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Abstract. This study proposes two methodologies for improving the accuracy of wind turbine load assessment under wake con-
ditions by combining nacelle-mounted lidar measurements with wake wind field reconstruction techniques. The first approach
consists in-of 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 time-
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-, i.e., the farget fields. The lidar-reconstructed wake fields are
then input to aeroelastic simulations of the DTU 10 MW wind turbine &ﬂdrfhefe%&ﬁﬂg—}eadrpfeeheﬁeﬂ%ﬂfefempafedwh

10-minpower-andfatigueload statistiesfor carrying out the load validation analysis. The power and load time-series, predlcted

with lidar-reconstructed fields, are

power-and-load-time-series-exhibit a high level-ef-correlation with the target-observations;—thusdeereasing-corresponding
target simulations; thus, reducing the statistical uncertainty (realization-to-realization) inherent to engineering wake models
M@M&@MMWWMWW&W a factor between 1.2 and 5,

sdepending on the
EMMM&WM@M Finally, we show that the
spatiat-resolutions-of amount of lidar-scanned points in the inflow and the hi size of the

lidar probe volume are critical aspects for the accuracy of the reconstructed wake fields, power, and load predictions.
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1 Introduction

Wind turbines operating under wake conditions experience higher loading eenditions-and lower power productions eempared
to-than 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—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 distribution at the rotor, which in turn induces high load cycle amplitudes in the whole wind turbine structure
(Lee et al., 2012);-whereas-the-. The latter is the main source of wake added turbulence (Madsen et al., 2010), affecting wind
turbine responses and 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 eondition-requires-a-conditions requires detailed modeling of the wake flow fields.

simulation (LES); however, the computational cost is prohibitive when large number of simulations are required. This makes
engineering wake models a practical alternative for certain applications. For design load evaluation, the TEC 61400-1 standard
(IEC, 2019) recommends the Dynamic Wake Meandering (DWM) model, among other low-order engineering wake models;

considers wakes to act as passive tracers displaced in the lateral and vertical directions by the large eddies of the atmospheric
flow (Madsen et al., 2010). The wake field is modelled as a “cascade’ of quasi-steady velocity deficits emitted by the source
turbine that meander through a pre-calculated stochastic meandering path and that are advected in the stream-wise direction
adopting Taylor’s hypothesis of frozen turbulence. These wake deficit time series are superposed on random three-dimensional

turbulence fields serving as input for aeroelastic simulations —The-wake-characteristies(Larsen et al., 2008; Madsen et al., 2010)
The wake flow features simulated by the DWM model are conditional beth-or-on both 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 ambient and-eperational-conditions
inflow are set to match the measured ambient wind statistics (Dimitrov and Natarajan, 2017). Hewever;-since-the-synthetie
There are three primary sources of uncertainty intrinsic of engineering wake models that affect the accuracy in power and
load predictions, which we here denote as the measurement, modeling and statistical uncertainty. The measurement uncertainty
includes deviations between the measured quantity of interest (e.g., the ambient wind field’s characteristics or the power and
The modeling uncertainty originates from the simplistic flow modeling assumptions adopted to describe wake flow fields.

This type of uncertainty can partly be reduced by improving the wake model (e.g., by adding further physical effects) (Keck et al., 2015
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or by calibrating model parameters using measurements (Larsen et al., 2013; Reinwardt et al., 2020). Calibrating the DWM

model with site-specific observations improves the accuracy in power and load estimates; however, such calibrations do

not hold at other sites (Madsen et al., 2010; Keck et al., 2012; Larsen et al., 2013; Reinwardt et al., 2020). As a result, DWM

3

model-based power and load assessments might be highly uncertain at a given site unless high spatial and temporal resolution
measurements of the wake are available for model calibration.
The statistical uncertainty derives from the traditional method of performing aeroelastic simulations, for which the numerical

wind fields are set to match the statistical properties (mean and variance) of the observed wind field on a 10-min basis. Since the
numerical turbulence field and the wake meandering are stochastic processes, the instantaneous velocities of the simulated wake

wind field and the resulting load prediction time-series are net-synchronized-with-the-true-uncorrelated with the observations.
This can lead to simulation errors (Zwick and Muskulus, 2015) and introduces high statistical uncertainty on power and
load predictions (Dimitrov and Natarajan, 2017; Pedersen et al., 2019). Further, statisties-from-a-large-set-of simulations-are
required-to-compensate-for-the-large oad-variations—o accurately reconstruct wake meandering time series, it is essential to

ensure accurate power and load predictions in a load validation analysis.
Alternative load verification procedures are being explored to potentially reduce the statistical and modelling uncertainty of

engineering wake models ;-as-weH-as-te-and replace measurements from masts with those from Doppler lidars {Bimitrov-et-al; 2649 Reinw:

(Dimitrov et al., 2019; Reinwardt et al., 2020; Conti et al., 2020b). Lidars can provide high spatial and temporal resolution in-
flow observations and extend (and eventually replace) traditional point-like measurements such as those from cup and sonic
anemometers. Further, as modern wind turbines have considerably increased in size, reaching rotor diameters of the order of
150-200 m, accurate measurements of the inflow wind field for aeroelastic calculations require multi-point and multi-height
wind measurements within the entire rotor plane,

In particular, nacelle-mounted lidars have the advantage to-be-of being aligned with the rotor, which increases the amount of
validation data in contrast to a fixed mast where only a small wind direction sector is valid. 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-free-stream conditions (Wagner et al., 2014; Dimitrov et al., 2019).

The recent work of €onti-et-al(2620a)-demeonstrated-that-Conti et al. (2020b) proposed a lidar-based load validation proce-
dure in-under wake conditions that describes wake flow fields by means of time-averaged wind field characteristics estimated
using nacelle lidar measurements. Although the quantified uncertainty in lidar-based power and load predictions was found
comparable to estimates from IEC-recommended practices that uses the DWM model (Conti et al., 2020b), the authors stated
that lidar-based load validation procedures in wakes should account for a model of the wake deficit and its dynamiesmeandering
dynamics to predict power and load accurately.

OQuverall, developing lidar-based power and load validation procedures under wakes can improve monitoring wind turbine

Rommel et al., 2020), enhance power curve testing in wind farms (Lydia et al., 2014; Wagner et al., 2015), and develop wind

turbine and wind farm control strategies (Bossanyi et al., 2014; Simley et al., 2018).

erformance (Tautz-Weinert and Watson, 2017; Schreiber et al., 2020), reduce uncertainty in load predictions and lifetime estimations
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The present work proposes two alternative approaches for wind turbine load validation under wake conditions using nacelle-
mounted lidar measurements combined with wake wind 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. Incorporating nacelle-lidar measurements

as constraints into turbulence fields can circumvent the DWM model’s assumption to consider wakes as passive tracers

Madsen et al., 2010), while reconstructing the actual observed inflow at a high spatial and temporal resolution.
The second approach reconstructs wake deficit characteristics and-their-motions-including wake meandering by fitting a

bivariate Gaussian shape function on lidar retrievals and superimposes these deficits on a random realization of the Mann

turbulence field. This approach intends to minimize errors in wake deficit representations and introduce the observed wake
meandering path directly in the simulations. Both lidar-based wake field reconstruction techniques can potentially decrease the
modeling and statistical uncertainty inherent to the DWM model, thus predicting accurate power productions and loads.

We evaluate these methods-on-anumerieal-study-lidar-based wake field reconstruction techniques on a tailored-designed
numerical framework that simulates a nacelle-mounted lidar scanning the synthetic wake flew-fields generated with the DWM

model.

of-load-predictions—inherent-of the- DPWM-model—The main objective of this study is to verify that s-nacelle-mounted lidar
measurements incorporated into wake field reconstruction methods improve the accuracy of power and load predictions when

COmparedtO ne-targer1o0aas;tne1oaaprea or-ootatnecausSing Sré ccon dctea-wake ow et as—a drateo BpEerio

the-standard-baselsmewake field reconstruction using engineering wake models alone.
The work is structured as follows. In Sect. 2, we briefly formulate the load validation procedure. Section 3 introduces the

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—te
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
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 5 5 5 IEC, 2015, 2019). The present work covers the analysis of fatigue loads of wind turbines
operating in wakes (see IEC 61400-1, DLC1.2). Following-the-approach-of Dimitrov-and-Natarajan(2017);-we-We apply the
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one-to-one load validation procedure of the IEC 61400-13 (IEC, 2015), which consists of comparing simulated and targeted

., measured) load statistics to assess the accuracy of aeroelastic simulations. As we carry out the load validation anal

numerically, we define a tailored-designed load validation procedure, inspired by the approach of Dimitrov and Natarajan (2017)
and illustrated in Fig. 1. The DTU 10 MW wind turbine (Bak et al., 2013) is used as reference in this study.

Random turbulence | (1) Superposed to (2) lead to
field realizations Target
(set A) Fields (3) input to l

DWM . .
model W'| aeroelastic simulations |

Random turbulence | (1) Superposed to (2) lead to Baseline Load validation analysis
field realizations fields
(setB) (2) Input to —+ Target loads
Lidar-reconstructed (4) Input to —>| Baseline loads |
fields
—'l CS-based loads |
; Wake field
l\((ljrtual (1) scans Tf"'get reconstruction (3) lead to _,l WDS-based .’OGdSl
ldar Fields technique

(CS or WDS)

Figure 1. An illustration of the numerical framework utilized to reconstruct wake fields through the DWM model and our proposed

lidar-based wake field reconstruction techniques (i.e., the constrained simulations CS and the wake deficit simulations WDS). Further,

this framework allows quantifying the uncertainty in power and load predictions resulting from aeroelastic simulations with the DWM

model-based and lidar-based wake fields. More details can be found in the text.

We use two sets of random turbulence realizations(alse-referred-to-as-seeds)field realizations, which we denote as set A and
set B. We-simulate- DPWM-based-These turbulence fields are generated using the model by Mann (1994); thus, they are defined

as zero-mean, homogeneous, uniform-variance Gaussian random fields. We simulate DWM model-based wake fields using
turbulence seeds-realizations from set A, which we denote as the target fields —We-also-generate-asecond-set-of DWM-based

In contrast, the DWM model-based wake fields using seeds-turbulence field realizations from set B s-which-we-denote-as
are denoted as the baseline —Sinee(see the blue rectangular box in Fig. 1). Since the turbulence fields from ser A and set
B eome-from-the-same-distributions have the same turbulence characteristics, as they are generated using the same Mann
parameters but are statistically independent —(i.e., the resulting wind fields time series are uncorrelated), we expect that the

outcomes of load simulations with set A and set B will have the same statistical properties ;-but will not be correlated -

Dimitrov and Natarajan, 2017).

Hence, the result of a one-to-one comparison of load statistics between the realizations-in-the-baseline and the farget sim-

ulations is a direct measure of the statistical uncertainty (i.e., load scatter) that originates from both the random Mann-based

turbulence realizations and the stochastic meandering process —inherent to the DWM model. In a traditional load validation
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analysis, the rarget loads will be the measured loads, whereas the baseline loads will be the loads resulting from aeroelastic
simulations using turbulence fields with the same properties as the measured inflow conditions (IEC, 2015).

To evaluate the lidar-based approaches, we use a virtual lidar simulator that scans the farget wake fields, and, through a-our
proposed wake field reconstruction technique, incorporates these samples in a random turbulence seed-field realization from
set B —(see Fig. 1). This numerical approach intends 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 wind 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 rarget turbulence fields. Therefore, this procedure allows us to quantify the uncertainty of load predictions that
results from lidar-reconstructed wake fields (see the red elements in Fig. 1) against the farget, and at the same time, to compare

the associated statistical uncertainty with that of the baseline. To summarize, the following load simulation cases are defined:
— Target: BPWM-based-DWM model-based wake fields imposed on random turbulence seeds-field realizations from set A.

— Baseline: BPWM-based-DWM model-based wake fields imposed on random turbulence seeds-field realizations from set
B.

— Constrained simulations (CS): lidar-reconstructed wake fields, where lidar virtual measurements of the rarget 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 rarget fields
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-erder-(we use eighteen random turbulence field realizations
for each individual 10-min statistic of the inflow wind), to quantify the statistical uncertainty of power and load predictions

under a-variety-of-inflow—conditions—inflow conditions measured at a site. More details on the load validation analysis are
rovided in Sect. 4.2. Eventually, we quantify the load uncertainties of the baseline, CS- and WDS-methods by comparison to

the loads of the target simulations, and we define two main criteria to evaluate the proposed approaches:

I The mean bias of all load predictions obtained with the lidar-reconstructed CS- and WDS-simulations is of-the-same
order-of-equal to that obtained with the baseline.

IT The statistical uncertainty (i-e—standard-deviation-of-the-biashere defined as the standard deviation computed from all
biases (Dimitrov and Natarajan, 2017; Conti et al., 2020b)) derived with the lidar-reconstructed CS- and WDS-simulations

is lower than that obtained with the baseline.

Provided that these criteria are satisfied, the proposed lidar-based recenstruction—approaches-wake field reconstruction
techniques will produce (I) power and load predictions in wakes ;—which-are—in—astatistical-sense—as—aeccurate—as-that are
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statistically unbiased compared to the DWM model results, and (II) a reduced statistical uncertainty in power and load

redictions compared to the DWM model results, which is achieved by reconstructing wake fields that-have-with stronger
similarities to the target-fieldscompared-to-the DWM-modelresultsactual inflow.

3 Methodology
3.1 Mann turbulence spectral model

The time-domain aeroelastic simulations require input of a three-dimensional turbulence field that mimics atmospheric tur-
bulence (Dimitrov et al., 2017). For this purpose, the IEC 61400-1 recommends, i.a., the Mann uniform shear spectral tensor
model (Mann, 1994) or the Kaimal model (Kaimal et al., 1972). The turbulence spectral properties of a three-dimensional
homogeneous wind field are described by the spectral velocity tensor ®;; (k) (Kristensen et al., 1989):

P;(k) = ﬁ/Rij(r)exp@ik-r)dr, (1)

which is the Fourier transform of the covariance tensor R;;(r), 7 = (z,y,z) is the spatial separation vector defined in
a right-handed coordinate system such that the longitudinal component of the wind field (u) is in the x direction, y and z
are the directions of the transversal-components——and-transverse components (i.e., the v- and w-velocity components), and
k = (k1,k2, k3) is the wave-vector with the wavenumbers in the (,y, z) directions.

The model by Mann (1994) (hereafter referred to as the Mann model), assumes neutral atmospheric conditions and defines
the spectral tensor as function of three input parameters: ag,e2/3, which is a product of the spectral Kolmogorov constant v,
and the turbulent energy dissipation rate €, I 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 (A, A) are calculated numerically by:
Xij (b1, Ay, A) = / / @, (k,are®’3 L, T) exp(ikikaA, +itks A, )dkodks. 2)

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

turbulence field (Dimitrov and Natarajan, 2017), as;_
Rij(B 8, 80) ¢ [ x5k, 8y, 8. expliis A, ). ()

3.2 Dynamic Wake Meandering model

The DWM model simutates the is an engineering wake model that simulates wind field time series and includes three components:

a quasi-steady velocity deficit, the wake-added turbulence, and the wake meandering (Madsen et al., 2010). Figure 2 illustrates
The DWM model assumes wakes as passive tracers displaced in the lateral and vertical movements-of-directions by the

large eddies in the atmospheric flow. Further, the quasi-steady wake deficits are advected in the stream-wise direction adopting.



Taylor’s assumption of frozen turbulence (Madsen et al., 2010). This set of assumptions allows decoupling the wake deficit by

and wake-added turbulence components from
the wake meandering model (Larsen et al., 2007). Hence, the three components of the DWM model are computed separatel

and subsequently superposed on random homogeneous turbulence field realizations (e.g., that-generated using the Mann model-

2013; Keck et al., 2014

205 )to produce three-dimensional wake field time series that are input to acroelastic simulations (Larsen et al.

3
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Figure 2. Qualitative representation of the three wake components predicted by the DWM model, including an axisymmetric quasi-stead

velocity deficit, which is defined as the local wind speed U divided by the ambient wind speed U,,..1, (left), a wake-added turbulence scalin,

factor, k¢ (middle), and the meandering of the quasi-steady wake deficit superposed on a random homogeneous turbulence field realization

right). The red marker identifies the wake center position and the red solid line the wake center’s trajectory in the longitudinal x- and

lateral y-coordinate. The wake also meanders in the vertical direction (not shown). The wake features are computed for an ambient inflow

characterized by Ugmu= 6 m/s and a turbulence intensity of T'1,,,,=8%.

The velocity deficit definition is based on the 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-expansion and recovery
downstream of the generating turbine is driven by the turbulent mixing occurring due to the ambient turbulence and the

210 turbulence generated by the wake shear field itself &%e&e&al—%%@}—?he%eee&ﬂmﬂee%eeke%al—e@}é%@{éaﬂﬂehﬂded
WMM@MMMM&%ML@
which is a coordinate system with origin in the center of symmetry of the deficit, as shown in Fig. 2-left. Here, we use the

215 numerical scheme of the standalone DWM model (Liew et al., 2020; Larsen et al., 2020) to compute the quasi-steady velocit
deficit.



The wake-added turbulence that-originates-originating from the breakdown of tip vortices and from the shear of the velocity
deficit is accounted for by a semi-empirical turbulence scaling factor —Fhisfaeter-(Madsen et al., 2010) as:

8Udef(yvz)

0 Ema2, “)

kmt(yvz) :| 1- Udef(y,z) | kml + ‘

220 where Uy is the axisymmetric velocity deficit in the MFoR (see also Fig. 2-left), and £y, and k2 are calibration constants
Madsen et al., 2010). The two-dimensional spatial distribution of & . 2-middle. As wake turbulence is both
+ e of Eq. (4) scales the residual field of a Mann-based-turbulence-field-generated-Mann-generated turbulence field assuming

isotropic turbulence, i.e., I' =0, and a small turbulence length scale (L ~ 10-25% of the ambient turbulence length scale)

225 (Madsen et al., 2010). B

is shown in Fi

The wake meandering is assumed to be governed by the atmospheric turbulent structures of the order of two rotor diameters
230 (BD)or larger %ﬂmpﬁeﬂ—vahdafeér Madsen et al., 2010). This assumption was verified using lidar observations of wake

h-wakes (Bingol et al., 2010; Trujillo et al., 2011)

- Thus, the simulated wake meandering time series is obtained by low-pass filtering atmospheric turbulence fluctuations (i.e.,
v-_and w-velocity components measured from a local mast or lidar, or alternatively simulated by the Mann model) by a
cut-off frequenc = Uyt/(2D), which excludes contributions from smaller eddies to the meandering dynamics

235 (Larsenetal., 2008).
As a result, the wake field simulated by the DWM model can be seen as a ‘cascade’ of quasi-steady velocity deficits that
meander in the lateral and vertical directions and are advected downstream by the mean wind speed usingTaylor'sfrozen

240 measurements—of-of the inflow using Taylor’s assumption. These wake features are superposed on stochastic homogeneous

turbulence field realizations to generate wake fields time-series that are then input to aeroelastic simulations (see Fig. 2-right).

Mathematically, a three-dimensional synthetic wake flow field compliant with the DWM model formulation can be defined
by a linear superposition of the ambient wind field and two inhomogeneous turbulence terms as:

UDWM(I,?J,Z) = UaTVLb(Z) + u;7Kdef (I,y,Z) + u_/j,K“mb (937y7z), )

o4 _ . . . . . : : ; Ll 4 is a residual

turbulence field with imposed wake deficits that follow the meandering path, and v’. is a second turbulence field modellin,
wake-added turbulence effects. Adopting Taylor’s assumption, the wake field (Reinwardt-et-al;2020)Figure 2 shews-the-wake

can be described by the
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spatial vector solely; thus, the time variable is disregarded in Eq. (5). The subscripts i, j indicate two random and uncorrelated
turbulence field realizations. The v/ .. field is computed as:

ug,Kdef ($7y7 Z) = Uamb(Z)Kdef (xy Y, Z) + /LL;; ($7 Y, Z) - Uamb('z)a (6)

where Kqes(,y,2) denotes the DWM model-based wake deficit time-series including a pre-computed stochastic meandering
path, and u; is a random homogeneous turbulence field realization from the Mann model with the same Mann parameters as
those of the ambient wind field. Note that K (x,y, 2) assumes values equal to unity when wake losses are not present. The
Mann parameters, age”/®, L, and I, are derived, e.g.. from fitting the free-stream observed turbulence velocity spectra with
the Mann model with the use of pre-computed look-up-tables (Pefia et al., 2017). The wind field formulation of Egs. (5) and
(6) is consistent with the domain of wind fields typically input to aeroelastic simulations (Larsen and Hansen, 2007). Finally,

Uj i, 18 ODMAINED S

U K (895 2) = 05 (2,4, 2) Kot (2,9, 2), (7)

where K z) denotes a time-series of turbulence’s scaling factors computed from Eq. (4) including a pre-computed
stochastic meandering path, v/, is a random homogeneous turbulence field with I'=0 and L= 10MW-wind-turbine;as-function

turbulenee: % of the ambient turbulence length scale (Madsen et al., 2010).

3.3 Lidar simulator

We use the lidar simulator developed within the ViConDAR epen-souree-open-source numerical framework to virtually repli-
cate lidar measurements (https://github.com/SWE-UniStuttgart/ViConDAR), (Pettas et al., 2020). The lidar simulator derives
the line-of-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":
VLOS,eq = /VLos(T)W(F,T>dT. (8)

The u-velocity is computed from the projection of V7,05 ¢, onto the longitudinal axis, i.e., the v- and w-velocity components

are neglected in the field reconstruction

uneertainty-of-the-proeedure—(Schlipf et al., 2013; Simley et al., 2013). This assumption leads to:
VLOS eq
idar = ’ ; 9
Hid cosgcosf ©)

10


https://github.com/SWE-UniStuttgart/ViConDAR

280 where ¢ is the elevation and @ the azimuth angle of the scanning pattern (Pefia et al., 2017). Neglecting the v- and w-velocit
components introduces uncertainty in the wind field reconstruction. However, the opening angles (¢, 0) relative to the scannin
configurations of our work reach a maximum of 35° (see Sect. 3.3.1); thus, the introduced errors by Eq. (9) are marginal

Simley et al., 2013).
Other sources of uncertainty inherent-to-the-use-of-in the radial velocity estimation inherent to lidars, e.g., from the optics

285 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 ratio of —20 dB ;-as-shews-as 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
measurement to resemble the scanning frequency (see Fig. 3). In the present study, the virtual lidar data are computed from
290 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 8192x32x32 {a542)(z X y X z). A spatial resolution of 6.5
m is used for the grid in the rotor plane, which leads to a turbulence box with dimension 208 m x 208 m in both lateral
z-axis depends on the simulated wind-speedambient wind speed at hub height, dz = ] i

295 simulation time in seconds. These dimensions ensure an adequate turbulence field for a +0-min-10-min wind field simula-

and vertical directions

tion over a large rotor ;-and a space-time resolution such that the probe volume effects can be captured by the virtual lidar -

Dimitrov et al., 2017; Pettas et al., 2020).

ey | % o A
1.2
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0.6
0.3
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-0.6 0.9
- 1.2

0.9 75 10
T2 o 25 50 2 c(s)

Figure 3. An illustration of the virtual lidar simulator setup run for 175 s with simulated time lag. The wind turbine is sketched by the black
solid lines, the nacelle-mounted lidar is represented by a blue squared marker measuring upfront the turbine. The trajectory of the scanning

beam is shown by discrete red dots.
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3.3.1 Lidar scanning strategies

TFo-evaluate—the-ability-of- To evaluate currently available lidars’ ability to perform wake characterization, we select a

few standard scanning configurations and use them to perform load validation within wakes. These are a 4-beam lidar (4P)
Held and Mann, 2019a, b), 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) (Medley et al., 2014; Borraccino et al., 2017; Pefia et al., 2017), the
SpinnerLidar (SL) (Pefia et al., 2019; Herges and Keyantuo, 2019; Doubrawa et al., 2019), the-Sk;-and a general grid pattern

(Grid) covering the full turbulence box (see Fig. 4).

o 4P nd P
d d

A time lag between each 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 ef-(defined as the radius between hub height
and the location of the scanned points) 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 —as shown in Fig. 4. The SL trajectory is scaled to cover the full rotor areaand-the-Grid-pattern-has—a-spatiat
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340

345

resotution-of-, and the positions over the plane of measurement are separated by 29 m —in both vertical and transverse directions

for the Grid pattern.
A preview distance of 0.7D is assumed. Note that increasing the preview distance reduces the errors caused by the cross-

contamination effects of the v—and-+w—ecompenentsv- and w-components and reduces the induction effects, but raises errors
due to the wind evolution (Simley et al., 2012).

~These effects are

not investigated in detail in this work, as we use DWM model-based wake fields as target, which do not include induction
effects nor turbulence evolution as the Taylor’s assumption is applied.

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 (i.e., 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-(Pefia et al., 2015)

. Here, we define the probe volume’s length as the standard deviation of the Gaussian weighting function for convenience.

Alternatively, the weighting function can be defined by a Lorentzian form (Mann et al., 2010); however, the differences in the

reconstructed wind velocity arising from a Gaussian- or Lorentzian-like weighting function are marginal (Dimitrov et al., 2019

. Further, we also define an additional case (Grid*) that neglects probe volume averaging effects (see Table 1).

4p 7P Cone Grid
104 ] PSS
0.5 4
= 001 1
N
_0.5- 4
_1.0- .
-1 0 1 -1 0 1 -1 0 1 -1 0 1 -1 0 1
y/R [-] y/R [-] y/R[-] y/R[-] y/R [-]

Figure 4. 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.

3.4 Wake field reconstruction techniques




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 Measurements / Sampling Scan Measurements / | Probe volume
configuration scan (binned) [-] | frequency [Hz] | period [s] 10-min [-] 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

355

; ~By defining the terget DWM model-based wake
360 flow fields with-the- DWM-formulationas the target fields, the underlying assumptions on which we define the wind-lidar-based

wake field reconstruction techniques are:

o 7> K ury / a S *

1. The ambient wind conditions are known, including U,,.5(2), the atmospheric turbulence intensity (7'7,,,s), and the

atmospheric stability conditions (here implicitly prescribed through the Mann parameters: ae?/?, L, T').

2. The lidar-based wake fields ean-be-are reconstructed by incorporating lidar observations (e.g., in the form of constraints
365 or lidar-fitted velocity deficits) into a zero-mean, homogeneous, and random Gaussian turbulence field generated by the

Mann spectral tensor model.
3. The induction effects on lidar measurements are neglected and the Taylor’s frozen turbulence hypothesis is assumed.

4. The-Only the u-velocity fluctuations are recovered-from-the-target-reconstructed from the rarger wake fields.

The corresponding random turbulence seeds-field realizations from set A and set B have similar spectral properties;-; however,

370 these fields only describe the turbulence structures in-the-freestream-conditionsof the ambient wind field. The lidar measure-
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ments of the wake field, combined with the wake field reconstruction approach, should recover the whole information regarding
the wake characteristics, including velocity deficits, wake-added turbulence, and meandering in lateral and vertical directions.

Further, the first assumption is aetno longer needed if a second instrument is deployed at the site measuring the freestream
conditions(Borraceino-et-al; 2017+ Pefaet-al ;204 —ambient conditions, for example, using a mast or a nacelle-mounted lidar
375 (Borraccino et al., 2017; Pefa et al., 2017).

The second and third assumptions are inherent in the modelling approach and limitations of the DWM model ;-as-wel-as-and
other analytical wake models; however, in this study, 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 longitudinal direction (u-velocity) and its variance (Dimitrov et al., 2018), while the effects of the v- and w-turbulence

380 are generally marginal (Dimitrov and Natarajan, 2017).
3.4.1 Constrained Gaussian field simulations(€S)

The algorithm for applying constraints on a zero-mean, homogeneous, and isotropic Gaussian random field was developed in

Dimitrov-and Natarajan(2047-—FHoffman and Ribak (1991), and extended to Mann-generated turbulence fields for aeroelastic
simulations in Nielsen et al. (2003) and Dimitrov and Natarajan (2017). The algorithm uses a set of constraints that are here-derived

385 here derived from a virtual lidar simulator and an unconstrained random turbulence realization generated with the Mann spec-
tral tensor model.

Following the notation in Dimitrov and Natarajan (2017), we denote §(r), where r = («,y, 2) is the spatial separation vector,
an unconstrained random turbulence realization. The spectral property of §(r) 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 (ae2/3, L, T'). We denote a set

390 of constraints as H = {h;(r) = ¢;,%,..., M }, where each constraint is a measured time series for a particular spatial location

7 and M is the total number of constraints. Note that the constraints are defined as a residual wind field; thus, we remove the

mean ambient wind speeds from the lidar measurements of Eq. (9), i.e., ¢; = wj;gar — U,

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

which are the values that are input

395 covariance and coherence properties of the unconstrained field §(r). 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 £(r) = g(r) — g(r), which is the difference between the constrained and unconstrained fields.
This residual field is also a random Gaussian field, where its values at the constraint locations are known &(r;) = ¢; — §(r). The

values of the residual field at unknown locations can be derived as:
400 £(r) = (&(r)|H) =((r)Z7 1 (H - §(r)), (10)

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

is the symmetric correlation matrix of the constraints set. Both {(r) and Z can be computed from Eq. (3). Eventually, any
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constrained realization can be written as a sum of the unconstrained field and the mean of the residual field as:
9(r) =g(r) +<(r)Z7 (H — g (7). (11)

By denoting ucg 5 ; = g(r), as the constrained turbulence field that incorporates lidar measurements into a random turbu-
lence realization ¢ from set B (see Fig. 1), we can derive the reconstructed wake flow field to be input in aeroelastic simulations

as:
Ucs(2,y,2) = Uamp(2) + ugs p.1(2,9, 2). (12)

Note that the accuracy of the resutting-reconstructed wind field will depend on the fidelity and accuracy of the nacelle lidar

measurements used to characterize the wake defieitfield.
3.4.2 Wake deficit superposition simulations(WDS)

The wake deficit superposition appreach-(¥-:5)-(WDS) approach assumes that velocity deficits can be described by a bivariate
Gaussian shape function, which is fitted based on lidar measurements of the ta+get-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., 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;foHewing-the-netation-Traditionally, the normalized
velocity deficit is defined as the difference between the ambient wind speed and that inside the wake as:

Uamp (Z) - Ulidar (I, Y, z)
Uamb (Z)

Udef(l‘7y7z) = ) (13)

where U, z) is assumed to be known and the lidar measurements in the wake (u;4,4,-) are sampled by the lidar simulator

using Eqg. (9). Following the procedure of Trujillo et al. (2011),
Haeriaar—asa bivariate Gaussian shape is used to describe the velocity deficit flow field as:

Uamb(2) = Ulidar r,Y,z A 1 P 2 R — 2
Kdefﬁlidardef,Gau (Ey; Z) _ Yam ( )U bL((Z(L)I ( ) _ — exp (yl My) ( i Nz) ’
I am wyTwz

(14)

where (p,, 1) define the wake center location, (0., 0., ) are width parameters of the wake profile in the y and z directions,

respectively, (y;,2;) denote the spatial location of the LOS and A is a scaling parameter dictating the depth of the wake. As

stmulator—A least squares method is applied to fit the measured wind speed deficits from Eq. (13) to the bivariate Gaussian
function in Eg. (14)._

The optimal wake paramete

Lz oy Oguz, A) are obtained for each completed scanning period (i.e., ~ 2 s as described in Table 1), resulting in
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approximately 300 lidar-reconstructed deficits within a 10-min period. Finally, the-these lidar-fitted wake deficits are superim-
posed on a random homogeneous turbulence field realization from set B—, as shown in Fig. 1.

A preliminary analysis shews-showed that wide turbulence boxes (208 m x 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. (14). ft+fellews—that-As a result, the wake properties of the reconstructed field can
considerably deviate from the actual imposed wake characteristics.

To compensate for these deviations

Uamb(Z) — UpVDs(:L’,y,Z) Uamb — (Uamb(z)l(def,VVDS(mayaZ) + 1L/]3_2-(;U.,y7z))

Kaerii T,Y,2) = = ’
def.lzda?”( Y, ) Uum,b(z) U(Lm,b(z)

where-Uhypois-the W-D-S-reconstrueted-wakefield—whieh-and considering that the DWM model-based wake fields can be
defined as a linear summation of the ambient wind field %{r Mcaled by the ﬁﬁe&%ﬂk@-ﬂmﬁﬁ@ﬁ—fﬁe—ﬁvv—pg—aﬂd*{‘he

~wake deficit function

1 "B,
K e, and a random homogeneous turbulence realization term v/, as reported in Eq. (6), we reformulate the least squares
minimization problem as:

_ _ 2
Uamb — ( amb(z)(l - Kdef,Gau(ymaZn|uyvuzaawy70'wzaf4)) —I—ujg’i(y,z))

4 , 15
U(mnb (Z) ( )

1—‘def = Z Udef(ymazn) -

mn

where subscripts (m, n) indicate data points within the scanning configuration, the second term in the right-hand side defines

2

the velocity deficit as in Eq. (13), in which the reconstructed wake field is defined as U, 1-K + s, and
is the random homogeneous turbulence realization from set B. Note that when wake losses are present, (1 — K, will

reduce the ambient wind speed, as expected. 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

nearest-neighbor interpolation scheme. Finally, the reconstructed wake field input to aeroelastic simulations is defined by:

UWDS (JJ, Y, Z) = Uamb(z)(m}\:Kdef,VVDsm(m7 Y, Z)) + ulB,i (.’E7y, Z)u (16)
where K, .1, z) 1s fitted using Eq. (15) for each completed scan by the nacelle lidar.
4 Results

The results are presented-in-three-main-parts-—Firstlydivided into three parts. First, we assess the accuracy of lidar-reconstructed
wake fields against target-target fields in Sect. 4.1. SeeendlySecond, we carry out the load validation analysis in Sect. 4.2,

and separately present the load predietions-uneertainty—relative-to-the-G-Sprediction uncertainty of the CS-approach in Sect.
4.2.2 and that of the W-D-SWDS-approach in Sect. 4.2.3. A mere-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 both atmospheric turbulence

conditions as-wel-as-and the selected lidar technical specifications on the load predictions-prediction accuracy in Sect. 4.3.
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4.1 Uncertainty of reconstructed wake fields

In this section, we evaluate the accuracy of the lidar-reconstructed fields against ta+get-the target fields. At first, we assess the
accuracy of the reconstructed u-velocity eomponenttime-series across the turbulence box, by computing the root mean square
error, RMSE=—/Hn>4—4:*RMSE = \/1/n> " (4; — 1;)?/U;, between the reconstrueted-lidar-reconstructed () and
target-target velocity (3), where n = 8192 is the grid size of the box in the time-longitudinal direction, normalized over the
velocity (¥;) at each grid point of the turbulence box. Fhen;-we-derive-a-measure-of the-"explained
sHrements- ha A 5"3 7a .. . ie-' 1P OV—ah N ataratan A ,‘T\/l,\l/e\l
normalized RMSE indicates if the lidar-reconstructed fields are unbiased compared to the target fields (see Fig. 5-top row).

Further, we compute the explained variance ratio across the turbulence box

mean e+ tty-target

2 (i.e., the square of the

Pearson’s correlation coefficient (Achen, 1982)), which defines the proportion of the variance in the actualty-measured-inflow
field that is transferred to the unconstrained turbulence field by imposing the constraints —This-is-computed-as-the-square-of

P 795/ >

each-grid-point—As-the-target-andreconstrueted-(Dimitrov and Natarajan, 2017). As the rarget and lidar-reconstructed fields
are based on two sets of random uncorrelated turbulence seedsfield realizations (see sets A and B in Fig. 1), p% ~ 0 is expected

across the box, if no lidar information was included. Contrarily, pQE =1 indicates that the reconstructed time-series is fully-
correlated with the targettarget, thus the variance-of-the reconstructed-field-matches-that-of-the-target-fieldtwo fields match

completely.
Figure 5 also shows the spatial distribution of the-nermalized RMSE-and-p%, derived from the €:5CS- and W-DSWDS-

reconstructed fields, with the 7P, Cone, and Grid configurations (see Table 1 for specifications). For this particular analysis,

where D = 179 m is the diameter of the DTU 10 MW turbine, and ambient conditions characterized by Uq,p = 6 m/s s-and
TIymp = 8 %. The atmospherie-vertiealinflow wind profile is defined by a pewerlaw-modelwith-power-law model with a shear
exponent of 0.2. Itean-be-seen-that-

As shown in Fig. 5, the locations of the imposed constraints are characterized by the lowest RMSE and highest p%,. This
effect is more pronounced for the €5-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. -ean-also-be-observed-that
the-The RMSE increases (and p7, decreases) for spatial regions that are farther from the lidar’s beams. This occurs due to
the covariance structure of the unconstrained turbulence field, for which the unknown points are nearly uncorrelated with the
imposed constraints.

The errors introduced by the W-2-SWDS-fields are partly a consequence of an erreneous-inaccurate estimation of the wake

deficit parameters—characteristics (i.e., due to the limited spatial scanning configuration) ;-and-eue—to-and the small-scale

turbulence structures contained in the turbulence box. Finally, the results of-in Fig. 5 confirms-that-the-spatial-resolution-of
the—seanning—patterns—confirm that the amount of scanned positions by the lidar has a significant impact on the aeeuraey
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reconstructed fields’ accuracy affecting both the mean and variance of the reconstructed fieldsu-velocity component. Therefore,

patterns that cover a larger region of the rotor ean-lead to more accurate field representations (Dimitrov and Natarajan, 2017,

Pettas et al., 2020).

RMSE/Uwae [-]
0.40

7PC$ 7PWD$ COnecs Conewps GI'idcs GI'idWDS

z/R [-]

z/R [-]

y/R[-] y/R[-] y/R[-] y/R[-]

Figure 5. Error-visualization-Spatial distribution of the &-Serror inherent to the CS- and ¥#~-P-SWDS-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 to 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. 6, we show-a-comparison-of-compare the lidar-reconstructed u-velocity time-series extracted at hub height, using the
Grid pattern, with the #arget-target observations derived at the same location. The target-target wake field is simulated with
Uamp = 6 m/s and Tl = 8%. The time-series of the virtual lidar measurements is also shown. ttis—seen-We find that both
field reconstruction approaches can predict the reduced wind speed observed-in-within the wake region as-wel-as-recover-in
detatls-and recover the details of the wind speed fluctuations of the ta+get-target field. However, uncertainty is introduced due
to the limited lidar sampling frequency, the length-ef-the-probe-velume probe volume length (here assumed ef-to be 30 m)and
by, and the adopted field reconstructing approachestechniques. The results of-in Fig. 6 demonstrate that incorporating lidar
data directly in the reconstructed field (i.e.&55, the CS-approach) leads to reproducing more accurate fields compared to the
W-D:SWDS-approach.

In addition, we compute the power spectral density (PSD) of the above analyzed time series of u-velocity fluctuations for a
10-min simulation s-and-compare-theresutts-and compare them in Fig. 7. We observe that the PSD of the reconstructed fields is
comparable to that of the target-target for frequencies up to ~ 1 Hz, while the energy spectral content at higher frequencies is
considerably-attenuated. According to the-definitionin-Larsen et al. (2008), the dominant frequency of the wake meandering is

defined as fero7="C/2D ) whichresultsin-0:016-f, = Uums/(2D) = 0.016 Hz (~ 62 s period) for Ugypp = 6 m/s.

As the lidar completes a full-scan in abeut2 s, the large-scale wake meandering dynamics are well-captured. Further, as the
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Figure 6. Comparison between the ta+get-target u-velocity time-series at hub height (grey solid line) and the reconstructed field based on
the €&5CS-approach (left) and ¥-5:5-WDS (right) extracted at hub height. The lidar data are shown in red. The target-target simulations
are run with Uy, = 6 m/s and T, = 8%.

wake meandering is the main source of wake added turbulence (i.e., u-component variance), the energy spectral content in the
lowfrequeney-low-frequency range is recovered—, as shown in Fig. 7.

The enhanced turbulent energy content in-the-of the targer field within the high-frequency range (> 1 Hz) -observed-in
the-targetfield;-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 probe volume and limited sampling frequency.

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 HAWC?2 (Larsen-et-al5-2007)-(Larsen and Hansen, 2007) and inflow wind conditions
measured from an offshore site, as described in the-next-seetion{Sect. 4.2.13. Note that we run the analysis based on offshore
wind conditions, which are characterized by low turbulence;-thus; thus, wake effects are more prominent.

This work evaluates the load prediction accuracy at the 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 deseribed-in-Seet—2illustrated in Fig. 1, we quantify the uncertainty ef-resulting

load-predietions-in power and load predictions resulting from the baseline, CS and WDS simulations against results obtained
with the target fields. The &-S-and-4-D-5-CS and WDS simulations are evaluated for the analyzed-selected lidar configurations
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Figure 7. Comparisons of the power spectra density (PSD) of the ta+get-target u-velocity component measured at hub-height-hub height
with predictions obtained by the €:5CS-field (left) s-and the ¥-P-5WDS-field (right). The dominant frequency of the wake meandering
feut,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).

of Fig. 4, i.e., the 4P, 7P, Cone, SL, Grid and Grid* patterns with the parameters provided in Table 1. Fhus;-the-following- Two
uncertainty indicators are eateutateddefined to verify the load validation criteria / and I/ of Sect. 2:

- Bias: Agp = E(3)/E(9),

— Uncertainty: X = /((§/9 — E(§)/E(9))2),_

where the symbol E(.) denotes the mean value and (.) the ensemble average, ¢ is the quantity of interest (i.e., power or load
statistics) derived from the target simulations, and § corresponds to that produced by the reconstructed fields. We evaluate A g
and X on the resulting 10-min power and load statistics and provide results in Sect. 4.2.2 for the &5 CS-fields, and in Sect.
4.2.3 for the W-B-SWDS-fields.

The analyzed wind turbine responses include mean power production levels (Poweryean ), and fatigue loads. We make-ase
of-use the rainflow counting algorithm to compute the 1-Hz damage equivalent fatigue loads with a Wohler 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 MxBRpgr,, MyBRpgr,, tower-bottom fore-aft and side-side MxTBpgr,, MyTBpgL, the torsional loads at
the tower top (also referred to as yaw moment) MzTTpgy, and torsional loads at the drivetrain MzShpgy, .

Furthermore, we quantify the accuracy of the reconstructed wake fields based on estimates of the rotor-effective wind speed

(Uesy), defined as the weighted sum of the w-velocity measured across the rotor area, the explained variance ratio pQE,N and

2

the u-velocity variance o

computed from the reconstructed turbulence boxesfields. Finally, a load time-series and spectral

analysis is conducted in Sects. 4.2.4 and 4.2.5.
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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 2014and-, and their details
can be found in Kretschmer et al. (2019).

In the present work, we only make-tise-of-use wind speeds and turbulence intensities measured froma-96-m-under near-neutral
conditions from a 90-m sonic anemometer installed at the mast. Thus;we-extract-mean-turbulence-intensity-We extract 10-min
average turbulence values binned for wind speeds ranging between 6 m/s-and 22 m/s;-under-near-neutral-conditions;-and-use

; using wind speed bins with 2 m/s ;-and-eerresponding

we obtain nine bins with turbulence intensities of 8, 7, 7, 6, 6, 6, 6, 5, and 5%;-. These are the statistics of the ambient wind

For each 10-min sample of the inflow wind, we use 18 turbulence field realizations (the IEC 61400-1 recommends at least 6
realizations), leading to 162 aeroelastic simulations for each analyzed scanning configuration. Simulations with ambient wind
speeds below 6 m/s are disregarded, as the wind speed approaching the 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. ThusHere, we perform the load validation analysis 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{—29-4-mand—3-9)—The parameterparameters for
the Mann model (i.e., L =29.4 m and I" = 3.9 (IEC, 2019)), whereas ae2/3 is fitted-tuned to obtain the target-turbuleneelevels

in-target ambient turbulence levels of each simulation. The atmespherie-wind-prefile-inflow is described by a power-law with
fixed shear exponent of e-=-6-2¢ = 0.2, as recommended in the IEC standard. The spacing between the analyzed and upstream

turbines is fixed at 5 D. A

The target-target wake field characteristics resulting-as function of the ambient wind speed, which result from the 162
simulations, are shown in Fig. 8. fis-seen-thatthe The wake considerably reduces the inflow wind speed approaching the rotor

(i.e., Ucyy) by approximately-= 35%, compared to the ambient wind speed —(see Fig. 8-(a)). 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-; however, the wake
deficit does not fully recover at high wind speeds, as we simulate relatively low ambient turbulence levels and the spacing

Turbulence levels within the wake region are nearly doubled at low wind speeds compared to ambient-conditions—Finattythe
ambient conditions, as shown in Fig. 8-(b). Further, the wake meandering statisties-amplitudes, here computed as the standard
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deviation of the wake center displacements in the transversal-directionsnormalized-en-transverse directions normalized with

the rotor diameter (0, /D and o, /D), are also shown —in Fig. 8-(c).(d). As expected, larger wake displacements occur in the
lateral than in the vertical directions (Keck et al., 2014; Machefaux et al., 2016).

100~ 2.50 - ® 0.200 ; © 0.200 5>
0-95 i 2.25 0.175{% - ° 0.175
090 | =200 N :
T .85 22 o 0.1501 * b o : 0.150
I = P B Q : Lo o Q
50.80 I SL75) 3012507 M 30125 ;
}g) o L .t D A | .
3075 1507, 4 0.100{ ~ * S L B ST
0.701 | | | 125 * HE . .. . I e
. L . t 1 . :
t . g 3 H
0.65 i oo 0.0751% | j RN
0.60 100 0.050 0.050 L
Y 6 8 1012 14 16 18 20 22 6 8 1012 14 16 18 20 22 i 6 8 1012 14 16 18 20 22 ‘ 6 8 1012 14 16 18 20 22
Uamp [m/s] Uamp [m/s] Uamp [m/s] Uamp [m/s]

Figure 8. Scatter plots of the 10-min wake field characteristics resulting from the 162 simulations used as target-target in the load analysis.
The parameter T'[i,ake,nn refers to the turbulence intensity measured at hub-height-hub height in the wake; o, /D is a measure of the

amplitude of wake meandering in the lateral direction and o, /D refers to the vertical displacement of the wake.

4.2.2 Load uncertainty of constrained Gaussian wake field simulations{€S)

The uncertainties (Ar and X getf-the-) of load predictions obtained with the &S CS-fields as a function of the ambient
wind speed are shown in Fig. 9. Jtisfeund-We find that the biases largely vary depending on the simulated scanning pattern
and analyzed load sensor. First, we ean-observe-that-observe that the patterns with fewer ‘points’ (i.e., 4P, 7P and Cone)
overestimate U,y ¢ by 2-10% (see Fig. 9a). This is because 1) these patterns have-insufficientspatial-resolution-to-fukly-scan an
insufficient amount of positions within the inflow area to characterize the wake flow fully; 2) the autocorrelation structure 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—Fhus;-the reconstructed-wind-speeds, as also shown in Fig. 5. Thus, in the regions that
are not scanned by the lidar, the reconstructed wind speed approaches the ambient wind speed values. Therefore

As aresult, lower deficits are simulated, or equivalently higher rotor-effective wind speeds are predicted. As-a-consequenceConsequently,
the power predictions are overestimated (A >10%), as seen for ambient wind speeds below 14 m/s in Fig. 9b. Patterns with
high spatial resolution, as the SL, Grid, and Grid*, provide rotor-effective wind speed and power production estimates in good
agreement with the baselinebaseline.

The statistics of p% in Fig. 9c indicate that increasing the spatialresotution-of the-pattern-amount of points scanned by the
lidar (see SL, Grid and Grid*) leads to a more accurate reconstruction of the wake turbulence. The biases of both p2E and Ueyy
deereases-decrease for high wind speeds --due to the attenuated wake-induced effects (see Fig. 8). The improved performance
of the SL, Grid (and Grid*) is also confirmed by the-estimates of o2 in Fig. 9d, which show that the SL and Grid configurations
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can match the target-target variance with an accuracy up to 98%, compared to 40-60% estimates inherent of the 4P, 7P, and
the Cone configurations. Nevertheless, the observed biases of U, , p% and 03 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 MxBRpgr,, MxTBpEgr,
MzTTpgr, and MzShpgy, in good agreement with the results of the baseline-baseline (see Fig. 9e—h). However, the calculated
biases 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.
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Figure 9. Comparison of bias Ag (solid line) and uncertainty X (error band) of selected load sensors as function of the ambient wind
speed. The uncertainty indicators are computed against the ta#get-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 &:5CS-fields.

Figure 10 shows the statistics of Ar and Xy including all wind speeds. As expected, the basetine-baseline leads to Ap ~
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 (A ~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 baselinebaseline, although turbulence-driven load sensors are underpredicted by 2-7%. These deviations decrease as
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probe volume effects are neglected (i.e., A g ~ 1% for Grid* in Fig. 10-left);-whichshows-the-dependeney-of theloadprediction

The statistics of X g are shown in Fig. 10-right. The basetinebaseline’s X g 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 Xz values (see beaseline
baseline in Fig. 10-right). The power predictions as-well-as-and the majority of fatigue loads show a relatively high statistical
uncertainty (X g ~ 0.05-0.09), resulting in a large load scatter.

The X i values of MyTB and MzSh are significantly higher than other load sensors. The cause of the former is structural res-
onance occurring at low wind speeds that excites the towernatural-frequeney’s natural frequency (Bak et al., 2013). This effect
originates from a design aspect of the DTU 10 MW turbine, and it is independent of the wake-field reconstructing approach.
The eause-of-the-fatter-is-the-high X values of MzSh originate from the intense controller activity to regulate the generator
torque under high-variable inflow conditions. The-C'5-based-load-predictions-are-characterized-by-signifieantly-Significantly
lower X g values characterize the CS-based load predictions compared to the statistics obtained with the baseline—Indeed;
baseline. X is-values are reduced by a factor between 1.4-5 for the main wind-driven-wind-driven turbine responses such
as Powercan -and fatigue loads (i.e. MxBRpgr,, MxTBpgr, MzZTTpgr, and MzShpgr,). The &:5CS-fields, reconstructed

using a-sufficiently-resoluteseanning pattern—and-with-scannin
limited lidar probe volumeean-therefore-, can satisfy both the load validation eriteria-stated-Criteria I and II in Sect. 2.

atterns with a sufficient amount of scanned positions and
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Figure 10. Uncertainty indicators of the load validation analysis based on the constrained field simulations (&5CS). Results are tabulated
according to the load components and lidar scanning patterns. The eetor-map-colormap 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 Ar = 1 and Xr = 0.
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4.2.3 Load uncertainty of wake deficit superposition simulationsCWbS)

635 We present the results relative to the ¥#/~-2-5-WDS simulations in the same fashion as done-forthe-&-S-for the CS in Sect. 4.2.2.
Thus, we plot the load predietions-uncertainty-as-prediction uncertainty as a function of the ambient wind speeds in Fig. 11.
T-can-be-noticed-that-the-The 4P, 7P and Cone patterns lead to improved biases of U, and consequently Poweryean (se€
Fig. 11a,b) ;-compared to the results obtained with the &:5-fields(see-CS fields (shown in Fig. 10). Indeed;the The Powerycan
predictions computed with the ¥#~-D:SWDS-approach and the 7P pattern are comparable with the baselinebaseline, while the

640 ecorrespondingresults—with-the-C:Sresults using the CS-fields produced-an-overpredietion-of-overpredicted it by ~ 10%. In
additionAlso, improved estimates of both p% and o2 are seen-found in Fig. 11c,d, and for low wind speeds, which indicates a

more accurate reconstruction of the wake turbulence by the ¥W-2-5WDS- than the &:5CS-approach. In contrast, we find lower

values of p% and o7 under higher compared to lower wind speeds because of the less pronounced wake deficits of the rarget
645 These findings suggest that sforpatterns-with-low-spatial-resolution,-more-information-of-more details on the wake char-
acteristics ean-be-are better recovered by fitting a generie—wake-shape-wake deficit function rather than incorporating lidar
measurements directly into the turbulence boxes, when looking at patterns where the inflow is scanned at few positions. Over-
all, simulations with the 7P, SL, Grid, and Grid* patterns can produce power predictions comparable with the basetine-baseline
(see Fig. 11b), whereas the 4P and Cone patterns lead to inaccurate predictions. Figure 11e —h shows that the fatigue loads ob-
650 tained with the 7P, SL, Grid, and Grid* configurations are generally lower than that-from-the-baselinethose from the baseline.

We quantify the statistics of Ag and Xg, including all the wind speeds with-4-D:Susing WDS-simulated fields, and present
the results in Fig. 12. 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

655 made for the 7P configuration, although it provides reliable power estimates.

As seen for the &5S'CS-results, the SL, Grid, and Grid* configurations provide biases in good agreement with the beselinebaseline,
although fatigue loads are underpredicted by A ~ 2-3%. By neglecting the-volume-averaging effects (see-i.e., Grid*), only a
marginal improvement of the biases is achieved. Simulations with the ¥-5:SWDS-fields can reduce the statistical uncertainty
of Poweryean by a factor of 5 --and-and that of the main load components (i.e., MxBRpgr,, MxTBpgr,, MzTTpgr, and

660 MzShpgy,) by a factor of 1.2-2 compared to the baseline (see X g in Fig. 12-right).

4.2.4 Time-series analysis of load predictions

In this section, we investigate the accuracy of lidar-reconstructed load time-series against target—target observations. An
illustrative example is provided in Fig. 13, where the lidar-based power and loads time-series predictions are compared with

the ¢

=

arget simulations. As shown, both CS- and W-D:SWDS-approaches ean

665 recover to a large extent wake-induced effects ;-and the instantaneous events on the wind turbine responses, leading to load
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Figure 11. SimilarteFigComparison of bias Ay (solid line) and uncertainty X r (error band) of selected load sensors as function of the

ambient wind speed. 9-but-The uncertainty indicators are computed against the farget observations, for ¥-5-S-fieldseach ambient wind speed

marker) that consists in 18 aeroelastic simulations with random turbulence seeds. The lidar-based results are derived from simulations with

time-series that are highly correlated with the #arget-target observations. This finding explains the reductions of X r observed
in Figs. 10 and 12.

In order to quantify the accuracy of the predicted load time-series, we evaluate the cross-correlations seastre—p(7,4) =
cov(y,7)/ozoy ~between the lidar-based results (7) and the #a+get-target simulations (3) (p = 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 p for all the 162 simulations and for each load component, and provide average estimates in Fig. 14. Itis
found-We find that both the &:SCS- and W-D-SWDS-predicted Powery,qay time-series reach a nearly perfect correlation with
the actual target-observations{p—=0-96target observations (p = 0.96-0.99). Note that Power,can is a low frequency signal
(see Fig. 13a), which is marginally affected by the local turbulence fluctuations. A high correlation value is also obtained for
MxBR (p="06-89p = 0.89-0.98), and for the tower top and shaft load components (p=-6-66p = 0.60-0.90).

The correlation relative to MxTB drops to ~ 0.33 with the ¥W-D:SWDS-simulations, while higher values are achieved by

the &5-CS results. It should be noted that the structural resonance occurring at low wind speeds, which excites the tower

can potentially affect the correlation results —Jt-ean-be-seenfromFig—3-(Bak et al., 2013). Figure 13 shows that the MxTB
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Figure 12. Simitar-Uncertainty indicators of the load validation analysis based on the wake deficit superposition simulations (WDS). Results

are tabulated according to Figthe load components and lidar scanning patterns. +0-butfor4-D:S-fieldsThe 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

leadsto Ag =1 and Xz =0.
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Figure 13. Comparison of predicted load time-series based on aeroelastic simulations carried out with the targettarget, baselinebaseline,
€5CS- and W-D-SWDS-reconstructed fields. The lidar-based fields are reconstructed using the Grid pattern.

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-target observations, compared
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to that achieved by the baselinebaseline. Furthermore, the €-SCS-approach can predict more accurately the observed load
fluctuations compared to the 14-2-SWDS-approach.
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Figure 14. Average cross-correlation coefficient (p) computed between the reconstructed and te+get-target load times-series from all the

162 simulations. Results from the €&-5CS-fields are shown in the left panel, and that-those from the ¥#-5-SWDS-fields in the right.

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 fargely-affected-by-the-primarily affected
by wake turbulence. The PSD analysis is provided in Appendix A ;-and shows that neither of the wake field reconstruction
methods shifts-shift the energy content among fregqueney-frequencies nor introduce instabilities (i.e., artificial artifacts).

The spectral coherence analysis provides more insight on the accuracy of reconstructed blade and tower loads. Here, we
, where S(g) and S(9)
are the auto-spectra of the GS—{GF—%LBS—)—&HHWCS (or WDS) and target load estimates, and S(7,9) is their cross-
spectrum. We compare the coherence resulting from the load time-series produced by either &:S5-and-W-D-S-simulations-and

the-target-observations-at-CS and WDS simulations with the rarger observations for Uamp = 6 m/s and T'1amp = 8% in-(see
Fig. 15-).

compute the coherence as

It is observed that both field reconstruction techniques lead to high coherence in the proximity of the principal load frequen-
cies, such as the rotational (1P for the blade, and 3P for the tower, see Fig. Al 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 &:5-CS simulations is non-zero at frequeney-frequencies up to 0.7 Hz (6P) --and is higher eompared-to
thatfrom-14-D-5-than that from WDS simulations. This confirms that higher frequency fluctuations can be reconstructed more
accurately using the &5-CS approach.

By increasing the spatial-and-tempeoral-reselutions—of-the-seanningpatternscanning pattern’s temporal resolution and the
number of scanned points, and neglecting volume-averaging effects, the &5 CS-approach could potentially reconstruct the
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whole spectrum of the loads.

‘With the WDS-approach, which-only-reconstruets-we

can only reconstruct 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. 7, the accuracy of tower loads,
which are driven by high-frequency fluctuations (see Fig. A1), drops-is lower compared to that of the blades. This can partly
explain the larger deviations of A, X and p, inherent of MxTBpgy, and relative to MxBRpgr,, observed in Figs. 10, 12 and

14, as well as the-evidenee-that-explaining why A g ef-thefor MxTBpgy, is-the-mostimproved-improves the most when the

probe volume size is neglected, as seen in Fig. 10.
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Figure 15. Spectral coherence analysis between the lidar-based load predictions and the target-target simulations for (a) the blade root
flapwise bending moment MxBR, (b) tower bottom fore-aft bending moment MxTB, and (¢) yaw moment MzTT. The target-target
simulations are run for Ug.mp = 6 m/s and T'I4m, = 8%. The baselinebaseline’s results are also shown in dashed-solid 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,ors ~ 0.016 Hz, and the natural frequency of the tower fiower = 0.25 Hz in dashed grey lines.

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-have a strong impact on the wake development
(Kumer et al., 2017; Zhan et al., 2020), and wind turbine loads (Sathe et al., 2013; Kretschmer et al., 2018). Further, the
lidar measuring 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.
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4.3.1 Effect of atmospheric turbulence conditions on load prediction accuracy

Figure 16a shows the sensitivity of the lidar-based load predictions bias for-on 11, within the range 4-20%. The high T'1 ;.
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 &:5CS-fields, while larger deviations are observed for the ¥#-5-5-WDS results. This is partly due
to the limited scanned area by the lidar combined with the large wake displacements. Indeed;-the The fitting procedure intrinsic
of the #-D-S-WDS 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. 16b, by vary-
ing 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., 2020b). Fur-
ther, L provides a measure of the resolution-of-the-scanning-configuration-scanning configuration resolution useful for perform-

ing constraints (Dimitrov and Natarajan, 2017).

The turbulence length scale affects the predicted statistics of the explained variance ratio of the &-SCS-fields, which decreases
from p%—p2% ~ 0.8 for £=29mt0-p%—~L = 29 m to p% ~ 0.6 for £=>5-L = 5 m (not shown). This indicates that when L is
low, the turbulence structure sizes fall below the sampling fidelity of the &5-CS approach (note that a-spatial-reselution-of-the
scanned points of the Grid configuration are separated by 29 mis-assumed-for-the-Grid-m as described in Sect. 3.3). The biases
of-the-G5CS-based load predictions’ biases show a dependency on the turbulence length scales, while the ¥W-D-5SWDS-fields
are not significantly affected (see Fig. 16b).
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Figure 16. Influence of atmospheric turbulence conditions on the lidar-based load prediction accuracy, including: (a) the effect of ambient
turbulence (Tomp) given Ugms = 6 m/s, (b) the effect of turbulence length scale, L, given Ugmp = 6 m/s and T'14mp = 8%. The bias A g at

each nominal value is computed from 18 simulated seeds. The Grid pattern is used for the analysis.
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4.3.2 Effect of lidar probe volume and scanning period on load prediction accuracy

One of the main limitations of €W-continuous-wave 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
DTFUH0-MW;-150-200 m, measuring at farther distances upfront of the rotor becomes an issue due to the larger probe volumes.

740 Hence, we investigate the sensitivity of the lidar probe volume on the load prediction accuracy in Fig. 17a, by varying the probe
volume length between 0 to 210 m. ftis-seen-that-

As shown, the magnitude of Ay decreases almost linearly with increasing probe volume lengths. Further, the probe volume
effects are more pronounced for the &:5CS-approach, which directly incorporates the low-pass filtered wind speed fluctuations
into the reconstructed field.

745 Another limitation inherent of the PE-pulsed lidar technology is the reduced sampling frequency compared to €W-continuous-wave
lidars (Pefa et al., 2015). The sensitivity-of-the-lidar sampling frequency sensitivity 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-target simulations are run for Uy, = 6 m/s and T, = 16%.

Although the scanning period does not play an important contribution to the load prediction accuracy, as shown in Fig. 17-b,

750 this outcome is conditional to the dominant frequency of the wake meandering, which in turn decreases with larger rotors

(feut,out = Uams/(2D)), and the %paﬁmﬂce%e}tmeﬁe#eh&pa&em—lih&% mount of scanned points in the inflow. The CS-

results show that a d-a bias lower than 2% in power predictions is
found for scanning periods up to ~20 s, which corresponds to one-third-one-third of the wake meandering dominant period.
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Figure 17. Influence of lidar scanning specifications on the lidar-based load prediction accuracy, including: (a) the effect of probe volume
size given Uymp = 6 m/s and T'14pmp = 8%, (b) the effect of the scanning period given Ugymp = 6 m/s and T'I,mp = 16%. The bias A g at each

nominal value is computed from 18 simulated seeds. The Grid pattern is used for the analysis.

5 Discussion
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One of the main elements used in the study is to consider as targettarget 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-defieitmean
wind velocity and turbulence fields in the far wake region can deviate from high-fidelity simulations s-(e.g., computational fluid
760 dynamics, CFD) or field data, the calibration of the DWM model coefficients can considerably improve the accuracy and
provide quasi-steady—wake-characteristies-wake fields in good agreement with lidar observations (Reinwardt et al., 2020) and
CFED simulations (Keck et al., 2012, 2014, 2015). Fhis-modeHing-uncertainty-
The modelling uncertainty originated from an inaccurate calibration of the DWM model is not expected to significantly alter
the-findings-of-this-studythis study’s findings, as we demonstrate the robustness of the lidar-based approaches under a large
765 variety of inflow wind and operational conditions. Further;-wake-added-
The wake turbulence spectral properties are described, to the extent needed for the load analysis, by an isotropic Mann-

generated turbulence field with a low length scale (Madsen et al., 2005). A more realistic modelling choice to accurately simu-

late the turbulence structures within the wake fields, which can also affect aeroelastic load simulations, is found in large-eddy

770 hurehfield-e - Nebenfithran : -
Further, lidar-based wind field reconstruction techniques applied to LES fields have been recently developed (Bauweraerts and Meyers, 2
. Nevertheless, the computational burden of high-fidelity simulations, such as LES, would make the statistical load analysis of
this work unfeasible.
775 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
assumptions of the DWM model - s-and should

780 Despite the limitations mentioned above, the numerical framework developed within this work is useful to assess the influ-
ence of several uncertainty sources and-te-on power and load predictions and evaluate different lidar scanning strategies under

avariety-ofinflow-wind-conditions-in an idealized yet fully controllable environment.
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Yet-the-characterization-of-the-small-seale-Characterizing the small-scale wake-added turbulence poses a challenge given

the eurrent-limitations of lidar’s sampling frequency and probe volume size (Pefia et al., 2017). The smakl-seale-small-scale
wake-added turbulence enhances the energy spectral content in the high-frequency range, +-26-0.4-20 Hz (Madsen et al., 2010;
Chamorro et al., 2012; Singh et al., 2014), and its contribution on the fatigue damage varies according to the load component
and turbine operational strategy (Tibaldi et al., 2015). Berga

Bergami and Gaunaa (2014) demonstrated that the most serious fatigue damage on the blades occurs at frequenc1es 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-found in Sects. 4.2.4 and 4.2.5.

We demonstrate that a high spatial-reselution-of-the-lidarseanning-pattera-number of lidar-scanned positions of the inflow
is required to ensure an acceptable level of accuracy —Ourin the reconstructed wake fields. The results reveal that the current

commercially available nacelle-mounted lidars ;-here-represented-by—(e.g., the 4P, 7P, and Cone patterns;-) will not provide

sufficient information to aceurately-reconstruct the wake fields for-the-purpose-of-the-Joad-validationin-wakes—The-accurately

for the load assessments. In contrast, the scanning requirements are met-by-the-Sk;-fulfilled by the SpinnerLidar and any arbi-
trary lidar that can potentially scan a greater region of the rotor, as-for-the-here-simulated-Grid-e.g., a Grid-like configuration.

Although we do not optimize the scanning strategies, it is inferred that the required spatiat-resehttion-number of positions
scanned by the lidar depends on the size of the wake-turbulence structures in the wind-wake field.

T-is-observed-that-ineorporating-Incorporating a sufficient number of lidar measurements dlrectly in the turbulence field-can
pfedue&ﬁ/glgvsvlgm more accurate load predictions

deficit’s generic shape function. The CS algorithm can also be extended to reconstruct the v- and w-turbulence fluctuations -as
t H i Dimitrov and Natarajan, 2017). Additionally, the €:5CS-method finds direct

application for reconstructing more complex flow fields occurring in wind farms, e.g., multiple wakes.
The-On the other hand, the accuracy of the ¥W-D:SWDS-predicted loads is conditional to the geedness-of-the-selected shape
function’s goodness to represent velocity deficits. The wake deficit can deviate from a Gaussian pattera-shape 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.

defieitformulation-with-actual-lidar-measurements-of-the-Overall, reproducing the actual observed wake meandering path in

the wake field simulations can potentially reduce the statistical uncertainty of power and load predictions. Overatt-the-
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The fitting procedure of the W-D-SWDS- approach is relatlvely fast and can provide reliable-real-time wakefield-estimates

s-spatial and temporal characteristics of the wake flow field, which
are useful for power and load predictions, wind farm monitoring, and control strategies. On-the-other-hand;-the-eomputational

The computational cost of the CS algorithm considerabl
increases with the number of constraints simulated and the dimension of the turbulence boxes. For reference, a single wind

field with 27900 constraints (i.e.Sk, using the SL configuration) and a turbulence box with a grid size of 8192x32x32 points
currently regtiresrequire one and a hatf-hotr-half-hour of simulation time on a single CPU.

6 Conclusions

This study proposed two alternative wind turbine load validation procedures under wake conditions that reconstruct syn-
thetic wake fields from time-series-time-series of lidar retrievals. The first approach consisted in-ineorporating-tidareata-of
incorporating nacelle lidar measurements of the wake field-direetly-as constraints into random Mann turbulence field realiza-
tions. The second approach relied on the superposition of lidar-fitted bivariate Gaussian wake deficit time-series into the Mann

turbulence fields.

We-developed-anumerieal-The two approaches were numerically evaluated, adopting a tailored-designed framework that
uses a virtual lidar simulator to scan synthetie-wakeflow-three-dimensional wake fields simulated by the DWM model -

uneertainty-againstresults-obtained-with-the target(i.e., the rarget fields).
T-was-found-We demonstrated that lidar-reconstructed fields-ean-potentially-recover-wake fields recovered the main wake

ehafaeteﬁ%ﬁeﬁﬂﬂtteﬂemgﬂow features affecting wind turbine power and load predictions, such as the spatlal distribution of
the velocity deficit and its €y

‘meandering dynamics. However,
the accuracy of power and load estimates was highly conditional on the amount of scanned points by the lidar, the probe volume
size, and the ambient turbulence intensity that in turn affected the wake evolution.

The load validation analysis showed that the current commercially available nacelle-mounted lidars would not provide
sufficient spatial resolution to characterize wakes for power and load assessments, whereas research lidars, e.g., the SpinnerLidar
and the Grid-like configuration, fulfilled these requirements.

Provided that a sufficient number of wind measurements were taken upwind of the rotor (e.g., using the SpinnerLidar or the
Grid), incorporating them as constraints into turbulence fields was the most robust and accurate procedure for reconstructing
wake fields and predicting power and loads. The lidar-reconstructed wake fields produced power and load time-series that were

highly correlated with the target turbine responses; thus, reducing the statistical uncertainty (realization-to- reahzatlon) by a
factor 1.2-5 -
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seanning-pattern; the Although unbiased power productions were predicted, the SpinnerLidar- and Grid-based reconstructed

860 wake fields underpredicted fatigue load estimates by 1-8% depending on the load component and the size of the probe volume

and-the-adopted-field-reconstruetion-technique—. The biases in fatigue load predictions were reduced to less than 2% when
neglecting probe volume effects.

Further investigations should vatidate-the-here-proposed-approaches-with-evaluate the effects of rotor induction and turbulence

evolution on the lidar-reconstructed wake fields’ accuracy. Further, the proposed wake field reconstruction techniques should
865 be validated using full-field data collected in operating wind farms.

Code availability.

Data availability.

Code and data availability.

Sample availability.

870 Video supplement.

Appendix A: Power Spectral Density (PSD) of load predictions

Figure Al shows a comparison of the PSD of MxBR, MxTB, and MzTT between the lidar-reconstructed and #a+get

stmtattons—run-at-target simulations for Uy = 6 m/s and T'1,,,,, = 8%. Figure Ala displays the PSD of MxBR, where

the first three peaks correspond to the subsequent rotor harmonics (1P, 2P and 3P). The highest observed peak is at 1P (~

875 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-hemegeneous-inhomogeneous 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 (>up to 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
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880

885

lidar-reconstructed fields (C'S and W D.S) 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.

Joi2 MxBR MxTB MzTT
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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 fc.+,055 = 0.016 Hz, the Nyquist frequency of the
lidar f1;4q- = 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 Tlgm, = 8%.
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