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Summary (English)
A significant source of uncertainty in energy productions and lifetime predictions of wind
farms is the wake-induced effects by neighbouring turbines. In the current state-of-the-art
procedure, engineering wake models, i.a., the Dynamic Wake Meandering (DWM) model,
are typically used to simulate flow fields within wind farms. These models are suitable for
carrying out hundreds to thousands of aeroelastic simulations required in an iterative design
and optimization study.
However, engineering wake models are subjected to a significant uncertainty level due
to the simplistic flow modelling assumptions, incorrect calibration of the model parameters,
and unknown confidence in the overall model prediction ability due to lack of adequate
experimental data for model validation. As wake-induced power and loads are an essential
design factor, there is a strong need to accurately simulate wake fields to ensure reliable wind
turbine designs and optimized wind farm layouts and operational strategies.
The present thesis focuses on wind turbine load validation procedures under wake conditions
using nacelle-mounted lidars (LIght Detection And Ranging). These lidars can measure the
inflow wind at a high spatial and temporal resolution, yielding much more insight into the
actual inflow approaching the turbine rotor. This thesis’s primary purpose is to improve
the accuracy and reduce the uncertainty in load assessments under wake conditions by
demonstrating load validation procedures using measurements from nacelle lidars.
Two hypotheses are formulated: (I ) incorporating nacelle-lidar measurements in the wake
field reconstruction methods improves the accuracy of power and load predictions compared
to engineering wake models, (II ) calibrating engineering wake models using high-resolution
nacelle-lidar measurements improves the accuracy in both wake simulations and power and
load assessments.
Three lidar-based wake field reconstruction procedures are defined and evaluated numerically and experimentally to verify the first hypothesis. First, the wake is modeled by
means of time-averaged wind field characteristics estimated by a model-fitting technique
combined with multiple measurements performed by the Avent 5-beam Demonstrator and the
ZephIR Dual-Mode nacelle lidars, which were installed at the Nørrekær Enge (NKE) wind
farm in Denmark. Second, the wake field is modeled as a time series of wake deficits, whose
properties such as widths, depths, and center locations are estimated by fitting nacelle-lidar
measurements to a bivariate Gaussian shape function. Third, the nacelle-lidar measurements
of the wake field are incorporated as constraints into turbulence fields serving as inputs to
aeroelastic simulations. The latter two methods are evaluated through numerical studies.
The lidar-based load validation procedures indicate that reconstructing the wake-induced
velocity deficit and its meandering (displacement in the lateral and vertical directions) is
fundamental to ensure accurate power and load predictions. Further, incorporating a sufficient
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number of nacelle-lidar measurements as constraints into turbulence fields is the most accurate
and robust method. This approach reconstructs wake fields with strong similarities to
the observed inflow, and as a result, reduces the statistical uncertainty in power and load
predictions compared to conventional engineering wake models.
To verify the second hypothesis, high spatial and temporal resolution SpinnerLidar
measurements of the wake field, which were collected at the Scaled Wind Technology Facility
(SWiFT) in Texas, are analyzed. The lidar-derived wake characteristics include the velocity
deficit, wake-added turbulence, and wake meandering in both lateral and vertical directions
under varying inflow wind and atmospheric stability conditions. Based on the lidar observations,
a probabilistic calibration of the DWM model is carried out using Bayesian inference, where the
resulting joint distribution of parameters allows both for model implementation and uncertainty
assessment. The performance of the DWM model is then evaluated using power and load
measurements collected at the SWiFT and NKE sites. The results show that the DWM
model can accurately predict power and fatigue loads statistics, as long as properly-calibrated
parameters are used and wake meandering time series are precisely replicated.
In summary, this work demonstrates the applicability of nacelle-mounted lidars to improve
wind turbine power and load assessments under wake conditions. Further, it verifies that
incorporating nacelle-lidar measurements in the wake field reconstruction procedure and the
calibration procedure for engineering wake models improves the accuracy in energy productions
and lifetime predictions of wind farms.

Summary (Danish)
Et stort bidrag til usikkerheden omkring energiproduktionen og forudsigelser af levetid
for vindmøllefarme skyldes slipstrømseffekter mellem vindmøllerne i farmen. Nuværende
state-of-the-art slipstrømsmodeller for vindmøller er ingeniør-modeller, så som Dynamic Wake
Meandering(DWM) modellen, som typisk bruges til at simulere vindfordelingen inde i en
vindmøllefarm. Disse modeller er gode til, at udføre hundred tusindvis af aero-elastiske
simuleringer, som er påkrævet i iterative design- og optimerings-studier.
Ingeniør-slipsstrømsmodeller er dog behæftet med betragtelige usikkerheder på grund af de
simplificerede antagelser om strømningsmodellen, upræcise kalibreringer af model parametre
og en ukendt forudsigelsesegenskab på grund af manglende eksperimentelle målinger for at lave
validerings sammenligninger. Da slipstrøms skabte produktionsfluktuationer og belastninger
er essentielle design parametre er der et stort behov for nøjagtig simulering af slipstømme
for at sikre pålidelige vindmølle design og for at optimere vindmøllefarmes udformning og
vedligeholdelsesstrategier.
Denne afhandling fokuserer på procedurer for validerings af vindmøllebelastninger under
slipstrøms forhold bestemt med møllehus-monterede LIght Detection And Ranging (lidar) instrumenter. Disse lidars kan måle det indkomne vindfelt med høj rummelig- og tidslig-opløsning
og giver derfor indblik i det vindfelt som senere rammer vindmøllerotoren. Formålet med denne
afhandling er, at forbedre nøjagtigheden og reducere usikkerheden i belastningsbestemmelser
under slipstrømsforhold ved, at demonstrere procedurer for validering af belastninger ud fra
lidar målinger.
Der er formuleret to hypoteser i afhandlingen: (I) Inkorporeringen af møllehus-monterede
lidar målinger i slipstrøms rekonstruktions metoden forbedrer nøjagtigheden af effekt- og
belastningsforudsigelser i forhold til ingeniør modellerne, (II) kalibrering af ingeniør slipstrømsmodeller med høj-opløste møllehus-monterede lidar målinger forbedrer nøjagtigheden
af slipstrømssimuleringer samt effekt og belastnings bestemmelser.
For at efterprøve den første hypotese er tre lidar baserede slipstrøms rekonstruktions
procedurer blevet defineret og evalueret numerisk og eksperimentelt. I den første procedure er
slipstrømmen modeleret som et gennemsnit af tids-middel vind felter estimeret ved modelfitning teknikker kombineret med multible målinger udført med Avent 5-beam Demonstrator
og ZephIR Dual-Mode møllehus-monterede lidars, som var installeret ved Nørrekær Enge
(NKE) vindmølle farm i Danmark. I den anden procedure blev slipstrømen modeleret som
en tidsserie af slipstrømsunderskud med egenskaber så som bredde, dybde og center position
bestemt ud fra fit til lidar målinger med en bi-variable Gauss formet funktion. I den tredje
procedure blev lidar målinger af slipstrømmen inkorporeret som betingelser af turbulentfeltet
for aero-elastiske simuleringer. De sidste to procedurer blev evalueret ved hjælp af numeriske
studier.
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Den lidar baserede belastnings validering procedure indikerer, at rekonstruktionen af
slipstrøms-inducerede vindhastigheds underskud og dens mediering er fundamental for at
garantere en nøjagtig effekt og belastnings forudsigelse. Derudover er inkorporeringen af et
passende antal lidar målinger som betingelser for turbulentfelter den mest nøjagtige og robuste
metode. Denne tilgang rekonstruerer slipstrøms felter med stor lighed med de observerede
felter, og resulterer i reduceret statistisk usikkerhed i effekt og belastnings forudsigelser
sammenlignet med ingeniør slipstrømsmodellerne.
For at verificere den anden hypotese blev der analyseret høj rumligt og tidsligt opløst SpinnerLidar målinger af slipstrømmen opsamlet ved Scaled Wind Technology Facility (SWiFT) i
Texas. De lidar afledte slipstrøms karakteristika omfattede hastighedsunderskud, slipstrøms
bidrag til turbulens og slipstrøms vandring i både vandret og lodret retning under forskellige
indkomne vindstrømme og atmosfæriske stabilitetsbetingelser. Baseret på lidar observationer
blev DWM modellen sandsynlighed kaliberet ved hjælp af Bayesian inference metoden, hvor
den resulterende sammensatte fordeling tillader både implementering af modellen og en evaluering af usikkerhederne. DWM modellen ydeevne blev efterfølgende evalueret med effektog belastningsmålinger fra SWiFT og NKE vindmøllefarmene. Resultaterne viser, at DWM
modellen kan forudsige effekt og udmattelses belastning statistikken med god nøjagtighed, når
velkalibrerede parametre bruges og når slipstrømsvandrings tidsserier er præcist reproducerede.
Det kan konkluderes, at dette arbejde demonstrerer, at anvendelse af møllehus-monterede
lidars kan forbedre vindmølle effekt og belastnings undersøgelser under slipstrømsforhold.
Desuden viser arbejdet, at inkorporering af møllehusmonterede lidar målinger i slipstrøms
rekonstruktions procedurer og kalibrering af ingeniør slipstrømsmodeller forbedrer nøjagtigheden af energiproduktionen og levetidsbestemmelser for vindfarme.
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Chapter 1

Introduction
1.1

Background

As wind turbines are typically installed in clusters or wind farms, there is a strong need to
develop procedures for accurately predicting the increased loading and the associated reduced
power due to operation under wake conditions. The impact of wake losses in wind farms can
be critical and lead to a reduction of the annual energy production (AEP) of the order of
10–20% [1, 2]. Since engineering wake models are commonly used to estimate wake losses at
the design phase of wind farms, these losses are prone to be highly uncertain [3].
Wind turbines operating under wake conditions experience higher loads than those operating under wake-free conditions [4]. The load analysis under wake conditions is a central part
of wind farm planning, design, operations and maintenance strategies [5]. The increased loads
can influence the wind turbine and wind farm layout designs and can be detrimental for the
lifetime of wind turbine components, thus affecting both capital and repair and maintenance
costs [6, 7]. Further, the accurate prediction of loads and power under wake conditions could
be useful for several applications including monitoring wind turbine performance [8, 9], power
curve testing in wind farms [10, 11, 12, 13], wind farm control optimization [14, 15, 16, 17]
and lifetime prediction [7, 18], among others.
Nowadays, engineering wake models are widely used in the wind energy industry because
they provide a good trade-off between fidelity in the predicted flow accuracy, turbine power
production, loading, and required computational costs [19, 20, 21, 22, 23]. However, these
models do not capture the actual turbulence characteristics in the wake but are based on
simplistic flow modelling assumptions that use time- and space-averaged approximations of
the wake flow characteristics [24, 25]. Further, the influence of the incoming wind field on
the wake evolution is often disregarded [22]. To account for these limitations, in most cases,
engineering wake models need to be calibrated against site-specific measurements to predict
power productions and loads with adequate accuracy [4, 26, 27, 28]. As wake-induced effects
are a major factor in wind farm economics, reducing the uncertainty in wind farm load and
power predictions can in turn decrease the overall cost of energy of wind turbines.
One way of improving the fidelity of wake simulations is the use of computational fluid
dynamics (CFD) [29, 30]. However, CFD models are not yet practical for the application in
site-specific power and load assessments due to the high computational cost.
Alternative solutions to improve the fidelity of wake simulations are proposed and investigated as part of this work, which relies on incorporating nacelle-lidar measurements directly
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in the wake field reconstruction method. The underlying idea is that as nacelle lidars can
measure the inflow wind at a high spatial and temporal resolution, they can yield much more
insight into the actual wake flow approaching the turbine rotor. So, if properly-included in
the wake field reconstruction method, measurements from nacelle lidars can improve wake
field simulation accuracy.
Here, the ultimate goal is to improve the accuracy in power and load assessments under
wake conditions aided by nacelle-lidar measurements while maintaining the computational
cost for the engineering wake models.

1.2

Load assessment procedures

Wind turbines are designed according to the requirements described in the International
Electrotechnical Commission (IEC) standards, which cover the design, testing of prototype
and final type certification of wind energy converters. The IEC 61400-1 [31] prescribes a
number of external conditions that the wind turbine must be able to withstand during its
operational lifetime, which are denoted as design load cases (DLCs). These DLCs are typically
assessed by means of aeroelastic models, which simulate the turbine responses subjected to
specified wind conditions to determine the structural loads and eventually verify the structural
integrity of the design. The wind conditions to be considered for design are dependent on the
site type and are defined in terms of wind speed and turbulence classes [31]. Within these
classes, the values of wind speed and turbulence parameters are intended to represent various
site conditions and do not give a precise representation of any specific site.
Once a wind turbine design has been determined appropriate, a prototype can be built
and erected in test centers, which are located onshore. Here, the wind turbine undergoes
various operational tests as well as measurements campaigns tailored designed for power
performance and load evaluation as reported in the IEC-61400-12 and -13 [32, 33]. The
primary purpose of the load validation analysis is to ensure that the aeroelastic model used in
the design can predict loads correctly. The power and load evaluation analyses are restricted
to free-stream wind conditions measured at the test center, which may considerably differ
from the conditions of the actual installation sites (e.g., offshore conditions). These conditions
are certainly different than those where the turbines operate under the influence of wakes.
To date, the IEC standards require meteorological masts when characterizing the inflow
during loads and power performance evaluation [32, 33]. These masts must be installed two
to four rotor diameters upwind in front of the turbine, and they should use one or a few cup
or sonic anemometers to measure the turbulent inflow. As wind turbine rotors have increased
in size, reaching rotor diameters of the order of 220 m (e.g., see the GE’s Haliade-X 12 MW),
accurate measurements of the inflow wind field for aeroelastic calculations require multi-point
and multi-height wind measurements taken within the entire rotor plane [34, 35]. Nacellemounted lidars are an attractive alternative to conventional mast-based instrumentations, as
they can scan the wind field at relatively high spatial and temporal resolution. However, they
are not yet fully certified and accredited to industry standards.
Once verified, the validated aeroelastic model is used to finalize the wind turbine design and
obtain type certification. A type certificate verifies that the wind turbine design is approved
for the market. As a specific wind turbine design can be installed in different sites with
varying wind farm layouts, the certified wind turbine needs to be further verified to withstand
the site-specific loads during the entire lifetime, if site conditions exceed those of the type
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certified. The assessment of the wind turbine’s suitability at a site requires the analysis of
load predictions under wake-induced effects originating from neighbouring turbines [31].
In the current state-of-the-art procedure, wake-induced effects are simulated using (unvalidated) engineering wake models, which are based on low-order physics. The IEC standard
recommends mainly two approaches, the model for effective turbulence intensity (the Sten
Frandsen model [22]), and the Dynamic Wake Meandering (DWM) model [25]. These engineering wake models are computationally inexpensive for carrying out the many aeroelastic
simulations required in a design process; however, they are generally characterized by a
significant degree of uncertainty due to the simplistic assumptions and lack of adequate
validation analysis. If a wind turbine design is verified to withstand site-specific conditions
including wake operations, a project certificate is then issued, and the wind farm can be built.
It becomes evident that wake-induced power and load effects are important design factors
that impose restrictions on the wind farm layout or the turbine design choices. Further, the
turbine design and the wind farm layout are strongly subjected to the fidelity of aeroelastic
simulations performed with validated aeroelastic models coupled with unvalidated low-fidelity
engineering wake models. As a result, wind farms might be underperforming, with power
losses as high as 20% below expectations [1, 2, 3] and premature component failures [36],
which lead to millions of dollars in lost revenue.
More research is needed to improve confidence (reduce uncertainty) in power and load
predictions under wake conditions so that optimized wind turbine structural design, as well as
optimized wind farm design and operational and maintenance strategies can be achieved. In
this regard, nacelle lidars can provide detailed insights into the wake flow fields approaching
the wind turbine rotor, and they can potentially be used to improve the prediction capability
of aeroelastic simulations under wake conditions.

1.3

Scope and hypotheses

The main purpose of this thesis is to improve the accuracy and reduce the uncertainty
in load assessments under wake conditions by defining and demonstrating procedures for
wind turbine load validation using measurements from nacelle-mounted lidars. Two research
hypotheses are formulated:
- Hypothesis I : nacelle-mounted lidar measurements incorporated into wake field reconstruction methods improve the accuracy of power and load predictions when compared
to wake field reconstruction using engineering wake models alone.
- Hypothesis II : using high spatial and temporal resolution nacelle-lidar measurements
improves the accuracy of the DWM model for wake field simulations and power and load
predictions, as one can optimize the model parameters and reduce the high uncertainty
of the recommended parameter values in the IEC standard.
In the process of verifying the research hypotheses, this thesis aims to answer the following
scientific and practical questions:
• Are lidar-based load assessment procedures under wake conditions (e.g., based on wind
field characteristics and time series measured by nacelle lidars) a viable alternative to
conventional engineering wake models?
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• Can the accuracy of the simulated wake flow fields, and that of aeroelastic load predictions,
be improved by calibrating inexpensive and low-order fidelity wake models (e.g., the DWM
model) using high spatial and temporal resolution nacelle-lidar observations of the wake
field?
• What is the overall uncertainty in aeroelastic load predictions for wind turbines operating
in wakes? Moreover, how does it compare to that from wake-free conditions?

1.4

Outline

This thesis consists of two parts. The first provides the scientific background and the
experimental datasets, and a summary of the major findings in the related scientific publications.
This first part is divided into five chapters. Chapter 2 describes wind field modelling techniques
for aeroelastic simulations, including the IEC-recommended engineering wake models. Chapter
3 introduces the lidar technology and describes procedures to derive wind field characteristics
from nacelle-lidar measurements, which are useful for aeroelastic simulations. The experimental
sites are presented in Chapter 4. Chapters 5 and 6 summarize the major research findings; Ch.
5 focuses on the lidar-based load assessment procedures, and Ch. 6 on the findings related to
the evaluation of the DWM model. These two latter chapters are intended to summarize the
studies that are detailed documented in the related papers.
The second part of the thesis provides a collection of journal and conference papers, which
are shortly introduced below:
• Paper I Load validation in wakes using a lidar-based wind field reconstruction model that
estimates time-averaged inflow wind parameters, without employing a wake deficit model.
The analysis is carried out using wind measurements from both a pulsed and continouswave nacelle lidar, and load data collected at the Nørrekær Enge (NKE) wind farm,
Denmark. The quantified uncertainty in lidar-based power and load predictions under
wakes is comparable to estimates reported in the literature that use IEC-recommended
wake models but are still larger than those estimated in wake-free conditions at the
NKE site. The observed deviations between lidar-based power and loads uncertainty
under wake conditions and those that are lidar-based under wake-free conditions are
mainly attributed to the simplistic flow modelling assumptions adopted to reconstruct
the wake fields.
• Paper II Load validation in wakes using two lidar-based wake modelling techniques that
reconstruct the spatial and temporal characteristics of the wake turbulent field. The
first approach consists of incorporating lidar measurements as constraints into synthetic
turbulence fields; the second approach consists of fitting lidar-based wake deficit timeseries and imposes those on turbulence fields that are inputs to aeroelastic simulations.
The two approaches are evaluated numerically using a virtual lidar simulator. This
study shows that lidar-reconstructed wake fields can potentially decrease the statistical
uncertainty in power and load predictions inherent to the conventional engineering wake
models.
• Paper III Wake field characterization using high spatial and temporal resolution SpinnerLidar measurements collected at the Scaled Wind Technology Facility (SWiFT),
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Texas. The lidar-derived wake features include the velocity deficit, wake added turbulence, and wake meandering in both lateral and vertical directions, which are analyzed
under varying inflow wind and atmospheric stability conditions. This study verifies
that the SWiFT dataset is useful for the calibration of the DWM model. The wake
characterization analysis is further extended in Paper IV.
• Paper IV Bayesian calibration of the DWM model parameters using SpinnerLidar-derived
wake characteristics from the SWiFT dataset. This analysis includes the calibration of
the velocity deficit and wake-added turbulence components, and the verification of the
meandering model. The results indicate that the DWM model can accurately predict
the mean wind velocity and turbulence fields in the far wake region beyond four rotor
diameters, as long as properly-calibrated parameters are used and wake meandering
time series are accurately replicated.
• Paper V Load validation in wakes using the SpinnerLidar-calibrated DWM model in
Paper IV and power and load measurements collected at both the SWiFT and NKE
sites. The performance of previous calibrations reported in the literature is also assessed.
The load validation shows that a properly-calibrated model can provide unbiased power
productions and fatigue load predictions on a statistical basis at multiple sites.

Chapter 2

Wind field modelling for aeroelastic simulations
The computation of loads on a wind turbine is a multidisciplinary field that involves
aerodynamics, structural dynamics, control theory (aero-servo-elasticity), and wind field
modelling. The aero-servo-elastic (hereafter referred to as aeroelastic) tools used to perform
this computation rely on modelling simplifications that ensure an acceptable accuracy level
while keeping the computational time reasonably [31, 37]. This chapter shortly describes wind
field modelling for aeroelastic simulations.

2.1

Wind field characteristics

The time-domain aeroelastic simulations require three-dimensional turbulence fields that
reflect atmospheric turbulence characteristics as an input. The IEC 61400-1 [31] recommends
the use of either Mann’s uniform shear model [38] (hereafter the Mann model) or the Kaimal
model [39] for describing the spectral and spatial coherence properties of the simulated fields.
These fields are modeled as zero-mean, uniform-variance Gaussian random processes. In this
work, the turbulence fields (also denoted as turbulence boxes) are generated using the Mann
model. This model is used because it describes the atmospheric-turbulence velocity spectra
for different surface, wind, and atmospheric-stability conditions [40, 41, 42].
The wind fields for aeroelastic simulations can be fully statistically characterized by few
parameters reported in Table 2.1 [43]. Note that the set of parameters depends on the adopted
flow modelling assumptions, i.e., homoscedasticity that implies the variance is uniform over the
entire turbulence box, the vertical wind shear is represented by a power-law profile with shear
exponent (α), the wind veer (∆ϑ) is defined as the change of wind direction with height, and
the turbulence spectral properties are defined by the Mann spectral tensor model parameters
(αk 2/3 , L, Γ). The Mann-model parameters will be described in Sect. 2.2. Figure 2.1 provides
an illustration of the inflow wind, where U (z) is the vertical mean wind speed profile, u0 is
the turbulence component in the wind direction, and ϑo is the yaw offset.
The wind field parameters required for aeroelastic simulations are generally considered
in terms of 10-min average statistics and are conditional to the site-specific wind climate
[43]. Typically, the turbulence spectrum parameters are fitted to local measurements taken
upfront the turbine rotor (e.g., using a meteorological mast) and are used as inputs to generate
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Description

Parameter

Mean wind
field across the rotor

mean wind speed at hub height
shear exponent
wind veer

Uhub
α
∆ϑ

Turbulence

variance of wind fluctuations
turbulence probability density function
turbulence spectrum (e.g., defined by the Mann model)
turbulence dissipation parameter
turbulence length scale
anisotropy factor

Mean wind
inflow direction

vertical inflow (tilt) angle
horizontal inflow (yaw) angle

ϑ̄v
ϑ̄o

air density

ρ

σu2
(e.g., Gaussian)
αk 2/3
L
Γ

Table 2.1: Wind field parameters serving as input for aeroelastic load simulations [43, 44].

(a)

(b)

z

x

U(z)
U(z) + u0(z)
WT

o

Wind direction

x

y

Figure 2.1: An illustration of (a) vertical wind shear profile, where U (z) is the mean wind speed and
u0 (z) the turbulence component in the wind direction and (b) yaw misalignment, ϑo . WT
stands for the wind turbine, which is drawn in solid blue lines. The main flow direction is
sketched by an arrow and aligned with the x-axis.

zero-mean random turbulence field realizations [45, 46]. The wind field inhomogeneities
such as the vertical wind shear profile are added as spatially deterministic functions on the
zero-mean turbulence fields [37]. By doing so, the statistical properties (mean and variance)
of the numerical wind fields are defined to match the statistical properties of the time series
of the measured wind field [34].
However, because of the stochastic nature of the turbulence field realizations, the instantaneous velocities of the simulated wind field and the resulting load prediction time series are not
synchronized with the true observations [34, 47]. Therefore, the load predictions are expected
to match the measured load values on a statistical basis, but there can still be significant
realization-to-realization variation due to the inflow’s uncertainty. This can lead to simulation
errors [48], and introduces high statistical uncertainty on power and load predictions [34, 49].
Further, statistics from a large set of simulations are required to compensate for the large load
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variations; the IEC standard [31] recommends at least six random turbulence field realizations
for each measured 10-min inflow wind statistic.
The inflow wind parameters listed in Table 2.1 exhibit different sensitivities on power and
load predictions. The mean wind speed at hub height (Uhub ) and the variance of the u-velocity
component (σu2 ) are the most important factors, whereas other variables that show a smaller
but still noticeable influence are the wind shear (α), and the Mann model turbulence length
scale (L) [43, 45].

2.2

Spectral tensor model

The wind field vector ũ(x), where x = (x, y, z) is a right-handed coordinate system with
the x-axis in the direction of the mean wind field and z as the vertical axis, is described by the
solely spatial vector assuming Taylor’s frozen turbulence hypothesis [50]. The statistics of the
velocity fluctuations u(x) = ũ(x) − (U (z), 0, 0) = (u0 , v 0 , w0 ), where (0 ) denotes fluctuations
around the mean value, are expected homogeneous in space [38].
It follows that the auto- or cross-covariance function between two points can be defined
only in terms of the separation distance as Rij (r) = hu0i (x)u0j (x + r)i, where i, j = (1,2,3) are
the indices corresponding to the components of the wind field, h.i denotes ensemble averaging,
and r = (r1 , r2 , r3 ) is the separation vector in the three-dimensional Cartesian coordinate
system. The covariance tensor of single-point turbulent statistics (R(r = 0) = R) can be
written as:
hu0 u0 i hu0 v 0 i hu0 w0 i
σu2
hu0 v 0 i hu0 w0 i
 0 0
  0 0

0
0
0
0
R =  hv u i hv v i hv w i  ≡  hv u i
σv2
hv 0 w0 i ,
2
hw0 u0 i hw0 v 0 i hw0 w0 i
hw0 u0 i hw0 v 0 i
σw








(2.1)

where the matrix elements define variances and covariances of the three-dimensional velocity
field. The turbulence spectral properties of a three-dimensional homogeneous wind field are
described by the spectral velocity tensor Φij (k) [51]:
Φij (k) =

1
(2π)3

Z

Rij (r) exp(ik · r)dr,

(2.2)

which is the Fourier transform of the covariance tensor Rij (r), and k = (k1 , k2 , k3 ) is the
wave vector with the wavenumbers in the (x, y, z) directions. The Mann model defines the
spectral velocity tensor of Eq. (2.2) as function of three input parameters (hereafter referred
to as the Mann parameters): αk 2/3 , which is a product of the spectral Kolmogorov constant
αk and the turbulent energy dissipation rate , Γ is a parameter describing the anisotropy
of the turbulence, and L is a length scale proportional to the size of turbulence eddies
[38, 42, 45]. From the spectral tensor of Eq. (2.2), the one-point auto-spectra of the u, v, and
w components, as well as the cross-spectra terms, are computed as:
Z Z

Fij (k1 ) =

Φij (k, αk 2/3 , L, Γ)dk2 dk3 .

(2.3)

Typically the three auto-spectra (Fuu , Fvv and Fww ) and the one-point cross-spectrum
(Fuw ) are fitted simultaneously to measured spectra in order to obtain the Mann parameters
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[38, 40, 42]. The cross-spectra between two points located in a y–z plane and separated by a
distance (∆y , ∆z ) can be calculated numerically by:
Z Z

χij (k, ∆y , ∆z ) =

Φij (k, αk 2/3 , L, Γ) exp(ik2 ∆y + ik3 ∆z )dk2 dk3 ,

(2.4)

and by inverse Fourier-transforming the cross spectrum χij in Eq. (2.4), the auto- and
cross-correlation structure of the turbulence field is derived [34]:
Rij (∆x , ∆y , ∆z ) ∝

2.3

Z

χij (k1 , ∆y , ∆z ) exp(ik1 ∆x )dk1 .

(2.5)

Constrained turbulence fields

Constraining a turbulence field is a procedure that incorporates wind measurements as a
set of constraints to which the generated turbulence field must adhere once it is simulated [52].
The algorithm for applying constraints on a zero-mean, homogeneous, and isotropic Gaussian
random field was developed in Hoffman et al. (1991) [53], and applied to turbulence fields for
aeroelastic simulations in Nielsen et al. (2003) [54] and Dimitrov et al. (2017) [34].
The algorithm uses a set of constraints, which can be derived from masts or lidar measurements, and an unconstrained random turbulence field realization generated with the Mann
model. Following the notation of Dimitrov et al. (2017) [34], the unconstrained random
turbulence realization is denoted by g̃(r), where r is the spatial separation vector. The
spectral property of g̃(r) at each discrete lateral and vertical separation of the turbulence box
can be computed from the Mann-based cross-spectra using Eq. (2.4), for a given set of Mann
parameters (αk 2/3 , L, Γ). The set of constraints to be incorporated in the turbulence field
are denoted as H = {hi (r) = ci , i, ..., M }, where each constraint is a measured time series for
a particular spatial location r and M is the total number of constraints.
The objective of the algorithm is to create a turbulence field g(r), subjected to the
constraints in H that maintains the covariance and coherence properties of the unconstrained
field g̃(r). The residual field ξ(r) = g(r)− g̃(r), which is the difference between the constrained
and unconstrained fields, is also a random Gaussian field, where its values at the constraint
locations are known ξ(ri ) = ci − g̃(r). The unknown points of the field can be defined by
maximizing their conditional probability distribution on the constraint set H as:
P [ξ(r)|H] =

P [ξ(r), H]
,
P [H]

(2.6)

where P [.] is the multivariate normal distribution [34, 53]. The most probable field, ξ(r),
fulfilling the constraints in H can be derived as the ensemble mean of ξ(r)|H:
¯ = hξ(r)|Hi = ζ(r)Z −1 (H − g̃(r)),
ξ(r)

(2.7)

where ζ(r) = [hg(r)g(r1 )i, hg(r)g(r2 )i, ..., hg(r)g(rM )i is a vector of cross-correlations between the field and the constraints, and Z is the M×M symmetric correlation matrix of the
constraints set, Zij = hg(ri )g(rj )i, i = 1, ..., M and j = 1, ..., M [34]. Both ζ(r) and Z can
be computed using the cross-correlation properties of the Mann-generated turbulence field
defined in Eq. (2.5). Eventually, any constrained realization of the turbulence field can be
written as a sum of the unconstrained field and the mean of the residual field as:
g(r) = g̃(r) + ζ(r)Z −1 (H − g̃r (r)).

(2.8)
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Wake field modelling

The wind field characteristics in the wake of a wind turbine can be significantly different
from the characteristics of the free-stream wind field described in Sect. 2.1. The wind turbine
wake is a complex flow mechanism that has been actively researched throughout the last
decades. Early studies have shown that the wake deficit (region of reduced wind speed
compared to the incoming wind speed) and its meandering (wake deficit displacement in
the lateral and vertical directions) are the major drivers for power productions and load
predictions [4, 25]. Although of secondary importance, the small-scale added turbulence
originating from the breakdown of blade root and tip vortices can influence dynamic loads [55].
The unsteadiness of the meandering process is a crucial factor as it causes power fluctuations
and considerably increases the dynamic loads of the waked turbines.
The wake development downstream the source turbine is conditional on the wind and
turbulence conditions of the incoming flow that are in turn affected by the atmospheric
stability [56, 57, 58]. Therefore, engineering wake models should include contributions due
to the incoming atmospheric turbulence for reproducing accurate wake recovery. As wind
turbines are generally spaced five-rotor diameters and beyond in modern wind farm layouts
[4, 28, 35, 59], the low-order engineering wake models have been mostly developed to describe
wake mechanisms in the far-wake region, which is typically defined as beyond two rotor
diameters [60].
There are various methods that model wake effects with different model fidelity, accuracy,
and computational costs. This chapter introduces the two most applied engineering wake
models for design load calculations that are included in the IEC 61400-1 standard [31]: the
Frandsen model in Sect. 2.4.1 and the DWM model in Sect. 2.4.2.

2.4.1

Sten Frandsen model

The model of Frandsen (2007) [22], also referred to as the method of equivalent turbulence
[31], consists in defining increased and effective turbulence in the aeroelastic simulations that
should account for the wake-induced load effects. The effective turbulence intensity is to be
understood as a design quantity that will result in the same fatigue loading as the actual flow
conditions. The effective turbulence depends on a number of parameters as:
v
u
u
T It = t

1
(1.5 + 0.8 ·

x/D
√
CT

2 ,
+ T Iamb

(2.9)

where x/D is the distance to the upstream turbine normalized with the rotor diameter (D),
CT is the turbine loading thrust coefficient, and T Iamb the ambient turbulence, which is
defined as the standard deviation of horizontal wind speed divided by the mean wind speed.
Although this approach is widely used for design load evaluations [31, 61, 62, 63], several
studies have shown that dynamic wake models, which include the unsteady behaviour of the
wake meandering, improve the accuracy in load estimates [4, 64, 65].

2.4.2

Dynamic wake meandering (DWM) model

The DWM model simulates wind field time series and is divided into three parts: a wake
deficit component, which simulates the velocity deficit, a wake-added turbulence component,
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and a wake meandering component, which is a stochastic meandering process governing the
wake displacements [25]. These three components are sketched in Fig. 2.2.

y

Wake-added turbulence

kmt [-]
1.175
1.150

Wake meandering

1.125
1.100
1.075
1.050

y

1.025
1.000

y

Udef [-]
1.00
0.96
0.92
0.88
0.84
0.80
0.76
0.72
0.68

z

z

Velocity deficit

x

U [m/s]
8.0
7.2
6.4
5.6
4.8
4.0
3.2
2.4
1.6

Figure 2.2: The three components of the DWM model: velocity deficit, wake-added turbulence, and
wake meandering [4, 25]. The velocity deficit denotes a region of reduced wind speed
than the ambient field, the wake-added turbulence increased turbulence than the ambient
field (modelled by a scaling factor kmt ), and the wake meandering the displacement of the
velocity deficit in the lateral (and vertical) directions. See the text for more details. The
red marker indicates the center of the wake deficit, and the red dotted line its trajectory.

The underlying assumption of the DWM model is to consider the wake as a passive
tracer of the large incoming turbulence structures [25, 66, 67]. The so-called split in scales
assumption [68] presumes that the large-scale turbulent eddies contained in the atmospheric
boundary layer are the main drivers to the wake meandering, whereas the smaller turbulent
eddies primarily govern the wake deficit evolution downstream the rotor.
The wake field is modeled by considering a cascade of consecutive steady wake deficits
displaced by the large-scale lateral and vertical velocity fluctuations of the inflow and are
advected downstream by the mean wind speed of the ambient wind field adopting Taylor’s
hypothesis [2]. This set of assumptions allows decoupling the wake deficit and wake-added
turbulence formulations from the wake meandering process [69]. Therefore, the three components of the DWM model can be computed separately and successively superimposed on
turbulence fields that are input to aeroelastic simulations [4, 70].
Here, DWM model-simulated wake features are superposed on Mann-generated turbulence
fields. The three components of the DWM model are described in the following sections.

Quasi-steady velocity deficit
The quasi-steady velocity deficit component describes the wake expansion and recovery
caused partly by the recovery of the rotor pressure field and partly by turbulence diffusion
moving farther downstream of the rotor [4]. The wake deficit is formulated in the meandering
frame of reference (MFoR), a coordinate system with origin in the center of the deficit’s
symmetry.
In the far-wake region, i.e., distances larger than two rotor diameters [60], the deficit
evolution is assumed to be governed by turbulent mixing and is described by the thin shear
layer approximation of the rotational symmetric Navier–Stokes (N-S) equations with the
pressure term disregarded [25]. To account for the neglected pressure gradient effects, an
initial wake deficit is analytically formulated based on the turbine’s axial induction derived
from blade element momentum (BEM) theory [25].
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The turbulence closure of the N-S equations is obtained by means of an eddy viscosity
term, and the momentum equation is solved numerically using a finite difference scheme with
the initial artificial deficit as boundary condition [25]. The non-dimensional eddy viscosity
term [26], which considers two major drivers to the turbulence mixing: the ambient turbulence
(T Iamb ) and turbulence induced by the wake shear layer, is defined as:
νT
Uhub R

Umin
Rw (x̃)2 ∂U (x̃, r) Rw (x̃)
;
1−
Uhub R
∂r
R
Uhub


(r, x̃) = F1 (x̃)k1 T Iamb + F2 (x̃)k2 max

!

,

(2.10)
where νT is the eddy viscosity, Uhub is the ambient wind speed at hub height, and R is the
rotor radius. The first term to the right-hand side of Eq. (2.10) describes the contribution
of the ambient turbulence and the second the self-generated turbulence by the wake shear
layer. Madsen et al. (2010) [25] proposed the instantaneous wake radius Rw (x̃), where x̃ is the
downstream distance normalized by R, and the maximum velocity difference (Uhub − Umin ),
where Umin is the minimum wind speed in the wake, as the turbulent length and velocity scales
that govern turbulent mixing due to the wake shear layer. Based on classical mixing length
theory, Keck et al. (2012) [26] defined the turbulence stresses to be proportional to the local
velocity gradient ∂U (x̃, r)/∂r, which provides a two-dimensional eddy viscosity formulation
that is function of the axial and radial coordinates, x̃ and r, respectively. The max operator
is included to avoid underestimating the turbulent stresses at locations where the velocity
gradient of the deficit approaches zero [66].
Both terms in Eq. (2.10) include a filter function (F1 (x̃) and F2 (x̃)) and a model constant
(k1 and k2 ). The filter functions are required to model the turbulence development behind the
rotor [26], whereas k1 and k2 are calibration parameters that govern the turbulence mixing
and presumably do not change with turbine design and ambient conditions.

Wake turbulence
The wake turbulence is composed of three turbulence sources and can be defined as:
T Iwake =

q

2
2 + T I2 ,
T Iamb
+ T Im
add

(2.11)

where T Im denotes the turbulence induced by the meandering of the wake deficit and T Iadd
is the wake-added turbulence. T Im is commonly denoted as the apparent turbulence [55], as
the stochastic meandering of the wake deficit induces additional velocity fluctuations into
time series taken at fixed locations in the wake. This term is considered the main source of
added turbulence in the far-wake [25], while its spatial distribution can be computed by the
convolution of the wake deficit in the MFoR (Udef ), and the probability distribution function
(PDF) of the wake meandering in the lateral and vertical directions [70]. T Iadd accounts for
the shear- and mechanical-generated turbulence due to blade tip and root trailing vortices.
The inhomogeneity of the wake-added turbulence is modeled by scaling the local turbulence
using the factor kmt [25] as:
kmt (r) = |1 − Udef (r)| km1 +

∂Udef (r)
km2 ,
∂r

(2.12)

where km1 and km2 are calibration parameters [25]. The wake-added turbulence derived from
Eq. (2.12) is presumed to meander together with the wake deficit, thus being displaced by the
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large-scale eddies in the atmosphere. As wake turbulence is characterized both by being highly
isotropic and reduced turbulence length scale compared to the ambient turbulence [71, 72],
kmt is typically used to scale a homogeneous and isotropic Mann-generated turbulence field
with turbulence length scale L ≈ 10–25% of the ambient turbulence length scale, and Γ = 0
[25].

Wake meandering
The wake field is modeled by considering a cascade of consecutive steady velocity deficits,
which are displaced by the large-scale lateral and vertical velocity fluctuations, i.e., the wake
transport velocities (vc and wc ). Adopting Taylor’s hypothesis, the downstream advection
of these deficits is assumed to be controlled by the mean wind speed of the ambient wind
field [25, 69]. Larsen et al. (2008) [68] estimated vc and wc by low-pass filtering atmospheric
turbulence fluctuations. They defined a filtering cut-off frequency fcut,of f = Uhub /(2D) thus
excluding contributions from smaller eddies to the meandering dynamics. This assumption
was verified using full-scale lidar-based measurements collected behind an operating turbine
[73]. The wake displacement time series can be computed as:
y(x, t̄) = vc (t̄)t̄(x) + hyaw (x, t̄),
z(x, t̄) = wc (t̄)t̄(x) + htilt (x, t̄),

(2.13)

where t̄ = x/Uhub defines the time for an air particle to move from the rotor to the downstream
distance in the wake region. An appropriate choice of the transport velocity of the wake
advection (Uhub ) lies between the ambient wind speed and the centre velocity of the wake
deficit [57, 74]. The contribution from the yaw misalignment, which can redirect wakes in the
lateral direction, is accounted for by hyaw (x, t̄) = x tan(ϑo (t̄)), where ϑo (t̄) is the yaw offset
at the specific time [67, 75]. The contribution of the rotor tilt is considered by htilt (x, t̄) [67].

Chapter 3

Lidar technology
A Doppler wind lidar (LIght Detection And Ranging) is a remote sensing technique for
measuring the wind velocity along the beam by illuminating the target with laser light and
measuring the reflection with a sensor [76, 77]. The underlying principle of a Doppler wind
lidar (hereafter referred to as lidar) is illustrated in Fig. 3.1, and consists of detecting the
Doppler shifts (the change in frequency of the emitted laser wave) in backscattered light
[78, 79, 80]. The laser light is focused onto a target point in the atmosphere, as the aerosols
found in the wind moves relative to the beam direction, the frequency of the light experiences
a Doppler shift ∆f , which is received by a detector as shown in Fig. 3.1. The along-beam
velocity, also known as radial velocity, or line-of-sight (LOS), vlos , of the target is related to
the Doppler shift as vlos = (λl ∆f )/2, where λl is the laser wavelength.

Figure 3.1: Illustration of the measurement principle of a Doppler wind lidar from Peña (2009) [78].
The laser focuses a target at a distance d and emits light at a frequency ωo . The backscatter
light experiences a Doppler shift, ∆f , which is received by a detector. The contributions of
0
the targets at distances d are weighted in the beam direction by a symmetric function, ϕ.
0

As shown in Fig. 3.1, all particles within a distance d from the illuminated region
contribute to the shift in laser light frequency. Thus, due to the laser beam’s optics, lidars
measure within a probe volume. The contributions from all particles within the probe volume
are assumed to be weighted in the along-beam direction by a symmetric function (ϕ) with
peak in the beam’s waist [76, 78].
Lidar systems in wind energy applications are typically categorized according to their
emission waveform in continuous wave (CW) and pulsed systems (PL) [42, 81]. The PL
and CW lidars also differ for their scanning capabilities and the measurement probe volume,
among others [42].
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Nacelle-based lidars are an attractive alternative to conventional mast-based wind instrumentation (i.e., cup and sonic anemometers), where the erection of a mast is expensive and
unpractical, for example offshore, or for applications that require information of the inflow at
a high spatial resolution, e.g., to characterize wake fields. Nevertheless, lidars also have some
limitations. A lidar system measures only the radial velocity component, whereas a sonic
anemometer is able to measure a three-dimensional wind vector [42]. Therefore, flow modelling
assumptions are required to retrieve wind field information out the line-of-sight measurements
[35, 82, 83]. Further, lidars measures over a probe volume typically larger than that of a sonic
anemometer, which introduces additional uncertainty in turbulence measurements [42, 84, 85].
This chapter describes the assumptions adopted to derive wind field characteristics and wake
features from nacelle lidar measurements, which are useful for aeroelastic simulations. Section
3.1 introduces a virtual lidar simulator used to replicate realistic nacelle-lidar measurements
in the numerical studies. Section 3.2 defines a wind field reconstruction model to estimate
wind field characteristics from nacelle lidar measurements taken upfront the rotor. Section 3.3
describes procedures to characterize turbulence for load calculations. Section 3.4 describes an
approach to characterize wake deficit features and track wake meandering time series.

3.1

A virtual lidar simulator

The line-of-sight velocity, vlos , can be mathematically expressed as the weighted average
along the lidar beam [42, 86]:
Z +∞

ṽlos (φ, θ, df ) =

−∞

ϕ(s)vlos (s)ds =

Z +∞

=
−∞

(3.1)
ϕ(s)n(φ, θ) · u[n(φ, θ), (df + s)]ds,

where ϕ(s) is the weighting function integrating to unity that depends on the lidar type, and s
the distance along the beam centered at the focus distance df , which is defined as the distance
from the instrument to the focus of the laser beam. n(φ, θ) is an unit directional vector that
describes the scanning geometry and relates vlos to the three-dimensional wind field u [42], φ
and θ denote the elevation and azimuth angle, respectively, as shown in Fig. 3.2.
The virtual lidar simulator of the ViConDAR framework [87], which is developed at the
University of Stuttgart is here used to model the lidar volume-averaging effects, among other
effects. As the lidar simulator scans numerical wind fields, the sampled data points are discrete,
and therefore the velocity estimates represent the weighted sum of a distribution of velocity
measurements along the line-of-sight as:
Pnp

ṽlos =

i=1 ϕ(si )vlos (si )
,
Pnp
i=1 ϕ(si )

(3.2)

where np indicates the number of discrete points along the measurement volume. For a CW
lidar, the weighting function is typically assumed to be of the Lorentzian form [88, 89], while in
the ViConDAR framework, this is approximated by a Gaussian function [87]. The line-of-sight
velocity computed from Eq. (3.2) is then expressed as function of the wind speed components
and the geometrical angle:
ṽlos (φ, θ) = u cos φ cos θ − v cos φ sin θ + w sin φ.

(3.3)
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Figure 3.2: Schematic view of a nacelle-mounted lidar. The elevation and azimuth angle, φ and θ,
respectively, are shown. A reference coordinate system x = (x, y, z) that follows the
orientation of the turbine’s nacelle is defined. Source: Paper I [44].

Yet the wind field at a given location cannot be fully characterized using a single lidar
[82, 90], instead a retrieval assumption is required to characterize the longitudinal velocity
component, which is the major driver to power and load calculations. Considering that
u  v, w, the measured radial wind speed is typically presumed to be due to the u component
alone with v=w=0 [83, 90, 91, 92]. Thus Eq. (3.3) becomes:
ṽlos (φ, θ) = U cos(φ) cos(θ).

(3.4)

Equation (3.4) allows the virtual lidar simulator to reconstruct the horizontal wind velocity
at each individual scanned point within the scanning configuration [87, 91]. The contribution
from yaw misalignment can also be included in Eq. (3.4) [83].

3.2

Wind field reconstruction

Wind field reconstruction (WFR) is defined as the process of retrieving wind field characteristics by combining measurements of the wind field in multiple locations [77, 82, 93]. The
WFR relies on a model-fitting technique that minimizes the residual between the modelled
wind field and wind measurements.
The procedure to derive wind field characteristics that are typically used as inputs in aeroelastic simulations by means of nacelle-mounted lidar measurements, i.e., Uhub , σu , α, ∆ϑ, ϑ̄o
listed in Table 2.1, is demonstrated in Borraccino et al. (2017) [82], Peña et al. (2017) [42]
and Dimitrov et al. (2019) [35]. The following text describes this procedure, which has been
evaluated in Paper I. As reported in Table 2.1, two major causes of spatial variation of the
mean wind field are normally considered in aeroelastic simulations: the vertical wind shear,
and the change of wind direction with height (wind veer).
A reference coordinate system x = (x, y, z) that follows the orientation of the turbine’s
nacelle is defined as shown in Fig. 3.2. This reference system has origin at hub height and
oriented with x-axis in the longitudinal wind direction, and z-axis in the vertical axis. A wind
coordinate system x1 = (x1 , y1 , z1 ) is defined as co-linear with the wind field, thus it can be
related to x in terms of rotations due to e.g., flow inclination (tilt) and yaw misalignment.
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Assuming that the vertical wind shear is described by a power law profile [35, 80], the mean
wind field in x1 is defined as:
z



0

ũ(x1 ) = U (z) + u (x1 ) = Uhub

α

zhub

+ u0 (x1 ),

(3.5)

where zhub is the hub height and u0 (x1 ) is the zero-mean velocity fluctuations term. The flow
direction ϑh (z) is described by the combined effects of the mean yaw misalignment and the
wind veer that can be assumed as a linear variation of wind direction over the rotor [35]:
ϑh (z) = ϑ̄o +

∆ϑ
(z − zhub ).
D

(3.6)

If the flow inclination (tilt angle) is neglected, the wind velocity field can be resolved in
the reference coordinate system (x) by means of matrix transformation as u = T1 u1 , where
T1 is:


cos ϑh (z) − sin ϑh (z) 0


T1 =  sin ϑh (z) cos ϑh (z) 0 .
(3.7)
0
0
1
For a lidar beam with a fixed point of origin centered in x, the orientation of the LOS
velocity across the specified scanning pattern with respect to the reference coordinate system
is defined by rotations about the y- and z-axes, through the elevation and azimuth angles:


Tlos



cos φ cos θ − cos φ sin θ sin φ


=
sin θ
cos θ
0 ,
− sin φ cos θ sin φ sin θ cos φ

(3.8)

leading to the relation:
(3.9)

ulos = Tlos T1 u1 .

Note that as lidars measure only the LOS component, the first row alone of Tlos is used.
The formulation in Eq. (3.9) is suitable for lidar measurements with point-like volume and
for a stationary and homogeneous wind field, which implies that the three velocity component
statistics do not change over the scanned area. By combining Eqs. (3.5)-(3.9) and applying
the expectation operator E(.), which eliminates the zero-mean velocity fluctuations u0 (x), the
relation between the LOS and the wind velocity field can be derived in its extended form as
[35, 44, 82]:


v̄los (Uhub , α, ∆ϑ, ϑ̄o , Cind , φ, θ) = Uhub




Cind cos ϑ̄o +

z1
zhub

α

∆ϑ
∆ϑ
(z − zhub ) cos φ cos θ − sin ϑ̄o +
(z − zhub ) cos φ sin θ ,
D
D








(3.10)

where (Uhub , α, ∆ϑ, ϑ̄o ) are the wind field characteristics to be estimated, Cind is the induction
factor that is described below, while the other variables are known and describe the spatial
location of the data points. A least squares method is applied to fit vlos measurements to the
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wind model of Eq. (3.10). The minimization function is defined in Eq. (3.11), where (i, j)
represents the position of the data points across the scanning configuration:
Γmin =

Xh

vlos (φi , θj ) − v̄los (φi , θj |Uhub , α, ∆ϑ, ϑ̄o , Cind )

i2

(3.11)

.

i,j

As nacelle-based lidar measurements are taken in the induction zone upfront the rotor,
the induction factor Cind is introduced to scale the longitudinal component as shown in Eq.
(3.10). Here, the two-dimensional induction factor Cind of Troldborg et al. (2017) [94], which
assumes longitudinal and radial variation of the induced wind velocity, is used:
"

Cind = 1 − ao

ξx
1− p
1 + ξx2

! 

·

2
exp (+βa a ) + exp (−βa a )

2 #

,

(3.12)

where ao is the induction factor at the rotor center area
p [94]; ξx = x/Rrotor is the distance
from the rotor normalized by the rotor
radius;
ρ
=
y 2 + z 2 /Rrotor is the radial distance
a
p
from the rotor center axis; a = ρa / λa (ηa + ξx2 ), where γa , βa , αa , λa and ηa are constants
[35, 94].

3.3

Turbulence characterization

Turbulence measures derived from lidar radial velocity measurements are ‘filtered’ because
of their relatively large probe volume [42, 84, 95] and so they are generally lower than those
obtained from sonic observations. Further, as the lidar beams are rarely aligned with any of
the three velocity components, the LOS variance can be influenced by the variance of other
velocity components, also referred to as ‘cross-contamination’ effects [42, 96]. These effects
need to be accounted for to improve the accuracy of turbulence estimates for load calculations.
Based on the work of Peña et al. (2017) [42] and Dimitrov et al. (2019) [35], two approaches
are described to derive filtered and unfiltered turbulence estimates (i.e., σu2 measures in Table
2.1) from nacelle-mounted lidar measurements.

Filtered turbulence
This approach is based on the three-dimensional turbulence spectral model by Mann, and
a model that accounts for the spatial LOS velocity averaging due to the lidar’s probe volume
[42, 86, 95]. The LOS spectra measured by a lidar beam can be related to the velocity spectral
tensor by accounting for probe volume effects [97], using:
Z Z

Fvlos,va (k1 ) = ni nj

| %̂(k · n) |2 Φij (k, αk 2/3 , L, Γ)dk2 dk3 ,

(3.13)

where %̂ is the Fourier transform of the lidar spatial weighting function and n is the unity
vector along the beam as previously defined. The expected attenuation due to the probe
volume can be computed numerically by the ratio between the variance of the LOS velocity
2
2
with and without filtering effects σv,los,va
and σv,los,pt
, respectively [35, 44]. The filtering ratio
is expressed as:
R∞

r(Zr , L, Γ, φ, θ) = R0∞
2

0

σv2
Fvlos,va (Zr , L, Γ, φ, θ, k1 )dk1
= 2los,va .
Fvlos,pt (Zr , L, Γ, φ, θ, k1 )dk1
σvlos,pt

(3.14)
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The magnitude of r2 in Eq. (3.14) is less than unity and varies in relation to the probe
volume length (Zr ), turbulence characteristics and spatial location of measurement points
[42, 86]. The covariance matrix of the filtered LOS velocity components, denoted by Rlos , can
be expressed as function of the covariance of the three-dimensional undisturbed wind field R
defined in Eq. (2.1). To relate the LOS variance to the variance of the u-velocity component,
which is a key driver in load simulations, the covariance matrix R is normalized with respect
to σu2 [35]:


1
hu0 v 0 i/σu2 hu0 w0 i/σu2
R


=  hv 0 u0 i/σu2
(3.15)
σv2 /σu2
hv 0 w0 i/σu2  ,
2
σu
2 /σ 2
hw0 u0 i/σu2 hw0 v 0 i/σu2
σw
u
where the normalized elements in the matrix can be computed numerically using the spectral
tensor model by Mann [38] using Eq. (2.3) for a given set of Mann parameters. The crosscontamination effects originating from the specific scanning geometry as well as the flow
misalignment can be accounted for by means of matrix transformations including Tlos and T1
(previously defined in Eqs. (3.8) and (3.7)). Thus, the relation between the covariance matrix
of the LOS components and σu2 can be expressed as:
Rlos
R
T
= r(Zr , L, Γ, φ, θ)2 Tlos CT1 2 T1T C T Tlos
,
2
σu
σu




(3.16)

where C is the induction matrix [35]. Rlos in Eq. (3.16) is defined as a full covariance matrix
containing three vector components, however, as only LOS velocities are measured by the
lidar, then only the first component of Rlos is measured.
As a result, the ratio in Eq. (3.16) identifies the relation between the LOS variance
2
(σvlos ) and the wind field variance in the longitudinal direction, σu2 . The LOS residuals,
0 , are calculated as the difference between the measured v
vlos
los and the mean LOS field
v̄los (Uhub , α, ∆ϑ, ϑ̄o , Cind ) obtained from Eq. (3.10) as:
0
vlos
(φi , θj ) = vlos (φi , θj ) − v̄los (φi , θj |Uhub , α, ∆ϑ, ϑ̄o , Cind ).

(3.17)

Eventually, σu2 is derived by scaling the variance of the LOS residuals from Eq. (3.17)
with the reciprocal of the filtering ratio estimated using Eq. (3.16). As the filtering ratio (r2 )
can be evaluated for each LOS direction across the scanning configuration (e.g., different φ, θ
angles), multiple nacelle lidar measurements can be combined accordingly to estimate σu2 [35].

Unfiltered turbulence
This approach avoids filtering effects and uses the ensemble-averaged Doppler radial
velocity spectrum to derive unfiltered turbulence measures [42, 85, 86]. Under the assumption
of homogeneous flow and for negligible velocity gradients within the probe volume, the
ensemble-averaged Doppler spectrum over a time period hS(vlos )i is related to the probability
distribution of the LOS velocity at the focus distance, and can be computed as [86]:
hS(vlos )i =

Z ∞
−∞

ϕ(s)p(vlos |s)ds,

(3.18)

where p(vlos |s) denotes the probability density function (PDF) of the LOS velocities at the
location s along the beam. If we assume that the PDF of vlos is independent of s, (i.e. there
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is no velocity gradient along the beam), then Eq. (3.18) reduces to hS(vlos )i = p(vlos ). As a
result, the LOS velocity statistics (i.e. mean and variance) can be readily estimated from the
first and second central moments of p(vlos ) [42, 85, 86] as:
Z +∞

µvlos =

−∞

σv2los

vlos p(vlos )dvlos ,

Z +∞

=
−∞

(vlos − µvlos )2 p(vlos )dvlos ,

(3.19)

where µvlos and σv2los denote the mean LOS velocity and unfiltered LOS velocity variance,
respectively. By applying the variance operator to Eq. (3.3), the relation between the
unfiltered σv2los and σu2 is obtained as:
2
σv2los =σu2 cos2 φ cos2 θ + σv2 cos2 φ sin2 θ + σw
sin2 φ

− 2hu0 v 0 i cos φ cos θ cos φ sin θ
+ 2hu0 w0 i cos φ cos θ sin φ
0

(3.20)

0

− 2hv w i cos φ sin θ sin φ.

By assuming homogeneous turbulence, the scanning pattern can be used to account for the
cross-contamination of different velocity components and to extract the u-velocity component
variance (σu2 ) from Eq. (3.20), which is important for load calculations [35, 42].

3.4

Wake field characterization

There are several ways of characterizing wakes from lidar measurements [73, 98, 99]. One
of the most applied is to describe wake by an axisymmetric bivariate Gaussian shape function.
This assumption is generally verified in the far-wake region [60, 71], where turbulent mixing
results in a wake deficit that is approximately Gaussian in shape, and under stable to neutral
atmospheric conditions, which are characterized by relatively small turbulence length scales,
and consequently by limited wake meandering amplitudes when compared to the unstable
cases [45, 70, 100]
Traditionally, the normalized velocity deficit has been defined as the difference between
the ambient wind speed and that inside the wake as:
Udef (x, y, z) =

Uamb (z) − U (x, y, z)
,
Uamb (z)

(3.21)

where the atmospheric vertical shear profile is here defined by Uamb (z), and U (x, y, z) represents
the measured wind speed in the wake at the spatial locations (x, y, z). Following the procedure
of Trujillo et al. (2011) [99], a bivariate Gaussian shape is fitted to the velocity deficit flow
field and the wake center is defined as the geometric centroid of the Gaussian:
fdef =

A
2πσwy σwz

"

1
exp −
2

(yi − µy )2 (zi − µz )2
+
2
2
σwy
σwz

!#

,

(3.22)

where (µy , µz ) define the wake center location, (σwy , σwz ) are width parameters of the wake
profile in the y and z directions, respectively, (yi , zi ) denote the spatial locations of the lidar
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measurements, and A is a scaling parameter. A least squares method is applied to fit the
measured wind speed deficits to the bivariate Gaussian function in Eq. (3.22), as:
Γdef =

X

[Udef (yi , zj ) − fdef (yi , zj |µy , µz , σwy , σwz , A)]2 ,

(3.23)

ij

where subscripts (i, j) indicate data points within the scanning configuration. The model in
Eq. (3.22) allows both the characterization of the velocity deficit properties, i.e., width and
depth and location, and tracking the wake meandering time series. The latter is fundamental
to compute wake features such as the velocity deficits in the MFoR, which is required to
calibrate the DWM model [25, 26, 28, 70].

Chapter 4

Sites
The datasets collected at two onshore sites have played a central role in the analyses of
this thesis, including the Nørrekær Enge (NKE) wind farm in Denmark and the Scaled Wind
Technology Facility (SWiFT) in Texas. These datasets include concurrent measurements of
the inflow wind field performed by a mast, wake measurements by a nacelle lidar, and load
measurements collected on a turbine operating under wake conditions.
These data have been instrumental in investigating the influence of the inflow wind and
atmospheric stability conditions on the wake development and the resulting wake-induced
effects on the wind turbine operation. The sites are briefly described in the following sections.

4.1

Nørrekær Enge (NKE)

The Nørrekær Enge wind farm is located in the North-west of Denmark and consists of 13
Siemens 2.3 MW turbines (SWT2.3-93), with a 93 m rotor diameter and hub height of 80 m
above ground level. The turbines are installed in a single row oriented along the 75◦ and 255◦
direction compared to true north, with 487 m (5.2 D) spacing, as pictured in Fig. 4.1.
The wind turbine T04 (red circle in Fig. 4.1) was instrumented with sensors for load
measurements at the roots of two blades, tower top and tower bottom [101]. A meteorological
mast (red triangle in Fig. 4.1) was installed at 232 m (2.5 D) distance from T04 in direction
103◦ [35, 42]. The mast instrumentation comprises cup and sonic anemometers, wind vanes
and thermometers mounted at several heights, among others [35, 42, 82, 101]. Based on the
farm geometry and visual inspection of data, wake sectors of 30◦ are considered ranging from
55◦ to 85◦ for north-east directions and from 235◦ to 265◦ for south-west.

Lidars
Two forward-looking lidars were installed on the nacelle of T04 : a pulsed lidar (PL) with a
5-beam configuration and a continuous wave (CW) system scanning conically as shown in Fig.
4.2. The CW lidar by ZephIR has a single beam, which scans conically with a cone angle of
15◦ and a sampling frequency of 48.8 Hz. The CW lidar measured sequentially at five different
ranges upwind from the turbine, at 0.1, 0.3, 1.0, 1.3, and 2.5 D, and took approximately 50 s
to complete a full scan at all ranges.
The PL lidar provided by Avent technology has five fixed beams; a central beam oriented
in the longitudinal direction at hub height and four beams oriented at the corner of a square
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Figure 4.1: The Nørrekær Enge wind farm in northern Denmark on a digital surface elevation model
(UTM32 WGS84). The wind turbines are shown in circles, the turbine T04 with the
nacelle lidars in red and the mast in a triangle. The sectors used in this work are shown;
narrow direction sector: 97◦ – 109◦ ; wide direction sector: 97◦ – 220◦ ; wake sectors: 55◦ –
85◦ and 235◦ – 265◦ . The waters of Limfjorden are shown in light blue. Source: Paper I
[44].

pattern, as shown in Fig. 4.2 (bottom-right). The PL lidar measures simultaneously at ten
different ranges in front of the turbine 0.53, 0.77, 1.03, 1.17, 1.30, 1.53, 1.78, 2.03, 2.5, and 3.0
D, by acquiring radial velocity spectra for 1 s at each beam, thus scanning a single plane with
a sampling frequency of 0.2 Hz [42].
The top views of the PL scanning pattern and CW lidar binned data selection are illustrated
in Fig. 4.2 (top). The lidars measure approximately 2.5 and 5 D downstream of the wakesource turbine. For more details about the instrumentation, specifications about the mast
structures and lidars, wind turbine on-board sensors, etc., see Paper I, Borraccino et al. (2017)
[82], Peña et al. (2017) [42] and Dimitrov et al. (2019) [35].
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Figure 4.2: Top and front views of the CW lidar (left) and PL lidar (right) scanning patterns shown
by the blue dots. The trajectory of the lidars beams is illustrated by the dotted lines
in cyan. The bins/beams notation is also given; the CW lidar measurements have been
binned in 10 bins, i.e., b1, b2,...,b10 [35]. The location of the lidars on T04 is shown with
a red square marker. The reference coordinate system has an origin at the hub center
with the x -axis is in the mean wind direction. The distances are normalized with respect
to the rotor diameter D. Source: Paper I [44].

4.2

Scaled Wind Technology Facility (SWiFT)

The SWiFT facility is a research site located in Lubbock, Texas, operated by Sandia
National Laboratories [102]. Figure 4.3 provides an overview of the test layout together with
the notation used along the thesis. The site includes three Vestas V27 wind turbines (WTGa1,
WTGa2 and WTGb1 ) , two meteorological towers (METa1 and METb1 ), and a SpinnerLidar
[103] mounted on the nacelle of WTGa1 and looking backwards.
The METa1 is 60 m tall and instrumented with sonic anemometers at multiple heights (see
Paper III, Paper IV and Herges et al. (2017) [102] for more details). The mast is placed 2.5 D
south of WTGa1 in compliance with the IEC standard guidelines [32, 33]. As southerly winds
are prevalent at the site, this layout allows to retrieve concurrent incoming wind conditions
from METa1, wake measurements behind the WTGa1 performed by the SpinnerLidar, and
power and load measurements on the waked-WTGa2 installed 5 D downstream. The WTGa1
and WTGa2 are variable-speed and pitch-regulated turbines with hub height of 32.1 m, a
rotor diameter of 27 m, and a maximum power output of 192 kW [104].

SpinnerLidar
The SpinnerLidar is a research Doppler wind lidar developed at DTU based on a continuouswave (CW) laser system [103, 105]. The SpinnerLidar scans the rotor wake at high temporal
and spatial resolution so that wake features can be derived. For the SWiFT campaign, the
SpinnerLidar scanned continuously in a rose-pattern every 2 s (see Fig. 4.4), and the system
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Figure 4.3: Top view of the SWiFT facility layout, source [102]. The geographical North is pointing
toward the right side of the figure for illustrative purposes only. The wind turbines
(WTGa1, WTGa2 and WTGb1 ) and met masts (METa1 and METb1 ) are shown and
the spacing is normalized over the rotor diameters D. The SpinnerLidar is mounted on
WTGa1 looking backwards.

internally subdivided the rose into 984 sections. Once a scan was completed, the SpinnerLidar
refocused at a different range, and this process took about 2 s [104].
For the SWiFT campaign, few scanning strategies were adopted that are detailed described
in Paper IV. The SpinnerLidar scanned at a single distance downstream (2.5D or 5D) at a
high temporal frequency (i.e., every 2 s), which allows characterizing turbulence and the wake
meandering dynamics or scanned up to seven distances downstream (1, 1.5, 2, 2.5, 3, 4, and
5D) at a lower temporal frequency (i.e., every 30 – 42 s), which allows characterizing the
spatial evolution of the mean wake along the downstream direction [83, 92].
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Figure 4.4: A schematic view of SpinnerLidar’s scanning patterns at several distances (i.e., 1, 1.5, 2,
2.5, 3, 4, and 5D) behind the WTGa1, which is depicted by solid black lines.

Chapter 5

Lidar-based load assessments
This chapter introduces the lidar-based load validation procedures that have been defined
and demonstrated in Paper I and Paper II. The main objective is to verify hypothesis I,
thus demonstrating that nacelle-mounted lidar measurements incorporated into wake field
reconstruction methods improve the accuracy of power and load predictions compared to wake
field reconstruction using engineering wake models alone.
There are two main sources of uncertainty intrinsic of engineering wake models that can be
potentially reduced by introducing nacelle lidar measurements in the wake field reconstruction.
One source of uncertainty originates from the simplification of the mathematical form solving
the wake field dynamics. This type of uncertainty can, in principle, be reduced by improving
the wake model [26, 106] or by appropriately calibrating model parameters (e.g., using nacellelidar measurements) [28]. Alternatively, integrating lidar-derived wind field characteristics or
wake flow features in the simulations (e.g., quasi-instantaneous velocity deficits and observed
wake meandering paths) can circumvent flow modelling assumptions inherent to engineering
wake models, i.e., assuming a quasi-steady velocity deficit or a stochastic definition of the
wake meandering [25]. Moreover, incorporating nacelle lidar measurements as constraints in
the turbulence fields can also release the DWM model’s assumption to consider wakes as a
cascade of steady velocity deficits passively displaced by large-eddies found in the atmosphere
[4, 25, 68] while reconstructing the actual observed inflow at a high spatial and temporal
resolution.
Another source of uncertainty derives from the traditional method of performing aeroelastic
simulations, for which the numerical wind fields are set to match the statistical properties
(e.g., mean and variance) of the observed wind field on a 10-min basis. As previously discussed
in Sect. 2.1, this approach introduces statistical uncertainty in power and load predictions due
to the stochastic nature of the turbulence field realizations [35, 49]. Further, the statistical
uncertainty in power and load simulations under wakes is expected to increase due to the
stochastic nature of the meandering process [25, 68]. In contrast, nacelle-lidar measurements
incorporated in the wake field reconstruction method can potentially reproduce wake fields
with strong similarities to the observed inflow and, as a result, reduce statistical uncertainty
in power and load predictions.
Although lidar-based procedures can potentially improve the fidelity of wake simulations,
the accuracy of the reconstructed wake fields is conditional on the lidar’s scanning strategy,
the flow modelling assumptions adopted to derive useful wind field characteristics and the
measurements uncertainty, among others.
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This chapter is structured as follows. The load validation criteria used to evaluate the
hypotheses are defined in Section 5.1. Three lidar-based load validation procedures are
investigated, which are described in separate Sects. 5.2, 5.3 and 5.4. These sections summarize
the studies, while more details can be found in the related articles.

5.1

Load validation criteria

The lidar-reconstructed wake flow fields are input to aeroelastic simulations, which are
carried out using the state-of-the-art HAWC2 software [37]. The power and load predictions
accuracy is evaluated through a one-to-one comparison against measurements from wind
turbine on-board sensors by following the guidelines in the IEC 61400-13 [33]. This approach
consists of carrying out individual aeroelastic simulations for each measured realization of
environmental conditions (i.e., each 10-min period). Two uncertainty indicators are used to
assess the quality of the aeroelastic predictions:
• Bias ∆R = E(ỹ)/E(ŷ),
• Uncertainty XR =

p

h(ỹ/ŷ − E(ỹ)/E(ŷ))2 i,

where ỹ indicates the resulting statistics from aeroelastic simulations and ŷ the corresponding
measured statistics from the turbine on-board sensors (the symbol E(.) indicates the mean
value and h.i the ensemble-average). For reference, ∆R = 1 and XR = 0 lead to a perfect
correlation between measured and predicted loads. The wind turbine statistics investigated in
this work are listed in Table 5.1.
Two load validation criteria are defined in order to verify the hypothesis I and II : load
validation criteria I that is used when experimental data are available, and load validation
criteria II that is used for the numerical studies. The criteria are defined below.
Description

Parameter

Mean power production
Blade root flapwise bending moment
Tower bottom fore-aft bending moment
Tower top torsional loads
Drivetrain torsional loads

Powermean
MxBRDEL
MxTBDEL
MzTTDEL
MzShDEL

Table 5.1: Wind turbine load channels investigated in this work. The load components refer the 1-Hz
damage equivalent fatigue loads computed using the rain flow counting algorithm with a
Wöhler exponent of m = 12 for blades and m = 4 for the tower [35, 44].

Load validation criteria I
If experimental data include concurrent inflow wind and load measurements under both
wake-free and wake situations, the objective is to quantify the uncertainty in power and load
predictions under wakes and to compare it directly to the uncertainty obtained from wake-free
situations. The following procedure is adopted:
• One-to-one load comparison between measured and predicted load realizations.
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• Uncertainty quantification in terms of the statistical properties of the ratios between
measured and predicted load realizations, i.e., computing ∆R and XR .
• Comparison of the loads uncertainties (∆R and XR ) in wakes against uncertainties of
load predictions in wake-free conditions.

The observed deviations in ∆R and XR indicators between those that are estimated under
wake conditions and those that are estimated under wake-free conditions are assumed to be
solely due to the uncertainties introduced by the wake field reconstruction method. Therefore,
∆R and XR provide a measure of the uncertainty of power and load predictions under wake
conditions against wind turbine on-board sensors, and at the same time a measure of the
uncertainty in power and loads predictions under wakes relative to that obtained under
wake-free conditions.
Load validation criteria II
A tailored designed validation procedure is developed to demonstrate that lidar-reconstructed
wake fields improve the accuracy and reduce the statistical uncertainty in power and load
predictions compared to conventional engineering wake models (e.g., the DWM model). This
procedure is based on a numerical framework that is illustrated in Fig. 5.1.

Figure 5.1: The numerical framework that is developed to evaluate lidar-based power and load
validation procedures under wakes. The framework includes the target, baseline and the
lidar-reconstructed wake fields that are input to aeroelastic simulations. See the text for a
detailed description of the wake field reconstruction procedures. The marker ∗ indicates
that the outlined fields are the same.

The load validation criteria II is defined as follows. Two sets of random turbulence field
realizations (also referred to as seeds) are used: set A and set B. The simulations using the
DWM model and turbulence fields from set A are denoted as the target fields (see black
rectangular box in Fig. 5.1). In this context, the target fields represent the ‘true’ wake flow
fields. A second set of DWM model-based wake fields is generated using fields from set B,
which are denoted as the baseline fields (see blue rectangular box in Fig. 5.1). Here, the
baseline fields represent wake simulations as conventionally performed using the DWM model,
indeed wake features are superposed on random turbulence field realizations [25, 55].
Since the turbulence seeds from set A and set B come from the same Gaussian distributions
[107], but are statistically independent, it is expected that the outcomes of load simulations with
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set A and set B (thus the target and the baseline) will have the same statistical properties but
will not be correlated (i.e, ∆R ≈ 1 and XR > 0). Hence, the result of a one-to-one comparison
of load statistics between the realizations in the baseline and the target simulations is a direct
measure of the statistical uncertainty (i.e., load scatter) that originates from both the random
turbulence realizations as well as the stochastic meandering process [47].
A virtual lidar simulator, as the one described in Sect. 3.1, is employed to scan the target
fields, and, through the proposed wake field reconstruction algorithm, incorporates these
samples in a random turbulence field from set B to generate the lidar-reconstructed fields,
which are input to aeroelastic simulations (see red rectangular box in Fig. 5.1).
This numerical approach intends to imitate what we would eventually do when nacelle
lidar measurements within wakes are available for load predictions. Further, this procedure
allows to quantify the uncertainty of load predictions that results from lidar-reconstructed
wake fields against the target, and at the same time, to compare the associated statistical
uncertainty with that of the baseline [35, 47].
The load validation analysis comprises a large number of simulations in order to quantify
the statistical uncertainty of load predictions under a variety of inflow conditions. Eventually,
two main criteria to evaluate the lidar-reconstructed wake fields approaches are defined:
• The mean bias ∆R of load predictions obtained with the lidar-reconstructed wake
simulations is of the same order of that obtained with the baseline.
• The statistical uncertainty (standard deviation of the bias, XR ) derived with the lidarreconstructed wake simulations is lower than that obtained with the baseline.
Provided that these criteria are satisfied, the proposed lidar-based reconstruction approaches will produce (I) load predictions in wakes that are in a statistical sense as accurate
as of the DWM model and (II) a reduced statistical uncertainty by reconstructing wake fields
that have stronger similarities to the target fields compared to the DWM model results. This
procedure is implemented in details in Paper II.

5.2

Wind field reconstruction extended to wake situations

The basic idea pursued in this section, and presented in Paper I, is to retrieve wind
field characteristics, which are commonly used as inputs for aeroelastic simulations, using
wake measurements from nacelle-mounted lidars. The procedure is demonstrated using data
collected at the NKE site, thus based on the PL and CW lidars installed on the nacelle of T04.
These lidars do not provide sufficient spatial and temporal resolution to characterize detailed
wake features such as the wake deficit and its meandering [47]. As a consequence, more
simplistic flow assumptions are required to be able to reconstruct useful wind characteristics.
The WFR model described in Sect. 3.2, which has been validated for load assessment in
free-stream conditions [35, 42, 82], is extended to evaluate the accuracy of load predictions
under wake situations. The lidar-derived inflow characteristics include the mean wind speed at
hub height, vertical shear, wind veer, yaw error, turbulence intensity, and turbulence-spectra
parameters. The unsteady wake meandering dynamics are neglected, and the adopted WFR
method does not include a spatial description of the wake-induced velocity deficit. The wake
field reconstruction approach can be summarized as the following:
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– The wind field characteristics (Uhub , α, ∆ϑ, ϑ̄o ) listed in Table 2.1 are estimated
by combining the WFR model of Eq. (3.10) with all LOS directions and multiple
measurement ranges from the PL and CW lidar installed on the nacelle of the turbine
T04 at the NKE site.
– The filtered turbulence, σu , which is the main load driver, is derived from both CW
and PL lidars using the spectral velocity tensor model described in Sect. 3.3, whereas
unfiltered turbulence estimates are derived from the CW lidar measurements using the
ensemble-average Doppler radial velocity spectrum [42, 85, 86]. Further, lidar-based
Mann turbulence length scales (L) are estimated using the central beam of the PL lidar,
see Paper I for more details.
– The lidar-derived wind field characteristics in wakes are superposed on random turbulence
fields generated using the Mann model, which are then input to aeroelastic simulations
for carrying out the load validation analysis.

The load validation criteria I (see Sect. 5.1) is applied to evaluate the accuracy of lidarbased power and load predictions under wake conditions. Therefore, the uncertainties in
load predictions that are lidar-based under wake conditions are compared to those that are
lidar-based under wake-free conditions. For this particular analysis, partial- and full-wake
situations are considered separately, which are detected using a lidar-based wake detection
algorithm [108] (see Paper I).
The available dataset for the load analysis comprises around 500 10-min samples for each
of the free-, partial-, and full-wake scenarios, which are distributed within the wind speed
range 4–14 m/s. The estimated uncertainties indicators ∆R and XR for the analyzed cases
are provided in Table 5.2. The analysis is carried out for both PL and CW lidar-reconstructed
wind fields and detailed in Paper I.
Mann’s length
scale L [m]

Powermean
∆R
XR

MxBRDEL
∆R
XR

MxTBDEL
∆R
XR

35

1.01
0.98

0.09
0.09

1.09
1.01

0.23
0.21

0.97
0.91

0.20
0.18

PL lidar
CW lidar**
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1.05
1.03

0.10
0.10

1.04
1.00

0.23
0.19

0.95
0.92

0.18
0.17

PL lidar
CW lidar
CW lidar**
PL lidar
CW lidar
CW lidar**
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0.95
0.96
0.95
0.95
0.96
0.95

0.19
0.17
0.18
0.18
0.15
0.16

1.22
1.19
1.12
1.07
1.02
0.97

0.24
0.20
0.19
0.18
0.16
0.15

1.11
1.08
1.01
1.09
1.05
0.97

0.19
0.18
0.17
0.15
0.16
0.16

Case

Device

Wake-free

PL lidar
CW lidar

Partial-Wake
Full-Wake

7

Table 5.2: List of uncertainty values for power and fatigue loads. The marker ** indicates unfiltered
turbulence obtained from the ensemble-average Doppler spectrum of the radial velocity,
whereas other cases use filtered turbulence obtained from the spectral velocity tensor
model. The PL-based wind characteristics are estimated from ranges 0.7–2.5D, whereas
the CW-related parameters from 1–2.5D. The Mann’s length scale L is fitted using the
central beam of the PL lidar in wake-free conditions, which leads to L = 35 m, and in
full-wake situations, L = 7 m. More details are provided in Paper I [44].
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Summary of the wind field reconstruction extended to wake situations
Based on the results of Table 5.2 and the detailed analysis carried out in Paper I, the
main findings are listed below:
• The results presented in Table 5.2 show that the uncertainties in power and load
predictions under wakes are larger than those estimated in wake-free conditions. This
result follows mainly because of the flow modelling assumptions adopted in the WFR
model, which neglect important wake features such as the velocity deficit and its
meandering. The observed biases in power productions, ∆R , are up to 4% higher in
partial-wake and 4% lower in full-wake, compared to results in wake-free conditions that
are nearly unbiased (∆R ≈ 0.98–1.01). It is also seen that the statistical uncertainty
in power productions, XR , increases by a factor of ≈ 2 in full-wake compared to the
wake-free situations.
• The most important load generating parameters are the lidar-derived turbulence, σu ,
and the lidar-derived turbulence length scale, L. Improved accuracy in fatigue loads is
found when unfiltered turbulence estimates from the ensemble-average Doppler radial
velocity spectrum are used in the simulations compared to filtered turbulence estimates.
For example, ∆R of MxBRDEL under full-wake decreases from 1.19 (CW lidar) to 1.12
(CW lidar**) as shown in Table 5.2. Overall, the measured and predicted fatigue loads
are found to correlate significantly better when a synthetic turbulent field characterized
by a low turbulence length scale is used, i.e., ∆R of MxBRDEL under full-wake reduces
from 1.12 (CW lidar** and L=35 m) to 0.97 (CW lidar** and L=7 m), whereas XR
decreases for all load components.
• Although the underlying flow modelling assumptions adopted in the WFR model are
violated under wakes, due to the inhomogeneity and unsteadiness of the flow field,
the estimated uncertainties in power and loads under wakes listed in Table 5.2 are
comparable or lower than those obtained using the current IEC-recommended DWM
and Frandsen models reported in early studies [61, 64, 109]. For example, Reinwardt et
al. (2018) [64] reported fatigue load biases in the range 11%–15% for the tower bottom
and 8%–21% for the blade-root flapwise bending moments using the DWM model at
an onshore site. Finally, it is suggested that reconstructing the velocity deficit and its
meandering can improve the wake field reconstruction’s accuracy and that of power and
load predictions.

5.3

Wake deficit simulations

Based on the limitations of the WFR model of Sect. 5.2 to describe wake flow fields,
two alternative approaches are proposed and evaluated that reconstruct more detailed wake
features. The first approach is defined as the wake deficit simulations (WDS), shortly
introduced hereafter, and the second approach is denoted as the constrained simulations (CS)
described in Sect. 5.4. Both methods are described in details and verified in Paper II.
The WDS approach assumes that the wake-induced velocity deficit can be described by a
bivariate Gaussian shape function [99]. By fitting multiple nacelle lidar measurements to the
bivariate Gaussian function of Eq. (3.22), we can estimate wake deficit characteristics such as
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the width, depth, and wake center location for each quasi-instantaneous wake recording. If this
procedure is repeated for each scan within a 10-min period, then a time series of lidar-derived
velocity deficits is obtained. Subsequently, the lidar-derived velocity deficits are superposed
on random turbulence field realizations generated using the Mann model, which are finally
input to aeroelastic simulations.
The WDS modelling approach is similar to that of the DWM model, as it assumes that
the wake meandering process can be represented as a series of consecutive wake ‘releases’
that are displaced by the large-scale turbulent structures in the atmosphere and are advected
downstream with the mean velocity field assuming Taylor’s hypothesis [50].
Nevertheless, the WDS model can potentially improve the accuracy of wake field representations compared to the DWM model in two ways. First, the actual measured wake
meandering time series are accurately replicated in the simulations, oppositely to the stochastic
definition of the meandering process in the DWM model [4, 25]. Second, errors in wake deficit
predictions are minimized at each scan using the model-fitting approach, whereas a steady
velocity deficit formulation is assumed in the DWM model. Note that both the uncertainties
in wake meandering and wake deficit predictions are considered as the major sources of
uncertainty in DWM model-based power and load predictions [4, 25, 26, 28, 70, 74, 106].
The detailed wake field reconstruction procedure based on the WDS approach is described
in Paper II. The performance of the WDS approach is evaluated through the numerical
framework depicted in Fig. 5.1. Therefore, a virtual lidar simulator is used to scan target
fields generated using the DWM model, and these samples are input to the WDS algorithm.
For this analysis, the DTU 10 MW wind turbine [110] is used as a reference.
A selection of scanning configurations is used to mimic the standard scanning strategies of
commercially available and research-based nacelle lidars, as shown in Fig. 5.2. These patterns
are used to perform load validation within wakes. Here, it is assumed that the virtual lidar
scans at a relative distance upfront the rotor of 0.7 D (D = 179 m for the DTU 10 MW), and
all patterns complete a full-scan in 2 s, which leads to about 300 scans in a 10-min period. A
probe volume length of 30 m is assumed, which is defined as the standard deviation of the
Gaussian-like weighting function [87]. Further details on the lidar specifications can be found
in Paper II. A sensitivity analysis of the adopted lidar specifications on the accuracy of power
and load predictions is also found in Paper II.
The load validation analysis is conducted using the DTU 10 MW wind turbine, and the
inflow wind conditions recorded from the FINO1 meteorological mast installed at the German
offshore wind farm Alpha Ventus [59]. This site is chosen as the recorded turbulence estimates
are considerably lower (approximately a factor of 3) than values recommended by the low
turbulence IEC-class C [31]; thus, they ensure strong wake-induced velocity deficits.
The load simulations are carried out for wind speeds in the range of 6–22 m/s, with a
wind speed step of 2 m/s, and 18 turbulence seeds for each wind speed realization, leading
to 162 simulations for each analyzed case. The ambient turbulence levels range 5–8%. The
uncertainties (∆R and XR ) in load predictions resulting from WDS-reconstructed fields with
simulated lidar patterns in Fig. 5.2 are compared to the uncertainties obtained from the
baseline simulations following the load validation criteria II (see Sect. 5.1). The key results
are provided in Table 5.3, whereas more details can be found in Paper II.
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Figure 5.2: Selected lidar scanning patterns for the load analysis. The SL refers to the rosette pattern
performed by the SpinnerLidar [111]. The red markers indicate the scanned locations,
and the black dots in the background define the spatial resolution of the turbulence box.
The rotor diameter is shown in a solid black line. The lateral and vertical coordinates are
normalized with the rotor radius. Source: Paper II [47].

Case

Powermean
∆R
XR

MxBRDEL
∆R
XR

MxTBDEL
∆R
XR

MzTTDEL
∆R
XR

MzSHDEL
∆R
XR

Baseline

0.99

0.05

0.99

0.09

0.99

0.07

1.00

0.07

0.99

0.17

4P
7P
Cone
SL
Grid

1.21
1.02
1.08
1.00
1.01

0.03
0.02
0.02
0.01
0.01

1.02
0.99
1.01
0.96
0.97

0.08
0.08
0.05
0.05
0.05

1.01
1.00
1.00
0.96
0.96

0.12
0.11
0.06
0.07
0.06

1.00
1.03
1.01
0.98
0.98

0.09
0.09
0.06
0.05
0.06

0.99
0.96
1.01
0.92
0.94

0.14
0.10
0.13
0.09
0.08

Table 5.3: Uncertainty indicators of the load validation analysis based on the wake deficit simulations
approach (WDS). Results are tabulated according to the load components and lidar scanning
patterns and are compared against the baseline. A perfect statistical prediction leads to
∆R = 1 and XR = 0. Source: Paper II [47].

Summary of the wake deficit simulations
Based on the results of Table 5.3 and the detailed analysis carried out in Paper II, the
main findings are discussed below:
• The results of the numerical study presented in Table 5.3 show that the accuracy in
power and load predictions resulting from lidar-based WDS fields is highly dependent on
the lidar’s scanning configuration, as expected. Overall, it is shown that to accurately
reconstruct time series of the wake deficits including their meandering, i.e., using the
SL and Grid patterns is sufficient to predict unbiased power productions, ∆R ≈ 1,
and to reduce the statistical uncertainties in power and load predictions compared to
the baseline model, i.e., XR decreases by a factor of 5 for Powermean , and by a factor
1.1–2.1 for fatigue loads. Nevertheless, the lidar-based WDS fields lead to a consistent
underprediction of fatigue loads by 2–5%, while the baseline are unbiased. This result is
mainly attributed to the small-scale wake-added turbulence that induces dynamic loads
in the high-frequency range [25, 55]. These high-frequency load fluctuations cannot be
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reconstructed with the WDS approach. Indeed, the sole turbulence structures with an
associated size comparable to the wake deficit’s spatial extension are reconstructed.
• Concerning lidar specifications, it is found that high spatial resolution and small probe
volume lengths are key to accurately reconstruct wake fields (this is shown through a
sensitivity analysis in Paper II), whereas the lidar’s sampling frequency has a smaller
influence. This result follows as the dominant frequency of the wake meandering process
decreases with increasing rotor size, as the filtering cut-off frequency in the DWM model
is defined as f ≈ Uhub /(2D) [68]. For an ambient mean wind speed of 6 m/s and a
rotor size of D=179 m (e.g., for the DTU 10 MW), the dominant meandering period
corresponds to ≈ 60 s, which implies that a nacelle lidar should complete a full-scan
in less than 60 s to characterize the major wake meandering dynamics. The results of
Table 5.3 reveals that the current commercially available nacelle-mounted lidars, here
represented by the 4P, 7P, and Cone patterns, will not provide sufficient information
to reconstruct wake fields for load assessments under wakes accurately (this is further
shown in Paper II).
• The main limitation of the WDS approach is that it describes the wake by an axisymmetric shape and velocity deficit distribution, which is a reasonable choice in the
far-wake region under stable conditions [92, 112]. However, as the atmosphere becomes
unstable or in the presence of multiple wakes, a non-Gaussian shape function should be
used. Another limitation of this study stems from the adopted numerical framework. In
addition to the limitations of the virtual lidar simulator, the target fields are generated
using the DWM model, and as a consequence, the induction effects and turbulence
evolution are not considered in the simulations. Overall, the WDS algorithm is a fast
tool that can potentially provide useful information on the wakes’ spatial and temporal
characteristics that primarily affect wind turbine loads and power productions in nearly
real-time.

5.4

Constrained wake fields

The wind field reconstruction model evaluated in Sect. 5.2 describes wake fields by means
of time-averaged wind field characteristics estimated from multiple nacelle lidar measurements,
without accounting for the velocity deficit and its dynamics. The unsteady velocity deficit
dynamics are then reconstructed using the WDS model in Sect. 5.3, thus improving the
accuracy of wake field representations. Provided that a scanning pattern with a high spatial
resolution is employed, the WDS approach can potentially predict unbiased power productions
in wakes; however, it underestimates fatigue loads as the small-scale turbulence structures are
not reconstructed.
As nacelle-mounted lidars can measure at high spatial and temporal resolution upwind of
the rotor, incorporating multiple wind measurements in the turbulence fields as constraints can
yield much more insight into the actual wake flow field compared to the previous approaches.
Here, the constrained simulation (CS) algorithm of Sect. 2.3, which is based on Mann-generated
turbulence fields, is applied to reconstruct wake fields.
The CS model is defined and demonstrated in Paper II, by applying the same validation
procedure used to evaluate the WDS method in Sect. 5.3. Therefore, the numerical framework
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depicted in Fig. 5.1, which uses the virtual lidar simulator to scan the target fields and
incorporate these samples as constraints in randomly generated turbulence field realizations,
is used to evaluate the performance of the CS model under wake conditions. Further, the
lidar’s scanning patterns illustrated in Fig. 5.2 are evaluated together with an additional
configuration named as Grid∗ , which neglects probe volume averaging effects (thus lidar
measurements are considered as point-like).
A one-to-one load comparison is carried out following the load validation criteria II. Hence,
the uncertainties (∆R and XR ) in load predictions resulting from CS-reconstructed fields are
compared to the uncertainties obtained from the baseline simulations. The DTU 10 MW
turbine is used as a reference and site-specific conditions recorded from Alpha Ventus as inflow.
Overall, 162 simulations are carried out for each analyzed scanning pattern, as described in
Sect. 5.3. The resulting load statistics are tabulated in Table 5.4.
Case

Powermean
∆R
XR

MxBRDEL
∆R
XR

MxTBDEL
∆R
XR

MzTTDEL
∆R
XR

MzSHDEL
∆R
XR

Baseline

0.99

0.05

0.99

0.09

0.99

0.07

1.00

0.07

0.99

0.17

4P
7P
Cone
SL
Grid
Grid*

1.37
1.09
1.18
1.01
1.01
1.01

0.06
0.02
0.02
0.01
0.01
0.01

0.87
0.95
0.99
0.97
0.97
0.99

0.11
0.06
0.05
0.03
0.03
0.03

0.93
0.96
0.92
0.92
0.94
0.98

0.12
0.07
0.06
0.04
0.04
0.05

0.92
1.04
0.95
0.95
0.96
0.99

0.06
0.07
0.03
0.03
0.03
0.03

0.91
0.90
0.93
0.97
0.96
0.97

0.18
0.14
0.13
0.06
0.08
0.07

Table 5.4: Uncertainty indicators of the load validation analysis based on the constrained field simulations approach (CS). Results are tabulated according to the load components and lidar
scanning patterns and are compared against the baseline. A perfect statistical prediction
leads to ∆R = 1 and XR = 0. Source: Paper II [47].

Summary of the constrained wake fields
Based on the results reported in Table 5.4 and further discussed in Paper II, the main
findings are provided below:
• The results of the numerical study presented in Table 5.4 show that the accuracy in
power and loads predictions obtained with the lidar-based CS fields is highly conditional
on the scanning configuration as well as the probe volume averaging effects (this is
also found for the WDS model in Sect. 5.3). This result confirms that patterns with a
high spatial resolution are required to characterize wakes for load assessments, while
commercially available nacelle lidars hardly meet these requirements. Provided that a
sufficient number of lidar measurements are incorporated as constraints in the turbulence
fields, i.e., using the SL or the Grid patterns, the resulting power and load predictions
are characterized by reduced statistical uncertainties, XR , compared to the baseline.
XR is reduced by a factor of 5 for Powermean , and by 1.4–3 for fatigue loads. This
result follows as the lidar-reconstructed wake fields have strong similarities to the target
fields, and as a result, the simulated power and load time series exhibit a high level
of correlation with the target observations (this is shown in Paper II). If neglecting
probe volume effects, as for Grid*, the resulting load predictions are nearly unbiased,
i.e., ∆R ≈ 0.98–1.01 for blades and tower loads, as reported in Table 5.4.
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• The CS method shows superior performance than the WFR model of Sect. 5.2 and the
WDS approach introduced in Sect. 5.3. This finding is further demonstrated in Paper II
through detailed load time series and spectral coherence analysis. The CS approach can
potentially reconstruct turbulence structures smaller than the wake deficit size; however,
the accuracy in field reconstruction depends on the spatial and temporal resolution of
the pattern, the probe volume size, and the wake field’s turbulence length scales [34].
• As per the WDS approach in Sect. 5.3, the adopted numerical framework neglects
induction and turbulence evolution effects, which in turn can influence the accuracy
of the wake field reconstruction. These effects should be further evaluated. The CS
approach can directly handle more complex flows, e.g., multiple wake interactions. The
CS method’s robustness is evaluated for different lidar specifications and atmospheric
conditions in Paper II.

Chapter 6

Dynamic Wake Meandering model-based
load assessments
The lidar-based load validation procedures assessed in Chapter 5 are suitable for wind
turbines installed and operating. Besides that, there is a strong need to evaluate the accuracy
of power and load assessments in wakes by means of engineering wake models, which are
normally used in the design process of wind turbines and wind farm layouts. This work
focuses on the IEC-recommended DWM model, which has been demonstrated to provide
superior performance compared to other engineering wake models that only predict steady
wake features [4, 62, 64],
The DWM model has undergone nearly a decade of development since its first application for
aeroelastic simulations [25]. A literature review is provided in Paper IV, whereas more detailed
studies are documented in the PhD thesis of Keck (2013) [66] and Machefaux (2015) [67]. To
summarize, several calibrations of the DWM model exist, which were derived using limited
synthetic or experimental data including high-fidelity CFD simulations [25, 26, 70, 74, 106],
power productions recorded at a wind farm [4], and only recently by means of a nacelle-mounted
lidar that scanned the wake field horizontally [28].
These studies have demonstrated that calibrating the model with site-specific data improves
the accuracy of power and load predictions at a given site; however, the calibration does
not always hold multiple sites [4, 28, 64, 65]. The latter may be because of inaccurate
calibration procedures, which are highly dependent on the quality of data, or due to the
intrinsic limitations of the DWM model, which would require a site-specific calibration to
provide reliable aeroelastic predictions. As a result, there is no consensus for the values of
the DWM model parameters when studying load predictions in any given site, and perhaps
most importantly, we do not know the sources of uncertainty observed in previous studies
that used the model.
Further, the IEC-recommended formulation of the DWM model [31], which is widely used
for design load calculations, is greatly inspired by the work of Larsen et al. (2013) [4], who
calibrated the model parameters using power measurements at a wind farm, therefore without
any information on the spatial and temporal description of the wake flow field.
These results highlight the ongoing need for investigating in detail the prediction capabilities
of the DWM model. Here, high spatial and temporal resolution SpinnerLidar measurements
of the wake collected at the SWiFT experiment are analyzed to calibrate and evaluate the
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DWM model. The ultimate goal is to verify hypothesis II, thus to demonstrate that using
high spatial and temporal resolution nacelle-lidar measurements improves the accuracy of the
DWM model for wake field simulations and power and load predictions, as one can optimize
the model parameters.
The chapter is structured as follows. Section 6.1 describes the procedures to characterize
wake features from the SpinnerLidar measurements, which are useful for the DWM model
calibration (see also Paper III). Section 6.2 introduces the DWM model calibration analysis
(see also Paper IV). Section 6.3 presents the results from the load validation analysis at two
onshore sites based on the SpinnerLidar-calibrated DWM model (see also Paper V).

6.1

Wake characterization using SpinnerLidar measurements

The analysis of the SWiFT dataset is conducted partly in Paper III, which characterizes
wake features such as the velocity deficit, wake turbulence, and wake meandering in both
lateral and vertical directions, and partly in Paper IV that extends the analysis to derive
unfiltered turbulence estimates from the Doppler radial velocity spectrum [42, 85, 86]. Further,
Paper IV investigates the characteristics of the large-scale turbulence structures governing
the wake meandering dynamics [68, 73, 99].
The main objective is to characterize wake features by means of high-resolution SpinnerLidar measurements under varying inflow wind and atmospheric stability conditions. Further,
to verify that the SWiFT dataset can be used for calibrating and validating the DWM model.
The analysis is conducted based on 10-min periods classified according to atmospheric
stability conditions, inflow wind speeds, and lidar scanning strategies. The classification based
on the Obhukov length formulation proposed in Peña (2019) [113] is used to characterize
stability including stable, near-neutral and unstable conditions from sonic observations recorded
at the METa1 (see Fig. 4.3). Wake meandering time series are estimated by fitting lidarderived velocity deficits to the bivariate Gaussian shape function of Eq. (3.22), by following
the procedures described in Sect. 3.4. Once the wake meandering path is tracked, the
ensemble-average velocity deficit can be computed by translating each wake recording in the
MFoR [28, 112] (see also Paper III and IV). Note that the velocity deficits computed in the
MFoR are required for calibrating the DWM model [25, 28, 66, 112].
An example of the lidar-derived ensemble-average wake deficit profiles in the MFoR
obtained at several downstream distances and under varying stability conditions is illustrated
in Fig. 6.1. As shown, the velocity deficit recovers faster as the atmosphere varies from stable
to unstable conditions, mainly due to the enhanced turbulence levels [56, 112]. More analyses
are presented in both Paper III and Paper IV.

Summary of wake characterization using SpinnerLidar measurements
The main findings from the analysis of the SpinnerLidar measurements that are detailed
presented in Paper III and Paper IV are shortly mentioned below:
• The SpinnerLidar measurements of the wake show that atmospheric stability significantly
influences the spatial distribution of the mean velocity deficit, turbulence intensity, and
the wake meandering dynamics. In particular, the wake recovers faster under unstable
conditions compared with neutral and stable cases. This enhancement in the wake
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Figure 6.1: Ensemble-average velocity deficit profiles in the MFoR measured at 2, 3, 4, and 5 D behind
the rotor for an inflow wind speed of 7 m/s under stable (upper row) and unstable (lower
row) conditions, which are characterized by a T Iamb of 7% and 13%, respectively. The
SpinnerLidar scanning pattern is shown in red dots, whereas solid blue lines illustrate the
turbine rotor area. The vertical and lateral coordinates are normalized by the rotor radius
and centered at hub height.

recovery rate is related to the higher turbulence level of the incoming wind in the
unstable condition, which in turn increases the turbulent mixing in the wake region. The
wake-added turbulence profiles computed in the MFoR, and obtained at 2.5 D behind the
rotor, show that rotor tip vortices can persist under low to moderate turbulence combined
with stable stratification conditions [112, 114, 115]. In contrast, a more uniform spatial
distribution of the turbulence is observed as the atmosphere becomes unstable. Further,
increased meandering amplitudes are estimated under unstable compared to stable
conditions, as shown in previous studies [57, 70]. However, the meandering dynamics
are highly affected by the intense yaw activities recorded during the SWiFT experiment.
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Bayesian calibration of the DWM model parameters using
SpinnerLidar-derived wake characteristics

The common calibration procedure applied to the DWM model consisted in minimizing
an objective function defined by the error between the measured and predicted velocity fields
[4, 25, 26, 28, 70, 74, 106]. This approach provides an optimized set of model parameters
based on the available synthetic or experimental data. As both experimental data and model
predictions are subjected to uncertainties, these uncertainties should be accounted for in the
calibration process in order to increase the confidence in the overall model prediction ability.
Here, Bayesian inference [116] is applied to obtain a probabilistic calibration of the
DWM model, where the resulting joint distribution of parameters allows both for model
implementation and uncertainty assessments. Further, Bayesian inference provides a systematic
approach to include various types of uncertainty in the calibration process, such as physical
variability as well as measurement and modeling errors.
The detailed calibration procedure including the velocity deficit and wake-added turbulence
components of the DWM model (see Sect. 2.4.2) is described in Paper IV. Once estimated,
the uncertainties in calibration parameters are propagated using standard sampling methods,
e.g., Monte Carlo simulations [117], to quantify uncertainties in fully-resolved wake flow
fields. Further, sensitivity analysis is conducted to identify the most critical model parameters
affecting the uncertainty of wake field simulations, which has been observed in previous studies
[4, 28, 109]. These analyses are documented in details in Paper IV.
Figure 6.2 compares measured and predicted velocity deficits computed in the MFoR
using the calibration within this work, as well as previous calibrations [4, 25, 26, 28, 31]. The
one-dimensional profiles are sampled in the horizontal directions at five rotor diameters behind
the rotor, for an incoming wind speed of 7 m/s and under varying stability regimes.
As shown, the main discrepancy among the models is the relative sensitivity of the wake
recovery to the ambient turbulence. The wake recovery predicted with the calibrations
provided in Larsen2013 [4] and the IEC2019 [31] is practically insensitive to ambient turbulence
at downstream distances up to 5D (these models were calibrated using power recordings at a
wind farm). The calibrations of Keck2015 [106] and Madsen2010 [25], which were carried out
using CFD simulations, exhibit the faster recovery of the velocity deficit as the atmosphere
becomes more unstable and the turbulence increases. Reinwardt2020 [28], which was recently
calibrated using a nacelle lidar scanning the horizontal wake field, shows velocity deficits
in relatively good agreement for moderate to high turbulence (TIamb > 12%). However, it
underpredicts velocity deficits at lower turbulence. The here-calibrated model generally fits
the observations, whereas an overlap between the measurements and the modelling uncertainty
region is found.

6.2. Bayesian calibration of the DWM model parameters using
SpinnerLidar-derived wake characteristics
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Figure 6.2: Ensemble-average spanwise velocity deficit profiles computed in the MFoR at hub height
obtained at 5D behind the rotor for an incoming wind speed of 7 m/s under stable
(blue), near-neutral (green), and unstable (red) atmospheric conditions. The measured
turbulence intensities are 7, 12, and 16%, respectively. The SpinnerLidar-measured profiles
are shown in markers and their relative 95% confidence interval by the error bars. The
DWM-predicted deficits are shown in solid lines; each panel refers to model predictions
using calibration parameters from a number of studies (see text for more details). The
‘Calibrated’ panel refers to the model proposed in the current study, while the shaded
areas indicate its 95% confidence interval.

Summary of Bayesian calibration of the DWM model parameters using SpinnerLidarderived wake characteristics
The main findings from the calibration analysis of the DWM model, which is described in
details in Paper IV, are shortly mentioned below:
• The DWM model can predict the mean wind velocity and turbulence fields in the
far wake region beyond four rotor diameters accurately, as long as properly-calibrated
parameters are used and wake meandering time series are accurately replicated in the
simulations (this is shown in Paper IV). The currently adopted parameters in the IEC
code lead to conservative deficit predictions (up to 18% for moderate to high ambient
turbulence, TIamb ≥ 12%).
• An improved semi-empirical formulation of the wake-added turbulence model is proposed
and verified, which captured the effects of the atmospheric shear and the ambient
turbulence on the spatial re-distribution of the wake turbulence observed at 2.5 D. It is
also demonstrated that the wake meandering is the major source of added turbulence in
the wake region.
• The underlying hypothesis of the DWM model, i.e., wakes are advected passively by the
large-eddies in the incoming wind field, is verified by means of the SpinnerLidar-tracked
meandering time series. The spectral analysis indicates that large-eddies associated
with sizes larger than 2D are responsible for the wake meandering. Accurate tracking
of the wake center position is the most influential factor in simulating wake flow fields
accurately.
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6.3

Power and load validation at the SWiFT and NKE sites

The accuracy of power and load predictions based on the SpinnerLidar-calibrated DWM
model is evaluated at two onshore sites: the SWiFT and the NKE. The aim is to verify that
calibrating the DWM model using high-resolution lidar measurements provides accurate and
reliable predictions at multiple sites and further identifies the major sources of uncertainty in
DWM model-based load assessments. The analysis is documented in details in Paper V.
The two sites differ for several factors. The SWiFT includes a single wake scenario, whereas
the NKE multiple wakes (see Chapter 4). The turbine spacing is similar at the two sites, 5 and
5.2 D, respectively, whereas the rotor sizes and consequently the operational strategies differ
from the Vestas V27 with D = 27 m, and the Siemens SWT23-93 with D = 93 m. The load
analysis is conducted on a subset of the recorded data, where concurrent inflow wind and load
measurements were available. The SWiFT dataset is characterized mainly by low ambient
turbulence levels (4–10%) and comprises about 60 10-min periods, while higher turbulence
is measured at the NKE site (5–22%), which comprises more than 350 10-min periods (see
Paper V). The measured inflow wind speeds are below rated at both sites. More details can
be found in Paper V.
The load simulations are carried out as following:
– The inflow wind characteristics required as input to the DWM model, i.e., the ambient
wind speed and turbulence intensity at hub height, are measured from the local masts.
Wake meandering time series recorded at the sites is introduced in the simulations as
constraints to minimize the uncertainty (see Paper V).
– Multiple wakes modeling at the NKE site is based only on the strongest wake deficit,
without considering cumulative effects from multiple upwind wind turbines. The latter
is a valid assumption for wind speed below rated [4, 31], and therefore suitable for the
analyzed dataset.
The load validation criteria I described in Sect. 5.1 is applied to evaluate the accuracy of
DWM model-based power and load assessments. Therefore, the uncertainties in power and
load predictions that are DWM-based under wakes are compared to those that are mast-based
under wake-free conditions. In addition to the SpinnerLidar-based calibration of Paper IV,
the IEC-based formulation is also evaluated [31]. Tables 6.1 and 6.2 provide the resulting
uncertainty indicators from the analysis at the SWiFT and NKE sites, respectively.
Case

Calibration

Wake-free
Wake

SpinnerLidar
IEC2019

Powermean
∆R XR
1.02 0.07
1.01 0.18
0.99 0.17

MxBRDEL
∆R XR
0.98 0.25
1.01 0.26
1.27 0.32

Table 6.1: SWiFT - V27: Power and load uncertainty indicators. The SpinnerLidar refers to the
calibration of Paper IV, whereas the IEC2019 to that of the IEC61400-1 [31].
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Case

Calibration

Wake-free
Wake

SpinnerLidar
IEC2019

Powermean
∆R XR
1.02 0.08
0.99 0.25
0.91 0.32

MxBRDEL
∆R XR
1.01 0.22
1.02 0.22
1.05 0.27

MxTBDEL
∆R XR
0.93 0.19
0.96 0.26
1.05 0.29

Table 6.2: NKE - SWT23-93: Power and load uncertainty indicators. The SpinnerLidar refers to the
calibration of Paper IV, whereas the IEC2019 to that of the IEC61400-1 [31].

Summary of power and load validation at the SWiFT and NKE sites
The main findings from the validation analysis of the DWM model, which is addressed in
details in Paper V, are shortly described below:
• The results of the validation analysis presented in Tables 6.1 and 6.2 indicate that if
properly calibrated the DWM model can provide nearly unbiased power productions
at different sites (i.e., ∆R ≈ 0.99-1.01 using the SpinnerLidar). Similarly, the fatigue
load predictions under wakes, based on the SpinnerLidar calibration, show a bias lower
than 3% compared to that obtained in wake-free situations. The statistical uncertainty
(XR ) of loads and especially of power predictions under wakes is significantly higher
(by a factor 2.4–3) than the values estimated in wake-free conditions. This result is
partly due to the uncertainty in calibration parameters and wake meandering time series
replications and partly due to the simplistic flow modeling assumptions of the DWM
model complex. This finding is verified through an uncertainty propagation analysis
carried out in Paper V.
• The power and load uncertainty indicators based on the IEC’s calibration of the DWM
model show larger biases than those obtained with the SpinnerLidar-based calibration. It
is observed that the IEC calibration provides unbiased power productions at the SWiFT
site (see Table 6.1), which is characterized mainly by low ambient turbulence (4–10%).
On the other hand, the IEC calibration underpredicts power productions at the NKE
site (see Table 6.2), which is characterized by moderate to high ambient turbulence
(5–22%). These results reflect the findings of Fig. 6.2, which shows that the IEC
calibration overpredicts velocity deficit for TIamb > 12%, but provide accurate estimates
for lower turbulence levels. Further, the current implementation of the wake-added
turbulence component in the IEC standard induces significantly higher fatigue loads for
the Vestas V27 turbine, as shown for MxBRDEL in Table 6.1. The latter result follows
as the wake-added turbulence increases the spectrum of the longitudinal turbulence
component for frequencies above ≈0.4–0.6 Hz [25, 47]. Considering that the V27 operates
at relatively high rotational speeds (18–42 RPM), the principal load frequency for blades
such as the rotational frequency of the rotor, 1P (0.3–0.7 Hz), is amplified and as a
consequence induces very large loads [118]. More details can be found in Paper V.
• Overall, the uncertainties in power and loads predictions based on the SpinnerLidar
calibration, which are tabulated in Tables 6.1 and 6.2, are lower than those estimated
using the IEC calibration, as well as than estimates reported in previous studies that
evaluated the model [64, 109]. These results confirm that if properly-calibrated and
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provided that the actual observed wake meandering time series are replicated in the
simulations, the DWM model can predict power and load statistics accurately.

Chapter 7

Conclusions
This thesis aimed to improve the accuracy and reduce the uncertainty in wind turbine
load assessments under wake conditions by demonstrating load validation procedures based on
nacelle lidar measurements. Novel methodologies were defined and evaluated both numerically
and experimentally to accomplish this objective. The DWM model was calibrated using
high-resolution nacelle lidar measurements of the wake field with the ultimate goal of improving
the accuracy of aeroelastic power and load predictions.

7.1

Main contributions

This thesis demonstrated the applicability of nacelle-mounted lidars to improve wind
turbine power and load assessments under wake conditions. It verified that incorporating
nacelle-lidar measurements in the wake field reconstruction method and the calibration process
for engineering wake models improved the accuracy of power and load assessments under wake
conditions compared to the current state-of-the-art procedures. The outcomes from this work
allow for answering the research questions formulated at the beginning of the thesis.
• Are lidar-based load assessment procedures under wake conditions (e.g., based on wind
field characteristics and time series measured by nacelle lidars) a viable alternative to
conventional engineering wake models?
Lidar-based load validation procedures under wake conditions represent a substantially
novel approach compared to the current state-of-the-art procedures, which rely on
engineering wake models. It was shown that reconstructing the wake-induced velocity
deficit, and its meandering dynamics was fundamental to predict power productions
and fatigue loads accurately. Reconstructing relevant wake features imposed specific
requirements for nacelle lidars, including high spatial and temporal resolution scanning
strategies and limited probe volume lengths. Although research lidars fulfilled the
scanning specifications, e.g., the SpinnerLidar, the major commercial nacelle lidars
did not provide sufficient spatial resolution to characterize wakes for power and load
assessments.
Provided that a sufficient number of wind measurements were taken upwind of the rotor,
e.g., using the SpinnerLidar, incorporating them as constraints into turbulence fields was
found to be the most robust and accurate procedure for reconstructing wake fields. The
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lidar-based constrained turbulence fields produced power and load time series highly
correlated with the actual observations. As a result, the statistical uncertainty in power
and load predictions was significantly reduced (by a factor 1.4–5) compared to results
from DWM model simulations. Further, lidar-based constrained turbulence techniques
circumvented the simplistic flow modelling assumptions inherent of the DWM model
(e.g., considering wakes as a cascade of steady velocity deficits passively displaced by
the large-eddies found in the atmosphere), thus enabling higher accuracy in wakes and
power and loads predictions.
Finally, lidar-based load assessment procedures under wake conditions were verified
to be a viable alternative to conventional engineering wake models. However, future
research should evaluate lidar-based constrained turbulence techniques using full-field
data.
• Can the accuracy of the simulated wake flow fields, and that of aeroelastic load predictions
be improved by calibrating inexpensive and low-order fidelity wake models (e.g., the DWM
model) using high spatial and temporal resolution nacelle lidar observations of the wake
field?
The DWM model’s calibration was carried out using high-resolution and high-quality
SpinnerLidar measurements collected at the SWiFT facility. This dataset allowed for
the detailed characterization of wake features, including the velocity deficit, wake added
turbulence, and wake meandering in both lateral and vertical directions.
It was shown that the DWM model could accurately predict the mean wind velocity
and turbulence fields in the far wake region beyond four-rotor diameters, as long as
properly-calibrated parameters were used and wake meandering time series were precisely
replicated in the simulations. Provided that these two conditions were verified, the load
validation conducted at the SWiFT and NKE sites indicated that the DWM model
could also accurately predict power and load statistics.
The prediction capability of the DWM model was shown to be highly conditional on
the quality of data utilized in the calibration process. Thus, datasets that include
observations of the two-dimensional wake deficit profiles under varying stability conditions, inflow wind speeds, and downstream distances are imperative. Further, as wake
meandering time series played a crucial role in the accuracy of the fully-resolved wake
fields, high spatial and temporal resolution measurements of the wake performed by
nacelle lidars were fundamental to improve the prediction capability of the DWM model.
• What is the overall uncertainty in aeroelastic load predictions for wind turbines operating
in wakes? Moreover, how does it compare to that from wake-free conditions?
The aeroelastic simulations performed with the DWM model-based wake fields predicted
unbiased power productions on a statistical basis at two onshore sites and fatigue loads
biases of just 3%. However, the statistical uncertainty of loads and more significant
power predictions increased by a factor up to 3 under wakes compared to values obtained
under wake-free conditions. The quantified statistical uncertainty was partly caused by
the uncertainties in the DWM model’s calibration parameters and wake meandering time
series, partly due to the simplistic flow modelling assumptions of the model complex.
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On the other hand, the aeroelastic simulations performed with lidar-based constrained
turbulence fields reduced the statistical uncertainty in power and load predictions by a
factor of 1.4–5 compared to values obtained with DWM model simulations. Although
these latter results were only verified numerically, lidar-based reconstruction techniques
might lead to a level of accuracy in power and load assessments under wake conditions
comparable to that achieved under wake-free conditions.

7.2

Practical recommendations

The findings of this Ph.D study support the refinement of the currently recommended
best practices for wind turbine load validation, including wake situations.
- The DWM model for design calculations: the IEC’s calibration of the DWM model
provides conservative wake deficit predictions for moderate to high ambient turbulence,
i.e., above 12%. If we consider that the lowest turbulence IEC-design-class C [31]
recommends ambient turbulence levels above 15% for wind speeds below 10 m/s, it
is inferred that the currently IEC-based DWM model might overpredict design loads,
underpredict power productions, and consequently affect the overall design of wind farm
layouts. The here-proposed SpinnerLidar-based calibration is shown to improve the
accuracy in both wake simulations and power and load predictions at two onshore sites.
Most importantly, it is recommended to calibrate low-order engineering wake models
using high-resolution lidar measurements rather than power production data (the IEC
standard values are based on the latter). Further, the probabilistic calibration of the
DWM model, which was carried out using Bayesian inference, can be readily applied in
the probabilistic design of wind turbines [119].
- The DWM model for power and load assessments in operating wind farms: when
performing one-to-one loads (and power) comparison between measured and predicted
statistics, the wake meandering time series in both lateral and vertical directions should
be estimated from the actual field observations. The estimated wake meandering time
series should then be input to the DWM model together with the 10-min statistics of
the undisturbed wind field. This procedure can significantly decrease the errors as well
as the statistical uncertainty in power and load predictions. Accurate wake meandering
time series can be derived using nacelle lidars [99, 112], wind turbine on-board sensors
[120, 121], or by means of the meandering model complemented with measurements
from a local mast and the time series of yaw activities of the upstream turbines as shown
in Paper IV and Trujillo et al. (2011) [99].
- Lidar-based power and load assessments under wakes: these procedures can hardly be
integrated into the design process of modern wind turbines, as it would require to install
multiple prototypes and to perform additional measurement campaigns, which is a costly
and unfeasible scenario today. On the other hand, lidar-based wake field reconstruction
procedures can help reduce wind farm underperformance and load uncertainty, developing
wind farm controls to enhance the operation of existing wind farms and monitoring
turbine performance in real-time, among others.
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Future work

Finally, recommendations for future research are presented. As shown in this work, highquality and comprehensive datasets are essential for developing and improving power and load
assessment procedures under wake conditions.
Future work should focus on the development and evaluation of constrained turbulence
techniques. The first suggestion is to investigate factors that have been neglected in this work,
including rotor induction and turbulence evolution effects. These effects can be investigated
numerically using high-fidelity CFD simulations [122]. As the probe volume averaging effects
were critical for the accuracy of the wake field reconstruction, a solution would be to develop
correction methods for the spatial filtering occurring due to the probe volume. An alternative
is to improve nacelle lidars, so reducing the measurement volume. Additionally, methodologies
that constrain the LOS velocity component directly can reduce the uncertainty in the wind field
reconstruction. Overall, the constrained turbulence techniques have been studied numerically
[34, 47, 52, 123], whereas inflow and loads/power measurement campaigns should be conducted
to evaluate these reconstruction techniques with full-field data.
Future research should also focus on further developing and evaluating engineering wake
models, e.g., the DWM model, for power and load assessments at wind farms with more
complex layouts than a single wake or a single-line layout analyzed in this thesis. One of the
main challenges for this type of analysis is the lack of high quality and comprehensive datasets,
including concurrent measurements of the inflow wind and loads at multiple turbines in an
operating wind farm. As the wake meandering is a key factor for accurate power and load
predictions, future studies should evaluate the prediction capability of the DWM model to
handle multiple wake dynamics [67, 124], and to accurately predict the resulting wind turbine
loads and power productions. Future research should also investigate how nacelle lidars can
be used in combination with the DWM model to reproduce the observed wake meandering
paths across the wind farm with the ultimate goal of improving the accuracy of wake flow
fields, power, and load predictions in large wind farms.
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[56] G. V. Iungo, F. Porté-Agel, Volumetric lidar scanning of wind turbine wakes under
convective and neutral atmospheric stability regimes, Journal of Atmospheric and
Oceanic Technology 31 (10) (2014) 2035–2048. doi:10.1175/JTECH-D-13-00252.1.
[57] E. Machefaux, G. C. Larsen, N. Troldborg, M. Gaunaa, A. Rettenmeier, Empirical
modeling of single-wake advection and expansion using full-scale pulsed lidar-based
measurements, Wind Energy 18 (12) (2015) 2085–2103. doi:10.1002/we.1805.
[58] L. Zhan, S. Letizia, G. Valerio Iungo, Lidar measurements for an onshore wind farm:
Wake variability for different incoming wind speeds and atmospheric stability regimes,
Wind Energy 23 (3) (2020) 501–527. doi:10.1002/we.2430.
[59] M. Kretschmer, V. Pettas, P. W. Cheng, Effects of wind farm down-regulation in the
offshore wind farm alpha ventus, Asme 2019 2nd International Offshore Wind Technical
Conference, Iowtc 2019doi:10.1115/IOWTC2019-7554.
[60] B. Sanderse, Aerodynamics of wind turbine wakes - literature reviewdoi:10.1.1.616.
9524.
[61] K. Thomsen, P. Sørensen, Fatigue loads for wind turbines operating in wakes, Journal of Wind Engineering and Industrial Aerodynamicsdoi:10.1016/S0167-6105(98)
00194-9.
[62] K. Thomsen, H. Madsen Aagaard, G. C. Larsen, T. J. Larsen, Comparison of methods
for load simulation for wind turbines operating in wake, Journal of Physics: Conference
Series (online) 75 (1) (2007) 012072. doi:10.1088/1742-6596/75/1/012072.
[63] B. Schmidt, J. King, G. C. Larsen, T. J. Larsen, Load validation and comparison versus
certification approaches of the risø dynamic wake meandering model implementation in
gh bladed, Scientific Proceedings (2011) 249–254.
[64] I. Reinwardt, N. Gerke, P. Dalhoff, D. Steudel, W. Moser, Validation of wind turbine
wake models with focus on the dynamic wake meandering model, Journal of Physics:
Conference Series 1037 (7) (2018) 072028. doi:10.1088/1742-6596/1037/7/072028.

54

Bibliography

[65] I. Reinwardt, L. Schilling, D. Steudel, N. Dimitrov, P. Dalhoff, M. Breuer, Validation
of the dynamic wake meandering model with respect to loads and power production,
Wind Energy Science Discussions 2020 (2020) 1–27. doi:10.5194/wes-2020-126.
URL https://wes.copernicus.org/preprints/wes-2020-126/
[66] R.-E. Keck, A consistent turbulence formulation for the dynamic wake meandering
model in the atmospheric boundary layer, Ph.D. thesis (2013).
[67] E. Machefaux, Multiple turbine wakes, Ph.D. thesis (2015).
[68] G. C. Larsen, H. Madsen Aagaard, K. Thomsen, T. J. Larsen, Wake meandering: A
pragmatic approach, Wind Energy 11 (4) (2008) 377–395. doi:10.1002/we.267.
[69] G. C. Larsen, H. Madsen Aagaard, F. Bingöl, J. Mann, S. Ott, J. Sørensen, V. Okulov,
N. Troldborg, N. M. Nielsen, K. Thomsen, T. J. Larsen, R. Mikkelsen, Dynamic wake
meandering modeling, Risø National Laboratory, 2007.
[70] R.-E. Keck, M. T. de Mare, M. J. Churchfield, S. Lee, G. C. Larsen, H. Aagaard Madsen,
On atmospheric stability in the dynamic wake meandering model, Wind Energy 17 (11)
(2014) 1689–1710. doi:10.1002/we.1662.
[71] L. J. Vermeer, J. N. Sørensen, A. Crespo, Wind turbine wake aerodynamics, Progress in
Aerospace Sciences 39 (6-7) (2003) 467–510. doi:10.1016/S0376-0421(03)00078-2.
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Abstract. We propose a method for carrying out wind turbine load validation in wake conditions using measure-

ments from forward-looking nacelle lidars. Two lidars, a pulsed- and a continuous-wave system, were installed
on the nacelle of a 2.3 MW wind turbine operating in free-, partial-, and full-wake conditions. The turbine is
placed within a straight row of turbines with a spacing of 5.2 rotor diameters, and wake disturbances are present
for two opposite wind direction sectors. The wake flow fields are described by lidar-estimated wind field characteristics, which are commonly used as inputs for load simulations, without employing wake deficit models. These
include mean wind speed, turbulence intensity, vertical and horizontal shear, yaw error, and turbulence-spectra
parameters. We assess the uncertainty of lidar-based load predictions against wind turbine on-board sensors in
wake conditions and compare it with the uncertainty of lidar-based load predictions against sensor data in free
wind. Compared to the free-wind case, the simulations in wake conditions lead to increased relative errors (4 %–
11 %). It is demonstrated that the mean wind speed, turbulence intensity, and turbulence length scale have a
significant impact on the predictions. Finally, the experiences from this study indicate that characterizing turbulence inside the wake as well as defining a wind deficit model are the most challenging aspects of lidar-based
load validation in wake conditions.

1

Introduction

Wind turbines are designed according to reference wind conditions described in the IEC standards (IEC, 2019). These
reference conditions are used to establish the full design
load basis and for the purpose of certification of turbine
designs. Nevertheless, certified turbines need to be further
verified to withstand the site-specific loads during the entire lifetime, when site conditions exceed those of the type
certified. As a current best practice, the wind turbine (WT)
operating loads are predicted using high-fidelity aeroelastic simulations based on site-specific environmental conditions. The environmental conditions are typically obtained
from anemometers installed on meteorological masts in the
proximity of the wind turbine location. These mast measurements, and therefore the uncertainty quantification of the
aeroelastic model, are usually limited to wake-free sectors.
However, wind conditions inside wind farms are significantly

different than those in undisturbed wind conditions (Frandsen, 2007).
Wake effects are responsible for wind speed reduction
and turbulence level increase, generally resulting in reduced
power productions and increased load levels (Larsen et al.,
2013). To account for these effects, aeroelastic load simulations are combined with wake models, which predict
wake-induced effects on the flow field approaching individual WTs. The most applied approach consists of increasing
the turbulence in load simulations, resulting in a load increase which should correspond to the effect of the wakeadded turbulence. The effective turbulence depends on the
park layout and on the material properties of the turbine
components under consideration (Frandsen, 2007). This approach is recommended by the IEC61400-1. An alternative
and more detailed practice also described in the IEC standard
relies on the use of the dynamic wake meandering (DWM)
model (Larsen et al., 2006, 2007; Madsen et al., 2010), which
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is an engineering model providing simulated wind field time
series including wake deficits.
The comparison of fatigue loads predicted using the DWM
model and the effective turbulence approach by the IEC
showed a discrepancy of 20 % (Thomsen et al., 2007). The
uncertainty varied according to the inflow conditions and
spacing between turbines. The work of Larsen et al. (2013)
showed a very fine agreement between both power and load
measurements and predictions based on a site-specific calibrated DWM model for the Dutch Egmond aan Zee wind
farm. However, the study did not quantify uncertainty in a
systematic approach. More recently, Reinwardt et al. (2018)
estimated fatigue load biases in the range 11 %–15 % for
the tower bottom and 8 %–21 % for the blade-root flapwise
bending moments using the DWM model. To date, these approaches are characterized by a significant level of uncertainty, due to the stochastic nature of environmental conditions and the various simplifying assumptions used in the
wake model definitions (Schmidt et al., 2011). Further, these
results motivate the need for improving wind turbine load
validation approaches in wake conditions.
The recent applications of lidars in the wind energy field
demonstrate the feasibility of these systems to reconstruct
inflow wind conditions including mean wind speed (Raach
et al., 2014; Borraccino et al., 2017), turbulence (Mann et al.,
2009; Branlard et al., 2013; Peña et al., 2017; Newman and
Clifton, 2017), and wake characteristics (Bingöl et al., 2010;
Iungo and Porté-Agel, 2014; Machefaux et al., 2016), among
others. Nacelle-mounted lidars enable us to measure wind
field characteristics for any wind direction/nacelle yaw position, including situations when the turbine rotor is in the
wake of a neighbouring turbine. An excellent level of agreement has been found between the nacelle-mounted lidarestimated and mast-measured mean wind speed in free-wind
conditions (Borraccino et al., 2017). Power curve validations
using nacelle-mounted lidars have been showing promising
results (Wagner et al., 2014). Although lidar-derived alongwind variances could deviate from those derived from cup
anemometer measurements (Peña et al., 2017), the load predictions in wake-free sectors based on nacelle-lidar wind
field representations resulted in uncertainties lower than or
equal to those obtained with mast measurements (Dimitrov
et al., 2019).
Based on these findings, we extend the load validation procedure defined in Dimitrov et al. (2019) to include wake conditions. Therefore, wake-induced effects are accounted for by
means of wind field parameters commonly used as inputs for
load simulations, which are reconstructed using lidar measurements, yet without employing wake deficit models. The
objective of this study is to demonstrate how loads in wake
conditions can be predicted accurately, quantify the uncertainty, and compare it to the uncertainty of lidar-based load
assessments in free wind. The further development of lidarbased load and power validation procedures can potentially
replace the use of expensive meteorological masts in meaWind Energ. Sci., 5, 1129–1154, 2020

surement campaigns as well as improve the wake field reconstruction for aeroelastic load simulations.
The paper is structured as follows. In Sect. 2, we introduce the requirements for load validation and describe the
measurement campaign. In Sect. 3, we present the methods
implemented to derive the wind field parameters for aeroelastic simulations and a wake detection algorithm. The results
are provided in Sect. 4. First, we show the wake-induced effects on the lidar-estimated wind field parameters in Sect. 4.1
and 4.2. Then, we derive the wind field characteristics used
as input for load simulations in Sect. 4.3. The uncertainties
of load predictions are quantified in Sect. 4.4. The sensitivity
of inflow parameters on load predictions and the uncertainty
distribution of selected cases are assessed in Sect. 4.5. Finally, we discuss the findings and provide conclusions in the
last two sections.
2

Problem formulation

2.1

Requirements for load validation in wakes

The design load cases and load validation procedure for wind
turbines are described in the IEC standards. The IEC614001 requires the evaluation of fatigue and extreme loading
conditions induced by wake effects originating from neighbouring wind turbines. The increase in loading due to wake
effects can be accounted for by the use of an added turbulence model, or by using more detailed wake models
(i.e. DWM). Load validation guidelines are described in
IEC61400-13 (IEC, 2015), which recommends the so-called
one-to-one comparison, among a few approaches. This approach consists of carrying out individual aeroelastic simulations for each measured realization of environmental conditions. To date, wind conditions are obtained from meteorological masts.
The objective of this work is to carry out load validation of
wind turbines operating in wake conditions using measurements from nacelle-mounted lidars only. The wake-induced
effects are accounted for by lidar-estimated wind field characteristics, without employing wake deficit models. This implies that wake flow fields can be described by means of
average flow characteristics commonly used as inputs for
load simulations. We assess the viability of the suggested approach by carrying out a load validation study as follows:
– one-to-one load comparison between measured and predicted load realizations using wind field characteristics
derived from lidar measurements of the wake flow field;
– uncertainty quantification in terms of the statistical
properties of the ratios between measured and predicted
load realizations;
– comparison of lidar-based load prediction uncertainties
in wakes against uncertainties of load predictions in
free-wind conditions using lidar measurements.
https://doi.org/10.5194/wes-5-1129-2020
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We assume that the observed deviations in load predictions between those that are lidar-based under wake conditions and those that are lidar-based under free-wind conditions are solely due to the error in the wind field representation. This is a simplistic but conservative assumption, as the
uncertainties of load predictions are a combination of uncertainty in the reconstructed wind profiles, aeroelastic model
uncertainty, load measurement uncertainty, and statistical uncertainty (Dimitrov et al., 2019).
2.2

Measurement campaign

Wind and load measurements are collected from an experiment conducted at the Nørrekær Enge (NKE) wind farm
during a period of 7 months between 2015 and 2016. The
farm is located in the north-west of Denmark and consists
of 13 Siemens 2.3 MW turbines, with a 93 m rotor diameter (D) and hub height of 80 m a.g.l. (above ground level).
The turbines are installed in a single row oriented along the
75 and 255◦ direction compared to true north, with 487 m
(5.2 D) spacing, as pictured in Fig. 1. The wind farm is located over flat terrain, and the surface is characterized by
a mix between croplands and grasslands, and a fjord to the
north (Peña et al., 2017). The prevailing wind direction is
west (Borraccino et al., 2017).
The wind turbine T04 was instrumented with sensors for
load measurements at the roots of two blades, tower top,
and tower bottom (Vignaroli and Kock, 2016). The strain
gauges were installed at 1.5 m from the blade-root flange,
at 11.85 m below the lower surface of the tower top flange,
and at 5.9 m above the upper surface of the tower bottom
flange. The data acquisition software was set to sample at
35 Hz on all channels. Additional data were provided by the
supervisory control and data acquisition (SCADA) system
including nacelle wind speed and orientation, power output,
blade pitch angles, and generator speed. A meteorological
mast was installed at 232 m (2.5 D) distance from T04 in
the direction of 103◦ . The mast instrumentation comprises
cup and sonic anemometers, wind vanes, and thermometers
mounted at several heights, among others. Details about the
instrumentations can be found in Vignaroli and Kock (2016)
and Borraccino et al. (2017).
This study uses wind measurements from the cup
anemometers at 57.5 and 80 m, which are used to derive
wind speed, turbulence, and shear as discussed in the following sections. According to the definition in IEC6140012-1 (IEC, 2017), the wake-free sector spans approximately
123◦ to 220◦ . A narrow sector of 12◦ from 97 to 109◦ is chosen as free-wind reference to ensure close correspondence
between lidar- and mast-measured parameters. Based on the
farm geometry and visual inspection of data, wake sectors of
30◦ are considered ranging from 55 to 85◦ for the north-east
directions and from 235 to 265◦ for the south-west.
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Lidars

Two forward-looking lidars were installed on the nacelle
of T04: a pulsed lidar (PL) with a five-beam configuration and a continuous-wave (CW) system. The CW lidar
by Zephir has a single beam, which scans conically with a
cone angle of 15◦ and a sampling frequency of 48.8 Hz. The
CW lidar measured sequentially at five different ranges upwind from the turbine, at 0.1, 0.3, 1.0, 1.3, and 2.5 D, and it
took approximately 50 s to complete a full scan at all ranges.
The CW lidar measurements are binned according to the azimuthal positions in 50 bins of 7.2◦ . Based on Dimitrov et al.
(2019), we select 10 of these bins for further analysis and focus on ranges between 0.3 and 2.5 D, as illustrated in Fig. 2b.
The PL lidar provided by Avent technology has five fixed
beams; a central beam oriented in the longitudinal direction at hub height and four beams oriented at the corner of
a square pattern, as shown in Fig. 2d. The PL lidar measures simultaneously at 10 different ranges in front of the
turbine 0.53, 0.77, 1.03, 1.17, 1.30, 1.53, 1.78, 2.03, 2.5,
and 3.0 D, by acquiring radial velocity spectra for 1 s at
each beam, thus scanning a single plane with a sampling frequency of 0.2 Hz (Peña et al., 2017). To provide a direct comparison with results from the CW lidar, we focus the analysis
on the PL lidar measurements up to 2.5 D. More details of the
lidars are described in Peña et al. (2017) and Dimitrov et al.
(2019), while calibration reports are provided in Borraccino
and Courtney (2016a, b). The top views of the PL scanning
pattern and CW lidar binned data selection are illustrated in
Fig. 2a, c. The lidars measure approximately within 2.5 and
5 D downstream of the wake source turbine.
We conduct the load analysis using 10 min reference periods. The dataset is filtered so that we select only periods
where the turbine is operational and load, mast, and lidar
measurements are available. A total of 6198 10 min periods
are available in the wide direction sector, which decreases to
1042 samples in the narrow sector. The majority of measurements within the wake sectors are from westerly directions
235–265◦ with 3659 samples, while 899 samples are available from wake directions 55–85◦ .
3

Methodology

Load simulations are carried out using the state-of-the-art
aeroelastic HAWC2 software (Larsen and Hansen, 2007).
The structural part of the code is based on a multi-body
formulation assembled with linear anisotropic Timoshenko
beam elements (Kim et al., 2013). The wind turbine structures (i.e. blades, shaft, tower) are represented by a number
of bodies, which are defined as an assembly of Timoshenko
beam elements (Larsen et al., 2013). The aerodynamic part
of the code is based on the blade element momentum (BEM)
theory, extended to handle dynamic inflow and dynamic stall
(Hansen et al., 2004), among others.
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Figure 1. The Nørrekær Enge wind farm in northern Denmark on a digital surface elevation model (UTM32 WGS84). The wind turbines are

shown in circles, the turbine T04 with the nacelle lidars in red, and the mast as a triangle. The sectors used for the analysis are also shown;
narrow direction sector: 97–109◦ ; wide direction sector: 97–220◦ ; wake sectors: 55–85 and 235–265◦ . The waters of Limfjorden are shown
in light blue.

In the present study, the HAWC2 turbine model is based on
the structural and aerodynamic data of the Siemens SWT 2.393 turbine and is equipped with the original equipment manufacturer controller. The turbulence used in the simulations
is generated using the Mann turbulence model (Mann, 1994,
1998). As described in Dimitrov et al. (2018), the turbulent
wind field for aeroelastic simulations can be fully characterized statistically by nine environmental parameters listed
in Table 1. The methods to derive the wind field parameters from the radial velocity measurements of the nacellemounted lidars are described in Sect. 3.1–3.3. We propose a
wake detection algorithm to detect wakes using lidar measurements in Sect. 3.4.
3.1

Figure 2. Top and front views of the CW lidar (a, b) and PL li-

dar (c, d) scanning patterns shown by the blue dots. The trajectory
of the lidar beams is illustrated by the dotted lines in cyan. The
bins/beams notation is also given. The location of the lidars on T04
is shown with a red square marker. The reference coordinate system
has an origin at the hub centre with the x axis in the mean wind
direction. The distances are normalized with respect to the rotor diameter D.

Wind Energ. Sci., 5, 1129–1154, 2020

Wind field reconstruction

Wind field reconstruction (WFR) is defined as the process of
retrieving wind field characteristics by combining measurements of the wind in multiple locations (Raach et al., 2014;
Borraccino et al., 2017). As nacelle-mounted lidars measure
only the line-of-sight (LOS) component of the wind vector,
WFR techniques are used to derive the input wind field variables for carrying out load simulations. The present work
implements the WFR technique described in Dimitrov et al.
(2019). This approach assumes three-dimensional wind vectors and vertical and horizontal wind profiles combined with
an induction model. The vertical wind shear is defined by a
power-law profile,
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Table 1. Wind field parameters serving as input for aeroelastic load simulations.


u(z) = uhub

Description

Parameter

Description

Parameter

Mean wind speed at hub height
Turbulence intensity
Shear exponent
Wind veer
Yaw misalignment

uhub
σu /uhub
α
1ϕ
ϕ

Air density
Mann turbulence spectra tensor parameters:
Turbulence length scale
Anisotropy factor
Turbulence dissipation parameter

ρ

z
zhub

α
,

(1)

where zhub is the hub height. The flow direction ϕ(z) is described by the combined effects of the mean yaw misalignment and the change of wind direction with height, the wind
veer,
ϕ(z) = ϕ +

1ϕ
(z − zhub ) .
D

(2)

We assume a linear variation in wind direction over the
rotor diameter D. To define the relation between the freeflow wind vector u = (u, v, w) and the LOS velocity uLOS ,
we consider a reference coordinate system with origin at hub
height and co-linear with the wind turbine orientation. The
wind coordinate system is aligned with the mean wind direction, which is defined by the flow direction in Eq. (2).
Thus, the transformation from the wind- into the referencecoordinate system is achieved by the rotational transformation T1 :


cos ϕ(z) − sin ϕ(z) 0
(3)
T1 =  sin ϕ(z) cos ϕ(z) 0 .
0
0
1
Note that the wind flow inclination (tilt) is neglected. The
orientation of the LOS velocity with respect to the reference
coordinate system is defined by rotations about the y and
z axes, ψy and ψz (see Fig. A1). Therefore, the transformation from the LOS- into the reference-coordinate system is
achieved by the rotational transformation TLOS :


cos ψy cos ψz − cos ψy sin ψz sin ψy
sin ψz
cos ψz
0  . (4)
TLOS = 
− sin ψy cos ψz
sin ψy sin ψz
cos ψy
As lidars measure only the LOS velocity, the first row
alone of TLOS is considered. The relation between the wind
vector and the LOS velocity is expressed in terms of matrix
transformations as
ulos = TLOS T1 u.

(5)

This formulation is suitable assuming lidar point-like measurements and homogeneous wind field, which implies that
https://doi.org/10.5194/wes-5-1129-2020

L
0
αk  2/3

the three velocity component statistics do not change over
the scanned area. By combining Eqs. (1)–(5) and including
an induction factor Cind based on a two-dimensional induction model (Dimitrov et al., 2019), the relation between the
LOS and the wind velocity field is derived in its extended
form as

 


1ϕ
z1 α
(z − zhub )
uLOS = uhub
Cind cos ϕ +
zhub
D


1ϕ
(z − zhub )
cos ψy cos ψz − sin ϕ +
D

cos ψy sin ψz .
(6)
The two-dimensional induction model assumes longitudinal and radial variation in the induced wind velocity. The
resulting induction factor Cind is computed as
"
!
ξx
Cind = 1 − a0 1 − p
1 + ξx2

2 #
2
·
,
(7)
exp (+βa a ) + exp (−βa a )
where a0 is the induction factor at the rotor centre area;
ξx = x/Rrotor is the distance
from the rotor normalized by
p
is the radial distance
the rotor radius; ρa = y 2 + z2 /Rrotor p
from the rotor centre
axis;
and

=
ρ
/
λa (ηa + ξx2 ), where
a
a
√
γa = 1.1, βa = 2, αa = 8/9, λa = 0.587, and ηa = 1.32
(Dimitrov et al., 2019).
The parameters (uhub , α, 1ϕ, ϕ, a0 ) from Eq. (6) are to be
characterized by the WFR, while x, y, and z describe the spatial location of the measurement points. The WFR approach
relies on a model-fitting technique and consists in minimizing the residual between the modelled wind field and lidar
measurements (Borraccino et al., 2017).
The CW and PL lidar-estimated mean wind speed in free
wind, for the narrow direction sector (97–109◦ ), is compared
with measurements from the 80 m cup anemometer mounted
on the mast in Fig. 3 (left and middle). An excellent agreement is found for the lidar-estimated mean wind speed using both lidars. The lidar-estimated shear exponents are compared with the shear obtained by fitting the power-law profile
using measurements from the cups at 57.5 and 80 m in Fig. 3
(right). The observed deviations result from the use of different parts of the rotor span by the PL lidar compared to the
Wind Energ. Sci., 5, 1129–1154, 2020
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mast measurements (Dimitrov et al., 2019). In addition, the
shear exponents derived by the CW lidar compare very well
with those from the PL lidar (not shown).
3.2

Turbulence spectral model

The wind field vector u(x) can be described by the solely
spatial vector x = (x, y, z), assuming Taylor’s frozen turbulence hypothesis (Mizuno and Panofsky, 1975). The statistics of velocity fluctuations (u0 , v 0 , w0 ), where (0 ) denotes
fluctuations around the mean value, are expected to be homogeneous in space (Mann, 1994). It follows that the autoor cross-covariance function between two points can be defined only in terms of the separation distance as Rij (r) =
hu0i (x)u0j (x + r)i, where i, j = (1, 2, 3) are the indices corresponding to the components of the wind field, hi denotes
ensemble averaging, and r = (r1 , r2 , r3 ) is the separation
vector in the three-dimensional Cartesian coordinate system. The covariance tensor of single-point turbulent statistics
(R(r = 0) = R) can be written as

#  2
" 0 0
σu
σuv σuw
hu u i hu0 v 0 i hu0 w0 i
0
0
0
0
0
0
R = hv u i hv v i hv w i =  σvu σv2 σvw  , (8)
hw0 u0 i hw0 v 0 i hw 0 w0 i
σwu σwv σw2
where the matrix elements define variances and covariances
of the three-dimensional velocity field u = (u, v, w). The
spectral velocity tensor 8ij (k) is defined as the Fourier transform of the covariance tensor,
Z
1
Rij (r) exp(ik · r)dr,
(9)
8ij (k) =
(2π )3
where k = (k1 , k2 , k3 ) is the wave number vector. The spectral velocity tensor can be described by the model of Mann
(1994). This model requires only three parameters: αk  2/3 ,
L, and 0, where αk is the spectral Kolmogorov constant,  is
the turbulent energy dissipation rate, L is a length scale proportional to the size of turbulence eddies, and 0 is a parameter describing the anisotropy of the turbulence. Although the
Mann model assumes near-neutral atmospheric conditions,
the model has been applied to different surface and atmospheric stability conditions (Peña et al., 2010). The one-point
spectra are computed as
Z Z


Fij (k1 ) =
8ij k, 0, L, αk  2/3 dk2 dk3 .
(10)
The procedure to derive spectral parameters from the measured spectra of the three velocity components is described
in Mann (1994). The LOS spectra measured by a lidar beam
can be related to the velocity spectral tensor by accounting
for probe volume effects as described in Mann et al. (2009),
FLOS (k1 ) = ni nj

Z Z



|φ̂(k · n)|2 8ij k, 0, L, αk  2/3 dk2 dk3 , (11)

where φ̂ is the Fourier transform of the lidar spatial weighting function and n is the unity vector along the beam. For
Wind Energ. Sci., 5, 1129–1154, 2020

a CW lidar, this is typically described by a Lorentzian function (Sonneschein and Horrigan, 1971; Mann et al., 2010).
For the pulsed lidar, we assume a Gaussian weighting function (Frehlich, 2013).
3.3

Turbulence characterization

Turbulence characterization using lidars is subjected to several sources of uncertainty. The measurement volumes along
the LOS lead to spatial averaging of turbulence, which reduces the LOS variance when compared to a point measurement (Sjöholm et al., 2008; Sathe and Mann, 2013). Besides,
the ability to properly measure the variances of the velocity
components depends on the scanning strategy. Since the lidar beams are rarely aligned with any of the three velocity
components, the LOS variance can be influenced by the variance of other velocity components, also referred to as crosscontamination effects.
We implement two approaches to derive filtered and unfiltered turbulence based on the work of Peña et al. (2017). The
first approach uses the turbulence spectral model by Mann to
correct turbulence estimates by accounting for the expected
attenuation of the fluctuations of the radial velocity due to the
lidar’s probe volume. This can be achieved numerically by
deriving the relation between the variance of the LOS veloc2
ity with and without filtering effects, respectively σu,LOS,va
2
and σu,LOS,pt . The filtering is expressed by
R∞
r Zr , L, 0, ψy , ψz

2

=

0

FLOS (k1 ) dk1

R∞
0

=
Fij (k1 ) dk1

2
σu,LOS,va
2
σu,LOS,pt

.

(12)

r2

The magnitude of
varies in relation to the probe volume length Zr , turbulence characteristics, and spatial location of measurement points (Mann et al., 2010; Peña et al.,
2017). Following the procedure described in Dimitrov et al.
(2019), the covariance matrix of the filtered LOS velocity
components RLOS can be related to the covariance of the
undisturbed wind field R. To express the LOS variance as a
function of the u-component variance, we normalize R with
2 and σ 2 as they
respect to σu2 . We neglect the terms σuv
vw
are small and we lack sufficient information to recover all
components. Hence, we derive the ratios between variances
of different velocity components using the spectral tensor
model by Mann (1994),


1
0
σuw /σu2
R
= 0
(13)
σv2 /σu2
0 .
σu2
2
2
σwu /σu
0
σw /σu2
The effects of cross-contamination and flow direction are
accounted for by means of matrix transformations including TLOS and T1 . The relation between the covariance matrix of the LOS components and that of the undisturbed wind
field is then expressed in terms of σu2 as
https://doi.org/10.5194/wes-5-1129-2020
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Figure 3. Comparison of 10 min lidar-estimated and mast-measured inflow characteristics. We show a 1 : 1 line for guidance, the slope of a

linear regression model and the coefficient of determination R 2 .



2
RLOS
R T T T
=
r
Z
,
L,
0,
ψ
,
ψ
T
CT
T
C
T
r
y
z
LOS
1
LOS , (14)
σu2
σu2 1

where C is the induction matrix (Dimitrov et al., 2019). Note
that RLOS is expressed as a full covariance matrix containing three vector components. However, as only LOS velocities are measured by the nacelle-mounted lidar, only the first
component of RLOS is measured. It follows that the ratio in
Eq. (14) identifies the relation between the LOS variance and
the wind field variance in the longitudinal direction. As described in Dimitrov et al. (2019), the LOS residuals u0LOS
are calculated as the difference between the LOS measurements uLOS and the mean LOS field uLOS (uhub , α, 1ϕ, ϕ,
a0 ) obtained from Eq. (6) as
u0LOS = uLOS − uLOS (uhub , α, 1ϕ, ϕ, a0 ) .

(15)

Eventually, σu2 is derived by scaling the variance of the LOS
residuals from Eq. (15) with the reciprocal of the filtering
ratio estimated using Eq. (14). As the filtering ratio is evaluated for each LOS direction, we can combine multiple lidar
measurements to estimate σu2 . The procedure is described in
detail in Dimitrov et al. (2019).
The second approach avoids filtering effects by use of the
ensemble-averaged Doppler radial velocity spectrum (Mann
et al., 2010). This method relies on the hypothesis that the
lidar average Doppler spectrum is related to the probability density function of the radial velocities (Branlard et al.,
2013). This assumption is valid for homogeneous flow and
for negligible velocity gradients within the probe volume. By
assuming homogeneous turbulence, we use the scanning pattern to account for cross-contamination of different velocity
components and extract 10 min σu2 statistics by computing
the variance of Eq. (5) as
Var (ulos ) = Var cos ψy cos ψz cos ϕ − cos ψy sin ψz
sin ϕ) u − cos ψy cos ψz sin ϕ + cos ψy
sin ψz cos ϕ) v + (sin ϕ)w) .
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(16)

By solving the variance operator and neglecting the resulting terms hu0 v 0 i and hv 0 w0 i, as explained above, σu2 is derived
as shown in Eq. (10) in Peña et al. (2017).
We show the comparison between lidar-estimated and
mast-measured σu , using the 80 m cup anemometer, for the
free-wind narrow direction sector (97–109◦ ) in Fig. 4. Previous work on the characterization of wind conditions at the
NKE site that included wind speed and turbulence showed
a discrepancy between the 76 m sonic- and 80 m cup-based
mean wind speed of 2.6 % and about 12.3 % regarding the
longitudinal velocity variance (Peña et al., 2017). To reduce
the uncertainty of the mast-based and lidar-based wind characteristics, we choose the cup anemometer at 80 m, which
is the hub height, for this analysis. The filtered turbulence
derived from CW and PL lidars, using all the ranges and
beams, are plotted in Fig. 4a, b, whereas the unfiltered turbulence derived from the CW lidar measurements at 1.3 D
are shown in Fig. 4c. The deviations between PL lidar and
the cup anemometer values are mostly due to high-frequency
noise contamination as described in Peña et al. (2017). Considering the wind conditions within the free-wind narrow direction sector, the lidar-estimated turbulence compares very
well with mast measurements; the observed results are consistent with previous findings (Dimitrov et al., 2019).
3.4

Wake detection algorithm

A wake detection algorithm is developed to determine
whether the turbine is operating in free-, partial-, or full-wake
situations. The algorithm relies on 10 min statistics of the
lidar measurements and follows the approach of Held and
Mann (2019). The idea is to detect the increase in turbulence originating from wakes with respect to the free-wind
conditions. This can be done by measuring turbulence intensity TILOS and the relative turbulence difference measured by
two lidar beams pointing at two opposite rotor sides, δTILOS .
The detection parameters are
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Figure 4. (a, b) Comparison of the lidar-based σu , derived with the use of the spectral tensor model, with σu values measured with an

80 m cup anemometer mounted on the mast. (c) Comparison of lidar-based σu , derived from the ensemble-averaged Doppler spectrum of the
CW lidar, with σu values measured with an 80 m cup anemometer. We show a 1 : 1 line for guidance, the slope of a linear regression model,
and the coefficient of determination R 2 .

σLOS
TILOS,B1 − TILOS,B2
TILOS =
, δTILOS =
,
uLOS
hTILOS,B1 , TILOS,B2 i

(17)

where B1 and B2 refer to the PL lidar beam notation given
in Fig. 2. Preliminary work (Peña et al., 2017) showed that
the lidar availability greatly decreases when using the bottom
beams. Therefore, we use the top beams of the PL lidar for
this particular analysis. Due to its location (see Fig. 1), the
mast is either in the wake of T04 for wind directions coming from the south-west or in the wake of the upstream turbines for the north-east direction. As a consequence, we cannot rely on mast measurements to monitor free-wind conditions for wind directions within our range of interest. Therefore, we propose an alternative approach, which relies on lidar measurements only.
At first, we fit the wake detection parameters to a probability distribution function (pdf) using data from the wakefree wide direction sector (97–220◦ ). We select a log-normal
and normal pdf for TILOS and δTILOS , and we choose the
99th percentile as a conservative threshold characterizing the
limit of the normal range of the site-specific free-wind conditions. This results in TILOS,99 = 0.276 and δTILOS,99 =
0.416. Hence, we compare the detection parameters in wake
sectors to the precomputed thresholds and classify accordingly. The parameters are shown as a function of the turbine
yaw positions and classified as partial-wake (blue markers)
and full-wake (red markers) in Fig. 5a, b. A partial-wake situation is detected for δTILOS > δTILOS,99 , whereas the sign
of δTILOS indicates which half of the rotor is affected by the
wake. A full wake is detected when both beams exhibit high
turbulence TILOS,B1,B2 > TILOS,99 , but δTILOS < δTILOS,99 .
This condition appears when both beams are measuring inside the wake.
Figure 5c illustrates the measured fatigue blade-root flapwise bending moments for wind speeds between 8 and
10 m s−1 , as a function of the turbine orientation. Fatigue
load levels are normalized with respect to the average value
Wind Energ. Sci., 5, 1129–1154, 2020

computed using load measurements from the free-wind wide
direction sector. The 10 min periods in which the turbine is
operating in wake situations are shown based on the detection algorithm. A significant wake-induced effect on the load
levels can be noticed.
Further, we attempt to distinguish situations where the
mast is in wake or in free wind, based on 10 min mast data.
Turbulence from the cup at 80 m and shear derived from the
cups at 57.5 and 80 m are used as wake detection parameters
(results are shown in Fig. B1). The wake detection results
presented in Fig. 5 are obtained using the PL lidar-estimated
filtered turbulence at 1.3 D. An in-depth comparison between
the PL and CW lidars, filtered and unfiltered turbulence estimates, and measurements at several ranges are omitted in the
present work.
Improved wake detection can be obtained by establishing
thresholds conditional to the ambient wind conditions (i.e.
wind speed, turbulence, and atmospheric stability) and by
assessing the detection parameters for shorter time periods
(Held and Mann, 2019). More detailed detection algorithms
including wake dynamic characteristics are proposed in the
literature (Aitken and Lundquist, 2014; Aitken et al., 2014).
Nevertheless, the proposed algorithm is able to detect 10 min
periods where dominant wake effects are observed. The conservative thresholds ensure a strong wake influence in the inflow conditions, and a sufficient number of 10 min periods
are obtained for the purpose of load validation.
4

Results

The results are presented in five parts. The wake-induced effects on the reconstructed wind field parameters are analysed
in Sect. 4.1 and 4.2. The wind field parameters used as input
for aeroelastic simulations are derived in Sect. 4.3. The oneto-one load comparison between simulated and measured
loads and their uncertainty quantification are presented in
Sect. 4.4. In Sect. 4.5, we assess the sensitivity of inflow pahttps://doi.org/10.5194/wes-5-1129-2020
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Figure 5. (a, b) PL lidar-estimated 10 min wake detection parameters δTILOS and TILOS,B1 , as a function of yaw position. Detected wake
situations are shown with coloured markers: wake-free (grey), partial wake (blue), and full wake (red). (c) Measured blade-root flapwise
fatigue loads for wind speeds between 8 and 10 m s−1 , normalized over the average load levels in free-wind conditions. The black line shows
the average values binned every 3◦ in direction.

rameters on load predictions and investigate the uncertainty
distribution as a function of the wind speed.
4.1

Wake effects on reconstructed wind parameters

Wind turbine wakes lead to a region characterized by reduced wind speed and increased turbulence. We observe
these effects through the PL and CW lidar-estimated wind
speed, turbulence, and shear exponent in Fig. 6. Here, the
slope (m) of a linear regression model between the free-wind
mast-measured and lidar-estimated wind parameters in free, partial-, and full-wake situations is shown. In this particular analysis, the lidar-based wind parameters are derived
from Eq. (6) evaluated at different upstream distance from
the rotor without including induction effects. The 10 min periods are classified according to the results of the wake detection algorithm in Sect. 3.4, considering south-westerly directions (235–265◦ ). There are 287 and 175 periods respectively
where partial- and full-wake situations are detected, while
the mast is wake-free. The wake-free mean wind speeds
range between 4 and 14 m s−1 at turbulence levels between
5 % and 15 %. Although wake effects vary according to the
ambient wind field, we select all measured conditions for this
comparison.
The influence of wakes on the lidar-estimated mean wind
speed is shown in Fig. 6a. The reconstructed velocities in
a partial wake (blue markers) and full wake (red markers)
are respectively ∼ 5 % and ∼ 20 % lower than ambient wind
speed. The magnitude of the velocity deficit depends on the
number and location of lidar beams that are measuring inside
the wake. Figure 6a also shows the influence of rotor induction at shorter ranges, where low velocity is measured in the
vicinity of the turbine (Mann et al., 2018). Despite the fact
that velocity recovery is expected moving downstream from
the wake, the induction effects are predominant. Altogether
https://doi.org/10.5194/wes-5-1129-2020

the PL and CW lidar-estimated mean wind speeds differ from
each other by less than 2 % in the analysed cases.
We compare lidar-measured σu levels inside the wake
against σu measured by the mast in free wind in Fig. 6b. The
bias of PL lidar-filtered turbulence (circle markers) and the
CW lidar-filtered and unfiltered turbulence (star and triangle
markers) are shown as a function of upfront rotor distance.
The results clearly show the increased turbulence in partial
and full wakes. The difference between PL and CW filtered
turbulence in wake situations (circle and star markers) decreases at farther beams, where larger probe volume averaging effects are expected for the CW lidar (Dimitrov et al.,
2019). The main discrepancy is found for filtered and unfiltered turbulence estimates in wake conditions, where the
latter are significantly lower. We do not observe significant
induction effects on the estimated σu values, as they affect
the velocity variance to a much lower extent (Simley et al.,
2016; Mann et al., 2018). A slight wake recovery can also
be noticed, specifically in full-wake situations (red markers),
where lower σu values are estimated moving downstream.
The estimated shear exponent through the PL and CW lidar for free and wake conditions is shown in Fig. 6c. As
wakes expand both horizontally and vertically, wake effects
can be related to a decrease in the shear exponent compared
to free-wind flow and even negative values in full wakes. The
differences between the PL and CW lidar-estimated shear are
most pronounced in full wakes, where the CW measures at
multiple points in the vertical direction. The fitted shear can
also be used as an indicator of wake influence on inflow measurements.
4.2

Wake effects on turbulence spectral properties

In addition to the wake-induced effects on the average flow
properties, turbulence spectral properties are also affected in
wake regions. Earlier work on this subject showed a shift of
Wind Energ. Sci., 5, 1129–1154, 2020
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Figure 6. Comparison of the slope of a linear regression model between lidar-estimated and mast-measured inflow characteristics including

mean wind speed (a), the standard deviation of wind speed (b), and shear (c), when the turbine is operating in wake-free (black), partial-wake
(blue), and full-wake (red) conditions and the met mast measures free-wind conditions. Results are shown as a function of lidar measuring
distances in front of the rotor and normalized over rotor diameter. The results for the PL lidar are shown by the dashed line with circle
markers, whereas those for the CW lidar are shown by the dotted line with star markers. The triangle markers show unfiltered turbulence
obtained from the ensemble-average Doppler spectrum of the CW lidar.

the wake spectrum towards low length scales, compared to
the free-wind spectrum, in both wind tunnel and field experiments (Vermeer et al., 2003). Although large variations in
length scales occurred due to atmospheric stability, it was
generally observed that wake-induced turbulence is characterized by a significantly smaller length scale than that for
ambient turbulence (Chamorro et al., 2012). Furthermore,
wake-added turbulence can be modelled using a synthetic
turbulence field with a small length scale, as done for the
DWM model (Larsen et al., 2008).
Based on these findings, we extract the turbulence spectra parameters of the Mann model, with focus on the length
scale L, in free-, partial-, and full-wake situations. By comparing lidar spectra to spectra from a sonic anemometer in
wake-free conditions at NKE, it was found that lidar measurements can qualitatively represent turbulence spectra, although differences increase for turbulence length scales comparable to the probe volume length (Peña et al., 2017; Dimitrov et al., 2019). We ensemble-average lidar radial velocity spectra using the central beam (B0) of the PL lidar. Assuming that the turbine is aligned with the inflow wind direction, the central beam pointing upstream at hub height
is ideally measuring the wind fluctuations of the horizontal velocity component. In this case, minimal contamination
effects from other velocity components are expected. Typically, three auto-spectra of the wind velocity components as
well as one point cross-spectrum are fitted simultaneously to
the theoretical spectra to derive the Mann model parameters.
However, as we measure a single LOS spectrum, we assume
0 = 3, which is suitable for the terrain and climate for freewake conditions (Peña et al., 2017). Although 0 impacts load
predictions, the influence of the turbulence length scale was
found to be predominant (Dimitrov et al., 2017, 2018).
The 10 min time series of radial velocity are classified
into free-, partial-, and full-wake situations and the spectra
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are ensemble-averaged over all conditions within each class.
Then, the parameter L is fitted to the ensemble-averaged
spectrum. The comparison is based on the energy spectra of
the u-velocity component (along-wind) in free-, partial-, and
full-wake situations. The measured and theoretical spectra,
normalized over the relative variance, are shown in Fig. 7a.
The aggregated measured spectra in wakes show a shift of
spectrum peak towards higher wave numbers, as expected,
which indicates high energy content at low turbulence length
scales. The deviations between the modelled and the measured spectra increase under wake situations. This follows
from the limitations of the Mann model, which was developed for homogeneous wind flow and near-neutral atmospheric conditions; the constraints of the adopted fitting procedure; and the uncertainty of the lidar-measured spectra. In
fact, the derived length scale values are critically affected by
the probe volume filtering effects, atmospheric stability conditions, sampling frequency, and measurement location in the
wake region. Resulting length scales of approximately 35,
15, and 7 m are estimated, respectively, for free-, partial-, and
full-wake conditions. These values are used to generate synthetic turbulence fields for load simulations.
The small-scale turbulence generated within wake flows
generally leads to a significantly larger broadening of the
Doppler spectrum compared to that in the ambient flow
(Branlard et al., 2013; Held and Mann, 2019). We show an
example of a 10 min ensemble-average Doppler spectrum obtained from the radial velocity of the CW lidar using bins b3
and b8 (see Fig. 2 for notation) at 1.3 D in partial-wake
and full-wake conditions in Fig. 7b, c. We also provide the
ensemble-average Doppler spectrum in free wind for reference. For this comparison, we select three 10 min periods
with similar inflow conditions measured at the mast; thus
uhub ∼ 9 m s−1 and σu /uhub ∼ 0.11. It can be noticed that
broadening effects are present only in b3 (solid blue line) in

https://doi.org/10.5194/wes-5-1129-2020
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Figure 7. (a) Comparison of the normalized ensemble-average uLOS spectrum based on measurements with the central beam of the PL lidar

(dashed line and markers) against the fitted theoretical Mann spectra using Eq. (11) (solid line). (b, c) Normalized ensemble-average Doppler
spectrum measured over a 10 min period by the CW lidar using bins b3 (solid line) and b8 (dash line).

the partial-wake situation and in both bins (solid and dashed
red lines) in full-wake conditions.
4.3

Reconstructed inflow parameters for load
simulations in wake situations

We select around 500 10 min samples for each of the free-,
partial-, and full-wake scenarios, which are distributed within
the wind speed range 4–14 m s−1 . We select 10 min periods
within the narrow sector (97–109◦ ) for free-flow conditions
and periods of south-west directions (235–265◦ ) for wake situations. The main limitation of the current dataset is given
by the concurrent availability of both lidars and by the few
10 min periods at high wind speeds in full-wake situations.
The comparison of the reconstructed wind field characteristics in partial-wake conditions using PL and CW lidar measurements from all ranges is presented in Fig. 8. A very good
agreement can be observed for the mean wind speed; the line
fits yield slopes of nearly unity and an R 2 of almost 100 %.
The filtered turbulence from the PL lidar is ∼ 2 % lower than
that from the CW lidar. The differences can be partly explained by the larger amount of filtering occurring for farther beams of the CW lidar as well as due to the distinct
scanning patterns measuring an inhomogeneous wind flow.
When compared to the filtered turbulence, the unfiltered estimations show a significant reduction by ∼ 6 % (blue markers
in Fig. 8b). A large scatter appears for the shear, veer, and
yaw (the latter two are not shown), which are subjected to a
high level of uncertainty and highly depend on the scanning
patterns. Similar results are found for the full-wake situation
as presented in Fig. 9. The main discrepancy is in the estimation of the shear exponent.
4.4

Load validation procedure

The load validation analysis is conducted on the dataset described in Sect. 4.3. We analyse about 500 10 min samples
distributed between 4 and 14 m s−1 , for free-, partial-, and
full-wake scenarios. The quality of load predictions is evaluhttps://doi.org/10.5194/wes-5-1129-2020

ated through one-to-one comparisons against load measurements. The resulting statistics from HAWC2 simulations are
denoted by (ỹ) and the corresponding measured statistics
from the turbine on-board sensors by (ŷ). Three uncertaintyrelated indicators are assessed, where the symbol E(.) denotes the mean value and h.i the ensemble average.
– coefficient of determination R 2 = h(ỹ − E(ŷ))2 i/h(ŷ −
E(ŷ))2 i;
p
– uncertainty XR = h(ỹ/ŷ − E(ỹ)/E(ŷ))2 i;
– bias 1R = E(ỹ)/E(ŷ).
The R 2 , XR , and 1R indicators are computed for free-,
partial-, and full-wake situations. The 10 min wind turbine
statistics investigated hereafter include the mean power production (Powermean ), the extreme loads, and 1 Hz damageequivalent fatigue loads of fore–aft tower bottom bending
moment (MxTBmax , MxTBDEL ) and flapwise bending moment
at the blade root (MxBCmin , MxBCDEL ). Note that given the
strain gauge convention, the increasing flapwise bending moment results in negative loading; thus we refer to MxBCmin as
the extreme loads (Dimitrov et al., 2019). Therefore, time series of 600 s are simulated in the aeroelastic code HAWC2,
and load statistics are derived at the location where the strain
gauges are installed. A turbulence seed with statistical properties matching those of the measured 10 min conditions is
input to the load simulations.
The rain flow counting algorithm is used to compute the
1 Hz damage-equivalent fatigue loads with a Wöhler exponent of m = 12 for blades and m = 4 for the tower. The same
approach is used to post-process measured loads. We run
simulations using wind field characteristics listed in Table 1,
which are derived from both the PL and CW lidars as well
as the mast measurements. A more detailed analysis is conducted for partial- and full-wake situations. Here, we investigate how power and load predictions are influenced by filtered and unfiltered turbulence estimates derived in Sect. 4.3,
characteristic turbulence length scales derived in Sect. 4.2,
Wind Energ. Sci., 5, 1129–1154, 2020
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Figure 8. Comparison of the CW and PL lidar 10 min reconstructed wind speed (a), filtered and unfiltered turbulence in black and blue
colour, respectively (b), and shear exponent (c) for partial-wake conditions. We show a 1 : 1 line for guidance, the slope of a linear regression
model, and the coefficient of determination R 2 .

Figure 9. Same as Fig. 8 but for full-wake conditions.

and wind parameters derived from lidar measurements at several ranges.
We provide detailed scatter plots of measured and predicted load sensors used in the analysis in Figs. C1–C5. The
prediction uncertainties for power production and extreme
loads are presented in Table 2 and for fatigue loads in Table 3.
We define the lidar-based power and load predictions in free
wind as the reference case. Thus, we compare the relative
error between the uncertainty indicators derived from wake
situations with that from the free-wind case. Generally, we
observe lower prediction accuracy in partial- and full-wake
situations compared to the free-wind scenario, while in some
cases similar uncertainty levels are obtained. The following
sections describe the results in detail.

not observe a significant influence of turbulence intensity levels on power predictions, i.e. by comparing the uncertainties
in the full wake between simulations performed with filtered
and unfiltered turbulence estimates from the CW lidar in Table 2. In a similar way, small turbulence length scales derived
in wakes have a negligible effect on power production levels.
The power prediction deviations in the partial wake drop to
approximately 1 %, when the PL lidar-estimated wind characteristics using measurements up to 1.3 D are used in the
simulations. This result indicates the sensitivity of the reconstructed wind field characteristics to the upstream ranges in
a strongly inhomogeneous wind field as a partial-wake situation.
4.4.2

4.4.1

Power predictions

Power production levels are overestimated in the partial wake
but underestimated in the full wake by approximately 4 %
compared to the free-wind case. Larger XR values are found
in the full wake compared to the reference case, although
R 2 is above 96 %, which indicates a good correlation. We do
Wind Energ. Sci., 5, 1129–1154, 2020

Extreme load predictions

The extreme loads (MxTBmax , MxBCmin ) are affected by both
the turbulence levels and the turbulence length scale. We obtain similar deviations in partial- and full-wake conditions to
the free-wind conditions, when using unfiltered turbulence
estimates and length scales extracted in free-wind conditions
(see Table 2). However, simulations based on filtered turhttps://doi.org/10.5194/wes-5-1129-2020
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Table 2. List of accuracy and uncertainty values for power and extreme load validation procedures. The marker ∗∗ indicates unfiltered

turbulence obtained from the ensemble-average Doppler spectrum of the radial velocity at 1.3 D.
Case

Sensor/ranges

Mann’s
length
scale
L (m)

Powermean

MxTBmax

MxBCmin

R2

XR

1R

R2

XR

1R

R2

XR

1R

Wake-free

Mast
PL (0.7–2.5 D)
CW (1.0–2.5 D)

35

0.99
0.99
0.99

0.09
0.09
0.09

1.01
1.01
0.98

0.97
0.97
0.97

0.09
0.09
0.09

0.97
0.98
0.95

0.96
0.96
0.97

0.09
0.09
0.08

0.99
1.01
1.01

Partial wake

PL (0.7–2.5 D)
PL (0.7–1.3 D)
CW (1.0–2.5 D)∗∗
PL (0.7–2.5 D)
CW (1.0–2.5 D)∗∗

35

0.99
0.99
0.99
0.99
0.99

0.10
0.09
0.10
0.09
0.10

1.05
1.02
1.03
1.06
1.04

0.91
0.92
0.92
0.91
0.92

0.12
0.11
0.11
0.11
0.11

1.00
0.98
0.97
0.97
0.96

0.91
0.92
0.92
0.91
0.93

0.12
0.11
0.10
0.11
0.10

1.05
1.02
1.01
1.02
0.99

0.97
0.96
0.96
0.97
0.97
0.97

0.19
0.17
0.18
0.18
0.15
0.16

0.95
0.96
0.95
0.95
0.96
0.95

0.92
0.89
0.90
0.90
0.92
0.91

0.14
0.14
0.14
0.14
0.13
0.14

0.99
0.98
0.95
0.92
0.91
0.89

0.91
0.89
0.89
0.91
0.91
0.91

0.12
0.12
0.12
0.12
0.10
0.11

1.06
1.05
1.01
0.98
0.97
0.94

Full wake

PL (0.7–2.5 D)
CW (1.0–2.5 D)
CW (1.0–2.5 D)∗∗
PL (0.7–2.5 D)
CW (1.0–2.5 D)
CW (1.0–2.5 D)∗∗

15
35
7

Table 3. List of accuracy and uncertainty values for fatigue load validation procedures. The marker ∗∗ indicates unfiltered turbulence obtained

from the ensemble-average Doppler spectrum of the radial velocity at 1.3 D.
Case

Sensor/ranges

Mann’s
length
scale
L (m)

MxTBDEL
R2

XR

MxBCDEL
1R

R2

XR

1R

Wake-free

Mast
PL (0.7–2.5 D)
CW (1.0–2.5 D)

35

0.86
0.85
0.86

0.19
0.20
0.18

0.93
0.97
0.91

0.84
0.83
0.84

0.22
0.23
0.21

1.01
1.09
1.01

Partial wake

PL (0.7–2.5 D)
PL (0.7–1.3 D)
CW (1.0–2.5 D)∗∗
PL (0.7–2.5 D)
CW (1.0–2.5 D)∗∗

35

0.81
0.82
0.80
0.83
0.83

0.18
0.18
0.17
0.17
0.16

0.95
0.93
0.92
0.94
0.90

0.83
0.83
0.85
0.83
0.86

0.23
0.22
0.19
0.21
0.17

1.04
1.02
1.00
0.98
0.94

PL (0.7–2.5 D)
CW (1.0–2.5 D)
CW (1.0–2.5 D)∗∗
PL (0.7–2.5 D)
CW (1.0–2.5 D)
CW (1.0–2.5 D)∗∗

35

0.78
0.74
0.73
0.82
0.79
0.79

0.19
0.18
0.17
0.15
0.16
0.16

1.11
1.08
1.01
1.09
1.05
0.97

0.84
0.81
0.80
0.85
0.84
0.84

0.24
0.20
0.19
0.18
0.16
0.15

1.22
1.19
1.12
1.07
1.02
0.97

Full wake

15

7

bulence consistently overestimate extreme load levels (3 %–
7 %). The effect of a low value for the length scale is noticeable in full-wake situations, where L = 7 m leads to biases of
the order of −7 % compared to the reference case. Overall,
higher XR values are derived in wakes compared to the reference, while R 2 remains above 89 % in all analysed cases.
It should also be noticed that the maximum loads do not in-
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crease significantly in wake situations, since the wind speed
in the wakes is lower than the free wind (Larsen et al., 2013).
4.4.3

Fatigue load predictions

The biases of fatigue load predictions in the partial wake, using unfiltered turbulence statistics and L = 35 m, are comparable with the deviations observed in free-wind conditions,
Wind Energ. Sci., 5, 1129–1154, 2020
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as seen in Table 3. The error increases when filtered turbulence from the PL lidar is used for the simulations, leading to
an underestimation of fatigue loads between 2 % and 5 %.
The most significant deviations are observed for MxTBDEL
and MxBCDEL in full-wake conditions. The simulations based
on filtered turbulence measures and L = 35 m lead to an
overestimation of blade-root and tower-bottom predictions
by 21 % compared to the free-wind case. The filtered turbulence statistics are predicted with the use of the spectral velocity tensor model and are found to be approximately 11 %
higher compared to unfiltered turbulence derived from the
Doppler radial velocity spectrum (see Fig. 9b). The bias of
fatigue load predictions drops to approximately 11 %, when
unfiltered turbulence measures from the CW lidar are simulated. Overall, extreme and fatigue load predictions show low
uncertainty when unfiltered turbulence estimates are used as
input in simulations.
Fatigue loads are found to correlate significantly better
when a synthetic turbulent field characterized by small length
scales is used (i.e. L = 7 m). This is demonstrated by improved XR and R 2 indicators compared to those resulting
from simulations with L = 35 m. Besides, reducing L from
35 m (free-wind conditions) to 7 m (fitted in full-wake conditions) reduces fatigue blade-root load levels by 15 %. The
simulations with low length scales and unfiltered turbulence
measures provide the lowest deviations in full-wake conditions compared to the reference case, as the error drops to
−4 % for MxBCDEL , indicating underprediction (see Table 3).
These results demonstrate the improved accuracy of load
predictions when unfiltered turbulence measures are simulated and validate the importance of characterizing turbulence spectral parameters for load analysis, as previously
demonstrated in Thomsen and Sørensen (1998), Sathe et al.
(2012), and Dimitrov et al. (2017).
4.5

Sensitivity of inflow parameters on load predictions

We use a first-order polynomial response surface for evaluating the sensitivity of the predictions with respect to input
wind variables. We consider uhub , σu /uhub , α, 1ϕ, ϕ, and
L in the analysis. The first-order polynomials are separately
fitted for free-, partial-, and full-wake conditions based on the
PL lidar-measured wind field parameters. We ensure close to
850 10 min samples for each case. Besides, L is assumed to
randomly vary between 7 and 30 m in full-wake conditions
and between 15 and 35 m in partial-wake and free-wake situations. We normalize the input variables such that their values are scaled between zero and 1 to allow the sensitivity
study.
The obtained linear regression coefficients for Powermean ,
MxBCDEL , and MxTBmax responses are presented in Fig. 10.
Similar trends are obtained for MxBCmin and MxTBDEL (not
shown). The power predictions are strongly driven by the
reconstructed mean wind speed at hub height as shown in
Fig. 10a. This indicates that the observed 1R values in TaWind Energ. Sci., 5, 1129–1154, 2020

ble 2 are mostly explained by the uncertainty in the wind
speed reconstruction. The mean wind speed and turbulence
intensity have the largest influence on the fatigue load predictions (see Fig. 10b). In comparison to the wake-free scenario, we observe the increased effect of turbulence intensity and reduced influence of shear exponents in wake situations. This is due to the significantly high turbulence levels measured inside the wakes (up to 1.8 times higher than
under free-wind conditions) and relatively low shear exponent values (see Fig. 6). The former is a well-known fatigue
load driver. The latter implies small velocity gradients within
the rotor area, which lead to lower blade-root fatigue loads
(Sathe et al., 2012; Dimitrov et al., 2015). The effects of α,
1ϕ, ϕ, and L are secondary compared to uhub and σu /uhub .
We observe slightly higher sensitivity of L in full-wake conditions compared to partial-wake and free-wind conditions.
However, according to the results in Table 3, the length scale
parameter has a significant impact on loads when assessed
independently. Finally, uhub and σu /uhub have the largest influence on the extreme tower bottom loads in Fig. 10c. Overall, the order of importance of the analysed inflow parameters are comparable with the more detailed sensitivity studies
provided in Dimitrov et al. (2018).
4.5.1

Uncertainty distribution as a function of wind
speed

We analyse the bias and uncertainty of Powermean , MxBCDEL ,
and MxTBmax predictions with respect to the inflow wind
speed in Fig. 11. We observe larger deviations of the selected sensors at low wind speeds, which gradually decrease
for higher winds. The deviations in the reference case (black
line) and wake situations are a combination of uncertainty
in the reconstructed wind profiles, aeroelastic model uncertainty, load measurement uncertainty, and statistical uncertainty (Dimitrov et al., 2019). Although there is not sufficient information to distinguish among the various uncertainty sources, we assume that the deviations are due to the
error in the wind field representation only.
The power prediction uncertainties with respect to mean
wind speed in free-, partial-, and full-wake situations are
plotted in Fig. 11a. We observe a consistent overprediction of
power levels in partial-wake conditions (blue line) and underprediction in full-wake conditions (red line) for the full range
of wind speeds. The predictions of MxBCDEL with respect to
the mean wind speeds in free- and full-wake conditions are
plotted in Fig. 11b. The predictions based on the unfiltered
turbulence (green line) show better agreement with the reference compared to results based on filtered turbulence (red
line). It is also found that the largest deviations occur at low
wind speeds (u < 8 m s−1 ). Finally, we show the results using unfiltered turbulence and a low length scale (purple line),
which provide the lowest error. The residual deviations can
be partly explained by the uncertainty in turbulence statistics
and spectral property representation. Figure 11c shows that
https://doi.org/10.5194/wes-5-1129-2020
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Figure 10. Regression coefficients of a linear response surface model identifying the sensitivity of wind field parameters to (a) mean power
production, (b) fatigue flapwise bending moment at the blade root, and (c) extreme fore–aft tower bottom bending moment.

comparable deviations are obtained for tower extreme loads
in partial- and full-wake situations as for the reference case.
5

Discussion

Wind field parameters used as inputs for aeroelastic simulations are derived from PL and CW lidar measurements of the
wake field behind an operating wind turbine. Although the
two lidars follow different scanning patterns and the wake
flow field is strongly inhomogeneous, we find a very good
agreement between the PL and CW lidar-estimated horizontal wind speed and filtered turbulence in partial- and fullwake situations. The estimation of the wind veer, yaw error,
and shear exponent using nacelle-mounted lidars is prone to
a high level of uncertainty and is affected by the scanning
patterns. This is demonstrated by the larger scatter between
the estimated parameters by the PL and CW lidars in wake
compared to free-wind conditions (not shown). However, we
demonstrate that the influence of these parameters on the
loads and power predictions is minor compared to mean wind
speed, turbulence intensity, and length scale.
Although the present work does not focus on details of
the performance of the two lidar systems, the findings indicate that the main sources of uncertainty in load predictions
are related to flow modelling assumptions. The wind velocity gradient in the wake is characterized by the combined
effect of the atmospheric shear and the wake deficit. The former can be explained by a power-law profile, while the latter
is often approximated in the far wake by a bivariate Gaussian shape function, whose depth and width depend on ambient conditions and turbine operation regimes (Trujillo et al.,
2011; Aitken et al., 2014). Further, the 10 min average wind
velocity gradient, observed from a fixed point, will be largely
influenced by wake meandering in the lateral and vertical directions, increasing the complexity of the velocity field in the
wake region. The results of the power prediction’s deviations
in Table 2, in both partial- and full-wake situations, indicate a
less accurate reconstruction of the wind field when compared
to wake-free conditions. Although we demonstrate a low senhttps://doi.org/10.5194/wes-5-1129-2020

sitivity of the loads to the shear exponent for all the analysed
sensors (see Fig. 10), it is envisioned to more appropriately
account for wake-affected velocity gradient profiles, which
include a wake shape function and the contribution of the
meandering, and determine whether or not this will significantly improve the accuracy of power and load predictions.
It is well-established that fatigue loads are dominated by
turbulence levels. However, to extract turbulence parameters
by combining a turbulence model with a model of the spatial radial velocity, averaging of the lidars introduces significant uncertainty under wake conditions. Indeed, filtered
turbulence estimates in wakes are 6 %–10 % higher than unfiltered turbulence measures, derived from the Doppler radial
velocity spectrum, as shown in Figs. 8 and 9. We describe the
wake flow as a homogeneous field by using the Mann spectral tensor model fitted using PL lidar measurements at hub
height. Nonetheless, wake fields are highly inhomogeneous,
and spectral properties vary significantly within the rotor region (Kumer et al., 2017). We derive turbulence length scales
in wakes and demonstrate the importance of characterizing
turbulence spectra for the load analysis. The observed magnitude of decrease in longitudinal turbulence length scale is
consistent with results reported in Thomsen and Sørensen
(1998) and Madsen et al. (2010), where wake-added turbulence is characterized by length scales within the range
10 %–25 % of the free-wind length scale. However, a detailed
analysis including atmospheric stability effects on both turbulence spectra and wake characteristics can potentially reduce the uncertainty of load predictions (Sathe et al., 2012;
Dimitrov et al., 2017). Furthermore, cross-contamination effects and probe volume averaging effects become larger in
wakes, as the size of turbulence eddies decreases to length
scales comparable to or lower than the lidar probe volume.
These effects increase the uncertainty of extracted turbulence length scales from lidar measurements. Despite this,
fatigue load predictions show significant improvement by using low turbulent length scales; spectral analysis of measured
and predicted loads is required for a better understanding of
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Figure 11. Comparison of bias (solid line) and uncertainty (error band) of (a) mean power production, (b) fatigue flapwise bending moment
at the blade root, and (c) extreme fore–aft tower bottom bending moment, with respect to inflow mean wind speed. The analysed cases
are shown with coloured lines in each sub-plot. The reference case denotes the mast-based free-wind scenario; PW refers to partial-wake
conditions and FW refers to full-wake conditions. We show results from both PL and CW lidars and different turbulence length scales L.
The marker ∗∗ indicates unfiltered turbulence obtained from the ensemble-average Doppler spectrum of the radial velocity at 1.3 D.

the accuracy of the lidar-fitted synthetic turbulence field in
wakes.
We demonstrate that improved fatigue load predictions
are obtained using unfiltered turbulence measures from the
Doppler radial velocity spectrum. However, the estimation
2
of σu2 from the σLOS
relies on flow homogeneity and Taylor’s frozen turbulence hypothesis (Taylor, 1938). These assumptions are sound for large-scale wind fluctuations and
free flow over flat and homogeneous terrain but not valid in
wakes (Schlipf et al., 2010). The current wind field modelling
approach omits the large-scale meandering of wakes, which
has a strong impact on power and load predictions (Larsen
et al., 2013). These uncertainty sources, among others, can
partially explain the observed deviations.
The influence of wake effects on power and load levels depends on the wind farm layout, ambient wind speed
and turbulence, and atmospheric stratification, among others. The current state-of-the-art approach to predict wake
flows and their influence on wind turbine operations relies
on engineering-like wake models (Frandsen, 2007; Madsen
et al., 2010). These models ensure an acceptable level of accuracy, robustness, and computational cost. Previous studies carried out load validation using the effective turbulence
model and the DWM model, which are recommended in
IEC 61400-1. As described in Sect. 1, results from these
studies show deviations of the same or even larger order
of magnitude compared to the results from our load validation approach. Despite the discussed shortcomings, load
validation under wake conditions based on lidar measurements may already be a viable alternative to the engineering
wake models. We will soon evaluate whether the differences
in the calculated loads using lidar-estimated wind characteristics in wakes are larger compared to the uncertainties in
the load calculations with state-of-the-art wake models such
as DWM.
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Conclusions

We demonstrated a procedure for carrying out load validation in partial- and full-wake conditions using measurements from two types of forward-looking nacelle lidars: a
pulsed- and continuous-wave system. The suggested procedure characterized wake-induced effects by means of lidarreconstructed wind field parameters commonly used as input
for load simulations, without applying wake deficit models.
We considered the uncertainty of lidar-based load predictions against wind turbine on-board sensors in free-wind conditions as the reference case. Hence, we quantified the uncertainty of lidar-based load predictions against sensor data in
wake conditions, and we compared it to uncertainty of the
free-wind case. The reconstructed mean wind speed, turbulence intensity, and turbulence length scale in wake conditions were found to be the most influential parameters on the
predictions.
Power production levels under wake conditions were
strongly driven by the reconstructed wind speed at hub
height, whereas turbulence intensity as well as turbulence
length scales had negligible effects on those levels. Power
predictions were overestimated in partial-wake conditions
but underestimated in full-wake conditions by approximately
4 % compared to on-board sensors, while free-wind conditions were unbiased.
Fatigue loads were affected by turbulence characteristics
inside the wake. The use of a spectral velocity tensor model
to derive turbulence parameters introduced significant uncertainty under wake conditions. The tower-bottom and bladeroot bending moment predictions were overestimated by
21 % in full-wake conditions using filtered turbulence measures and turbulence length scales typical of free-wind conditions. The bias was reduced to 11 % using unfiltered turbulence measures derived from the ensemble-average Doppler
radial velocity spectrum.
https://doi.org/10.5194/wes-5-1129-2020
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Overall, the measured and predicted fatigue and extreme
loads were found to correlate significantly better when a synthetic turbulent field characterized by a low turbulence length
scale was used. Furthermore, simulations with low turbulence length scales led to an underestimation of blade-root
fatigue load predictions by 4 % compared to on-board sensors, while free-wind situations were unbiased. However, estimating turbulence characteristics under wake conditions using measurements from nacelle-mounted lidars was prone to
a high level of uncertainty due to probe volume effects and
flow modelling assumptions.

https://doi.org/10.5194/wes-5-1129-2020

1145

The present work demonstrated the applicability of
nacelle-mounted lidar measurements to extend load and
power validations under wake conditions and highlighted the
main challenges. Further investigation is necessary to verify that the observed uncertainty of predictions is comparable with results using state-of-the-art wake models recommended by the IEC standard. Future research should apply a
wind deficit model that accounts for the combined effect of
atmospheric shear and wake deficit and quantify the uncertainty of resulting power and load predictions.
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Appendix A: Schematic view of the nacelle-mounted
lidar measurement patterns

Figure A1. Schematic view of the measurement patterns of nacelle-mounted lidars: CW lidar (a) and PL lidar (b).
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Appendix B: Wake detection from mast
measurements

The wake detection algorithm (see Sect. 3.4) is extended to
the mast measurements to classify 10 min periods where the
mast is in free or wake situations. For this purpose, turbulence observations from the cup anemometer at 80 m and
vertical wind shear computed using the measurements from
the cup anemometers at 57.5 and 80 m are used as wake detection parameters. Their 99th percentiles are used as conservative thresholds to characterize the limits of the normal
range of the site-specific free-wind conditions. The resulting thresholds are TImast,99 = 0.20 and αmast,99 = −0.02. If
one of the two limits is exceeded within a 10 min period, the
mast is considered in wake conditions and shown with green
markers in Fig. B1.

Figure B1. (a, b) The 10 min observations of the turbulence intensity and vertical wind shear at the mast as a function of turbine yaw

position. Free-wind conditions relative to the mast are identified with grey markers, and waked situations are identified with green markers.
(c) PL-estimated 10 min wake detection parameter TILOS,B1 . Detected wake situations of turbine T04 are shown with coloured markers:
wake-free (grey), partial-wake (blue), and full-wake (red) conditions. The 10 min periods when the mast is affected by wakes are shown as
green markers.
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Appendix C: Figures with load statistic comparisons

Figure C1. Scatter plots of the normalized measured and predicted power mean realizations used in the analysis.

Figure C2. Scatter plots of the normalized measured and predicted extreme fore–aft tower bottom bending moment realizations used in the

analysis.
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Figure C3. Scatter plots of the normalized measured and predicted extreme flapwise bending moment at the blade-root realizations used in

the analysis.
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Figure C4. Scatter plots of the normalized measured and predicted fatigue fore–aft tower bottom bending moment realizations used in the

analysis.

Wind Energ. Sci., 5, 1129–1154, 2020

https://doi.org/10.5194/wes-5-1129-2020

D. Conti et al.: Aeroelastic load validation in wake conditions using nacelle-mounted lidar measurements

1151

Figure C5. Scatter plots of the normalized measured and predicted fatigue flapwise bending moment at the blade-root realizations used in

the analysis.
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Abstract. This study proposes two methodologies for improving the accuracy of wind turbine load assessment under wake conditions by combining nacelle-mounted lidar measurements with wake wind field reconstruction techniques. The first approach
consists in incorporating wind measurements of the wake flow field, obtained from nacelle lidars, into random, homogeneous
Gaussian turbulence fields generated using the Mann spectral tensor model. The second approach imposes wake deficit time5

series, which are derived by fitting a bivariate Gaussian shape function on lidar observations of the wake field, on the Mann
turbulence fields. The two approaches are numerically evaluated using a virtual lidar simulator, which scans the wake flow
fields generated with the Dynamic Wake Meandering (DWM) model. The lidar-reconstructed wake fields are input to aeroelastic simulations of the DTU 10 MW wind turbine and the resulting load predictions are compared with loads obtained with
the target (no lidar-based) DWM simulated fields. The accuracy of load predictions is estimated across a variety of lidar beam

10

configurations, probe volume sizes, and atmospheric turbulence conditions. The results indicate that the 10-min power and fatigue load statistics, predicted with lidar-reconstructed fields, are comparable with results obtained with the DWM simulations.
Furthermore, the simulated power and load time-series exhibit a high level of correlation with the target observations, thus
decreasing the statistical uncertainty (realization-to-realization) by a factor between 1.2 and 5, compared to results obtained
with the baseline, which is DWM simulated fields with different random seeds. Finally, we show that the spatial resolutions of

15

the lidar’s scanning strategies as well as the size of the probe volume are critical aspects for the accuracy of the reconstructed
wake fields and load predictions.

1 Introduction
Wind turbines operating under wake conditions experience higher loading conditions and lower power productions compared to
20

those operating under wake-free conditions (Barthelmie et al., 2009; Larsen et al., 2013). The wake-induced velocity deficit and
its spatial displacement, also referred to as wake meandering, are critical aspects in both loads and power analyses (Madsen
et al., 2010; Doubrawa et al., 2017). The former reduces the inflow wind speed and causes unbalanced aerodynamic load

1
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distribution at the rotor, which in turn induces high load cycle amplitudes in the whole wind turbine structure (Lee et al., 2012),
whereas the latter is the main source of wake added turbulence (Madsen et al., 2010), affecting wind turbine responses and
25

inducing high fatigue damage (Larsen et al., 2013). Moreover, small turbulence eddies that result from the breakdown of the
tip vortices can cause small fatigue load cycles (Madsen et al., 2005). Thus, aeroelastic analysis of wind turbines operating
under wake condition requires a detailed modeling of the wake flow fields.
For the purpose of load validation, the IEC 61400-1 standard (IEC, 2019) recommends engineering wake models, which
ensures low computational effort and an acceptable level of accuracy. The DWM model is a low fidelity physical model,

30

recommended by the IEC standard, which simulates wind field time series including wake deficits together with a stochastic
meandering model. The motions of the wake deficits are super-imposed on random three-dimensional turbulence fields serving as input for aeroelastic simulations. The wake characteristics simulated by the DWM model are conditional both on the
ambient conditions, which can be measured from a local meteorological mast, and the operational conditions of the upstream
wind turbines. In order to carry out load simulations, the 10-min statistical properties (mean and variance) of the simulated
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ambient and operational conditions are set to match the measured ambient wind statistics (Dimitrov and Natarajan, 2017).
However, since the synthetic turbulence realization, as well as the wake meandering, are stochastic processes, the instantaneous velocities of the simulated wake wind field and the resulting load prediction time-series are not synchronized with the
true observations. This can lead to simulation errors (Zwick and Muskulus, 2015) and introduces high statistical uncertainty
on load predictions (Dimitrov and Natarajan, 2017; Pedersen et al., 2019). Further, statistics from a large set of simulations are
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required to compensate for the large load variations.
Alternative load verification procedures are being explored to potentially reduce the statistical and modelling uncertainty
of engineering wake models, as well as to replace measurements from masts with those from Doppler lidars (Dimitrov et al.,
2019; Reinwardt et al., 2020; Conti et al., 2020). Lidars can provide high spatial and temporal resolution inflow observations
and extend (and eventually replace) traditional point-like measurements such as those from cup and sonic anemometers. In

45

particular, nacelle-mounted lidars have the advantage to be aligned with the rotor, which increases the amount of validation
data. The feasibility of nacelle-mounted lidar observations has been demonstrated for wake characterization (Trujillo et al.,
2011; Fuertes et al., 2018; Herges and Keyantuo, 2019; Reinwardt et al., 2020), lidar-assisted control (Schlipf et al., 2013;
Simley et al., 2013, 2018), and power and load analysis in freeestream conditions (Wagner et al., 2014; Dimitrov et al., 2019).
The recent work of Conti et al. (2020) demonstrated that lidar-based load validation procedure in wakes should account for a

50

model of the wake deficit and its dynamics.
The present work proposes two alternative approaches for wind turbine load validation under wake conditions using nacellemounted lidar measurements combined with wake field reconstruction techniques. The first approach builds on the work of
Dimitrov and Natarajan (2017), which incorporates multiple lidar retrievals in a turbulence field generated using the Mann
spectral model (Mann, 1994) through a constrained Gaussian field algorithm. The second approach reconstructs wake deficit
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characteristics and their motions by fitting a bivariate Gaussian shape function on lidar retrievals and superimposes these
deficits on a random realization of the Mann turbulence field. We evaluate these methods on a numerical study that simulates a
nacelle-mounted lidar scanning the synthetic wake flow fields generated with the DWM model. Thus, we carry out aeroelastic
2
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simulations of the DTU 10 MW wind turbine (Bak et al., 2013) with the lidar-reconstructed fields, and evaluate the accuracy
of load predictions against results obtained with the target non lidar-based DWM simulated fields. In this study, we make use
60

of two sets of independent turbulence seed realizations to quantify the statistical uncertainty of load predictions inherent of
the DWM model. The main objective of this study is to verify that, when compared to the target loads, the load prediction
obtained using lidar-reconstructed wake flow fields is as accurate or superior than that obtained with the DWM model using
turbulence parameters matching the measured ambient wind statistics, which is the standard baseline.
The work is structured as follows. In Sect. 2, we briefly formulate the load validation procedure. Section 3 introduces the

65

methodology including the Mann spectral tensor model (Sect. 3.1) and the DWM model (Sect. 3.2). Section 3.3 describes the
virtual lidar simulator and the analyzed scanning configurations. The wake field reconstruction techniques are formulated in
Sect. 3.4. The results are provided in Sect. 4, including the uncertainty analysis of the lidar-reconstructed fields in relation to
the target wake fields in Sect. 4.1, a detailed analysis of the load validation results in Sect. 4.2, and the sensitivities of the lidar
specifications, e.g., probe volume size and sampling frequency, and those related to the atmospheric inflow conditions on the
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load predictions accuracy in Sect. 4.3. The last two sections are dedicated to the discussion of the findings and the conclusions
from the study.
2

Problem formulation

The design load cases (DLCs) and load verification procedure for wind turbines operating in wakes are described in the IEC
standards (IEC, 2015, 2017, 2019). The present work covers the analysis of fatigue loads of wind turbines operating in wakes
75

(see IEC 61400-1, DLC1.2). Following the approach of Dimitrov and Natarajan (2017), we use two sets of random turbulence
realizations (also referred to as seeds), which we denote as set A and set B. We simulate DWM-based wake fields using
turbulence seeds from set A, which we denote as the target fields. We also generate a second set of DWM-based wake fields
using seeds from set B, which we denote as baseline. Since set A and set B come from the same distributions but are statistically
independent, we expect that the outcomes of load simulations with set A and set B will have the same statistical properties, but

80

will not be correlated. Hence, the result of a one-to-one comparison of load statistics between the realizations in the baseline
and the target simulations is a direct measure of the statistical uncertainty (i.e., load scatter) that originates from both the
random turbulence realizations and the stochastic meandering process.
To evaluate the lidar-based approaches, we use a virtual lidar simulator that scans the target wake fields, and, through a field
reconstruction technique, incorporates these samples in a random turbulence seed from set B. This numerical approach intends

85

to imitate what we would eventually do when nacelle lidar measurements within wakes are available for load predictions.
Further, by incorporating lidar retrievals in the field reconstruction technique, we expect to reduce the amount of statistical
uncertainty as the load time series resulting from this approach will have greater similarity with the load time series based on
the target turbulence fields. Therefore, this procedure allows us to quantify the uncertainty of load predictions that results from
lidar-reconstructed wake fields against the target, and at the same time, to compare the associated statistical uncertainty with
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that of the baseline. To summarize, the following load simulation cases are defined:

3
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– Target: DWM-based wake fields imposed on random turbulence seeds from set A.
– Baseline: DWM-based wake fields imposed on random turbulence seeds from set B.
– Constrained simulations (CS): lidar-reconstructed wake fields, where lidar virtual measurements of the target fields are
incorporated as constraints to random turbulence field realizations from set B.
– Wake deficit simulations (WDS): lidar-reconstructed wake fields, where lidar virtual measurements of the target fields

95

are fitted to a wake deficit shape function to compute wake deficits, which are then superimposed to random turbulence
field realizations from set B.
The load validation comprises a large number of simulations in order to quantify the statistical uncertainty of load predictions
under a variety of inflow conditions. Eventually, we quantify the load uncertainties of the baseline, CS and WDS by comparison
100

to the loads of the target simulations, and we define two main criteria to evaluate the proposed approaches:
I The mean bias of load predictions obtained with the lidar-reconstructed CS- and WDS-simulations is of the same order
of that obtained with the baseline.
II The statistical uncertainty (i.e. standard deviation of the bias) derived with the lidar-reconstructed CS- and WDSsimulations is lower than that obtained with the baseline.
Provided that these criteria are satisfied, the proposed lidar-based reconstruction approaches will produce (I) load predic-

105

tions in wakes, which are in a statistical sense as accurate as the DWM model and (II) a reduced statistical uncertainty by
reconstructing wake fields that have stronger similarities to the target fields compared to the DWM model results.
3

Methodology

3.1
110

Mann turbulence spectral model

The time-domain aeroelastic simulations require input of a three-dimensional turbulence field that mimics atmospheric turbulence (Dimitrov et al., 2017). For this purpose, the IEC 61400-1 recommends, i.a., the Mann uniform shear spectral tensor
model (Mann, 1994). The turbulence spectral properties of a three-dimensional homogeneous wind field are described by the
spectral velocity tensor Φij (k) (Kristensen et al., 1989):
Z
1
Φij (k) =
Rij (r) exp(ik · r)dr,
(2π)3

115

(1)

which is the Fourier transform of the covariance tensor Rij (r), r = (x, y, z) is the spatial separation vector defined in a righthanded coordinate system such that the longitudinal component of the wind field is in the x direction, y and z are the directions
of the transversal components, and k = (k1 , k2 , k3 ) is the wave vector with the wavenumbers in the (x, y, z) directions. The
model by Mann (1994) (hereafter referred to as the Mann model), assumes neutral atmospheric conditions and defines the
4
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spectral tensor as function of three input parameters: αk 2/3 , which is a product of the spectral Kolmogorov constant αk and
120

the turbulent energy dissipation rate , Γ is a parameter describing the anisotropy of the turbulence, and L is a length scale
proportional to the size of turbulence eddies. From the spectral tensor, the cross-spectra between two points located in a y–z
plane and separated by a distance (∆y , ∆z ) are calculated numerically by:
Z Z
χij (k, ∆y , ∆z ) =
Φij (k, αk 2/3 , L, Γ) exp(ik2 ∆y + ik3 ∆z )dk2 dk3 .

(2)

Further, by inverse Fourier-transforming the cross spectrum χij , we can derive the auto- and cross-correlation structure of the
125

turbulence field (Dimitrov and Natarajan, 2017), as
Z
Rij (∆x , ∆y , ∆z ) ∝ χij (k1 , ∆y , ∆z ) exp(ik1 ∆x )dk1 .
3.2

(3)

Dynamic Wake Meandering model

The DWM model simulates the lateral and vertical movements of the wake deficit by superimposing these deficits on a random
and homogeneous turbulent wind field, e.g., that generated using the Mann model. The velocity deficit definition is based on the
130

work of Ainslie (1986, 1988), who applied a thin shear-layer approximation of the Navier–Stokes equations and a simple eddy
viscosity formulation. The wake deficit development downstream of the generating turbine is driven by the turbulent mixing
occurring due to the ambient turbulence and the turbulence generated by the wake shear field itself (Madsen et al., 2010). The
recent work of Keck et al. (2014, 2015) included atmospheric stability effects on the eddy viscosity formulation. The wakeadded turbulence that originates from the breakdown of tip vortices and from the shear of the velocity deficit is accounted for

135

by a semi-empirical turbulence scaling factor. This factor scales the residual field of a Mann-based turbulence field generated
assuming isotropic turbulence, i.e., Γ = 0, and a small turbulence length scale (L ≈ 10–25% of the ambient turbulence length

scale) (Madsen et al., 2010). Both the wake deficit and wake-added turbulence profiles are resolved in the meandering frame of
reference, which is a coordinate system with origin in the center of symmetry of the wake deficit. The DWM model considers
wakes as passive tracers driven by the large turbulence scales of the inflow. Madsen et al. (2010) defined large turbulent

140

scales as those measuring two rotor diameters (D) or larger, an assumption validated using lidar observations of wake fields
(Bingöl et al., 2010; Trujillo et al., 2011). The wake is advected downstream with the mean wind speed using Taylor’s frozen
turbulence hypothesis. Recent studies have calibrated and validated the DWM-predicted wake deficits against high-fidelity
wake field simulations (Keck et al., 2014, 2015), wind turbine operational data (Larsen et al., 2013) and only recently, lidar
measurements of the wake field (Reinwardt et al., 2020). Figure 1 shows the wake deficit (Kdef ) and wake-added turbulence

145

profiles (Kmt ) derived from the DWM model and the DTU 10 MW wind turbine, as function of ambient wind speed and
turbulence. As illustrated, the depth of the wake deficit decreases for increasing inflow wind speed and turbulence, due to the
reduced rotor thrust coefficient and the enhanced turbulence mixing. The wake-added turbulence is proportional to the depth
and gradient of the velocity deficit profile; thus a faster recovery of the deficit induces lower added turbulence.

5
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Figure 1. Steady wake characteristics predicted by the DWM model at the downstream distance of 5 D, D being the rotor diameter, resolved
in the radial direction and normalized on the rotor radius (R = 89.5 m). Left and middle: wake deficit profiles as function of ambient wind
speed and ambient turbulence. Right: wake-added turbulence profiles as function of the ambient turbulence.

3.3
150

Lidar simulator

We use the lidar simulator developed within the ViConDAR open source numerical framework to virtually replicate lidar
measurements (https://github.com/SWE-UniStuttgart/ViConDAR), (Pettas et al., 2020). The lidar simulator derives the lineof-sight (LOS) velocities at each scanning location, by transforming the u-, v- and w-velocity components of the synthetic
turbulence field into a LOS coordinate system. To simulate the probe volume of the lidars, a Gaussian weighting function

W (F, r) is imposed along the LOS coordinate r and centered at the focal distance F :
Z
155 VLOS,eq =
VLOS (r)W (F, r)dr.

(4)

The u-velocity is computed from the projection of VLOS,eq onto the longitudinal axis, i.e., the v- and w-velocity components
are neglected in the field reconstruction (Schlipf et al., 2013; Simley et al., 2013; Pettas et al., 2020). The latter increases
the uncertainty of the procedure. Other sources of uncertainty inherent to the use of lidars, e.g., optics and internal signal
processing, are accounted for by adding a Gaussian white noise. Here we add noise at a level that results in a signal-to-noise
160

ratio of −20 dB, as shown in Pettas et al. (2020). We do not investigate the sensitivity of the noise level in the present work. The

lidar simulator can mimic any arbitrary scanning pattern and includes a time-lag between each lidar-sampled measurements
to resemble the scanning frequency (see Fig. 2). In the present study, the virtual lidar data are computed from the synthetic
wake flow fields generated using the DWM model. These wind fields are time series of the u-, v- and w-velocity components
defined over a turbulence box with a grid size of 8192×32×32 (x, y, z). A spatial resolution of 6.5 m is used for the grid in
165

the rotor plane, which leads to a turbulence box with dimension 208 m × 208 m in both lateral and vertical directions (y, z),

while the spatial resolution in the longitudinal axis depends on the simulated wind speed. These dimensions ensure an adequate
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turbulence field for a 10 min wind field simulation over a large rotor, and a space-time resolution such that the probe volume
effects can be captured by the virtual lidar.
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Figure 2. An illustration of the virtual lidar simulator setup run for 175 s. The wind turbine is sketched by the black solid lines, the nacellemounted lidar is represented by a blue squared marker measuring upfront the turbine. The trajectory of the scanning beam is shown by
discrete red dots.

3.3.1
170

Lidar scanning strategies

Several nacelle-mounted lidars have been developed both for commercial and research purposes. These include continuouswake (CW) and pulsed lidar (PL) technologies. The CW and PL lidars differ in the emission waveform, and in the temporal
and spatial resolution, among others (Peña et al., 2015). The Windar Photonics 2- and 4-beam CW lidars have been applied
for wake detection purposes (Held and Mann, 2019a) and rotor-effective wind speed estimation (Held and Mann, 2019b). The
ZephIR Dual Mode (DM) circular-scanning CW lidar, with a single beam and sampling frequency of approximately 50 Hz, has

175

been used for several purposes including power curve assessment (Medley et al., 2014), wind field reconstruction (Borraccino
et al., 2017), turbulence characterization (Peña et al., 2017), and load validation in both free and wake conditions (Dimitrov
et al., 2019; Conti et al., 2020). Based on the ZephIR, a research lidar, the SpinnerLidar (SL), was developed (Peña et al.,
2019). The SL uses two rotating prisms that scan the inflow at 400 points in 1–2 s. Due to the scanning pattern, the SL can be
used for detailed wake characterization (Herges and Keyantuo, 2019; Doubrawa et al., 2019). A five-beam PL lidar developed

180

by Avent Lidar Technology was used in several experiments (Bos et al., 2016; Borraccino et al., 2017). This lidar does not
longer exist, but a 4-beam version by Leosphere is on the market. The lidar developed by the Stuttgart Wind Energy (SWE)
group builds on the commercial Windcube WLS-7 from Leosphere and is adapted with a scanner device with two degrees of
freedom for nacelle installation in order to scan the wind field in any direction. Currently, the SWE lidar scans at five ranges
with a maximum of 49 points per range in approximately 8.4 s (Rettenmeier et al., 2014).
7
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The recent work of Pettas et al. (2020), who combined a lidar simulator and a field reconstruction approach, showed that
a 7-beam lidar can potentially increase the accuracy of reconstructed wind fields. For wake characterization, Doubrawa et al.
(2016) indicated that the coverage of the scanning geometry is the key to adequately track the wake center location in time,
and the scanning density to accurately estimate the velocity deficit distribution within the wake.
To evaluate the ability of currently available lidars to perform wake characterization, we select a few standard scanning

190

configurations and use them to perform load validation within wakes. These are a 4-beam lidar (4P), an extended configuration
with 7 beams, six arranged at the corner of a hexagon and a central beam (7P) (Pettas et al., 2020), the conical scanning lidar
(Cone), the SL, and a general grid pattern (Grid) covering the full turbulence box (see Fig. 3).
The 4P and 7P patterns mimic measurements from a PL lidar obtained with a single scanning beam pointing at a fixed
location, whereas the Cone, the SL and the Grid configurations mimic those from a CW lidar. Thus, a time lag between each

195

sampling beam is simulated, and all the patterns are assumed to measure at the same single range. Although we do not optimize
the scanning patterns, we use scan radii of about 70–80% of the rotor radius to estimate wind field characteristics based on
previous recommendations (Dimitrov and Natarajan, 2017; Simley et al., 2018). Thus, we define the 4P, 7P, and Cone patterns
accordingly. The SL trajectory is scaled to cover the full rotor area and the Grid pattern has a spatial resolution of 29 m.
A preview distance of 0.7 D is assumed. Note that increasing the preview distance reduces the errors caused by the cross-

200

contamination effects of the v− and w−components, but raises errors due to the wind evolution (Simley et al., 2012) . More
technical details on the scans are provided in Table 1. We assume a 2-s scan-period for all the simulated configurations, which
refers to the time required for a beam to complete the full pattern. Given the finite resolution of the synthetic turbulence boxes
(6.5 m in both lateral and vertical directions), the Cone and SL scanned locations are binned within the box grid, as reported
in Table 1. A probe volume with an extension of 30 m in the LOS direction is assumed for all the analyzed patterns. We also
define an additional case (Grid*) that neglects probe volume averaging effects.
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Figure 3. Selected lidar scanning patterns for the load analysis. The red markers indicate the scanned locations and the black dots in the
background define the spatial resolution of the turbulence box. The rotor diameter is shown in a black solid line.
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Table 1. Technical properties of the simulated lidar scanning configurations. Note that the Cone and SL measurements are binned according
to the spatial resolution of the synthetic turbulence fields, thus leading to a reduction of the simulated scanning positions.
Scanning
configuration

3.4

Measurements /
scan (binned) [-]

Sampling
frequency [Hz]

Scan
period [s]

Measurements /
10-min [-]

Probe volume
size [m]

4P

4

2

2

1200

30

7P

7

3.5

2

2100

30

Cone

100 (30)

50

2

9000

30

SpinneLidar (SL)

400 (93)

200

2

27900

30

Grid

49

25

2

14700

30

Grid*

49

25

2

14700

0

Wake field reconstruction techniques

A three-dimensional synthetic wake flow field, compliant with the DWM formulation, can be defined by a linear superposition
of the ambient wind field and two turbulence terms as:
Uwake (x, y, z) = Ūamb (z) + u0i,Kdef (x, y, z) + u0j,Kturb (x, y, z),
210

(5)

where Ūamb (z) is the ambient wind speed including the atmospheric wind profile, u0iKdef (x, y, z) is a residual turbulence field
with imposed wake deficits, and u0j,Kturb is a second turbulence field modelling wake-added turbulence effects. The subscripts
i, j indicate two random field realizations. The u0i,Kdef field can be computed as:
u0i,Kdef (x, y, z) = Ūamb (z)Kdef (x, y, z) + u0i (x, y, z) − Ūamb (z),

(6)

where Kdef is the radial symmetric wake deficit time-series including a pre-computed stochastic meandering process cal215

culated with the DWM model, and u0i is a random turbulence realization from the Mann model with spectral properties as
for the ambient wind field. The spectral properties of the turbulence are defined by αk 2/3 , L, Γ, which can be fitted based on
freestream observations. The wind field formulation of Eqs. (5) and (6) is consistent with the domain of wind fields typically
input to aeroelastic simulations. Finally, u0j,Kturb is obtained by simply scaling an isotropic turbulence field with low turbulence
length scales, by the semi-empirical formulation in Eq. (19) in Madsen et al. (2010). By defining the target wake flow fields

220

with the DWM formulation, the underlying assumptions on which we define the wind field reconstruction techniques are:
1. The ambient wind conditions are known, including Ūamb (z), the atmospheric turbulence intensity (T Iamb ), and the
atmospheric stability conditions (here implicitly prescribed through the Mann parameters: αk 2/3 , L, Γ).
2. The lidar-based wake fields can be reconstructed by incorporating lidar observations into a zero-mean, homogeneous
and random Gaussian turbulence field generated by the Mann spectral tensor model.

225

3. The induction effects on lidar measurements are neglected and the Taylor’s frozen turbulence hypothesis is assumed.
9
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4. The u-velocity fluctuations are recovered from the target wake fields.
The corresponding random turbulence seeds from set A and set B have similar spectral properties, however, these fields only
describe the turbulence structures in the freestream conditions. The lidar measurements of the wake field, combined with the
reconstruction approach, should recover the whole information regarding the wake characteristics, including velocity deficits,
230

wake-added turbulence and meandering in lateral and vertical directions. Further, the first assumption is not longer needed if
a second instrument is deployed at the site measuring the freestream conditions (Borraccino et al., 2017; Peña et al., 2017).
The second and third assumptions are inherent in the modelling approach and limitations of the DWM model, as well as
other analytical wake models; however, the wake characteristics are extracted directly from the lidar observations rather than
a physical-based deficit formulation. Eventually, wind turbine responses are mainly affected by the mean wind speed in the

235

longitudinal direction (u-velocity) and its variance (Dimitrov et al., 2018), while the effects of the v- and w-turbulence are
generally marginal (Dimitrov and Natarajan, 2017).
3.4.1 Constrained Gaussian field simulations (CS)
The algorithm for applying constraints on a zero-mean, homogeneous and isotropic Gaussian random field was developed
in Dimitrov and Natarajan (2017). It uses a set of constraints that are here-derived from a virtual lidar simulator and an

240

unconstrained random turbulence realization generated with the Mann spectral tensor model. Following the notation in Dimitrov and Natarajan (2017), we denote g̃(rr ), where r = (x, y, z) is the spatial separation vector, an unconstrained random
turbulence realization. The spectral property of g̃(rr ) at each discrete lateral and vertical separation of the turbulence box can
be computed from the Mann model in Eq. (2), given a set of parameters (αk 2/3 , L, Γ). We denote a set of constraints as

245

H = {hi (rr ) = ci , i, ..., M }, where each constraint is a measured time series for a particular spatial location r and M is the total

number of constraints. The objective of the algorithm is to define a turbulence field g(rr ), subjected to the constraints in H that

maintains the covariance and coherence properties of the unconstrained field g̃(rr ). As demonstrated in Dimitrov and Natarajan
(2017), the unknown points of the field can be defined by maximizing their conditional probability distribution on the constraint
set H . Thus, we define the residual field ξ(rr ) = g(rr )− g̃(rr ), which is the difference between the constrained and unconstrained
250

fields. This is also a random Gaussian field, where its values at the constraint locations are known ξ(rri ) = ci − g̃(rr ). The values

of the residual field at unknown locations can be derived as:
¯ = hξ(r)|Hi = ζ(r)Z −1 (H − g̃(rr )),
ξ(r)

(7)

where h.i denotes ensemble averaging, ζ (r) is a vector of cross-correlations between the constraints and the field, and Z

is the symmetric correlation matrix of the constraints set. Both ζ (r) and Z can be computed from Eq. (3). Eventually, any
constrained realization can be written as a sum of the unconstrained field and the mean of the residual field as:
255

H − g̃r (r)).
g(r) = g̃(r) + ζ(r)Z −1 (H

(8)
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By denoting u0CS,B,i = g(rr ), as the constrained turbulence field that incorporates lidar measurements into a random turbulence
realization i from set B, we can derive the reconstructed wake flow field to be input in aeroelastic simulations as:
UCS (x, y, z) = Ūamb (z) + u0CS,B,i (x, y, z).

(9)

Note that the accuracy of the resulting wind field will depend on the fidelity and accuracy of the measurements used to
260

characterize the wake deficit.
3.4.2 Wake deficit superposition simulations (WDS)
The wake deficit superposition approach (W DS) assumes that velocity deficits can be described by a bivariate Gaussian shape
function, which is fitted based on lidar measurements of the target wake flow field. Several studies have demonstrated the
viability and robustness of the Gaussian curve fitting to track wake deficit displacements in the far-wake region (Trujillo et al.,

265

2011; Reinwardt et al., 2020). In our study, the wake shape function not only tracks the wake meandering, but it is used to
quantify the depth and width of the wake at each quasi-instantaneous scan performed by the lidar. Thus, following the notation
of Trujillo et al. (2011), we define the lidar-estimated ‘instantaneous’ wake deficit Kdef,lidar as:



A
1 (yi − µy )2 (zi − µz )2
Uamb (z) − Ulidar (x, y, z)
=
+
exp −
,
Kdef,lidar (x, y, z) =
2
2
Uamb (z)
2πσwy σwz
2
σwy
σwz

(10)

where (µy , µz ) define the wake center location, (σwy , σwz ) are width parameters of the wake profile in the y and z directions,
270

respectively, (yi , zi ) denote the spatial location of the LOS and A is a scaling parameter dictating the depth of the wake. As
discussed above, we assume that Uamb is known, while the lidar measurements in the wake (Ulidar ) are sampled by the lidar
simulator. The optimal wake parameters are obtained from a least-squares fitting procedure, which is performed for each
completed scanning period (∼ 2 s as described in Table 1). Finally, the lidar-fitted wake deficits are superimposed on a random

275

turbulence field realization from set B. A preliminary analysis shows that wide turbulence boxes (208 m × 208 m) can present

large turbulence structures within, i.e., broad regions across the box characterized by low wind speeds, whose sizes can alter the
depth and width properties of the lidar-fitted wake deficits in Eq. (10). It follows that the wake properties of the reconstructed
field can considerably deviate from the actual imposed wake characteristics. To compensate for these deviations, we fit a second
Gaussian shape function (Kdef,WDS ) as that from Eq. (10), which accounts for the turbulence structures within the random
turbulence box from set B, by reformulating the deficits as:

280

Kdef,lidar (x, y, z) =

Uamb (z) − UW DS (x, y, z) Uamb − (Uamb (z)Kdef,WDS (x, y, z) + u0B,i (x, y, z))
=
,
Uamb (z)
Uamb (z)

(11)

where UW DS is the W DS-reconstructed wake field, which can be defined as a linear summation of the ambient wind field
Uamb scaled by the fitted wake function Kdef,W DS , and the random turbulence realization u0B,i . This formulation is consistent
with that of the DWM model in Eq. (6). As the sampling frequency of the lidar is lower than the sampling frequency of the
synthetic wind field, we interpolate the fitted wake characteristics at each scan to the whole turbulence field by applying a
285

nearest-neighbor interpolation scheme. Finally, the reconstructed wake field input to aeroelastic simulations is defined by:
UWDS (x, y, z) = Ūamb (z)Kdef,WDS (x, y, z) + u0B,i (x, y, z).

(12)
11
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4 Results
The results are presented in three main parts. Firstly, we assess the accuracy of lidar-reconstructed wake fields against target
fields in Sect. 4.1. Secondly, we carry out the load validation analysis in Sect. 4.2, and separately present the load predictions
290

uncertainty relative to the CS-approach in Sect. 4.2.2 and that of the W DS-approach in Sect. 4.2.3. A more detailed analysis
of the predicted load time-series and load spectral properties is conducted in Sects. 4.2.4 and 4.2.5. Finally, we evaluate the
sensitivities of atmospheric turbulence conditions as well as selected lidar technical specifications on the load predictions
accuracy in Sect. 4.3.
4.1

295

Uncertainty of reconstructed wake fields

In this section, we evaluate the accuracy of the lidar-reconstructed fields against target fields. At first, we assess the accuracy
p
Pn
of the u-velocity component time-series, by computing the root mean square error, RMSE = 1/n i (ỹi − ŷi )2 , between
the reconstructed (ỹ) and target velocity (ŷ), where n = 8192 is the grid size of the box in the time direction, normalized
over the mean target velocity at each grid point of the turbulence box. Then, we derive a measure of the ‘explained’ variance
by the lidar measurements. The explained variance ratio (ρ2E ) is defined in Dimitrov and Natarajan (2017) as the proportion

300

of the variance in the actually measured field that is transferred to the unconstrained field by imposing the constraints. This
is computed as the square of the cross-correlation coefficient ρ2E = (cov(ỹ, ŷ)/σỹ σŷ )2 , between reconstructed (ỹ) and target
(ŷ) wind speed fluctuations at each grid point. As the target and reconstructed fields are based on two random uncorrelated
turbulence seeds, ρ2E ∼ 0 is expected across the box, if no lidar information was included. Contrarily, ρ2E = 1 indicates that the

reconstructed time-series is fully-correlated with the target, thus the variance of the reconstructed field matches that of the

305

target field.
Figure 4 shows the spatial distribution of the normalized RMSE and ρ2E derived from the CS- and W DS-reconstructed
fields, with the 7P, Cone and Grid configurations (see Table 1 for specifications). For this particular analysis, the simulations
are run at the downstream distance of 5 D, where D = 179 m is the diameter of the DTU 10 MW turbine, and ambient conditions
characterized by Uamb = 6 m/s, TIamb = 8 %. The atmospheric vertical wind profile is defined by a power law model with shear

310

exponent of 0.2. It can be seen that the locations of the imposed constraints are characterized by the lowest RMSE and highest
ρ2E . This effect is more pronounced for the CS results, as the algorithm imposes the actual observations directly in the synthetic
field. The RMSE would tend to zero, if the length of probe volume is neglected, the lidar’s sampling frequency corresponds
to the sampling frequency of the wind field, and cross-contamination effects are compensated. It can also be observed that the
RMSE increases (and ρ2E decreases) for spatial regions that are farther from the lidar’s beams. This occurs due to the covariance

315

structure of the unconstrained field, for which the unknown points are nearly uncorrelated with the imposed constraints. The
errors introduced by the W DS-fields are partly a consequence of an erroneous estimation of the wake deficit parameters (i.e.
due to the limited spatial scanning configuration), and due to the small-scale turbulence structures contained in the turbulence
box. Finally, the results of Fig. 4 confirms that the spatial resolution of the scanning patterns has a significant impact on the

12
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accuracy of the reconstructed fields. Therefore, patterns that cover a larger region of the rotor can lead to more accurate field
320

representations (Dimitrov and Natarajan, 2017; Pettas et al., 2020).
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Figure 4. Error visualization of the CS- and W DS-reconstructed fields for selected scanning configurations. The top row refers to the
RMSE normalized over the target velocity at each grid point. The bottom row refers the explained variance ratio. The red markers identify
the centers of the lidar beam sampling volumes. The wind turbine rotor is shown in blue.

In Fig. 5, we show a comparison of the lidar-reconstructed u-velocity time-series extracted at hub height, using the Grid
pattern, with the target observations derived at the same location. The target wake field is simulated with Uamb = 6 m/s
and TIamb = 8 %. The time-series of the virtual lidar measurements is also shown. It is seen that both field reconstruction
approaches can predict the reduced wind speed observed in the wake region as well as recover in details the wind speed
325

fluctuations of the target field. However, uncertainty is introduced due to the limited lidar sampling frequency, the length of
the probe volume (here assumed of 30 m) and by the adopted field reconstructing approaches. The results of Fig. 5 demonstrate
that incorporating lidar data directly in the reconstructed field (i.e. CS-approach) leads to reproducing more accurate fields
compared to the W DS-approach.
In addition, we compute the power spectral density (PSD) of the above analyzed u-velocity fluctuations for a 10-min simu-

330

lation, and compare the results in Fig. 6. We observe that the PSD of the reconstructed fields is comparable to that of the target
for frequencies up to ≈ 1 Hz, while the energy spectral content at higher frequencies is considerably attenuated. According
to the definition in Larsen et al. (2008), the dominant frequency of the wake meandering is defined as fcut,of f = U/(2D),
which results in 0.016 Hz (∼ 62 s period). As the lidar completes a full-scan in about 2 s, the large-scale wake meandering
dynamics are well-captured. Further, as the wake meandering is the main source of wake added turbulence (i.e. u-component

335

variance), the energy spectral content in the low frequency range is recovered. The enhanced turbulent energy content in the
high-frequency range (> 1 Hz), observed in the target field, originates from the small-scale wake added turbulence (Madsen
et al., 2010; Chamorro et al., 2012). These effects are not fully recovered in the reconstructed fields, mainly due to the lidar
13
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Figure 5. Comparison between the target u-velocity time-series at hub height (grey solid line) and the reconstructed field based on the
CS-approach (left) and W DS (right) extracted at hub height. The lidar data are shown in red. The target simulations are run with Uamb =
6 m/s and TIamb = 8 %.

probe volume and limited sampling frequency. Nevertheless, the contribution of these sources of uncertainty on the power and
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load prediction accuracy is the subject of this study.
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Figure 6. Comparisons of the power spectra density (PSD) of the target u-velocity component measured at hub-height with predictions
obtained by the CS-field (left), and the W DS-field (right). The dominant frequency of the wake meandering fcut,of f ≈ 0.016 Hz, the

rotational frequency of the rotor and its harmonics (1P ≈ 0.1 Hz and 3P ≈ 0.3 Hz), and the Nyquist frequency of the lidar (≈ 0.25 Hz) are
shown (see text for more details).
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340

4.2

Load validation

The DTU 10 MW reference wind turbine is used for the load validation analysis (Bak et al., 2013). The load simulations are
carried out using the aeroelastic code HAWC2 (Larsen et al., 2007) and inflow wind conditions measured from an offshore
site, as described in the next section (Sect. 4.2.1). Note that we run the analysis based on offshore wind conditions, which are
characterized by low turbulence, thus wake effects are more prominent. This work evaluates the load prediction accuracy at the
345

main wind turbine structures, such as blades, shaft and tower. Therefore, we neglect the modelling of the offshore substructures
and foundations, and we use the onshore model of the DTU 10 MW. Following the load validation procedure described in Sect.
2, we quantify the uncertainty of resulting load predictions from the baseline, CS and WDS simulations against results obtained
with the target fields. The CS and W DS simulations are evaluated for the analyzed lidar configurations of Fig. 3, i.e., the
4P, 7P, Cone, SL, Grid and Grid* patterns with parameters provided in Table 1. Thus, the following uncertainty indicators are

350

calculated:
– Bias: ∆R = E(ỹ)/E(ŷ)
– Uncertainty: XR =

p
h(ỹ/ŷ − E(ỹ)/E(ŷ))2 i

where the symbol E(.) denotes the mean value and h.i the ensemble average, ŷ is the quantity of interest (i.e. power or load

statistics) derived from the target simulations, and ỹ corresponds to that produced by the reconstructed fields. We evaluate ∆R
355

and XR on the resulting 10-min power and load statistics and provide results in Sect. 4.2.2 for the CS-fields, and in Sect. 4.2.3
for the W DS-fields. The analyzed wind turbine responses include mean power production levels (Powermean ), and fatigue
loads. We make use of the rainflow counting algorithm to compute the 1-Hz damage equivalent fatigue loads with a Wöhler
exponent of m = 12 for blades and m = 4 for steel structures as tower and shaft. Thus, we compute fatigue loads at the blade
root flapwise and edgewise moments MxBRDEL , MyBRDEL , tower-bottom fore-aft and side-side MxTBDEL , MyTBDEL , the

360

torsional loads at the tower top (also referred to as yaw moment) MzTTDEL and torsional loads at the drivetrain MzShDEL .
Furthermore, we quantify the accuracy of the reconstructed wake fields based on estimates of the rotor-effective wind speed
(Uef f ), defined as the weighted sum of the u-velocity measured across the rotor area, the explained variance ratio ρ2E and the
u-velocity variance σu2 computed from the reconstructed turbulence boxes. Finally, a load time-series and spectral analysis is
conducted in Sects. 4.2.4 and 4.2.5.

365

4.2.1

Site conditions

Load simulations are carried out using site-specific observations collected from the FINO1 meteorological mast installed at the
German offshore wind farm Alpha Ventus. The wind farm is situated in the North Sea and about 45 km north of the island of
Borkum (Kretschmer et al., 2019). Data were collected over a period of three years from 2011 to 2014 and details can be found
in Kretschmer et al. (2019). In the present work, we only make use of wind speeds and turbulence intensities measured from a
370

90 m sonic anemometer installed at the mast. Thus, we extract mean turbulence intensity values binned for wind speeds ranging
between 6 m/s and 22 m/s, under near-neutral conditions, and use these statistics as inputs for the load validation analysis. We
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use 18 turbulence seeds (the IEC recommends at least 6 seeds) for each wind speed in the range of 6–22 m/s, with a wind speed
step of 2 m/s, and corresponding turbulence intensities of 8, 7, 7, 6, 6, 6, 6, 5, 5 %, leading to 162 simulations for each analyzed
scanning configuration. Simulations with ambient wind speeds below 6 m/s are disregarded, as the wind speed approaching the
375

rotor drops below the turbine’s cut-in threshold, due to wake deficit effects, and the turbine shuts down. Note that the recorded
turbulence estimates at Alpha Ventus are considerably lower (approximately a factor of 3) than values recommended by the low
turbulence IEC-class C. Thus, we perform the load validation on more realistic turbulence estimates characterizing offshore
sites, since IEC-class C conditions would significantly attenuate the wake-induced effects, as higher ambient turbulence leads
to a faster recovery of the wake deficit. We use standard IEC-recommended turbulence model parameters (L = 29.4 m and

380

Γ = 3.9). The parameter αk 2/3 is fitted to obtain the target turbulence levels in each simulation. The atmospheric wind
profile is described by a power-law with fixed shear exponent of α = 0.2, as recommended in the IEC standard. The spacing
between the analyzed and upstream turbines is fixed at 5 D. Although we run the load validation procedure on selected nominal
parameters, we investigate the sensitivity of the main load-driver parameters in a separate section (see Sect. 4.3).
The target wake field characteristics resulting from the 162 simulations are shown in Fig. 7. It is seen that the wake

385

considerably reduces the inflow wind speed approaching the rotor (i.e. Uef f ) by approximately 35%, compared to the ambient
wind speed. This effect decreases for higher winds (> 14 m/s) due to the low thrust coefficients of the turbine. Further, the
turbulence in the wake is nearly doubled at low wind speeds compared to ambient conditions. Finally, the wake meandering
statistics computed as the standard deviation of the wake center displacements in the transversal directions normalized on the
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Figure 7. Scatter plots of the 10-min wake field characteristics resulting from the 162 simulations used as target in the load analysis. The
parameter T Iwake,hh refers to the turbulence intensity measured at hub-height in the wake; σµy /D is a measure of the amplitude of wake
meandering in the lateral direction and σµz /D refers to the vertical displacement of the wake.
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4.2.2

Load uncertainty of constrained Gaussian wake field simulations (CS)

The uncertainties ∆R and XR of the load predictions obtained with the CS-fields as function of the ambient wind speed are
shown in Fig. 8. It is found that the biases largely vary depending on the simulated scanning pattern and analyzed load sensor.
First, we can observe that patterns with fewer ‘points’ (i.e., 4P, 7P and Cone) overestimate Uef f by 2–10% (see Fig. 8a). This is
16
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because 1) these patterns have insufficient spatial resolution to fully characterize the wake flow; 2) the autocorrelation structure
395

of the unconstrained turbulence box is such that the spatial regions that are not scanned by the lidar are nearly uncorrelated
with the locations of the imposed constraints. Thus, the reconstructed wind speed, in the regions that are not scanned by the
lidar, approaches the ambient wind speed values. Therefore, lower deficits are simulated or equivalently higher rotor-effective
wind speeds are predicted. As a consequence, the power predictions are overestimated (∆R >10%), as seen for ambient wind
speeds below 14 m/s in Fig. 8b. Patterns with high spatial resolution, as the SL, Grid and Grid*, provide rotor-effective wind

400

speed and power production estimates in good agreement with the baseline.
The statistics of ρ2E in Fig. 8c indicate that increasing the spatial resolution of the pattern (see SL, Grid and Grid*) leads to
a more accurate reconstruction of the wake turbulence. The biases of both ρ2E and Uef f decreases for high wind speeds, due to
the attenuated wake-induced effects (see Fig. 7). The improved performance of the SL, Grid (and Grid*) is also confirmed by
the estimates of σu2 in Fig. 8d, which show that the SL and Grid configurations can match the target variance with an accuracy

405

up to 98%, compared to 40–60% estimates inherent of the 4P, 7P and the Cone configurations. Nevertheless, the observed
biases of Uef f , ρ2E and σu2 reveal that the 4P, 7P and Cone patterns lead to inaccurate wake field representations and do not
satisfy the criteria of the load validation (see Criteria I in Sect. 2).
The results from simulations with the SL, Grid and Grid* patterns provide fatigue load statistics of MxBRDEL , MxTBDEL ,
MzTTDEL and MzShDEL in good agreement with the results of the baseline (see Fig. 8e–h). However, the calculated biases

410

indicate a consistent underprediction at all wind speeds. This gap is largely compensated when probe volume effects are
neglected, as seen for the Grid* (green lines). Overall, the observed deviations in the load predictions are due to the uncertainty
of lidar measurements (i.e. size of the probe volume, cross-contamination effects, limited sampling frequency), and the limited
scanning coverage of the patterns.

415

Figure 9 shows the statistics of ∆R and XR including all wind speeds. As expected, the baseline leads to ∆R ∼ 1 for all

the analyzed load sensors, which indicates that the adopted 18 turbulence seeds are sufficient for the load statistics to converge.
The large biases from simulations with the 4P, 7P and Cone patterns (∆R ∼0.87–1.37) follow from the inaccurate wind field

reconstruction discussed above. The load predictions with the SL and the Grid configurations provide biases closer to the
baseline, although turbulence-driven load sensors are underpredicted by 2–7%. These deviations decrease as probe volume
420

effects are neglected (i.e. ∆R ∼ 1% for Grid* in Fig. 9-left), which shows the dependency of the load prediction accuracy on
the probe volume size.

The statistics of XR are shown in Fig. 9-right. The baseline’s XR is a direct measure of the statistical uncertainty intrinsic
of the DWM model, which is due to the stochastic properties of the synthetic turbulence field and wake meandering. Thus,
the turbine responses that are largely affected by wake-induced effects are identified by high XR values (see baseline in Fig.
425

9-right). The power predictions as well as the majority of fatigue loads show a relatively high statistical uncertainty (XR ∼
0.05–0.09), resulting in a large load scatter. The XR values of MyTB and MzSh are significantly higher than other load sensors.

The cause of the former is structural resonance occurring at low wind speeds that excites the tower natural frequency. This effect
originates from a design aspect of the DTU 10 MW turbine and it is independent of the wake-field reconstructing approach.
The cause of the latter is the intense controller activity to regulate the generator torque under high-variable inflow conditions.
17
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Figure 8. Comparison of bias ∆R (solid line) and uncertainty XR (error band) of selected load sensors as function of the ambient wind
speed. The uncertainty indicators are computed against the target observations, for each ambient wind speed (marker) that consists in 18
aeroelastic simulations with random turbulence seeds. The lidar-based results are derived from simulations with CS-fields.

The CS-based load predictions are characterized by significantly lower XR values compared to the statistics obtained with the
430

baseline. Indeed, XR is reduced by a factor between 1.4–5 for the main wind driven turbine responses such as Powermean ,
and fatigue loads (i.e. MxBRDEL , MxTBDEL , MzTTDEL and MzShDEL ). The CS-fields, reconstructed using a sufficiently
resolute scanning pattern and with limited lidar probe volume can therefore satisfy both the load validation criteria stated in
Sect. 2.
4.2.3

435

Load uncertainty of wake deficit superposition simulations (WDS)

We present the results relative to the W DS simulations in the same fashion as done for the CS in Sect. 4.2.2. Thus, we plot
the load predictions uncertainty as function of the ambient wind speeds in Fig. 10. It can be noticed that the 4P, 7P and Cone
patterns lead to improved biases of Uef f , and consequently Powermean (see Fig. 10a,b), compared to the results obtained with
the CS fields (see Fig. 9). Indeed, the Powermean predictions computed with the W DS-approach and the 7P pattern are comparable with the baseline, while the corresponding results with the CS-fields produced an overprediction of 10%. In addition,

440

improved estimates of both ρ2E and σu2 are seen in Fig. 10c,d, which indicates a more accurate reconstruction of the wake
turbulence by the W DS- than the CS-approach. These findings suggest that, for patterns with low spatial resolution, more
information of the wake characteristics can be recovered by fitting a generic wake shape function rather than incorporating lidar
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Figure 9. Uncertainty indicators of the load validation analysis based on the constrained field simulations (CS). Results are tabulated
according to the load components and lidar scanning patterns. The color-map reflects the amplitude of the error, thus a dark blue identifies
an overprediction while the ligth-green indicates an undeprediction. A perfect statistical prediction leads to ∆R = 1 and XR = 0.

measurements directly into the turbulence boxes. Overall, simulations with the 7P, SL, Grid and Grid* patterns can produce
power predictions comparable with the baseline (see Fig. 10b), whereas the 4P and Cone lead to inaccurate predictions. Figure
445

10e – h shows that the fatigue loads obtained with the 7P, SL, Grid and Grid* configurations are generally lower than that from
the baseline.
We quantify the statistics of ∆R and XR including all the wind speeds with W DS-simulated fields, and present the results
in Fig. 11. As discussed above, the 4P and Cone patterns overpredict the rotor-effective wind speed and underpredict the wake
turbulence; these effects counteract each other leading to fictitious biases of fatigue loads. Similar conclusions can be made

450

for the 7P configuration, although it provides reliable power estimates. As seen for the CS-results, the SL, Grid and Grid*
configurations provide biases in good agreement with the baseline, although fatigue loads are underpredicted by ∆R ∼ 2–3%.

By neglecting the volume-averaging effects (see Grid*), only a marginal improvement of the biases is achieved. Simulations
with the W DS-fields can reduce the statistical uncertainty of Powermean by a factor of 5, and the main load components (i.e.
MxBRDEL , MxTBDEL , MzTTDEL and MzShDEL ) by a factor of 1.2–2 compared to the baseline (see XR in Fig. 11-right).
455

4.2.4

Time-series analysis of load predictions

In this section, we investigate the accuracy of lidar-reconstructed load time-series against target observations. An illustrative
example is provided in Fig. 12, where the lidar-based power and loads time-series predictions are compared with the target
simulations. It is observed that both CS- and W DS-approaches can recover to a large extent wake-induced effects, and the
instantaneous events on the wind turbine responses, leading to load time-series that are highly correlated with the target
460

observations. This finding explains the reductions of XR observed in Figs. 9 and 11.
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Figure 10. Similar to Fig. 8 but for W DS fields.
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Figure 11. Similar to Fig. 9 but for W DS fields.

In order to quantify the accuracy of the predicted load time-series, we evaluate the cross-correlations measure ρ(ỹ, ŷ) =
cov(ỹ, ŷ)/σỹ σŷ , between the lidar-based results (ỹ) and the target simulations (ŷ) (ρ = 1 means perfect correlation). We
focus the analysis on the SL, Grid and Grid* configurations, which provide the most promising results, as demonstrated in the
previous sections. We compute ρ for all the 162 simulations and for each load component, and provide average estimates in
465

Fig. 13. It is found that both the CS- and W DS-predicted Powermean time-series reach a nearly perfect correlation with the
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Figure 12. Comparison of predicted load time-series based on aeroelastic simulations carried out with the target, baseline, CS- and
W DS-reconstructed fields. The lidar-based fields are reconstructed using the Grid pattern.

actual target observations (ρ = 0.96–0.99). Note that Powermean is a low frequency signal (see Fig. 12a), which is marginally
affected by the local turbulence fluctuations. A high correlation value is also obtained for MxBR (ρ = 0.89–0.98), and for
the tower top and shaft load components (ρ = 0.60–0.90). The correlation relative to MxTB drops to ≈ 0.33 with the W DS-

simulations, while higher values are achieved by the CS results. It should be noted that the structural resonance occurring at
470

low wind speeds, which excites the tower can potentially affect the correlation results. It can be seen from Fig. 12 that the
MxTB time-series presents a nearly periodic signal, where the wind turbulence imprint is marginal. Overall, the accuracy of
lidar-reconstructed load time-series show a significantly higher degree of correlation with the target observations, compared
to that achieved by the baseline. Furthermore, the CS-approach can predict more accurately the observed load fluctuations
compared to the W DS-approach.

475

4.2.5 Spectral coherence analysis of load predictions
We conduct a spectral analysis on the time-series of MxBR, MxTB, and MzTT, which are highly correlated with the wake
meandering (Muller et al., 2015; Moens et al., 2019; Ning and Wan, 2019) and are largely affected by the wake turbulence. The
PSD analysis is provided in Appendix A, and shows that neither of the field reconstruction methods shifts the energy content
among frequency nor introduce instabilities (i.e. artificial artifacts).
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Figure 13. Average cross-correlation coefficient (ρ) computed between the reconstructed and target load times-series from all the 162
simulations. Results from the CS-fields are shown in the left panel, and that from the W DS-fields in the right.

The spectral coherence analysis provides more insight on the accuracy of reconstructed blade and tower loads. Here, we

480

compute the coherence as γ = |S(ỹ, ŷ)(f )|/(S(ỹ)(f )S(ŷ)(f )), where S(ỹ) and S(ŷ) are the auto-spectra of the CS (or W DS)

and target load estimates, and S(ỹ, ŷ) is their cross-spectrum. We compare the coherence resulting from the load time-series

produced by either CS and W DS simulations and the target observations, at Uamb = 6 m/s and T Iamb = 8% in Fig. 14. It is
observed that both field reconstruction techniques lead to high coherence in proximity of the principal load frequencies, such
485

as the rotational (1P for blade, and 3P for the tower, see Fig. A1 for more details), the natural frequency of the tower (≈ 0.25
Hz, which is close to the 3P at 6 m/s), and the dominant wake meandering frequency (≈ 0.016 Hz). In general, the coherence
from the CS simulations is non-zero at frequency up to 0.7 Hz (6P), and is higher compared to that from W DS simulations.
This confirms that higher frequency fluctuations can be reconstructed more accurately using the CS approach.
By increasing the spatial and temporal resolutions of the scanning pattern, and neglecting volume-averaging effects, the

490

CS-approach could potentially reconstruct the whole spectrum of the loads. This presents a limitation of the W DS-approach,
which only reconstructs turbulence structures corresponding to the size of the wake deficit. Finally, given the limitation of
the reconstruction techniques to recover small-scale turbulence structures, as discussed in Fig. 6, the accuracy of tower loads,
which are driven by high-frequency fluctuations (see Fig. A1), drops compared to that of the blades. This can partly explain
the larger deviations of ∆R , XR and ρ, inherent of MxTBDEL and relative to MxBRDEL , observed in Figs. 9, 11 and 13, as

495

well as the evidence that ∆R of the MxTBDEL is the most improved when the probe volume size is neglected, as seen in Fig.
9.
4.3

Sensitivity analysis

The load validation of Sect. 4.2 is carried out using statistics collected under near-neutral conditions at Alpha Ventus, i.e., low
atmospheric turbulence. Nevertheless, atmospheric turbulence conditions has a strong impact on the wake development (Kumer
500

et al., 2017; Zhan et al., 2020), and wind turbine loads (Sathe et al., 2013; Kretschmer et al., 2018). Further, the lidar measuring
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Figure 14. Spectral coherence analysis between the lidar-based load predictions and the target simulations for (a) the blade root flapwise
bending moment MxBR, (b) tower bottom fore-aft bending moment MxTB, and (c) yaw moment MzTT. The target simulations are run
for Uamb = 6 m/s and T Iamb = 8%. The baseline’s results are also shown in dashed black line, together with the principal operational
frequencies of the wind turbine (1P ≈ 0.1 Hz, 3P and 6P) in dash-dot grey lines, the dominant frequency of the wake meandering fcut,of f

≈ 0.016 Hz, and the natural frequency of the tower ftower ≈ 0.25 Hz in dashed grey lines.

characteristics can impact the accuracy of reconstructed fields (Lundquist et al., 2015), thus that of load predictions. In the next
subsections, we investigate the sensitivity of atmospheric turbulence conditions as well as selected lidar specifications on the
accuracy of lidar-based load predictions using the Grid pattern as an example.
4.3.1
505

Effect of atmospheric turbulence conditions on load prediction accuracy

Figure 15a shows the sensitivity of the lidar-based load predictions bias for T Iamb within the range 4–20%. The high T Iamb
leads to faster recovery of the velocity deficit (Doubrawa et al., 2019), amplifies the wake meandering (Machefaux et al., 2016),
and affects the accuracy of lidar-reconstructed fields (Pettas et al., 2020) . This has a negligible effect on the accuracy of load
predictions obtained with the CS-fields, while larger deviations are observed for the W DS results. This is partly due to the
limited scanned area by the lidar combined with the large wake displacements. Indeed, the fitting procedure intrinsic of the

510

W DS approach can lead to an inaccurate estimation of the wake shape parameters, when the wake moves out of the scanned
area (Trujillo et al., 2011).
We investigate the influence of the atmospheric turbulence length scale on the load prediction accuracy in Fig. 15b, by
varying L between 5 and 70 m. Earlier studies have shown the strong dependency of load statistics on the turbulence length
scales (Sathe et al., 2013; Dimitrov et al., 2017; Conti et al., 2020). Further, L provides a measure of the resolution of the

515

scanning configuration useful for performing constraints (Dimitrov and Natarajan, 2017). The turbulence length scale affects
the predicted statistics of the explained variance ratio of the CS-fields, which decreases from ρ2E ∼ 0.8 for L = 29 m to ρ2E ∼
0.6 for L = 5 m (not shown). This indicates that when L is low, the turbulence structure sizes fall below the sampling fidelity
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of the CS approach (note that a spatial resolution of 29 m is assumed for the Grid as described in Sect. 3.3). The biases of
the CS-based load predictions show a dependency on the turbulence length scales, while the W DS-fields are not significantly
affected (see Fig. 15b).
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Figure 15. Influence of atmospheric turbulence conditions on the lidar-based load prediction accuracy, including: (a) the effect of ambient
turbulence (Tamb ) given Uamb = 6 m/s, (b) the effect of turbulence length scale, L, given Uamb = 6 m/s and T Iamb = 8%. The bias ∆R at
each nominal value is computed from 18 simulated seeds. The Grid pattern is used for the analysis.

4.3.2

Effect of lidar probe volume and scanning period on load prediction accuracy

One of the main limitations of CW lidars is that the probe volume size increases proportionally with the square of the focal
distance (Sathe and Mann, 2013). As the diameter of modern wind turbines has reached 200 m, as for the DTU 10 MW,
measuring at farther distances upfront of the rotor becomes an issue due to the larger probe volumes. Hence, we investigate the
525

sensitivity of the lidar probe volume on the load prediction accuracy in Fig. 16a, by varying the probe volume length between
0 to 210 m. It is seen that the magnitude of ∆R decreases almost linearly with increasing probe volume lengths. Further, the
probe volume effects are more pronounced for the CS-approach, which directly incorporates the low-pass filtered wind speed
fluctuations into the reconstructed field.
Another limitation inherent of the PL lidar technology is the reduced sampling frequency compared to CW lidars (Peña

530

et al., 2015). The sensitivity of the lidar sampling frequency on the load prediction accuracy is assessed by varying the scanning
period, which is defined as the time to complete a full scan (1–30 s). For this particular analysis, the target simulations are
run for Uamb = 6 m/s and T Iamb = 16%. Although the scanning period does not play an important contribution to the load
prediction accuracy, as shown in Fig. 16-b, this outcome is conditional to the dominant frequency of the wake meandering,
which in turn decreases with larger rotors (fcut,out = Uamb /(2D)), and the spatial resolution of the pattern. The CS-results

535

show that accurate power predictions are obtained up to a scanning period ≈20 s, which corresponds to one third of the wake
meandering dominant period.
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Figure 16. Influence of lidar scanning specifications on the lidar-based load prediction accuracy, including: (a) the effect of probe volume
size given Uamb = 6 m/s and T Iamb = 8%, (b) the effect of the scanning period given Uamb = 6 m/s and T Iamb = 16%. The bias ∆R at each
nominal value is computed from 18 simulated seeds. The Grid pattern is used for the analysis.

5

Discussion

This study addresses the need for reducing the statistical load prediction uncertainty of wind turbines operating in wake conditions by incorporating lidar measurements in the wake field reconstruction. One of the main elements used in the study is
540

to consider as target the wake flow fields generated by the DWM model. The DWM model is a simplified engineering wake
model subjected to modelling uncertainties. Although the wake deficit and turbulence fields can deviate from high-fidelity
simulations, or field data, the calibration of the DWM model coefficients can considerably improve the accuracy and provide
quasi-steady wake characteristics in good agreement with observations (Reinwardt et al., 2020) and simulations (Keck et al.,
2012, 2014, 2015). This modelling uncertainty is not expected to significantly alter the findings of this study, as we demonstrate

545

the robustness of the lidar-based approaches under a large variety of inflow wind and operational conditions. Further, wakeadded turbulence spectral properties are described, to the extent needed for the load analysis, by an isotropic Mann-generated
turbulence field with low length scale (Madsen et al., 2005). A more realistic modelling choice to accurately simulate the turbulence structures within the wake fields is found in large-eddy simulations (LES). In comparison to DWM simulated fields,
the LES fields can potentially influence the load predictions (Churchfield et al., 2015; Nebenführ and Davidson, 2017), and

550

the accuracy of reconstructed fields (Bauweraerts and Meyers, 2020). Note that the computational burden of high-fidelity
simulations, such as LES, would make the statistical load analysis unfeasible.
Another limitation stems from the lidar simulator used in the study, which replaces full-field lidar measurements. Real lidar
data taken upfront the rotor should be corrected for induction (Borraccino et al., 2017; Mann et al., 2018), blade blockage
effects, and wind evolution (Bossanyi, 2013; de Mare and Mann, 2016). These effects are not simulated due to the modeling

555

assumptions of the DWM model. In spite of the aforementioned limitations, this numerical framework allows us to assess
the influence of several uncertainty sources and to evaluate different lidar scanning strategies under a variety of inflow wind
conditions in an idealized yet fully controllable environment.
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The load analysis indicates that the field reconstruction techniques, lidar scanning strategies, and lidar’s probe volume
sizes have a significant influence on the accuracy of load assessment. Nevertheless, both the CS- and W DS-approaches can
560

reconstruct to a large extent the wake dynamics that have the strongest impact on the power and load predictions. These
include the spatial distribution of the velocity deficit and the added turbulence resulting from its motions in time. The lidarbased predicted load statistics are comparable to the results obtained with the IEC-recommended DWM model (∆R ∼ 0.97 –

1.01). Furthermore, the statistical uncertainty of the lidar-based load predictions is considerably reduced by a factor between
1.2–5 compared to DWM’s results (the baseline). By combining lidar measurements with the CS- and W DS-reconstruction
565

approaches, we are able to simulate power and load time-series with strong similarities to the actual measured turbine responses,
as shown in Sect. 4.2.4.
Yet, the characterization of the small scale turbulence poses a challenge given the current limitations of lidar’s sampling frequency and probe volume size (Peña et al., 2017). The small scale wake-added turbulence enhances the energy spectral content
in the high-frequency range, 1–20 Hz (Madsen et al., 2010; Chamorro et al., 2012; Singh et al., 2014), and its contribution on

570

the fatigue damage varies according to the load component and turbine operational strategy (Tibaldi et al., 2015). Bergami and
Gaunaa (2014) demonstrates that the strongest fatigue damage on the blades occurs at frequencies around 1P (0.1–0.16 Hz for
the DTU 10 MW), whereas structures as tower top (nacelle) and tower bottom are mainly affected by the tower eigenfrequency
(0.25 Hz) and the 3P frequency (0.3–0.48 Hz). As the PSD of tower loads exhibits large energy spectral content at high frequencies (see Fig. A1), the accuracy of tower load predictions decreases compared to that achieved by blade loads, as seen in

575

Sects. 4.2.4 and 4.2.5.
We demonstrate that a high spatial resolution of the lidar scanning pattern is required to ensure an acceptable level of
accuracy. Our results reveal that the current commercially available nacelle-mounted lidars, here represented by the 4P, 7P
and Cone patterns, will not provide sufficient information to accurately reconstruct the wake fields for the purpose of the load
validation in wakes. The scanning requirements are met by the SL, and any arbitrary lidar that can potentially scan a greater

580

region of the rotor, as for the here-simulated Grid configuration. Although we do not optimize the scanning strategies, it is
inferred that the required spatial resolution depends on the size of the wake turbulence structures in the wind field.
It is observed that incorporating a sufficient number of lidar measurements directly in the turbulence field can produce more
accurate load predictions, compared to assuming a generic functional shape of the wake deficit. This is shown by the time-series
analysis in Sect. 4.2.4 and the spectral coherence analysis of Sect. 4.2.5, which illustrate that high frequency load fluctuations

585

can be reconstructed more accurately by the CS- than the W DS-approach. Furthermore, the constrained field technique
based on the Mann turbulence model can be extended to incorporate the v- and w-turbulence fluctuations, as demonstrated in
Dimitrov and Natarajan (2017). Additionally, the CS-method finds direct application for reconstructing more complex flow
fields occurring in wind farms, e.g., multiple wakes.
The accuracy of the W DS-predicted loads is conditional to the goodness of the selected shape function to represent velocity

590

deficits. The wake deficit can deviate from a Gaussian pattern as the atmosphere becomes more unstable (Ning and Wan, 2019),
whereas it exhibits a double-peak shape in the near-wake region (Keck et al., 2014), and a more complex geometry in a multiple
wake scenario. Our results show that combining a physical-based wake deficit formulation with actual lidar measurements of
26
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the wake meandering path can potentially reduce the statistical uncertainty of load predictions. Overall, the fitting procedure
of the W DS-approach is relatively fast and can provide reliable real-time wake field estimates not only for load validation
595

purposes, but also for improving wind farm monitoring and control strategies. On the other hand, the computational expenses
of the CS-approach increase considerably with the amount of constraints simulated and the dimension of the turbulence boxes.
For reference, a single wind field with 27900 constraints (i.e. SL) and a turbulence box with a grid size of 8192×32×32 points
currently requires one and a half hour of simulation time on a single CPU.
6

600

Conclusions

This study proposed two alternative wind turbine load validation procedures under wake conditions that reconstruct synthetic
wake fields from time series of lidar retrievals. The first approach consisted in incorporating lidar data of the wake field
directly into random Mann turbulence field realizations. The second approach relied on the superposition of lidar-fitted bivariate
Gaussian wake deficit time-series into the Mann turbulence fields.
We developed a numerical framework that uses a virtual lidar simulator to scan synthetic wake flow fields simulated by

605

the DWM model, which were referred to as the actual target fields. The virtual lidar data were provided as input to the field
reconstruction approaches. Thus, we carried out aeroelastic simulations with the lidar-reconstructed wake fields and quantified
the load predictions uncertainty against results obtained with the target.
It was found that lidar-reconstructed fields can potentially recover the main wake characteristics influencing power and load
predictions, such as the spatial distribution of the velocity deficit and its dynamics within the simulated fields. This led to

610

mean power and fatigue load estimates comparable with predictions of the DWM model (∆R ∼ 0.97 – 1.01), and a significant

reduction of the statistical uncertainty (realization-to-realization) by a factor 1.2–5. The reduced statistical uncertainty was
explained by improved predictions of power and load time-series, which showed a high degree of correlation with the target
turbine responses (ρ ∼ 0.33–0.99).

It was also demonstrated that the accuracy of the load predictions is mainly conditional on the spatial resolution of the lidar’s

615

scanning pattern, the size of the probe volume, and the adopted field reconstruction technique. Further investigations should
validate the here-proposed approaches with full-field data collected in operating wind farms.
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Appendix A: Power Spectral Density (PSD) of load predictions
Figure A1 shows a comparison of the PSD of MxBR, MxTB, and MzTT between the lidar-reconstructed and target simulations run at Uamb = 6 m/s and T Iamb = 8%. Figure A1a displays the PSD of MxBR, where the first three peaks correspond
625

to the subsequent rotor harmonics (1P, 2P and 3P). The highest observed peak is at 1P (∼ 0.1 Hz), which indicates that the
greatest load cycle amplitude is due to asymmetric blade loading condition. This effect is amplified by the in-homogeneous
wake field approaching the rotor. Compared to the rotating blades, the PSD of the tower loads MxTB and MzTT exhibits the
largest energy content at higher frequencies (> 3P ∼ 0.3 Hz). Further, the natural frequency of the tower (0.25 Hz) corresponds
nearly to the 3P frequency at 6 m/s. This explains the very high peak seen for the MxTB. Overall, the PSD produced by the
simulations with lidar-reconstructed fields (CS and W DS) shows good agreement with that of the target simulations, meaning that the energy content is not being shifted between frequencies. However, it is observed that the energy content at high
frequency (> 1 Hz), induced by the wake-added turbulence, is not fully recovered due to the lidar probe volume and limited
sampling frequency.
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Figure A1. Power spectral density (PSD) of (a) the blade root flapwise bending moment MxBR, (b) tower bottom fore-aft bending moment
MxTB, and (c) yaw moment MzTT. The dominant frequency of the wake meandering fcut,of f = 0.016 Hz, the Nyquist frequency of the
lidar flidar = 0.25 Hz (corresponding to the scanning period), and the main rotational frequencies 1P, 2P, 3P, 6P and 9P are shown. The
target simulations are run at 6 m/s with TIamb = 8%.
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Abstract. We analyze SpinnerLidar measurements of a single wind turbine wake collected at
the SWiFT facility and investigate the wake behaviour under different atmospheric turbulence
conditions. The derived wake characteristics include the wake deficit, wake-added turbulence
and wake meandering in both lateral and vertical directions. The atmospheric stability at the
site is characterized using observations from a sonic anemometer. A wake-tracking technique,
based on a bi-variate Gaussian wake shape, is implemented to monitor the wake center displacements in time to derive quasi-steady wake deficit and turbulence profiles in a meandering
frame of reference. The analysis demonstrates the influence of atmospheric stability on the wake
behaviour; a faster wake deficit recovery and a higher level of turbulence mixing are observed
under unstable compared to stable atmospheric conditions. We also show that the wake meandering is driven by large-scale turbulence structures, which are characterized by increasing
energy content as the atmosphere becomes more unstable. These results suggest the suitability
of the dataset for wake-model calibration and provide statistics of the wake deficit, turbulence
levels, and meandering, which are key aspects for load validation studies.

1. Introduction
Wind turbines are generally installed in large clusters and experience wake-induced effects
during operation. The wake-affected flow fields are characterized by strong velocity deficits
and increased turbulence levels, which lead to lower power productions and higher loading
conditions compared to operation in free wind conditions [1]. To date, wake-induced effects
on wind turbine operation are predicted using engineering-like wake models, due to their
computationally efficiency. The IEC 61400-1 (2019) standard recommends the use of the
Dynamic Wake Meandering model (DWM) [2], among few other approaches, for this purpose.
The accuracy of DWM-based wake characteristics and resulting power and load predictions
depends on the intrinsic simplifications of the model formulation, among others. However, due
to the complexity of wake fields, the DWM and analytical wake models in general are prone
to a significant level of uncertainty. The work of [3] quantified deviations between DWM-based
and measured fatigue loads in the range of 11–15% for the tower bottom and 8–21% for the
blade-root flapwise bending moment. In this regard, high-resolution measurements of the wake
performed by nacelle-mounted lidars can potentially reduce the uncertainty in load predictions,
through appropriate wake-model calibration. In the present work, we analyze data collected
Content from this work may be used under the terms of the Creative Commons Attribution 3.0 licence. Any further distribution
of this work must maintain attribution to the author(s) and the title of the work, journal citation and DOI.
Published under licence by IOP Publishing Ltd
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at the SWiFT facility during a wake characterization and steering campaign that took place
between 2016 and 2017 [4, 5]. The objective of this work is to derive wake characteristics from
the SpinnerLidar measurements, and to study the influence of incoming wind conditions on wake
features such as wake deficit, wake-added turbulence and wake meandering.
2. Measurement campaign
The measurement campaign was conducted at the SWiFT facility located in Lubbock, Texas,
operated by Sandia National Laboratories. Figure 1 provides a schematic illustration of the
experiment layout. The present work focuses on the dataset collected at the meteorological
mast (METa1), the Vestas V27 wind turbine (WTGa1), and the DTU SpinnerLidar mounted
on the nacelle of the WTGa1 and looking backwards. The WTGa1 is a variable-speed and
pitch-regulated turbine with hub height of 32.1 m and rotor diameter D = 27 m. The METa1
(hereafter the mast) is instrumented with sonic anemometers mounted at 10, 18, 32, 45 and 58
m, sampling at 100 Hz, among other instruments. As southerly winds are prevalent at the site,
this layout allows to retrieve simultaneous atmospheric inflow wind conditions at the mast, and
wake measurements behind WTGa1 through the SpinnerLidar. The full site instrumentation is
described in [4].

Figure 1. Top view of the SWiFT facility layout, source [4]. The geographical North is pointing
toward the right side of the figure for illustrative purposes only. The wind turbines and met
masts are shown and the spacing is normalized over the rotor diameters D.

2.1. Lidar scanning patterns
The SpinnerLidar is a continuous-wave wind lidar that scans in a two-dimensional plane [6]. For
the SWiFT experiment, the SpinnerLidar scans the wake affected flow field behind the WTGa1,
by sampling 984 line-of-sight velocity measurements (LOS) in a rosette-curve pattern (see Fig.
2). Two scanning strategies were adopted: scanning over multiple focused distances (between
1 D and 5 D), and scanning at a single focused distance (2.5 D). In the first strategy, the
SpinnerLidar scans each distance every ≈ 32 – 42 s, providing insights on the wake evolution at
several downstream distances. The second strategy is tailored to scan at a single distance every
≈ 2 s, thus better allowing the estimation of second-order statistics of the velocity components
and meandering dynamics [5, 7].
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Figure 2. Schematic of SWiFT facility showing the DTU SpinnerLidar scanning patterns at
several distances behind the WTGa1. An image of the installed SpinnerLidar on the rear of
WTGa1 is shown. Source [7].
2.2. Data classification
As the SWiFT experiment includes wake steering study cases, we omit 10-min periods where
the WTGa1 operates under high yaw misalignment. We select an average yaw error of 10◦ as an
acceptable threshold. Figure 3-left illustrates the wind rose for the filtered and analyzed dataset
at the site. Hence, we focus the analysis on the East to West winds (90◦ –270◦ ) and classify
data according to atmospheric stability conditions and incoming wind speeds, thus, different
thrust coefficient levels (Ct ). The observations are classified into atmospheric stability classes
by computing the dimensionless stability parameter (z/L), where z is the height above ground,
and L is the Obukhov length [8]:
u3 T
(1)
L = − ∗0 0 ,
kgw Θv
where u∗ is the friction velocity, k = 0.4 is the von Karman constant, g is the acceleration due
to gravity, T is the mean surface-layer temperature, the vertical velocity component is denoted by
w, and Θv is the virtual potential temperature. The prime denotes fluctuations around the mean
value and the overbar is a time average. We define three atmospheric stability classes based on
Obukhov length range [9]: unstable (−2 < z/L < −0.2), near-neutral (−0.2 < z/L < 0.2), and
stable (0.2 < z/L < 2) conditions. Under the assumption of stationarity and homogeneous flow,
and that we are within the surface layer, Monin-Obukhov similarity theory (MOST) describes
the relation between the dimensionless wind shear φm and the dimensionless stability parameter
z/L. Thus, we compute φm using the polynomial form of Högström [10] and wind speed
measurements of the three lowest sonic anemometers. The relation between φm and z/L from
the sonic measurements at 18 m is compared to the analytical formulation in Fig. 3-middle.
The measurements at this height are used to classify stability conditions at the SWiFT site.
Figure 3-right shows the thrust coefficient (Ct ) curve of the WTGa1 for incoming wind speeds
derived from a calibrated aero-elastic model [11]. The Ct curve is obtained from simulations
with uniform and steady wind with no shear.
3. Methodology
The analyzed SpinnerLidar measurements are freely available [4]. The dataset comprises lineof-sight (LOS) velocity measurements as well as the spatial location of the 984 points within
each individual scan, among other information. As the SpinnerLidar measures only the radial
velocity component along the beam, flow assumptions are required to reconstruct the threedimensional wind velocity field u= (u, v, w), where u and v are the longitudinal and transversal
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Figure 3. (Left) The wind rose of the analyzed dataset. (Middle) The dimensionless wind shear
φm as function of dimensionless stability z/L. Each 10-min sample is shown in colored markers
according to atmospheric stability: stable (s), near-neutral (nn) and unstable (u). (Right) The
thrust coefficient curve of the WTGa1 as function of the wind speed.
velocity components. The following section describes the methodology applied to reconstruct
the u-component as well as wake characteristics from the SpinnerLidar observations.
3.1. Wind speed reconstruction
The scanning geometry of the SpinnerLidar can be formulated by the elevation angle (ϕy ) and
the azimuth angle (ϕz ). If we assume that the SpinnerLidar measures at a point, instead of over
a probe volume, the LOS velocity component can be expressed in terms of the three-dimensional
wind field by means of matrix rotations. This is a suitable approximation for the first statistical
moment of the wind speeds measured by the SpinnerLidar at the analyzed ranges [12]. The
w-component is neglected, due to the small elevation angles and the typical small values of the
vertical velocity component. By including the flow direction due to yaw offset (θ), the extended
form is derived as:
vLOS = u cos(ϕy ) cos(ϕz ) cos(θ) − v cos(ϕy ) sin(ϕz ) sin(θ).

(2)

A moving average with a 15-s window is used to smoothen the yaw misalignment data in order
to account for any temporal delay between the mast, nacelle and SpinnerLidar recordings due
to different measurement locations. To derive the u- and v-velocity components, we formulate
the points of the rosette pattern within a 2 m×2 m regular grid in the y-z plane and fit to the
LOS velocity measurements for grid elements with at least two points. This procedure allows
us to reconstruct the two-dimensional wind field at each snapshot of the wake. We define the
normalized wake deficit as following:
V D(x, y, z) =

U (z) − u(t, x, y, z)
,
U (z)

(3)

where u is the instantaneous longitudinal velocity component in the wake and U (z) is the 10-min
mean wind speed estimated at z from multiple measurement heights at the mast by using the
power law shear profile.
3.2. Wake tracking
The SpinnerLidar measurements provide the wake deficit field in a fixed frame of reference
(FFoR), which is attached to the lidar coordinate system. Monitoring the wake location in
time allows us to study the lateral and vertical wake movements (hereafter referred to as
meandering) and to resolve wake characteristics such as velocity deficit and turbulence profiles
in the meandering frame of reference (MFoR). Hence, the quasi-steady wake characteristics can
4
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be estimated. Following the approach of [13], the wake center location (the point that would
theoretically be with highest deficit if no turbulence was present) is tracked by assuming a
bi-variate Gaussian function to describe the instantaneous wake shape as:
fV D =

A
2πσwy σwz

"

(yi − µy )2 (zi − µz )2
+
2
2
σwy
σwz

1
exp −
2

!#

,

(4)

where (µy , µz ) define the wake center location, (σwy , σwz ) are width parameters of the wake
profile in the y and z directions, respectively, (yi , zi ) denote the spatial location of the LOS and
A is a scaling parameter. Therefore, the measured wake deficits from Eq. 3 are fitted to Eq. 4
through a least-squares fitting procedure. To ensure the quality of the fitting, we reject scans
where the estimated wake center location is within ≈ 10% of the lateral bounds of the scanning
area and at more than 0.75 D distance from the hub height in the vertical direction.
4. Results
The mean inflow wind characteristics of the analyzed dataset are presented in Table 1. The data
includes wind speeds in the range 3–9 m/s, i.e., covering a wide range of wind turbine operation
conditions below rated wind speed, and a number of different stability conditions. The influence
of atmospheric stability is clearly visible on the inflow wind statistics. Stable conditions are
associated with strong wind shears and low turbulence levels. The former decreases, and the
latter increases, as the atmosphere becomes more unstable. We concentrate the analysis of the
SpinnerLidar data at multiple ranges (2, 3, 4 and 5 D), when assessing the velocity deficit profile.
We exclude near-wake measurements (< 2 D), as we are primarily interested in the far-wake
characterization, which dominates power and load levels within wind farms. The SpinnerLidar
measurements at 2.5 D distance are used to derive turbulence and meandering statistics of the
wake.
Table 1. Average inflow wind characteristics from sonic observations at 32 m classified into
wind speed ranges with interval of ±0.5 m/s and atmospheric stability classes: stable (s), nearneutral (nn) and unstable (u). The number of samples refer to 10-min periods, α denotes the
wind shear and T I = σU /U is the turbulence intensity. The variances of the v- and w-velocity
2 ). The rows highlighted in grey refer to periods where the
components are also provided (σv2 ,σw
SpinnerLidar measures at a fixed distance of 2.5 D.
U
[m/s]

3
4
5
6
7
8
9

Samples
[-]

α
[-]

σv2
[m2 /s2 ]

TI
[%]

2
σw
2
[m /s2 ]

s

nn

u

s

nn

u

s

nn

u

s

nn

u

s

nn

u

8
19
28
5
32
1
15
11
8
5

4
5
6
2
9
2
16
2
13
12

15
16
17
6
24
7
18
9
6
3

0.42
0.36
0.28
0.37
0.28
0.39
0.23
0.25
0.26
0.30

0.46
0.09
0.12
0.12
0.17
0.25
0.12
0.25
0.08
0.17

0.07
0.08
0.01
0.01
0.04
0.01
0.03
0.05
0.04
0.02

8
8
7
7
7
6
7
9
7
7

18
20
10
14
12
10
12
10
13
11

26
22
22
13
16
12
14
12
12
9

0.03
0.09
0.15
0.11
0.15
0.05
0.26
0.37
0.55
0.32

0.40
0.77
0.61
0.63
1.21
0.48
0.74
0.48
1.06
0.70

0.96
1.11
1.32
0.46
1.32
1.00
1.65
0.83
0.93
1.17

0.01
0.09
0.03
0.01
0.06
0.01
0.08
0.17
0.10
0.13

0.13
0.16
0.13
0.11
0.15
0.13
0.25
0.29
0.32
0.33

0.32
0.38
0.39
0.18
0.37
0.34
0.42
0.38
0.38
0.30
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4.1. Velocity deficit
The mean velocity deficit profile for an incoming wind speed of 6 m/s under stable conditions is
shown in Fig. 4. The wake exhibits a well-defined radial symmetry at the analyzed downstream
distances. We observe a strong velocity deficit, which persists moving downstream and a slight
wake expansion. The low wake-expansion and wake recovery rates are related to low ambient
turbulence intensity, which limits the turbulence mixing in the wake regions, as expected [5].
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Figure 4. Ensemble-averaged wake deficit profile in the MFoR for inflow wind speed of 6 m/s
under stable conditions. The rotor area is illustrated by dashed white lines. The vertical and
lateral directions are normalized over the rotor radius and centered at hub height.
We illustrate the mean wake deficit profiles for different inflow wind speeds and stability
conditions in Fig. 5. The span-wise velocity deficits at hub height are shown in the MFoR.
The wake deficit exhibits a Gaussian-like shape, as already observed in previous studies [5].
The influence of atmospheric stability on the wake deficit can be seen in Fig. 5-top. The
wake recovers faster as the atmosphere becomes more unstable. These effects are caused by the
enhanced turbulent mixing in the wake due to higher ambient turbulence, which increases the
recovery of the velocity deficit. In order to investigate the effects of rotor thrust coefficients on
the wake deficit, we select periods characterized by stable atmospheric conditions and analyze
three wind speed ranges, 5, 6 and 9 m/s, with turbulence intensity levels below 8%. The wake
deficit profiles are shown in Fig. 5-bottom. There, we find a faster recovery of the wake deficit
at 9 m/s (Ct ≈ 0.75, see Fig. 3-right) compared to the lower wind speeds (Ct ≈ 0.85–0.90).
Although Ct levels exhibit a secondary effect compared to the incoming turbulence, smaller wake
deficits are expected for wind turbine operation above rated wind, where Ct significantly drops
due to blade pitching. These results indicate that both rotor thrust coefficient and ambient
turbulence effects should be included in analytical wake models. The former affects the wakegenerated turbulence, enhanced by the high Ct and strong velocity deficit; the latter affects the
degree of turbulence mixing in the wake. As observed, both contribute to the wake recovery
rate.
4.2. Turbulence
The analysis focuses on the dataset, where the SpinnerLidar is measuring at a single focus
distance of 2.5 D. We describe the wake turbulence intensity in terms of T I = σU /U , where
U is the mean longitudinal velocity component. The probe volume filtering effects on the LOS
variance at 2.5 D are neglected. We investigate the influence of atmospheric stability on the
spatial distribution of wake turbulence, by selecting 10-min periods with similar incoming wind
6
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Figure 5. Comparison of the lateral velocity deficit at hub height in the MFoR as function of
stability: stable (s), near-neutral (nn) and unstable (u) (top row) and as function of inflow wind
speeds for stable regimes (bottom row).
speed. Thus, we select periods with inflow wind speed of 5 m/s and TI = 8, 9 and 10 % for
the stable, near-neutral and unstable case, respectively. The span-wise turbulence distribution
in the FFoR and MFoR is shown in Fig. 6-left. The turbulence resolved in the FFoR can
be described, according to the DWM formulation, by the contribution of ambient turbulence,
wake-added turbulence and the ‘apparent’ turbulence due to meandering of the velocity deficit
[2]. As a result, the lower TI under stable condition (blue dotted-line), compared to near-neutral
and unstable regimes, can be explained by the inherent low amplitude of meandering. This is
demonstrated in Fig. 6-right, where the time series of the wake center displacement is shown.
We observe a significantly lower wake movement under stable compared to near-neutral and
unstable conditions. Besides, a lateral deflection of wake center position with respect to the
rotor center (y/R = 0) is seen, which is due to a slight yaw misalignment. The turbulence
resolved in the MFoR is lower compared to that in the FFoR (see Fig. 6-left), as expected, due
to the high-pass filtering intrinsic of the transformation, which filters out the large meandering
scales. In the MFoR, we can observe a more symmetric turbulence profile with respect to the
rotor center. Besides, two distinctive peaks are found at y/R ≈ ±1, in correspondence with the
location of maximum velocity gradients.
We analyze the lateral turbulence distribution at hub height in the MFoR under different
atmospheric stability conditions and incoming wind speeds from Table 1. Turbulence resolved
in the MFoR is composed of ambient and wake-generated turbulence; the latter is caused by
the large wake velocity gradients and blade bound vortex developing mainly at the blade root
and tip trailing edges [2]. Figure 7-left shows the mean turbulence profile at 5 m/s and 7 m/s
under stable regimes. The two peaks can be clearly seen in proximity of the rotor tip regions
(y/R ≈ ±1), whereas an inner peak is also observed. The outer peaks define the layer between
the wake and the ambient flow, whereas the inner peaks delimit the region between the wake
behind the nacelle and the outer wake [15]. Figure 7-middle illustrates the mean turbulence
profiles for incoming wind speed of 6 m/s and 7 m/s under near-neutral conditions. Although
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Figure 6. (Left) Comparison of span-wise profiles of wake turbulence in the MFoR (solid lines)
and FFoR (dotted lines) for different atmospheric stability conditions: stable (s), near-neutral
(nn) and unstable (u). The lateral coordinate is normalized over the rotor radius and centered at
hub height. (Right) Comparison of wake center displacement in the lateral direction as function
of time.
two peaks are seen at 6 m/s, these peaks gradually vanish for increasing turbulence intensity
levels. This behaviour is also consistent with the observation under unstable conditions in Fig.
7-right, where the turbulence distribution becomes more uniform as a result of the enhanced
mixing.
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Figure 7. Comparisons of the lateral profiles of the wake turbulence normalized over the
ambient turbulence at hub height. The stability classes are identified by different colours and
inflow wind speeds by different line styles as described in the legend. The lateral coordinate is
normalized over the rotor radius and centered at hub height.
Figure 8 shows the vertical turbulence profiles resolved in the MFoR at 7 m/s for different
atmospheric stability conditions. The profiles show an asymmetric behavior, where enhanced
turbulence levels are observed in the upper wake edge in proximity of the rotor top tip region
(z/R ≈ 1). This effect originates from the strong velocity gradient (see dotted-lines in Fig.8)
and turbulence from blade tip vortices. A more uniform turbulence distribution is seen under
unstable conditions.
8

z/R [-]

The Science of Making Torque from Wind (TORQUE 2020)
Journal of Physics: Conference Series
1618 (2020) 062040

0.0
2.0
1.5
1.0
0.5
0.0
0.5
1.0
1.5
2.0
0.0

u/U [-]
0.5

0.1

1.0

0.2
TI [-]

TIwake
u/U
TImast
0.3

u/U [-]
0.5

0.0

0.0

0.1

1.0

0.2
TI [-]

TIwake
u/U
TImast
0.3

IOP Publishing
doi:10.1088/1742-6596/1618/6/062040

u/U [-]
0.5

0.0

0.0

0.1

1.0

0.2
TI [-]

TIwake
u/U
TImast
0.3

Figure 8. Comparisons of vertical profiles of the ambient turbulence (circles), wake turbulence
in MFoR (solid lines) and the u-velocity component in wake normalized over the wind speed
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4.3. Wake meandering
The amplitude of wake meandering is quantified as the standard deviation of the wake center
displacements in the lateral and vertical directions normalized over the rotor diameter, (σµY /D
and σµZ /D), respectively. Table 2 provides the ensemble-averaged statistics of wake meandering
measured at 2.5 D relative to different atmospheric conditions. We observe that wake movements
are larger in the horizontal plane than in the vertical plane by a factor of ≈2–3.5. Besides, the
magnitude of meandering increases under unstable compared to stable conditions, as expected.

Table 2. Average statistics of the normalized wake meandering amplitudes in the lateral and
vertical directions (σµY /D and σµZ /D) under three atmospheric stability conditions. The mean
inflow wind characteristics recorded at the 32-m sonic are also provided. The number of samples
refer to 10-min periods.
Stability

Samples
[-]

σu
[m/s]

σv
[m/s]

σw
[m/s]

σv /σw
[-]

σµY /D
[-]

σµZ /D
[-]

Stable
Near-neutral
Unstable

15
17
18

0.67
0.92
0.84

0.55
0.75
0.80

0.36
0.49
0.51

1.50
1.53
1.55

0.21
0.30
0.30

0.06
0.11
0.14

The wake meandering can be modeled by considering the wakes to act as passive tracers
driven by the large-scale turbulence structures in lateral and vertical directions [2]. To ‘isolate’
large-scale turbulence structures, we apply a low-pass filter to the v- and w-velocity time series
measured at the mast by assuming a ‘cut-off eddy size’ of two rotor diameters as proposed
in [2]. The meandering behavior as function of low-pass filtered statistics is shown in Fig.
9. A correlation between the wake displacements and σvLP and σwLP levels is observed.
Besides, observations under stable conditions are characterized by lower meandering compared
to those under near-neutral and unstable conditions. However, further investigation is needed
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to determine more precisely which turbulence structures contributes to the meandering process.
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Figure 9. Normalized wake meandering amplitudes in the lateral (left) and vertical (right)
direction as a function of the standard deviation of the low-pass filtered v and w-velocity
component measured at the mast. Each marker refers to a 10-min period.

5. Discussion
SpinnerLidar measurements of the wake flow field behind an operating wind turbine are analyzed.
We derive wind and turbulence intensity fields in the wake region and estimate wake meandering
statistics relative to several inflow wind conditions. In order to derive the quasi-steady wake
characteristics in the MFoR, we apply a wake-tracking technique based on a bi-variate Gaussian
wake shape function. Although this procedure is proven to be robust under stable conditions
(low turbulence levels), an increasing number of scans are ‘rejected’ as the atmosphere becomes
more unstable and the scanning area increases. These scans are either characterized by multiple
low wind speed areas or by wake center location in proximity of the edges of the scanning
area. These effects occur as the size of turbulent structures becomes comparable to that of
the wake deficit. The lidar-estimated turbulence is subjected to volume averaging and crosscontamination effects [14]. The filtering effect due to the probe volume tends to reduce the
radial velocity variance when compared to a point measurement. The ratio of the filtered to the
unfiltered radial velocity variance accounts for approximately 12 % for the DTU SpinnerLidar
scanning at 2.5 D under near-neutral conditions [6]. As the Doppler radial velocity spectrum
is available for the SWiFT campaign, in a future study we will estimate the unfiltered radial
velocity variance and provide more accurate estimates of wake-added turbulence. Furthermore,
the proposed methodology and the derived wake characteristics will be applied to calibrate the
DWM model for load validation purposes.
6. Conclusions
The SpinnerLidar measurements of the wake flow field collected from an experiment at the
SWiFT facility were analyzed to investigate wake behaviour under different atmospheric
conditions. The analysis focused on the spatial distribution and magnitude of the wake deficit,
wake-added turbulence and meandering, which are key aspects for power and load prediction
assessments. The wake deficit can be approximated by a Gaussian-like shape, which recovers
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faster under unstable compared to neutral and stable conditions, due to enhanced turbulent
mixing. The wake turbulence profile under stable conditions exhibited two distinct peaks
in proximity of the rotor tips, while a more uniform turbulence distribution was observed
for unstable conditions. The wake meandering amplitude was found to be driven by largescale turbulence structures as well as turbulence levels. Overall, the analyzed SpinnerLidar
measurements of the wake flow field are suitable for calibration and validation of wake models.
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Abstract. In this first part of two, we study the calibration of the Dynamic Wake Meandering (DWM) model using high spatial and temporal resolution SpinnerLidar measurements of the wake field collected at the Scaled Wind Technology Facility
(SWiFT) located in Lubbock, Texas. We derive two-dimensional wake flow characteristics including wake deficit, wake turbulence and wake meandering from the lidar observations under different atmospheric stability conditions, inflow wind speeds
5

and downstream distances up to five-rotor diameters. We then apply Bayesian inference to obtain a probabilistic calibration of
the DWM model, where the resulting joint distribution of parameters allows both for model implementation and uncertainty
assessment. We validate the resulting fully-resolved wake field predictions against the lidar measurements and discuss the most
critical sources of uncertainty. The results indicate that the DWM model can accurately predict the mean wind velocity and
turbulence fields in the far wake region beyond four rotor diameters, as long as properly-calibrated parameters are used and
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wake meandering time series are accurately replicated. We demonstrate that the current DWM-model parameters in the IEC
standard lead to conservative wake deficit predictions. Finally, we provide practical recommendations for reliable calibration
procedures.
1

Introduction

Wake effects are perceived as one of the largest sources of uncertainty in energy production and load estimates of onshore and
15

offshore wind farms (Walker et al., 2016). Within an iterative design process, and/or optimization study, wake effects on aeroelastic turbine responses are predicted using engineering wake models, e.g., the Dynamic Wake Meandering (DWM) (Madsen
et al., 2010) and Frandsen (Frandsen, 2007) models, which can be used within simple and fast design tools (Braunbehrens and
Segalini, 2019). Their main limitation is their reduced ability to fully resolve the turbulence structures of the wake field, which
often leads to an inaccurate representation of the flow field, and biased power and load predictions. To minimize the modelling

20

uncertainty, it is a common practice to calibrate engineering wake models using field measurements, when available, or using
higher-fidelity simulations like computational fluid dynamics (CFD).
Wind lidars have become popular for studying wind turbine wakes due to their higher spatial resolution and ease of installation compared to traditional anemometers mounted on meteorological masts (Machefaux et al., 2016). The use of lidar
1

measurements to calibrate low-order wake models has already been successfully adopted (Trabucchi et al., 2017; Reinwardt
25

et al., 2020; Zhan et al., 2020a). Although high-quality lidar observations of the wake field are available (Käsler et al., 2010;
Iungo et al., 2013; Aitken et al., 2014), the spatial and temporal resolution required to characterize wake deficit, wake turbulence and meandering characteristics are rarely achieved. Such resolution is a key characteristic for the development and
evaluation of dynamic wake models.
The SWiFT experiment, conducted at the Sandia National Laboratories between 2016 and 2017 (Herges et al., 2017, 2018;
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Herges and Keyantuo, 2019), provides a fairly complete and suitable dataset for the calibration and evaluation of wake models
(Doubrawa et al., 2019; Conti et al., 2020a; Doubrawa et al., 2020). The SWiFT dataset consists of concurrent measurements
of inflow conditions from a heavily instrumented meteorological mast, high spatial and temporal resolution measurements of a
single wake flow field behind a turbine from a nacelle-mounted SpinnerLidar (Peña et al., 2019), and power and load measurements from a second turbine operating in the waked field. The detailed instrumentation of the site allows the investigation of
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the wake field variability under different atmospheric stability conditions, as well as the analysis of the wake-induced effects
on the waked-turbine operation (i.e., power and load predictions).
Here, we analyse the SWiFT dataset aiming at calibrating and evaluating the DWM model. This model is recommended
in the IEC 61400-1 standard (IEC, 2019) for the purpose of wind turbine and wind farm design certification, and it is widely
used in load assessments under wake conditions (Larsen et al., 2013; Galinos et al., 2016; Reinwardt et al., 2018; Dimitrov,
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2019; Reinwardt et al., 2020). The DWM model simulates wind field time series and is divided into three parts: a wake deficit
component, which simulates the velocity deficit, a wake-added turbulence component, and a wake meandering component,
which is a stochastic meandering process. These three components are presumed to affect wind turbine load responses mostly
(Keck et al., 2012; Galinos et al., 2016; Larsen et al., 2013; Dimitrov, 2019). Although several studies have demonstrated the
superior performance of the DWM model compared to other engineering wake models that only predict steady wake features
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(Larsen et al., 2013; Reinwardt et al., 2018; Thomsen et al., 2007), the accuracy of both the DWM-simulated wake flow fields,
and the predicted power and loads is still under judgement.
1.1

A review on the DWM model

The underlying hypothesis of the DWM model is to consider the wake as a passive tracer of the large incoming turbulence
structures. The so-called split in scales assumption (Larsen et al., 2008) states that the large-scale turbulent eddies contained in
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the atmospheric boundary layer are the main drivers of the wake meandering, whereas the smaller turbulent eddies govern the
wake deficit evolution downstream of the rotor. Further, wake deficits from upstream turbines are transported in the streamwise
direction, assuming Taylor’s hypothesis of frozen turbulence (Larsen et al., 2015). This set of assumptions allows decoupling
the wake deficit and wake-added turbulence formulations from the wake meandering process (Larsen et al., 2007). Therefore,
the three components of the DWM model can be computed separately and successively superimposed on turbulence fields to
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generate wake time series, which can be used as inputs to aeroelastic simulations (Larsen et al., 2013; Keck et al., 2014a).
The wake deficit formulation of the DWM model is mainly based on the work of Ainslie (1987) and solves the axisymmetric
Navier-Stokes (N-S) equations with an eddy viscosity term and a set of calibration parameters. Initially, the DWM model was
2

calibrated with CFD simulations performed by Madsen et al. (2010). Keck et al. (2012) derived a two-dimensional model of
the eddy viscosity term, and updated the calibration parameters based on CFD simulations. Larsen et al. (2013) found that
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the calibration parameters of the former two studies were not suitable for predicting power and loads at the Egmond aan Zee
offshore wind farm. To match the measured power, they introduced an artificial filtering function in the eddy viscosity term
and re-calibrated the deficit model; however, this calibration was not based on the spatial description of the wake flow field
but on power production data. The eddy viscosity model to predict velocity deficits in the current IEC standard (IEC, 2019) is
inspired by the work of Larsen et al. (2013).
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Keck et al. (2014a, 2015) proposed a correction factor to the eddy viscosity term, which includes the effects of atmospheric
stability and shear on the turbulence mixing occurring in the wake and re-calibrated the model parameters. Although these
improvements were verified against large-eddy simulations (LES), the influence of atmospheric stability on the wake deficit
evolution was hardly observed during a lidar campaign (Machefaux et al., 2016; Larsen et al., 2015), in which it was argued
that atmospheric stability affects to a large extent the meandering process. A load validation study using the DWM model with
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calibrated parameters from both Madsen et al. (2010), Keck et al. (2012) and the IEC standard (IEC, 2019) was conducted
by Reinwardt et al. (2018), who collected load measurements at the ECN Wind turbine test site in Germany, and at DTU test
site in Høvsøre in Denmark. They found fatigue load biases within the range 11–15% for the tower bottom and 8–21% for the
blade-root flapwise bending moments. Reinwardt et al. (2020) derived a new set of calibration parameters based on full-field
lidar observations of the wake field from a wind farm in the Southeast of Hamburg, Germany. They demonstrated that improved
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wake deficit predictions can be obtained by calibrating the DWM model with nacelle-mounted lidars.
The fidelity of the simulated wake meandering dynamics also affects the accuracy of load predictions (Larsen et al., 2013;
Conti et al., 2020c). Modeling of the meandering process relies on a suitable stochastic turbulence field and definition of the
large-scale turbulence structures. Larsen et al. (2008) and Trujillo et al. (2011) demonstrated that the large-scale eddies can be
extracted from the incoming atmospheric turbulence field from local mast measurements . Alternatively, the wake meandering
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process can be simulated through synthetic wind fields generated using stochastic turbulence models (i.a., the turbulence
model by Mann (1994)) and a definition of the large-scale eddies, or by means of LES simulations. Machefaux et al. (2015)
showed that inconsistencies between a Mann-based and LES-based meandering process can arise due to differences in the
input turbulence fields. Larsen et al. (2008) and Trujillo et al. (2011) defined the large-scale eddies in the order of two rotor
diameters or larger as responsible for wake meandering, whereas other studies defined scales larger than 3–4D as dominant
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(Espana et al., 2011; Muller et al., 2015; Yang and Sotiropoulos, 2019). Albeit the severe impact of the wake meandering
dynamics on load predictions, its uncertainty has not been assessed in load validation studies due to lack of data (Larsen et al.,
2013; Churchfield et al., 2015; Reinwardt et al., 2018). However, aeroelastic simulations with constrained wake meandering
dynamics can potentially decrease the uncertainty in load predictions under wake conditions (Conti et al., 2020c).
Further, the added turbulence formulation in the DWM model accounts for additional mechanically generated turbulence
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caused by the wake shear and the breakdown of tip and root vortices. These contributions are modelled by a semi-empirical
formulation that uses parameters, which were calibrated against CFD simulations (Madsen et al., 2010). To our knowledge, no
further development has been made on this subject.
3

1.2

Problem statement

As described above, there is no consensus for the values of the DWM model parameters when studying load predictions at any
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given site. Also, and perhaps most importantly, we do not know the sources of uncertainty observed in previous studies that used
the model (Larsen et al., 2013; Churchfield et al., 2015; Reinwardt et al., 2018), which need to be addressed to provide reliable
load predictions. The common practice has been to derive optimized sets of model parameters based on limited synthetic or
experimental data. This has lead to an unknown confidence in the overall model prediction ability; incorrect calibration of the
model parameters may impact significantly the model performance and lead to suboptimal wind turbine designs. To address
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this issue, we estimate uncertainties in the calibration parameters of the DWM model by applying Bayesian inference (Box and
Tiao, 1973), which consists in updating any related prior information on model parameters by incorporating new knowledge
obtained from wake flow characteristics derived through lidar measurements. Further, the Bayesian calibration provides a
systematic approach to include various types of uncertainty such as physical variability as well as measurement and modeling
errors. This paper is the first part of a two-part study dedicated on improving and validating the calibration of DWM model
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parameters using lidar-derived data. This first part has a four-fold primary purpose:
1. Derive wake flow features such as the two-dimensional velocity deficit and wake-added turbulence profiles, as well as
time series of the wake meandering in both lateral and vertical directions from the SpinnerLidar measurements under
different inflow wind speeds and atmospheric stability conditions.
2. Calibrate the DWM model-based wake deficit and wake-added turbulence predictions using the SpinnerLidar-derived
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wake flow features and the Bayesian inference framework.
3. Propagate modeling uncertainties in fully-resolved wake flow fields for robust predictions that take into account the
calibrated uncertainties.
4. Conduct a sensitivity analysis to determine the most significant sources of uncertainty in simulated wake fields that are
typically inputs to aeroelastic simulations.
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This study contributes to the ongoing discussion regarding the accuracy of power and load predictions of wind turbines
operating under wake situations (Conti et al., 2020c,b), by quantifying uncertainties in wake simulations performed with the
DWM model under a variety of inflow wind conditions. The outcomes of this study are useful for improving currently adopted
wake simulation procedures for load analysis in the IEC standards, as well as to provide practical recommendations for wake
model calibration studies based on measurements from nacelle-mounted lidars.
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The work is organized as follows. Section 2 describes the DWM model. The SWiFT layout and relative wind site conditions
are described in Sect. 3. In Sect. 4, we present the wind field retrieval assumptions used to derive wake features from SpinnerLidar measurements. The Bayesian calibration of the DWM model is performed in Sect. 5. We carry out the validation of
the wind turbine wake simulations and conduct a sensitivity analysis to investigate the most influential parameters in Sect. 6.
Finally, the last two sections are dedicated to the discussions and conclusions.
4
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2

Dynamic Wake Meandering model

The DWM model resolves three main wake features: the quasi-steady velocity deficit, the wake-added turbulence and the wake
meandering. Each model component is described separately in the following subsections.
2.1

Quasi-steady velocity deficit

The quasi-steady velocity deficit component describes the wake expansion and recovery caused partly by the recovery of the
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rotor pressure field and partly by turbulence diffusion moving farther downstream of the rotor (Larsen et al., 2013). The wake
deficit is formulated in the meandering frame of reference (MFoR), which is a coordinate system with origin in the center of
symmetry of the deficit.
In the far-wake region, i.e., distances larger than two rotor diameters (Sanderse, 2015), the deficit evolution is assumed
to be governed by turbulent mixing and is described by the thin shear layer approximation of the rotational symmetric N–S
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equations with the pressure term disregarded (Madsen et al., 2010). To account for the neglected pressure gradient effects, an
initial wake deficit is analytically formulated based on the turbine’s axial induction derived from blade element momentum
(BEM) theory (Madsen et al., 2010). The turbulence closure of the N-S equations is obtained by means of an eddy viscosity
term, and the momentum equation is solved numerically using a finite difference scheme with the artificial initial deficit as
boundary condition (Madsen et al., 2010). Here, we use the numerical scheme of the standalone DWM model (Liew et al.,
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2020; Larsen et al., 2020). We refer to the generalized definition of the non-dimensional eddy viscosity term by Keck et al.
(2012), who considered two major drivers to the turbulence mixing: the ambient turbulence (T Iamb ) and turbulence induced
by the wake shear layer:




Rw (x̃)2 ∂U (x̃, r) Rw (x̃)
Umin
(r, x̃) = F1 (x̃)k1 T Iamb + F2 (x̃)k2 max
;
1−
,
Uamb R
Uamb R
∂r
R
Uamb
νT

(1)

where νT is the eddy viscosity, Uamb is the ambient wind speed at hub height, and R is the rotor radius. The first term to the
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right-hand-side of Eq. (1) describes the contribution of the ambient turbulence and the second the self-generated turbulence by
the wake shear layer. Madsen et al. (2010) proposed the instantaneous wake radius Rw (x̃), where x̃ is the downstream distance
normalized by R, and the maximum velocity difference (Uamb − Umin ), where Umin is the minimum wind speed in the wake,

as the turbulent length and velocity scales that govern turbulent mixing due to the wake shear layer.

Based on classical mixing length theory, Keck et al. (2012) defined the turbulence stresses to be proportional to the local
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velocity gradient ∂U (x̃, r)/∂r, which provides a two-dimensional eddy viscosity formulation that is function of the axial
and radial coordinates, x̃ and r, respectively. The max operator is included to avoid underestimating the turbulent stresses at
locations where the velocity gradient of the deficit approaches zero. Both terms in Eq. (1) include a filter function (F1 (x̃) and
F2 (x̃)) and a model constant (k1 and k2 ). The filter functions are required to model the turbulence development behind the rotor
and have values in the range 0–1 depending on the downstream distance only (Keck et al., 2012). F1 accounts for the delay
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of the ambient turbulence entrainment into the wake and is assumed to ‘activate’ ambient turbulence effects at downstream
distances where the pressure has recovered (≈ 2D, where D is the rotor diameter (Sanderse, 2015)). F2 compensates for the
5

initial non-equilibrium between the mean velocity field and the turbulent energy content created due to the rapid change in
mean flow gradients close to the rotor. We refer to Eqs. (17) and (18) in Keck et al. (2015) for the mathematical formulation of
F1 and F2 . k1 and k2 are calibration parameters that govern the turbulence mixing and presumably do not change with wind
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turbine design and ambient conditions.
2.2

Wake turbulence

The wake turbulence is composed of three turbulence sources and can be defined as (Vermeer et al., 2003):
q
2
2 + T I2 ,
T Iwake = T Iamb
+ T Im
add

(2)

where T Im denotes the turbulence induced by the meandering of the wake deficit and T Iadd is the wake-added turbulence. T Im
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is commonly denoted as the apparent turbulence (Madsen et al., 2005), as the stochastic meandering of the wake deficit induces
additional velocity fluctuations into time series taken at fixed locations in the wake. This term is considered the main source of
added turbulence in the far-wake (Madsen et al., 2010), while its spatial distribution can be computed by the convolution of the
wake deficit in the MFoR, and the probability distribution function (PDF) of the wake meandering in the lateral and vertical
directions (Keck et al., 2014a). T Iadd accounts for the shear- and mechanical-generated turbulence due to blade tip and root
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trailing vortices. The inhomogeneity of the wake-added turbulence is modeled by scaling the local turbulence using the factor
kmt (Madsen et al., 2010) as:
kmt (r) =| 1 − Udef,M F oR (r) | km1 +

∂Udef,M F oR (r)
km2 ,
∂r

(3)

where Udef,M F oR is the velocity deficit in the MFoR, and km1 and km2 are constants calibrated based on CFD results (Madsen
et al., 2010). The wake-added turbulence derived from Eq. (3) is presumed to meander together with the wake deficit, thus being
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displaced by the large-scale eddies in the atmosphere.
2.3

Meandering model

Here, the meandering model is confined to a single wake scenario, whereas multiple wake dynamics are described in Machefaux
(2015). Wakes are considered to act as passive tracers driven by the large-scale atmospheric turbulence structures. The wake
field is modeled by considering a cascade of consecutive wake deficits that are displaced by the large-scale lateral and vertical
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velocity fluctuations, i.e., the wake transport velocities (vc and wc ), corresponding to the lateral (y) and the vertical axis
(z), respectively. Adopting Taylor’s hypothesis, the downstream advection of these deficits is assumed to be controlled by
the mean wind speed of the ambient wind field. Larsen et al. (2008) estimated vc and wc by low-pass filtering atmospheric
turbulence fluctuations. They defined a filtering cut-off frequency fcut,of f = Uamb /(2D) thus excluding contributions from
smaller eddies to the meandering dynamics. This assumption was verified using full scale lidar-based measurements collected
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behind an operating turbine (Bingöl et al., 2010). The wake displacements are computed as:
y(x, t̄) = vc (t̄)t̄(x) + hyaw (x, t̄)
z(x, t̄) = wc (t̄)t̄(x) + htilt (x, t̄),

(4)
6

where t̄ = x/Uamb defines the time for an air particle to move from the rotor to the downstream distance in the wake region.
An appropriate choice of the transport velocity of the wake advection lies between the ambient wind speed and the centre
velocity of the wake deficit (Keck et al., 2014b; Machefaux et al., 2015). The contribution from the yaw misalignment, which
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can redirect wakes in the lateral direction, is accounted for by hyaw (x, t̄) = x tan(θ(t̄)), where θ(t̄) is the yaw offset at the
specific time (Machefaux, 2015; Vollmer et al., 2016). The contribution of the rotor tilt is considered by htilt (x, t̄).
3

The SWiFT facility

The SWiFT facility is a research site located in Lubbock, Texas, operated by Sandia National Laboratories (Herges et al.,
2017). The site includes three Vestas V27 wind turbines, two meteorological towers, and a SpinnerLidar (Peña et al., 2018)
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mounted on the nacelle of one of the turbines and looking backwards. The entire site is on a fiber optic data acquisition
and control network that synchronizes recordings from masts, turbines, and the SpinnerLidar (Herges et al., 2017, 2018).
The measurement campaign took place between 2016 and 2017 with the main objective of characterizing wake fields and
investigating wake steering control strategies (Herges et al., 2017).
Figure 1 provides an overview of the test layout together with the notation used along the manuscript. In this study, we
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analyze data collected at the meteorological mast (METa1), the turbine (WTGa1), and the SpinnerLidar mounted on the nacelle
of the WTGa1. The METa1 (hereafter referred as the mast) is 60-m tall and instrumented with sonic anemometers at 10, 18,
32, 45, and 58 m, sampling at 100 Hz. Other instruments installed on the mast are reported in Herges et al. (2017). The mast
is placed 2.5 D south of WTGa1 in compliance with the IEC standard guidelines (IEC, 2015, 2017). As southerly winds are
prevalent at the site (see Fig. 1-right), this layout allows to retrieve concurrent incoming wind conditions from METa1, wake
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measurements behind the WTGa1 performed by the SpinnerLidar, and power and load measurements on the waked-WTGa2
installed 5D downstream. The WTGa1 and WTGa2 are variable-speed and pitch-regulated turbines with hub height of 32.1
m, D = 27 m, and a maximum power output of 192 kW (Herges et al., 2018). The supervisory control and data acquisition
(SCADA) is available for both turbines providing records of the rotor speed, pitch and yaw angles, and power production,
among others, at 50 Hz.
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3.1

SpinnerLidar

The SpinnerLidar is a research Doppler wind lidar developed at DTU based on a continuous-wave (CW) laser system (Peña
et al., 2018). Hereafter, SpinnerLidar and lidar denote the same system. The SpinnerLidar has been mounted either in the
spinner or on top of the nacelle of a wind turbine (Angelou and Sjöholm, 2015; Peña et al., 2018). The SpinnerLidar scans
the rotor wake at high temporal and spatial resolution so that wake features can be derived. For the SWiFT campaign, the
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SpinnerLidar scanned continuously in a rose-pattern every 2 s (see Fig. 2), and the system internally subdivided the rose into
984 sections. The accumulated Doppler-shifted spectra at each of the sections was also recorded (Herges et al., 2017).
Once a scan was completed, the SpinnerLidar refocused at a different range and this process took about 2 s (Herges et al.,
2018). For the SWiFT campaign, few scanning strategies were adopted that are described below:
7

Figure 1. (Left): A sketch of the SWiFT layout that includes locations of the main devices (i.e., wind turbines, masts and the SpinnerLidar).
The red shaded area indicates that the SpinnerLidar scans in the wake of WTGa1 assuming winds from the south. The distances are normalized
with the rotor diameter D. (Right): The wind rose at the site derived from the 32-m sonic observations collected on METa1 during the
campaign.

– Strategy I: the SpinnerLidar scanned seven downstream distances: 1, 1.5, 2, 2.5, 3, 4, and 5 D. A full cycle (i.e., from 1
to 5 D) took 30–42 s. This dataset is suitable for investigating the wake deficit evolution and recovery behind the rotor;
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however, the frequency is too low to properly derive turbulence estimates or meandering dynamics.
– Strategy II: the SpinnerLidar scanned at the fixed distance of 2.5 D ensuring both high spatial and temporal resolution. ≈ 298 rosette scans were generated within a 10-min period. This dataset is suited for turbulence and meandering
investigations.

– Strategy III: the SpinnerLidar scanned at the fixed distance of 5 D behind the rotor, generating about 298 scans each
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10-min. During this period, power and load measurements were recorded on WTGa2. This dataset is suitable for load
validation analysis. Since it provides a description of the wake flow field, including velocity deficits, turbulence and
meandering at a distance that corresponds to typical spacings in wind farms, it is a valuable dataset for validating fullyresolved wake flow predictions as long as induction effects are accounted for.

230

3.2

Site conditions

For extended periods of the campaign, WTGa1 operated under large yaw misalignment, as wake steering strategies were being
investigated (Herges et al., 2017). To consider periods where WTGa1 is nearly aligned with the mean inflow, we filtered out
10-min periods characterized by an average yaw offset larger than ±10◦ compared to the free-stream wind direction (Conti
et al., 2020a). Further, we focus the analysis on periods for which the free-stream wind direction is within 90◦ –270◦ (thus
235

South winds, see Fig. 1-right). This leads to about 850 available 10-min periods.
8
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Figure 2. A schematic view of the SpinnerLidar’s scanning patterns at several distances (i.e., 1, 1.5, 2, 2.5, 3, 4, and 5 D) behind the WTGa1,
which is depicted in solid blue lines.

Figure 3 shows 10-min statistics of the hub-height turbulence intensity (T Iamb ), the power-law shear exponent (α), and the
power production of WTGa1 as function of the hub-height mean wind speed (Uamb ) based on the mast inflow measurements.
α is computed from the sonic measurements at 18 and 45 m. As shown, the site is characterized by a wide range of turbulence
and shear conditions, which are consequence of the varying atmospheric stability (Doubrawa et al., 2019; Conti et al., 2020a).
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Further, relatively low wind speeds are recorded (3–10 m/s); thus WTGa1 operates below rated power as seen in Fig. 3 (c).
Because of this range of operating conditions, high rotor thrust coefficients that induce strong wake deficits characterize this
dataset.
3.2.1

Atmospheric stability

Here, we investigate the variability of the wake flow characteristics under varying stability and inflow wind speed conditions.
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We classify each 10-min sonic-derived statistic into atmospheric stability classes defined by ranges of the dimensionless stability parameter (z/L), where L is the Obukhov length (Monin and Obukhov, 1954) computed from the sonic measurements
as:
L=−

u3∗ Θ

kgw0 Θ0v

(5)

,

where u∗ is the friction velocity, k = 0.4 is the von Kármán constant, g is the acceleration due to gravity, T is the mean surface250

layer temperature, the vertical velocity component is denoted by w, and Θ is the potential temperature (which we approximate

by the sonic temperature). The prime denotes fluctuations around the mean value and the overbar is a time average. We define
three main atmospheric stability classes based on z/L ranges by Peña (2019): unstable (−2 < z/L < −0.2), near-neutral
9
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Figure 3. Inflow wind and operational conditions at the SWiFT site. (a) hub-height turbulence intensity as function of the hub-height mean
wind speed based on the mast inflow measurements, (b) power-law shear exponent derived using observations from the 18 and 45 m sonic,
and (c) power productions of WTGa1 recorded from SCADA. Each marker represents a 10-min period.

(−0.2 < z/L < 0.2), and stable (0.2 < z/L < 2) atmospheric conditions. We use the measurements at the 18-m sonic to derive
the stability within each 10-min period.
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3.3

Data statistics

The statistics of the inflow wind parameters are presented in separate Tables 1, 2 and 3, according to the relative SpinnerLidar
scanning strategy. Table 1 presents data collected during strategy I. There is a sufficient amount of 10-min periods to characterize the variability of the wake deficit with respect to atmospheric stability, inflow wind speeds and downstream distances. The
table shows increasing turbulence levels under unstable compared to stable cases, whereas relatively high vertical wind shears
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are found under stable conditions, as expected. The dataset is thus suitable for analyzing the effects of atmospheric stability on
the wake recovery.
For Strategy II, represented in Table 2, less 10-min values are found; however this is sufficient to characterize wake turbulence
and meandering under different stability conditions. For Strategy III, represented in Table 3, the dataset is characterized by
stable conditions mainly, as the records correspond to night hours within three consecutive nights in July 2017 mainly.
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4

Lidar measurements processing

As lidars only measure the line-of-sight (LOS) velocity (vlos ), assumptions are needed to reconstruct the three-dimensional
wind field u = (u, v, w), where u is the longitudinal, v the lateral and w the vertical velocity component. If we neglect any
probe volume averaging along the beam, vlos depends on the unit directional vector n = (cos φ cos θ, cos φ sin θ, sin φ), which
describes the scanning geometry through the elevation (φ) and azimuth (θ) angles, and the wind field u,
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(6)

vlos (φ, θ) = u cos(φ) cos(θ) + v cos(φ) sin(θ) + w sin(φ).
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Table 1. Dataset from Strategy I. The data are classified according to wind speed bins of 1 m/s and three atmospheric stability classes;
stable (s), near-neutral (nn) and unstable (u). The number of 10-min samples is also indicated. α is the power-law shear exponent; T Iamb
is the turbulence intensity defined as the standard deviation of horizontal wind speed divided by the mean wind speed. The wind speed and
turbulence parameters are obtained from sonic observations at 32 m height.
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α

T Iamb

[m/s]

[-]

[-]
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s
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u

s

nn

u

s
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u
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5

3

6
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4
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4

11
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8

19
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5
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5
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0.27
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7
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22

6

30

8
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7

11
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7
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12

16

0.23
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0.02

7
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13

8

6

9

4

0.27
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7
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9

5
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3
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7

11

9

Table 2. Similar as Table 1, but for Strategy II
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α
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[-]

[%]

s
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u

s
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u

s
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u

5

2

4

12

0.16

0.07

0.01

7

14

12

6

-

1

8

-

0.04

0.01

-

13

12

7

9

-

8

0.22

-

0.10

10

-

14

8

3

5

1

0.18

0.12

0.05

10

12

14

Considering the small elevation angles and the typical low values of w, we assume w = 0 (Doubrawa et al., 2019, 2020;
Debnath et al., 2019). Following the approach of Doubrawa et al. (2020), we can combine the u- and v-velocity components
into a total horizontal wind vector, U , and Eq. (6) becomes
(7)

vlos (φ, θ, θ̄0 ) = U cos(φ) cos(θ − θ̄0 ),
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where θ̄0 is the yaw offset and the overbar indicates a smoothed signal, as we apply a moving average operator with a 15-s
window to the yaw misalignment to account for any temporal delay from the spatial distances among the mast, turbine’s nacelle
and SpinnerLidar measurements (Conti et al., 2020a). With Eq. (7), we can reconstruct horizontal wind velocity measures at
each individual scanned point within the rosette pattern. Further, we linearly interpolate the reconstructed wind speeds across
the rosette pattern into a two-dimensional regular grid with a 2-m resolution, which is sufficient to characterize the spatial
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characteristics of the wind field in wakes (Fuertes et al., 2018; Conti et al., 2020a).
11

Table 3. Similar as Table 1, but for Strategy III

4.1
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-

-
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-

-
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-

-
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2

-

-
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-

-

7

-

-

6
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-

-
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-

-

6

-

-

7
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-

-
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-

-

8

-

-

8
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2

-

0.21

0.04

-

8

14

-

9

2

2

-

0.18

0.02

-

10

12

-

Lidar-estimated wake deficit

To perform comparisons with predicted velocity deficits from the DWM model, we aim at isolating the contribution of the wake
deficit from that of the vertical wind shear in lidar measurements. As defined in Trujillo et al. (2011), the quasi-instantaneous
wake deficit profile can be obtained by subtracting the mean vertical shear profile (Uamb (z)) from the quasi-instantaneous
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wake recording as:
Udef (x, y, z) =

Uamb (z) − U (x, y, z)
,
Uamb (z)

(8)

where U (x, y, z) is estimated from lidar measurements using Eq. (7), and Uamb (z) is the relative 10-min average inflow vertical
wind speed profile measured at the mast. The deficit is then normalized with respect to the ambient wind speed profile. The
vlos measurements, and indeed the reconstructed U wind velocities, are defined on a coordinate system that is either attached
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to the nacelle (nacelle frame of reference, NFoR), which rotates with the yawing of the turbine, or to the ground (fixed frame of
reference, FFoR). To perform direct comparisons with the DWM model predictions, the lidar-estimated deficits obtained from
Eq. (8) need to be computed in the MFoR. Here, this is performed by tracking the wake center position through the method
of Trujillo et al. (2011), where a bivariate Gaussian shape is fitted to the velocity deficit flow field and the wake center is the

geometric centroid of the Gaussian:



A
1 (yi − µy )2 (zi − µz )2
295 fdef =
exp −
+
,
2
2
2πσwy σwz
2
σwy
σwz

(9)

where (µy , µz ) define the wake center location, (σwy , σwz ) are width parameters of the wake profile in the y and z directions,
respectively, (yi , zi ) denote the spatial locations of the lidar measurements, and A is a scaling parameter. Each scanned point of
the quasi-instantaneous wake recording can be translated into the MFoR using the estimated µy and µz from Eq. (9) (Reinwardt
et al., 2020). Therefore, we can compute the multiple wake recordings within a 10-min period in the MFoR, and subsequently
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compute flow statistics such as the ensemble-average deficit profile as well as the spatial distribution of the wake turbulence
in the MFoR. To ensure a high-quality fit, we reject scans where the estimated wake center location is within ≈ 10% of the
12

lateral bounds of the scanning area and at more than 0.75 D from the hub height in the vertical direction (Conti et al., 2020a;
Doubrawa et al., 2020).
Figure 4 illustrates ensemble-average measured deficit profiles in the MFoR at 2, 3, 4 and 5 D behind the rotor obtained
from all 10-min periods characterized by an incoming wind speed of 7 m/s, and under varying stability regimes (see Table 1 for
reference). We can clearly observe the impact of the atmospheric stability and in particular of the associated turbulence levels
on the wake recovery behind the rotor. A strong and well-defined symmetric wake deficit shape is seen under stable conditions
(top row), whereas the deficits recover faster moving downstream as the atmosphere becomes more unstable (bottom row).
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Figure 4. Ensemble-average velocity deficit profiles in the MFoR measured at 2, 3, 4 and 5 D behind the rotor for an inflow wind speed of
7 m/s under stable (upper row), near-neutral (middle-row) and unstable (lower row) conditions. The SpinnerLidar scanning pattern is shown
in red dots, whereas the turbine rotor area is illustrated by blue solid lines. The vertical and lateral coordinates are normalized by the rotor
radius and centered at hub height.
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4.2
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Lidar-estimated wake turbulence

Turbulence measures derived from lidar radial velocity measurements are ‘filtered’ because of their relatively large probe
volume (Peña et al., 2017) and so they are generally lower than those obtained from sonic observations. Nevertheless, if the
Doppler spectrum of the vlos is available, we can potentially circumvent the averaging effects and estimate the unfiltered
variance of vlos (Peña et al., 2017; Mann et al., 2010). Mann et al. (2010) assumes that the ensemble-averaged Doppler
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spectrum over a time period hS(vlos )i is related to the probability distribution of the vlos at the focus distance, and can be

computed as:
hS(vlos )i =

Z∞

−∞

(10)

ϕ(s)p(vlos |s)ds,

where ϕ(s) is the spatial averaging function of the lidar that depends on the position along the beam s, and p(vlos |s) denotes
the PDF of vlos at the location s. If we assume that the PDF of vlos is independent of s, (i.e., there is no velocity gradient
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along the beam), then Eq. (10) reduces to hS(vlos )i = p(vlos ). As a result, the vlos statistics (i.e., mean and variance) can be

computed from the first and second central moments of p(vlos ) as:
µvlos

+∞
Z
=
vlos p(vlos )dvlos ,
−∞

σv2los

+∞
Z
=
(vlos − µvlos )2 p(vlos )dvlos ,

(11)

−∞

where µvlos and σv2los denote the mean and unfiltered variance of vlos , respectively. Following the procedure of Peña et al.
(2019), we compute the ensemble-averaged Doppler spectrum within 10-min periods by thresholding the noise-flattened spectra with a value of 1.2 and correcting them by subtracting the background spectrum. We accumulate the LOS Doppler spectra
325

onto the regular grid of the scanned area and estimate µvlos and σv2los for each grid cell using Eq. (11). As discussed in Herges
and Keyantuo (2019), invalid measurements occur due to the boresight and ground return, as well as the return from the rotating rotor of WTGa2, if in operation. These invalid observations appear as very high return signal in the Doppler spectrum in
proximity of low wind speeds (i.e., at approximately 1 m/s) and are removed. The filtering effects due to the probe volume can
be quantified by computing the ratio between filtered and unfiltered LOS variances across the rosette pattern; we find ratios in
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the range 0.8–0.9 at 2.5 D, which vary according to stability conditions (not shown).
Examples of 10-min ensemble-averaged Doppler spectra obtained at three fixed locations across the scanned area, a wake
center, a wake edge, and a wake-free position, are shown in Fig. 5 for an incoming wind speed of 7 m/s and low turbulence.
A narrow spectrum with a single-peak distribution centered at about 7 m/s for the wake-free location (green) is seen, whereas
spectrum broadening effects induced by small-scale generated turbulence are noticeable for the positions within the wake. The

335

wake center (red) shows a wider spectrum with a peak at a significantly lower wind speed than the incoming flow, whereas the
wake edge (cyan) shows a double-peak distribution that may be partially due to the inhomogeneity of the wind field along the
beam (Herges and Keyantuo, 2019) and also due to the meandering occurring within the analyzed 10-min period.
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Figure 5. Examples of normalized Doppler LOS velocity spectra measured over a 10-min period at three different locations: wake center
(red), wake edge (cyan) and wake-free (green), for an incoming wind speed of 7 m/s.
2
estimates directly by
To characterize the spatial distribution of the wake turbulence within the scanned area, we derive σU

applying the variance operator to Eq. (7):
340

2
σv2los = σU
cos(φ)2 cos(θ − θ̄0 )2 ,

(12)

2
is the variance of the horizontal wind speed, and as shown, covariance terms are neglected. As the LOS is almost
where σU

never aligned with the u-velocity component across the rosette, except at the center of the pattern, σv2los can be ‘contaminated’
by the variances and covariances of the other velocity components (Peña et al., 2017). Therefore, the relation in Eq. (12) can
lead to inaccurate estimations of the longitudinal velocity variances. Peña et al. (2019) estimated the contamination of different
345

components on the LOS variances for the SpinnerLidar, and showed that the ratio of the unfiltered LOS velocity variance to
the variance of the longitudinal velocity component is generally lower than one across the scanned area, except at the center
where the ratio is one, and within an area above the center where it can be higher than unity. Although the adopted retrieval
assumption in Eq. (12) introduces uncertainties in the turbulence measures, we can account for the expected errors in the
Bayesian inference framework.

350

2
Figure 6 illustrates the spatial distribution of the unfiltered σU
computed in the MFoR, normalized with the u-velocity
2
variance of the ambient wind field measured at the 32-m sonic (σu,amb
). Under stable conditions, and for a downstream

distance of 2.5 D, we can observe an enhancement in turbulence levels in proximity of the rotor tips, especially in the upper
part of the rotor (see Fig. 6 (a)). The observed added turbulence is caused by the breakdown of the rotor tip vortices. These
features are no longer noticed as the atmosphere becomes more unstable, where a more uniform and less prominent distribution
355

of the turbulence is found (see Fig. 6 (b) and (c)).
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5

Calibration of the DWM model

The calibration of the wake deficit and wake-added turbulence components are conducted in the MFoR using a Bayesian
inference framework. We describe the Bayesian model in Sect. 5.1, provide calibration results for the wake deficit in Sect. 5.2,
and for the wake-added turbulence in Sect. 5.3. We investigate wake meandering dynamics separately in Sect. 5.4.
360

5.1

Bayesian inference formulation

The basis of the Bayesian inference is to estimate the probability distribution of the model parameters based on available
observations. Let θm = {k1 , k2 , ..., km1 , km2 } be a set of model parameters to be estimated using lidar-derived wake features

(i.e., wake deficit and wake-added turbulence profiles in the MFoR) denoted by yd = {yd1 , yd2 , ..., ydn }, where n is the number
of available observations. We consider that the experimental data and the model predictions satisfy the prediction error equation:
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(13)

yd = ĝ(θm , Xm ) + ,

where ĝ(θm , Xm ) denotes the DWM model predictions obtained from a particular set of model parameters (θm ) and a set
of observable variables (Xm ). Here Xm = {T Iamb , Uamb , α, CT , x, y, z} includes the inflow wind conditions measured at the

mast (T Iamb , Uamb , α), the rotor thrust coefficient of the turbine (CT ), which is derived from the BEM model (Madsen et al.,
2010), and the spatial locations of the scanning pattern (x, y, z).  = y + m denotes a random prediction error composed
370

of two terms: the measurement error y and the model prediction error m . The former is described by a zero mean normal
distribution with standard deviation σy , which is determined from field observations. The latter is assumed to have zero mean,
which implies unbiased model predictions, and a standard deviation σm to be determined by the Bayesian estimation along
with the model parameters. To facilitate statistical inference, we assume Xm as deterministic inputs (i.e., free of uncertainty),
16

and that the model error m is independent on the set of input variables Xm , and described by a normal distribution. This
375

implies that the model predictions are normally distributed for a given Xm , which is a reasonable choice for wake deficit
profiles. The Bayesian approach for model calibration deals with updating the combined parameter set (θm , σm ), given a set
of observations (yd , Xm ) by applying the Bayes theorem:
f (θm |yd ) =
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f (yd |θm , σm )f (θm , σm )
,
f (yd )

(14)

where f (θm |yd ) is the updated posterior distribution of the model parameters, f (θm , σm ) is the prior distribution that is typically assigned based on subjective or previous information, f (yd |θm , σm ) denotes the likelihood of observing the data yd

from a model with corresponding θm parameters, and f (yd ) is the prior predictive distribution that is defined as the marginal
R
distribution f (yd ) = f (yd |θm , m )f (θm , σm )dθm dm . By using the prediction error in Eq. (13) and assuming that the erPy
Pm
d = diag(σ 2
ror terms are jointly normal with a zero mean vector and covariance matrix
= diag(σ2m ), the
yd ) and
P
measured quantities follow the normal distribution yd ∼ N (ĝ(θm , Xm |yd ),  ), where the covariance matrix takes the form
P
Py
Pm
d +
. As a result, the likelihood function of observing the data follows the multi-variable normal distribution
=
defined as:

P −1/2


X−1
| |
1
T
[yd − ĝ(θm , Xm |yd )] ,
exp − [yd − ĝ(θm , Xm |yd )]
f (yd |θm , m ) =

2
(2π)1/2

(15)

where the |.| denotes the determinant. The analytical and differentiable solution of the posterior distribution of the parameters in

the N-S equations with the eddy viscosity term of Eq. (1) is not readily available. Therefore, we employ a numerical sampling
390

method to approximately evaluate the posterior distribution, and its first and second moments. Here, the adaptive No-U-Turn
Markov chain Monte Carlo (MCMC) sampler is employed to generate samples from the posterior distribution (Hoffman and
Gelman, 2014; Salvatier et al., 2016).
The outcome of the calibration is a joint probability distribution of the inferred model parameters. From this joint PDF, we
can estimate the posterior PDF of any wake feature simulated by the DWM model, i.e., the wake deficit/wake-added turbulence
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profiles in the MFoR, or the fully-resolved wakes in the FFoR, among others, which we denote by q:
Z
f (q|yd ) = f (q|θm )f (θm |yd )dθm .

(16)

Θ

The posterior distribution of the wake feature q in Eq. (16) can be solved numerically using sampling methods (e.g., Monte
Carlo simulations) so its first and second moment can be estimated.
5.2
400

Wake deficit parameter estimation

We use lidar-derived wake deficit profiles in the MFoR collected during Strategy I and Strategy II, and employ the Bayesian
model to infer uncertainty in the k1 and k2 parameters of the eddy viscosity term in Eq. (1). These parameters were found to be
the most sensitive on the resulting wake deficit predictions (Keck et al., 2012). The prediction model of Eq. (13) is constructed
as following. The experimental data (yd ) comprises two-dimensional ensemble-average lidar-estimated deficit profiles binned
17

according to downstream distances (2, 3, 4 and 5 D), atmospheric stability (i.e., stable, near-neutral and unstable), and wind
405

speed bins of 1 m/s in the range 3–9 m/s. The set of observable variables comprises Xm = {T Iamb , Uamb , α, CT , x, y, z},

where the inflow parameters (T Iamb , Uamb , α) are provided in Tables 1 and 2; the rotor thrust coefficient CT is derived from
the BEM model implemented in the aeroelastic code HAWC2 (Larsen and Hansen, 2007) and based on the aerodynamics and
airfoil inputs of the SWiFT turbine (Doubrawa et al., 2020) (CT =0.84 that is nearly constant for wind speeds below 9 m/s); and
x, y and z refer to the spatial coordinates of the deficits resolved in the MFoR. The uncertainties in measured deficit profiles
√
410 are computed as yd (r) = σ(r)/ n, where σ(r) is the standard deviation of all 10-min deficits within the analyzed case at the
radial position r, and n is the number of 10-min periods (also referred to as samples in Table 1).
We select uniform prior distributions on model parameters k1,prior ∼ U(0.001, 0.2) and k2,prior ∼ U(0.001, 0.2) on intervals

that consider physical constraints, ensuring convergence of results, and covering previous calibrations reported in the literature.
Thus, we employ a MCMC algorithm to sample from the posterior PDFs of the calibration parameters using the Bayesian
415

framework. The inferred joint and marginal posterior distributions of the model parameters (k1 and k2 ) are shown in Fig.
7, together with point values from earlier studies (Madsen et al., 2010; Keck et al., 2012; Larsen et al., 2013; IEC, 2019;
Reinwardt et al., 2020). As shown, the lidar-based wake deficits are informative and we obtain well-defined posteriors that
follow a normal distribution with k1 ∼ N (0.081, 0.017) and k2 ∼ N (0.015, 0.003). The negative correlation between k1 and

k2 seen in Fig. 7 indicates the interdependence of the physical induced-effects, as both parameters contribute to turbulence
420

diffusion. It is found that the posterior means of the informed parameters k1 and k2 differ from those recommended in the IEC
standard (IEC, 2019). Generally, low k1 and k2 values attenuate the degree of turbulence mixing in the wake, which lead to
strong velocity deficits persisting at farther downstream distances. We provide the statistical properties (mean, variance and
coefficient of variation) of the inferred parameters in Table 4 and correlation measures in Table 5.
5.2.1

425

Wake deficit predictions in the MFoR

We propagate the uncertainties of k1 and k2 to predict wake deficits in the MFoR, and compare them with the ensembleaverage lidar-derived profiles in Fig. 8. First, we observe that the lidar-estimated deficits exhibit a faster wake recovery as
the atmosphere becomes more unstable compared to stable regimes. This effect is mainly caused by the enhanced turbulence
mixing occurring under unstable conditions, as they are characterized by ambient turbulence levels 2–3 times higher than
those of the stable cases (see Table 1). The lidar-observed maximum deficit varies between 30% and 60% within the first five

430

rotor diameters, depending on the inflow turbulence conditions. Similar behaviors were reported in recent lidar measurement
campaigns (Iungo and Porté-Agel, 2014; Machefaux et al., 2016; Fuertes et al., 2018; Zhan et al., 2020b). The lidar-estimated
deficits are approximately Gaussian under stable to near-neutral conditions, whereas the Gaussian shape is lost under more
unstable conditions. This may result from errors in the wake tracking procedure due to the larger meandering amplitudes, and
also due to the presence of large-scale turbulence structures in the inflow (Conti et al., 2020a). The rotor thrust is another factor

435

governing the variability of the wake recovery (Zhan et al., 2020b), however, its influence is secondary for the here-analyzed
dataset due to the relatively low incoming wind speeds and relatively constant thrust coefficients (Conti et al., 2020a).
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Figure 7. Joint and marginal posterior PDFs of k1 and k2 parameters. The uncertainty regions representing the 10%, 30%, 66% and 95%
confidence intervals are shown. The histograms obtained from 40000 MCMC samples and the corresponding empirical PDFs are also
included. The calibration parameters from early studies are shown with red markers and discussed in the text.

The DWM-predicted deficit profiles with parameters specified by their posterior distributions are in good agreement with
the lidar observations for distances beyond 4D (see Fig. 8). For these distances, the turbulence mixing effects dictated by the
ambient and self-generated wake turbulence on the deficit recovery are fairly well-captured by the inferred parameters. The
440

nominal model predictions generally fit the observations, whereas an overlap between the measurements and the region of
modeling uncertainty is found. The largest deviations between predicted and measured deficits are found at shorter distances
(2–3D) and mostly under unstable conditions. These deviations are mainly due to both the model inadequacy to simultaneously
fit all the experimental measurements and experimental uncertainties. Similar findings were reported in Keck et al. (2015) and
Machefaux et al. (2016), who showed the inaccuracy of deficit predictions at short distances.
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It can be observed that the uncertainties in k1 and k2 parameters primarily influence the depth of the wake (i.e.,the maximum
deficit), while their sensitivity decrease significantly with the outer radial distance. It is also noticed that the uncertainty of the
deficit predictions increases for high ambient turbulence and far downstream distances. This is because both k1 is proportional
to T Iamb in Eq. (1) and the increasing sensitivity of the model parameters to wake recovering. To provide a measure of the
uncertainty of wake deficit predictions, we compute the coefficient of variation COV = σ/µ, where σ is the standard deviation

450

and µ is the mean value of the maximum deficit, obtained by propagating the PDFs of k1 and k2 , as in Eq. (16). We find
COV = 3% under stable conditions (Tamb =0.07) that increases to 6% under unstable conditions (Tamb =0.14) for an incoming
wind speed of 7 m/s. This result confirms that the uncertainty of wake deficit predictions increases for higher turbulence, but it
19

also shows that uncertainties in k1 and k2 parameters do not lead to uncertainty of the same magnitude on deficit predictions
resolved in the MFoR (for reference COVk1 = 21% and COVk2 = 19% as reported in Table 4).
455

We provide comparisons between measured and predicted wake deficit profiles using the calibration from this work as well
as those reported in early studies in Fig. 9. For this particular analysis, we analyze predictions at 5D behind the rotor for an
inflow wind speed of 7 m/s under stable, near-neutral and unstable regimes. The main discrepancy among the models is the
relative sensitivity of the wake recovery to the ambient turbulence. This is primarily governed by k1 ; however, in the eddy
viscosity model of Larsen2013 (Larsen et al., 2013), IEC2019 (IEC, 2019), and Reinwardt2020 (Reinwardt et al., 2020), it also

460

depends on a nonlinear coupling function Famb (T Iamb ) that attenuates the wake recovery for turbulence above ≈ 12% (see

Fig. 6 in (Larsen et al., 2013)). This function was introduced to fit the power productions at the Egmond aan Zee offshore wind
farm and it is not based on observations of the wake field (Larsen et al., 2013). The wake recovery predicted with the models
of Larsen2013 (Larsen et al., 2013) and IEC2019 is practically insensitive to ambient turbulence at downstream distances up to
5D. Similar outcomes are reported in Reinwardt et al. (2020), who showed that the model of Larsen2013 provided conservative
465

deficits for ambient turbulence up to 16% (see Fig. 13 in Reinwardt et al. (2020)). The eddy formulation by Keck et al. (2012)
in Eq. (1) is able to capture accurately the wake recovery for increasing ambient turbulence. The current calibration of the
DWM model in the IEC standard provides conservative predictions especially for turbulence above 12%. Note that this can
strongly impact the accuracy of power predictions within wind farms.
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Figure 8. Comparison between measured and predicted ensemble-average spanwise velocity deficit profiles resolved in the MFoR at hub
height and obtained at 2, 3, 4 and 5 D behind the rotor (from left to right); and for inflow wind speeds ranging 3–8 m/s with 1 m/s bin
(from top to bottom panel). The SpinnerLidar-measured (markers) and DWM-predicted (solid lines) deficits are shown for each stability
class (stable in blue, near-neutral in green and unstable in red). The errorbars represent the measurements uncertainty, while the shaded areas
represent the uncertainty of the model predictions; both sources of uncertainty refer to the 95% confidence interval (see Table 1 for details
on the inflow wind conditions).
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Figure 9. Ensemble-average spanwise velocity deficit profiles computed in the MFoR at hub height obtained at 5D behind the rotor for an
incoming wind speed of 7 m/s under stable (blue), near-neutral (green) and unstable (red) atmospheric conditions. The measured turbulence
intensities are 7, 12 and 16%, respectively. The SpinnerLidar-measured profiles are shown in markers and their relative 95% confidence
interval by the error bars. The DWM-predicted deficits are shown in solid lines; each panel refers to model predictions using calibration
parameters from a number of studies (see text for more details). The ‘Calibrated’ panel refers to the model proposed in the current study,
while the shaded areas indicate its 95% confidence interval.

5.3
470

Improved wake-added turbulence formulation

The wake-added turbulence model (Eq. 3) assumes that turbulent structures (i.e., tip and root vortices) are unaffected by atmospheric turbulence. The rotor-induced vortices are rapidly disrupted under high turbulence conditions causing the breakdown
within the first 2D (Madsen et al., 2005). However, vortices can persist and extend at farther distances under low to moderate
turbulence combined with stable stratification conditions (Ivanell et al., 2009; Subramanian et al., 2018; Conti et al., 2020a).
Thus, the wake-added turbulence profiles can exhibit a more pronounced double-peak feature in the proximity of the rotor tips
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or a more uniform distribution depending on the atmospheric turbulence conditions (this effect is also seen in Fig. 6). Eq. (3)
also assumes radially symmetric wake-added turbulence profiles. However, the inflow vertical wind shear re-distributes the
wake turbulence. Enhanced turbulence levels are actually observed in the proximity of the upper tip of the rotor blade (Vermeer
et al., 2003; Chamorro and Porte-Agel, 2009; Conti et al., 2020a). Figure 6 (a) shows this effect.
Due to these two assumptions, we propose an improved semi-empirical formulation of the wake-added turbulence scaling
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∗
factor kmt
, which produces wake profiles in better agreement with the lidar observations. This is achieved by relating both the

depth and the velocity gradient terms to the ambient turbulence, and by including the effect of the inflow vertical wind shear
on the vertical velocity deficit gradient as:
∗
∗
∗
kmt
(y, z) =| 1 − Udef (y, z) | (km1
T Iamb + kq1
)+

∗
∂Udef
(y, z)
∗
∗
(km2
T Iamb + kq2
),
∂y∂z

(17)

∗
∗
∗
∗
where Udef (y, z)∗ = (U (z)Udef (y, z))/max (U (z)Udef (y, z)), and km1
, kq1
, km2
, kq2
are parameters to be determined using

485

Bayesian inference. Figure 10 illustrates the two-dimensional profiles of the depth and velocity deficit gradient terms of Eqs.
(3) and (17). As illustrated, by including the term Udef (y, z)∗ , we obtain a turbulence field that mimics qualitatively well the
observed enhanced turbulence within the upper wake region.
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Figure 10. DWM-predicted flow characteristics. (Left) velocity deficit; (middle-left) velocity deficit term with combined vertical shear profile
Udef (y, z)∗ ; (middle-right) gradient of the velocity deficit; (right) gradient of the profile resulting from the combined velocity deficit and the
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5.3.1

Estimation of wake-added turbulence parameters

The calibration parameters in Eq. (17) are inferred based on the lidar-estimated wake-added turbulence profiles in the MFoR
490

collected during Strategy II. For this particular dataset, the SpinnerLidar scans at a fixed distance of 2.5D ensuring about 298
scans for every 10-min period. The inflow characteristics are reported in Table 2. As the Doppler LOS velocity spectrum is
available, we derive unfiltered LOS variances as described in Sect. 4.2, and subsequently the turbulence intensity as the ratio of
the standard deviation to the mean of the horizontal wind speed. From Eq. (2), we can isolate T Iadd (wake-added turbulence
term) by firstly resolving the wake recordings in the MFoR, which eliminates the contribution of T Im , and then by subtracting
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T Iamb that is derived from the 32-m sonic observations in front of the rotor.
As a first step, we fit the ‘original’ analytical formulation of kmt from Eq. (3) to each individual lidar-estimated wake-added
turbulence profile to estimate the values of km1 and km2 using a simple least-squares optimization algorithm. Figure 11 a,d
show the relation between the estimated optimal parameters (in markers) and the ambient turbulence. It is shown that km1
increases and km2 decreases almost linearly for increasing turbulence intensity. This indicates the strong effect of the deficit
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gradient term (proportional to km2 in Eq. (3)) under low turbulence conditions, which both amplifies the double-peak feature
of the wake turbulence profile at the rotor tips and mimics the wake vortices. As the ambient turbulence increases, km1 and
lower km2 become larger, which indicates a more uniform distribution of the wake turbulence. These effects are observed in
Fig. 11 b,c (see markers), which shows the spanwise distribution of the lidar-derived wake-added turbulence for two 10-min
periods with relatively low and high values of ambient turbulence intensity, 7% and 12%, respectively. We also compare the
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measured and predicted vertical distribution of T Iadd in Fig. 11 e,f, which shows that slightly improved predictions can be
obtained using Eq. (17), i.e., considering the effects of the atmospheric shear on wake turbulence.
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∗
∗
∗
∗
To infer the posterior PDFs of km1
, kq1
, km2
and kq2
, we assign prior distributions based on the linear dependencies observed

in Fig.11 a,d, namely km1,prior ∼ U(0, 6), kq1,prior ∼ U(0, 0.1), km2,prior ∼ U(−50, 10) and kq2,prior ∼ U(0, 5), as well as
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k1 ∼ N (0.081, 0.017) and k2 ∼ N (0.015, 0.003) previously estimated in Sect. 5.2. The uncertainties in lidar-derived wake-

added turbulence profiles account for errors introduced by the flow modeling assumptions of Eq. (12), which neglects cross-

contamination effects on the LOS variance. We define these errors as zero-mean normally distributed with standard deviation
σyd = 0.1 · Tadd (y, z), which leads to a coefficient of variation of 10% (Peña et al., 2019).

The resulting posterior PDFs of the parameters follow a normal distribution (not shown) with statistical properties tabulated

∗
∗
∗
∗
in Table 4. We provide the mean values of the inferred km1
, kq1
, km2
, kq2
values in the form of a linear regression model that
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relates the depth and deficit gradient terms of Eq. (17) to the ambient turbulence in Fig. 11 a,d. The shaded area represents the
95% confidence interval, which is obtained by propagating the PDFs of the turbulence-related and wake deficit parameters. As
shown, the predictions are characterized by a relatively high degree of uncertainty. This is because, e.g. there are few available
observations to characterize turbulence, the measurements uncertainties are relatively high, and the modeling simplifications,
∗
factor. We provide the correlations among all the inferred parameters obtained from the joint
such as the semi-empirical kmt
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∗
∗
∗
∗
PDF in Table 5. As expected, the wake deficit parameters k1 and k2 are negatively correlated to km1
and kq1
, as km1
and kq1

are proportional to the wake deficit term in Eq. (17), which is the main driver to the intensity of the wake-added turbulence.
5.4

Wake meandering

Here, we investigate the relationship between the inflow turbulence fluctuations and the lidar-tracked wake positions to characterize the large-scale eddies responsible for the meandering. The analysis is carried out by comparing the spectra of the
525

lidar-tracked meandering time series, which are derived by means of the tracking algorithm in Eq. (9), with that simulated from
the meandering model in Eq. (4), where vc and wc are obtained from the sonic observations at 32 m. Yaw misalignment from
SCADA is also included. We conduct the analysis using the dataset collected at 2.5 D behind the rotor during Strategy II, and
classify all the available 10-min periods according to stability to derive ensemble-average spectra from multiple observations
with similar inflow conditions. Note that the measured inflow wind speeds are below rated, and turbulence levels from all 10
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min periods within each stability class are similar as those reported in Table 2.
Results of the spectral analysis for both lateral and vertical meandering are shown in Fig. 12. Here, the ensemble-average
spectra from the SpinnerLidar observations are compared to those from the meandering model without low-pass filtering the
incoming turbulence fluctuations (denoted as DWMwf ). The spectra are normalized with their relative variances and plotted
as function of the commonly used Strouhal number St = f D/U∞ , where f denotes frequency and U∞ is the aggregated wind
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speed from the ensemble-average statistics. As shown, the slope of the lidar-based spectra (red lines) matches that of DWMwf

(blue lines) up to St = 0.3–0.5, which corresponds to three and two rotor diameters, respectively. For St > 0.5, the energy
content of the lidar-estimated spectra remarkably decreases compared to that of DWMwf . These observations indicate that
large-scale turbulent structures (>2D) are dominant in the wake meandering (Trujillo et al., 2011; Heisel et al., 2018). When
compared to the stable case, the spectra under unstable conditions show a higher energy content at large turbulence scales, or
540

equivalently low Strouhal number.
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Figure 11. Wake-added turbulence predictions. (a) and (d) show the relation of both km1 and km2 in Eq. (3) to ambient turbulence. The linear
regression model that is determined using Bayesian inference is shown in solid lines, whereas the shaded areas indicate the 95% confidence
interval obtained by propagating the posterior PDFs of the parameters. The comparison between measured (markers) and predicted (lines)
lateral wake-added turbulence profiles resolved in the MFoR at hub height and obtained at 2.5D behind the rotor are shown in (b) and (c), for
TIamb = 7% and 12%, respectively, whereas the relative vertical profiles are shown in (e) and (f). The error bars indicate the measurements
uncertainty, whereas the shaded areas that of the model predictions relative to the 95% confidence interval.

Figure 12 shows that a stochastic description of the large-scale eddy size might be appropriate. Thus, we describe the largescale eddies responsible for the wake meandering by introducing the stochastic variable Dm , which is normally distributed
with mean equal to 2.5D (it corresponds to the wake diameter at 5D behind the rotor) and a standard deviation of 0.3D based
on the observations in Fig. 12. The resulting 95% confidence intervals are shown as shaded areas in Fig. 12. The uncertainty in
545

Dm is found negligible when computing wake meandering time series; this is shown in Appendix A.
6

Validation of the DWM model

The validation is performed by resolving wake fields in the FFoR, thus the simulated wakes include the combined effects of
the velocity deficit, added turbulence, and wake meandering dynamics in both lateral and vertical directions. This analysis is
carried out using data from Strategy III, i.e., at a fixed distance of 5D behind the rotor, ensuring a sufficient amount of scans
550

to derive unfiltered turbulence estimates as well as wake meandering time series within a 10-min period. The analyzed dataset
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Figure 12. Normalized ensemble-average PSD of the lateral and vertical wake meandering tracked by the SpinnerLidar (red) and that derived
using the meandering model (DWMwf shown in blue), under stable (column a), near-neutral (column b), and unstable conditions (column
c). The ensemble-average PSDs are computed for data collected at 2.5 D behind the rotor and are normalized with their relative variances.
The 95% confidence interval in the large-scale eddies definition is shown by the grey area (see text for more details).

is primarily characterized by stable conditions as seen in Table 3, i.e., low turbulence intensities (6–8%) and strong vertical
shears (α = 0.18–0.38). The wind speed is mainly lower than 9 m/s, thus WTGa1 operates below rated power.
6.1

Correction for rotor induction effects

The SpinnerLidar measurements collected during Strategy III were taken in the induction zone of the WTGa2. For induction
555

correction, we employ the two-dimensional induction model of Troldborg and Meyer Forsting (2017), which accounts for both
longitudinal and radial variation of the induced wind velocity:
"
! 
2 #
ξx
2
,
Cind = 1 − a0 1 − p
·
exp (+βa a ) + exp (−βa a )
1 + ξx2

where a0 is the induction factor at the rotor center area, a0 = 0.5(1 −

(18)

√

1 − γa CT ), γa = 1.1 (Troldborg and Meyer Forsting,
p
2017), ξx = x/R is the distance upfront the rotor normalized by the rotor radius, ρa = y 2 + z 2 /R denotes the radial disp
√
560 tance from the rotor center axis, and a = ρa / λa (ηa + ξx2 ) being βa = 2, αa = 8/9, λa = 0.587, ηa = 1.32 (Troldborg and
Meyer Forsting, 2017; Dimitrov, 2019). The lidar-measured wind speed across the scanned area is scaled by the induction
26

factor in Eq. (18). The estimated induction factors indicate that the wind speed can be reduced at hub height by up to 12%
upstream the WTGa2 and below rated power (not shown).
6.2
565

Uncertainty propagation of simulated wake fields in the FFoR

We derive the two-dimensional spatial distribution of the mean wind speed in the wake region (UF F oR ) by the convolution
between the wake deficit in the MFoR (Udef,M F oR ), and the PDF of the meandering path (fm ) (Keck et al., 2015):
UF F oR (y, z, k1 , k2 , Dm , ym, , zm, ) =

α Z Z
z
Uamb
Udef,M F oR (y − ym + ym, , z − zm + zm, , k1 , k2 ) · fm (ym , zm , Dm , ym, , zm, )dym dzm ,
zhub

(19)

where (ym , zm ) denote the spatial coordinates of the wake meandering time series, and (ym, , zm, ) are measures of their relative uncertainties. We introduce these errors to account for incorrect wake tracking positions that can arise due to the adopted
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wake tracking algorithm. ym, and zm, are assumed to be uncorrelated and to follow a normal distribution with zero mean
and standard deviation such as the 95% percentile corresponds to approximately 4 m, which is twice the resolution adopted to
interpolate SpinnerLidar measurements onto the regular grid (see Sect. 4). Note that the atmospheric shear profile Uamb (z) is
superposed after the wake deficit calculation (Madsen et al., 2010). Similarly, the two-dimensional spatial distribution of the
u-velocity variance (σu2 F F oR ) can be computed as:
∗
∗
∗
∗
σu2 F F oR (y, z, k1 , k2 , km1
, kq1
, km2
, kq2
, Dm , ym, , zm, ) = σu2 amb +
Z Z
((UM F oR (y − ym + ym, , z − zm + zm, , k1 , k2 ) − UF F oR (y − ym + ym, , z − zm + zm, ))2 +

2
∗
∗
∗
∗
∗
kmt,M
F oR (y − ym + ym, , z − zm + zm, , k1 , k2 , km1 , kq1 , km2 , kq2 ) · UM F oR (y − ym + ym, , z − zm + zm, , k1 , k2 ) )

· fm (ym , zm , Dm , ym, , zm, )dym dzm ,

(20)
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where UM F oR = Uamb (z)Udef,M F oR , UF F oR is derived from Eq. (19), and σu2 amb is the variance of the ambient u−velocity
component. Alternatively, UF F oR and σu2 F F oR can be equivalently derived by superposing the wake deficit and the wake-added
∗
turbulence factor kmt
on stochastic turbulence fields with constrained meandering path, and subsequently by computing the

first- and second-order statistics of the synthetic wind fields. However, the analytical forms in Eqs. (19) and (20) can be easily
580

used to propagate the posterior PDFs of the calibration parameters to predict profiles of UF F oR and σuF F oR with relative
uncertainties. The inflow parameters (Uamb , α and σu2 amb ) in Eqs. (19) and (20) are required inputs for the DWM model and
are estimated from mast measurements.
We compute UF F oR and σuF F oR from Eqs. (19) and (20) by constraining the meandering path (fm ) either using the lidartracked meandering time series, which we denote as DWM∗ , or by using the meandering model in Eq. (4) with low-pass filtered
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vc - and wc -velocity fluctuations obtained from the 32-m sonic and the yaw misalignment of WTGa1 obtained from SCADA,
which we denote as DWM∗∗ . In the latter model, the low-pass filtered frequency is defined as function of the stochastic
27

Table 4. Mean (µ), standard deviation (σ) and coefficient of variation (COV= σ/µ) estimated from the posterior PDFs of model parameters.
The values of k1 , k2 , σdef , km1 , kq1 , km2 , kq2 and σadd are determined using Bayesian inference. Dm denotes the spatial size of the
large-scale eddies governing wake meandering dynamics, and ym, and zm, denote the wake tracking position errors expressed in meters.
Modules

wake deficit

wake-added turbulence

wake meandering

k1

k2

σdef

∗
km1

∗
kq1

∗
km2

∗
kq2

σadd

Dm

ym, [m]

zm, [m]

µ

0.081

0.015

0.05

1.33

-0.02

-5.61

1.09

0.03

2.5

0

0

σ

0.017

0.003

0.004

0.14

0.014

0.97

0.09

0.001

0.3

1.5

1.5

COV

21%

19%

7%

10%

59%

28%

10%

3%

12%

-

-

Table 5. Correlation coefficients between model parameters estimated using Bayesian inference.

k1

k1

k2

σdef

∗
km1

∗
kq1

∗
km2

∗
kq2

σadd

1

-0.73

<0.01

-0.15

-0.02

0.02

-0.06

-0.06

k2

-0.73

1

<0.01

-0.12

<0.01

<0.01

-0.01

<-0.01

σdef

<0.01

<0.01

1

<0.01

<0.01

<0.01

<0.01

<0.01

∗
km1

-0.15

-0.12

<0.01

1

-0.61

-0.21

-0.57

-0.01

∗
kq1

-0.02

<0.01

<0.01

-0.61

1

0.19

-0.26

0.06

∗
km2

0.02

<0.01

<0.01

-0.21

0.19

1

-0.47

-0.03

∗
kq2

-0.06

-0.01

<0.01

-0.57

-0.26

-0.47

1

-0.03

σadd

-0.06

<0.01

<0.01

-0.01

0.06

-0.03

-0.03

1

variable associated to the size of the large-scale eddies (Dm ) as discussed in Sect. 5.4. Figure 13 shows the comparison
between observed and predicted (with both DWM∗ and DWM∗∗ models) profiles of the mean wind speed and its standard
deviation obtained from two different 10-min periods.
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A good agreement between measurements and predictions is found. The vertical profile of the mean wind speed exhibits a
single-peak shape resulting from the combined effects of the inflow vertical shear (modeled by a power-law) and the wakeinduced Gaussian-like deficit shape. The wake turbulence in the lateral direction exhibits a double-peak shape with larger
values near the locations associated with strong velocity gradients that are further enhanced by the wake meandering. Enhanced turbulence levels in proximity of the upper wake region are observed from lidar measurements. The deviations between
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DWM∗ - and DWM∗∗ -model predictions are more pronounced for the simulated turbulence than for the wind speed fields, and
are exclusively due to differences in the meandering representations.
The wake simulations uncertainties shown in Fig. 13 are determined by propagating uncertainties in model parameters (Table
4), and by accounting for relative correlations (Table 5) using Monte Carlo simulations. The uncertainties of lidar-measured
wind speeds account for volume averaging effects and for errors introduced by the retrieval assumptions (e.g., w sin(φ) = 0
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m/s) (Debnath et al., 2019). The uncertainties of lidar-derived turbulence (here defined as the standard deviation of the wind
speed) account for errors introduced by neglecting cross-contamination effects in Eq. (12) (Peña et al., 2019).
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Figure 13. Comparisons between SpinnerLidar-measured (SL) and DWM-predicted spatial distribution of the mean and standard deviation
velocity computed in the FFoR and obtained at 5D in the wake region for two 10-min periods. The predictive DWM model that incorporates
the SpinnerLidar-tracked meandering time series are denoted by DWM∗ (red line), and that based on the meandering model complemented
with measured inflow turbulence fluctuations from the mast and yaw offsets are denoted by DWM∗∗ (blue line). The solid lines represent
the mean predictions, whereas the shaded areas indicate the 95% confidence intervals. The uncertainties in measurements are shown with
errorbars. The top-view profiles are centered at hub height, whereas the side-view profiles along the vertical symmetry plane of the wake.

To evaluate the performance of the DWM model, we calculate two flow metrics that are relevant in aeroelastic simulations
(Dimitrov et al., 2018; Murcia Leon et al., 2018) and compare them to relative measured quantities: the rotor effective wind
speed (Uef f ) defined as the weighted sum of wind speeds across the rotor area, and the effective wake turbulence (σu,ef f ) that
605

is derived as the weighted sum of turbulence estimates across the rotor. Figure 14 shows the one-to-one comparison between
measured and DWM∗ -model predicted flow metrics for all 10-min periods. Similar statistics are obtained with the DWM∗∗ model (not shown). We find a slope that deviates < 1% from unity and R2 = 0.95 for Uef f and a bias of 4% and R2 = 0.93
for σu,ef f . The observed scatter is explained by the large measurement uncertainties, by the uncertainties of inflow wind
parameters, and by those of the model predictions. The latter is estimated by propagating uncertainties of model parameters

610

provided in Table 4, which result in a COV of 1% for Uef f , and of 3% for σu,ef f . These findings indicate that the inferred
uncertainties in model parameters do not propagate into an error of the same magnitude on the fully-resolved wakes that are
eventually input to aeroelastic simulations.
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Further, a sensitivity analysis indicates that the variations in Uef f and σu,ef f are mostly explained by the uncertainties
in k1 and k2 and the wake tracking position ym, , zm, . This is shown in Appendix B. The contribution of the wake-added
615

turbulence from Eq. (17) on the total wake turbulence σu,ef f in the FFoR is marginal and accounts for approximately 2–7%.
The turbulence induced by the meandering of the wake deficit is thus the major source of added turbulence (Madsen et al.,
2010).
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Figure 14. Comparison of the SpinnerLidar-measured (SL) and DWM∗ -predicted rotor-effective wind speeds Uef f (a), and rotor-effective
turbulence σu,ef f (b). The DWM∗ predictions are obtained by constraining the meandering on the basis of SpinnerLidar-tracked wake
displacements.

7

Discussion

Atmospheric stability significantly impacts wake evolution and recovery (Iungo et al., 2013; Zhan et al., 2020b). SpinnerLidar
620

measurements of the wake show that the wake recovers faster under unstable compared to stable conditions primarily due to the
high turbulence levels of the former. The wake effects can be predicted accurately by the DWM model when using appropriate
calibration parameters. Further, accurate reproduction of the wake meandering dynamics in both lateral and vertical directions
is key for accurate wake simulations.
We recommend conducting DWM model calibrations by resolving the wake flow features such as the wake deficit and wake-
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added turbulence profiles in the MFoR. This requires high spatial and temporal resolution scanning strategies, which cover the
two-dimensional plane upfront the rotor to track both the horizontal and vertical wake displacements, and to reconstruct the
spatial distribution of the wind and turbulence fields. When using power production for such calibrations (the IEC standard
(IEC, 2019) values are based on this approach), we are unable to distinguish between uncertainties from inaccurate wake deficit
predictions and those from erroneous wake meandering representations. The latter plays an important role in the accuracy of
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the fully-resolved wake fields, which are inputs to aeroelastic simulations.
30

Datasets that include observations of the wake deficit profiles under varying stability conditions, inflow wind speeds, and
downstream distances are imperative. Here, we find that the velocity deficit’s recovery rate for increasing turbulence (see Fig.
9) is the main difference among calibrations.
As wind turbines are typically spaced 5D and beyond, it is recommended to focus future measurement campaigns to include
635

those regions. To this extent, Bayesian inference is a valuable approach for updating the PDFs of model parameters estimated
within this work by directly including data from future observations while retaining information from the earlier observations. Power and load validation analyses using the proposed calibration parameters at multiple sites can further increase the
confidence in our calibration methodology.
Characterizing wake turbulence using lidars is challenging due to the limited sampling frequency and probe volume effects
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(Peña et al., 2017). We demonstrate the usefulness of Doppler radial velocity spectra to compute unfiltered LOS variances in
wake conditions. In addition to the enhanced turbulence intensity, the wake turbulence is characterized both by being highly
isotropic and reduced turbulence length scale compared to the ambient turbulence (Madsen et al., 2005). These turbulence
characteristics were not investigated in this work.
8
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Conclusions

We analyzed high spatial and temporal resolution SpinnerLidar measurements of the wake field collected at the SWiFT facility
and derived wake features such as the wake deficit, wake-added turbulence, and wake meandering under varying atmospheric
stability conditions, inflow wind speeds, and downstream distances. The SpinnerLidar-estimated wake characteristics computed
in the MFoR were used to determine uncertainties in the DWM model parameters using Bayesian inference. The uncertainties in
model parameters were propagated to predict fully-resolved wake flow fields in the FFoR. This approach allowed us quantifying
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uncertainties in the DWM-simulated wake fields and to investigate the sensitivity of the DWM model parameters on flow
features that primarily affect power and load predictions.
The SpinnerLidar-derived wake deficit profiles revealed the strong impact of atmospheric stability on wake evolution. In
particular, we observed the faster recovery of the deficit under unstable compared to stable regimes, as higher turbulence
intensities characterized the former. These effects were accurately reproduced by the eddy viscosity term of the DWM model
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with the inferred parameters for distances beyond 4D. Our results indicate that the currently adopted parameters in the IEC
standard lead to conservative velocity deficit predictions (up to 18% for moderate to high ambient turbulence T Iamb ≥ 12%)

at distances up to 5D behind the rotor.

We proposed and verified an improved semi-empirical formulation of the wake-added turbulence model that captured the
effects of the atmospheric shear and the ambient turbulence on the spatial re-distribution of the wake turbulence observed at
660

2.5 D. We also demonstrated that the wake meandering is the major source of added turbulence in the wake region.
The underlying hypothesis of the DWM model, i.e., wakes are advected passively by the large-eddies in the incoming
wind field, was verified by means of the SpinnerLidar-tracked meandering time series. The spectral analysis indicated that
large-eddies associated with sizes larger than 2D are the main responsible for the wake meandering; however, the large-eddies
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‘definition’ had only marginal effects on the predicted wake fields. Accurate tracking of the wake center position was the most
665

influential factor in simulating wake flow fields accurately. We expect that it also plays a central role in the accuracy of power
and load predictions.
In the Part II of this work, we will quantify uncertainties in power and load predictions based on the proposed calibration at
two different sites, the SWiFT facility and the Nørrekær Enge wind farm in Denmark (Peña et al., 2017; Dimitrov, 2019; Conti
et al., 2020b).
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Data availability.

Appendix A: Comparisons of wake meandering time series
Figure A1 compares measured and predicted time series of the wake meandering in the lateral direction under varying stability
conditions. The DWM predictions are computed by applying the filtering cut-off frequency with the stochastic definition of
the large-scale eddies (Dm ). A reasonable agreement between the two signals is found, where the major wake displacements
675

are captured by the meandering model. Note that improved correlation can be achieved by utilizing a reduced advection wind
speed in the time-lag parameter in Eq. (4) than the ambient wind velocity. Nevertheless, the largest observed movements are
induced by the yawing of the WTGa1, which is fairly frequent within the analyzed dataset. Further, the 95% confidence interval
of the meandering predictions obtained by propagating uncertainties in the Dm definition are nearly negligible. This indicates
that uncertainties in the filtering cut-off frequency used in the DWM formulation has a marginal effect on the accuracy of wake
simulations.
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Figure A1. Time series of the wake meandering in the lateral direction observed by the SpinnerLidar (red markers) and those derived from the
meandering model of Eq. (4) denoted as DWMf ilt. (blue lines) under stable (a), near-neutral (b), and unstable conditions (c). The predictions
are obtained at 2.5 D behind the rotor. The blue shaded areas indicate the 95% confidence intervals obtained by propagating the uncertainty
in the large-scale eddies definition
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Appendix B: Sobol sensitivity indices
Sensitivity analysis is conducted to identify the most important parameters affecting the accuracy of wake simulations. Here,
we only investigate the uncertainties in the model parameters, which are listed in Table 4, and assume that the inflow conditions
are perfectly prescribed. We employ a variance-based sensitivity method and compute total Sobol indices (Sobol, 2001; Saltelli
685

et al., 2010). The Sobol sensitivity decomposes the variance of the response (e.g., Uef f and σU,ef f ) into contributions from
input parameters and associated interactions.
The Sobol indices computed from wake simulations at five rotor diameters behind the rotor are illustrated in Fig. B1. Note
that uncertainties in wake center locations (ym, and zm, ) have a similar influence as for the calibration parameters (i.e., k1 and
k2 ) on the predicted flow features such as Uef f and σu,ef f . Overall, tracking the wake meandering in both lateral and vertical
directions is of primary importance in wake field representations and therefore in power and load validations. The sensitivity
of the wake-added turbulence model parameters as well as the large-scale eddies definition (Dm ) are marginal. It is inferred
that these parameters can be considered as deterministic without compromising the accuracy of wake simulations.
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Figure B1. Variance decomposition (Sobol indices) for the the rotor-effective wind speed (a) and a measure of the rotor-effective turbulence
(b).
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Abstract. In this second part of two, we evaluate the accuracy in power and load predictions under wake conditions using the
Dynamic Wake Meandering (DWM) model and measurements collected at two onshore sites. Particularly, we focus on the
SpinnerLidar-based calibration of the DWM model, which was conducted in Part I of this work. We assess the uncertainty
of DWM model-based load predictions against wind turbine on-board sensors in wake conditions and compare it with the
5

uncertainty of mast-based load predictions against sensor data in free wind conditions. The results show that the SpinnerLidarcalibrated model provides on a statistical basis unbiased power productions at both sites, whereas fatigue loads show biases
of just 3%. However, the statistical uncertainty in power predictions increases by 2.4–3 compared to that under free wind
conditions. This result is partly due to the uncertainties in the DWM model’s calibration parameters and partly due to the
inherent flow modeling assumptions of the model complex. We recommend that power and load assessments under wakes,

10

based on the DWM model, should include the actual observed wake meandering time series in the simulations. Further, the
uncertainties in calibration parameters should be used to provide probabilistic and reliable power and load estimates at any
given site.

Copyright statement.

1
15

Introduction

Wind turbines are designed according to the requirements specified in the IEC standards (IEC, 2019). As wind turbines are
typically installed in clusters or wind farms, wake-induced loads should be assessed in the design process. For this purpose,
the IEC 61400-1 (IEC, 2019) recommends the use of the effective turbulence model, also known as the Sten Frandsen model
(Frandsen, 2007), and the Dynamic Wake Meandering (DWM) model (Madsen et al., 2010). The DWM model is widely used
in power and load assessments (Larsen et al., 2013; Galinos et al., 2016; Dimitrov, 2019), and it has been shown to provide

20

superior prediction capabilities compared to the effective turbulence model (Reinwardt et al., 2018, 2020b).
However, early studies that used the DWM model have found large uncertainties in power and load predictions at different
sites (Churchfield et al., 2015; Reinwardt et al., 2018, 2020b). To improve accuracy, the DWM model has been calibrated using

1

site-specific conditions. Larsen et al. (2013) calibrated the model using power productions data recorded at the Egmond aan
Zee offshore wind farm in the Netherlands, whereas Reinwardt et al. (2020a) used a nacelle-based lidar that scans the wake
25

field horizontally at an onshore wind farm in Germany.
Although these studies demonstrated that a site-specific calibration could improve power and load predictions’ accuracy, the
proposed calibration does not necessarily hold multiple sites. It is unknown if this result follows from inaccurate calibration
procedures, which in turn depends on the quality of the utilized data, or due to the intrinsic modeling limitations of the DWM
model, which would then require a re-calibration at each site.

30

This work evaluates the calibration of the DWM model based on high spatial and temporal resolution SpinnerLidar measurements collected at the Scaled Wind Technology Facility (SWiFT), Texas, which was conducted as Part I of this study (Conti
et al., 2020b). Here, we evaluate the accuracy in DWM model-based power and load predictions at two sites: the SWiFT, which
was used for the calibration of the DWM model, and the Nørrekær Enge (NKE) wind farm in Denmark (Borraccino et al.,
2017; Peña et al., 2017; Dimitrov et al., 2019; Conti et al., 2020c), which is an independent site. The purpose of this work is

35

twofold:
1. Demonstrate that calibrating the DWM model using high-resolution and high-quality lidar measurements of the wake
field provide accurate and reliable power and load predictions at multiple sites.
2. Identify the major sources of uncertainty in DWM model-based power and load assessments.
The remainder of this work is organized as follows. Section 1.1 formulates the load validation procedure. The experimental

40

datasets collected from the SWiFT and NKE sites are described in Sect. 2. The DWM model for aeroelastic simulations is
described in Sect. 3. The results of the load validation analysis are provided in Sect. 4, whereas the uncertainty propagation
analysis is conducted in Sect. 5. Finally, the last two sections are dedicated to discussions and conclusions.
1.1

Load validation procedure

The DWM model requires the inflow wind parameters as inputs such as the mean wind speed at hub height and the ambient
45

turbulence to generate wake fields that are input to aeroelastic simulations (Madsen et al., 2010; Larsen et al., 2013). The inflow
wind characteristics are typically estimated from a meteorological mast installed at the site, or alternatively, wind speed and
turbulence values prescribed by the IEC-design classes can be used (IEC, 2019).
To evaluate the quality of power and load predictions under wake conditions, we conduct a one-to-one comparison that
consists of carrying out individual aeroelastic simulations for each measured realization of environmental conditions (IEC,

50

2015; Dimitrov et al., 2019; Conti et al., 2020c). As both the SWiFT and the NKE datasets include concurrent inflow wind
and load measurements on a turbine that operates both in wake-free and wake situations, we can estimate the uncertainty of
load predictions under wakes and compare it directly to the uncertainty computed from wake-free conditions. The following
procedure is defined:

2

– Aeroelastic simulations under wake-free conditions are carried out using environmental parameters estimated from a
local mast. In contrast, aeroelastic simulations under wakes are performed using the DWM model, which uses mast-

55

based environmental parameters as inputs for calculating quasi-steady wake features.
– The uncertainty in aeroelastic power and load predictions (both in wake-free and wake situations) is quantified in terms
of the statistical properties of the ratios between measured and predicted load realizations obtained from the one-to-one
load comparison approach defined in the IEC 61400-13 (IEC, 2015).
The observed deviations in load predictions between those that are DWM-based under wake conditions and those that are
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mast-based under wake-free conditions provide a measure of the overall uncertainty in aeroelastic load predictions for wind
turbines operating in wakes.
2

Site and measurements

2.1
65

The SWiFT facility

The SWiFT facility is located in Lubbock, Texas, and operated by Sandia National Laboratories (Herges et al., 2017). The
facility layout is sketched in Fig. 1, and comprises three Vestas V27 wind turbines denoted as WTGa1, WTGa2 and WTGb1,
a SpinnerLidar (Pena et al., 2018) mounted on the nacelle of WTGa1 and looking backwards, and two meteorological towers
(METa1 and METb1) measuring the inflow wind conditions. The METa1 is located at 2.5 D south of WTGa1, which is the
dominant wind direction at the site (Herges et al., 2017, 2018; Conti et al., 2020b), and is equipped with sonic anemometers at
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multiple heights (i.e., 10, 18, 32, 45, and 58 m) (Herges et al., 2017). The specific layout was tailored designed for characterizing
wakes by means of high-resolution SpinnerLidar measurements, while measuring the inflow from METa1 and recording power
and loads on the waked-WTGa2. The detailed specifications of the SpinnerLidar can be found in early studies (Herges et al.,
2017, 2018; Conti et al., 2020b). The Vestas turbines have a rated power of 192 kW, a rotor diameter of 27 m and a hub height
of 32.1 m (Herges et al., 2018).
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2.1.1

The SWiFT’s dataset

The measurement campaign took place between 2016 and 2017, and provides a fairly complete and suitable dataset for the
calibration and evaluation of dynamic wake models (Doubrawa et al., 2019, 2020; Conti et al., 2020a,b). The load measurements on WTGa2 were recorded for three consecutive ‘nights’ mainly in July. Here, we only present data collected during these
three nights when load measurements were available. As reported in Conti et al. (2020b)-Table 3, this subset contains about
80

110 10-min periods and is characterized mainly by stable conditions. The inflow wind statistics measured from the METa1 are
shown in Fig. 2, and include wind speed recordings below 9 m/s, vertical shear exponents in the range 0.15–0.4, and ambient
turbulence in the range 4–10% (Conti et al., 2020b).
The 10-min periods are here classified according to wake- and wake-free situations. The former includes both partial- and
full-wake cases. A wake-free is defined when the emitted wakes from WTGa1 do not affect the operation of WTGa2 for the
3

Figure 1. A schematic view of the SWiFT layout (Herges et al., 2017). The dominant wind direction at the site is sketched by the green
arrow for illustrative purpose only. The distances are normalized with the rotor diameter of the Vestas 27 turbine, D=27 m.

entire 10-min period. This situation occurs when WTGa1 is purposely yawed to redirect the wake away from the rotor of
WTGa2. We use lidar measurements to track the wake center position and classify each 10-min period accordingly (Conti
et al., 2020b). Overall, there are about 60 10-min periods where WTGa2 operates under wake conditions.
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Figure 2. The SWiFT dataset used for the load validation analysis, including wake-free and wake conditions. Environmental parameters
measured at the METa1 and corresponding operational statistics of the WTGa1 are shown. Each data point corresponds to a 10-min period.
Wake-free and wake conditions are detected based on the lidar observations (Conti et al., 2020b).

4

2.2

The Nørrekær Enge (NKE) wind farm

The Nørrekær Enge (NKE) wind farm is located in the north-west of Denmark and consists of 13 Siemens 2.3 MW turbines,
90

with a 93 m rotor diameter and hub height of 80 m. The turbines are installed in a single row with 487 m (5.2 D) spacing,
as sketched in Fig. 3 (Peña et al., 2017; Conti et al., 2020c). The dataset collected at the NKE comprises concurrent wind
measurements from both a meteorological mast placed at 232 m (2.5 D) distance from T04 in the direction of 103◦ (Peña et al.,
2017), as well as from two nacelle-mounted lidars installed on the T04 (Borraccino et al., 2017; Peña et al., 2017), and load
measurements from sensors installed on T04 (Dimitrov et al., 2019; Conti et al., 2020c). The mast instrumentation comprises
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cup and sonic anemometers, wind vanes, and thermometers mounted at several heights, among others (Conti et al., 2020c).
Here, we focus mainly on the cups at 57.5 and 80 m and the 76 m sonic installed at the mast. A pulsed lidar with a 5-beam
configuration provided by Avent technology, and a continuous wave system scanning conically by ZephIR were installed on the
nacelle of T04 (Borraccino et al., 2017; Peña et al., 2017). Both nacelle lidars scanned the flow field up 2.5 D upwind of the
turbine rotor.
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Figure 3. A schematic view of the NKE layout. The wind turbines (WTs) are illustrated by blue markers, the mast by the black star, and the
nacelle lidars installed on T04 by a red marker. The lateral and vertical coordinates are normalized with the rotor diameter.
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2.2.1

The NKE’s dataset

The measurements campaign lasted approximately 7 months between 2015 and 2016 (Borraccino et al., 2017; Peña et al., 2017;
Dimitrov et al., 2019). Here, we focus on a subset where T04 operates under wake conditions, while the mast measurements
are not contaminated by the wake field, thus measuring the undisturbed wind field.
Conti et al. (2020c) applied a lidar-based wake detection algorithm, which was inspired on the work of Held and Mann
105

(2019), to classify 10-min periods into partial- and full-wake situations (referring to T04) and wake- and wake-free situations
5

(referring to the mast). The basic idea of the algorithm is to detect the increase in turbulence originating from wakes with
respect to the free wind conditions, by measuring turbulence intensity, and the relative turbulence difference measured by two
lidar beams pointing at two opposite rotor sides (Held and Mann, 2019; Conti et al., 2020c). This algorithm can reliably detect
wake situations within 10-min periods, but it is not suitable to track detailed wake meandering time series.
As tracking wake meandering time series is key for accurately reconstruct wake fields (Conti et al., 2020b,d; Doubrawa
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et al., 2020), we only investigate 10-min periods where T04 operates under full-wake situations and disregard partial-wake
cases from the analysis. We do so, as the uncertainty in the wake center position for a partial-wake situation is significantly
higher than that from a full-wake scenario, given the adopted wake detection algorithm.
Figure 4 presents the inflow wind statistics measured from the mast (using the 80 m cup anemometer) and the corresponding
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power productions of T04, for the available dataset. Overall, there are 350 10-min periods, mainly characterized by wind speeds
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Figure 4. The NKE dataset used for the load validation analysis under wake conditions. Environmental parameters measured at the mast and
corresponding power productions of T04 are shown. Each data point corresponds to a 10-min period, where T04 is operating under full-wake
conditions, and the mast is measuring the free-stream wind. Data are classified according to a wake detection algorithm as described in the
text. The mean power curve obtained under wake-free conditions is shown in solid red line.

3

Dynamic wake meandering model

The DWM model is an engineering wake model simulating wake field time series that includes three components: the velocity
deficit, the wake-added turbulence, and a stochastic wake meandering model (Larsen et al., 2007; Madsen et al., 2010; Larsen
120

et al., 2013). These three components are calculated separately, and the resulting wake features are superposed on previously
generated stochastic turbulence fields, which are then input to aeroelastic simulations. Here, the stochastic turbulence fields are
generated using the spectral velocity tensor model by Mann (1994) (hereafter the Mann model).

6

3.1

Velocity deficit

The quasi-steady velocity deficit is computed through the thin shear layer approximation of the Navier–Stokes equations in
125

their axisymmetric form with an eddy viscosity term (Madsen et al., 2010; Keck et al., 2012). The wake expansion and recovery
in the far-wake region, which is denoted as beyond two-rotor diameters (Sanderse, 2015), is assumed to be mainly governed
by the turbulence mixing caused both by the ambient turbulence and the self-generated turbulence by the wake shear layer
(Madsen et al., 2010). A generalized eddy viscosity term is provided below (Keck et al., 2012; Reinwardt et al., 2020a):



νT
Rw (x̃)2 ∂U (x̃, r) Rw (x̃)
Umin
;
(r, x̃) = F1 (x̃)k1 T Iamb Famb (T Iamb ) + F2 (x̃)k2 max
1−
,
Uamb R
Uamb R
∂r
R
Uamb
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(1)

where νT is the two-dimensional eddy viscosity that is function of the radial and axial coordinates, r and x̃ (normalized by
the rotor radius, R), respectively, Uamb and Umin are the ambient wind speed at hub height and the minimum wind speed in
the wake, respectively, Rw is the wake radius; both k1 and k2 , which are calibration constants, and F1 , F2 and Famb , which
are filtering functions, govern the turbulence development in the wake region (Keck et al., 2012, 2014). The first term to the
right-hand side of Eq. (1) describes the ambient turbulence’s contribution and the second the self-generated turbulence by the
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wake shear layer on the wake recovery (Madsen et al., 2010; Keck et al., 2012).
The momentum equation is solved numerically using a finite difference scheme (Madsen et al., 2010). Here, we use the
numerical scheme of the standalone DWM model to generate quasi-steady velocity deficits (Liew et al., 2020; Larsen et al.,
2020). Note that the velocity deficit is computed in the meandering frame of reference (MFoR), a coordinate system with origin
in the center of the deficit’s symmetry.
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3.2

Wake-added turbulence

The wake-added turbulence component accounts for the shear- and mechanical-generated turbulence due to blade tip and root
trailing vortices (Madsen et al., 2005, 2010). The inhomogeneity of the wake-added turbulence is modeled by scaling the local
turbulence using a semi-empirical factor kmt , which is function of the velocity deficit (Udef ) and its radial gradient as:
kmt (r) =| 1 − Udef (r) | km1 +
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∂Udef (r)
km2 ,
∂r

(2)

where km1 and km2 are constants (Madsen et al., 2010). Alternatively, the constants km1 and km2 can be expressed as function
of the ambient turbulence and the velocity gradient normalized with the inflow vertical wind shear profile (U (z)) to derive a
two-dimensional scaling factor (Conti et al., 2020b), so Eq. (2) becomes:
∗
∗
∗
kmt
(y, z) =| 1 − Udef (y, z) | (km1
T Iamb + kq1
)+

∗
∂Udef
(y, z)
∗
∗
(km2
T Iamb + kq2
),
∂y∂z

(3)

∗
∗
∗
∗
=-5.71 and km2
=1.09 and Udef (y, z)∗ = (U (z)Udef (y, z))/max (U (z)Udef (y, z)) (Conti
where km1
=1.33, kq1
=-0.02, km2
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∗
et al., 2020b). kmt (or kmt
) is used to scale a local turbulence field, which is assumed to meander together with the wake deficit,

thus being displaced by the large-scale eddies in the atmosphere.

7

3.3

Wake meandering

The underlying assumption of the DWM model is to consider wake as a passive tracer displaced in the lateral and vertical
directions by the large-eddies in the incoming wind field (Larsen et al., 2008; Bingöl et al., 2010; Trujillo et al., 2011).
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Adopting Taylor’s hypothesis, the wake deficit is further advected in the stream-wise direction by the ambient wind field.
Larsen et al. (2008) estimated the wake transport velocities vc and wc , which are responsible for the wake meandering in the
lateral and vertical direction, respectively, by low-pass filtering atmospheric turbulence fluctuations using a filtering cut-off
frequency equal to fcut,of f = Uamb /(2D). As a result, the wake meandering time series can be computed as:
y(x, t̄) = vc (t̄)t̄(x) + hyaw (x, t̄)
z(x, t̄) = wc (t̄)t̄(x) + htilt (x, t̄),

160

(4)

where t̄ = x/Uamb defines the time for an air particle to move from the rotor to the downstream distance in the wake region,
hyaw and htilt account for the contribution of yaw misalignment and rotor tilt, respectively (Machefaux, 2015; Vollmer et al.,
2016; Conti et al., 2020b).
3.4

Fully-resolved wake fields for aeroelastic simulations

The DWM model requires the inflow wind field parameters as inputs such as Uamb and T Iamb in order to calculate the quasi165

steady velocity deficit in Eq. (1). The quasi-steady velocity deficit is presumed to meander according to a previously generated
meandering path, which is estimated using Eq. (4), and lead to a time series of steady velocity deficits. These deficits are then
superposed on a zero-mean random turbulence field generated using the Mann model. Typically, these turbulence fields are
generated by fitting the Mann-model parameters to measured spectra of the ambient wind field (Peña et al., 2017; Dimitrov
et al., 2017, 2019). The Mann-model parameters include α2/3 , L and Γ, where α is the spectral Kolmogorov constant,  the
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turbulent energy dissipation rate, L a length scale related to the size of the turbulent eddies, and Γ a parameter describing the
anisotropy of the turbulence (Mann, 1994).
As wake turbulence is characterized both by being highly isotropic and reduced turbulence length scale compared to the
∗
ambient turbulence (Madsen et al., 2005), kmt in Eq. (2) (or alternatively kmt
in Eq. (3)) scales an homogeneous and isotropic

Mann-generated turbulence field with a turbulence length scale in the order of 10–14% of that of the ambient field, and Γ=0
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(Madsen et al., 2010). This turbulence field is generally referred to as the micro-turbulence box (Larsen and Hansen, 2007). As
described in Sect. 3.2, the wake-added turbulence contribution is presumed to meander with the velocity deficit, therefore the
micro-turbulence box can be seen as a time series of wind velocity fluctuations that are scaled by the spatial inhomogeneous
∗
kmt (or kmt
) factor following the meandering path. The wind velocity fluctuations from the micro-turbulence field are linearly

added to the turbulence field with wake deficits included (Madsen et al., 2010; Larsen and Hansen, 2007).
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The IEC 61400-1 (IEC, 2019) specifies that the target variance of the micro-turbulence box (prior to being scaled by kmt )
2
should be σu,micro,T
= 1 m2 /s2 . This can be achieved by either fitting the actual α2/3 parameter while both L and Γ are known

as described above, or alternatively by scaling the micro-turbulence box to reach its target value (Dimitrov et al., 2017), i.e.,
8

2
2
2
by a scaling factor SF=σu,micro,T
/σu,micro
, where σu,micro
is the variance of the micro-turbulence box generated with, e.g.

α2/3 =1 (Larsen and Hansen, 2007).
Here, we follow both the IEC standard recommendations and present a different approach, which consists of first generating
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the micro-turbulence boxes using α2/3 fitted from the ambient wind field. Then, we scale the micro-turbulence box by the
2
2
2
∗
2
scaling factor SF=σu,k
∗ (yhub , zhub )/σu,micro , where σu,k ∗ (yhub , zhub ) = (kmt (yhub , zhub )Udef,M F oR (yhub , zhub )Uamb )
mt
mt
∗
follows as kmt
was fitted to turbulence intensity profiles in Conti et al. (2020b), therefore by multiplying it to the predicted

velocity field in the wake (Udef,M F oR Uamb ) and raise it to power of two we obtain a measure of the target variance. Further,
190

2
2
2
σu,k
∗ (yhub , zhub ) refers to the hub height value. By scaling the micro-turbulence box by SF=σu,k ∗ (yhub , zhub )/σu,micro ,
mt
mt
2
2 2
we obtain a homogeneous turbulence field with a variance equal to σu,k
∗ (yhub , zhub ), instead of 1 m /s as for the IEC (IEC,
mt

2019). Therefore, we obtain wake-added turbulence profiles by scaling this homogeneous turbulence field with the normalized
∗
∗
(yhub , zhub ) according to the meandering path through the (y, z) coordinates. By doing so, we reconstruct
(y, z)/kmt
factor kmt

a micro-turbulence box that would add the same amount of variance in the simulations as that estimated from the SpinnerLidar
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observations (Conti et al., 2020b).
As multiple wake situations are observed at the NKE site, where inflow wind speeds are mainly below rated as shown in
Fig. 4, we use the strongest wake deficit method for representing multiple wakes, without considering cumulative effects from
upwind wind turbines (Larsen et al., 2013; IEC, 2019).
Table 1 presents calibrations reported in the literature that are evaluated within this study. As shown, the calibrations differ for
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values of k1 and k2 and for the definitions of the filtering functions (see Appendix A for more details), and for the wake-added
turbulence’s parameters.
Table 1. Calibration parameters reported in the literature and analyzed within this study (Conti et al., 2020b; Reinwardt et al., 2020a; IEC,
2019). The lengthy expressions of the filtering functions are provided in the Appendix A. See text for more details.
Calibrations

4
4.1

wake deficit

wake-added turbulence

k1

k2

Famb (T Iamb )

F1 (x̃)

F2 (x̃)

km1

km2

σu,micro [m/s]

SpinnerLidar2020

0.081

0.015

1

Eq. (A2)

Eq. (A3)

Eq. 3

Eq. 3

2
σu,k
∗ (yhub , zhub )
mt

Reinwardt2020

0.092

0.021

Eq. (A1)

Eq. (A2)

Eq. (A3)

0.6

0.35

1

IEC2019

0.017

0.003

Eq. (A1)

Eq. (A4)

Eq. (A3)

0.6

0.35

1

Load validation
Aeroelastic models

The aeroelastic simulations are carried out using the state-of-the-art HAWC2 software (Larsen and Hansen, 2007). The aeroe205

lastic model of the SWT2.3-93 turbine is based on the manufacturer’s structural and aerodynamic data and the original equip-

9

ment manufacturer controller. This model has been validated in earlier studies against turbine on-board sensors (Dimitrov et al.,
2019; Conti et al., 2020c).
An aeroelastic model of the SWiFT turbine, which is a highly modified Vestas V27 (Herges et al., 2017), was developed using
the OpenFAST platform (NREL; Doubrawa et al., 2020). Based on the OpenFAST model, we implement the aerodynamic and
210

structural properties to create a model in the HAWC2 software. The DTU controller (Hansen and Henriksen, 2013) is tuned
based on the available measurements collected when WTGa2 operates in free-stream conditions. Table 2 provides the key
features of the turbines.
Table 2. Key parameters of the Vestas V27 and the Siemens SWT2.3-93 turbines installed at the SWiFT and NKE sites, respectively. 1P and
3P represent the rotational frequency of the rotor and its third harmonic.
Parameter
Rated power [kW]

Siemens SWT2.3-93

192

2300

Rated wind speed [m/s]

9

13

Rotor diameter [m]

27

93

31.2

80

18–42

6–16

1P range [Hz]

0.30–0.73

0.10–0.26

3P range [Hz]

0.90–2.19

0.30–0.78

Hub height [m]
Rotor speed range [RPM]

4.2

Vestas V27

One-to-one load comparison

Following the guidelines of the IEC 61400-13 (IEC, 2015), a one-to-one load comparison between measured and predicted
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10-min load statistics is carried out in order to assess the accuracy of the aeroelastic model in free-stream situations, and
particularly of the DWM model under wake conditions. The inflow wind parameters for aeroelastic simulations are determined
from mast measurements and include the mean wind speed at hub height (Uamb ), the shear exponent (α), the ambient turbulence
(T Iamb ), and the spectral turbulence parameters of the Mann model (αk 2/3 , L, Γ).
The actual observed wake meandering time series in both lateral and vertical directions is introduced as constraints in
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the wake field simulations. We use lidar-tracked meandering time series for the SWiFT dataset, as these are available from
Part I (Conti et al., 2020b). For the NKE dataset, we estimate the wake transport velocities vc and wc by low-pass filtering
corresponding v- and w-velocity fluctuations at the 76 m sonic with a cut-off frequency of f = Uamb /(2D) (Larsen et al.,
2008; Trujillo et al., 2011), and used them as inputs to Eq. (4) to derive meandering time series.
The inflow wind statistics used as inputs for the load analysis at the SWiFT and NKE sites are shown in Figs. 2 and 4,
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respectively. Note that as early studies have performed the load validation analysis using the NKE dataset for free-stream
conditions (Dimitrov et al., 2019; Conti et al., 2020c), we report the previously computed power and loads uncertainty (under
wake-free conditions) from Conti et al. (2020c), without re-running the simulations.

10

The analyzed wind turbine sensors include the mean power production (Powermean ) and the rotational speed (RPM), obtained from the supervisory control and data acquisition (SCADA) system. As the analyzed turbines operate below rated
230

wind speeds, the pitch angles are invariant. The mean and 1-Hz damage-equivalent fatigue loads at the blade root (MxBRmean ,
MxBRDEL ) are available at both sites. Further, the NKE dataset includes statistics of the mean and 1-Hz damage-equivalent fatigue loads of the fore–aft tower bottom bending moment are available (MxTBmean , MxTBDEL ). The 1-Hz damage-equivalent
fatigue loads are computed using the rain flow counting algorithm and a Wöhler exponent of m=12 for blades and m=4 for
the tower (Dimitrov et al., 2019; Conti et al., 2020c). In compliance with the IEC recommendations (IEC, 2019), we carry
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out aeroelastic simulations using six random turbulence field realizations (seeds) for each 10-min sample of the inflow wind
conditions.
Figure 5 shows the one-to-one comparisons between measured and predicted power and load statistics under wakes at the
SWiFT site using the SpinnerLidar-calibrated DWM model (see Table 1 for details). A similar analysis is presented in Fig.
6, where the one-to-one comparisons between measured and predicted power and load statistics at the NKE site are shown.
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Figure 5. SWiFT - V27: one-to-one comparison between measured and predicted power, RPM, and load statistics under wake conditions
using the DWM model with the SpinnerLidar-based calibration. For each measured 10-min realization, we run aeroelastic simulations with
six turbulence seeds; the markers indicate the mean values, and the error bars the standard deviations of the simulations.
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Figure 6. NKE - SWT23-93: one-to-one comparison between measured and predicted power, RPM, and load statistics under wake conditions
using the DWM model with the SpinnerLidar-based calibration. The turbine sensors are normalized with respect to the relative maximum
measured statistics (for confidential reasons). For each measured 10-min realization, we run aeroelastic simulations with six turbulence seeds;
the markers indicate the mean values, and the error bars the standard deviations of the simulations.

4.3

Uncertainty of power and load predictions

We define two uncertainty indicators in order to quantify the uncertainty in power and load predictions (Dimitrov et al., 2019;
Conti et al., 2020c):
– Bias ∆R = E(ỹ)/E(ŷ),
245

– Uncertainty XR =

p

h(ỹ/ŷ − E(ỹ)/E(ŷ))2 i,

where ỹ indicates the simulated statistics and ŷ the corresponding measured ones; the symbol E(.) indicates the mean value,
and h.i the ensemble average. ∆R and XR provide a measure of the power and load prediction uncertainty against wind turbine

on-board sensors, and at the same time, the inter-comparison between those that are computed under wake conditions and those
under wake-free conditions give a measure of the accuracy of the DWM model. Further, the inter-comparison among ∆R and
250

XR estimated with different calibrations provide insight into the quality of the proposed calibration.
4.3.1

Power and load predictions at the SWiFT site

Table 3 presents the uncertainties in power productions and loads estimated at the SWiFT site. As shown, power predictions
are nearly unbiased under wake-free (∆R ≈ 1.02), and under wake situations, when using calibrations from SpinnerLidar2020
12
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and IEC2019 (∆R ≈ 1.01 and ∆R ≈ 0.99, respectively). Reinwardt2020 overpredicts power productions at this site (∆R ≈

1.12), as it predicts faster recovery of the wake deficit for turbulence below 12%, as shown in Fig. 9–Conti et al. (2020b). Note
that all the calibrations induce higher statistical uncertainty (XR ) on power production estimates than the wake-free scenario.
The increased statistical uncertainty accounts for a factor in the range of 2.4–3.5.
The largest deviations are found for MxBRDEL . ∆R ≈ 0.98 is obtained in wake-free conditions, while ∆R ≈ 1.01 under
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wakes based on SpinnerLidar2020 . The IEC2019 model significantly overpredicts the fatigue loads at the blade root, ∆R ≈

1.27. This is caused by the IEC-based wake-added turbulence formulation, for which the micro turbulence boxes are scaled to
2
= 1 m2 /s2 , as previously described in Sect. 3.4 (IEC, 2019). The added turbulence increases
reach a target variance of σu,micro,t

the spectrum of the longitudinal turbulence component for frequencies above ≈ 0.4–0.6 Hz (Madsen et al., 2010; Conti et al.,

2020d). As the V27 operates at relatively high RPM, the principal load frequency for blades such as the rotational frequency
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of the rotor 1P (0.3–0.73 Hz, see Table 2) is considerably amplified and induces very large loads (∆R ≈ 1.27). Alternatively,

2
scaling the variance of the micro turbulence boxes by σu,k
∗ (yhub , zhub ) as done for SpinnerLidar2020 calibration as described
mt

in Sect. 3.4, provides better load statistics (∆R ≈ 1.01).
Table 3. SWiFT - V27: power and load uncertainty indicators. The simulations under wake conditions are carried out using the DWM model
and calibrations provided in Table 1. The marker ∗ indicates that the simulations are performed by introducing wake meandering time series
as constraints. For the SWiFT dataset, the SpinnerLidar-tracked wake meandering path is used (Conti et al., 2020b).

Case

Powermean

RPMmean

MxBRmean

MxBRDEL

∆R

XR

∆R

XR

∆R

XR

∆R

XR

1.02

0.07

0.99

0.03

0.98

0.04

0.98

0.25

SpinnerLidar2020 *

1.01

0.18

0.99

0.06

1.00

0.11

1.01

0.26

IEC2019 *

0.99

0.17

0.97

0.05

0.95

0.09

1.27

0.32

Reinwardt2020 *

1.12

0.25

1.02

0.07

1.05

0.14

1.11

0.29

Calibration

Wake-free

Wake

4.3.2

Power and load predictions at the NKE site

Table 4 presents the uncertainties in power and loads predictions estimated at the NKE site. Here, we find nearly unbiased
270

power predictions under wake-free (∆R ≈ 1.01), and under wake situations when using calibrations from SpinnerLidar2020 ,
∆R ≈ 0.99. Reinwardt2020 leads to ∆R ≈ 1.04, which indicates an improved accuracy at sites with relatively moderate to

high ambient turbulence compared to the SWiFT site. The IEC2019 model underpredicts power productions (∆R ≈ 0.91). This

follows because the IEC2019 -based calibration predicted conservative wake deficit for increasing ambient, e.g. TIamb >12%,
see Fig. 9–Conti et al. (2020b). As seen for the SWiFT dataset, power predictions under wake conditions are characterized by
an increased statistical uncertainty (XR ) by a factor 3–3.8 compared to wake-free scenario and independently of the adopted
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calibration.

13

All calibrations provide a relatively good fatigue load predictions at the blade root, MxBRDEL , i.e., ∆R ≈ 1.00–1.05.

MxTBmean are underpredicted in wakes, particularly at low ambient wind speeds as also shown in Fig. 6, whereas a better
agreement between uncertainties in free-stream and wake situations is found for MxTBDEL . Note that the statistical uncertainty
of fatigue loads under wakes is generally comparable to that obtained in free-stream simulations.
Table 4. NKE - SWT23-93: power and load uncertainty indicators. The simulations under wake conditions are carried out using the DWM
model and calibrations provided in Table 1. The marker

∗∗

indicates that the simulations are performed by introducing wake meandering

time series as constraints. For the NKE dataset, the meandering model of Eq. (4) is complemented with low-pass filtered mast-measured vc and wc -velocity fluctuations as described in Sect. 4.2

Case

Powermean

RPMmean

MxBRmean

MxTBmean

MxBRDEL

MxTBDEL

∆R

XR

∆R

XR

∆R

XR

∆R

XR

∆R

XR

∆R

XR

1.01

0.08

0.99

0.03

1.02

0.05

0.99

0.08

1.01

0.22

0.93

0.19

SpinnerLidar2020 **

0.99

0.25

0.99

0.06

0.99

0.13

0.83

0.22

1.02

0.22

0.96

0.26

IEC2019 **

0.91

0.32

0.96

0.09

0.94

0.16

0.75

0.28

1.05

0.27

1.05

0.29

Reinwardt2020 **

1.04

0.31

1.00

0.08

1.02

0.15

0.88

0.26

1.00

0.24

0.98

0.27

Calibration

Wake-free

Wake
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5

Uncertainty propagation through a surrogate model

The validation analysis in Sect. 4 shows that the accuracy of power and load predictions is highly conditional on the adopted
calibration of the DWM model. Although statistically unbiased power and loads can be predicted in wake conditions (if
properly-calibrated parameters are used), these predictions are still characterized by larger statistical uncertainty compared
to that obtained from wake-free conditions (see Tables 3 and 4).
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In order to investigate what are the major sources of uncertainty observed in power and loads predictions, we first analyze
how the uncertainties in calibration parameters, which were estimated through Bayesian inference in Part I of this work
(Conti et al., 2020b), affect the uncertainties in power and loads predictions. This analysis is conducted through a mapping
function, also known as a surrogate model (Dimitrov et al., 2018), which maps the input parameters (i.e., calibration parameters)
to outputs as the wind turbine power productions and fatigue load estimates. The main advantage of this procedure is that

290

the computationally expensive high-fidelity simulations required to map the inputs to outputs are only carried for training
the surrogate model. Subsequently, the latter is used to carry out uncertainty propagation and sensitivity analysis efficiently
(Dimitrov et al., 2018; Murcia Leon et al., 2018).
Earlier studies have shown the advantage of replacing aeroelastic simulations with regression models based on Artificial
Neural Networks (ANNs) (Dimitrov, 2019; Schröder et al., 2018, 2020b,a). Here, we train a feed-forward ANN with a similar
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network architecture as that of Dimitrov (2019). A feed-forward ANN consists of a set of organized neurons in layers, typically
denoted as the input layer (i.e., the input variables), an output layer with dependent variables, and one or a few hidden layers
between the input and the output. Each layer carries out two operations: the input vector xv is linearly scaled to zv = Wxv +b
14

by weight matrices W and b, and the result is passed through a nonlinear activation function a(zv ) (e.g., tanh) (Schröder
et al., 2020a). The output of the activation function serves as input to the next layer, xv [i+1] = a(zv [i] ) = a(W[i] xv [i] + b[i] )
300

(Dimitrov, 2019). The training process consists in determining the values of the linear scaling parameters W and b, which
minimize the difference between the observed values of the dependent variable and the ANN-based model predictions. Here,
we fit an ANN for each analyzed output and use two hidden layers with ten neurons each, which is sufficient to predict power
and loads accurately.
5.1
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Input variable space and model training

The size of the input dataset has a direct impact on the computational cost for training the surrogate model. Here, we select
six probabilistic input variables including the ambient turbulence σu , the DWM model’s calibration parameters including the
wake deficit parameter k1 , wake-added turbulence parameter km1 , wake meandering coordinates (ym , zm ), and the definition
of the associated size to the large-scale eddies governing the wake meandering, Dm (Conti et al., 2020b), which defines the
low-pass filtering frequency in the meandering model (Larsen et al., 2008). The wake meandering time series are simulated
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using Eq. (4), where vc and wc are derived from the Mann-generated turbulence fields (Larsen et al., 2013).
These six input variables are selected based on the findings in Conti et al. (2020b), who show that k2 is highly correlated to
k1 and therefore can be assumed deterministic by accounting for the relative correlation and that the wake-added turbulence
parameters generally have marginal effects on the wind and turbulence fields in the wake region. Considering that wake-induced
effects are more critical for turbines operating below rated, and that at these operational ranges the rotor thrust coefficient is
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approximately constant, we assume the incoming wind speed and the shear exponent as deterministic variables equal to 7 m/s
and 0.2, respectively. Therefore, the only wind field variable here-investigated is the ambient turbulence σu , which directly
impacts the wake recovery (Doubrawa et al., 2019; Conti et al., 2020b) as well as the wake meandering intensity (Keck et al.,
2014; Machefaux et al., 2015).
The training process of the ANN-based surrogate model is similar to the one defined in Dimitrov et al. (2018) and Dimitrov
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(2019), and follows the outlined steps:
1. Define the variable space in terms of the input variables to be included in the training process, relative ranges, and interdependencies. Here, the variable space is provided in Table 5. Note that the selected variables are assumed independent,
and the bounds are chosen to cover regions of interest for the analysis.
2. Generate a random sample uniformly covering the input variable space. We sample about 7000 points using a pseudo-
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Monte Carlo approach from the input space defined by the variables listed in Table 5. Six turbulence seeds are used for
each sample point in order to reduce the seed-to-seed uncertainty (Dimitrov et al., 2018; Dimitrov, 2019), leading to
42000 simulations in total used as the entire training dataset.
3. Carry out high-fidelity aeroelastic simulations with DWM model-based wake fields for each point in the sample set
defined in point 2, and compute statistics of Powermean , MxBRDEL , and MzTTDEL . The latter sensor indicates the

15

1-Hz damage equivalent fatigue load of the tower top torsion. For this particular analysis, we use the SWT2.3-93 turbine
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model.
4. Train the ANN-based surrogate model that is based on the inputs defined in point 2 can predict the outcomes of the
simulations from point 3.
Table 5. Bounds of variation for the variables considered for training the ANN model
Variables

Lower bounds

Upper bounds

Distribution

σu [m/s]

0.2

2.5

Uniform

k1 [-]

0.01

0.2

Uniform

km1 [-]

0.1

3

Uniform

ym [-]

0

2R

Uniform

zm [-]

-R

R

Uniform

Dm [-]

1

4

Uniform

The 42000 aeroelastic simulations are divided into a 70% training, a 20% validation, and a 10% test set (Schröder et al.,
2018). The ANN’s performance is evaluated on the test set; the scatter plots of the ANN-estimated and the corresponding
simulated power and load statistics from the high-fidelity model are shown in Fig. 7.

Powermean

1.0

MxBRDEL

MzTTDEL

0.8
ANN [-]
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0.6
0.4
0.2
y = 0.994, R 2 0.997

0.2

0.4

0.6

High-fidelity [-]

0.8

y = 1.002, R 2 0.999

1.0

0.2

0.4

0.6

High-fidelity [-]

0.8

y = 1.000, R 2 0.997

1.0

0.2

0.4

0.6

High-fidelity [-]

0.8

1.0

Figure 7. Scatter plot of power and fatigue loads estimated by the ANN model against the high-fidelity aeroelastic simulations performed
with the DWM model.

5.2

Uncertainty propagation for power and load predictions

We propagate uncertainties in the DWM model’s calibration parameters through the ANN model to quantify power and load
uncertainty. The joint probability distribution of the calibration parameters was estimated using Bayesian inference and the
16
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SpinnerLidar-derived wake characteristics in Conti et al. (2020b). The resulting statistical properties of the probability distribution functions (PDFs) of the calibration parameters are listed in Table 6.
Table 6. Statistical properties of the posterior distribution of the calibration parameters of the DWM model, which were inferred using
Bayesian inference in Part I of this work (Conti et al., 2020b). The parameters follow a normal distribution.
DWM model parameters
k1

∗
km1

Dm

ym [m]

zm [m]

µ

0.081

1.33

2.5

0

0

σ

0.017

0.14

0.3

1.5

1.5

The uncertainty in wake center tracking position (wake meandering time series), ym and zm , are conditional on the fidelity
of the meandering model or the accuracy of the adopted tracking algorithm. If the SpinnerLidar is used to track the wake
meandering (Doubrawa et al., 2019; Conti et al., 2020b), then uncertainties in ym and zm provided in Table 6 applies. However,
345

as this high-accuracy in tracking the wake position is rarely achieved, it is important to investigate how larger uncertainty, i.e.,
deriving from less dense lidar’s scanning patterns or physical-based stochastic meandering models, impacts the accuracy in
power and load predictions.
To do so, we define three degrees of accuracy in tracking the wake meandering, which is obtained by scaling the standard
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deviation of the variables ym and zm . Therefore, we assume σym ,zm = {0.06R, 0.17R,0.25R}, where R is the rotor radius of

the SWT2.3-93, which corresponds to σym ,zm = {2.7 m, 8.1 m, 11.6 m}. These uncertainties do not represent any particular

system/model but are assigned to carry out a qualitative analysis. Note that for previous load validation studies that used
the DWM model with a stochastic meandering process and without accounting for wake redirection due to yaw activities of
the upwind turbines (Larsen et al., 2013; Churchfield et al., 2015; Reinwardt et al., 2018), the uncertainty in tracking wake
meandering would be an order of magnitude larger than the one here-investigated.
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We employ a standard Monte Carlo sampling approach to propagate the uncertainties of the parameters, which are reported
in Table 6 and account for the different accuracy in tracking the wake meandering, into power and load predictions. The
resulting power and load posterior PDFs are shown in Fig. 8 for an incoming wind speed of 7 m/s and ambient turbulence of
7%. As shown, the coefficient of variation (COV = σ/µ, where σ is the standard deviation and µ the mean value) increases
significantly for larger uncertainties in wake meandering replications. If we could track the wake meandering by means of high
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spatial resolution scanning patterns, e.g., using the SpinnerLidar, the COV of the power and loads predictions accounts for
3–4% (see black lines in Fig. 8). These estimates also include the uncertainties in calibration parameters reported in Table 6.
By assuming σym ,zm = 0.25R, the COV of the power and loads predictions reaches up to 10–16% (see red lines in Fig. 8).
When comparing the COV estimates shown in Fig. 8 with those reported in Tables 3 and 4, which are defined as COV=XR /∆R
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and corresponds to COV ≈ XR , if ∆R ≈ 1, we can observe that the uncertainty in DWM model’s parameters including very

large uncertainties in wake meandering representations, can only partially explain the statistical uncertainty reported in the
Tables, e.g, XR ≈ 18–25% for Powermean . This result indicates that the flow modelling assumptions inherent to the DWM
17

model also induce additional uncertainties in power and load predictions under wake conditions compared to those obtained
under wake-free situations.

0.16

ym, zm = 0.06R,COV = 4%
ym, zm = 0.17R,COV = 12%
ym, zm = 0.25R,COV = 16%

0.14

PDF [-]

0.12

ym, zm = 0.06R,COV = 3%
ym, zm = 0.17R,COV = 7%
ym, zm = 0.25R,COV = 10%

ym, zm = 0.06R,COV = 3%
ym, zm = 0.17R,COV = 9%
ym, zm = 0.25R,COV = 12%

0.10
0.08
0.06
0.04
0.02
0.00
0.6

0.8

1.0
Powermean

1.2

1.4

0.6

0.8

1.0
MxBRDEL

1.2

1.4

0.6

0.8

1.0
MzTTDEL

1.2

1.4

Figure 8. Posterior PDFs of power and load predictions obtained by propagating uncertainties in DWM model parameters. The uncertainties
of k1 , km1 , Dm are listed in Table 6, whereas three degree of accuracy in ym and zm (wake meandering tracking) are evaluated as also
shown in the legend. The coefficient of variation of the output is computed as COV = σ/µ, where σ is the standard deviation and µ the mean
value. The predictions are computed using the ANN model.

5.3
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Sensitivity analysis

To accurately track the wake meandering is key for reconstructing wake fields with strong similarities to the actual field
observations (Conti et al., 2020b,d; Doubrawa et al., 2020). Here, we first investigate how wake meandering tracking position
errors might influence the biases in power productions and fatigue loads through the ANN model. We compute the ratio between
the selected load sensor values (e.g. Powermean ) computed by displacing the 10-min average wake center positions across the
rotor area, and the relative statistic by considering a simulation where the 10-min average wake position is centered at hub
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height. The resulting biases are presented as contour plots in Fig. 9 for an incoming wind speed of 7 m/s and low ambient
turbulence, i.e., TIamb =6%. As shown, errors in wake meandering simulations, which could arise by using stochastic wake
meandering models without accounting for wake redirection due to, e.g., yawing activities of wind turbines across the wind
farm, will largely affect the fidelity of the power and load predictions. This result can partly explain the uncertainties in power
and load predictions quantified in previous studies that used the DWM model without tracking the wake meandering (Larsen
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et al., 2013; Churchfield et al., 2015; Reinwardt et al., 2018).
For example, at low ambient turbulence i.e., TIamb =6%, accurately tracking the position of the wake becomes important for
predicting accurate Powermean (see Fig. 9-left), whereas MxBRDEL and MzTTDEL can vary up to 60% from a full-wake to
a partial-wake scenario as shown in Fig. 9. This result confirms the importance of tracking wake meandering time series when
performing load validation analysis, e.g., the one-to-one comparisons described in the IEC standards (IEC, 2019).
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Figure 9. Contour plots of the ratio between load statistics computed by varying the 10-min average wake center position in the lateral and
vertical directions and the corresponding value by assuming the wake centered at hub height (0,0). Given the wake’s lateral symmetry, we
only show half of the rotor (solid red lines). The simulations are carried out using the ANN model with low ambient turbulence TI = 6% and
an inflow wind speed of 7 m/s.

We employ a global sensitivity analysis method to determine the importance of each input variable listed in Table 6 on the
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accuracy of power and load predictions. A Sobol variance decomposition approach is applied, which explains the variance of
the output into the different terms of variance of each of the inputs (Sobol, 2001; Saltelli et al., 2010).
The resulting total Sobol indices are provided in Fig. 10. As shown, the wake deficit parameter k1 and the wake tracking
parameters ym and zm can almost entirely explain the variance in power and load predictions. km1 has nearly negligible effects
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on the fatigue loads, indicating that the wake-added turbulence parameters may be considered deterministic without reducing
accuracy. The adopted filtering cut-off frequency in the meandering model (here defined as a function of Dm ) has negligible
effects on power productions and fatigue loads at the blade root, whereas a slightly stronger influence is observed for the
torsional loads at the tower top. This result may follow because of the high correlation between the tower top torsional loads
and wake meandering time series observed in previous studies (Ning and Wan, 2019; Moens et al., 2019; Wise and Bachynski,
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2020)
6

Discussion

The validation analyses indicate that appropriately calibrating the velocity deficit component of the DWM model is important to
ensure accurate power and load assessments under wake conditions. The results suggest that, if properly calibrated, for example
by using high-resolution lidar measurements, the DWM model predicts nearly unbiased power and loads at two onshore sites
400

characterized by different turbulence conditions. As the analyzed sites within this work represent simple wake scenarios such
as two-turbines and a single-line layout, the DWM model’s evaluation should be further extended to include larger wind farms.
We show that an inaccurate representation of the wake meandering time series can induce significant biases and uncertainties
in power and load predictions, especially for low ambient turbulence levels. As early studies that evaluated the DWM model
19
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Figure 10. Total Sobol indices for each selected load sensor and input variables. The Sobol indices are calculated based on the ANN model.

with wind turbine on-board sensors did not have sufficient information to track wake meandering time series (Larsen et al.,
405

2013; Churchfield et al., 2015; Reinwardt et al., 2018), the reported deviations in DWM-based power and loads may also be
due to inaccurate wake meandering simulations. Note that to re-calibrate the DWM model without accurately tracking wake
meandering time series in both lateral and vertical directions can lead to erroneous calibration (Conti et al., 2020b).
The contribution of the wake-added turbulence is critical for small turbine rotors, e.g., the here-analyzed V27 with a 27 m
diameter, as these turbines operate at fast rotational speeds and the dominant load frequencies such as the rotational frequency
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of the rotor, 1P for blades, and 3P for the tower are significantly enhanced by the small-scale added turbulence (Bergami and
Gaunaa, 2014; Madsen et al., 2010; Conti et al., 2020d). These effects are less prominent for larger rotors as turbines operate
at lower rotational speeds.
The uncertainty propagation analysis shows that the uncertainties in calibration parameters can only partially explain the
statistical uncertainty observed in power and load predictions. If we consider that calibrating the DWM model at each site is
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an expensive process, as it would require high-resolution and high-quality lidar measurements of the wake field, a probabilistic
formulation of the DWM model that takes into account the uncertainties in model parameters (Conti et al., 2020b), can provide
robust and reliable power and loads estimates at multiple sites.
The flow modeling assumptions of the DWM model, such as considering the wake as a cascade of steady velocity deficits
passively displaced by the large-eddies in the atmosphere, also add statistical uncertainty in power and load calculations.
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Alternative methods such as lidar-based wake field reconstruction techniques, which incorporate lidar measurements as constraints in the numerical fields, can potentially circumvent DWM-based flow modeling assumptions and reduce the statistical
uncertainties in power and loads predictions (Dimitrov et al., 2017; Conti et al., 2020d).
7 Conclusions
We quantified uncertainties in power and load predictions under wake conditions using the DWM model and experimental data
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from two onshore sites. The DWM model calibration based on the SpinnerLidar measurements, which was carried out in Part

20

I of this work (Conti et al., 2020b), and the IEC-based calibration, which is currently widely used in wind turbine and wind
farm design processes, were primarily investigated. We proposed an alternative and improved approach for scaling the local
turbulence fields to account for the wake-added turbulence contribution, which induced added turbulence levels in agreement
with the SpinnerLidar observations (Conti et al., 2020b).
430

We found that calibrating the DWM model using high-resolution lidar measurements led to unbiased power predictions and
biases of 3% in fatigue loads at two onshore sites with different turbulence conditions. The current IEC model underpredicted
power and overpredicted fatigue loads at a site characterized by moderate to high ambient turbulence (e.g., the NKE site) due
to conservative wake deficit predictions (Conti et al., 2020b).
Independently of the adopted calibration, power predictions under wake conditions were characterized by an increased
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statistical uncertainty of the order of 2.4 –3 compared to that estimated under wake-free conditions. This result was partly
explained by uncertainties in calibration parameters and wake meandering representations, partly due to the flow modeling
assumptions of the model complex.
Finally, two recommendations are presented. First, when conducting power and load validation analysis using the DWM
model, the actual observed wake meandering time series should be considered as an input to the simulations together with
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the statistics of the undisturbed wind field (i.e., the mean wind speed and ambient turbulence). This practice will considerably
reduce uncertainties in power and load predictions. Second, a probabilistic formulation of the DWM model that accounts for
the uncertainties in calibration parameters should be used to provide robust and reliable power and load predictions at multiple
sites.
Appendix A: DWM model filtering functions
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The mathematical expression of the filtering functions by Keck et al. (2012) and the IEC standard (IEC, 2019) are provided
below.

−0.742
Famb = 0.285T Iamb
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F1,Keck (x̂) =



 x̂

F2,Keck (x̂) =



0.035

F1,IEC (x̂) =

4


1

(A1)

for x̂ < 4

(A2)

for x̂ ≥ 4
for x̂ < 4


1 − 0.965 exp−0.35(x̂/2−2)




2π x̂3/2

 x̂ 3/2 − sin 83/2
8


1

2π

(A3)

for x̂ ≥ 4

for x̂ < 8

(A4)

for x̂ ≥ 8
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F2,IEC (x̂) =




0.0625





0.025x̂ − 0.0375



0.00105(x̂ − 12)3 + 0.025x̂ − 0.0375





1

for x̂ < 4
for 4 ≤ x̂ < 12
for 12 ≤ x̂ < 20
for x̂ ≥ 20
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