution wind velocity measurements with
high accuracy, also in the coastal zone. This study, for the first time, examines accuracies of SAR
wind retrievals at 10 m height with respect to the distance to shore by validation against scanning
LiDARs. Comparison of 15 Sentinel-1A wind retrievals using the GMF called C-band model 5.N
(CMOD5.N) versus LiDARs show good agreement. It is found, when nondimenionalising with a
reference point, that wind speed reductions are between 4% and 8% from 3 km to 1 km from shore.
Findings indicate that SAR wind retrievals give reliable wind speed measurements as close as 1 km
to the shore. Comparisons of SAR winds versus two different LiDAR configurations yield root mean
square error (RMSE) of 1.31 ms−1 and 1.42 ms−1 for spatially averaged wind speeds.

Keywords: validation; SAR; coastal wind; scanning LiDAR; Geophysical Model Function; CMOD5.N;
SAR wind retrieval; wind energy

1. Introduction

Synthetic Aperture Radar (SAR) systems are remote sensing devices that measure radar
backscatter signals from the Earth’s surface to infer geophysical parameters. Over the ocean they
receive backscatter primarily from centimeter-scale Bragg waves. These small scale waves react quickly
to changes of the wind speed and render measurements suitable to infer wind speeds. The backscatter
signal is linked to a wind speed via Geophysical Model Functions (GMF) that are tuned to give winds
at 10 m height as an output, see Dagestad et al. [1] for an overview and state of the art references. Most
GMFs, including the C-band model (CMOD) family, are developed for scatterometers but application
for SAR systems is also possible. Satellite SAR winds are typically retrieved with pixel sizes on the
order of 0.5–1 km over image swaths up to several hundred kilometers wide. SAR wind fields at those
resolutions will represent the spatial variability of the wind [2]. Therefore, these measurements are
very suited for applications that need high spatial resolution over a large area, e.g., assessment of wind
resources necessary before building offshore wind farms.

Space borne SAR systems have been operational since the 1990s. The archive of SAR images
is growing fast, especially since the recent launch of the Sentinel-1 mission by the European Space
Agency, and updated GMFs have improved the wind retrievals over the years [3–5]. Most data utilized
to develop GMFs is available on the open ocean from ocean buoys and model data. GMFs today are
based on empirical fits to these data. Additional to wind, many other factors can influence small scale
waves on the ocean surface that are not accounted for in of the GMF. For example biological or oil

Remote Sens. 2017, 9, 552; doi:10.3390/rs9060552 www.mdpi.com/journal/remotesensing

54 Publications



Remote Sens. 2017, 9, 552 2 of 17

slicks dampen Bragg waves [6], ocean currents locally change wave fields, and the bathymetry [7] also
influences the radar backscatter (for an overview, see Christiansen et al. [8]). The influence of those
effects can change when moving from the open ocean to the coastal zone.

Table 1 shows an overview of selected past studies validating C-band SAR winds in coastal
regions using meteorological masts [9–16]. Resulting Root Mean Square Errors (RMSE) ranged between
0.64 ms−1 and 2.34 ms−1. These RMSEs are comparable to results from validation studies in the open
ocean using buoy data, scatterometer derived winds, atmospheric modelling [5,17–19] that ranged
between 0.65 ms−1 and 1.76 ms−1. Large influences of the wind directions from land or from the sea
with high RMSEs above 2 ms−1 were found in Takeyama et al. [13] and Takeyama et al. [11] while
very little influence was found in Chang et al. [10]. Validation studies for coastal sites in Table 1 were
done with point measurements from meteorological masts and indicate that SAR can measure wind
speeds in the coastal zone. Nonetheless, such studies are based on single point in situ observations for
the validation. This does not allow for an estimation of the dependency of SAR wind retrievals to the
distance from the coast. In addition, the coastal gradient—manifested as a reduction of wind speed
when approaching the coastline from offshore—has not been validated from SAR retrievals.

Table 1. Overview of selected previous studies on the accuracy of C-band SAR wind retrievals.

Reference Samples Location RMSE (ms−1) Sensor

Hasager et al. [9] 149 to 197 Denmark/The Netherlands 1.27 to 1.65 Envisat
Chang et al. [10] 552 South Chinese Sea 2.09 Envisat

Takeyama et al. [11] 42 Japan 0.75 to 2.24 Envisat
Chang et al. [12] 522 East Chinese Sea 1.99 Envisat

Takeyama et al. [13] 33 to 73 Japan 0.64 to 2.34 Envisat
Hasager et al. [14] 875 Baltic Sea 1.17 Envisat

Christiansen et al. [15] 91 Denmark 1.1 to 1.8 ERS2
Hasager et al. [16] 61 Denmark 0.9 to 1.14 ERS2

Accurate wind speed measurements from ground based Light Detection and Ranging (LiDAR)
have been available for some time. A laser emits a coherent infrared pulse and receives the backscatter
from small aerosols following the air flow. Due to the wind velocity in the direction of the laser beam,
the received signal has a Doppler shift and the line of sight wind speed can be determined [20,21].
LiDAR measurements are of high accuracy compared with well established measurements from
meteorological masts [20,22,23]. Recently, scanning LiDARs with ranges up to 8 km and the ability to
coordinate their scanning patterns became available [24]. Scanning LiDARs offer a combination of
high accuracy and good spatial resolution [25]. Therefore, scanning LiDAR measurements can be used
to validate the ability of SAR wind retrievals to estimate the coastal wind speed gradient. LiDARs
also offer high spatial and temporal resolution but need to be deployed in the area of interest while
space borne SAR can measure without locally installing equipment but with the disadvantage of low
temporal resolution depending on satellite overpasses. Both measurement techniques are promising in
their ability to study the flow in coastal areas.

Assessment of wind resources for the installation of offshore wind farms needs accurate
information on the wind speed. Most wind farms are placed within 50 km off the coast where
the marine boundary layer can still be affected by the coast [26]. Scatterometer and SAR retrieved
winds in combination are used for wind resource assessment, e.g., over the Great Lakes [27] and
Northern Europe [9,28]. High resolution wind speed measurements from SAR can show the coastal
horizontal wind speed gradient and validation of this ability will e.g., increase the value of SAR
measurements for wind resource assessment.

SAR is the only sensor in space that can retrieve wind speeds as close as a couple of hundred
meters to the coast but the dependency of the wind retrieval accuracies on the distance to shore is
unknown. Several studies have performed validations on single point measurements where the RMSE
varies and is mostly below 2 ms−1. A study to validate SAR wind retrievals in the coastal zone towards

Publications 55



Remote Sens. 2017, 9, 552 3 of 17

their ability to spatially resolve the wind gradient is missing. This study aims to bridge the validation
gap between offshore and coastal SAR retrievals by comparing SAR wind retrievals and scanning
LiDAR measurements for one coastal site. Additionally, a method is presented to compare SAR wind
retrievals and scanning LiDARs, taking into account intrinsic differences between the wind speed
measurement of both systems.

This study investigates the performance of SAR wind retrievals from Sentinel-1A for the first 5 km
from the coast line. Comparisons are made using scanning LiDARs—a ground based remote sensing
device for wind speed measurements that has recently become available. During the measurement
campaign “Reducing uncertainty of near-shore wind resource estimates using onshore LiDAR”
(RUNE), offshore wind speeds were measured from the shoreline up to 5 km offshore [29]. This
unique LiDAR dataset offers an opportunity to examine the validity and accuracy of SAR wind
retrievals in the coastal zone. LiDAR observations have been previously compared with SAR wind
retrievals but for an offshore region in the North Sea far from land [30]. The novelty of the current
study is the comparisons of SAR wind retrievals with reliable reference measurements for multiple
distances from the shore line. It is possible to determine if the accuracy of SAR wind retrievals has a
significant dependency on the distance to shore for the first few kilometers in the same study area.
Furthermore, it is possible to determine if SAR winds can represent the typical reduction of wind
speeds when approaching the coast. Such a validation study will help to utilize the full potential of
SAR, e.g., for offshore wind farm installation, by providing information on the validity of coastal wind
speed gradient measurements from SAR systems.

2. Materials and Methods

The focus of the RUNE experiment was on coastal winds. Several LiDARs and other instruments
were deployed to give detailed spatial and temporal information of the wind conditions. A detailed
description of the experiment can be found in Floors and Peña [29]. Figure 1 shows the experimental
setup on the Danish West Coast. The map shows the location of the LiDAR devices, meteorological
mast and a transect perpendicular to the coast where the wind speed was reconstructed (hereafter,
the transect). The topography to the south is flat with some dunes at the beach. The northerly part has
a steep escarpment on the coastline and a small beach with regularly spaced wave breakers towards
the seaside. The transect starts at the position of two LiDARs (SC and P) where the terrain elevation is
26 m. The transect goes towards the West and LiDAR measurements are taken at several levels (see
Figure 2). The land is governed by fields, small hedges, distantly spaced houses and small villages.
The sea bed is sandy with a gentle slope interrupted by occasional sand banks.

2.1. Sentinel-1A SAR

Sentinel-1A from the European Space Agency (ESA) carries an active microwave C-band SAR
system on board. The satellite circumvents the Earth on a sun synchronous orbit, ascending around
6:40 and descending around 18:10 local time. Scenes in Interferometric Wide swath mode (IW) and in
Extra Wide swath mode (EW) in vertical co-polarization (VV) and horizontal co-polarization (HH) are
used. The resolution of the raw Sentinel-1A SAR image is up to 5 m [31] but the images are averaged
to 500 m× 500 m pixel size before the wind retrieval to reduce artefacts from inherent speckle noise
and changes in the local incident angle caused by long period waves. For this study 15 SAR images
from Sentinel-1A were collected during the RUNE campaign between December 2015 and February
2016 and processed into wind maps. The images include a small region of 20 km2 on the west coast
of Denmark (west of 56.50◦N, 8.12◦E, see Figure 1) where scanning LiDAR wind measurements over
water were available. Table 2 shows an overview of image parameters for each case. The structure of
the GMF CMOD5.N is presented in Equation (1) [5,32].

σ0(v, φ, θ) = B0(v, θ)

(
1 +

2

∑
k=1

Bk(v, θ)cos(kφ)

)1/p

(1)
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a)

b)

Figure 1. (a) Position of the RUNE experiment at approximately 56.50◦N, 8.12◦E in the Norther Sea
on the West Coast of Denmark. Coordinates of the map are in UTM32 WGS84. The transect for the
reconstructed LiDAR wind speeds is shown as a dotted line. Positions of the measurement devices are:
H: Tall meteorological mast at Høvsøre, DD1 and DD2: scanning LiDARs performing dual Doppler
scans (example of coordinated measurements on the transect in dashed lines), SC: scanning LiDAR
performing sector scans and profiling LiDAR P. (b) Picture of the deployed scanning LiDAR (SC) and
profiling LiDAR (P) for the RUNE experiment. Photo by Mike Courtney.

Table 2. SAR images available with at least one collocated LiDAR scan. The time is given in UTC.
Polarization (Pol.) of the images, Modes: EW for extra wide swath and IW for interferometric wide
swath, Orbit: D for descending and A for ascending. θ is the approximate incidence angle for the
investigated area.

Case Date Time Pol. Mode Orbit θ (◦)

1 7 December 2015 17:09 HH EW D 37
2 9 December 2015 05:40 VV EW A 43
3 12 December 2015 17:17 VV IW D 44
4 14 December 2015 05:48 HH EW A 36
5 26 December 2015 05:48 HH IW A 36
6 31 December 2015 05:56 HH IW D 27
7 31 December 2015 17:09 HH IW D 37
8 12 January 2016 17:09 HH EW A 37
9 19 January 2016 05:48 VV EW A 36

10 26 January 2016 05:40 VV EW D 43
11 29 January 2016 17:17 HH EW D 44
12 5 February 2016 17:09 HH EW D 37
13 12 February 2016 05:48 VV IW A 36
14 17 February 2016 17:09 HH IW D 37
15 29 February 2016 05:57 HH EW A 27

The normalized radar cross section σ0 is a function of the wind speed at 10 m v, the angle
between radar look direction and wind direction φ, and the incidence angle θ. B0 and Bk are functions
including the tuning parameters of the model and in the exponent p is 0.625. For wind speed
retrievals Equation (1) is inverted numerically. CMOD5.N is developed for VV polarized images
and a polarization correction for HH polarized images is applied [33]. At the Technical University
of Denmark (DTU), 10 m SAR wind maps are produced using the SAR Ocean Products System
(SAROPS) [34].
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Wind Direction Input for SAR Wind Retrieval

SAR wind speed retrievals with GMFs need the wind direction as an input. The retrieval algorithm
can be very sensitive towards the wind direction input depending on the angle between the wind
velocity vector and the radar look angle. Estimation of wind direction from the SAR image itself
is possible [35], but for operational wind speed retrievals, the wind direction inputs are typically
obtained from global models [34]. For the investigated period several wind direction measurements
are available. Local wind direction measurements are used for the SAR wind retrieval in this study.

2.2. LiDAR Measurements

2.2.1. Scanning LiDARs

Three long range scanning LiDARs (Windcube200 using a wave length of 1543 nm) were deployed
on the coast line at position DD1, DD2, and SC in Figure 1. Devices, software, and wind speed
reconstruction are described in Vasiljević et al. [24]. The RUNE experiment was designed to study
the development of the coastal marine boundary layer and scan patterns were optimized for that
purpose. The LiDARs were set up to perform two types of scans; one LiDAR performs sector scans,
two LiDARs perform coordinated dual Doppler scans and a detailed description of the measurements
is available [29,36]. Averages of 10 min, are used for this study and the LiDAR measurements are
treated as point measurements at the reconstruction points. A brief description of the scans used for
this study follows:

The scanning LiDAR at position SC performs sector scans over a 60◦ arc at three elevations with
three inclinations (see Figure 4 in Floors and Peña [29]). The wind speed is reconstructed at the dotted
line in Figure 1. A vertical cut through the transect is shown in Figure 2 with the lowest two inclinations
of 0.27◦ (SC level 1) and 0.54◦ (SC level 2). The height of SC level 1 used in this study is 26 m at the
coast line and increases linearly to 50 m at 5 km offshore. For two cases, the scanner was scanning
horizontally at a fixed elevation of 26 m.

PDD 50m

DD 100m

Ocean Surface

Land

-5000 -4000 -3000 -2000 -1000 0
0

20

40
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80

100

120

easting [m]

he
ig
ht

[m
]

SC level 1

SC level 2

Figure 2. Sketch of the scan patterns of the transect in Figure 1 with the ocean on the left and the
escarpment on the right. Indicated in black is the lowest sector scan (SC) and in dashed black the lowest
elevation of the dual Doppler (DD) at 50 m above the sea. In gray the second elevation of SC and DD
(only used for example cases in Section 3.4). Horizontal scans as in cases 14 and 15 are not shown.

Two scanning LiDARs at position DD1 and DD2 performed temporal and spatial coordinated
dual Doppler scans at the transect (Figure 1). The horizontal wind speed is reconstructed from two line
of sight velocities on the transect at 50 m and 100 m as shown by the dashed lines Figure 2 (A detailed
overview can be found in Figure 4 in Floors and Peña [29]).

2.2.2. Profiling LiDAR

A vertically profiling LiDAR (Windcube v2 pulsed LiDAR) was placed at position P on the
coastline at 26 m elevation. The performance of this type of profiling LiDAR has been extensively
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tested against data from meteorological masts, e.g., Peña et al. [20]. The LiDAR measures wind profiles
from 40 m to 300 m and 10-min averaged data from this instrument is used for this study. The wind
direction input for the SAR wind retrieval is taken from the 10 min mean wind direction at 50 m height.

2.3. Meteorological Mast

DTU has a test center for tall wind turbines at Høvsøre including a 116.5 m tall meteorological mast
equipped with cup anemometers, wind vanes, sonic anemometers and temperature measurements [37].
It is located 6 km south of the central scanning LiDAR position SC (position H in Figure 1). The mast
provides averaged profiles of wind speed, wind direction, and temperature. An important parameter
determining the characteristic of the wind profile is the atmospheric stratification characterized by the
Obukov length, see e.g., Wyngaard [38]. The Obukov length L is defined as:

L = − u3∗ θ̄v

κg w′θ′v
(2)

where u∗ =

(
u′w′

2
+ v′w′

2
)1/4

is the friction velocity, w′θ′v the vertical sensible heat flux, g the

gravitational constant and κ the von Kármán constant. 30-min time series are used to calculate the
Obukov length L.

2.4. Available Cases

For the period from December 2015 to February 2016, 32 Sentinel-1A images are available. Of these,
four images coincide only with sector scan data, 3 only with dual Doppler data, and 8 with both Dual
Doppler and sector scan data. Table 2 shows an overview of the SAR image properties for the 15 cases
where SAR and LiDAR observations are collocated and Table 3 shows the meteorological conditions.
The conditions tended to be stable with 4 neutral, 2 stable, and 8 very stable cases. No stability class
was available for Case 9.

Table 3. Table of all cases with available SAR image and LiDAR measurements: dual Doppler (DD) and
sector scans (SC), cases 14 and 15 have horizontal scans at 26 m. Wind speed (UP(50 m)) and direction
(WDP(50 m)) from the LiDAR at position P. Stability expressed in the Obukov length L is classified at
the Høvsøre met mast at 40 m: L ≤ 100 m very stable, 100 m < L < 500 m stable, |L| ≥ 500 m neutral.
Case 4 has wind speed and direction taken from Høvøre and the stability interpolated between 10 m
and 60 m. For case 9 stability information was not reliable due to wind turbine wakes.

Case DD SC UP(50 m) (ms−1) WDP(50 m) (◦) LH (40 m) (m) Stab Class

1 x 7.5 148.5 40 very stable
2 x 13.6 277 1320 neutral
3 x 5.2 234 123 stable
4 x 4.7 H:167 50 very stable
5 x x 5.0 80 31 very stable
6 x x 13.0 149 −1480 neutral
7 x 10.0 205 46 very stable
8 x x 10.5 56 596.5 neutral
9 x x 7.3 347 - -

10 x x 11.5 264 175 stable
11 x x 19.0 250 1001 neutral
12 x x 10.0 213 53 very stable
13 x x 6.4 40 39 very stable
14 x 8.3 141 41 very stable
15 x 4 133 43 very stable
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2.5. Method for Comparing SAR and LiDAR Data

The previously described scanning LiDAR measurements are of high accuracy [24] and are used
as the reference for the SAR wind retrievals. Comparisons with meteorological mast measurements
before the RUNE experiment yielded 0.1% error for the dual Doppler and 0.2% error for the sector
scans [39]. Comparisons between the LiDAR scans and the SAR retrievals need to incorporate intrinsic
averaging processes in the data acquisition, which depend on the measurement device. Long range
scanning LiDARs measure the wind speed in a thin control volume of approximately 100 m length [21]
and the backscatter, due to a volume of particles, is received. SAR winds are calculated from the
averaged normalized radar cross section of a 500 m grid cell and therefore the resulting wind speed
is similar to a 2D spatial average of the wind speeds within this cell. Backscatter from each SAR
resolution cells is measured for a few seconds rendering it an instantaneous measurement. Wind speed
measurements from SAR and scanning LiDARs generally have a vertical, horizontal and temporal
displacement that needs to be addressed.

2.5.1. Vertical Displacement

All LiDAR measurements from the sector scan and dual Doppler are above 10 m. Assuming that
these measurements are within the surface boundary layer allows the use of wind profiles in order to
extrapolate the measurements to 10 m. Wind profiles in the surface layer are valid for ensemble mean
wind speeds [38]. Therefore, 10 min averages of the wind speeds are used.

In lack of a reliable stability measure at the offshore transect, logarithmic wind profiles for neutral
stratification are applied. In order to account for the changing roughness of water with the wind speed,
the Charnock’s relation is included. Extrapolation from the LiDAR measurement height zLiDAR is
performed using the following set of equations:

U(10 m) =
u∗
κ

Log
(

10 m
z0

)
(3)

U(zLiDAR) =
u∗
κ

Log
(

zLiDAR
z0

)
(4)

z0 =
αcu2∗

g
(5)

Here U(zLiDAR) is the mean wind speed at height of the LiDAR measurement, U(10 m) is the
mean wind speed at 10 m, u∗ is the friction velocity, g the gravitational constant, κ = 0.4 is the von
Kármán constant, and z0 the aerodynamic roughness. The Charnock parameter αc is often described
as a function of wind speed or wave parameters and it is often used in the range between 0.011 and
0.018 [40]. The 50 m dual Doppler level and first level of the sector scan, between 26 m and 50 m,
as shown in Figure 2 are extrapolated down to 10 m. Extrapolations to 10 m from this method have
uncertainties but it is a standard method applied in lack of accurate stability information offshore for
all cases, as e.g., in Chang et al. [10], Hasager et al. [14].

2.5.2. Temporal and Horizontal Displacement

Wind speeds at a point can change quickly over time due to their turbulent nature. Therefore,
comparisons between measurement devices should be averaged over the same time period. LiDAR
measurements are averaged over 10 min and SAR wind retrievals give an almost instantaneous wind
speed. This difference is usually addressed by spatially averaging SAR winds around the in LiDARsitu
measurement with a box window [17,41] or more advanced footprint averaging methods [16].
Rectangular averaging bins centered around the LiDAR transect with Reast perpendicular to the
coast (East-West) and Rnorth parallel to the coast (North-South) are applied for this study. Figure 1
shows one rectangular bin of Reast and Rnorth for the averaging of the SAR wind retrievals as an
example. The LiDAR measurements on the transect shown in Figure 2 are also averaged in bins with a
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length of Reast. This study aims to show the ability of SAR to measure horizontal wind speed gradients
correctly. Therefore, it is necessary to keep a high resolution perpendicular to the coast along the
transect. Reast is set to 500 m corresponding to one SAR resolution cell, resulting in ten bins over
the transect.

Figure 1 shows that the coastline is straight from South to North with a steep escarpment.
Therefore, the wind speed is considered homogeneous along the coast line and averaging should not
introduce a systematic bias. To test this assumption and to find a compromise between averaging
and horizontal displacement between LiDAR and SAR measurements, a sensitivity test of Rnorth is
performed. The difference between the closest SAR resolution cell to the center of each bin uSAR,closest,
and the bin averaged SAR wind speeds using an area of Rnorth by Reast are calculated using the
following equation,

∆U = uSAR,closest −
∑bin uSAR,i

N
(6)

where uSAR,i is the wind speed in each resolution cell and N the number of resolution cells within
each bin. In order to avoid contamination from land, only the SAR image bins from 1.5 km to 5 km
distance to shore are used. Table 4 shows how the number of SAR resolution cells used for averaging
increases with Rnorth. The mean 〈∆U〉 and the absolute mean 〈|∆U|〉 of all values are calculated
from Equation (6). 〈∆U〉 is small compared to the retrieved wind speed for all Rnorth, supporting the
assumption of flow homogeneity along this coast. Spatial averaging takes variability in the wind
speed into account and makes the SAR winds more comparable to 10-minute mean wind speeds.
The absolute mean differences 〈|∆U|〉 indicate how much fluctuations of the SAR wind are included
in each averaging bin. The largest change occurs from 1 to 2 cells. Since it is desired to include these
deviations from uSAR,closest, choosing Rnorth between 1 km to 2 km is a good compromise for averaging
SAR wind speeds and considering the horizontal displacement between SAR and LiDAR measurement.

Table 4. Influence of the bin size Rnorth along the coast on the average of the SAR wind retrieval.
Number of SAR resolution cells included, mean and absolute mean of the differences from SAR
winds only. The RMSE is given for preliminary comparisons of SAR and dual Doppler.

Rnorth - 1 km 1.5 km 2 km 3 km
Cells (-) 1 2 3 4 6

〈∆U〉 (ms−1) - −0.01 −0.02 −0.03 −0.04
〈|∆U|〉 (ms−1) - 0.18 0.21 0.24 0.28

RMSE (ms−1) 1.53 1.45 1.41 1.42 1.43

Lastly, the RMSE in Table 4 is the RMSE between dual Doppler and SAR compared in each
averaging cell. Including one SAR resolution cell corresponding to no averaging gives the largest RMSE.
The effect of including more SAR resolution cells is small between 1 km and 3 km. Rnorth = 1.5 km is
used in the remaining part of this study.

3. Results

As a starting point, SAR and LiDAR wind speeds are compared over the transect to determine if
SAR winds show a systematically different behaviour over the distance to shore (Figure 3). Averages
of the wind speed for each case are presented to show an overall comparison in a scatter plot (Figure 4).
Thereafter, the mean wind speed from SAR and LiDAR systems are calculated to determine the coastal
gradients measured from both systems (Figures 5 and 6). Lastly, three cases are presented in more detail
to illustrate possible challenges when comparing SAR and scanning LiDAR wind speeds (Figure 7).

Publications 61



Remote Sens. 2017, 9, 552 9 of 17

3.1. Differences over the Transect

Differences in the wind speeds from SAR and scanning LiDARs are shown in Figure 3. SAR wind
retrievals closest to the coast at −500 m have considerable deviations, possibly from reflections of
hard targets that are not usable for wind speed retrievals. The scanning LiDARs have ranges of less
than 5 km for most cases and therefore the number of observations N decreases when going further
offshore. For all cases both LiDAR systems give wind speed measurements from 0 m to −3000 m.

For the comparisons with the dual Doppler in Figure 3a, the SAR wind retrieval measured less
wind speed than the LiDAR over the entire transect. The mean differences are constant from −1000 m
to −3000 m and increase afterwards with decreasing sample sizes. The standard deviation in each
bin is almost constant between −1000 m and −3000 m. Mean differences in the bins between SAR
and LiDAR are small over the entire transect for sector scan and SAR comparisons in Figure 3b. The
spread in the differences has a tendency to be increasing with the distance from the coast. Possible
explanations are the decreasing sample size and the change in the measurements height of the sector
scan. Ten out of these 12 cases are measured with a slight inclination of the LiDAR (see Figure 2).
Measurements at −1000 m are at 30 m elevation while the measurement height increases with the
distance to the coast line to 50 m at −5000 m. Increasing extrapolation height compared to 10 m
increases associated uncertainties and is assumed to explain part of the increasing spread with the
distance to the coast. Mean bias and standard deviation from Figure 3 indicate that SAR and LiDAR
give meaningful comparisons from −1000 m and further offshore.
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Figure 3. Difference between SAR wind and scanning LiDAR wind measurements at 10 m. The
distances on the transect are given in easting from the LiDAR system SC in Figure 1 located on the coast.
0 m is on the coast line and with decreasing easting, points are located further offshore. Individual
cases are plotted in gray: (a) 11 cases with the dual Doppler and (b) 12 cases with sector scans. The
thick black line is the mean over all cases with error bars indicating one standard deviation within each
bin. The top plots show the number of available LiDAR measurements at each distance.

Table 5 summarizes biases and standard deviations over all bins. For both systems there is a bias
towards lower wind speed in the SAR wind retrieval. The bias compared to the dual Doppler over all
bins is −0.57 ms−1. The sector scan comparisons have a lower overall bias of −0.17 ms−1 with almost
no bias until −3000 m.
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Table 5. Mean bias and median, minimum and maximum standard deviations for binned wind speed
differences between SAR and scanning LiDARs in Figure 3 for dual Doppler and sector scan.

Mean Bias (ms−1) Median STD (ms−1) Min STD (ms−1) Max STD (ms−1)

DD −0.57 1.30 1.07 1.62
SC −0.17 1.47 1.17 1.98

3.2. Spatially Averaged Wind Speed

The average of SAR and scanning LiDARs wind speeds is taken respectively for each case from
−1000 m until the maximum range available. This results in a single averaged wind speed over the
transect for SAR and LiDAR measurements. Figure 4 shows the resulting scatter plots using the dual
Doppler and the sector scan. The RMSE is 1.31 ms−1 for the dual Doppler and 1.42 ms−1 for the sector
scan. The averaged wind speeds are between 4 ms−1 and 10 ms−1 for most cases and only one case
has wind speeds as high as 16 ms−1. Data from Table 3 are used to classify the cases by wind direction
and atmospheric stability. Case 2 and 11 have neutral conditions at the mast location with onshore
winds and are indicated with black markers. For those cases the assumption of neutral stratification
and horizontal homogeneity used for the extrapolation of LiDAR wind measurements are best met
and wind speeds from SAR and LiDAR agree within 0.5 ms−1. RMSEs for onshore and offshore cases
range between 1.27 ms−1 and 1.58 ms−1 (see Figure 4). Case 6 has a neutral stability class and shows
large deviation, heavily affecting the offshore RMSEs.
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Figure 4. Scatter plot for the average wind speed on the transect for SAR wind retrieved with CMOD5.N
for (a) dual Doppler and (b) sector scan. Plot markers indicate the wind direction at the profiling
LiDAR P, onshore for winds from the sea in the west between 180◦ and 360◦ and offshore for wind
from the land between 0◦ and 180◦ . Numbers indicate the case numbers in Tables 2 and 3.

3.3. Ensemble Averaged Wind Speed

Transects of the mean wind speed from SAR and LiDAR calculated for all cases are shown in
Figure 5. In order to exclude the influence of sample size within each bin, LiDAR measurements
are only plotted until −3000 m where all LiDAR systems are available for all cases (see Figure 3).
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The difference between the two SAR wind transects (SAR DD cases and SAR CS cases) is caused by
averaging over a different subset of cases from Table 3. Horizontal mean wind speed gradients are
present in the scanning LiDAR data and SAR wind, generally with increasing wind speeds when
moving further offshore. The absolute magnitude between dual Doppler and SAR DD cases has an
offset as expected from the bias in Figure 3. Sector scans and the respective SAR SC cases agree within
0.2 ms−1.
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Figure 5. Mean 10 m wind speed for all cases from dual Doppler and sector scans and the mean of the
collocated SAR wind speeds.

In order to get a qualitative estimate of how SAR and LiDARs are measuring the horizontal wind
speed gradient, the wind speeds in Figure 5 are nondimensionalized. Wind speeds in each bin from
SAR and LiDAR measurements in Figure 5 are divided by their respective wind speed at −3000 m.
The nondimensional dual Doppler wind speed in Figure 6a shows a lower gradient than the SAR wind.
The nondimensional wind speed in Figure 6b is very close for sector scan and SAR winds, and both
systems similarly estimate a relative reduction of the wind speed when approaching the coast.
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Figure 6. Relative wind speed nodimensionalized with the wind speed at −3000 m for from the LiDAR
and the SAR for (a) the dual Doppler and (b) the sector scans.

3.4. Example Cases

Three cases are selected as examples of how SAR and scanning LiDARs measure horizontal wind
speed gradients in Figure 7. These examples illustrate some of the issues with extrapolating LiDAR
wind measurements down to 10 m. Additional to the lowest level used in Figures 3 to 6, extrapolations
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from the 100m dual Doppler and the second sector scan level are used, see Figure 2. Cases are chosen
according to wind direction and stratification. Case 10 and 11 have onshore winds with neutral and
stable stratification at the mast location respectively. For case 6 the wind direction is offshore and the
stratification is neutral. This case also has a large influence on the overall RMSE. Their position in the
scatter plot is shown in Figure 4.

Case 11 has onshore winds with a direction of 250◦ and neutral stratification at the mast location.
Figure 4 shows that SAR and both LiDAR system agree well when averaged. Figure 7 shows that
extrapolated 10 m mean wind speeds agree between all systems and scanning levels. Wind speeds
from SAR give lower wind speeds but mostly agree within 1 ms−1. Especially, both sector scan levels
and the 50 m dual Doppler level are in good agreement with the SAR wind speeds. This suggests
that the assumptions of a logarithmic wind profile are indeed valid for this case. Coastal wind speed
gradients are similar and present for all systems.

Case 10 in Figure 7 has a wind direction of 264◦ which is similar to case 11 but the stratification
is stable at the mast location (see Table 3). SAR winds and the LiDARs disagree with differences
up to 3 ms−1. Moreover, both sector scan levels indicate a strong horizontal wind speed gradient,
while the dual Doppler measurements suggest a much lower gradient. Extrapolations from 50 m and
100 m disagree with an offset around 1 ms−1. Stable stratification can explain both of these behaviours.
Applying a neutral wind profile in stable conditions to extrapolate down to 10 m overestimates this
wind speed. This overestimation increases with a growing extrapolation height. The sector scan
at the lowest elevation at −1000 m with approximately 30 m has the lowest difference of 1 ms−1

compared to the SAR (for elevation of the scans, see Figure 2). Application of a stability correction with
a reliable stability estimation would likely improve the results. Case 12 has a very similar behaviour
(not shown here).

Case 6 in Figure 7 has offshore wind directions of 149◦ . Extrapolation to 10 m for all LiDAR
systems with measurement heights between 30 m and 100 m agree within 1 ms−1 after extrapolation
to 10 m. The disagreement between SAR and the LiDARs ranges between 2 ms−1 and 3.5 ms−1.
SAR winds and LiDARs are showing a similar horizontal gradient with a reduction of approximately
1.5 ms−1 from −5000 m compared to −1000 m. The assumption of neutral stratification for the
application of a logarithmic wind profile is assumed valid in this case but the assumption of horizontal
terrain homogeneity is violated due to the change of surface roughness between land and sea. An
equilibrium layer grows with approximately 1/200 from the place of the roughness change under
neutral conditions [42,43] but the height of an internal boundary layer can grow much faster in the
order of 1/10 [44]. With the coastline in Figure 1 following a South-North direction the internal
boundary layer should have already grown to the measurement height of the LiDARs for the points
further offshore. Internal boundary layers are unlikely to cause large errors for the LiDAR extrapolation
in this case.

The SAR image of case 6 is taken at an incidence angle of 27◦. The entire transect lies within
the first subswath of Sentinel-1A’s EW mode as shown in Figure 8. This SAR wind map has clear
discontinuities in range direction between subswaths, most notably between the first and the second
subswath going from East to West. These discontinuities in the wind speed are likely due to insufficient
calibration. Other SAR images in this study do not suffer from these pronounced discontinuities.
Adding a constant of 0.033 to the normalised radar cross section in the first subswath would remove
the discontinuity to the second subswath. This very simple way of adjusting the backscatter results in
approximately 2.2 ms−1 higher wind speed retrieval on the transect and removes most of the offset in
case 6 as shown in Figure 7. Using this SAR wind speed would reduce the RMSE in Figure 4.
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Figure 7. Wind speeds extrapolated to 10 m from the dual Doppler (DD) and sector scan (SC) and
SAR wind speeds. Additionally, to the extrapolation from the lowest level, as used for Figures 3 to 6,
extrapolations from the 100 m level for the dual Doppler and the second lowest level of the sector scans
are included (see Figure 2). Cases 6, 10 and 11 from Tables 2 and 3 are shown. SAR winds are in thick
black and scanning LiDAR measurements in thin gray. For case 6, the thick gray line shows the SAR
wind retrieval with an adjusted normalised radar cross section, in order to remove discontinuities from
Figure 8.

100km 

Figure 8. Extra Wide Swath mode SAR wind map for case 6. Wind direction inputs are taken from
a global GFS model with 0.25◦ resolution and 6 h time steps rather than a fixed wind direction. The
black star indicates the position of the RUNE experiment and the entire campaign area lies in the first
subswath furthest East.
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4. Discussion

This study shows the results of 15 SAR Sentinel-1A scenes processed to maps of equivalent
neutral wind speed and compares them to scanning LiDAR wind measurements. Comparison of SAR
and LiDAR measurements is challenging because of intrinsic differences between the measurement
techniques. Horizontal and temporal displacement of SAR and LiDAR measurements have been taken
into account, finding a compromise between local homogeneity of the flow and the need for additional
spatial averaging. Spatial averages over the transect for each case from LiDAR wind measurements
and SAR wind retrievals yield an RMSE of 1.31 ms−1 for the dual Doppler set up and 1.42 ms−1 for the
sector scans, which is in the range of studies using measurements from meteorological mast with larger
sample sizes in Table 1. Wind directions from land or from sea seem to have little influence on the
RMSE of the comparisons, similar to e.g., [10]. The wind direction over the entire SAR image deviates
locally from the assumed constant 10-min average used for the retrieval. Local measurements of the
wind direction have shown to have lower RMSEs compared to other methods [11,15]. Comparisons of
the input wind direction with the scanning LiDAR wind directions yield up to 10◦ difference.

Unlike previous validation studies in coastal areas [9–16], the use of scanning LiDARs made
comparisons to SAR wind speeds on a transect possible. The effect of currents, waves and limited
fetch on e.g., the Charnock parameter in coastal waters has not been taken into account in this study.
Results in Figure 3a show that the mean difference and standard deviation within each bin are similar
as long as the number of available samples is constant. Between −3000 m and −5000 m the decreasing
sample size influences the results. Figure 3b shows that the standard deviation within each bin
decreases when approaching the coast. This is likely caused by a decreased extrapolation uncertainty
associated with lower measurement heights of the sector scans shown in Figure 2. SAR wind retrievals
with CMOD5.N are in good agreement with scanning LiDAR wind measurements as close as 1 km to
the coast.

Coastal gradients are visible, both in SAR wind speeds and scanning LiDAR measurements.
The absolute value of the ensemble averaged wind speed can deviate between SAR and scanning
LiDARs, see Figure 5. One reason for the bias is likely a calibration issue as seen from case 6 in Figure 7,
where removing the discontinuity from the first to the second subswath rectifies the bias in wind speed.
Nondimensionalizing the transects reveals that the relative reduction in wind speed is similar between
SAR and LiDAR, see Figures 5 and 6. The relative mean wind reduction from 3 km to 1 km offshore
is 7% and 4% for SAR and dual Doppler respectively. Some of this difference can be accounted to
differences in the measurement height of SAR (on the ocean surface) and the dual Doppler (at 50 m).
Horizontal mean wind speed gradients become less pronounced with the measurement height for this
location and time period, see Figure 15 in Floors et al. [36]. A reduction of the mean wind speed by 8%
from 3 km to 1 km offshore is observed for SAR and sector scans with very good agreement.

This site in Northwestern Denmark has a simple topography, but a steep escarpment makes it
representative for many coastal areas with such features and simple coastal geometry. The period
over the winter of 2015/2016 was particular windy at this location [29] and the stratification of the
atmosphere was either neutral or stable for the presented cases. For 12 of the 15 cases wind speeds at
10m height range between 4 ms−1 and 10 ms−1 and no case exceeding 16 ms−1 is present in the data.
Therefore, results are representative for these atmospheric conditions.

A portion of the difference between SAR and LiDAR wind speeds can likely be accounted by
the vertical extrapolation. Using logarithmic wind profiles causes erroneous extrapolations of wind
speeds at 10 m, as shown in the example case 10 in Figure 7. This is supported by two cases where
assumptions from the logarithmic wind profile are fulfilled; there SAR wind retrieval and LiDAR
measurements agree within 0.5 ms−1, see Figure 4. The atmospheric stratification was either neutral or
stable for the cases examined here while CMOD5.N and the logarithmic extrapolation assume neutral
conditions. The error from extrapolation in this study will not systematically improve the results, since
it introduces a bias compared to in situ measurements [45,46]. The estimated RMSE should therefore
be seen as a conservative estimate for the presented cases.
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The energy density of the wind scales approximately with the cubed mean wind speed, making
the energy yield of wind turbines very sensitive to the wind speed. Therefore, the quantification
of pronounced horizontal wind speed gradients in the coastal zone is extremely important for the
placement of offshore wind farms. The value of SAR derived wind resource maps largely depends on
the validity close to shore according to Hasager et al. [9] and Hasager et al. [14]. This validation study
further supports the use of SAR wind retrievals for wind resource mapping in coastal waters.

5. Conclusions

Sentinel-1A SAR wind retrievals with CMOD5.N from the coastline up to 5 km offshore have been
compared to scanning LiDAR wind measurements in the Northern Sea on the Danish West Coast, for
the first time showing how LiDAR and SAR measure typical wind speed reduction when approaching
the coast from offshore. Differences between spatially averaged wind speeds are comparable to
validations with point measurements found in previous studies. Results indicate that C-band SAR
wind retrievals are accurate as close as 1 km from the coastline where reflections start to affect the
scattering from the ocean surface. Changes in the wind speed over the distance from shore are detected
by both SAR wind retrievals and LiDAR. The relative reduction between 3 km and 1 km offshore in
the wind speed is 7% to 8% from SAR and 4% to 8% for the LiDARs. These results support the use
of SAR to identify coastal wind speed gradients, which are important for many applications such as
offshore wind energy planning, ship traffic, and harbour management.

Scanning LiDAR technology will be used further in the future to study the transition of
atmospheric boundary layers at the coastline. This could lead to further validation studies of coastal
SAR wind retrievals for more sites, and different coastal geometries.
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Abstract. Rapid growth in the offshore wind energy sector means more offshore wind farms are placed closer
to each other and in the lee of large land masses. Synthetic aperture radar (SAR) offers maps of the wind speed
offshore with high resolution over large areas. These can be used to detect horizontal wind speed gradients close
to shore and wind farm wake effects. SAR observations have become much more available with the free and
open-access data from European satellite missions through Copernicus. Examples of applications and tools for
using large archives of SAR wind maps to aid offshore site assessment are few. The Anholt wind farm operated
by the utility company Ørsted is located in coastal waters and experiences strong spatial variations in the mean
wind speed. Wind speeds derived from the Supervisory Control And Data Acquisition (SCADA) system are
available at the turbine locations for comparison with winds retrieved from SAR. The correlation is good, both
for free-stream and waked conditions. Spatial wind speed variations along the rows of wind turbines derived
from SAR wind maps prior to the wind farm construction agree well with information gathered by the SCADA
system and a numerical weather prediction model. Wind farm wakes are detected by comparisons between
images before and after the wind farm construction. SAR wind maps clearly show wakes for long and constant
fetches but the wake effect is less pronounced for short and varying fetches. Our results suggest that SAR wind
maps can support offshore wind energy site assessment by introducing observations in the early phases of wind
farm projects.

1 Introduction

Europe now has a total installed offshore wind capacity of
15 780 MW (status as end of 2017) corresponding to 4149
grid-connected wind turbines across 11 countries. By 2020,
offshore wind is projected to grow to a total installed ca-
pacity of 25 GW (Wind Europe, 2018). In northern Europe
much of this development is happening in the North Sea and
the Baltic Sea. With an increasing amount of wind farms al-
ready erected, suitable locations with prevailing wind direc-
tions, undisturbed by land or other wind farms, are becoming
scarce. Therefore, new wind farms are built in less favourable
locations, e.g. in the lee of land masses or large wind farms.
Additionally, many shore lines are not straight but have a
complex geometry that is determined by peninsulas, bays,
and islands. The lee effect of land, i.e. the horizontal wind
speed gradient due to a varying distance to shore (fetch), and

wind farm wakes from other wind farms both influence the
wind resource. Dörenkämper et al. (2015) found that large
“horizontal streaks of reduced wind speeds that under stable
stratification are advected several tens of kilometres over the
sea” can severely affect offshore wind farms. Correct predic-
tion of the wind resource influenced by either land or adja-
cent wind farms, or a combination of the two, is a challenging
problem. This study is motivated by this challenge and fo-
cuses on the Anholt offshore wind farm in the Kattegat Strait
in Denmark. It involves analysis of satellite-based synthetic
aperture radar (SAR) wind maps, wind turbine data, and sim-
ulation results from the Weather Research and Forecasting
(WRF) model.

Winds over the ocean can be remotely sensed by satellites
carrying SAR systems (Dagestad et al., 2013). SAR systems
transmit and receive microwaves and the radar backscatter
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signal is very sensitive to small-scale ocean waves. This scat-
tering mechanism is diffuse and known as Bragg scattering
(Valenzuela, 1978). The wind causes centimetre-scale waves
to form on the ocean surface that are in local equilibrium
with the wind speed. The wind speed at 10 m height can be
retrieved from SAR observations via an empirical geophys-
ical model function (GMF; Stoffelen and Anderson, 1997;
Quilfen et al., 1998; Hersbach, 2010). The major advantages
of SAR imagery, in terms of applications for wind energy, lie
in the high spatial resolution and the coverage of large areas
with swath widths of several hundred kilometres.

Coastal wind speed gradients have previously been quan-
tified from SAR wind maps and compared to model simula-
tions by Barthelmie et al. (2007) based on the very limited
number of satellite samples available at the time. Ahsbahs et
al. (2017) showed that sea surface wind speeds retrieved from
SAR compare well with scanning lidar wind observations
as close as 1 km from the coastline. Mapping of the mean
wind speed from SAR consistently shows a wind speed gra-
dient with increasing distance from the coastline for the seas
around northern Europe (Hasager et al., 2011, 2015a). At the
Anholt wind farm, Peña et al. (2018) have shown strong vari-
ability in the wind speed within the turbine rows for wind di-
rections where the land is upstream. A correct prediction of
this coastal gradient is desirable for optimal placement and
layout of wind farms.

Many studies of wake effects around large offshore wind
farms are focused on wake interaction within the wind farms
or between closely adjacent wind farms (Barthelmie et al.,
2010; Hansen et al., 2012, 2015; Nygaard 2014; Volker
et al., 2015; Nygaard and Hansen 2016). Investigations of
wind farm wake effects based on SAR wind maps have re-
vealed the existence of extensive wakes under certain atmo-
spheric conditions (Christiansen and Hasager 2005; Chris-
tiansen et al., 2006; Li and Lehner 2013; Hasager et al.,
2015b). The SAR wind maps contribute with information
about the far-wake field, which is typically not available from
other sources. Recently, the first airborne in situ measure-
ments of the far-wake field became available showing that
wind farm wakes frequently extend over several tens of kilo-
metres (Platis et al., 2018).

A systematic use of SAR wind maps by the offshore wind
energy industry has been lacking due to three limitations:
(i) SAR observations are made at the sea surface, while wind
turbine rotors operate between 30 and 250 m height; (ii) SAR
images have a low temporal sampling rate of the order of
a few hundred images per year, depending on the location
on Earth; and (iii) SAR data wind retrieval has required ex-
pert skills and substantial processing capabilities. These is-
sues have been partially overcome: a method for extrapola-
tion of mean wind speeds retrieved from SAR at 10 m above
sea level to the wind turbine hub height has been developed
(Badger et al., 2016) and a number of new SAR sensors have
been launched in recent years, which increases the sampling
rate and ensures continuity. The access to SAR observations

and derived products, such as wind maps, is eased signif-
icantly through the Copernicus programme1 and its down-
stream services.

Numerical weather prediction (NWP) models perform
simulations of wind speed and wind direction as well as other
atmospheric variables for long time series with frequent data
(e.g. hourly) at several heights in the atmosphere. The WRF
model (Skamarock et al., 2008) has been used to assess off-
shore wind resources. Good results are obtained in the open
sea but in coastal regions near upstream land mass the uncer-
tainty increases (Hahmann et al., 2015). Wind farm wakes
are not simulated by NWP models unless the effect of wind
turbines to the atmospheric flow are parameterized (Fitch et
al., 2012; Volker et al., 2015) Engineering wind farm models
like the Park model (Jensen, 1983), Fuga (Ott et al., 2011),
and the Gunnar C. Larsen model (Larsen, 2009) have been
used in combination with WRF outputs (Peña et al., 2018).

The Supervisory Control and Data Acquisition (SCADA)
data are available from the wind turbines at Anholt and
10 min mean wind speeds can be inferred from those mea-
surements (hereafter SCADA wind speed). This data set
gives a unique opportunity to characterize the spatial vari-
ability in the wind speed within the wind farm and it is a
baseline for comparisons with wind speeds from SAR and
WRF in our analyses.

The objective of this study is to demonstrate the prediction
capability of SAR imagery for an offshore wind farm site
where coastal wind speed gradients and wind farm wakes in-
teract in a complex fashion. To establish confidence in the
SAR wind retrievals, we first compare wind speeds from
SAR and SCADA in free-stream and in wake conditions. To
determine whether archived SAR wind fields can predict the
spatial wind speed variability at Anholt, we analyse the mean
wind speed along the most western turbine row before and
after the wind farm construction. The wind farm wake effect
is quantified through comparison of mean wind speeds from
SAR upstream and downstream of the wind farm. Finally,
the interplay between coastal wind speed gradients and wind
farm wake effects is investigated through analysis of SAR
wind speeds along transects perpendicular to the coastline.

The paper is structured as follows: Sect. 2 introduces the
location, the data sets, and pre-processing used. Section 3 ad-
dresses the methods and results. In Sect. 4, we discuss impli-
cations of the presented results for wind energy projects and
in Sect. 5, we conclude on the use of SAR for characterizing
coastal wind effects and wind farm wakes.

2 Location and data

This section describes the Anholt wind farm site and the data
sets and pre-processing steps used for our analyses.

1https://scihub.copernicus.eu/dhus (last access: 30 May 2017)
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Figure 1. Position of the Anholt wind farm (Anholt WF) and dis-
tances to the coast.

2.1 Anholt wind farm

The Anholt Offshore Wind Farm is located in the Kattegat
Strait of Denmark in the waters between Djursland and the
island of Anholt in an area with fairly consistent water depths
of about 15 to 19 m, see Fig. 1. The Anholt Offshore Wind
Farm is approximately 20 km long and up to 8 km wide. The
shortest distance to Djursland is 16 km, and there are 21 km
to the island of Anholt. The Anholt wind farm consists of
111 Siemens SWT-120-3.6 MW wind turbines with a rotor
diameter of 120 m with a total capacity of 400 MW and it
was constructed during 2012–2013. The internal wind tur-
bine spacing is 5–7 rotor diameters.

2.2 SAR wind fields

Wind fields retrieved from two different satellite SAR mis-
sions are used in this study. Envisat ASAR from the Eu-
ropean Space Agency (ESA) acquired images between Au-
gust 2002 and April 2012 before the construction of the An-
holt wind farm. The mission was followed up by a constel-
lation of two ESA satellites, Sentinel-1A and B, from which
data are available since December 2014 and April 2016, re-
spectively. Data until May 2017 are included for this study.
The entire Sentinel-1 data series is recorded after construc-
tion of the wind farm at Anholt. The Copernicus programme
publishes Envisat and Sentinel-1 A/B images under an open-
access license, allowing for unlimited use, both for research
and commercial applications.

SAR wind retrievals are indirect estimates of the wind
speed that rely on the assumption that a measurement of the
radar backscatter from the sea surface can be converted to a

corresponding wind speed at the height 10 m. This is possi-
ble because the SAR observations are sensitive to centimetre-
scale waves at the sea surface, which are generated by the in-
stantaneous wind stress. Phenomena that modify the small-
scale ocean surface waves, i.e. biological or mineral films
(Gade and Alpers, 1997), and sea states (Alpers et al., 1981)
influence the wind speed retrieval. This adds uncertainties to
the wind speed retrieval. Global validation studies of satel-
lite wind retrievals against modelled wind speeds found an
RMSE of 1.30 m s−1 (Hersbach, 2010), while validations
against in situ measurements in the Baltic showed an RMSE
of 1.17 m s−1 (Hasager et al., 2011). Both studies show that
while the accuracy of individual wind speed retrievals is
somewhat low, SAR wind fields capture the mean wind speed
and its spatial variability well.

An archive of processed wind maps from Envisat and
Sentinel-1 A and B over Europe is available from DTU
Wind Energy2. Our analyses are based on these readily avail-
able SAR wind maps. In the archive, wind speeds are re-
trieved from the SAR scenes using the SAR Ocean Products
System (SAROPS; Monaldo et al., 2015). The GMF called
CMOD5.N (Hersbach, 2010) is chosen for the wind speed
retrieval, and wind directions are needed as an ancillary in-
put for processing. We obtain the wind directions from the
Climate Forecast System Reanalysis data set (CFSR3) during
2002–2010 and from the Global Forecasting System (GFS4)
during 2011–2017. To reduce effects of random noise in the
SAR imagery and to smooth out effects of longer period
waves that modify the local radar incidence angle, the SAR
scenes are resampled to 500 m pixel size in connection with
the wind retrieval processing. Hard targets like wind turbines
or offshore substations cause a strong signal in SAR images.
The increased backscatter signal will cause an overestimation
of the retrieved wind speed and therefore, extremely bright
resolution cells are filtered out of the SAR wind maps prior
to our analyses.

2.3 SCADA data

SCADA systems monitor and record wind turbine data, i.e.
power production or pitch angle. The wind turbine power
curve links the free wind speed to a power production. This
wind speed (hereafter SCADA wind speed) can be derived
from power and pitch combined with the power curve pro-
vided by the turbine manufacturer. The power is monotoni-
cally increasing with the wind speed between cut-in and rated
power. Therefore, the wind speed can be inferred for this re-
gion. From rated power to cut-out, the power is constant but
the blades are pitched increasingly. For this region, the wind

2https://satwinds.windenergy.dtu.dk (last access: 30 May 2017)
3http://nomads.ncdc.noaa.gov/data.php?name=access#

cfs-reanal-data (last access: 30 May 2017)
4http://nomads.ncdc.noaa.gov/data/gfsanl (last access:

30 May 2017)
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speed can be inferred from the pitch signal. The resulting
wind speed is equivalent to the reference wind speed used
to create the power curve and is treated as a measurement at
hub height. An intercomparison between the turbines reveals
that this is, in general, an acceptable approach.

A qualification procedure is used to eliminate periods
where the wind turbines are not grid connected and are not
producing power during a complete 10 min period or have
been curtailed, meaning their power generation has been re-
duced. Unfortunately, the wind speed for turbine A05 devi-
ates due to unknown reasons and will be excluded from the
analysis. The remaining periods are applicable for analysis
after a final examination of the power curve. Due to a lack of
undisturbed mast measurements, the inflow conditions need
to be derived from the operational wind turbine data them-
selves. The inflow reference wind direction is determined
from calibrated and undisturbed selected wind turbine yaw
positions on the edge of the wind farm (cf. Peña et al., 2018,
for further details).

2.4 Numerical wind simulations

The numerical simulations used in this study are performed
with WRF version 3.5 without wind farm parameterization.
The total simulated period covers 28 years from 1990 to
2017. Simulations are performed in 10-day chunks. Each in-
dividual simulation extends in total over 11 days, with the
first day being disregarded as a spin-up period. The computa-
tional domain consists of three nests with an 18, 6, and 2 km
grid spacing. Here the outermost domain is forced by the
(ECMWF) ERA-Interim Reanalysis (Dee et al., 2011) and
the results of the innermost domain are used for the anal-
ysis. In the horizontal direction, the innermost domain ex-
tends over 854 and 604 km in the x and y direction. In the
vertical direction, 41 vertical levels with model top at 50 hPa
are used, with 9 levels being within 1000 m from the surface.
Wind speeds at the turbine hub height are derived by loga-
rithmic interpolation between the two closest model levels.

The most relevant physics parameterizations in the model
set-up are the Yonsei University Scheme (YSU) Planetary
Boundary Layer (PBL) scheme (Hong et al., 2006), and the
MM5 similarity surface-layer scheme, as well as sea surface
temperatures from NOAA/NCEP (Reynolds et al., 2010).
Further details of the model set-up and its validation are
given in Peña and Hahmann (2017). WRF wind directions
are extracted at the same locations as for the SCADA-derived
wind direction and averaged to a time series of representative
wind directions.

The WRF model outputs include stability information ex-
pressed as the length scale z/L. We use this to investigate the
frequency of occurrence for different stability classes at the
Anholt site. Stability classes at the turbine hub height are de-
fined using the definitions from Hansen et al. (2012) for WRF
simulations coinciding with the SCADA time series at the
wind farm location, see Fig. 2. For low and intermediate wind

Figure 2. Distribution of seven stability classes from very stable
(vs) to very unstable (vu) based on 2.5 years of WRF simulations
for wind speeds between 4 and 20 m s−1 and the distribution for all
wind speeds labeled “all”.

speeds (< 15 m s−1), the atmospheric stratification is neutral
up to 50 % of the time, whereas stable conditions occur less
than 10 % of the time. The occurrence of neutral stratification
is increasing with the wind speed. For wind speeds higher
than 15 m s−1, the neutral stratification is dominant. These
findings agree qualitatively with results from meteorological
masts at the North Sea in Denmark (Floors et al., 2011; Peña
et al., 2016) but differ from simulations and measurements of
stratification in the Baltic, where stable stratification occurs
more frequently (Smedman et al., 1997).

2.5 Wind speed extrapolation

SAR wind speeds are retrieved for a height of 10 m and
SCADA wind speeds are representative for the wind turbine
hub height at 81.6 m. A wind profile needs to be applied to
perform wind speed extrapolation between these two levels,
which will introduce additional uncertainty in the compar-
ison. Lange et al. (2004) showed that uncertainties in ex-
trapolating wind speeds from 10 to 50 m using different sta-
bility measurements introduce an RMSE of up to 6 %. For
the Anholt site, local measurements of atmospheric stability
effects are not available on site. Stability information from
mesoscale models is not sufficiently accurate to perform a
stability correction of the wind profile for individual SAR
samples (Peña and Hahmann, 2012; Badger et al., 2016). For
the present study, we assume a logarithmic wind profile with
a wind speed dependent roughness length using Charnock’s
relation and the Charnock parameter (Grachev and Fairall,
1996). This will introduce larger uncertainties for extrapola-
tion, especially under stable conditions. Low level jets that
are known to occur in the region (Smedman et al., 1997)
could add additional uncertainty in the wind speed extrap-
olation. It is out of the scope of this paper to assess the ex-
trapolation uncertainty accurately, but we will test the influ-
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Table 1. Overview of the data sets and time periods used for the analysis.

Analysis SCADA wind SAR wind WRF wind speed Wind direction
(mm.yyyy) (mm.yyyy) (mm.yyyy)

3.1 Comparison of wind speeds from SAR and SCADA 12.2014–06.2015 12.2014–06.2015 – SCADA
3.2 Wind speed variability along Row A 01.2013–06.2015 08.2002–04.2012 01.2002–12.2012 SCADA/WRF
3.3 Wind farm wakes from SAR – 08.2002–04.2012 – WRF

12.2014–05.2017
3.4 Wind farm wakes and gradients 01.2013–06.2015 08.2002–04.2012 – WRF

12.2014–05.2017

Figure 3. Sketch of the Anholt wind farm where turbines in rows A,
P, and 1 are used for comparisons and marked in blue. The remain-
ing turbines are located at the grey circles. The grey hexagons are
examples of footprints used for extracting the average SAR wind
speeds upstream and downstream of the wind turbines for an exam-
ple wind direction of 270◦. The turbines used for comparisons in
this example are marked in black.

ence of assuming a slightly stable or unstable wind profile
(Wyngaard, 2010, p. 222).

3 Methods and results

Four different methods are applied to analyse SAR wind
fields around the Anholt wind farm. These are listed in Ta-
ble 1 together with the temporal coverage for SCADA, SAR,
and WRF data used in the respective analysis. The SCADA
winds are used as reference measurements. “Wind direction”
specifies the data input used for selection of SAR wind fields
in contrast to the wind direction used for the SAR wind
retrieval described in Sect. 2.2. Averaged wind speeds can
show strong gradients in two directions. In the following,
the term “wind speed gradient” refers to wind speed changes

Table 2. Wind direction ranges for SAR/SCADA comparisons for
upstream and downstream comparisons.

Row A Row 1 Row P

upstream 210 to 330◦ 80 to 210◦ 10 to 100◦

downstream 30 to 150◦ 260 to 30◦ 190 to 290◦

perpendicular to the coastline whereas the term “wind speed
variability” refers to changes in the wind speed at the turbines
located along Row A, see Fig. 3. For SAR-based wake stud-
ies in Sects. 3.3 and 3.4, we assume that all turbines at Anholt
are operational. Data about the overall turbine availability is
not available for publication for proprietary reasons.

3.1 Comparison of wind speeds from SAR and SCADA

Comparisons between SAR wind speeds and SCADA winds
are carried out upstream (free-stream conditions) and down-
stream (wake conditions) of the wind turbines at Anholt.
SAR wind maps at a resolution of 500 m need to be fur-
ther averaged in order to better represent the wind conditions
measured as 10 min means at the turbine locations (Chris-
tiansen and Hasager, 2005). SAR wind speeds at the turbine
locations are contaminated by reflection from the wind tur-
bines. It is thus necessary to extract resolution cells on the
upstream or downstream side of the turbines. We extract and
average SAR resolution cells within a hexagonal footprint
inspired by the method of Gash (1986). The method was pre-
viously applied to SAR wind maps by Hasager et al. (2004).
The hexagonal shape is aligned with the wind direction and
extends from 600 to 2600 m from each turbine with a max-
imum width of 1200 m. Wind directions from SCADA are
used for the directional alignment. Figure 3 shows exam-
ple footprints for a situation with westerly winds. Resolution
cells are extracted from the SAR wind maps if their centre
point falls within the footprints defined. Within each foot-
print, the average wind speed is determined and compared
with the corresponding SCADA wind speed. Comparisons
are done along the turbine rows A, P, and 1 on the edge of
the wind farm for the wind direction intervals shown in Ta-
ble 2.
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Logarithmic wind profiles are used to extrapolate SAR
wind speeds up to the turbine hub height at 81.6 m. Extrap-
olation of SCADA winds from hub height down to 10 m,
where the SAR winds are retrieved, is included as well since
references on SAR wind speed accuracy are given for this
height. The following results are based on SAR wind maps
from 47 Sentinel-1A images collocated with the available
SCADA data.

3.1.1 Upstream

Comparisons at hub height upstream of the wind turbines are
shown in Fig. 4. SCADA wind speeds at hub height range
from 4 to 20 m s−1 covering most of the range of wind tur-
bine operation. Comparisons with SAR wind speeds yield a
mean bias of−0.16 m s−1, meaning a slight tendency of SAR
to estimate higher winds. The correlations coefficient (R2) of
the linear fit through the origin is 0.74, the slope of the fit is
close to 1, and the RMSE is 2.33 m s−1. Wind speeds at 10 m
in Fig. 4b are generally lower and the RMSE of the compar-
ison is lower due to this (1.80 m s−1).

The low bias, good correlation, and slopes close to 1 sug-
gest that averaged SAR wind speeds are a good represen-
tation of the wind conditions as experienced by the wind
turbines under free-stream conditions. Using the wind di-
rection from the SCADA system for the SAR wind retrieval
process reduces the RMSE by approximately 0.1 m s−1 (not
shown). This is a small improvement compared to the over-
all accuracy of the SAR wind retrieval, thus supporting
the SAR processing choice. Assuming near-stable and near-
unstable stratification changes the RMSE (Fig. 4b) by less
than 0.1 m s−1 but it does change the bias to −0.68 and
0.19 m s−1, respectively.

3.1.2 Downstream

Figure 5 shows comparisons of SAR and SCADA wind
speeds on the downstream side of the wind turbines for
wind direction intervals defined in Table 2. At hub height,
the averaged SCADA wind speed is 10.20 m s−1 and com-
parisons to SAR give a bias of −0.64 m s−1, again towards
higher wind speeds from SAR. The correlation coefficient
of 0.78 is good for a linear fit with a slope of 1.06, and the
RMSE is 2.12 m s−1. Again, the correlation coefficient and
the slope at 10 m height are similar whereas the RMSE is
lower (1.7 m s−1). The mean bias is numerically smaller at
10 m (−0.50 m s−1) than at hub height (−0.64 m s−1).

The bias is numerically higher downstream compared to
upstream of the wind farm whereas the RMSE for down-
stream conditions is approx. 0.1 m s−1 lower than for up-
stream conditions. The lower RMSE seems counterintuitive,
since we expect the assumption of a single logarithmic wind
profile from the surface to hub height to be better satis-
fied upstream than downstream of the wind turbines due to
wake effects. The number of observation pairs is higher up-

Table 3. Sample sizes, difference between wind speed at the most
northern and southern turbines 1UN,S (three turbine location aver-
aged, see Eq. 1), and the same difference normalized with the wind
speed at turbine UA15 at turbine A15.

SAR WRF SAR WRF SCADA

Samples N (-) 72 72 10524 4625
1UN,S (m s−1) 0.92 1.02 0.98 0.95
1UN,S/UA15 (%) 8.8 10.3 9.8 8.7

stream (996) than for downstream (877) as a result of the
SAR image coverage and a reduced number of turbine loca-
tions downstream for the prevailing westerly wind directions.
The sampling difference may influence our results.

3.2 Wind speed variability along Row A

Observations of the past wind conditions are typically used
in wind resource assessment to estimate the wind conditions
a potential wind farm would be exposed to. Satellite SAR ob-
servations are available 10 years before the wind farm at An-
holt was constructed. Peña et al. (2018) have shown a large
variability of mean wind speeds for the western Row A be-
tween 245 and 275◦ from SCADA and WRF results. They
are created by the roughness change between land and sea
and are determined by differences in fetch caused by the
shape of the peninsula (Van Der Laan et al., 2017). Here we
investigate whether the variability in the mean wind speed
at the site could be predicted from SAR wind maps prior
to the wind farm construction. Our analysis of SAR wind
maps is complemented by an analysis of numerical simu-
lations from WRF, which are also available to a developer
prior to the wind farm construction. The overall data avail-
ability for SCADA, SAR, and WRF is shown in Table 1 and
the number of observations used in this analysis is shown in
Table 3.

SAR wind speeds at the turbine locations of Row A are ex-
tracted as described in Sect. 3.1 for upstream situations. For
the WRF simulations, hourly WRF wind speeds at hub height
are interpolated for each of the turbine locations before they
are averaged. Both data sets are filtered according to the fol-
lowing conditions: (i) wind directions are between 245 and
275◦, (ii) there is full availability of measurements for all tur-
bine locations along Row A, and (iii) wind speeds averaged
over Row A are above the cut-in wind speed of the wind
turbine. The averaged wind speeds are non-dimensionalized
through division with the respective wind speed at turbine
position A15 (see Fig. 3) giving a relative measure of wind
speed variability along Row A.

The wind speed variability from SAR and WRF is first ex-
amined using two different sampling scenarios for the WRF
simulations: the full WRF data set (2002 to 2012) and the
WRF samples collocated with the SAR scenes, see Fig. 6a.
For both scenarios, the WRF simulations show a smooth and
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Figure 4. Comparison between SCADA-derived wind speeds (USCADA) and SAR-derived wind speeds (USAR) upstream of the wind
turbines: (a) for the turbine hub height (81.6 m) and (b) for the reference height (10 m).

Figure 5. Comparison between SCADA-derived wind speeds (USCADA) and SAR-derived wind speeds (USAR) downstream of the wind
turbines: (a) for the turbine hub height (81.6 m) and (b) for the reference height (10 m).

monotonically increasing mean wind speed from south to
north along Row A. The maximum deviation of mean wind
speeds from the two WRF data sets is below 0.5 %. This sug-
gests that the reduced sampling rate, which corresponds to
the sampling of SAR observations, has little effect on the
mean wind speed. The wind speed variability from SAR ob-
servations is less smooth and shows a local maximum at tur-
bine A23. SAR winds are increasing from south to north until
they stay approximately constant from turbine A24 on. The
wind speed variability from SAR is in good agreement with
the two WRF data sets from turbine A01 until A25 where the
SAR wind speeds start to decrease.

The relative mean wind speeds from SAR and WRF along
Row A are compared to SCADA wind speeds in Fig. 6b. All

available data from both SAR and WRF before wind farm
construction are used to best approximate the wind speed cli-
matology from each data set. The SCADA winds, in contrast,
cover a shorter period after the wind farm construction. There
is a clear increase in the wind speed from turbine A01 until
A20 in agreement with both the SAR and WRF data sets,
but the result for turbine A05 has been left out as mentioned
in Sect. 2.3. From position A24, SCADA and SAR winds
show a similar behaviour, whereas WRF winds are consis-
tently higher and with less spatial variability. We can sum-
marize the findings above as wind speed differences between
the southernmost and northernmost turbines. The difference
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Figure 6. Average wind speed relative to turbine A15 for wind directions between 245 and 275◦. (a) Data from WRF (2002–2012) and SAR
(2002–2012). The entire time period is used for “WRF” and WRF data coinciding with SAR images are used in “WRF SAR”. (b) Data from
full WRF time series, SAR, and SCADA (2013–2015). No turbine was erected at location A21.

1UN,S is defined as

1UN,S =

A31∑

i=A28
Ui −

A03∑

i=A01
Ui, (1)

where Ui is the mean wind speed at the turbine location.
The difference between the northern and the southern part
of the wind farm is given in Table 3. SCADA and SAR agree
within 0.1 percentage point while WRF predicts a 1 percent-
age point larger difference than SCADA results suggest.

The wind speed variability along Row A, as shown in
Fig. 6 and Table 3, is likely caused by varying fetch from the
coastline of Djursland. The fetch at different positions along
Row A can vary between 16 and 50 km for the same wind di-
rection, see Fig. 1. The agreement between non-dimensional
wind speeds from SAR and SCADA is remarkably good. We
can conclude that for this site, wind speeds retrieved from
SAR imagery could have predicted the relative wind speed
gradients well, before construction of the wind farm.

We test the influence of extrapolation by assuming the tur-
bine hub height is within the surface layer and that both the
atmospheric stability and the aerodynamic roughness length
are constant along turbine Row A. The relative wind speed
should thus show little dependence in the height since the
stability correction term has the same value. This has been
tested assuming near-stable and near-unstable conditions.
The resulting extrapolated wind speed (not shown) differs
between −0.4 (unstable) and 0.6 m s−1 (stable), while the
results relative to turbine position 15 show differences be-
low 0.01 percentage points. These assumptions will not be
valid at all times, but the extrapolation error of the mean
wind speed from 10 m to hub height is expected to be re-
duced when the mean wind speed is divided by the mean
wind speed at a reference location.

3.3 Wind farm wakes from SAR

To investigate the impact of the Anholt wind farm on the
wind conditions in the area, we compare wind speeds ex-

Figure 7. Location of the Anholt wind farm and investigated tran-
sects. Two transects “West” and “East” are following the north–
south direction.

tracted from SAR wind maps along two transects before and
after wind farm construction. With this approach, a baseline
of wind conditions before wind farm construction can be de-
termined assuming that the wind conditions in the period be-
fore and after the wind farm construction are similar.

Wind farm wakes at Anholt are analysed for two wind di-
rection sectors. The first sector (75–105◦) represents easterly
wind directions and a long fetch. The second sector (255–
285◦) represents westerly wind directions and a short fetch,
see Fig. 1. Wind direction information from WRF is used
for the selection of SAR wind maps within the two sectors
as described in Sect. 2.4. Three additional criteria are set
for SAR wind fields to be included in this analysis: (i) the
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Figure 8. Wind speed transects from (a) before and (b) after wind farm construction for wind directions between 75 and 105◦. Transect East
is upstream and transect West is downstream of the (potential) wind farm location. The position of the wind farm to the east–west and Anholt
Island to the east of the transects are indicated.

images must fully cover both transects; (ii) the mean wind
speed at 10 m over the inflow transect is within the interval 3–
12 m s−1, where we expect wind farm wakes to be strongest;
and (iii) visual inspection does not show any strong signals
that are uncorrelated with the wind speed, e.g. rain contami-
nation.

Figure 7 shows the position of the two transects. Transect
“East” is located between 2 and 10 km to the east of the wind
farm and transect “West” is located between 4 and 6 km to
the west of the wind farm. Along each of the transects, wind
speeds are extracted from all available SAR wind maps and
averaged over rectangular bins of 1 km (in the transect direc-
tion) and 1.5 km (perpendicular to transect direction). Reso-
lution cells showing more than 5 m s−1 difference from the
median within each bin are filtered out as they likely result
from reflection from ships.

Wind speed pairs extracted at the same latitude from the
East and West transects are assumed to be upstream or down-
stream of each other for the two directional sectors investi-
gated here. We can calculate the difference 1ui between up-
stream and downstream observations depending on xN :

1ui (xN)= ui,up (xN)− ui,down (xN) , (2)

where ui,up (xN) and ui,down (xN) are the wind speeds on
transect “upstream” and “downstream”, respectively. From
1u (xN) we can calculate the mean difference 1U (xN) and
the standard error SE(xN). As defined here, a positive 1U

corresponds to a wind speed reduction on the downstream
transect.

3.3.1 Long fetch

For situations with easterly winds the transect “East” is up-
stream and transect “West” downstream of the wind farm.
The fetch is approximately 80 km to the east with the ex-
ception of the Anholt Island, see Fig. 1. A total of 49 SAR
wind maps live up to our selection criteria. Of these, 35

were acquired by Envisat before the wind farm was con-
structed and 14 were acquired by Sentinel-1 after the wind
farm construction. Figure 8a shows the average wind speeds
along upstream and downstream transects before the wind
farm construction. The wind speeds at the same latitude are
very similar over the distance 0 to 32 km. This is as expected
since there is open water between the transects and the fetch
is long. At 32–37 km, where Anholt island is upstream of
both transects, the wind speeds on the upstream transect are
slightly lower compared to those along the downstream tran-
sect. This is likely caused by the lee effects from the island.
Figure 8b shows the average wind speed along the two tran-
sects after the wind farm was constructed. The wind speed
along the downstream transect shows a reduction between
11 and 30 km. The wind speed along the upstream transect
remains between 7.3 and 7.6 m s−1 from 0 to 25 km and de-
creases further north. The number of observations is much
lower than before the wind farm construction.

Figure 9 shows the mean wind speed differences 1U with
one standard error, SE, indicated by the shaded areas. The
average density of turbines between the upstream and down-
stream transects are shown at the top. Before the wind farm
construction, the differences range from −0.2 to 0.2 m s−1

from 0 until 30 km. 1U is negative from 29 until 37 km
around the position of Anholt Island, likely corresponding
to a lee effect of the island. After the wind farm construction,
the influence of the wind farm is clearly visible from a differ-
ence of 0.3 to 0.75 m s−1 between 11 and 27 km. This coin-
cides with the distance where the highest density of turbines
is found. Ranges of the standard error shown as the shaded
regions are also clearly separated. Around the location of An-
holt island, the differences are slightly negative and similar
to the differences found before the wind farm construction.
At 6 km, a peak around 0.3 m s−1 appears. The reason for
this peak is unclear but could be non-wind effects such as
bathymetry–current interaction or remaining effects of hard

www.wind-energ-sci.net/3/573/2018/ Wind Energ. Sci., 3, 573–588, 2018

80 Publications



582 T. Ahsbahs et al.: Applications of satellite winds

Figure 9. (a) Density of turbines per unit kilometre between the
transects. (b) Mean difference between wind speeds on the upstream
and downstream transects before and after construction of the An-
holt wind farm. Vertical lines indicate the position of the wind farm
and dashed lines the position of the island Anholt to the east. The
shaded area represents one standard error around the mean.

targets, which influence the radar backscatter and thus the
wind speed retrieval.

A sample size of 35 images creates the baseline of the
wind conditions before construction of the wind farm. SAR
wind speeds after construction show a clear wake, both ab-
solute and relative to the state before construction of the
wind farm, see Figs. 8 and 9. Even though the sample size
of 14 images after wind farm construction is small, there is
clear indication of the wind farm wake.

3.3.2 Short fetch

For situations with westerly winds the transect West is lo-
cated upstream and transect East is downstream of the wind
farm. The fetch is between 16 and 50 km to the west, see
Fig. 1. Average wind speeds along the two transects are anal-
ysed in a similar manner as described for the long fetch sit-
uations in Sect. 3.3.1. A total of 92 images before and 31
after wind farm construction fulfil the selection criteria. Fig-
ure 10 shows the averaged wind speeds. The wind speeds are
increasing from south to north along both transects. Wind
speeds from before wind farm construction in Fig. 10a are
consistently lower for the upstream compared to the down-
stream transect. This is expected due to the increasing wind
speed further offshore. All transects in Fig. 10 show lower
wind speeds in the southern end than in the northern end.
This variability in the wind speed is similar to the one found
in Sect. 3.2 and likely caused by the variation in fetch along

the transects. Wind speed differences and standard error are
calculated similar to Sect. 3.3.1 and are shown in Fig. 11.

The wind speed difference before wind farm construction
ranges between −0.7 and −0.4 m s−1 for the area south of
the potential wind farm. Further north from 17 km on, the
difference ranges between−0.3 and−0.1 m s−1. This is con-
sistent with a short fetch in the south where wind speed is
expected to speed up more between the transects than in
the northern part with longer fetches. Wind speed differ-
ences after construction of the wind farm show roughly the
same pattern except between 0 and 8 km where differences
are large. No clear evidence of wind farm wake effects are
found since no significant difference is noted between the av-
erage wind speeds before and after wind farm construction.
The number of observations before wind farm construction is
approximately 3 times larger than after. The averaged wind
speed after construction is less smooth. The convergence to a
smoother mean wind speed is expected in the future as more
observations from Sentinel-1 A and B become available.

3.4 Wind farm wakes and gradients

To analyse the cumulative effect of coastal wind speed gra-
dients and the wind farm wake effect, four parallel transects
are defined perpendicular to the coastline following the ori-
entation of wind turbine Row 1. Figure 12 shows a reference
transect to the north of the Anholt wind farm (labelled a) and
three transects across the wind farm (labelled b, c, and d).
Average wind speeds are extracted along these transects sim-
ilarly to the extraction in Sect. 3.3.

For this analysis, SAR wind maps are selected according
to the following three criteria: (i) there is full coverage over
all four transects, (ii) SAR wind speeds at 10 m upstream of
the wind farm are between 3 and 12 m s−1, and (iii) the wind
is coming from directions within the sector 214.5–244.5◦

centred around the transect orientation and roughly corre-
sponding to the prevailing wind direction at the site. WRF
outputs are used to determine the wind direction as described
in Sect. 2.4. A total of 57 images before and 35 after the wind
farm construction fulfil these criteria.

SCADA wind speeds are extracted for the wind turbine
locations covered by transectd b, c, and d. The following cri-
teria are used for filtering of the SCADA wind speeds: (i) the
turbine locations are within the transects and data are avail-
able for all those turbines, see Fig. 12; (ii) SAR wind speeds
at 10 m upstream of the wind farm are between 3 m s−1 and
12 m s−1; and (iii) the wind is coming from directions within
the sector 214.5–244.5◦. A total of 3371 10-min mean val-
ues of SCADA wind speeds live up to these criteria. Data
from SAR and SCADA are not collocated in time. The wind
turbines are placed in rows oriented from north to south.
SCADA wind speeds are averaged for each row segment
within each transect.

SAR wind speeds are presented as differences with respect
to a reference wind speed, Uref, upstream of the wind farm
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Figure 10. Wind speed transects similar to Fig. 8 from (a) before and (b) after construction for wind directions between 255 and 285◦.
Transect West is upstream and East is downstream of the (potential) wind farm location.

Figure 11. Wind speed difference similar to Fig. 9 for short fetch
situations with wind directions between 255 and 285◦.

(for transect b, c, and d). For transect a, the reference point
is at the same x position as for transect b. SCADA winds are
shown as wind speed differences compared to the free-stream
turbines in Row A. Wind speed differences along transects
a to d are shown in Fig. 11. Before the wind farm construc-
tion, there is a clear coastal wind speed gradient with increas-
ing wind speeds with distance from the coastline for all four
transects. For the reference transect a, the deviation between
the results before and after wind farm construction is below
0.2 m s−1.

Upstream of the wind farm, transects b, c, and d clearly
show wind speed gradients both before and after wind farm
construction. For transects c and d wind speed differences
before and after the wind farm construction agree within
0.2 m s−1, whereas larger deviations are found at transect b.
These deviations might be caused by variations in the fetch.
Wind speeds extracted along transect b are likely to be very

Figure 12. Transects used for analysis of wind farm wakes and
coastal gradients. Origin and direction of coordinate x, and the wind
direction range (WD) used for the selection of satellite scenes are
indicated.

sensitive to the local wind direction because transect b is lo-
cated close to the northern side of the Djursland peninsula.
Here, a small change in the wind direction could lead to a
large increase or decrease in the fetch, see Fig. 12. An in-
crease in the fetch is usually associated with an increase in
the wind speed. Therefore, a higher occurrence of wind di-
rections west of 235◦ after construction of the wind farm
could be the reason for the deviations observed for transect
b. Transects c and d would be less affected by variations in
the wind direction since they are located further south where
the fetch varies less for southwesterly wind directions. The
wind direction used for the selection of SAR images comes
from WRF simulations at the wind farm location. Any local
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Figure 13. Wind speed differences from SAR along transects a to d before and after construction of the wind farm. Differences calculated
from SCADA wind speeds are also shown and the position of the wind farm is indicated.

variability of the wind direction is not resolved by WRF and
the true wind direction along the four transects might thus
deviate from the WRF wind direction. Since we do not have
in situ measurements for the entire period considered here, it
is not possible to determine the exact difference in the wind
direction distribution.

Wind speeds downstream of the wind farm show a posi-
tive wind speed gradient along transects b, c, and d. Here, the
wind speed at transect b is similar before and after wind farm
construction. This transect crosses a narrow part of wind
farm with only three turbine rows. Transects c and d cross
a larger number of turbines and show a significant change
of the wind speed after the wind farm construction and we
attribute this change to wake effects of the wind turbines.
SAR wind speeds cannot be retrieved correctly within the
wind farm itself due to radar reflection from the turbines.
The SCADA wind speeds for turbines within transect b to d
are used instead to describe the wind speed behaviour within
the wind farm. The SCADA wind speeds suggest a reduction
of wind speeds downstream of turbine Row A, which is most
pronounced for transects c and d crossing many turbine rows.

SCADA wind speeds show the wind farm wake as a reduc-
tion in wind speed compared to the upstream turbine. SAR
winds on transects c and d show a reduction of wind speed
compared to the situation before construction of the wind
farm. The deviations between these two types of wind speed
information are between 0.3 and 0.6 m s−1. Differences be-
tween SAR and SCADA winds may be attributed to (i) a dif-
ference in the location with SCADA winds at the turbine po-

sitions and SAR winds downstream of the wind farm, (ii) dif-
ferences in the sample size and measurements that are not
collocated in time, or (iii) differences in the vertical position
of the measurements. SCADA data are derived at the turbine
operating height whereas the SAR wind retrievals are based
on observations of the sea surface. The strongest wind tur-
bine wake effect is expected at the turbine hub height, which
is consistent with a stronger wake from SCADA winds com-
pared to SAR.

4 Discussion

We have demonstrated how an extensive archive of SAR
wind maps can be used to identify the combined effects of a
complex coastal geometry and wind farm wakes on the mean
wind conditions around the Anholt wind farm. Our results il-
lustrate how wind maps retrieved from SAR can predict the
wind conditions that offshore wind turbines and whole wind
farms experience before a wind farm is constructed.

For the first time, wind speeds derived from the SCADA
system of an entire wind farm have been compared to SAR
wind speeds, see Fig. 4. The correlation for free-stream con-
ditions is good and the slope of the fit is very close to 1.
This result is encouraging for using SAR-derived mean wind
speeds to predict wind conditions as experienced by the wind
turbines. GMFs used for SAR wind retrieval are tuned using
observational data from buoys in the open ocean. Influences
of internal boundary layers caused by the roughness change
between land and sea, or effects of limited fetch on the ocean
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surface roughness are not fully accounted for. These effects
are hard to quantify, but the RMSE compared to lidar mea-
surements in the coastal zone is between 1.3 and 1.4 m s−1

(Ahsbahs et al., 2017). The SAR wind speed retrieval pro-
cess needs a wind direction as an input. Readily available
SAR wind maps using a global model wind direction are used
throughout this study. Therefore, uncertainties in the mod-
elled wind direction translate into errors in the wind speed
retrievals.

The Anholt wind farm experiences strong variability in
the wind speed along the westernmost row (Row A) for the
prevailing wind directions from 245–275◦. Comparisons of
WRF mean wind variability from the full time series with
a downsampled data set matching 72 SAR images before
construction show similar results. This strengthens the as-
sumption that the available SAR images correctly represent
the mean wind conditions at the Anholt site. The normalized
mean wind speed obtained from SAR before construction of
the wind farm agrees very well with results from SCADA
winds of the first 2.5 years of wind farm operation. The mean
wind speed between the south and north of Row A increases
by 8.7 % in the SCADA wind speeds and 8.8 % in SAR-
derived wind speeds, see Table 3. SAR wind maps are thus
valuable for characterization of large-scale flow phenomena
such as wind speed variations over long rows of turbines.
Variability in the wind speed relative to a reference location
is expected to show little influence from atmospheric stabil-
ity as presented in Sect. 3.2. The validity of this claim hinges
on assumptions of surface layer theory, constant roughness,
and stability over the domain. A more detailed study to test
these assumptions could support the use of SAR for detection
of wind speed variabilities.

For this site, non-dimensional wind speeds from WRF at
the turbine locations also predict wind speed variability very
similar to results from SAR and SCADA. Models such as
WRF are powerful tools to identify good wind resources, but
cannot fully replace observations of the wind conditions on
site. The presented analysis of SAR wind maps can comple-
ment modelling efforts by introducing an independent mea-
surement for comparison, since both data sets are available
before construction of a potential wind farm. A good agree-
ment between WRF and SAR with regard to wind speed
variability can add confidence to wind resource assessment.
Further studies at locations where the mean wind speed is
affected by an upstream shoreline could show if agreement
between SAR and NWP modelling is common and if dis-
agreements could point towards an increased uncertainty in
the NWP modelled wind resources.

Comparisons in the wake (see Fig. 5) showed a lower scat-
ter than free-stream comparisons suggesting a better fit in
waked compared to free-stream conditions, even though the
assumptions of a fully developed wind profile are violated
by the presence of a wake. Further studies of SAR wind re-
trievals within wind farm wakes using high-quality reference
measurements at several heights from the sea surface to the

turbine hub height are needed to examine this finding in more
detail.

The correlation of downstream comparison is good but the
bias towards higher wind speeds from SAR has increased
compared to the analysis upstream of the wind farm, see
Figs. 4 and 5. The largest wake deficit is located at hub height
(Porté-Agel et al., 2011) and this could cause an overpredic-
tion of the SAR wind speed when extrapolated in Fig. 5. Ad-
ditionally, SAR winds are retrieved between 600 and 2600 m
downstream of the turbine position but are compared to
SCADA wind speeds at the turbine location and the wake
is likely to recover. This is also consistent with the differ-
ence between SAR and SCADA winds in Fig. 13. To better
quantify wind farm wakes from SAR images, further work
is needed to understand how wakes interact with the ocean
surface and how this influences SAR wind retrievals.

Anholt wind farm has irregular turbine spacing and the
shape is elongated. Methods applied at other offshore wind
farm sites for analysing wakes in SAR wind maps (Hasager
et al., 2015b) are less suitable for Anholt. A new approach
for analysing wind farm wakes from SAR images has there-
fore been suggested here, which explores the difference of
SAR wind maps before and after the wind farm was con-
structed. The wind farm wake effects are analysed along tran-
sects approximately perpendicular to the wind direction on
the upstream versus the downstream side of the wind farm
and along transects crossing the wind farm aligned with the
wind direction. For situations with a long fetch, perpendicu-
lar transects before wind farm construction provide a suitable
baseline to check averaged differences between upstream and
downstream transects, see Fig. 9. The wind farm wake esti-
mated from SAR shows a structure that roughly follows the
turbine density of the wind farm. In contrast, no indication
of a wake is found in Fig. 11. The wind direction sector
overlaps with the sector from Fig. 6 where strong horizon-
tal wind speed variability was found, which will also affect
the transects. A possible explanation could be that the up-
stream orography is more complex for the short compared to
the long fetch scenario. This could affect the similarity of the
wind conditions for the SAR images before and after wind
farm construction, either due to difference in the wind direc-
tion or atmospheric stratification.

Transects crossing the wind farm can be used to investi-
gate how the coastal wind speed gradient and wakes of the
wind farm interact, see Fig. 13. No wind speed reductions
compared to the upstream reference point are found but two
transects going through an area of high wind turbine den-
sity show a reduction of the mean wind speed after wind
farm construction compared to the situation before. This re-
sult stands in contrast to Fig. 11 and transect b in Fig. 13
where no evidence of a wind farm wake was found. Iden-
tification of wakes from SAR images is not trivial when an
upstream coastline is influencing the flow. Further studies at
locations with simple geometry of the coastline would help
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to understand the interplay of wind farm wakes and coastal
wind speed gradients.

SAR wind maps are suitable for analysing large-scale
wind conditions and they can show the combined effects
of different flow phenomena. In this analysis, wind farm
wakes, coastal wind speed gradients, and wind speed vari-
ability from differing fetch occur simultaneously. It is chal-
lenging to identify the contribution of one particular flow
phenomenon, e.g. wind farm wakes from these data. In con-
trast to engineering wake models such as Fuga or Park that
are run with a single wind speed and direction, SAR wind
maps capture the full picture of the flow around a wind farm.
The presented methods can potentially be repeated for any
offshore wind farm site even before the wind farm construc-
tion.

The presented SAR data archive goes back to 2002 and of-
fers the possibility of reference measurements before most of
the current offshore wind farms were constructed. The anal-
yses presented in this study will gain confidence as the satel-
lite data archives are growing over time. With Sentinel-1 A
and B, two new satellites are acquiring new scenes on a daily
basis which are available in the public domain. This makes
SAR observations and derived wind maps more accessible
and the time is right to develop tools for SAR data analysis
that are tailored to the needs of the offshore wind industry.

5 Conclusions

Large archives of SAR wind maps have recently become
publicly available and the sampling frequency of the mea-
surements has increased significantly with the European
SAR missions Sentinel-1 A/B. Readily available SAR-based
wind speed maps represent a computationally and monetar-
ily cheap source of information about the large-scale wind
speed variability offshore. The maps are available in hind-
cast and may thus be used from the earliest stages of a wind
farm project. We have demonstrated that wind speed maps
retrieved from SAR observations of radar backscatter can be
used to predict the spatial wind speed variability at a poten-
tial wind farm site before construction begins. The satellite-
based wind speed maps can also be used for characterization
of wake effects around existing wind farms and to partially
determine the cumulative effects of coastal wind speed gra-
dients and wake effects.

Wind speeds retrieved from SAR correlate well with the
SCADA-derived wind speeds for the turbines at Anholt wind
farm. RMSEs are 2.23 and 2.12 m s−1 for comparisons up-
stream and downstream of the wind farm, respectively. Wind
farm wakes are detected from SAR wind fields using a long
time series with measurements before and after construction
of the wind farm. This approach is promising, since a base-
line of wind conditions before the construction is available.
Wind farm wake effects are found for wind directions leading
to a long fetch with a maximum deficit of 0.7 m s−1. Wind

farm wakes at fetch-limited conditions are harder to iden-
tify possibly due to the complex interplay of different effects
such as varying fetch and coastal wind speed gradients on the
mean wind speed. More studies using these approaches for
different wind farms are necessary, ideally with in situ refer-
ence measurements, to determine the capabilities of SAR for
wind farm wake detection.

Our results show that SAR wind maps can resolve smaller-
scale wind variability comparable to SCADA wind speeds.
WRF and SAR data sets are independent of each other
and are available in the early stages of planning an off-
shore wind farm. Alongside model simulations, satellite-
based wind maps represent a valuable resource to introduce
large-scale on-site measurements early in an offshore wind
farm project, i.e. for planning of in situ measurement cam-
paigns.

Data availability. SAR wind fields are available at https://
satwinds.windenergy.dtu.dk/ (DTU Wind Energy, 2018) and WRF
model runs can be made available upon request. SCADA data are
not available for publication.
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 Wind speed retrievals from different European SAR sensors are offset.  11 
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 Inter-calibration can remove biases and improve the accuracy on wind resources. 13 

 14 

Abstract 15 

Wind observations in the marine environment are both costly and sparse. This makes wind 16 

retrievals from satellite Synthetic Aperture Radar (SAR) an attractive option in connection 17 

with planning of offshore wind farms. Because the wind power density is proportional to the 18 

wind speed cubed, it is important to achieve the highest possible absolute accuracy on SAR 19 

wind speed retrievals for wind energy applications. A method is presented for inter-20 

calibration of SAR observations from Envisat and Sentinel-1A/B. Sensor-specific effects on 21 

the SAR-retrieved wind speeds are first quantified through comparisons against collocated 22 

model simulations and ocean buoy observations of the wind speed. Based on model outputs, 23 

we simulate the Normalized Radar Cross Section (NRCS) for different SAR sensors, scanning 24 

modes, periods, and radar incidence angles. Residuals between the simulated and observed 25 
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NRCS are used to inter-calibrate the observed NRCS before reprocessing to SAR wind fields. 26 

The inter-calibration leads to an improved agreement between SAR and buoy wind speeds 27 

with biases below 0.2 m s
-1

 for all investigated SAR sensors. Estimates of the wind resource 28 

improve with respect to the buoy observations for ten of the twelve sites investigated. The 29 

average deviation between wind power densities is reduced from 20% to 8% as the SAR 30 

inter-calibration leads to more conservative estimates of the wind resource. 31 

 32 

Keywords 33 

Inter-calibration, offshore wind energy, resource, Synthetic Aperture Radar, Sentinel-1, 34 

Envisat 35 

  36 
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1. Introduction 37 

The Sentinel-1 mission by the European Space Agency (ESA) has secured the availability of 38 

Synthetic Apertur Radar (SAR) observations for ocean wind mapping for the years to come. 39 

Sentinel-1A (2014–present) and Sentinel-1B (2016–present) are designed for continuation of 40 

the previous ESA mission Envisat, which delivered SAR data during 2002-12. SAR 41 

instruments are active sensors, which transmit and receive pulses in the microwave range. 42 

Properties of the ocean surface waves determine the measured return signal. A C-band SAR 43 

sensor is sensitive to waves of the cm-scale, which are typically generated by the 44 

instantaneous wind stress at the sea surface. 45 

 46 

Based on scatterometer observations, empirical relationships have been established between 47 

radar backscatter from the sea surface and wind speed at the height 10 m. A similar principle 48 

can be applied to retrieve wind speeds from SAR observations at a higher spatial resolution 49 

and with full coverage over coastal seas (Karagali et al., 2013). Model functions for wind 50 

speed retrieval at C-band include CMOD4 (Stoffelen and Anderson, 1997), CMOD-IFR2 51 

(Quilfen et al., 1998), CMOD5 (Hersbach et al., 2007), CMOD5.n (Hersbach, 2010), CMOD6 52 

and CMOD7 (Stoffelen et al., 2017). The CMOD functions are developed for radar 53 

observations with vertical polarization in transmit and receive (VV) and a polarization ratio 54 

must be applied in order to compensate for the lower signal at HH (Liu et al., 2013; Mouche 55 

et al., 2005; Thompson et al., 1998). A new model function called C_SARMOD2 is 56 

developed directly from RADARSAT-2 and Sentinel-1 SAR observations (Lu et al., 2018). 57 

 58 

Wind speed retrievals from Envisat have been compared to in situ observations in different 59 

parts of the world (Chang et al., 2015; Doubrawa et al., 2015; Hasager et al., 2015a; 2015b; 60 

2011; Takeyama et al., 2013a; 2013b) and evaluations of wind speeds from Sentinel-1 are 61 
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also published (Ahsbahs et al., 2018; Lu et al., 2018; Monaldo et al., 2016). The RMSE of the 62 

SAR wind speed with respect to reference data sets is typically less than 2.0 m s
-1

 whereas the 63 

bias can vary largely. The temporal and spatial scales of wind data should be considered in 64 

any comparison analysis (Hasager et al., 2002). Likewise, care must be taken to compare 65 

consistently either the real winds or the Equivalent Neutral Wind (ENW) (Portabella and 66 

Stoffelen, 2009). 67 

 68 

The installed wind power capacity is growing rapidly around the world and plans for new 69 

installations offshore are ambitious; particularly in Europe and Asia. In order to produce 70 

robust estimates of the wind resource, the highest possible number of independent wind speed 71 

observations is needed. The sampling frequency, which can be achieved from polar-orbiting 72 

satellites, is poor compared to the sampling frequencies of typical in situ sensors or numerical 73 

models. The strength of satellite wind fields lie in the observation of large spatial domains 74 

over extensive periods. In order to maximize the number of available satellite wind fields for 75 

wind resource assessment, the opportunity to combine data series from different sensors is 76 

very attractive. However, effects of sensor-specific characteristics need to be taken into 77 

account before the data series can be merged. 78 

 79 

Satellite data merging is performed in connection with Climate Data Records (CDRs) defined 80 

as “time series of measurements of sufficient length, consistency and continuity to determine 81 

climate variability and change” (National Research Council, 2004). Merged time-series from 82 

various sensors and for different physical parameters such as ocean surface winds from 83 

scatterometers (Elyouncha and Neyt, 2013; Wentz et al., 2017), ice sheet elevation from 84 

altimeters (Khvorostovsky, 2012), and temperature from microwave sounders (Christy et al., 85 

1998) already exist. Although the record of wind retrievals from space is not yet long enough 86 
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to determine climate variability and change, the community effort is to generate consistent 87 

and stable time-series. Inter-calibration ensures consistency between products from different 88 

sensors and it can be performed using reference data sets of in situ observations and inter-89 

comparison among different products (Zeng et al., 2015).  90 

 91 

The objective of this paper is to inter-calibrate SAR observations from Envisat and Sentinel-1 92 

SAR and combine them to a single data series suitable for wind speed retrieval and resource 93 

assessment. Section 2 describes the data sets analyzed and Section 3 covers the methods and 94 

results. Our findings are discussed in Section 4 and conclusions are given in Section 5. 95 

 96 

2. Data 97 

 98 

2.1 Satellite SAR wind maps 99 

This analysis is based on Level-1 SAR data from Envisat and Sentinel 1 A/B, which are 100 

available from the Copernicus Open Access Hub at https://scihub.copernicus.eu/. Our focus is 101 

on scenes acquired in ScanSAR mode i.e. the Envisat Wide Swath Mode (WSM) and the 102 

Sentinel 1 Interferometric Wide Swath (IW) and Extra Wide Swath (EW) Modes. The swath 103 

width is fixed at 400 km for WSM and EW and 250 km for IW whereas the length of scenes 104 

is variable. All available products covering the seas of Northern Europe (Figure 1) have been 105 

downloaded for the period 2002/08/20 to 2018/05/31. Sentinel-1A products generated after 106 

2015/11/25 at 10:40 UTC are processed with a radiometric performance enhancement 107 

whereas only some of the scenes acquired during the commissioning phase of Sentinel-1A 108 

have been reprocessed (Miranda, 2015). Calibration inconsistencies are therefore still present 109 

for the early Sentinel-1A data. The radiometric accuracy of Sentinel-1B observations has been 110 

Publications 95



6 
 

satisfactory, and also compatible with that of Sentinel-1A, since launch (Schwerdt et al., 111 

2017). 112 

 113 

Retrieval of wind speed maps from the Envisat and Sentinel-1 SAR scenes is performed with 114 

the SAR Ocean Products System (SAROPS) developed by the Johns Hopkins University, 115 

Applied Physics Laboratory and the US National Atmospheric and Oceanographic 116 

Administration (NOAA) (Monaldo et al., 2014). The CMOD5.n (Hersbach, 2010) function is 117 

chosen for the wind speed inversion and the polarization ratio of Mouche et al. (2005) with 118 

incidence angle dependence is applied to the scenes acquired in HH. Regardless of the 119 

original resolution of satellite SAR products, we average pixels to a size of 0.5 km prior to the 120 

wind retrieval processing to reduce effects of random noise and of surface inclination due to 121 

longer-period ocean waves. This is common practice for SAR wind retrievals (Dagestad et al., 122 

2012). 123 

 124 

Because several wind speed and direction pairs may correspond to a single value of 125 

backscatter intensity from SAR, information about the wind direction is needed in order to 126 

retrieve the wind speed. We obtain the wind directions from the Climate Forecast System 127 

Reanalysis (CFSR, http://nomads.ncdc.noaa.gov/data.php?name=access#cfs-reanal-data) 128 

during 2002-10 and from the Global Forecast System (GFS) at 0.50° resolution during 2010-129 

12 (http://nomads.ncdc.noaa.gov/data/gfsanl) and at 0.25° resolution from 2014 onwards 130 

(ftp://ftp.ncep.noaa.gov/pub/data/nccf/com/gfs/prod). The model outputs are interpolated 131 

spatially to match the grid cells of the SAR scenes.  132 

 133 
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Land surfaces are masked out during the SAR wind processing using the Global Self-134 

consistent, Hierarchical, High-resolution Geography Database 135 

(http://www.soest.hawaii.edu/pwessel/gshhg/). Sea ice is detected using the IMS Daily 136 

Northern Hemisphere Snow and Ice Analysis 137 

(http://nsidc.org/data/docs/noaa/g02156_ims_snow_ice_analysis/). The collection of SAR 138 

wind maps used for our analyses is available at https://satwinds.windenergy.dtu.dk/. 139 

 140 

2.2 Ocean buoy observations 141 

Observations from ocean buoys are gathered for the North Sea and part of the North Atlantic 142 

for the years 2002 to 2018. To prevent biases, the following criteria are set for buoy stations 143 

to be included in this analysis: i) a station must deliver data during the period 2006 to 2017 or 144 

longer; ii) no significant change of the buoy position has occurred; and the buoy is located at 145 

least 10 km from the shoreline. A total of 12 buoy stations live up to the criteria and these 146 

datasets are from three institutions: UK MetOffice (personal communication), the Irish 147 

Meteorological Service, Met Éireann 148 

(https://erddap.marine.ie/erddap/tabledap/IWBNetwork.html), and the Bundesamt für 149 

Seeschifffahrt und Hydrography, BSH (http://nwsportal.bsh.de/). The MetOffice and Met 150 

Éireann used ODAS buoys in the early years and some of them have been replaced with 151 

FUGRO buoys later. Data from BSH is obtained from light vessels and one moored buoy. 152 

Position data from the MetOffice buoys are truncated to 0.1° corresponding to an uncertainty 153 

of roughly 10 km on the position. Figure 1 shows the buoys locations. 154 

 155 

Publications 97



8 
 

 156 

Figure 1. The area investigated and positions of the buoys used in this study. The inner 157 

domain shows the area used for SAR and model wind speed comparisons in Figure 2. 158 

 159 

The buoy wind speeds and directions have been recorded hourly. Measurement heights vary 160 

between 3.5 m and 14 m with the vast majority of the observations at heights lower than 10 161 

m. The data is quality controlled by the respective provider and additional inspection of the 162 

time series has been performed in connection with this analysis.  163 

 164 

3. Method and results 165 

 166 

3.1 Comparisons of SAR and model wind speeds 167 

A very large number of collocated SAR and model wind speed pairs are available as a bi-168 

product of the SAR wind retrieval. We use these data pairs to make a first check of the 169 

consistency between wind speeds retrieved from Envisat and Sentinel-1 observations. It is 170 

important to note that the model outputs are given as real winds and the SAR-retrievals give 171 

ENW, which are 0.2 m s
-1

 higher on average (Portabella and Stoffelen, 2009). Here, we are 172 
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primarily interested in the consistency between wind retrievals from Envisat and Sentinel-1. 173 

Assuming that the long-term average stability conditions are similar for the periods where 174 

Envisat and Sentinel-1 are in operation, we can compare the SAR and model wind speeds for 175 

this purpose without a correction for the atmospheric stability.  176 

 177 

For this comparison, the wind maps from SAR and the models are resampled to 10-km grid 178 

cells and distributed into bins of 1 m s
-1

. The results are seen in Figure 2 for the complete 179 

Envisat and Sentinel-1A/B data archives covering the area shown in Figure 1. The RMSE is 180 

2.65 m s
-1

 for Envisat, 2.44 m s
-1

 for Sentinel-1A and 2.20 m s
-1

 for Sentinel-1B. 181 

 182 

 183 

Figure 2. Comparisons of average SAR-derived and modeled wind speeds for (a) Envisat; (b) 184 

Sentinel-1A; and (c) Sentinel-1B. 185 

 186 

The comparisons in Figure 2 show that wind speeds retrieved from SAR are on average 187 

higher than the model wind speeds. For Envisat, the bias is 0.89 m s
-1

; for Sentinel-1A it is 188 

0.46 m s
-1

 and for Sentinel-1B it is 0.18 m s
-1

. The plots illustrate how the SAR winds 189 

typically overestimate with respect to the model simulations for low and intermediate wind 190 

speeds up to 20-25 m s
-1

 for Envisat and to 10-15 m s
-1

 for Sentinel-1. Above these 191 

thresholds, the SAR wind retrievals mostly underestimate the model simulations. The number 192 
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of samples is much higher for the low and intermediate wind speed bins than for the high 193 

wind speed bins. The lack of high-wind samples in combination with a poorer performance of 194 

GMFs at high wind speeds due to saturation (Hersbach et al., 2007) lead to larger error bars 195 

for wind speeds beyond 25 m s
-1

. 196 

 197 

3.2 Comparisons of SAR and buoy wind speeds 198 

The wind speeds retrieved from SAR are also compared to observations from ocean buoys in 199 

the North Sea and North Atlantic. The buoy wind speeds represent heights lower than 10 m 200 

and they are expressed as real winds. We extrapolate to 10-m wind speeds using a logarithmic 201 

wind profile: 202 

 203 

     
  

 
  

 

  
     (1) 204 

 205 

where u(z) is the wind speed at height z (m s
-1

), u* is the friction velocity (m s
-1

),   is the von 206 

Kármán constant (~0.4), and z0 is the surface roughness length, which we set to a constant of 207 

0.0002 m. 208 

 209 

The air-sea temperature difference, which is needed to estimate the atmospheric stability, is 210 

typically missing in the buoy data sets. We can thus expect a bias due to the lack of stability 211 

information and stability correction of the buoy wind speeds. As for the comparisons to model 212 

wind speeds above, we assume this bias to be constant across the Envisat and Sentinel-1 213 

sensing periods. 214 

 215 

The selection criterion for buoy observations is that their time stamp must be less than 30 216 

minutes from each SAR data acquisition time. To ensure comparability between spatial 217 
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averaging of the satellite winds and temporal averaging of the buoy observations, we extract 218 

the average SAR wind speeds over an area of 10 km by 10 km around the buoy positions. We 219 

exclude data points where the SAR or buoy wind speeds are below 0.5 m s
-1

 220 

 221 

Figure 3 shows scatterplots of the buoy wind speeds versus the wind speeds retrieved from 222 

SAR. A total of 3099 collocated pairs of Envisat and buoy wind speeds are available and the 223 

comparison shows a RMSE of 2.37 m s
-1

. The mean wind speed from Envisat is 0.87 m s
-1

 224 

higher than from the buoy observations. For wind speeds beyond 20 m s
-1

, the SAR wind 225 

speeds are lower than the buoy wind speeds. Again, the error bars are larger than for moderate 226 

wind speeds. 227 

 228 

For the subset of Sentinel-1A scenes acquired during the commissioning phase, we achieve 229 

528 collocations with the buoy wind speeds. The comparison show a RMSE of 2.01 m s
-1

 and 230 

a positive bias for all wind speed bins up to 16 m s
-1

. The SAR wind speeds are on average 231 

0.97 m s
-1

 higher than the buoy wind speeds. For the later Sentinel-1A scenes, 1660 232 

collocations exist and the RMSE is 1.57 m s
-1

. Comparisons for Sentinel-1B show almost 233 

similar results with RMSE of 1.58 m s
-1

. For both Sentinel-1 sensors, SAR wind speeds 234 

overestimate the buoy wind speeds in the low-wind range. When the wind speed is within the 235 

range 7-17 m s
-1

, SAR and buoy wind speeds are almost equal and beyond that, the buoy wind 236 

speeds are higher. The average bias for Sentinel-1A and B after commissioning is only 0.10-237 

0.17 m s
-1

 and wind speeds from these two sets of SAR observations are very consistent with 238 

each other. There is again an offset with respect to wind retrievals from Envisat and Sentinel-239 

1A observations during commissioning. 240 
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 241 

Figure 3. Comparisons of wind speeds retrieved from SAR against buoy wind speeds for (a) 242 

Envisat; (b) Sentinel-1A commissioning phase; (c) Sentinel-1A; and (d) Sentinel-1B. 243 

 244 

3.2.1 Wind speed dependence on the wind direction input 245 

To examine the effect of the wind direction input chosen for the SAR wind retrieval 246 

processing, we repeat the comparisons between SAR and buoy wind speeds using a second 247 

set of SAR wind speeds retrieved with observed wind directions at the buoys as input. The 248 
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buoy wind directions are expected to be more accurate than the model wind directions 249 

initially used for the SAR wind retrieval because i) they are representative for the exact buoy 250 

locations, ii) they are measured in a consistent manner across the Envisat and Sentinel-1 251 

sensing periods, and iii) they are observed rather than simulated.  252 

 253 

Table 1 shows the comparisons of SAR and buoy wind speeds when modelled vs. buoy wind 254 

directions are used to drive the wind speed retrieval from SAR. For Envisat, the RMSE is 255 

unchanged (2.37 m s
-1

) and the positive bias has increased by 0.05 m s
-1

 with respect to the 256 

comparison in Figure 3. For all Sentinel-1 data subsets, a small improvement of the RMSE is 257 

seen whereas the bias changes by less than 0.1 m s
-1

. The offset between winds from Envisat 258 

and Sentinel-1 after commissioning remains around 0.8 m s
-1

 when buoy wind directions are 259 

used as input for the wind speed retrieval. This indicates that the quality of wind direction 260 

inputs cannot explain the offsets in wind speed biases between different SAR sensors. 261 

Because we find the lowest RMSE for SAR wind speeds retrieved with buoy wind directions, 262 

we use these SAR wind retrievals for the remaining part of this analysis.  263 

 264 

 265 

 266 

 267 

 268 

 269 

 270 

 271 
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Table 1. Summary of comparisons between SAR and buoy wind speeds. The SAR wind speeds 272 

are retrieved with wind directions from a model and from buoy observations. 273 

 

Envisat 

Sentinel-1A 

commissioning 

phase 

Sentinel-1A 

 

Sentinel-1B 

 

Wind 

direction 

input 

Model Buoy Model Buoy Model Buoy Model Buoy 

N 3099 3099 568 568 1660 1660 1100 1100 

Bias  

[m s
-1

] 

0.87 0.92 0.94 0.92 0.10 0.16 0.17 0.17 

RMSE 

[m s
-1

] 

2.37 2.37 2.01 1.93 1.57 1.30 1.58 1.26 

 274 

The comparisons presented above all indicate that SAR winds retrieved systematically with 275 

CMOD5.n overestimate the observed wind speed at low to moderate wind speeds. The 276 

positive bias is larger for Envisat and Sentinel-1 during commissioning than for the later 277 

Sentinel-1 data series. At high wind speeds, SAR winds retrieved from Envisat and Sentinel-1 278 

during commissioning still overestimate the observed wind speeds whereas wind speeds 279 

retrieved from the later Sentinel-1 data series match the reference wind speeds well. 280 

Differences of the bias and the mean wind speeds, which we find for the different SAR 281 

sensors and periods, are problematic in connection with establishment of a long-term SAR 282 

wind data record, which could be useful for several applications e.g. wind resource 283 

assessment. This motivates a more detailed investigation. 284 

 285 
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3.2.2 Wind speed dependence on the radar polarization 286 

To investigate the effect of radar polarization on the wind retrieval accuracy, we separate 287 

SAR scenes acquired in HH and VV. We can expect the best accuracy at VV polarization 288 

since CMOD5.n can be applied directly without a polarization ratio. The majority of SAR 289 

scenes in our data set have VV polarization.  290 

 291 

Table 2 shows results of comparisons between SAR and buoy wind speeds at VV and HH 292 

polarization for Envisat and Sentinel-1. The RMSE is significantly lower for VV than HH for 293 

all data sets except Sentinel-1B. A positive bias remains for the VV scenes and there is now 294 

an average offset of 0.69-0.73 m s
-1

 between Envisat and Sentinel-1 retrievals. Envisat scenes 295 

acquired in HH show a large RMSE and a positive bias for all wind speed bins. Sentinel-1 296 

scenes acquired in HH are associated with a large uncertainty due to the low number of 297 

collocated wind speed samples from SAR and the buoys. 298 

 299 

Table 2. Summary of comparisons between SAR and buoy wind speeds divided according to 300 

sensor and polarization. 301 

 

Envisat 

Sentinel-1A 

commissioning 

phase 

Sentinel-1A Sentinel-1B 

Polarization VV HH VV HH VV HH VV HH 

N 2777 322 541 61 1620 42 1089 11 

Bias [m s
-1

] 0.86 1.43 1.02 0.82 0.13 -1.3 0.17 0.04 

RMSE [m 

s
-1

] 

2.20 3.56 2.00 3.31 1.56 2.7 1.58 1.44 

 302 
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 303 

3.2.3 Wind speed dependence on the radar incidence angle 304 

Based on the collocated SAR and buoy wind speed pairs analyzed above, we investigate the 305 

dependence on the SAR-buoy wind speed residuals on the radar incidence angle. Visual 306 

inspection of the SAR derived wind fields indicate that wind speeds can vary across the radar 307 

swath even though the radar incidence angle is taken into account during the SAR wind 308 

retrieval. Higher wind speeds typically occur at high incidence angles. 309 

 310 

Figure 4 shows the SAR-buoy wind speed residuals as a function of the radar incidence angle. 311 

For Envisat, the average wind speed residuals are lower than 1 m s
-1

 for incidence angles 312 

within the range 20-35°. Below and above this interval, we see a change of the wind speed 313 

residuals as a function of incidence angle. The residuals are always positive indicating higher 314 

SAR wind speeds compared to the buoy wind speeds. The standard deviation, represented by 315 

the error bars, is very high for incidence angles lower than 20°. At all other incidence angles, 316 

the standard deviation is +/- 2 m s
-1

 or less. 317 

 318 

Most Sentinel-1 samples are obtained within the incidence angle range of 30-45° but a few 319 

data points lie within the range of 20-30°. During the commissioning phase of Sentinel-1A, 320 

we see large fluctuations of the wind speed residuals and error bars of up to +/- 3 m s
-1

. 321 

Average wind speed residuals for the later Sentinel-1A acquisitions and for Sentinel-1B are 322 

always within the range +/- 1 m s
-1

 and the standard deviation remains within +/- 2 m s
-1

. A 323 

trend of slightly increasing wind speed residuals with increasing incidence angles is seen in 324 

Figure 4 c) and d). 325 

 326 
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Our analyses so far have indicated a consistent difference between wind retrievals from 327 

Envisat vs. Sentinel 1A/B, which persists regardless of the wind direction input and the SAR 328 

polarization and increases with the SAR incidence angle. To investigate this issue further, we 329 

extended the analyses to the NRCS input of SAR wind retrievals. 330 

 331 

Figure 4. Differences between SAR and buoy wind speeds as a function of radar incidence 332 

angle for (a) Envisat; (b) Sentinel-1A commissioning phase; (c) Sentinel-1A; and (d) Sentinel-333 

1B. 334 

 335 

3.3 SAR inter-calibration 336 

In the following, we use buoy wind speeds and directions to simulate the NRCS for different 337 

radar incidence angles. To achieve this, we apply CMOD5.n in forward mode i.e. we use the 338 

wind speed and direction and the radar incidence angle as input and retrieve the NRCS. We 339 

can then compare the observed and simulated NRCS. 340 

 341 
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3.3.1 NRCS dependence on the radar incidence angle 342 

Comparisons of observed and simulated NRCS are shown in Figure 5. For Envisat, the 343 

difference in NRCS [dB] is very small at low incidence angles and it increases gradually for 344 

incidence angles larger than 20°. The relationship between the incidence angle and the NRCS 345 

residuals in dB space is almost linear. For the Sentinel-1A commissioning phase, a linear 346 

relationship between NRCS residuals and the incidence angle is seen across the interval 32-347 

41° and there are very few data points at lower incidence angles. For Sentinel-1A/B, the 348 

incidence angle range is smaller and the observed NRCS is higher than for Envisat. This leads 349 

to smaller differences with respect to the simulated NRCS and again, we see a linear increase 350 

of NRCS with the incidence angle. 351 

 352 

Figure 5. Difference between measured and simulated NRCS using buoy wind speeds and 353 

directions together with radar incidence angles as input to the simulation for (a) Envisat; (b) 354 

Sentinel-1A commissioning phase; (c) Sentinel-1A; and (d) Sentinel-1B. 355 

 356 
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3.3.2 Correction for the incidence angle dependence 357 

Inspired by Elyouncha and Neyt (2013), we calculate sensor-specific corrections of NRCS on 358 

the basis of model wind speeds and directions as these are available for all SAR acquisition 359 

times and all locations. The corrections are applied to the observed NRCS. For the correction, 360 

we use model outputs and SAR observations obtained within the domain shown in Figure 1 361 

with a distance of at least 20 km from the shore. The observed NRCS images are averaged to 362 

10 km grid cells to be more comparable to the resolution of the model and to reduce the 363 

computational effort. Resolution cells with wind speeds below 2 m s
-1

 and above 20 m s
-1

 are 364 

filtered out.  365 

 366 

Figure 6. Examples showing linear fits to the NRCS difference per incidence angle for (a) 367 

Envisat; (b) Sentinel-1A commissioning phase; (c) Sentinel-1A; and (d) Sentinel-1B. 368 

 369 

NRCS residuals (in dB space) are calculated within incidence angle bins of 1˚ and a linear fit 370 

is made based on the median values. We take into account that the calibration of a sensor can 371 
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change over time by correcting SAR observations on a monthly basis. For each month, data 372 

from the previous year is used. For the first 12 months a given sensor is in operation, model 373 

data covering the same 12 months are used for correction. Figure 6 shows examples of the 374 

fitted linear functions for Envisat (2008-03 to 2009-03), Sentinel-1A commissioning phase 375 

(2014-11 to 2015-11), Sentinel-1A (2017-04 to 2018-04), and Sentinel-1B (2017-04 to 2018-376 

04). A clear offset is seen for Envisat, which increases with the incidence angle. The 377 

difference of NRCS is less pronounced for Sentinel-1A/B.  378 

 379 

Subtracting the linear fits from the NRCS observations made by Envisat and Sentinel-1 380 

corrects the bias and the slope of NRCS in dB space:  381 

 382 

                             , 383 

 384 

where σ0 [dB] is the NRCS and θ [°] is the radar incidence angle. The subscript ‘corr’ denotes 385 

the corrected values. 386 

 387 

Figure 7 shows differences between measured and simulated NRCS as a function of the radar 388 

incidence angle after our correction of NRCS. The differences are now very close to zero for 389 

the entire span of incidence angles. It is remarkable how the large differences that were found 390 

for Sentinel-1 during the commissioning phase are now reduced to a level similar to that of 391 

the later Sentinel-1 data series. 392 
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393 
Figure 7. Differences between measured and simulated NRCS after correction of NRCS for 394 

(a) Envisat; (b) Sentinel-1A commissioning phase; (c) Sentinel-1A; and (d) Sentinel-1B. 395 

 396 

3.4 Wind speed retrieval from corrected NRCS 397 

Once we have inter-calibrated the NRCS, we apply CMOD5.n in inverse mode to retrieve 398 

wind speeds once again. Wind speed residuals with respect to the buoy observations are 399 

shown as a function of the radar incidence angle in Figure 8. The plots are comparable to 400 

plots in Figure 4 made before the SAR inter-calibration. The inter-calibrated SAR 401 

observations lead to much smaller wind speed residuals, especially for Envisat, and there is no 402 

longer a systematic increase of residuals for increasing incidence angles. It is evident from 403 

Figure 8 that our linear correction of the NRCS works best for radar incidence angles above 404 

25°. At very low incidence angles, few or no samples are available for fitting a linear function 405 

between the radar incidence angle and NRCS residuals and the linear relations found for 406 

Envisat at very low incidence angles differ from those found at higher incidence angles. To 407 
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optimize the wind speed accuracy, we recommend eliminating any data obtained with 408 

incidence angles lower than 25°. The following results are calculated with this filter in place. 409 

410 
Figure 8. Differences between SAR and buoy wind speeds as a function of radar incidence 411 

angle after SAR inter-calibration for (a) Envisat; (b) Sentinel-1A commissioning phase; (c) 412 

Sentinel-1A; and (d) Sentinel-1B. 413 

The effect of SAR inter-calibration on wind speed retrievals over time is illustrated in Figure 414 

9. The plot shows how there is a drift of the SAR wind accuracy with respect to reference 415 

measurements at the buoy stations during the second half of Envisat’s lifetime. Our correction 416 

of NRCS leads to a significant reduction of wind speed residuals during the entire Envisat 417 

eera. For Sentinel-1A/B, we see large wind speed residuals for the first two years of 418 

operation, which include the commissioning phase of the sensors. The SAR inter-calibration 419 

efficiently compensates for wind speed biases so the residuals for Sentinel-1A/B are less than 420 

+/-0.2 m s
-1

 at any given time. From the beginning of 2016, the residuals between SAR and 421 

reference wind speeds are small and the need for NRCS correction is less pronounced.   422 
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 423 

Figure 9. Residuals of the SAR mean wind speed with respect to buoy observations over time. 424 

The grey curve is based on default SAR wind retrievals and the black curve is based on wind 425 

retrievals from inter-calibrated SAR observations. 426 

 427 

3.5 Quantifying effects of inter-calibration on the wind speed accuracy 428 

In Table 2, we saw large differences in the accuracy of default wind speed retrievals from 429 

SAR observations acquired with VV and HH polarization. The majority of the HH-polarized 430 

SAR scenes in our data set were acquired by Envisat.  Table 3 shows how the inter-calibration 431 

has removed any wind speed bias for retrievals based on Envisat observations with both VV 432 

and HH polarization. RMSE is also reduced for both VV and HH but its absolute value 433 

remains higher for scenes acquired with HH polarization.   434 

 435 
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Table 3. Summary of comparisons between SAR and buoy wind speeds retrieved from Envisat 436 

observations with VV and HH polarization before and after inter-calibration. 437 

Polarization VV HH 

 Default 

Inter-

calibrated 

Default 

Inter-

calibrated 

N 1978 1978 216 216 

Bias [m s
-1

] 0.87 0.07 1.42 0.07 

RMSE [m s
-1

] 1.80 1.44 2.77 1.92 

 438 

Figure 10 shows scatter plots of the buoy and SAR wind speeds per sensor after inter-439 

calibration of the NRCS. The number of samples given for each plot is a bit lower than in 440 

Figure 3, especially for Envisat. This is due to the filtering of low incidence angles, which 441 

was applied in connection with the inter-calibration. In contrast to the plots in Figure 3, we 442 

now see a consistency between plots for different SAR sensors. All four plots suggest that 443 

SAR winds overestimate buoy observations at low wind speeds up to 7-9 m s
-1

 and 444 

underestimate with respect to the buoy observations for higher wind speeds. 445 
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446 
Figure 10. Comparisons of wind speeds retrieved from inter-calibrated SAR observations 447 

against buoy wind speeds for (a) Envisat; (b) Sentinel-1A commissioning phase; (c) Sentinel-448 

1A; and (d) Sentinel-1B. 449 

 450 

In Table 4, we present an overview of statistics per SAR sensor before and after the SAR 451 

inter-calibration and using the same set of samples. The inter-calibration consistently leads to 452 

a lower RMSE and biases that are close to zero for all sensors. For Envisat, the RMSE is 453 

reduced from 1.92 m s
-1

 to 1.49 m s
-1

 and the bias has changed from 0.92 m s
-1

 to only 0.07 m 454 

s
-1

. For Sentinel-1A during the commissioning phase, we find a reduction of RMSE from 1.93 455 
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m s
-1

 to 1.55 m s
-1

. The bias has changed significantly from 0.92 m s
-1 

to -0.20 m s
-1

 indicating 456 

that we can compensate for the calibration issue inherent from the early Sentinel-1A Level 1 457 

products by adjusting the NRCS prior to the wind retrieval processing. For the Sentinel-1A 458 

data set obtained after commissioning, we find a smaller change of the RMSE from 1.30 m s
-1

 459 

to 1.26 m s
-1

 and for Sentinel-1B from to 1.26 m s
-1

 to 1.24 m s
-1

. These changes are 460 

accompanied by a reduction of the bias to -0.07 m s
-1

 and 0.09 m s
-1

, respectively.  461 

 462 

Table 4. Summary of comparisons between SAR and buoy wind speeds before and after inter-463 

calibration. 464 

 Envisat Sentinel-1A  

commissioning 

phase  

Sentinel-1A  

 

Sentinel-1B  

 

Processing 

choice 

Default Inter-

calibr

ated 

Default Inter-

calibrat

ed 

Default Inter-

calibrate

d 

Default Inter-

calibrate

d 

N 2194 2194 551 551 1659 1659 1099 1099 

Bias  

[m s
-1

] 

0.92 0.07 0.92 -0.20 0.16 -0.07 0.18 0.09 

RMSE  

[m s
-1

] 

1.92 1.49 1.93 1.55 1.30 1.26 1.26 1.24 

 465 

Our results indicate that we have successfully removed biases on wind retrievals from the 466 

different SAR sensors. This justifies a merging of the wind speeds retrieved from Envisat and 467 

Sentinel-1A/B to a single time series. In the following, we will examine the effect of inter-468 

calibration on the wind resource we can estimate for each of the buoy locations. 469 
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3.6 Wind resource assessment 470 

The principle of satellite based wind resource mapping is similar to that of wind resource 471 

assessment from time series observations e.g. with a meteorological mast (Troen and 472 

Petersen, 1989) or from outputs of numerical models (Hahmann et al., 2015). For a given grid 473 

cell, a time series of SAR wind samples can be constructed and analyzed statistically. A 474 

Weibull function is fitted to the frequency distribution of wind speed bins. The function is 475 

defined by a scale parameter, A and a shape parameter, k. From these, the mean wind speed, U 476 

and the wind power density, E are calculated. Repeating this analysis for each point in a 477 

geographical grid will lead to wind resource maps (Badger et al., 2010; Doubrawa et al., 478 

2015; Hasager et al., 2015) 479 

 480 

In order to examine the effect of SAR inter-calibration on wind resource estimates, we 481 

calculate the wind power density for each buoy location. The wind power densities are listed 482 

in Table 5 together with the residuals between SAR and buoy wind resources before and after 483 

inter-calibration of the SAR data sets. For ten of the 12 buoy locations, we find that the 484 

energy density estimated from SAR after inter-calibration agrees best with the buoy 485 

observations. The average deviation from the buoy observations is 20% before and 8% after 486 

SAR inter-calibration. It is not clear why the inter-calibration leads to higher residuals at the 487 

two sites Gascoigne and Nsbll. 488 

 489 

Figure 11 shows examples of the Weibull distribution for one site exposed to open sea 490 

conditions (Brittany) and another site in the enclosed Irish Sea (62091). The two sites have 491 

the highest number of SAR samples of the sites investigated.  492 

 493 
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The prevailing wind direction for Brittany is from the south-west. The Weibull fit based on 494 

inter-calibrated SAR observations fits almost perfectly with that of the buoy observations. 495 

This is reflected in the Weibull-k parameter, which changes from 2.12 to 2.17 after inter-496 

calibration. The Weibull-A parameter is also much closer to the buoy observations after inter-497 

calibration and the absolute residual of the wind power density improves from 73 to 13 W m
-498 

2
.  499 

Table 5. Wind power densities (W m
-2

) for the twelve investigated buoy locations. 500 

Station N Ebuoy ESAR ESAR_IC ESAR - Ebuoy ESAR_IC - Ebuoy 

BRITTANY 735 559 632 545 73 -14 

62091 644 506 582 486 76 -20 

GASCOIGNE 557 450 466 399 16 -51 

K7 496 825 948 784 123 -41 

TWEms 475 515 595 501 80 -14 

62093 456 638 839 712 201 74 

62094 449 500 611 489 111 -11 

DtBucht 441 461 565 442 104 -19 

NsbII 383 681 598 523 -83 -158 

62092 276 514 719 563 205 49 

K1 260 778 895 727 117 -51 

K5 222 819 1013 885 194 66 

K2 109 770 994 872 224 102 

 501 

At the buoy station 62091, prevailing winds are from more southerly directions due to 502 

channeling effects within the Irish Sea. The difference between Weibull curves before and 503 

after inter-calibration of the SAR data is less pronounced than for Brittany. In fact, the values 504 
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of Weibull k are identical to the buoy observations before inter-calibration whereas a 505 

difference of 0.08 is found after inter-calibration. As for Brittany, we find that Weibull A and 506 

the wind power density is reduced significantly after the SAR inter-calibration.  507 

 508 

 509 

 510 

Figure 11. Weibull distributions for the two sites Brittany (a-b) and 62091 (c-d). The Weibull 511 

distributions are shown before and after SAR inter-calibration. 512 

 513 

The bias, RMSE, and MAE for all 12 buoy stations are summarized in  514 

Table 6. The bias on U is reduced to almost zero and this reduces the bias on both E and 515 

Weibull-A significantly. All three biases change from positive to negative values after the 516 

SAR inter-calibration and this leads to more conservative estimates of the wind resource. The 517 
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bias on Weibull-k remains the same. The RMSE is also reduced for U, E, and Weibull-A 518 

indicating a lower uncertainty of wind resource estimates after the SAR inter-calibration. 519 

 520 

Table 6. Summary of the bias, RMSE, and MAE of wind resource assessments for the 12 buoy 521 

stations investigated. The mean wind speed (U), energy density (E), Weibull scale (A), and 522 

shape (k) parameters are calculated before and after the inter-calibration of SAR 523 

observations.  524 

 U [m s-1]  E [W m-2]  A [m s-1]  k [-] 

 Default Inter-

calibrated 

 Default Inter-

calibrated 

 Default Inter-

calibrated 

 Default Inter-

calibrated 

Bias 0.60 0.05  111 -7  0.49 -0.10  -0.05 -0.06 

RMSE 0.67 0.27  138 65  0.57 0.28  0.16 0.12 

MAE 0.61 0.21  124 52  0.50 0.26  0.13 0.11 

 525 

4. Discussion 526 

Our initial processing of wind speed maps from Envisat and Sentinel-1A/B observations lead 527 

to a positive bias for all the SAR sensors investigated but with a large offset between Envisat 528 

and Sentinel-1A/B. This is critical if a long time series based on all available SAR 529 

observations is desired e.g. for wind resource assessment. The RMSE found in our initial 530 

comparisons with model outputs and buoy observations of wind speed are similar to values 531 

found in previous studies based on Envisat (Chang et al., 2015; Doubrawa et al., 2015; 532 

Hasager et al., 2015a; 2015b; 2011; Takeyama et al., 2013a; 2013b) and Sentinel-1A/B 533 

(Ahsbahs et al., 2018; Lu et al., 2018; Monaldo et al., 2016). Our analyses confirm that 534 

observations from the two Sentinel-1 sensors A and B lead to wind speeds having almost the 535 
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same level of accuracy with respect to reference data sets if the commissioning phase of the 536 

Sentinel-1A data series is neglected. 537 

 538 

Our analyses show for the first time how observations from different SAR sensors can be 539 

inter-calibrated in the same fashion as scattererometer observations are inter-calibrated in 540 

connection with CDR development. So far, efforts to inter-calibrate SAR observations from 541 

different sensors have been limited since relatively few users of the observations see a need 542 

for long-term climatological variables. Efforts have instead been dedicated to determining the 543 

most suitable GMF for SAR wind retrieval in different areas of the world (Christiansen et al., 544 

2006; Hasager et al., 2015; Takeyama et al., 2013b). Our results indicate, that a single GMF 545 

cannot retrieve wind speeds from multiple sensors accurately as long as NRCS residuals vary 546 

according to sensor type, scanning mode, incidence angle, and over the sensor lifetime. It is 547 

thus necessary to inter-calibrate the NRCS before wind retrieval processing unless a new 548 

GMF is developed specifically for the SAR sensors in question so that inter-calibration is 549 

indirectly performed through tuning of the GMF (Lu et al., 2018). 550 

  551 

The inter-calibration method presented here leads to a significant reduction of the offset 552 

between wind speed retrievals from Envisat and Sentinel-1A/B observations. After inter-553 

calibration, the average wind speed bias does not exceed +/-0.20 m s
-1

 for any sensor 554 

investigated here and the RMSE on wind speeds is less than 1.55 m s
-1

 with respect to ocean 555 

buoy observations. For Sentinel-1A/B, we achieve almost zero wind speed bias and a RMSE 556 

as low as 1.24 m s
-1

. The difference between wind resource estimates from SAR and the buoy 557 

wind speeds is reduced as a result of inter-calibration for ten of the 12 sites investigated. The 558 

inter-calibration removes positive biases from the SAR observations and this leads to lower 559 

and more conservative estimates of the wind power density. From an industry perspective, it 560 
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is important to operate with conservative rather than over-optimistic resource estimates to 561 

ensure that potential new wind farms can deliver on feasibility as expected. 562 

 563 

This work represents a first attempt to inter-calibrate SAR data and it relies on several 564 

assumptions, which may be investigated further. Wind speed retrievals using CMOD5.n result 565 

in the ENW, which is offset from the real wind speed (Portabella and Stoffelen, 2009). Over 566 

the seas of Northern Europe, this offset is found to be smaller than 0.1 m s
-1

 for the height 10 567 

m and it increases for higher levels in the atmosphere (Badger et al., 2016). Our comparisons 568 

between SAR and model wind speeds and the calculation of NRCS corrections do not take the 569 

offset between ENW and real winds into account. We assume the offset to be constant over 570 

time from the Envisat to the Sentinel-1A/B era and so, the impact will be constant for all the 571 

SAR data sets investigated. In reality, the atmospheric stability has a seasonal variation as it is 572 

temperature-driven. A seasonal inter-calibration analysis would be helpful for quantifying the 573 

effect of atmospheric stability. 574 

 575 

In connection with the fitting of linear functions to calculate NRCS corrections, we also 576 

assume that the modelled wind speeds will on average converge to the true mean wind speed 577 

(both spatially and temporally); otherwise we are adjusting to an offset wind speed. 578 

Comparisons between model and in situ wind speeds (not shown here) indicate that the model 579 

simulations are indeed consistent with the real wind speeds in the long-term. Our linear fitting 580 

is performed for the wind speed interval 2-20 m s
-1

. A high uncertainty is anticipated for 581 

extremely low and high wind speeds due to lower sampling rates a saturation problem of 582 

GMFs at high wind speeds. Work is ongoing in the satellite wind community to resolve 583 

extremely high wind speeds thanks to the availability of new cross-polarized SAR sensors 584 
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(Mouche et al., 2017; Zadelhoff et al., 2014). Further developments of our inter-calibration 585 

method might take high wind speeds better into account. 586 

 587 

The spatial and temporal collocation of data sets in our analyses add uncertainties to our 588 

findings because: i) model simulations and buoy observations are available every hour and the 589 

offset in time from the SAR observations may thus be up to 30 minutes; ii) the exact geo-590 

location of ocean buoys can be difficult to determine from the metadata provided with the 591 

wind speed data; and iii) the measurement height for the buoy winds may not be accurate and 592 

interpolation to the height of 10 m adds additional uncertainty to wind speed estimates. In 593 

order to examine the robustness of our inter-calibration method, it would be valuable to test it 594 

for other independent sites where high-quality wind observations are available. The ideal test 595 

site would provide offshore wind measurements at the height 10 m together with air-sea 596 

temperature differences suitable for atmospheric stability correction. 597 

 598 

The successful inter-calibration of SAR data from the European Space Agency presented here 599 

could potentially be extended to cover other SAR sensors and scanning modes. As an 600 

example, long C-band SAR data series have been acquired by Radarsat-1/2, which is soon to 601 

be continued with the Radarsat Constellation Mission. Sensors operating at X-band or L-band 602 

represent other possible extensions of the data series investigated here. An added benefit of 603 

using SAR observations from a variety of sensors in combination would be that diurnal wind 604 

speed variability can be better resolved.  605 

 606 

At present, the calibration of individual SAR sensors is the responsibility of different space 607 

agencies and it is typically governed by different requirements. The method for inter-608 

calibration described here can be applied by any end user of SAR data and it is thus promising 609 
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for inter-calibration of multiple SAR data sets obtained in the past, present and future. 610 

Potentially, an inter-calibrated long-term record of SAR wind speeds could be established and 611 

offered through publicly available data portals. This would facilitate the best possible 612 

accuracy on long-term average wind speeds offshore for many applications including wind 613 

energy resource assessment.  614 

 615 

5. Conclusion 616 

We have presented a method for inter-calibration of SAR observations with the purpose of 617 

constructing a long-term record of wind speed retrievals from SAR. Correction of the NRCS 618 

prior to wind retrieval processing efficiently removes biases on wind speeds from Envisat and 619 

Sentinel-1A/B observations. The correction varies according to the SAR sensor, scanning 620 

mode, radar incidence angle, and also over the sensor lifetime. The inter-calibration leads to a 621 

significant reduction of wind speed biases and uncertainties expressed through the RMSE. 622 

Wind resource estimates become more conservative as a result of the SAR inter-calibration. 623 

Our successful calculation of a long-term wind speed record form SAR observations is 624 

promising and has a potential for extension using other SAR sensors from the past, present 625 

and future. Ultimately, this could lead to establishment of a new derived product offering 626 

long-term SAR wind data for wind energy resource assessment and other applications. 627 
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Abstract 

This study presents the first SAR-based offshore wind atlas of the US East Coast from North Carolina to the 

Canadian border. Images from Radarsat-1, Envisat, Sentinel-1A, and Sentinel-1B are processed to wind maps 

using the same Geophysical Model Function CMOD5.N. Extensive comparisons with 6,008 collocated buoy 

observations revealed that biases of the individual system compared with in situ data range from -0.8 to 0.6 

m/s. Unbiased wind retrievals are crucial for producing an accurate wind atlas and an approach for correcting 

these biases by adjusting the Normalized Radar Cross Section (NRCS) is applied. The adjusted SAR scenes show 

biases in the range of to -0.2 to 0.0 m/s while at the same time improving the Root Mean Squared Error (RMSE) 

from 1.67 to 1.46 m/s. These adjusted SAR scenes are, for the first time, aggregated to create a wind atlas. 

Monthly averages are used to correct artefacts from seasonal biases and, overall, the resulting mean wind 

speeds agree well with buoy data. The SAR wind atlas is used as a reference to study wind resources derived 

from the Weather Research and Forecasting (WRF) model. Comparisons focus on spatial variation of wind 

resources and show that modelled results estimate lower coastal wind speed gradients than SAR. At sites 

designated for offshore wind development by the Bureau of Ocean Energy management (BOEM), mean wind 
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speeds typically vary between 0.3 and 0.5 m/s for SAR and below 0.2 m/s for WRF. Findings indicate that wind 

speed gradients and variation might be underestimated in mesoscale WRF model outputs along US East Coast.  

1 Introduction 

Offshore wind energy has been established on the continental shelf of Northern Europe since 2001 with a total 

installed capacity of 15,780 MW (Wind Europe 2018). The US East Coast is similar in water depths and 

population density and could be thus well suited for offshore development (Kempton et al. 2007). Over the 

past decade Bureau of Offshore Energy Management (BOEM) has leased out areas designated for offshore 

development along the US East Coast (BOEM 2018), and the first wind plant became operational in 2016 (Block 

Island Wind Farm, Rhode Island). Accurate, long-term wind statistics across broad geographic extents (i.e., 

wind atlases) are needed to support offshore wind energy deployment. Wind atlases are typically developed 

from local in situ measurements, i.e. buoys or meteorological masts (Troen & Lundtang Petersen 1989), 

numerical weather prediction (NWP) models (Hahmann et al. 2015; Dvorak et al. 2013), or satellite based 

remote sensing (Christiansen et al. 2006; Hasager et al. 2015). The focus of this study is to create and validate a 

satellite-based offshore wind atlas for the US East Coast and compare to results from NWP models. 

Offshore wind resource data for the US East Coast are available from the Weather Research and Forecasting 

(WRF) model (Dvorak et al. 2013; Draxl, Clifton, et al. 2015). For offshore wind energy, locations close to shore 

are most attractive because installation costs increase with the distance to shore i.e. due to increased water 

depth and longer cables. The BOEM lease areas are mainly located in coastal waters less than 70 km from 

shore where influences from upstream land masses are still substantial (Barthelmie et al. 2007) and mesoscale 

models can result in high uncertainties (Hahmann et al. 2015). These models need validation and Colle et al. 

(2016) point out that observations at turbine hub heights around 100 m are lacking and provided case-study-

based validation using observations from airplane. Long-term reference wind climate at broad geospatial scales 

are missing since observations from ocean buoys are sparse. Radar images from satellites provide 

measurements over large areas and it is possible to infer wind speeds from the radar backscatter of the ocean 

surface. Scatterometers and Synthetic Aperture Radar (SAR) can measure wind speeds following this principle 

at scales around several hundred kilometers. SAR is better suited for resolving wind resources in coastal zones 

due to its higher resolution (Christiansen et al. 2006). It has been shown that SAR can accurately measure wind 

speed gradients outwards from 1 km offshore and that results agree well with production data for a near shore 

reference wind farm (Ahsbahs et al. 2017; Ahsbahs et al. 2018). 
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Wind resources can be assessed from SAR (Christiansen et al. 2006) and studies have been performed at 

different locations (Hasager et al. 2011; Doubrawa et al. 2015). For the US East Coast, a SAR based wind atlas 

has been created from Radarsat-1 (RS1) data for a small area off the Coast of Delaware (Monaldo et al. 2014). 

Expanding this study to the entire US East Coast with RS1 data is not possible because the images were 

acquired specifically for this region and coverage outside this region is low. We have acquired additional data 

from Envisat (ENV), Sentinel-1A (S1A), and Sentinel-1B (S1B) that are distributed via Copernicus services. These 

data are openly available to public research compared to data from other missions i.e. TerraSAR-X, Cosmo 

SkyMed or Radarsat-2. 

The objective of this paper is to produce and validate a SAR observation-based wind atlas for the US East Coast 

by merging four different satellites. We will remove offsets between systems and validate this by comparing 

SAR wind speed with data from the well-established ocean buoy network on the US East Coast. We will 

compare to the WIND toolkit (WTK), produced by the National Renewable Energy Laboratory (NREL) from 7 

model years of WRF outputs (Draxl, Clifton, et al. 2015). We focus on coastal wind speed gradients and 

determine how they are represented in wind atlases from SAR and WTK. Lastly, mean wind speed variation is 

examined within BOEM lease areas—designated for wind farm development. 

The paper is structured as follows: Section 2 provides an overview of the data and the area of interest (AOI) of 

this study. Section 3 describes the methods used to create a SAR based wind atlas. Section 4 presents wind 

climatologies and measurement artefacts of the SAR wind atlas. Section 5 focuses on using the SAR wind atlas 

to investigate wind variations and compares to the WTK. Sections 6 and 7 will further discuss the results and 

draw conclusions on the potential use of the wind atlas. 

2 Data and AOI 

2.1 AOI 

We focus this study on coastal waters off the US East Coast from Georgia to the Canadian border. The Area of 

Interest (AOI) is defined between 30.7° and 45° latitude and -63° and -81.3° longitude extending out 400 km 

offshore, as shown in Figure 1. The positions of buoys described in Section 2.3 are shown as well. 
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Figure 1: AOI for this study and buoy position. 

2.2 SAR: 

Satellites carrying SAR instruments have been operational for decades and extensive archives exist. Portions of 

these archives can be used by the scientific community and ESA archives are becoming increasingly open via 

Copernicus services. For this study, data from four C-band SAR sensors are used: Envisat’s Advanced SAR (ENV), 

Radarsat-1 (RS1), Sentinel-1A (S1A), and Sentinel-1B (S1B). SAR sensors usually operate in different modes 

depending on the desired resolution of the images. We focus on modes that offer the widest possible swaths, 

since the aim is to create broad scale wind resource maps. Co-polarized images in VV and HH mode from 

Envisat’s Wide Swath Mode (WSM), Sentinel-1’s Extra Wide (EW) and Interferometric Wide (IW) modes, and 

Radarsat-1’s ScanSAR Wide (WD1) mode are used throughout this study (Table 1). The number of scenes can 

be misleading when assessing the coverage of each sensor, since the length of the swath varies (Envisat scenes 

tend to be more than ten times larger than Sentinel-1 scenes). Sentinel-1A and B are operational at the 

moment and data through May 2018 is included. 
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Table 1: Overview of SAR sensors and the respective imaging modes and properties. The period of operation and number of scenes 

included in this study are also shown. 

Satellite Mode Polarization incidence Swath width Period Scenes 

Envisat WSM VV 18-45 405 2002-2012 2198 

  HH 18-45 405  513 

Sentinel-1A IW VV 30-45 250 2015-2018 2403 

 EW HH 30-45 400  27 

Sentinel-1B IW VV 30-45 250 2015- 2018 517 

Radarsat-1 WD1 HH 20-45 400 1996-2008 924 

2.3 Buoy data 

High-quality wind and temperature measurements are available on the US East Coast from the buoy center of 

the National Oceanic and Atmospheric Administration (NOAA) (National Data Buoy Center 1971). These will be 

used as reference measurements. We only use buoys more than 5 km from the shore in order to avoid possible 

land contaminations in the SAR images. Measurements from 31 buoys are used in this study and the 

approximate locations are shown in Figure 1. Buoys are mainly located within 100 km from the shore. Wind 

speeds and direction are measured every hour for 8 minutes and data are automatically quality controlled 

(National Data Buoy Center 2009). We performed additional quality control by checking time periods where 

SAR wind retrievals showed more than 10 m/s difference. Four periods are removed from specific buoys that 

showed unrealistically low wind speeds in the buoy measurements for several months and one short period 

where the buoy measurements are unreasonably high. Locations and measurement heights are recorded 

annually in the buoy file but changes can occur within a year. Additional metadata on buoy position and 

measurement heights is available that represent the most accurate information according to the NOAA buoy 

center (National Data Buoy Center 2015). The more accurate metadata have been used (code for merging meta 

data and buoy files available at add github link). 

2.4 WIND toolkit 

The WIND Toolkit was originally developed to support the next generation of wind integration studies with 

input from experts at NREL in production cost modeling and atmospheric science. The Weather Research and 

Forecasting (WRF) model version 3.4.1 was used to create the meteorological dataset, using ERA-Interim 

reanalysis data as inputs. The meteorological dataset has a spatial resolution of 2x2 km and 5 min temporal 
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resolution. It covers 7 years (2007–2013) and is available over the contiguous 48 US states, including the outer 

continental shelf (OCS). The WIND Toolkit has been used by various research centers, within NREL, and by 

universities in multiple studies. A validation report is available for 6 onshore sites and 3 offshore sites (Draxl, 

Hodge, et al. 2015). 

3 Methods 

3.1 SAR wind retrievals 

Level-1 SAR data are downloaded from the data providers and calibration is applied to obtain the radar 

backscatter measured as the Normalized Radar Cross Section (NRCS). The processing is done using APL/NOAA’s 

SAROPS software package. Radar backscatter on the ocean surface is determined by Bragg scattering 

(Valenzuela 1978) and the NRCS of the ocean surface can be linked to a characteristic wind speed using a 

Geophysical Model Function (GMF). For C-band radars, the CMOD-family of functions are most widely used and 

CMOD5.N is used for this study (Hersbach 2010). The resulting wind speed is the Equivalent Neutral Wind 

(ENW) at 10 m above the ocean. CMOD5.N is tuned for co-polarized vertical (VV) images and an incidence 

angle dependent polarization ratio is applied before processing  co-polarized horizontal (HH) images (Mouche 

et al. 2005). For SAR wind retrievals, the wind direction needs to be known a priori. Wind directions are taken 

from global weather models from 10 m wind vectors and are interpolated to match the SAR image. For this 

study, NCAR Climate Forecast System Reanalysis (CFSR) reanalysis data is used until 2010 and Global Forecast 

System (GFS) data from 2011 onwards for directions. 

Radarsat-1 was one of early operational SAR systems and some of the scenes are known to have problematic 

distortions (Vachon et al. 1999), i.e., when stitching the sub-swaths together or with correct geolocation. These 

typically cause overestimated NRCS values and thus wind speeds that are too high. Since these problems are 

easy to detect visually, but hard to formalize, Radarsat-1 data has been visually checked and problematic 

scenes are excluded. Additionally, NRCS values above 44° incidence angle are removed because of frequent 

unrealistically high NRCS values. Envisat, Sentinel-1A, and Sentinel-1B data have been processed into wind 

maps without visually checking for errors.  

3.2 Merging SAR wind fields from different sensors 

SAR-derived wind speeds should correctly represent the wind conditions compared to in situ observations but 

validation studies of SAR derived wind speeds routinely find biases that are not consistent between studies 
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(Horstmann et al. 2002; Christiansen et al. 2006; Takeyama et al. 2013; Lu et al. 2018). Deviations between 

studies can partially be explained because different GMFs are used, but consistent calibration of NRCS values 

and thus wind retrievals are not ensured. Biases in the SAR derived wind speeds are problematic since they 

translate to biases in the derived wind atlas. It is particularly problematic to have offsets in the biases between 

sensors, since these will introduce variability where spatial coverage of sensors changes over the study area. To 

date, SAR wind atlases have used a singular sensor or if multiple sensors were merged, inherent differences 

have not been taken into account (Hasager et al. 2015; Karagali et al. 2018) 

Badger et al. (2019) have found systematic differences in the bias when comparing Envisat and Sentinel-1A/B 

against in situ observations. Additionally, biases for Envisat showed a strong incidence angle dependency and 

biases drift over the sensor’s life time. Badger et al. (2019) found that these biases can be corrected. NRCS are 

calculated from modelled wind speeds and compared to the SAR measurements. A linear fit of the NRCS 

differences depending on the incidence angle is then subtracted from the SAR images before retrieving the 

winds speeds. We apply the reported correction factors for Envisat and Sentinel-1A/B, which also account for 

the initial calibration problems of Sentinel-1A before 2015-11-25 (Miranda 2015). Sentinel-1A data is split in 

two time periods, before calibration (BC) and after calibration (AC). Corrections for Radarsat-1 are not available 

in Badger et al. (2019) and therefore, we calculate adjustment factors from the available Radarsat-1 data using 

the same methodology.   

3.2.1 SAR – buoy comparisons 

Comparisons between SAR and buoy measurements are conducted to confirm if results found in Badger et al. 

(2019) are consistently present in this data set and whether the suggested adjustment method can remove 

biases between the sensors. In accordance with recommendations from Badger et al. (2019) Envisat data 

below 20° has been excluded from the analysis due to increased scatter and bias in the adjustment method. 

Additionally, images during three strong wind storms and SAR wind speeds exceeding 30 m/s have been 

removed from the comparison since co-polarized SAR wind retrievals are expected to perform poorly in these 

conditions. 

Comparisons between wind speed from buoys and SAR need to account for inherent differences in the 

measurements. SAR images are matched with closest buoy time stamp with a maximum difference of 30 

minutes. SAR winds are instantaneous measurements and are averaged spatially to a 3 km by 3km cell to 

better match the temporal average of buoy measurements. More advanced methods are available considering 
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weighted averages on upwind resolution cells but are not considered here (Hasager et al. 2011). Anemometers 

on buoys are typically mounted between 3 and 5 m while SAR winds are tuned to 10 m. Buoys wind speeds are 

therefore extrapolated to 10 m ENW using the COARE 3.0 algorithm (Fairall et al. 2003). 

Figure 2 shows comparisons between SAR and buoys as scatter plots for SAR winds processed as described in 

Section 3.1. Comparisons for all collocations in (a) show a slight bias for SAR to overestimate wind speeds by 

0.30 m/s. The RMSE of 1.67 m/s is within the usual targets for satellite wind accuracies of 2 m/s. Distinguishing 

between sensors show that biases vary. Large biases towards overestimation of 0.62 and 0.82 m/s are 

respectively found in Envisat (b) and Sentinel-1A B) (d) while Radarsat-1 (c) is underestimating wind speeds by 

0.89 m/s. Both Sentinel-1A AC (e) and Sentinel-1B (f) have neglectable biases. The results for Envisat and the 

two Sentinels are in line with observations in Badger et al. (2019). 
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Figure 2: Scatter plots of SAR versus buoy winds at 10 m with default processing for: (a) all data, (b) Envisat, (c) Radarsat-1, (d) 

Sentinel-1 BC, (e) Sentinel-1AC, and (f) Sentinel-1B.   

 

Figure 3 shows comparisons after applying the adjustment process described in Section 3.2. Comparisons for 

data from all satellites have improved both in terms of bias from 0.30 to -0.04 m/s and RMSE from 1.67 to 1.46 

m/s. Considering each of the sensors separately, biases lie between -0.2 and 0.03 m/s which is a drastic 

improvement compared to biases in Figure 2 ranging between -0.89 to 0.82 m/s. Large improvements are 

found for Envisat, Radarsat-1, and Sentinel-1 BC both in terms of biases and RMSE. Closely examining the two 

largest data sets Envisat (b) and Sentinel-1A AC (e), an overestimation below 7 m/s and an underestimation 

above 9 m/s can be observed. These opposing biases are averaged to nearly zero bias. The adjusted SAR winds 

have lower biases of the individual datasets and low differences between the sensors compared to the default 

processing. The following results will therefore be based on these adjusted SAR wind maps. 
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Figure 3: Scatter plots of SAR versus buoy winds at 10 m with incidence angle adjusted processing for: (a) all data, (b) Envisat, (c) 

Radarsat-1, (d) Sentinel-1 BC, (e) Sentinel-1AC, and (f) Sentinel-1B. 
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3.3 SAR wind atlas methods 

A wind atlas is a map of statistical representations of the wind speed over a designated area. A typical 

approach in wind energy is to use the Wind Atlas Analysis and Application (WAsP) program that implements 

methods from the first European wind atlas (Troen & Petersen 1989). Wind speeds are typically represented by 

a Weibull distribution that is characterized by the Weibull scale parameter (A [m/s]) and the shape parameter 

(k [unitless]). These parameters need to be estimated from the observed wind speeds. They are related to the 

and the mean energy density (E [W/m^2]) by: 

(1) 

where ρ is the air density, and Γ the Gamma function. The mean wind speed can be defined as the arithmetic 

mean of the available samples. 

𝑈 =
1

𝐹
 ∑ 𝑢𝑛𝑛  (2) 

With the wind speed of the individual image 𝑢𝑛 and the total number of observations F. 

Typical wind atlases are generated by taking the mean wind speed from the long time series, but it is also 

possible to use the quasi-instantaneous wind fields derived from SAR (Christiansen et al. 2006). Properties of 

the acquisition such as temporally fixed overpasses, relatively low sampling, and data truncation lead to 

additional uncertainty in a SAR-based wind atlas (Barthelmie & Pryor 2003). A special version of WAsP was 

developed for satellite-based wind atlases (S-WAsP) using with the 2nd moment fittingas recommended in 

Pryor et al. (2003). SAR winds scenes are averaged on a regular WGS84 grid with 0.02° cell spacing before 

processing the data to a wind atlas. Results from a SAR-based wind atlas can be noisy due to the high 

resolution of wind fields and the relatively few samples. Therefore, we apply a Gaussian filter using a standard 

deviation of 0.03° with a cut off at 0.06° to smooth the mean wind fields.  

Sensors acquire images at fixed times of day, which will can cause a bias in the mean wind speed where diurnal 

cycles are present. Advanced methods for classifying SAR wind maps are available (Badger et al. 2010). We 

choose to apply random sampling considering all images available, which is recommended where more than 
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400 images are available (Pryor et al. 2003). This approach is also used in earlier SAR based wind atlases 

(Hasager et al. 2011). The influence of diurnal cycles is investigated in more detail in Section 4.1.1. 

SAR scenes are acquired primarily for purposes other than wind resource assessment. This can influence the 

conditions under which acquisition takes place. One example is sea ice detection that will mainly occur during 

the winter months (Sandven et al. 1999). The study domain is located in the mid-latitudes and winds are 

expected to change with the seasons; We therefore check for seasonal bias in the data acquisition, described in 

Section 4.1.2. For the arithmetic mean wind speed in Eq. 2, the seasonal bias can be corrected by calculating 

mean wind speeds 𝑈𝑚 per month of the year (Monaldo 2011): 

𝑈𝑚 =  
1

𝐹𝑚
∑  𝑢𝑛,𝑚𝑛  (3) 

With the number of observations 𝐹𝑚 for the month 𝑚 and 𝑢𝑛,𝑚the SAR wind speeds occurring in this month. 

Monthly mean wind speeds are then averaged to a seasonal corrected mean wind speed 𝑈𝑠𝑐: 

𝑈𝑠𝑐 =  ∑
𝐹𝑚

𝐹
 𝑈𝑚𝑚  (4) 

S-WAsP is not able to account for seasonal bias in the Weibull parameter estimation. Therefore, no seasonal 

corrected Weibull parameters or energy densities are available. 

4 Results 

4.1 Wind resource statistics 

In the following, we present the first SAR-based wind atlas for the US East Coast based on merged SAR data 

from four systems and accounting for offsets between systems. Figure 4 shows wind statistics at 10m: (a) The 

arithmetic mean wind speed from Eq. 2 calculated from SAR and (b) the WTK introduced in Section 2.4. Visually 

comparing mean wind speeds in Figure 4 from SAR (a) and WTK (b) shows similar features. WTK wind speeds 

are smoother than SAR for two reasons: i) SAR derived wind speeds are based on high resolution observation 

that can resolve sub kilometer scale variation in the wind fields. Some of the noisy appearance is caused by the 

relatively low number of samples. WTK is based on a mesoscale model and wind fields are expected to be 

smoother. Mean winds are based 7 full years of modelling and the number of samples is high. Wind speeds are 

lower close to the coast and increase with the distance to shore. A band of high winds is located off the coast 

of North Carolina and extends to the northwest with higher wind speeds in SAR than in the WTK. Horizontal 
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variation of the SAR wind speed is higher than WTK. The wind speeds is lower in SAR than WTK in a region close 

to the shores of Virginia and Delaware. Another clear difference is the wind speed in the Gulf of Maine. WTK 

data shows moderate winds below 7.5 m/s while SAR winds go up to 8.5 m/s. In both datasets a feature of 

lower wind speed is present to the southeast of Nantucket but more pronounced in the SAR derived mean 

wind speeds.  
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Figure 4: Wind statistic maps at 10 m for: (a) arithmetic mean SAR wind speed, (b) mean wind speed from WTK, (c) number of SAR 

samples, (d) SAR energy density; (e) SAR Weibull scale parameter A; (f) SAR Weibull shape parameter. 

North of 34° latitude, over 350 samples are used, but less than 250 are used off the coast of Georgia (Figure 4 

c). The energy density ranges from 200 W/m2 close to shore to 800 W/m2 far offshore (Figure 4 d). The Weibull 

shape parameter A (Figure 4e) shows similar features as the wind speeds and the energy density. The scale 

parameter k (Figure 4e) ranges between 2 and 3 in the South and 1.75 and 2.5 in the north of the domain. High 

k values are associated with a narrow peak in the wind speed distribution.          

Wind resources and wind roses are compared between SAR, WTK, and in situ buoy measurements for three 

exemplary locations along the coast in Figure 5. Buoy 44029 is located in the Gulf of Maine, buoy 44009 is 

located off the Delaware coast, and buoy 41038 is located off North Carolina, see Figure 1 for detailed 

positions. Buoy data are filtered to cover full years (at least 80% available data) to avoid seasonal sampling 

biases; between 7 and 10 years of measurements are available at the buoy locations. WTK covers 7 full years 

and the SAR winds are sampled over the entire period from 1998 to 2018 but less frequently. SAR wind speeds 

are expressed as ENW while the 10m wind speeds from WTK are stability dependent wind speeds (SDW). Buoy 

wind speeds are extrapolated accordingly but stability effects are small (below 0.2 m/s differences for the 

mean wind speed). 
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Figure 5: Weibull fit and wind direction for buoys 44029 (a-c), 44009 (d-f), and 41038 (g-i). SAR on the left (a,d,g), WTK in the middle 

(b,e,h), and wind roses for buoy, SAR, and WTK on the right (c,f,i). Key characteristics are given in the tables: Number of observations 

(N), Weibull shape (A), Weibull scale (E). Units of the tables are: [N] = --, [A] = m/s, [k] = --, [E] = W/m2. 

SAR based results show good agreement at buoy 44009 but distributions are skewed towards higher wind 

speeds at 44029 and lower at 41038, while WTK distributions generally agree well with the buoy data. Wind 
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directions for SAR show more winds from NW for buoy 44029 and agree well with buoy data otherwise. Wind 

directions from the WTK show most deviations for buoy 41038. There are large deviations between wind 

resources as measured from buoys and SAR that merit closer investigation in the following. 

4.1.1 Diurnal cycle 

Diurnal cycle from 5 buoys, SAR sampling not even over the TOD; ENV falls in minimum 

As noted in Section 3.3, SAR sensors acquire data at fixed times. We investigate influences this might have on 

the wind retrieval by investigating the diurnal cycle at five buoys located across the study domain. In addition 

to the three buoys in Figure 5, buoy 44065 is located south of New York City and 44072 in Chesapeake Bay. All 

buoys are within 20 km from shore with the exception of buoy 44009 that is located approximately 60 km 

offshore. The shape of the diurnal variation is similar between these buoys with minima between 10 am and 12 

pm local time, see Figure 6. Buoy 44009 shows less diurnal variation which might be connected to this buoy 

being located further offshore. Overlaid in Figure 6 is a histogram of the satellite acquisitions times showing 

that scenes are not randomly sampled as expected. We note that the afternoon times of ENV overpass coincide 

with a minimum in the diurnal variation, while S1A, S1B, and RS1 overpasses are outside this time interval.  

  

 

Figure 6: Mean wind speed of selected buoys in local time (UTC - 5). The bars indicate the number of satellite observations for 

Radarsat (RSA), Envisat (ENV), Sentinel-1A (S1A), and Sentinel-1B (S1B). 
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4.1.2 Seasonal sampling bias 

We investigate seasonal sampling biases in SAR for four regions of 2° by 2° along the coast. Figure 7 shows the 

spatial average of monthly acquisition frequency 𝐹𝑚/𝐹 and monthly mean wind speed 𝑈𝑚  from Eq. 3 and 4 at 

four areas. Acquisitions are unevenly distributed over the year. More data are available in the winter in the 

Gulf of Maine while Delaware and North Carolina are biased towards late summer to early autumn. 𝑈𝑚 shows 

considerable seasonal changes with generally lower winds in summer and higher winds in winter.  

 

Figure 7: Frequency of data acquisition (Fm/F) and mean SAR wind speeds (Um) averaged by month over four regions close to: (a) 

Gulf of Main, (b) New York, (c) Delaware, (d) North Carolina 

Figure 7 shows considerable seasonal sampling biases. A seasonal corrected SAR (SAR_SC) mean wind speed 

map is calculated from Eq. 4 and shown in Figure 8a together with the differences to uncorrected maps from 

Figure 4a in Figure 8 (b). Seasonal correction reduces wind speeds in the north, while it increases wind speeds 

in the south of the study domain.  
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Figure 8: (a) Seasonally corrected SAR wind speed (b) difference between seasonally corrected and original SAR map. 

Long term mean comparison, 7 year buoys with 80%. Seasonal corrected SAR better 

We want to choose the SAR wind map that best represents the climatological mean wind speed for 

comparisons with the WTK data in Section 4.2. Long term mean wind speeds from the buoys are used as a 

reference. Buoys are required to have at least 7 full years (above 80% recovery rate) of measurements. It is 

necessary to use a representative position for the buoys since buoy measurements, SAR, and WTK are not 

collocated in time. This requires that buoy positions do not change significantly over the measurement period. 

Buoy 41002 and 44018 are removed because their location changes more than 100 km. 16 buoys fulfil these 

criteria and statistics on comparisons to the SAR mean wind speed in Figure 4a, WTK mean wind speed Figure 

4b, and the seasonal corrected SAR mean wind speed Figure 8. Results in are presented in Table 1. 

Table 2: Mean absolute error (MAE), root mean square error (RMSE), and bias between buoys and, SAR (U), seasonally corrected SAR 

(𝑼𝑺𝑪), and WTK. 

 MEA RMSE bias 

SAR 0.51 0.63 0.34 

SAR_SC 0.3 0.39 0.09 

WTK 0.24 0.30 0.15 
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The seasonally corrected mean wind speed 𝑈𝑆𝐶  shows lower RMSE, MAE, and bias. We consider this to be a 

better representation of the seasonality. 𝑈𝑆𝐶  will therefore be used for comparisons with the WTK in Section 

4.2. 

4.2 Spatial wind variability from SAR and WTK 

To compare SAR and WTK mean wind speeds in the coastal zone, we define transects perpendicular to the 

generalized coastline of the US up to 100 km from shore. Due to the complexity of the shoreline, a compromise 

needs to be found between perpendicular transects, avoiding crossing transects, and the definition of distance 

to shore for convex corners. The resulting transects are shown in Figure 9 and are labelled with unique 

identifiers (transect_id) ranging from 0 in the north to 650 in the south. 

 

Figure 9: Seasonally corrected SAR mean wind speed maps with transects perpendicular to shore (every fifth transect is plotted). 

Starting at transect_id 0 in the Gulf of Main going to transect_id 650 off North Carolina. 

Wind speeds are linearly interpolated along each transect every 2 km. Figure 10 shows the wind speeds per 

transect ID and as a function of distance to shore. These plots can be seen as a horizontal sheet of mean wind 

speeds along the coast line perpendicular and parallel to shore. The white areas are land contamination in SAR 

originating from islands not accounted for in the generalized coastline. Again, we can see similarities in the 
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features on large scales with a band of high wind speed between transect_id 500 and 600 but also smaller 

features like an increased wind speed at the mouth of the Delaware River around transect_id 350.  

 

Figure 10: Wind speeds at 10 m over all transects as a function of distance to shore. (a) SAR wind speed season corrected, (b) WTK  

The presentation of wind speeds in Figure 10 represents spatial structures of the mean winds along the coast 

but it is hard to assess differences visually. We will focus on wind speed variations in two directions: along-

shore and perpendicular. The latter is commonly referred to as a coastal wind speed gradient.  

4.2.1 Along-shore variation 

Figure 11 shows wind speeds transects along the shore averaged over distances to shore of [10,20], [20,30], 

[40,60], and [60,100] km. From transect_id 0 to 300 the two transects closest to shore (Figures 11 a and b) 

show remarkably good agreement, both absolute and in shape. Farther offshore, in panel (c) and (d) the 

positions of local maxima and minima are similar but the amplitude of these features is larger in SAR than in 

WRF. From transect_id 300 onwards (southwards), SAR gives consistently lower wind speeds with the 

exception in panel (d) around transect_id 570 and 650.   
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Figure 11: Along-shore variation of the mean wind speeds for distance to shore intervals of: (a) [10,20], (b) [20,30],  (c) [40,60], and 

(d) [60,100] km. 

The region closer than 60 km to shore is most interesting for wind farm development. Here, SAR observations 

suggest high wind speeds in the north up to transect_id 250, while WRF consistently shows higher wind from 

transect_id 500 southwards. 

4.2.2 Coastal gradients 

Wind speeds averaged over the distance to shore for 6 regions are shown in Figure 12. All regions show coastal 

gradients with the typical increase in mean wind speed with distance to shore. For Figure 12a, around 

Nantucket, there is very good agreement both in the gradient and in the absolute value. Regions (b), (c), and (f) 

show similar behavior, with SAR exhibiting lower wind speeds closer to shore but higher gradients resulting in 

higher SAR winds further offshore. Gradients are similar for (d) but SAR winds are offset by 0.7 m/s toward 

lower wind speeds. Most pronounced differences in terms of wind speed gradients are found around Pamlico 

Sound (e) with SAR winds up to 1.5 m/s lower close to shore and a steep gradient after from 40 to 100 km 

offshore. 
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Figure 12: Mean wind speeds averaged over several transects covering six different regions: From north to south: (a) Nantucket; (b) 

Long Island; (c) State of New York;(d) Virginia to Delaware; (e) Pamlico Sound; (f) southern part of North Carolina. 

The transects show that SAR wind speed measurements are produce consistently higher wind speed gradients 

with the exception of the most northern region around Nantucket (Figure 12a). The wind speed gradient is 

defined as:  

𝑔𝑟𝑎𝑑 =  
𝑑𝑈

𝑑𝑥
 

where 𝑥 is the distance to shore. The wind speed gradient is averaged for each transect resulting in 650 mean 

gradients for SAR and WTK. A distribution thesis is shown in Figure 13. Mean gradients are mostly positive, 

154 Publications



25 
 

indicating higher wind speeds further offshore as expected. For WTK the distribution is almost symmetric with 

a mean of 0.91 m/s per 100 km. The distribution from SAR is more skewed and clearly separated from the WTK. 

The mean of the distribution is 1.40 m/s per 100km which is considerably higher than the WTK .   

 

Figure 13: Density plot of wind speed gradients from SAR and WTK. Dashed lines indicate the mean.  

4.2.3 Wind resource variation within BOEM areas 

Wind farm development is allowed within the limits of the offshore lease areas defined by the BOEM; Figure 

14. Since lease areas are typically several hundred square kilometers large, wind resources are expected to vary 

within each of the areas. Information on the magnitude of this variation is needed for wind farm development.  
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Figure 14: BOEM lease areas for the US East Coast. Color codes are used to differentiate different areas. 

We select mean wind speeds from SAR and the WTK at all grid points within a lease area. The distribution of 

mean wind speeds within each area is then calculated and presented as a violin plot in Figure 15. The variation 

of mean wind speeds is higher from SAR for all areas except Cape Wind and Kitty Hawk. The average of the 

differences between minimum and maximum are 0.2 m/s for the WTK and 0.47 m/s from SAR. This indicates 

that the WTK predicts very less variation of wind resources within a potential wind farm site than SAR. Note 

that a mesoscale numerical weather prediction model such as WRF is are not able to pick up wind speed 

variations in the order of 0.5 m/s, and their RMSEs are typically above 0.5 m/s. 
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Figure 15: Boxplots for wind speeds from seasonal corrected SAR and WTK. Potential lease sites are ordered from North (left) to 

South (right). 

5 Discussion 

In the following we discuss the results from the evaluation of the SAR wind atlas and the associated artefacts 

from the sampling. The representation of wind speed variations in the coastal zone is discussed as measured 

from SAR and modelled in the WTK. 

a) Validation of intercalibrated SAR wind archive with buoys 

This study presents the first SAR wind atlas merging archives from four sensors (Radarsat-1, Envisat, Sentinel-

1A, and Sentinel-1B) into a consistent data set. Extensive comparisons with buoys shows that even though data 

are processed consistently with CMOD5.N, biases between the sensors range from -0.89 to 0.62 m/s (see 

Figure 1), which is similar to results from Northern Europe. Badger et al. (2019) suggested intercalibration to 
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remove biases by adjusting the NRCS as a linear function of the incidence angle using modelled wind speed and 

direction inputs. Those adjustments decrease the difference in biases between sensors to 0.2 m/s. Two findings 

speak to the generality of this approach: i) Intercalibration tables derived over Northern Europe for Envisat, 

Sentinel-1A, and Sentinel-1B can be applied for the US East Cost; ii) Applying this method to a sensor it has not 

been applied to before yields good results. This concept should in no way substitute efforts to better 

understand scattering mechanisms that improve GMFs (Troitskaya et al. 2018). Tuning NRCS values is an 

application driven approach to produce wind maps with consistent precision over time and platforms. This is in 

contrast to previous and current efforts to determine the most suitable GMF for SAR wind retrievals 

(Christiansen et al. 2006; Takeyama et al. 2013). 

b) SAR wind atlas for the US East Coast 

We have produced a SAR-based observational wind atlas of the US East Coast covering the coast from Georgia 

to the Canadian border. An alternative to SAR measurements are scatterometers (Stoffelen & Anderson 1997). 

From a wind resource perspective their main advantage is the higher temporal resolution but it comes at the 

price of lower spatial resolution of typically 25 km. Merging SAR and scatterometers data to create a wind atlas 

has been done (Hasager et al. 2015), but this approach needs further refinement to utilize high temporal 

coverage from scatterometers and the high spatial resolution from SAR.  

The Weibull parameters A and k, energy density, and mean wind speeds are calculated from the available SAR 

wind maps, see Figure 4. The energy density, Weibull shape A, and mean wind speed generally increase with 

the distance from shore. The Weibull scale parameter k is high in the south and lower in the north. The Weibull 

k parameter requires more samples than wind speed or shape parameter to be correctly estimated (Barthelmie 

& Pryor 2003). The area with high shape parameters coincides with a low number of samples and significant 

seasonal bias in the sampling, which casts doubt on the accuracy of results in these instances. 

The presented SAR wind atlas is calculated at 10 m height; however, for wind energy applications, estimates 

closer to turbine hub heights would be more desirable. Extrapolation of the results is possible using model 

derived stability inputs (Badger et al. 2016). For the purpose of comparing the wind atlas to the WTK it is 

desirable to have the SAR data as independent from modelling results as possible. Extrapolating these results is 

therefore out of scope for this study, but would increase the applicability of the SAR derived wind speeds for 

wind energy purposes  and will be considered in the future. Comparisons at 10 m are nonetheless valuable to 

assess differences to mesoscale models and to gain insight in horizontal variation of wind resources. 
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c) Wind resource comparisons 

This study shows comparison between SAR and WTK assuming that both are representative for the wind 

climatology. A method to sample SAR winds according to wind classes which are based on modelled 

climatology is available to reduce the number of samples necessary for wind resource assessment (Badger et 

al. 2010). This has the advantage of choosing scenes that are more representative for the large scales wind 

conditions, but comes with the disadvantage of weakening the independence of the SAR derived results. 

Combining data with other in situ observations as done in Doubrawa et al. (2015) is an option, but the density 

of measurements on the US East Coast is lower than in the Great Lakes, where the method was developed. 

Wind resources are calculated at three examplary locations using in situ data at three locations with data for 

more than 7 years. SAR derived wind resources overestimate the energy density by 72 W/m2 at buoy 44029 

and underestimate them by 136 W/m2 for buoy 41038. Sampling of the SAR scenes shows considerably uneven 

sampling between different seasons (Figure 7). In the region of buoy 44029 the winter months with high wind 

speeds are overrepresented. Wind resource estimates derived from these data will retain a bias to higher wind 

speeds and thus overestimate the wind resource, which is in line with our observations. For buoy 41038 an 

opposing bias towards summer and early autumn associated with low wind speeds could explain the 

underestimation of wind resources. The resource estimate from SAR shows little difference in Weibull 

parameters and energy density for buoy 44009. In this region, seasonal sampling is more evenly distributed and 

oversampling occurs between the extrema. Wind resource estimates from the WTK have been made at the 

same buoy locations. Generally, the wind resources are estimated more accurately than from SAR but 

overestimations of 69 W/m2 occur at buoy 44029.  

 

SAR wind atlases for other regions have generally not reported seasonal dependency in the data coverage 

(Hasager et al. 2011; Karagali et al. 2014). A simple method to overcome this problem was implemented using 

weighted monthly averages to calculate the mean wind speed (Eq. 4) (Monaldo 2011). This seasonal corrected 

mean reduces wind speeds in the north, while increasing them in the south of the study domain. Differences 

frequently exceed 0.5 m/s, which are substantial for a product that should be used in the context of wind 

energy. The seasonal corrected mean wind agree better with long term means from buoy observation (Table 

2), both in terms of mean errors and RMSE, and we see them to be the better choice when estimating wind 

climatology. Using monthly weights in the estimation of SAR derived Weibull parameters should be possible 
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but implementing and validating such a method is out of scope for this paper. Therefore, we must refer the 

reader to future work for correctly estimated Weibull parameters and energy density. 

d) Influences of diurnal variability 

SAR satellites operate on orbits with fixed times for ascending and descending tracks twelve hours apart. This 

sampling bias influences results in the wind atlas. The time of day of the observations from Envisat are approx. 

3am and 15pm while Sentinel-1A, 1B, and Radarsat-1 are observing at 10am and 10pm. Envisat contributes the 

most observations in this study and thus its temporal bias will largely influence results. For buoy 44072 located 

in the Chesapeake Bay, both Envisat acquisition times are close to a local minimum of the wind speed. 

Therefore, a bias towards underestimating the climatological mean wind speed is expected here. For SAR mean 

winds at the remaining buoy locations displayed in Figure 6, the effect from diurnal variability will be smaller 

but still present. Adding more Sentinel-1 acquisitions will even out the diurnal sampling bias from Envisat.  

Sea breeze phenomena present in this region are contributing to diurnal wind speed variations (Hughes & 

Veron 2015). The influence of the diurnal cycle is more pronounced closer to shore. SAR images that happen to 

oversample the wind speed minimum of the diurnal cycle would cause a stronger bias towards lower wind 

speeds closer to shore than farther offshore. Wind observations sampled in such a way would artificially 

increase the coastal gradient.  

e) Wind speed gradients from SAR and WTK 

The second part of this study focuses on wind speed variation from SAR and the WTK. Mean wind speeds are 

compared with seasonally corrected SAR winds. Mesoscale models are known to have higher uncertainties 

offshore if winds come from land (Hahmann et al. 2015). For the buoy locations in Figure 5 westerly winds 

come over land and the wind roses show that these directions occur frequently. For these directions, coastal 

wind speed gradients are expected to occur caused by the roughness change between land and sea. Coastal 

gradients from SAR have been shown to agree well with lidar wind speeds for the first few kilometers from 

shore (Ahsbahs et al. 2017). The SAR-based wind atlas has a resolution of 0.02° that makes it a good tool to 

investigate horizontal variations in the mean wind speed and serve as a reference for modelled wind speed 

gradients from the WTK.  

Wind speeds from SAR are typically lower than those from the WTK close to shore but gradients from SAR are 

higher than from the WTK for most regions (Figure 12b, c, e, and f). 100 km from shore SAR tends to give 
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higher winds than WTK. Wind speed gradients show that SAR winds are, on average, showing an increase of 

1.40 m/s per 100km. For the WTK this value is only 0.91 m/s per 100 km. Fixed times of the satellite tracks 

could influence wind speed gradients, if they show diurnal variability. This cannot easily be investigated from 

buoy measurements since they lack the spatial coverage which was the initial motivation for this study. The 

influence of sampling biases is unlikely the sole source for the observed differences in the wind speed 

gradients. It seems likely that WTK is underestimating wind speed gradients for the first 100 km but a closer 

investigation is necessary to confirm this.  

Wind atlases can be used to investigate wind resource potential at large scales, i.e., identifying regions that are 

most promising for wind farm development. Mean wind speeds at equal distance to shore showed good 

agreement in the northern part of the domain but disagree more strongly in the south. Results from SAR show 

much more variation along the coast and a distinct minimum in the wind speed close to Delaware (transect_id 

from 400 to 500). In this region results from buoy 44072 located at Chesapeake Bay (Figure 7) suggest that 

Envisat is sampling during two local wind speed minima. This could partially explain the low SAR winds speed in 

this region. Results from earlier resource assessments in Dvorak et al. (2013) using WRF found that wind 

resources are generally increasing going further from south to north in our investigated domain but show less 

variability than both SAR and WTK. 

Spatial variation of the mean wind speed within lease areas for wind farm development is investigated using 

WTK and SAR data (Figure 15). For most areas, WTK shows less variation than SAR. For example, wind speeds 

for “New Jersey South” range from 6.8 to 7.0 m/s. Low variation like this might lead a developer to neglect 

horizontal wind speed gradients at their site, i.e. during the planning of a measurement campaign. At the same 

location SAR wind speeds range from 6.3 to 7.1 m/s. This variation is substantially larger suggesting that wind 

speed variation within this area should be considered. SAR wind maps resolve more variation than mesoscale 

models or scatterometer which can explain part of the increased variation (Karagali et al. 2014). Another 

reason could be speckle noise in the SAR images themselves but spatial and temporal averaging, as performed 

in this study, will greatly reduce this effect. Variations found here are in line with previous studies from the 

Anholt wind farm in Denmark, that is located downstream of a complex coastline and can experience strong 

wind speed gradients (Peña et al. 2017; Ahsbahs et al. 2018). 

 

f) Future work 
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We see two ways forward to use SAR derived wind atlases for mesoscale  model comparisons: i) Improving the 

climatological representativeness of the SAR wind atlas; ii) Dropping the assumption of random sampling of the 

SAR data and subsample the mesoscale model data to match the sampling characteristics of SAR.  

i) Seasonal biases and poor representation of diurnal cycles are likely major contributors of uncertainty for the 

SAR wind atlas. We would like to suggest a way to further improve SAR wind atlases to correctly represent 

climatological conditions. Weighting SAR scenes by month could overcome seasonal biases and give better 

estimations of the Weibull parameters while retaining the observational character of the SAR based wind atlas. 

Such an approach is out of scope for this paper and considered as inspiration for future work. Additionally, 

acquisition times of Envisat and Sentinel-1 are separated by five hours as shown in Figure 7. With an increasing 

archive of Sentinel-1 data, future wind atlases will be based on data more evenly distributed over the time of 

day.  

ii) The WTK is a mesoscale model and does not experience sampling biases since it provides time series data for 

each point. Instead of assuming the SAR wind atlas to be climatological representative, we suggest randomly 

sampling mesoscale model data in order to more realistically represent the seasons and times of day present in 

the SAR archive. Repeating this process would create an ensample of model-based wind atlases include 

uncertainties from the sampling. The SAR wind atlas can raise awareness for possible flaws in the model where 

it falls outside the mesoscale model ensemble envelope. This approach could be combined with the 

investigation of spatial wind speed variability presented in this study.  

6 Conclusion 

Using a large number of collocated buoy measurements we have shown that SAR wind fields from different 

sensors can be inter-calibrated. The derived SAR wind atlas is novel in two regards: 1) it ensures consistent 

calibration towards wind retrievals from different sensors and 2) it covers the US East Coast where a similar 

product has not been available before. The presented sensors show seasonal sampling biases that are 

inconsistent over the study domain but mean wind speeds can be corrected to show a bias of 0.09 m/s and an 

RMSE of 0.39 m/s compared to long term buoy observations.  

Comparisons of the long term mean wind speeds at 10 m between SAR and the WIND Toolkit indicate that: 1) 

the model could under-predict the horizontal wind speed gradient with respect to the distance to shore. 2) 

Wind speed variations within areas designated for offshore wind farm development are lower in the WTK than 
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with SAR. These findings raise awareness that spatial variations of wind resources might be underestimated 

from in this mesoscale model. 
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Abstract 

In this paper, we retrieve wake characteristics at the wind farm Westermost Rough from Sentinel-

1 Synthetic Aperture Radar (SAR) images. For the first time, collocated reference measurements of 

the full flow field around the wind farm are available from Doppler radars. One case with 

reference measurement up to 10 km downstream of the wind farms shows that SAR images depict 

the wake better close to the wind farm than further downstream. Comparison of two cases with 

similar wind speed and direction indicate that under unstable atmospheric stratification SAR 

images can retrieve the structure of the wind farm close to the wind farm while little velocity 

deficit is found for stable stratification. Openly available Sentinel-1 image can be used to study the 

structure of wind farm wakes depending on the stability conditions. From an average of twelve 

available collocated cases we find that velocity deficits at hub height are 8% from Doppler radar 

measurements and 4% from SAR wind retrievals. 

1 Introduction 
Wind turbines are installed increasingly offshore in utility scale wind farms with several 100 MW 

installed capacity to satisfy the demand for renewable energy (ref). Especially in Northern Europe 

the amount of large offshore wind farms are increasing rapidly. Due to the extraction of energy 

from the wind, utility scale wind farms cause atmospheric wakes extending tens of kilometers with 

reduced wind speeds downstream of the farm (Hasager et al. 2015; Platis et al. 2018 and 

reference therin). Correct quantification of the wake effect, not only within a wind farm but also 

from neighbouring wind farms, is necessary for accurate energy yield assessment of potential 

offshore wind farm sites. It is possible to detect wakes from SAR on board satellites (Christiansen 
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& Hasager 2005) and quantitative comparisons to large scale reference measurement are the 

focus of this paper. 

Satellite SAR sensors routinely measure the backscatter of the Earth’s surface and provide images 

that are several hundred kilometers wide. Over the ocean, the backscatter is strongly related to 

the wind speed and images can be transformed to wind fields with resolution of typically 500 m, 

which is the highest resolution possible for satellite derived wind speeds; see Dagestad et al. 

(2013) for an overview. The use of SAR wind fields has the potential of saving costly deployment of 

in situ observations over a large number of sites since SAR data is distributed free of charge by the 

Copernicus1 program. SAR observations are obtained from the ocean surface and may be 

converted to wind speeds at 10 m above sea level (asl.). Due to the low orbit, images are acquired 

every few days and the temporal averaging over each image only spans a few seconds. Many 

validation studies have addressed the accuracy of SAR wind fields compared to wind 

measurements from ocean buoys (Monaldo et al. 2001; La et al. 2017; Lu et al. 2018), 

scatterometers (Monaldo et al. 2015), meteorological masts (Hasager et al. 2011), and wind lidars 

(Ahsbahs et al. 2017).  

Wind turbines extract energy from the wind causing a region of reduced wind speed and increased 

turbulence downstream that is called wake (Vermeer et al. 2003). For a wind farm with many 

operating wind turbines the wake of the single turbines overlap and start to form a combined 

wind farm wake. Wakes can be modelled but validation usually focuses on the effects within the 

wind farm. A review of current wake models is available in Göçmen et al. (2016). Wind farm wakes 

have been observed in SAR imagery from the  C-band sensors ERS (Christiansen & Hasager 2005), 

Envisat, Radarsat-2 (Hasager et al. 2015), and Sentinel-1 (Djath et al. 2018). Wakes extend 

between few and tens of kilometers behind wind farms depending on atmospheric conditions are 

commonly observed in these images. Comparisons to wake models in Hasager et al. (2015) suggest 

that SAR wind fields estimate a lower wind speed reduction than models predict. While the above 

mentioned studies characterize wind farm wakes from SAR imagery, a consistent validation of the 

observed velocity deficit is missing. This limits the use of SAR as a reference to wake models. 

                                                           
1
 http://copernicus.eu/ 
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The absolute accuracy on the velocity deficits estimated from SAR is unknown due to a lack of in 

situ observations in the wake of large wind farms. Meteorological masts equipped with cup or 

sonic anemometers can accurately measure wind speeds over several heights. Measurements are 

restricted to a single location per mast and the number of measurement stations are limited due 

to the very high cost of installation and maintenance offshore. These observations cannot easily 

be compared with SAR wind fields because the spatial scales differ especially in the wind farm 

wake. Wind LiDARs are available in two configurations: (1) Profiling lidars that measure wind 

speeds at multiple heights at a single location and (2) scanning lidars that measure a horizontal 

wind field within ranges up to 5-10 km (Vasiljević et al. 2016). For validation of SAR wake 

measurements, profiling lidars have the same properties as mast observations. Comparisons 

between scanning lidars and SAR have been conducted (Jacobsen et al. 2015) for the research 

wind farm Alpha Ventus. SAR wind fields in the wind farm wake have also been compared to 

measurements from the turbine’s Supervisory Control And Acquisition System (SCADA). These 

comparisons show a strong wind speed correlation in the wake (Ahsbahs et al. 2018) but also 

suggest that wind retrievals from SAR  overestimate the wind speed in the wake.  

Comparisons of SAR winds against other data types involve vertical extrapolation since reference 

measurements are typically not obtained at the 10-m level. Wind profiles need to be assumed that 

are not realistic in the wake of wind farms where the wind profile is not in local equilibrium. A 

semi-empirical model for wind profile in the wind farm wake has been proposed (Djath et al. 2018) 

but validation is missing. Further, SAR observations may be influenced by oceanic currents and 

waves (Johannessen et al. 1996), whereas reference data sets represent the atmospheric 

conditions only. The gap in the validation of SAR winds in the wake of offshore wind farms is the 

motivation for the analysis conducted in the following.  

Dual-Doppler radars can remotely sense line of sight wind speeds accurately over distances up to 

tens of kilometres and new devices are built for wind measurements (Hirth et al. 2012; Hirth et al. 

2015). This measurement technology can provide information about wind farm wakes at a high 

spatial and temporal resolution. An example of this is the BEACon measurement campaign 

conducted by the utility company Ørsted. Two Doppler radars measure the horizontal wind 

velocity three-dimensional measurements of the wind farm wakes in the surroundings of 
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Westermost Rough wind farm in the United Kingdom. With this technique, wind farm wakes can 

be traced over several kilometers (Nygaard & Newcombe 2018). For the period of the campaign, 

60 co-located Sentinel-1 SAR acquisitions are available.  

The purpose of this paper is to analyse observations of wind farm wakes from SAR and dual-

Doppler radars. To our knowledge, this is the first time 3D atmospheric measurement of a full 

wind farm wakes have been available coinciding SAR data acquisitions. We will characterize wind 

farm wakes in the near and the far wake based on three selected cases and then quantify velocity 

deficits from all the collocated SAR and Doppler radar observations. The paper is structured as 

follows: Section 2 gives an overview of the investigated location and data sets. Section 3 presents 

three case studies; one case with observations of near and far wake and two cases showing the 

near wake with undisturbed inflow conditions. Section 4 presents mean values derived from all 

the available cases. In Section 5 and Section 6 we discuss and conclude on the presented findings.  

2 Location and data 

2.1 Wind farm 

This analysis focuses on the wind farm Westermost Rough (WR) off the English East coast close to 

Hull. It is a typical medium sized offshore wind farm located between 8 and 14 km from the shore. 

The wind farm consists of 35 turbines placed in a regular grid with a nameplate capacity of 6 MW. 

Their hub height is 102 m, while the rotor diameter (D) is 154 m. Error! Reference source not 

found.a shows the layout of the wind farm with internal spacing of the turbines 950 m or 6.2D and 

1140 m or 7.4D. There is a gap where no wind turbines are placed in the regular grid in row C and 

D. Error! Reference source not found.b shows the coastline to the southwest of Westermost 

Rough and the wind farm Humber Gateway 20 km to the South.  

2.2 SAR 

Sentinel-1A and 1B SAR images are collected covering WR and its surroundings. Images are in 

Interferometric Wide (IW) swath mode with VV polarization and are downloaded in the medium 

Ground Range Detected format, which is delivered with a 40-m spatial resolution (Bourbigot et al. 

2016). Sentinel-1 data is distributed by the European Union’s Copernicus program and can be used 

free of charge for both research and commercial purposes. The satellites are in a sun-synchronous 
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orbit and images are acquired in the morning around 6 am and the afternoon around 5 pm local 

time. Images covering the wind farm WR are obtained every couple of days.  

2.3 Scanning Doppler radars 

Pulsed radars can measure wind speeds by recording the returned radar waves that are Doppler 

shifted depending on the wind speed. The component of the wind velocity vector along the 

direction of the radar beam is measured. Two X-band Doppler radars (Hirth et al. 2012; Hirth et al. 

2015) have been deployed for the BEACon measurement campaign between 2016 and 2018, see 

Error! Reference source not found.b. The radars have a beam width of 0.5°. A high range 

resolution of 15 m independent of distance is reached by pulse compression. The radars scan 

between 0.2° and 1.4° elevation with 0.1° increments over an arc of 60° of azimuth covering 

Westermost Rough and the surrounding area with one full scan completed in 64 seconds. Quality 

control is performed on the data to exclude radar artefacts. The maximum range of the systems is 

35 km and the position of the radar scans is indicated in Error! Reference source not found.b.  

The scans from the two radars are combined into horizontal wind speeds and wind directions 

(Hirth et al. 2015) on a UTM grid with 50 m horizontal and 25 m vertical resolution with heights 

between 50 m and 250 m. Reconstruction of the horizontal wind speed and wind direction 

requires independent line of sight wind speeds from two radars. This reconstruction works best 

when the beams cross each other perpendicularly and uncertainties increase as the angle between 

the beams decreases. 

 

Figure 1: Left: Wind farm layout of Westermost Rough (a), right: overview of radar positions 𝑹𝒏𝒐𝒓𝒕𝒉 and 𝑹𝒔𝒐𝒖𝒕𝒉  and the areas 
covered by their scans. Two wind farms are present: Westermost Rough (WR) and Humber Gateway (HG). 
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For the purpose of this study we focus on wind fields from the Doppler radars near the 

timestamps of the satellite overpasses. For 60 images collocated radar scans included valid data 

but the data coverage is poor in many cases. A total of 20 radar scans have sufficient coverage to 

show at least part of the wind farm wake and these form the basis of the further analysis. 

2.4 Ancillary data 

SCADA wind direction 

The wind farm SCADA system measures and records wind farm parameters. We use an aggregated 

yaw signal from all the turbines as indicator of the wind direction. This SCADA wind direction has 

been calibrated using turbine pairs near the wind farm perimeter. The offset in the SCADA wind 

direction is derived by comparing the profile of relative power as a function of wind direction with 

the expected wind direction of maximum power loss given the geometry of the layout (Réthoré et 

al. 2009). The SCADA wind direction is used as a reference wind direction for classifying SAR 

images since it would be available at other wind farms as well. 

CFSR data 

CFSR2 reanalysis data is used to determine differences in the sea and air temperature (Saha et al. 

2014). This temperature difference is used as a qualitative proxy for stability estimates. 

3 Methods 

3.1 SAR wind retrieval 

SAR sensors are active microwave radars that scan the surface of the earth. The strength of the 

backscatter is measured as the Normalized Radar Cross Section (NRCS). Over the water, small cm-

scale waves are in local equilibrium with the wind speed. Bragg scattering is dominant for these 

scales and determines the NRCS (Valenzuela 1978). Therefore, wind speeds can be inferred from a 

Geophysical Model Function (GMF) linking the NRCS to the wind speed at 10 m. Ancillary inputs 

from the geometry of the satellite trajectory and an a priori wind direction are necessary to 

determine the wind speed, see (Dagestad et al. 2013) for an overview. For C-band SAR images 

used in this study the GMF family CMOD is commonly used (Stoffelen & Anderson 1997; Hersbach 

et al. 2007) and in particular CMOD5.N is applied throughout this study (Hersbach 2010). C-band 

SAR images typically have a resolution in the order of a few meter, but further averaging is 
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necessary to reduce inherent speckle noise and effects from longer ocean waves. Wind direction 

inputs are coming from the Global Forecast System (GFS) model2 and are interpolated to the 

resolution cells of the satellite. Wind retrievals within the wind farm can be contaminated by 

reflections from the wind turbine causing erroneous wind retrievals. Therefore, it is not 

recommended to use those values quantitatively, though the raw satellite image can still contain 

qualitative of flow patterns within the wind farm. 

3.2 Classification of upstream and wake 

Doppler radar measurements cover both the region upstream of the wind farm and the wake 

region downstream. This is comparable to spatial scale of SAR images and Doppler radars are 

therefore well suited as a reference data set for validation of SAR. Three distinct areas of the wind 

field are defined based on the SCADA wind direction: i) “upstream”, defined the region upstream 

of the wind farm; ii)”wake”, by thearea downstream of the wind farm; iii) “side”, as the area 

adjacent to the wake. Wind retrievals within the wind farm a buffer of 500 m are discarded since 

SAR winds are not reliable due to reflections from wind turbines.  

  

Figure 2: Regions for an example SAR image from 2018-04-27. Three regions “side”, “wake”, and “upstream” are indicated and 
the wind direction for this example  

The wind speed 𝑢 and direction 𝑊𝐷 are spatially averaged over each of these areas. The area is 

denoted in a subscript and the measurement device in a superscript. The turbulence intensity 

upstream from the Doppler radar is defined assuming a homogenous flow: 

                                                           
2
 ftp://ftp.ncep.noaa.gov/pub/data/nccf/com/gfs/prod 
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𝑇𝐼𝑢𝑝
𝐷𝑅 =

√[(𝑢𝑢𝑝
𝐷𝑅 − [𝑢𝑢𝑝

𝐷𝑅])2]

[𝑢𝑢𝑝
𝐷𝑅]

 

Where 𝑢 is the instantaneous wind speed and [*] denotes the spatial average for each region 

described above.  

4 Case studies 
Table 1 summarizes Doppler radar and SAR wind properties upstream and downstream for all 

cases with sufficient Doppler radar coverage. Wind speed, direction and turbulence intensity are 

calculated from spatial averages over areas defined in Figure 2. Three cases are presented from 

this data set. 

Table 1: Overview of Doppler radar measurements collocated with SAR images. All Doppler radar winds are measured at 100 m. 
Δt is the time difference between Doppler radar scan and SAR image and “sen” denotes the SAR sensor. 

 

 

The first case shall present the evolution of a wind farm wakes from the near wake close to the far 

wake several kilometer downstream of the last turbines, see Section 4.1. Due to the radar 

configuration and scanning strategy, this case needs winds from southwest, see Error! Reference 

source not found..  Wind speeds need to be in a range where wakes are expect, ideally between 

cut in and rated wind speed. We further require that the wind conditions are steady, in other 
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words, no large temporal changes. The case from 2017-10-04 fulfils these requirements and will 

be presented as “Case 1”.  

Two more cases are presented where the inflow conditions are not disturbed by upstream land or 

wind farms in Section 4.2. The aim is to compare two cases where the wind conditions are similar 

in regard to wind direction and speed, but wakes are depicted differently in SAR. The aim is to 

identify possible reasons for differences in the characterization of wind farm wakes from SAR. 

These conditions are fulfilled by cases 2018-04-27 and 2018-04-09 referred to as “Case 2” and 

“Case 3” respectively. 

4.1 Case 1: Evolution of the wake 
The Sentinel-1 image in Figure 3 from 2017-10-04 shows radar backscatter and Doppler radar 

measurements are available covering the inflow up to 4 km upstream and the wake up to 12 km 

downstream of the wind farm.  

 

Figure 3: NRCS from a Sentinel-1A SAR image from 2017-10-04 at 17:04. Turbine positions are indicated as red dots and a 
transects 700 m downstream as red lines. 

Figure 3 shows the NRCS around WR at 17:04. The intensity varies over the image with strong backscatter 

where the turbines are located. Northeast of WR dark streaks indicate an area of lower NRCS. The wind 

direction is 235° which locates these features downstream of the wind turbines. We associate this change 

in backscatter with the reduced wind speeds in the wake of the wind farm. Observing the structure more 
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closely, we can determine that the streaks are in line with the wind turbine rows in the northeasterly 

direction. Streaks are present for approximately 7 km downstream of the wind farm. A reduction in the 

backscatter does not appear directly downstream of the first turbine in row A, but rather between row B 

and C, which is consistent with the wakes expanding beyond the rotor area and reaching the surface after a 

finite propagation distance in line with findings from Li & Lehner (2013). Dual Doppler reconstructed wind 

speeds are available on a grid covering the wind farm and a large area downstream.  

 

Figure 4: Horizontal wind speed at 100 m from BEACon. Left: Instantaneous wind speeds closest to the SAR image in Figure 3 
including three transects. Right: 10 minute averaged wind speed around the SAR image. 

Dual Doppler reconstructed wind speeds are available on a grid covering the wind farm and a large area 

downstream. Figure 4 shows two wind fields: Figure 4a shows an instantaneous snapshot of the 

wind speeds from the BEACon radars measured less than a minute from the SAR image, and Figure 

4b shows 10-minute mean wind speeds constructed from 9 scans. The instantaneous wind field 

shows variation more variations as expected from a turbulent wind field. Small scale variations 

reduced in the averaging process in Figure 4b.  

We can make several observations from Figure 4a: i) Wakes are present downstream of each wind 

turbine row, ii) The wakes of the individual wind turbines overlap with wakes from downstream 

turbines, iii) The wakes are aligned with wind turbine rows (we will call them “row wakes” from 

here on), iv) The wake of the turbine rows extend downstream of the wind farm and stay separate 

for several kilometers before starting to merge, v) Row wakes downstream of the wind farm in the 

South are more pronounced than in the North, vi).  
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The mean wind field in Figure 4b shows some features that are hard to determine from the 

instantaneous wind field: i) Wakes in Row 1 are exactly aligned in row 1 while wakes in row 7 are 

slightly misaligned towards more northerly directions. For the rows between this effect seems to 

be gradually changing ii) The wind speed reduction in the centre of the wake is less pronounced 

than on the sides when the individual rows wakes start to merge. This corresponds to a reduced 

number of turbines in row 4 and 5. iii) The length of the wind farm wake is similar between the 

Norther and Southern side. 

A qualitative comparison of the SAR image in Figure 3 showing radar backscatter and the Doppler 

radar measurements in Figure 4 reveals some similarities: i) Streaks of reduced backscatter and 

distinguishable wind farm wakes are structured as lines downstream of wind farm with a similar 

extend; ii) Streaks and wakes in the Southern row extend further than in the center; iii) The wake 

in the center seems to be less pronounced than at the edges. The images show differences as well. 

i) the SAR image appears more noisy, which can be accounted to speckle; ii) wind turbine wakes in 

Doppler radar measurements appear directly downstream of turbines in row A, while they appear 

further downstream in the SAR image; iii) The most pronounced wake in the SAR image is located 

at the northern row while the Doppler radars shows less of a wake here. 

4.1.1 Cross-wind transects 

In order to go from a qualitative to a quantitative comparison of wind speeds are extracted from 

transects outlined on the SAR wind maps. SAR observations at the resolution of Figure 3 are too 

noisy for accurate wind speed retrieval and further averaging is needed prior to wind retrieval 

processing. Averaging of SAR images to reduce speckle noise should be done over homogenous 

areas. The standard processing implemented at DTU averages on quadratic pixels of 500 m. We 

denote this “default” processing. Figure 3 and Figure 4 show that wakes are anisotropic in their 

length scale. The characteristic cross-wind scale is on the order of one rotor diameter, which is 150 

m for this wind farm, while wakes extend several kilometers in the stream-wise direction. In cross 

wind direction this is much smaller than the default processing would mix regions inside and 

outside the row wakes. In order to avoid this, a second type of averaging is performed using 

rectangular boxes aligned with the wind direction. Pixels are averaged over boxes with 150 m in 

cross stream (corresponding to one rotor diameter) and 1000 m in the stream-wise direction.We 

denote this “aligned” processing.  
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We choose three transects: Between 200 and 1200 m downstream (in stream-wise direction) of 

turbine row F that we denote as 700 m corresponding to the center of the transect. Similarly, 

transects at 3700 and 7700 m are defined. Transects and the coordinate system used are shown in 

Figure 4. Instantaneous Doppler radar wind speeds from Figure 4 are averaged as the aligned 

processing to make the datasets comparable. Wind speeds are presented as velocity deficits 

compared to free stream wind speeds outside the wind farm wake: 

𝑉𝐷(𝑥) =  
𝑈𝑓𝑟𝑒𝑒𝑠𝑡𝑟𝑒𝑎𝑚 − 𝑈𝑤𝑎𝑘𝑒(𝑥)

𝑈𝑓𝑟𝑒𝑒𝑠𝑡𝑟𝑒𝑎𝑚
 

We define the free stream as the wind speed outside the wake at 4000m < |x|. The reference 

wind speed is an averaged between both sides to account for spatial variations. 

 

Figure 5: Transects at 700m downstream for Case 1: Three Doppler radar heights, 50, 100 and 150m are shown, and SAR wind 
speeds retrieved at the transect with aligned and default processing. 

Figure 5 shows wind speeds from SAR and Doppler radars on a transect 700 m from the wind farm. 

The coordinate system is defined such that the x direction points southwards. Doppler radar 

velocity deficits show seven distinct row wakes with velocity deficits between 6% and 26%. 

Velocity deficits tend to decrease with height, more so in the south (negative x). We can observe 

that SAR velocity deficits with aligned processing follow observations from the Doppler radars 

remarkably well. Local maxima, corresponding occur at the same positions indicating that 

Publications 179



13 
 

individual row wakes are at the same position in SAR than in the Doppler radar measurements. A 

general trend shows SAR velocity deficits to be lower with an exception is the wake at -3000m, 

where SAR velocity deficits are higher. SAR velocity deficits from default processing do show an 

overall velocity deficit in the wind farm wake but are unable to detect individual wakes. This was 

expected from the averaging process that does not take the local structure of the wake into 

account. Between -4500 and -3000 m there is an area of negative velocity deficit in the Doppler 

radar data not present in the SAR. This could likely be a gust that is present at measurement 

heights of the dual Doppler radar but not at the sea surface where SAR measurements are 

obtained. 

 

 

Figure 6:Similar to Figure 5 for two more transects; top: 3700 m and bottom: at 7700 m. 
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Figure 6 shows transects at 3700 m downstream. A distinct velocity deficit measured from the 

Doppler radars is visible and row wakes from Figure 5 have started to merge. There are still 

defined maxima at -3000, 1200, and 3000 m. Aligned SAR processing picks up these maxima but 

the locations can be slightly shifted, while default processing does not represent this structure 

well. At 7700 m, measurements Doppler measurements from 50 m are not available anymore due 

to the inclination of the radar beams. At 100 and 150 m there is still noticeable velocity deficit, 

though smaller than for transects closer to the wind farm. Velocity deficits are highest at -2200 

and 3000 m. These locations are linked to the row wakes on the side of the wind farm where most 

upstream turbines are located, see Error! Reference source not found.. Velocity deficits from SAR 

do not show a wake deficit anymore for neither processing method. 

4.1.2 Along-wind transects 

Velocity deficits are decreasing with the distance to the wind farm, see Figure 5 and Figure 6. The 

evolution of VD is studied using rectangular areas downstream with 1 km in stream wise and 6 km 

in cross stream direction, similar to (Christiansen & Hasager 2005). The reference wind speeds is 

again taken as an average to either side of the wind farm, see Figure 7.  

  

Figure 7: Left: SAR image with rectangular averaging for streamwise transect. Right: VD on streamwise transect for Doppler 
radar and SAR. 

Figure 7 shows the velocity deficit over the distance to the wind farm. In the Doppler radar 

measurements the velocity deficit decreases but stays around 6% from 4000 m onwards. It seems 

counter-intuitive that the velocity deficit is constant with the distance but this could likely be 

explained from high wind speeds, see Figure 4. In contrast, velocity deficits from SAR decrease 

downstream until it crosses 0 at about 6000 m. For the first three kilometres the slope of SAR and 
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Doppler radar measurements at all heights is similar. The velocity deficit is more similar between 

SAR and Doppler radar measurements in the near wake and starts to deviate in the far wake. This 

results seems counter-intuitive as the flow is expected to reach a new equilibrium state.  

4.2 Wakes at similar wind conditions 

In the following, two examples are presented that are similar in terms of wind speed and 

direction. Case 2 occurs on 2018-04-27 where the wind direction obtained from the wind farm is 

73°. Case 3 occurs 18 days earlier on 2018-04-09 where the wind direction is 93°. SAR backscatter 

and Doppler radar winds at 100 m are presented for Case 2 in Figure 8 and for Case 3 in Figure 9. 

 

Figure 8:  Case 2 (2018-04-27 17:04 UTC), left: SAR backscatter image, right: Doppler radar wind speed at 100m 

 

Figure 9: Case 3 (2018-04-09 17:04 UTC) with the SAR backscatter image on the left and Doppler radar data on the right 

The SAR image from Case 2 in Figure 8 very clearly shows dark streaks downstream of the wind 

farm. The Doppler radar measurement shows the presence of wind farm wakes in a similar area. 

Wakes start merge fast downstream of the southern part of the wind farm. The SAR image of Case 
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3 in Figure 9 does not show clearly visible dark areas downstream of the wind turbines, while the 

Doppler radar at 100 m is showing clearly visible wakes. The directions of the wakes are 

approximately diagonal to the grid-like structure of the wind farm rows. Wakes stay separated in 

the wind farm until they leave the dual Doppler domain to the east. 

4.2.1 Cross-wind transects 

Transects are defined at a distance of 700 m downstream of turbine A07 and 7 km to either side in 

cross-wind direction as shown in Figure 8 and Figure 9. Wind speeds on the transects are 

calculated similar to Section 4.1. The free stream is defined as the small section at the southern 

end of the transect where the Doppler radar data shows no wake effects. Transects of the 

resulting velocity deficits are shown in Figure 10.  

Doppler radar velocity deficits for Case 2 in Figure 10a clearly show the velocity deficit downstream 

of tubine A07 (at 0 m) and also clearly distinguishable wakes at 900 and 1800 m. From 2500 m to 

5500 m wakes are overlapping and individual turbine or row wakes are not distinguishable. SAR 

winds retrieved on the transect very clearly follow wind speeds as measured from the Doppler 

radars in the waked region. Similar to Case 1, aligned SAR processing follows the structure of the 

individual wakes well, while default SAR processing does not show individual wakes but the overall 

velocity reduction. In general, SAR shows less velocity deficit than measured from the Doppler 

radars.  

For Case 3 in Figure 10b the Doppler radar measurements clearly show individual wakes and an 

overall reduction of the wind speed with a maximum velocity deficit is around 35%. The velocity 

stronger at 0 m as this location is closest to the wind farm. Velocity deficits from SAR range 

between -6% and 8% but do not follow the individual wakes as seen from the Doppler radars. 

There is a tendency towards positive velocity deficits from -3000 m to 2000 m where the wind 

farm wake would be expected and little difference between wind speeds retrieved with default or 

aligned processing. 

Publications 183



17 
 

 

Figure 10: Transects of the velocity deficit for Case 2 (top) and Case 3 (bottom) 

The two cases were chosen, since the wind speed at 100m and the wind direction very similar. 

From comparisons of the wind fields alone, it is not clear why wakes in the SAR image clearly 

follow Doppler radar measurements in Case 2 but not in Case 3.  

4.2.2 Wind profiles 

In the following, the vertical structure of the atmosphere is examined. Doppler radar 

measurements are available at heights between 50 and 250 m but we limit the height to 175 m 

due to low measurement availability above. Profiles are calculated from spatial averaging of 
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instantaneous wind speeds in the free stream region, see Figure 2. The availability of the Doppler 

radar measurements is not constant over the height. In order to avoid artefacts from averaging 

different horizontal positions we require that measurements are available for all heights at the 

considered locations. Profiles of mean wind speed, wind direction, turbulence intensity are 

calculated.  

Figure 11 shows the resulting profiles. The wind speed upstream for Case 2 shows little change 

between 50 and 125 and a wind speed reduction above. Upstream wind profiles for Case 3 shows 

an increase in the wind speed with height. The averaged wind profiles in the wake are similar 

between the cases. The change in wind direction with height (wind veer) upstream is weak for 

Case 2 ranging from 73° to 74° and but stronger for Case 3  with changes from 91° to 100°. Profiles 

of turbulence intensity are similar between the cases with higher TI closer to the ground and a 

general increase in the wind farm wake. 

 

Figure 11: Profiles upstream and downstream measured by the Doppler radars. Top: Case 2 and Bottom Case 3. From left to 
right: Wind speed, turbulence intensity and wind direction. 

Publications 185



19 
 

 

4.2.3 Atmospheric stability  

Wind farm wakes are known to be stability dependent and differences in the atmospheric 

stratification could be an explanation of how SAR captures wind farm wakes. Stability can best be 

estimated from flux or measurements of temperature differences but no such measurements are 

available at WR. Instead the atmospheric stability is estimated from measurements and models 

available to us. We will use the following parameters: i) the shear exponent 𝛼 in Eq. 2, ii) the wind 

direction change with height (veer), and iii) temperature differences between air and sea from 

CFSR models. Individually, determining stability from these sources can be misleading. Results are 

summarized in Table 2 including an average of the velocity deficit from Figure 10. 

Shear exponent 

A typical engineering model for wind profiles is the power law: 

𝑈(𝑧) =  𝑈𝑟𝑒𝑓 (
𝑧

𝑧𝑟𝑒𝑓
)

𝛼

       (2) 

Where 𝑧𝑟𝑒𝑓 and 𝑈𝑟𝑒𝑓  are the reference height and the associated wind speed and 𝛼 the shear 

exponent. A shear exponent lower than 1/7 is associated with unstable stratification and a shear 

exponent higher than 1/7 with stable stratification. Fitting the wind profiles shows that Case 2 

would have negative shear while Case 3 is at 0.07 which is associated with unstable to near neutral 

conditions.  

Wind veer 

The wind veer is expressed as changes in the wind direction between 50 and 175 m. High (low) 

veer is associated with stable (unstable) atmosphere (Wyngaard 2010). A wind veer of 1° for Case 

2 and 9° for Case 3 is observed. Wind veer at an onshore site was quantified by Berg et al. (2013). 

For similar wind speeds they found wind veers in the order of 5° for unstable, 8° for neutral, and 

20° for stable. We take this as an indication that Case 2 is likely unstable while Case 3 liew 

between neutral and stable condition.  

 CFSR stability 
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Reanalysis data can provide modelled sea surface temperatures (SST) and air temperatures. The 

difference in temperatures gives an indication for stability. Case 2 has cold air over warm water 

indicating unstable stratification. Case 3 has air that is slightly warmer than the sea indicating 

stable conditions but the temperature difference is small. 

Table 2: Summary of averaged VD from Doppler radar and SAR, wind veer, shear exponent upstream, and stability classification 
as calculated from CFSR. 

 VD at 
100m [%] 

VD SAR 
[%] 

Veer 50 to 
175 m [°] 

𝛼 [-] 𝑇𝑎𝑖𝑟 − 𝑆𝑆𝑇  
CFSR [𝐾] 

Case 2 2018-04-27 14.9 8.5 1 0.00 -1.0 

Case 3 2018-04-09 12.3 1.7 9 0.07 0.2 

 

From values presented in Table 2 we see that low wind veer, low shear exponent and CFSR derived 

stability point to unstable stratification for Case 2. For Case 3 the picture is less clear: Wind veer 

points to neutral to weakly stable stratification, temperature difference from CFSR point to slightly 

stable stratification while the shear exponent suggests slightly unstable stratification. The mean 

wind profile in Eq. 2 is only valid within the surface layer, which can be as low as a few tens of 

meters for a stable marine boundary layer. It is likely that measurements between 50 and 175 m 

are at least partially outside this layer. From this we deduct that Case 3 likely occurs under weakly 

stable conditions though some uncertainty remains. A detailed discussion on the occurrence of 

wakes for Case 2 and 3 is given in Section 6c. 

4.2.4 Wakes of surrounding wind farms 

SAR wind fields from Case 2 and Case 3 in Figure 12 cover five additional wind farms, which are 

located in the vicinity of WR. The positions of the wind farms are marked in the images and are 

visible by an apparently higher wind speed caused by reflection of the turbines. Some ships 

influence the retrieval and are visible as scattered points. For Case 2 in Figure 12a winds increase 

to the south. Wind farm wakes are visible downstream of all wind farms. For Dudgeon and 

Sherinham Shoal the velocity deficit disappears after approx. 10 km while the wake of Race Bank 

extends until it reaches Lincs. SAR winds for Case 3 in Figure 12b show less variation of the wind 

speed over the domain. Wind farm wakes are visible downstream of Race Bank, Sherinham Shoal, 

and Dudgeon and the wakes extend for several tens of kilometres.  
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Figure 12: SAR wind retrieved at 500 m resolution for (a) Case 2; (b) Case 3. Wind farms visible are: Westermost Rough (W), 
Humber Gateway (H), Lincs (L), Race Bank (R), Sherinham Shoal (S), Dudgeon (D). 

5 Overview of all wake cases 
The presented cases in Section 4 had very good coverage from the Doppler radars and showed 

that wakes from SAR and Doppler radar can be comparable. The entire data set is utilized to 

determine how SAR and Doppler radars measure velocity deficits on average. For this purpose, the 

velocity deficit is calculate from SAR and Doppler radar measurements for the same horizontal 

positions. SAR winds are retrieved using 500 m resolution of the default processing. The Doppler 

radar measurements are averaged on the same 500 m grid to collocate the measurements.   

The velocity difference in the wake (∆𝑈𝑖𝑑𝑒𝑎𝑙) is the difference between the wind speed in the wake 

and a reference wind speed. Ideally, one would observe the same realization of the flow once with 

the wind farm (𝑈𝑤𝑎𝑘𝑒) and once without the wind farm (𝑈𝑟𝑒𝑓).   

∆𝑈𝑖𝑑𝑒𝑎𝑙 =  𝑈𝑟𝑒𝑓 − 𝑈𝑤𝑎𝑘𝑒      (3)

   

Measuring this is not possible for field measurements because the wind farm either exists or does 

not exist. For a steady and homogenous flow the upstream wind speed (𝑈𝑢𝑝) is equivalent to 𝑈𝑟𝑒𝑓 

but in general the flow will be unsteady and inhomogeneous. If we assume that influences from 

inhomogeneity  ∆𝑈𝑖𝑛ℎ𝑜𝑚 and unsteadiness ∆𝑈𝑢𝑛𝑠𝑡 can be superimposed, we can write: 

 𝑈𝑟𝑒𝑓 = 𝑈𝑢𝑝 + ∆𝑈𝑖𝑛ℎ𝑜𝑚 + ∆𝑈𝑢𝑛𝑠𝑡     (4) 
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and for the velocity difference:  

∆𝑈𝑖𝑑𝑒𝑎𝑙 =  𝑈𝑢𝑝 − 𝑈𝑤𝑎𝑘𝑒 + ∆𝑈𝑖𝑛ℎ𝑜𝑚 + ∆𝑈𝑢𝑛𝑠𝑡    (5) 

Capital letters denote spatial averaging over the areas “up” and “wake” in Figure 2. Our aim is to 

isolate the difference in velocity differences as measured from SAR and Doppler radars (DR). 

Assuming mean inhomogenuities (𝛥𝑈𝑖𝑛ℎ𝑜𝑚) and local fluctuations (𝛥𝑈𝑢𝑛𝑠𝑡) to be the same 

between SAR and DR measurements, the difference in the velocity difference ∆𝑈𝑤𝑎𝑘𝑒,𝑑𝑖𝑓𝑓 

becomes: 

∆𝑈𝑤𝑎𝑘𝑒,𝑑𝑖𝑓𝑓 = 𝛥𝑈𝑖𝑑𝑒𝑎𝑙,𝑆𝐴𝑅 − 𝛥𝑈𝑖𝑑𝑒𝑎𝑙,𝐷𝑅 ≈  (𝑈𝑢𝑝,𝑆𝐴𝑅 − 𝑈𝑤𝑎𝑘𝑒,𝑆𝐴𝑅) − (𝑈𝑢𝑝,𝐷𝑅 − 𝑈𝑤𝑎𝑘𝑒,𝐷𝑅)

=  𝛥𝑈𝑤𝑎𝑘𝑒,𝑆𝐴𝑅 − 𝛥𝑈𝑤𝑎𝑘𝑒,𝐷𝑅 

          (6) 

For consistency with results from Section 4 we define these in terms of velocity deficit by assuming 

that the upstream wind speed is approximately the free stream wind speed.  

𝑉𝐷𝑤𝑎𝑘𝑒 ≈
 𝛥𝑈𝑤𝑎𝑘𝑒

𝑈𝑢𝑝
       (7) 

The right hand side of this equation can be measured. The assumption of  𝛥𝑈𝑖𝑛ℎ𝑜𝑚 and 𝛥𝑈𝑢𝑛𝑠𝑡 to 

be the same between SAR and DR can be tested using the area “side” in Figure 2. Defining the 

velocity difference between up and side: 

∆𝑈𝑠𝑖𝑑𝑒 = 𝑈𝑢𝑝 − 𝑈𝑠𝑖𝑑𝑒 =  −∆𝑈𝑖𝑛ℎ𝑜𝑚 − ∆𝑈𝑢𝑛𝑠𝑡    (8) 

Since there is no wake here differences between the areas difference originate from 

inhomogeneity and unsteadiness. The differences of Eq. 8 from SAR and DR should be zero: 

∆𝑈𝑠𝑖𝑑𝑒,𝑑𝑖𝑓𝑓 = ∆𝑈𝑠𝑖𝑑𝑒,𝑆𝐴𝑅 − ∆𝑈𝑠𝑖𝑑𝑒,𝐷𝑅 ≈ 0    (9) 

Again for consistency this can be defined in terms of VD: 

𝑉𝐷𝑠𝑖𝑑𝑒 ≈
 𝛥𝑈𝑠𝑖𝑑𝑒

𝑈𝑢𝑝
      (10) 
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We analyse SAR and DR data and calculate results for Eq. 7 and 10. Spatial averages are calculated 

for the three regions in Figure 2. We require SAR and DR data to: i) be within 1 minute of each 

other, ii) have at least 10 resolution cells in all regions, iii) have upstream DR wind speeds at 100 m 

between 4 m/s and 15 m/s, and  iv) show no large shift in wind direction over the domain since it 

becomes hard to define the position of the wake. 12 cases fulfil these requirements and averaged 

results are presented in Figure 12. 

 

Figure 13: Comparison of velocity deficits from SAR, Doppler radar (DR), and their difference for a) upstream and wake and b) 
upstream and side. 

The velocity deficit in the wake from SAR and Doppler radar together with their difference are 

plotted in Figure 13a. Results for SAR are plotted over all heights make comparisons easier while 

the value is associated to 10 m. The velocity deficit from SAR is 4% while it range from 6% to 7.5% 

for the Doppler radar. The results for checking our assumptions from Eq. 10 are plotted in Figure 

13b. Velocity deficits are small here and difference between SAR and DR are minor. This is taken as 

an indication that the assumption of SAR and DR measuring variations in the wind speed similarly 

is fulfilled.  
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6 Discussion 
The presented analysis shows the first wind farms wakes measured from SAR with coinciding 3D 

atmospheric measurement of the near and far wake. In the following we will discuss differences in 

the structure of the wake as measured from SAR and DR with regards to atmospheric conditions. 

a) SAR and DR wakes  

Three cases with Sentinel-1 SAR scenes of wind farm wakes have been presented and wakes were clearly 

present in the SAR images for Case 1 and 2. Wind fields measured from the Doppler radar at the same time 

confirmed the position of the wakes. Doppler radar measurements presented here can confirm that the 

low backscatter region typically observed downstream of a wind farms (Christiansen & Hasager 2005) 

coincides with the wind farm wake. The SAR image in Case 3 does not clearly show the presence of a wind 

farm wake while it is clearly present in the Doppler radar data. 

The wake structure in cross-wind direction is determined by local maxima and minima of the velocity deficit 

caused by individual turbines and turbine rows. To examine the wake structure, transects were defined at a 

distance of 700 m from the wind farm crossing the wind farm wake. For Case 1 and 2 where wakes were 

already clearly visible in the SAR image, coinciding velocity deficits from Doppler radars are located at 

similar positions. The velocity deficit is generally lower in SAR than from the Doppler radar. This finding 

raises confidence that the structure in the wind farm wake found in SAR images are really related to the 

wake in the atmosphere (Li & Lehner 2013). For one Case 1 Doppler radar measurements are available for 

approx. 10km. The wake structure of SAR transects agree with Doppler radar measurements close to the 

wind farm than further downstream. 

b) Wake and coastal gradients 

Determining the free stream velocity can be difficult where wind speed gradients are strong. This 

is the case for wind farms like WR where large land masses are located upstream. Engineering 

wake models cannot account for this and the gradient can be introduced by mesoscale models 

data Peña et al. (2017) or measurements Nygaard & Newcombe (2018). For the presented Case 1 

the VD from SAR disappeared after 6 km while VD from the Doppler radar stayed positive. This is 

likely caused by high wind speeds in the north of Doppler radar measurement in Figure 4. The 

transect at 7700 m downstream of the wind farm clearly shows typical wake features in the 

Doppler radar measurements while SAR did does show visible wake features. It remains unclear if 
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this is an indication that wind speeds close to the ocean recovers faster than at hub height under 

these conditions or if SAR wind speeds are erroneous in the far wake.   

c) Quantifying wake differences 

SAR measures a lower VD than D for Case 1 and 2 where the structure of the wake is in good 

agreement. Lower VD from SAR compared to other reference data has been observed before from 

comparisons to data from Weather Research and Forecasting (WRF) model (Hasager et al. 2015) 

and SCADA derived wind speeds (Ahsbahs et al. 2018). An attempt to quantify averaged 

differences in the velocity deficit from the presented data shows that SAR is underestimating by 

4%. The method proposed, assumes that inhomogenuities and unsteadiness is similarly 

represented in SAR and DR which can to a first degree be confirmed by comparisons between 

areas of the flow that are not in the wake. 

We hypothesize that differences in the VD measured from SAR compared to atmospheric wakes 

near hub height have two connected contributors: 1) Wake are generated over the area of the 

rotor, here between 48 and 176 m and are typically strongest at hub height (Vermeer et al. 2003) 

while SAR measurements are taken at the ocean surface. This horizontal difference will lead to a 

“missing” wake part in the SAR image. 2) Reduced momentum in the wake needs to be 

transported to the ocean surface in order to leave an imprint in the SAR image. The magnitude of 

this transport is determined by stratification. 

d) Wakes and stability 

Two cases with inflow conditions from the open ocean are presented that are similar in the wind 

speed and direction. Wind farm wakes are clearly visible in the SAR images for one case (Case 2) 

but not for the other (Case 3). Wind profiles and CFSR temperature differences indicate that 

atmospheric stratification is unstable for Case 2 and weakly stable for Case 3.  

An explanation can be, that large scale turbulent structures created from buoyancy are present 

under unstable conditions mix the entire atmospheric boundary layer. Reduced momentum in the 

wake is transported from hub height to the ocean surface where the structure it interacts with the 

ocean surface creating an imprint in the SAR images. The structure of the wake in the SAR images 

is very similar to the atmospheric wake measured from the Doppler radar. Under stable conditions 
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buoyancy is attenuating large turbulent structures. Low mixing reduces the transport of the wake 

from hub height to the ocean surface. These observations are consistent findings of Djath et al. 

(2018) that the maximum of the velocity deficit in a SAR wind fields occurs directly downstream of 

the wind farm for unstable conditions. Our results indicate that SAR can measure the structure of 

the wake close to the wind farm well under unstable conditions. 

Case 1 has a temperature difference in CFSR of -0.3 K and wind speeds of 10.9 m/s indicating 

slightly unstable to neutral stratification. The wind profile cannot be used to infer the stratification 

due to disturbances from the upstream land. In the near wake the SAR derived velocity deficit 

follows the reference measurements well. A similar case with neutral stratification and where 

wind turbine rows are aligned with the wind direction is available in Li & Lehner (2013). These 

results indicate that velocity deficit from SAR would also accurately describe the wake structure 

under neutral conditions but a more comprehensive analysis using accurate stability 

measurements is necessary to determine the threshold stability for this. 

e) Sentinel-1 for wake studies 

This study indicates that the wake structure can be detected from Sentinel-1 IW images similar to 

TerraSAR-X which has higher resolution (Li & Lehner 2013). Compared to TerraSAR-X, Sentinel-1 

are openly available to industry and the research community alike, which makes application at 

new location easier. Transects of SAR derived VD are calculated using two different approaches to 

spatial averaging: 1) default processing that averages to pixels with 500 m resolution that is typical 

for level 2 SAR wind products; 2) aligned processing where SAR pixels are average in 150 by 1000 

m grid cells following the wind direction. The structure of the wind farm wake is well represented 

when SAR winds are retrieved with aligned processing while it disappears in the default 

processing. For studies determining the wake structure we recommend using aligned processing 

to retain information on the wake structure and retrieve the typical VD maxima in the near wake. 

7 Conclusion 
Medium-resolution Sentinel-1 SAR images can observe the fine structure within a wind farm wake. 

For the first time, atmospheric measurements from Doppler radars covering the full wind wake are 

available to confirm the position and structure of the wake in the SAR images. A case study 
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indicates that the presence of wakes in SAR imagery is dependent on the atmospheric stability. For 

unstable stratification the structure of the wake is similar in SAR compared to atmospheric 

measurements while this is not the case for stable stratification. On average the velocity deficit 

from SAR is found to be 3-4 percentage points lower than measured at the wind turbine height. 

This comparison study indicates that SAR wind fields can be useful as large-scale reference data 

showing wind farm wakes but care must be taken as the appearance of wakes in the images is 

stability dependant. 
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6 Easy accessible SAR wind fields on wind farm scales 

Summary 

 

SAR wind fields offer high resolution surface wind speeds at resolution below 1 km over large 

areas. DTU Wind Energy has 15 years experience in working with this data to create satellite 

based wind atlases, methods for wind farm wake detection and large scale measurements for 

model validation. The SAR wind archive is now accessible outside of DTU with an archive of 

data from 2002 up until the present. The data is potentially useful to characterize potential 

offshore wind farms sites regarding horizontal coastal wind speed gradients and wind farm 

wakes of adjacent wind farms. The satellite data formats available in the archive are not well 

suitable for this type of analysis, since the wind fields are saved in a local coordinate system 

aligned with the satellite flight path. This report introduces a repacked version of the same data 

and implemented Python functions for further analysis. 
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1. SAR wind fields 

Winds over the ocean can be remotely sensed by satellites carrying SAR systems (Dagestad et 

al. 2013). SAR systems transmit and receive microwaves and the radar backscatter signal is 

very sensitive to small-scale ocean waves. This scattering mechanism is diffuse and known as 

Bragg scattering (Valenzuela 1978). The wind is causing cm-scale waves to form on the ocean 

surface that are in local equilibrium with the wind speed. The wind speed at 10m height can be 

retrieved from SAR observations via an empirical Geophysical Model Function (GMF) (Stoffelen 

& Anderson 1997; Quilfen et al. 1998; Hersbach 2010) The absolute accuracy of SAR wind 

retrievals is low compared to high-quality measurements from meteorological masts. The major 

advantages of SAR imagery, in terms of applications for wind energy, lie in the high spatial 

resolution and the coverage of large areas with swath widths of several hundred kilometres. 

 

Coastal wind speed gradients have previously been quantified from SAR wind maps and 

compared to model simulations by Barthelmie et al. (2007) based on the very limited number of 

satellite samples available at the time. Ahsbahs et al. (2017) showed that sea surface wind 

speeds retrieved from SAR compare well with scanning lidar wind observations as close as 1 

km from the coastline. Mapping of the mean wind speed from SAR consistently shows a wind 

speed gradient with increasing distance from the coastline for the seas around northern Europe 

(Hasager et al. 2011; Charlotte Bay Hasager et al. 2015). At the Anholt wind farm, Peña et al. 

(2017) have shown strong variability of the wind speed within the turbine rows for wind 

directions where land is upstream. A correct prediction of this coastal gradient is desirable for 

optimal placement and layout of wind farms.  

 

Wind fields retrieved from two different satellite SAR missions are used in this study. Envisat 

ASAR from the European Space Agency (ESA) acquired images between August 2002 and 

April 2012. The mission was followed up by a constellation of two ESA satellites, Sentinel-1A 

and B, from which data is available since December 2014 and April 2016, respectively. The 

Copernicus programme publishes Envisat and Sentinel-1 A/B images under an open access 

license, allowing for unlimited use, both for research and commercial applications. 

 

SAR wind fields for DTU’s satellite archive are retrieved using the SAR Ocean Products System 

(SAROPS) (Monaldo et al. 2015). The GMF called CMOD5.N (Hersbach 2010) is chosen for the 

wind speed retrieval and wind directions are needed as an ancillary input for processing. We 

obtain the wind directions from the Climate Forecast System Reanalysis data set (CFSR ) 

during 2002-10 and from the Global Forecasting System (GFS ) during 2011-17. To reduce 

effects of random noise in the SAR imagery and to smooth out effects of longer period waves 

204 Appendix



D
ra

ft 

 

8 Easy accessible SAR wind fields on wind farm scales 

that modify the local radar incidence angle, we resample the SAR scenes to 500-m pixel size in 

connection with the wind retrieval processing. Hard targets like wind turbines or offshore 

substations cause a strong signal in SAR images. The increased backscatter signal will cause 

an overestimation of the retrieved wind speed. 

 

Satellite SAR images are recorded in a local coordinate system following the flight path of the 

satellite (azimuth: direction of the satellite, range: direction perpendicular to the flight path). The 

images are averaged to 500m pixel size in the same coordinate system. The files are saved in 

netCDF format, and each of the files has its own coordinate system following the flight path. 

When creating wind maps the coordinate system needs to be in a coordinate system fixed to 

the Earth. For creating SAR based maps of average wind speeds, this problem is solved by 

storing the data in 1 Degree tiles of wind speed and direction. This way the average wind speed 

can be calculated (add some reference to how we do it) using all available images. This means 

that the number of samples and the sampling time is varying over the map (Charlotte Bay 

Hasager et al. 2015; Hasager et al. 2011). It is not possible to choose a smaller subset of 

images according to a wind direction i.e. wind direction from the land to the study the wind 

speed gradient. For investigating the wind conditions locally at a site it is desirable to have a 

constant coverage to avoid artefacts from varying sample size over the domain.  

 

2. Local gridded SAR data 

In order to access SAR wind data easily for an Area Of Interest (AOI) it is desirable to have the 

SAR data on a fixed grid. This could be done by reprocessing SAR images for a specific site on 

a fixed coordinate system. This is computationally demanding for a large SAR wind archive, 

since the raw SAR data files are large and storage at DTU Wind is organized on magnetic 

tapes.  

 

We choose an alternative route by using processed SAR wind maps from DTU’s SAR wind 

archive as described in the previous Section. A regular grid in UTM coordinates with 500 m grid 

spacing (the same as the for DTU’s SAR wind maps) is defined. SAR wind maps are 

interpolated on this grid using the nearest neighbour method. This introduces an error in the 

position of each resolution cell lower than half of the size of the resolution cell, in this case 250 

m. This can be acceptable when dealing with phenomena that occur on scales on the order of 

10 km like wind farm wakes and coastal wind speed gradients.  
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2.1 New SAR wind grids 

Figure 1
1
 shows an overview of how data is typically structured in netCDF file. The data has the 

dimensions x and y and the coordinates are given in latitude/longitude as and unstructured grid. 

Grid variables like the retrieved SAR wind speed are stored for each grid point. For a given 

small AOI in the North Sea of the Baltic on the order of 1000 files are available. This illustrated 

the problem of selecting data and performing calculations, since dimensions and coordinates 

will be different for each of the images. 

 

 

Figure 1: netCDF data structure of the SAR wind fields as produced by DTU Wind.  

 

The goal is to repackage the SAR wind files into a more easily accessible grid. For that two 

corners are specified, the Southwest and the Northeast, in WGS84 (latitude/longitude) 

coordinates. A grid with a 500m grid spacing is generated using the UTM coordinate system. 

The grid needs to have a consistent UTM zone and by default the UTM zone of the 

Southwestern corner is used, but a particular UTM zone can be specified. Table 1 shows the 

metadata of a SAR wind grid. 

Table 1: Metadata of the SAR wind grid. 

 

                                                                                                                                                            
1
 Picture modified from http://xarray.pydata.org/en/stable/data-structures.html 
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10 Easy accessible SAR wind fields on wind farm scales 

 

We want to go to a structure like shown in Figure 2. When repackaging the data we go into a 

structure that has three dimensions: “easting”, “northing “, and “time”. The dimensions time 

refers to the acquisition time, which is the mean time over the entire image. By definition the 

AOI is a box aligned with the UTM coordinates northing and easting. We call this a SAR wind 

grid. The dimensions have a physical meaning since they are given in UTM coordinates and 

time. Variables from the SAR wind maps are stored with dimensions northing, easting and time. 

Metadata contained in the SAR wind files is stored as a variable along the dimension time.  

 

Figure 2: Structure of the SAR wind grid. 

 

The code is implemented in Python 3 using the xarray package that offers a good toolbox for 

working with netCDF files. 

 

2.2 Stored variables 

 

All variables necessary for processing the backscatter to wind speeds are available in the SAR 

wind grids. This is desirable for locally reprocessing data with different wind direction inputs.  

 

Table 2: Variables stored in the SAR wind grids. In brackets the dimension of the data (“E”: 

easting, “N”: northing, “T”: time) 

Variable Description 

sigma (E,N,T) Radar backscatter as the normalized radar cross section  

incid(E,N,T) Incidance angle (angle perpendicular to the idealized earth) 

rlook(E,N,T) Radar look direction (angle towards between the radar beam and the flight 

path) 

input_dir(E,N,T) Input direction used for the wind retrieval 

sar_wind(E,N,T) Retrieved SAR wind speed  

model_speed(E,N,T) Wind speed from the forecast model 

icemask(E,N,T) Mask to exclude ice 

mask(E,N,T) Land mask to indicate areas that need to be masked 
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latitude(E,N,T) Latitude position of the resolution cell in the original SAR wind map 

longitude(E,N,T) Longitude position of the resolution cell in the original SAR wind map 

polarization(T) Polarization of the image 

platform_name(T) Name of the satellite platform 

radar_band(T) Band used by the SAR  

 

Latitude and Longitude do not contain the corresponding position of the dimensions easting and 

northing, but the original position before the data was interpolated. This allows calculations with 

accurate geolocations if necessary. 

 

2.3 SAR scene selection 

After defining the grid SAR scenes that cover the entire AOI are selected. The selection process 

ensures that no duplicates of SAR images are included (This can happen for Envisat scenes). 

Sentinel-1 images are shorter in azimuth (flight) direction than Envisat images. Consecutive 

images of the same overpass are stitched together if the border between them crosses the AOI 

(e.g. Figure 3). The acquisition time is calculated as the numerical average between the 

images.  

 

Figure 3 Example of consecutive images that can be added. Left, first image; right: consecutive 

image. 

 

Extracting an AOI of approximately 60km by 60km takes approximately 15 minutes. The 

resulting selection of images is saved as a netCDF file. The SAR wind data can easily be read 

in any programming language that supports the netCDF file format. 

 

2.4 Post-processing 

2.4.1 Hard target removal 

SAR wind fields at DTU wind are processed without removing hard targets in the image. This 

can results in over prediction of wind speeds for certain pixels. Again, implementation of hard 
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12 Easy accessible SAR wind fields on wind farm scales 

target removal is possible, but requires timely reprocessing and implementation. Many hard 

targets can be identified in the backscatter image even after averaging to 500 m pixel size. We 

calculate an average of the NRCS (sigma) for a 3 by 3 pixel box surrounding each pixels. A 

hard target is set to occur when the average of the surrounding pixels is 50% higher than the 

pixel itself. Both “sar_wind” and “sigma” are then replaced with the average. Figure 4 shows an 

example at the English wind farm Westermost Rough (regular bright spots in the center) and 

Humber Gateway (bright area in the bottom). Bright points are scattered around that are likely 

associated with ships or oil rigs. To the right, most of the scattered points of apparent high wind 

speed have been removed. 

  

Figure 4: Example of removing hard targets: Left: before removal, right: after removal. 

2.4.2 Adding additional variables 

It can be desirable to add new variables to the SAR grid, e.g. from NWP models or time series 

of local measurements. This way the data can be filtered according to this ancillary variables 

without the problem of finding coinciding time stamps every time. At present two functionalities 

are implemented: 

1) Time series data that is added with dimension “time” 

At present this is implemented for SCADA wind directions at Westermost Rough wind farm but 

the function is general for all time series data. Different time stamping of the averaged period 

can be given: beginning, middle, end. 

2) CFSR wind direction that is added with dimensions “easting”, “northing”, “time” 

CFSR winds are interpolated in the domain of zonal and meridional wind speeds. Since the 

structure is similar to other NWP products it is easy to add e.g. WRF model wind directions. The 

corresponding time is found as the closest time stamp. 

2.4.3 Local wind retrieval 

For the gridded SAR data all information for the wind retrieval are available (see Table 2). 

Therefore, it is possible to retrieve the wind speed from the SAR image again using different 
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input parameters. At present, CMOD5.N is implemented, but this can be easily extended. Wind 

direction inputs from grid data or single measurement time series are possible.  

2.4.4 Intercalibration 
SAR scenes have been inter-calibrated to reduce offsets between sensors (Badger et al. 2019). 

Codes have been implemented to apply intercalibration to these grids. Applying intercalibration 

and retrieving SAR winds again takes only a few minutes. 

 

3. Example 

One of the main advantages of this newly structured data set is easy and fast access to 

subsamples of SAR wind maps. The selection can for example be done by defining a wind 

direction window that we are interested in. Since the data is stored with time as a dimension, it 

is easy to extract images for a selection of times. Figure 5 shows average wind speed maps off 

the English East coast before wind farms were erected in this area. All images available were 

used on the left and a subset with wind directions from the land on the right. A coastal gradient 

is visible for both images but stronger on the right where the wind is blowing from land to sea. 

  

Figure 5: Mean wind speed from ENVISAT: Left: All wind directions (445 images); right: images 

with wind directions between 240 and 300 Degree (77 images).  

 

Similarly images can be selected before and after the construction of wind farms. Figure 6 

shows the same area as before but this time for different periods. The clear coastal wind speed 

gradient without wind farms is less pronounced. Wake effects could contribute to this change 

but care needs to be taken, since the climatology of the two periods could be different.   
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14 Easy accessible SAR wind fields on wind farm scales 

  

Figure 6: Mean wind speed map: Left: for the period before wind farms were constructed (445 

images), right: after two wind farms have been placed (311 images) 

 

4. Summary 

The presented tool greatly reduced complication for investigating wind fields from a large 

number of SAR scenes. The open source programming language Python is used so this tool 

could be used by any researcher. It is simple to add functionality and implement methods that 

were developed earlier, for example transects averaging along wakes (Christiansen & Hasager 

2005) or the SAR circle analysis where wind fields around a wind farm are rotated with the wind 

direction to cumulatively add the wake effect (C. B. Hasager et al. 2015). 
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