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ABSTRACT

The complexity and associated uncertainties involved with atmospheric-turbine-wake interactions produce chal-
lenges for accurate wind farm predictions of generator power and other important quantities of interest (Qols), even
with state-of-the-art high-fidelity atmospheric and turbine models. A comprehensive computational study was un-
dertaken with consideration of simulation methodology, parameter selection, and mesh refinement on atmospheric,
turbine, and wake Qols to identify capability gaps in the validation process. For neutral atmospheric boundary layer
conditions, the massively parallel large eddy simulation (LES) code Nalu-Wind was used to produce high-fidelity
computations for experimental validation using high-quality meteorological, turbine, and wake measurement data
collected at the Department of Energy/Sandia National Laboratories Scaled Wind Farm Technology (SWiFT) facil-
ity located at Texas Tech University’s National Wind Institute. The wake analysis showed the simulated lidar model
implemented in Nalu-Wind was successful at capturing wake profile trends observed in the experimental lidar data.
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Nomenclature

ABL atmospheric boundary layer
A2e Atmosphere to electrons
ALM actuator line method

D turbine rotor diameter
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HH hub height

LES large eddy simulation

LiDAR light detection and ranging
MET meteorological evaluation towers
OOP out-of-plane

Qol quantity of interest

SWiFT Scaled Wind Farm Technology
TI turbulence intensity

WTG wind turbine generator

1 Introduction

The turbulent nature of wind plant flow results in an array of complex interactions between a wide range of physical
phenomena and many sources of variability, leading to uncertainty when applying high fidelity models to such flow fields.
Uncertainty is often classified into two categories, aleatoric (inherent or irreducible) and epistemic (systematic or knowable).
High fidelity computational models can be extremely useful for a wide range of wind energy applications if the epistemic
error is sufficiently reduced. In this paper, several significant sources of uncertainty are studied, namely mesh refinement,
limitations in initial conditions for simulating atmospheric inflow, and in the comparison of turbine and wake quantities of
interest (Qols) for a specific inflow period. A high-fidelity simulation methodology is presented with the aim of limiting
these sources of epistemic uncertainty and enabling the credible application of LES models for wind turbine and wind plant
applications through verification and validation techniques.

The validation of a computational model is a required step in assessing its credibility for making predictions for an
intended application, such as turbine-wake interactions in this work. Validation necessitates comparing the computational
simulation results to experimental measurements for quantities relevant to the application. Often for predictions, the model
cannot replicate the exact conditions for which the experimental data are available, requiring expert judgment to assess the
model’s credibility for the specific application [1].

This work is part of a larger validation effort of the Department of Energy’s Atmosphere to electrons (A2e) program,
where the planning and execution of validation test campaigns is developed through a formal model validation framework
as established in the "V&V Framework" report [1]. The A2e validation process for wind plant performance prediction is
comprehensively outlined in the "V&V Integrated Program Planning for Wind Plant Performance" report [2], which has
guided the computational model development and experiment planning utilized in this document. The "Wind Energy High
Fidelity Model Verification and Validation Roadmap" report [3] lays out the wind energy model applications that Nalu-Wind
targets and validation exercises to build confidence in the model for these applications, which applies equally to the expanded
Exawind software stack [4] upon which Nalu-Wind is built. The most important model application use cases identified in this
document are the prediction of wind plant power performance and loads, the discovery of dominant phenomena governing
wake evolution, and the exploration of next-generation innovations to improve wind plant and turbine performance. These
use cases determine the physical phenomena that Nalu-Wind must be capable of modeling and for which the code must be
verified and validated, as indicated in the phenomena identification and ranking table [2,3]. The work in this paper is a step
toward building confidence in Nalu-Wind for these three applications and the associated physical phenomena, with primary
focus on the application of the model to the prediction of wake physics and impacts. To this end, the present paper focuses on
validating the capabilities of Nalu-Wind for modeling the atmospheric boundary layer (ABL) inflow into a wind plant under
neutral conditions and the interaction of that inflow with a wind turbine and its wake, including investigating the effects of
mesh resolution on the simulated results.

1.1 Review of Wind Plant High Fidelity Modeling

Developments in massively parallel computing and software have led to an increase in high-fidelity modeling research
in the wind energy space. In a broad sense, the phrase “high-fidelity modeling" (HFM) encompasses a range of numeri-
cal/computational methods and techniques in fluid dynamics, ranked according to their treatment of turbulence scales and
geometric representation. This work employs large eddy simulation (LES) of the atmospheric boundary layer, used in con-
junction with an actuator line representation of a wind turbine. Similar work on this topic includes Porte-Agel et al. [5] and
Draper et al. [6]. LES of the atmospheric boundary layer has been conducted for nearly fifty years, with foundational research
carried out by Deardorff at the National Center for Atmospheric Research (NCAR) in the early 1970s [7, 8]. Moeng [9] fol-
lowed up on Deardorff’s research in 1984, investigating planetary boundary layers using a pseudospectral finite-difference
LES code. Overviews of the history of atmospheric boundary layer research using LES codes and their subgrid scale models
are given in Churchfield [10] and Kosovic and Curry [11]. Reviews of the current state of LES research in wind engineering
are found in Mehta et al. [12], Blocken [13], and Tamura [14].



Significant attention has also been paid to boundary conditions in the ABL LES research community, especially regard-
ing inflow turbulence. Lamberti et al. [15] and Vasaturo et al. [16] give thorough reviews of both the precursor methodology
and synthetic turbulence generation. Examples of synthetic methods for turbulence generation include Kondo et al. [17],
Bervida et al. [18], and Melaku and Bitsuamlak [19]. The primary critique of precursor methods by Lamberti et al. is the
computational cost [15], however they also note significant drawbacks to certain synthetic methods, such as violation of
the divergence-free velocity constraint and inaccurate spectra. Concurrency in precursor methods, though not a reduction
in overall computational cost, can cut down on total working time as in [20]. A common synthetic method in wind energy
research is that of Mann [21] as used in the simulation of the Lillgrund wind farm by Nilsson et al. [22]. Xie and Castro [23]
provide a summary of other synthetic methods, as well as adding a method of their own.

Combining the complexities of ABL modeling with the challenges of wind turbine modeling has been the objective of
a fair number of researchers in recent years. Representation of the wind turbine(s) in “high-fidelity" simulations generally
aligns in three categories: blade-resolved models (BRM), actuator line models (ALM), and actuator disk models (ADM).
Actuator line and disk models are often utilized for wake modeling, due to their reliance on the blade-element method, using
predetermined lift and drag polars to impose body forces on the flow. Without the need to resolve near-blade boundary
layers, these methods are significantly less costly than BRM. The present study considers ALM and neither BRM or ADM
are assessed here. Previous work in ALM include Jha et al. [24] and Martinez et al. [25] in the development of best practices
for LES ALM simulations, complimenting findings discussed later in [26]. Sarlak et al. [27] discuss the importance of
subgrid-scale (SGS) models in wake interaction. Ghaisas et al. [28] studied the atmospheric stability state and wind plant
layout effects, confirming some conclusions from [29]. Nandi et al. [30] compared ALM simulations to measured data of a
GE 1.5 MW turbine, and Quon et al. [31] characterized the flow of a midwestern U.S. wind plant using ALM and precursor
simulations tuned to radar and lidar data. Martinez-Tossas et al. compare four different ALM codes [32] in uniform inflow,
showing good agreement for several Qols. Yang et al. [33] showed ALM simulation of a wind farm in Washington, USA in
the presence of complex terrain. Blaylock et al. [34] compared data from the SWiFT facility to ALM simulations in a neutral
stability state using a precursor inflow method, and is the basis of the present work. Hsieh et al. [35] extended this work
to a multi-level multi-fidelity (MLMF) uncertainty quantification problem, showing the efficiency benefits of using such a
method over standard Monte-Carlo.

In addition to individual validation efforts dotted throughout the above literature, several wider efforts in the last decade
have benchmarked the progress of LES predictions in terms of time-averaged Qols from the wind turbine and wake. For
instance, a coordinated series of five blind validations published between 2013 to 2018 [36, 37, 38, 39, 40] demonstrated
increasing accuracy of LES from beginning to end, even as the wind tunnel validation cases progressively increased in diffi-
culty from baseline configurations to yawed and waked configurations. The progress in prediction accuracy notwithstanding,
the scatter of the results in the fifth blind test, which featured a yawed upstream turbine case, was still relatively high for
the power coefficient, especially for the downstream turbine, which showed 48.9% variation in power coefficient across the
three ALM LES codes compared. At higher Reynolds numbers, similar conclusions about the progress of LES accuracy and
precision can be surmised by comparing the benchmark study of Moriarty et al. [41] in 2014 to that of Doubrawa et al. [42]
in 2020. Moriarty et al. use data from wind plants at Sexbierum, Horns Rev, and Lillgrund, and their early LES were found
to often be outperformed by simpler engineering or RANS models. However, Doubrawa et al.’s validations see the ALM
LES models beginning to distinguish themselves from lower-fidelity models in terms of the accuracy of time-averaged wake
velocity profiles, at least for the simpler neutral atmosphere case. Here, the aggregated LES results show a wake profile error
norm versus experiments between 10-75% smaller than the RANS, dynamic wake meandering, and steady-state analytical
models. Despite this good aggregate performance of the LES in Doubrawa et al., the range of the LES results was still
relatively large; the five codes compared showed a spread of up to ~0.1V., for the peak deficit of the temporally averaged
velocity fields at certain downstream stations, V., being the free-stream wind velocity. It is this type of variability that inspires
the present work to develop best-practice methodology for LES towards successful experimental validation for wind plant
applications.

2 Challenges for High-Fidelity Modeling of the ABL Inflow and Experimental Validation

The challenges of creating accurate, predictive wind farm simulations are a function of both the natural aleatoric uncer-
tainty present in wind energy problems as well as the limitations of both experimental field campaigns and wind farm models.
In experiments, a finite number of measurement devices with associated systemic or aleatoric errors limit the amount and
quality of data for metereological towers, turbine sensors, and wake diagnostics. For simulations, computational resource
limitations prevent the resolution of all physical scales in the atmospheric boundary layer. In addition, model limitations and
uncertainties regarding the accuracy of the applied model parameters make experimental validation difficult. The present
study provides an experimental validation methodology using the codes Nalu-Wind and the associated turbine model suite
OpenFAST [43], both part of the Exawind software stack, to compare with experimental results from the SWiFT facility.

In the present study, a high-fidelity simulation methodology is proposed to achieve the desired atmospheric inflow at a
particular location of interest. In lower-fidelity models, these values are often prescribed a priori due to the simplistic form
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of the equations. However, in large eddy simulations, the heavy nonlinearity of the system results in chaotic, unpredictable
local solutions. Often surface-averaged forcing terms are used in LES to set the plane-averaged velocity at a specified height.
But at local points across that plane, this is not necessarily the case. Over a considerable length of time, the time-averaged
local solutions will eventually converge to the plane-averaged value, but for smaller time intervals, such as the standard ten
minutes, the local solution will vary from the specified value. In the present study, an experimentally measured hub-height
velocity was used to set the ABL forcing, but the challenge is to discern an effective method to match the local atmospheric
statistics experienced by the simulated region of interest to the experimental values, given the equivalent configurations
between simulation and experiment. In Section 4, a methodology is proposed for matching simulated atmospheric inflow
quantities to experimental data and the impact of mesh refinement on the methodology is also investigated.

There are other factors which provide additional challenges for experimental ABL inflow validation. Due to the tall
metereological tower heights required for accurate atmospheric instrumentation to characterize the ABL inflow, it is generally
not practical for the experimental atmospheric inflow to be known at the precise location of the turbine as is the case for
the SWIFT facility. Even if the experimental and simulation results at the meteorological tower match, the downstream
atmospheric inflow experienced by the turbine may not. Axial induction effects from running wind turbines also influence
the upstream atmospheric inflow and are difficult to measure. For wind farm simulations, a further consideration is the effect
of refined meshes. High-fidelity simulations encompass large domains often multiple kilometers in all directions in order
to capture the wide range of turbulence scales present in the ABL. This limits the background grid resolution of the overall
domain to prevent excessively large computational times and resource requirements, but the region around the turbines
requires additional refinement if atmospheric-turbine-wake interactions are to be properly realized. In the present study, a
large refinement region encompasses the locations of the meteorological tower and turbines. However, the transition regions
between the refinement areas can significantly affect the turbulence statistics compared to the precursor flow field [44].
Refinement regions in LES cause an immediate reduction in the sub-filter scale turbulent kinetic energy, however there is a
lag time (or distance from the refinement onset) wherein the larger turbulent structures entering the refinement region break
down into small enough structures to make up the difference in total turbulent kinetic energy. It is hypothesized, and will
be addressed in future work, that there is a minimum allowable turbine placement distance from a refinement onset so as to
preserve the total turbulent kinetic energy in the rotor inflow.

2.1 ABL Inflow Metrics

In the present study, three metrics used to characterize the atmospheric inflow are the mean hub-height wind speed
(Unn), power-law wind shear exponent (), and resolved hub-height turbulence intensity (71z). Wind speed at hub height
is the most important parameter in wind energy systems due to the well-known cubic relationship between velocity and
generator power, and is generally the primary input for power curve studies. The second metric, o, was selected to help
characterize the incoming wind over the whole turbine swept rotor area instead of one-point measurements at hub-height,
and high wind shear has been correlated with decreased power performance in previous studies [45,46]. The parameter o
references the data from the locations of the highest (58 m) and lowest (10 m) sonic anenometers on the metereological tower
of interest, and is defined as

_ 10g(Usgm /U 1om)

log(58/10) M

Hub-height turbulence intensity, which measures the temporal variation of velocity, was also chosen as it has been shown
to have a significant impact on wind turbine performance at high wind speeds [45]. The resolved component of turbulence
intensity, 7Igr was chosen as the metric of interest. Its definition and reasoning for its selection is discussed in Section 2.2.

It is important to note that the three metrics are significantly affected by parameters such as surface roughness and ABL
stability state. In the present study, the surface roughness height was selected using trial and error to get the simulated flow
field statistics to globally converge on the SWiFT experimental conditions for o and 7/ under a neutral ABL. The effect of
mesh refinement on these three metrics in simulation is also investigated later in Section 4.4.

2.2 Inflow Turbulence Intensity Calculation

As an important technical note, the method for matching turbulence intensity, 7'/, between measured data and precursor
simulation data, is discussed here. Turbulence intensity is commonly expressed in wind energy research as the standard
deviation of the longitudinal wind speed, G,,, divided by the longitudinal wind speed magnitude, |Uy], as in [29,47], and
defined in the expression below.

Ty = 24 )
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It is likely that this expression, and the use of longitudinal wind speed, is a result of the prevalence of cup anemometer use
for wind field measurement. High frequency wind field measurements pose a challenge when trying to match field data
to LES simulation data, given the LES velocity field is effectively low-pass filtered. Velocity fluctuations with frequencies
above the maximum resolvable frequency, modeled with the subgrid-scale terms, are unaccounted for when using equation 2
with LES velocity field results. This is especially important near the surface where high-frequency velocity fluctuations from
turbulent dissipation are significant, and the research-scale V27 turbines considered in the present study have a relatively low
hub-height of 32.1 m. For taller, full-scale turbines with hub-heights around 100 m or higher, turbulent structures are likely
to be larger at higher altitudes, and given sufficient mesh resolution, the subgrid-scale turbulence intensity contribution is
likely to be lower.

As such, the LES turbulence intensity will be under-predicted on a scale that varies inversely with the grid size. One
alternative is to match on a different turbulence intensity expression, taking advantage of sonic anemometer data from the
measurement campaign. By calculating velocity fluctuations in all three Cartesian directions, u; = U; — <U,~>, turbulent kinetic
energy can be calculated by k = %(<u1u1> + <u2u2> + <u3u3>). The < > in the expression for k represents a time average
over the 10-minute bin at a single point, which in the experiment is the sonic anemometer location. In the measured data,
this expression for k includes velocity fluctuations up to the measurement frequency, and is considered to be full range, e.g.
kior = k, whereas for LES simulations, the resolved-scale, ke, and subgrid-scale turbulent kinetic energy, ksgs from equation
8, must be added, e.g. kior = Kyes + Ksgs-

Tl = Ve 3)

Kumer et al. [48] support the use of TKE as a turbulence measure, and discuss the possibility of estimating TKE from
lidar data. A more robust analysis of the differences between Tls and T, will be addressed in future work. In order to
consistently compare the turbulence intensity between experiment and LES using similar scales, a final expression for TI
based on ks, TIg, is calculated using only the resolved LES velocity field and a correspondingly filtered experimental
velocity. The present study uses T'Ir as one of the three metrics mentioned in Section 2.1 to characterize the turbulence
intensity in the inflow.

“

A fair comparison between experiment and simulation necessitates a replication of the filtering effect of LES on the full
range k from the experiment. This is carried out by applying a 3rd-order Butterworth filter on u;, denoted as B(u;) as both a
low-pass on the grid-size related maximum resolvable frequency,

0.6U
max — 5 5
S NS, (%)
as well as a high-pass on the filtering effect of the domain size,
0.70
fdomain = D, 5 (6)

where U is the average streamwise velocity, N = 5 is the number of grid points necessary to represent an eddy, S, is the
mesh grid spacing, and D, is the domain extent in the streamwise direction. The numerators of equations 5 and 6 represent
the convective velocity of turbulent eddies. Different constants are applied in recognition that Del Alamo and Jiménez [49]
found that larger eddies convect moderately faster than smaller eddies in turbulent channel flow. The filter responses for the
low and high pass filters are shown in Figure 1.
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Fig. 1. Filter responses used to impose the effect of LES filtering on the experimental data. (a) the high pass filter on fyomain, (0) the
low-pass filter on fiqx-

The filters are applied successively, i.e. B(u;) = By (BL (i, fnax)s fdomain)» as well as both forward and backward, to the
experimental velocity time series. As there is no explicit temporal frequency filter design in the LES code, the B(u;) filters,
taken together, are effectively a band-pass approximation to the top-hat filter. Though not exact, the filtered experimental
E,., spectra shows very good agreement with the precursor spectra later on in Section 5, verifying a correct implementation
of the filters and choice of cutoff frequencies. Important to note is that 7/; for experimental data is dependent on S, and
therefore further references to the term will be accompanied by a grid size association.

3 Experimental and Computational Setup
3.1 Experimental Approach: SWiFT Facility

Sandia National Laboratories has built the Scaled Wind Farm Technology (SWiFT) facility [50] to study wake inter-
actions between turbines. It is a highly-instrumented wind turbine test site [51, 52] targeted at acquiring high-fidelity data
required for validation of computational methods to characterize wake effects.

The SWiFT facility is located at Texas Tech University’s National Wind Institute Research Center in Lubbock, Texas.
The SWIFT facility includes two instrumented meteorological towers with sonic anemometer velocity measurements at
five heights, and three research turbines with measurements of root-bending strain, tower strain, rotor azimuth and yaw
angles, and nacelle acceleration, all synchronized in time. These modified V27 turbines have a hub height of 32.1 m
and a rotor diameter of 27 m. Two of the research-scale turbines are spaced three rotor diameters apart (WTGal and
WTGb1), perpendicular to the prevailing wind direction, and the third rotor is five rotor diameters downwind (WTGa2). The
meteorological towers are located 2.5 rotor diameters upstream of turbines WTGal and WTGD1 along the prevailing wind
direction [50]. During the summer of 2017, a wake steering experimental campaign was undertaken through a collaboration
between Sandia National Laboratories and the National Renewable Energy Laboratory with funding from the Department
of Energy Wind Energy Technologies Office A2e program [51, 53, 54]. Data from this campaign was used to conduct the
experimental validation comparisons in the present study, although only cases with zero nominal yaw offset are included in
this article.

While the experimental data available from the SWiFT facility wake steering experiment covers a range of conditions,
the results in this paper address only experiments and simulations for the neutral atmospheric stability inflow condition used
in the IEA Task 31 WakeBench SWiFT benchmark study [42]. The study compared the data taken at the site during 10-
minute periods at an average wind speed of 8.69 m/s at hub height, measured on the meteorological tower 2.5D upstream
of the first turbine using sonic anemometers. Six 10-minute periods were determined to define the near-neutral benchmark.
The inflow conditions were selected by looking at the clustering of 10-minute periods with statistics of similar hub-height
wind speed and turbulence, shear, veer, yaw offset, and normalized Obukhov length (z/L). The downstream SpinnerLidar
scan strategies had to also be similar for each of the six 10-minute periods. Ref. [55] provides more detail on the selection
process.

3.1.1 SWiFT Experimental Atmospheric and Turbine Data

The accuracy of atmospheric and turbine data from the computational simulations is assessed using experimental data
from the SWiFT metereological tower METal and wind turbine WTGal. The reported experimental values are the ensemble
average of six different 10-minute experimental bins meant to capture a range of near-neutral ABL conditions. The ensemble
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average of these bins was previously used as the comparison case for the SWiFT benchmark studies [42]; a summary of the
individual bin statistics is shown in Table 1, showing the quantities of interest of mean hub-height wind speed (Upyp),
power-law wind shear exponent (o), and resolved hub-height turbulence intensity (7Ig) discussed in Section 2.1. In the
present study, simulations are used for experimental validation by comparing to the ensemble-averaged results in Table 1.
Although the best comparison method would be to perform a corresponding simulation for each of the six experimental
bins, computational resource limitations prevented the present study from accomplishing this. Instead, an effort was made
to investigate the effect of ensemble averaging on the compared experimental statistics, which represents the most common
use of LES in wind plant simulations.

Table 1. Summary of the six experimental data bins from SWIFT used for experimental validation along with the ensemble average of all
bins. Power is for the upstream turbine, WTGa1.

Unn o TIg Power

[m/s] [-] [-] kW]
Bin 1 8.19 0.13 0.079 68.5
Bin 2 8.97 0.11 0.065 83.7
Bin 3 8.63 0.13 0.057 78.8
Bin 4 8.55 0.17 0.055 79.3
Bin 5 8.76 0.17 0.055 74.5
Bin 6 9.06 0.13 0.054 89.7
En. Av. 8.69 0.14 0.061 79.1

3.1.2 SWiFT Experimental Wake Data

The wake steering campaign acquired high-resolution data characterizing wake shape, mean wake position, wake po-
sition fluctuations, and velocity deficit changes, in addition to capturing the wake effects on the downstream wind turbine
performance for various atmospheric inflow conditions. A unique aspect of the SWiFT wake steering experiment was the
use of a customized scanning lidar from the Technical University of Denmark (DTU), the DTU SpinnerLidar, to measure
the detailed location and strength of the wake from the upstream turbine (WTGal) at several distances downstream across
numerous yaw misalignment offsets. The continuous-wave SpinnerLidar was nacelle mounted and rear facing, acquiring 984
line-of-sight velocity measurements in a rosette pattern across a spherical surface during each 2 second scan. Each scan had
a fixed focus distance. The lidar scan configuration changed throughout the field campaign to both capture wake evolution
over multiple focus distances ranging from 1D to 5D downstream (every = 30 to 42 s with 5 to 7 focus distances, respec-
tively) and wake dynamics concentrating at one focus distance (every ~ 2 s). The SpinnerLidar was either angled at -0.4° or
-15.1° relative to the nacelle to capture the wake at different wind turbine yaw offsets (between —18° to 25°) throughout the
course of the experiment. WT'Gal, METal, and SpinnerLidar data from the wake steering campaign have been released into
the public domain through the A2e Data Archive and Portal [56].

The SpinnerLidar data was quality assured and quality controlled (QA/QC) according to Ref. [57] by removing points
that had a low return signal relative to the noise threshold in addition to points contaminated by signal returns from stationary
objects (residual bias due to imperfect filtering of the stationary returns has been quantified in [58] and is limited to specific
locations within the scan field that have minimal relevance to the current analysis). The noise-subtracted spectra are then
used to calculate the Qol, which is the geometric median line-of-sight velocity, Vj,;, at the given focal distance. The quantity
Vies 1s projected to produce Uy, the streamwise velocity in the wake, by assuming that the lateral components of velocity are
zero (the effect of this approximation will be inherently captured using the simulated lidar as described further below in this
section). A derived Qol is the streamwise turbulence intensity in the wake, T Iy, as given below.

_ Ouy
Thy = 2% %)
Y= Unn

Note that the fluctuations of Vj,, and thus the quantity TIy, are contaminated by the existence of correlations between the
streamwise and lateral velocity fluctuations for any off-axis measurement [59], though this contamination is again inherently
captured by the simulated lidar technique to be described further below in this section.



In the present work, the wake data was analyzed by first transforming the measurement locations from the lidar coordi-
nate frame into the wind direction coordinate frame using a 45 s averaged wind direction from the 32 m METal sonic and
the WTGal yaw heading. Next, the Uy from the resulting irregular scan locations were interpolated to a regular grid using
a bi-cubic, smoothing-surface fit, and the velocity deficit was calculated by subtracting the inflow profile, estimated from
a power-law fit of the METal velocity profile'. The velocity deficit region from the wind turbine was identified, and the
velocity deficit threshold was iteratively determined to match the constraint of an area threshold. Area thresholds of between
one and two times the rotor swept area have been tested, and in this case we used one rotor area, which allows the wake
tracking method to be reliable for a variety of inflow and yaw offset conditions. The wake center was then calculated from
the weighted centroid of the velocity deficit within the area of the wake. The fixed-frame wake profiles of mean velocity
and turbulence intensity that will be presented are ensemble statistics of wake scans in the wind direction coordinate frame,
allowing for wake position fluctuations. On the other hand, the profiles in the meandering frame remove these wake-position
fluctuations by aligning the calculated wake center in each scan. For some cases to be shown, the Qol is the wake velocity
deficit, Uy p = Uy — U;, where Uy is the inflow profile calculated with the 45 s moving average, and the corresponding
turbulence Qol then becomes T'ly p = oy, /Ung.

A significant source of uncertainty in the measured lidar results, as well as in the simulated lidar and planar results, is
the statistical time-averaging error (i.e., aleatoric uncertainty) of the ensemble-averaged results due to the unsteadiness of the
inflow coupled with finite sampling times. Accordingly, uncertainty bands on ensemble-averaged wake profiles from all data
types shown later in Section 5.3 are derived from the Student’s t-distribution at 95% confidence. The associated standard
errors for the mean and standard deviation of velocity are calculated according to the formulas in [60] that are valid for
turbulent quantities with any underlying probability distribution. Following this reference, the effective number of samples
used to calculate the uncertainty bounds is reduced from the original ensemble count in order to compensate for correlation
between successive samples (i.e., serial correlation) that exists because the sampling rates of the simulation and measurement
were in some cases faster than 0.5/t, where 7T is the mean integral timescale of the flow taken over the rotor swept area at the
streamwise location of interest.

Other uncertainties specific to the measured lidar results stem from instrument error [61, 62, 63], spatial interpolation
between coarse scan positions [64], misalignment of the pointing direction of the lidar beam with the velocity component of
interest [65, 63, 64], and line-of-sight averaging along the probe measurement volume [63,66]. As in [64], we disregard the
instrument error, which typically includes mean errors between -0.2 and 0.2 m/s and aleatoric uncertainties with standard
deviation of 0.20 m/s for continuous-wave lidars compared to cup anemometers at the same height [61]. For the latter three
uncertainty categories listed above, approximate approaches exist to bound the effects of these uncertainties as described
in some of the cited literature above. We here leverage a different strategy, which is to create a virtual, or simulated, lidar
embedded in the simulation domain that replicates as close as possible the lidar effects of the physical instrument. The
simulated lidar, which is described below in Section 3.2, thus acts as a bridge between the measured lidar data and the
simulated planar data, allowing one to use the measured data to appropriately validate the simulated lidar data before using
the planar data for more accurate understanding of the flow-field.

Another source of uncertainty that is difficult to quantify specifically but should be borne in mind, especially when
considering any of the data in the meandering frame of reference, is the difference between the atmospheric boundary layer
captured instantaneously in the lidar scan versus that calculated from the 45 s average at the met tower, the latter of which
was used to calculate the wind direction and remove the background boundary layer from the lidar scan. The boundary layer
had to be removed from each instantaneous scan in order to track the wake and create the meandering frame of reference.
The 45 s average was deemed an appropriate way to estimate the atmospheric boundary layer profile in the scan using the
METal measurements.

3.2 Computational Approach: Nalu-Wind

Nalu-Wind is an open-source, large-eddy simulation (LES) tool for wind applications, based on the Nalu project [67].
Due to the extreme length scales in an atmospheric boundary layer, full resolution of all relevant turbulent length scales is
computationally infeasible. Within the microscale range, large-eddy simulation reduces the range of resolved scales required
in a simulation by use of a low-pass filter, simulating mainly the large, energy-containing motions of the flow. This process
requires the introduction of additional ‘subfilter’ models, which describe the effect of the unresolved high-frequency data on
the resolved scales. These models are often referred to as “subgrid”, since the filter in Nalu-Wind is implicitly defined by
the discretization, see e.g. [68]. Large-eddy simulation is inherently unsteady and requires a significantly increased amount
of computational work to undertake a simulation compared to Reynolds-Averaged Navier-Stokes where all turbulent scales
are modeled. However, the reliance on the model terms is reduced in large-eddy simulation by partial resolution of turbulent

Note that this power-law fitting is done to accommodate the experimental data where measurements from sonic anemometers are available at only five
heights on METal. To be consistent with the experiment, the simulated inflow profile is also estimated from the same five locations. A fitting function
is then needed to accurately interpolate between anemometer locations, and the power-law fit was chosen because it provides a more consistent fit to the
boundary layer profiles measured by the five anemometers than a log-law fit.
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scales. Nalu-Wind uses a node-centered finite volume discretization, solving the acoustically incompressible Navier-Stokes
equations with an approximate pressure projection technique.

For atmospheric application, Nalu-Wind solves for the filtered quantities associated with a Boussinesq modeled atmo-
spheric boundary layer—the fluid velocity u, the fluid pressure p, and the fluid enthalpy A~—with a kg, (subgrid turbulent
kinetic energy) subgrid turbulence model [69], i.e.

PoD Ui = =0y, P+ Ox; (2ueftSij) + fro g fror g fAM
poDih = 3y, (Dldi )
PoDrkgs = s, (D’;ffaxjksgs) + Pe— Dy + Progi
3,11 =0, 8)

where f°° is the Boussinesq buoyancy force, f°°" is the Coriolis force, and f; is the ABL forcing term. py is the reference
density of the fluid, S is the strain-rate tensor, Pyqi is a modified turbulence production term due to buoyancy, Py is the
subgrid turbulence production of the model, and Dy, is the subgrid turbulence destruction. uef is the kgs-modeled effective
viscosity, Dgff is the effective diffusivity for enthalpy, and D’gff is the effective diffusivity for the subgrid turbulent kinetic
energy. D is the filtered material derivative, D; = d; +u jaxj.

In Nalu-Wind, ABL forcing source terms f; are provided to the momentum equation to drive the flow to a predetermined
velocity at a specific height. The computation of the momentum source shown in Equation 8 is

f—a, <<ﬁ>Ui <ﬁ><ui>> ©

At

where <> denotes surface averaging over an infinitesimally thin horizontal XY-slice at the user specified reference height,
U; being the desired velocity at that height, u; being the average velocity of that plane, Ar is the time between the source
term’s computation and application, o, is a user-defined relaxation factor that was set to 1.0 for the present simulations, and
i indicates the momentum in the x, y, or z direction.

The applied ABL forcing term f; allows the flow field to be driven to a predetermined velocity at the turbine hub-
height. The force f; is proportional to the difference between the desired spatial averaged velocity and the horizontally
averaged instantaneous velocity. This method of forcing has been successfully used to match measured incoming flow
conditions [31] in both neutral and non-neutral boundary layers. In contrast to the geostrophic forcing used by previous
studies such as [70], this allows the desired state to be reached with a shorter initial transient period and provides for better
control of the turbine hub-height conditions. A wall function based on Monin-Obukhov theory is used for the bottom
boundary and an inflow/outflow boundary condition is applied at the top. The inflow/outflow condition uses a potential flow
solution in wavenumber space which dampens high-frequency disturbances at the upper boundary. For more information on
the individual terms in Equation 8 and boundary conditions, see the Nalu-Wind theory documentation [71].

The wind turbines in this study are modeled using the ALM which models the turbine tower, hub, and blades as a series
of discrete points. Forces are computed from aerodynamic models by sampling the fluid properties at the discrete ALM
sampling points. These forces are then used to calculate the turbine loading including blade motion, deflections (tower and
blades), generator power and other Qols. Forcing is spread to the fluid domain by projecting the discrete forces computed at
the ALM sampling points using an isotropic Gaussian kernal (g(r)) as first proposed by [72],

I\

L (%) (10)

g(r)= We

where r is the distance between the ALM sampling point and the mesh nodes where the force is being applied, and € is the
width of the Gaussian kernel which determines the dilution of the applied force. In the present study, € was set to 0.9 m for
all simulations.

The ALM in this work is implemented by coupling Nalu-Wind with OpenFAST in the Exawind software stack [4].
OpenFAST is an open source conglomeration of engineering models to capture the aerodynamic and structural loading,
drive train, and control systems that make up a wind turbine. In this sense, OpenFAST can be considerd a “whole-turbine-
model.” Each of the models within OpenFAST can be tuned to match the specifics of the turbine that is being studied. For
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example, in this study the V27 blade aerodynamic lift and drag tables were provided to OpenFAST along with parameters
specific to the control system and drive train used in the V27 turbines at the SWiFT facility. Linear elastic models are also
used to capture tower and blade deflections through OpenFAST’s Elastodyn model.

The execution procedure for the two codes is as follows: first Nalu-Wind completes a fluid solve, performs a local search
to identify the ALM point locations at that time step, and then interpolates and passes the fluid information at the actuator
points to OpenFAST. Next, OpenFAST iterates in time while keeping the fluid domain properties fixed to solve for the new
forces and locations of the actuator points at the next fluid timestep to pass to Nalu-Wind. OpenFAST also computes and
outputs other turbine specific quantities of interest utilized in this study such as blade rotational speed and generator power.
Nalu-Wind then updates the actuator point locations and applies the Gaussian-spread actuator forces as a body force in its
next momentum solve. Coupling is done with fixed timesteps in both codes to allow for precise subsampling by OpenFAST
and in this study the subcyling ratio between OpenFAST and Nalu-Wind is 4 : 1. The loose coupling between Nalu-Wind
and OpenFAST necessitates small blade travel to maintain accuracy, and in this study we target a blade travel of 1-2 cells at
the turbine blade tips. Additional details for the models and implementations of both codes can be found in their individual
on-line documentations [71,43].

In order to replicate the experimental lidar measurement procedure, a simulated SpinnerLidar model was implemented
in Nalu-Wind, which samples the velocity from the large-eddy simulation in-situ along lines tracing out the rosette pattern of
a SpinnerLidar system, originating from the turbine hub. The sampled velocity data along each line is then integrated with
an appropriate weighting function describing the continuous-wave laser to determine the velocity at a point downstream of
the turbine in a manner simulating the behavior of the SpinnerLidar system, see [73] for more information.

4 Simulation Methodology for Experimental Validation

Here, the present methodologies for the precursor and turbine simulations using Nalu-Wind are described. In order for
Nalu-Wind simulations to efficiently capture both converged ABL turbulence, which requires long run time periods, and
also resolve small scale structure interactions near the surface while turbines are being simulated, a two step process is
implemented. First, converged ABL statistics are established in a precursor simulation with a relatively coarse uniform grid
size, then the flow is recreated on a refined mesh while also implementing the ALM turbine models. Both simulations use
the same domain size of 3 km by 3 km by 1 km in the x, y, and z directions, respectively, where x is along the primary flow
direction and z is the vertical direction. Information on how the precursor simulations were run are described in Sections 4.2
and 4.3.

To model the turbines within the turbulent ABL, the refined turbine mesh is initialized with the flow field from the
precursor at the initial timestep of the selected time window. Inflow planes saved from the precursor are used as the inflow
boundary condition in the new mesh and the opposite end is set as an outflow boundary condition. The ensuing turbine
simulations were run with a time step of 0.02 seconds in order to satisfy the blade travel condition described in Section
3.2. An additional one minute was included prior to the selected ten minute window to allow sufficient time for the turbine
models to initialize and for the wake to convect downstream. In data post-processing, the first minute was then discarded to
remove the aforementioned initial transience and match the ten minute simulated inflow with the experimental data. While
both WTGal and WTGa2 turbines were simulated, the subsequent validation is focused just on the leading WTGal turbine
Qols and wake, for which experimental data is available. A subsequent application paper will describe the impacts of the
leading wake on the second WTGa2 turbine.

4.1 Precursor and Turbine Mesh Information

For the present study, the effect of varying mesh resolution was investigated for both precursor and turbine simulations.
Three sets of precursor simulations were conducted using grid spacings of 20 m, 10 m, and 5 m for the Coarsep, Mediump,
and Finep meshes, respectively. For each mesh, Table 2 shows the number of elements and time per iteration step while
being run on 768 processor cores. For the subsequent turbine simulations, the Mediump mesh with 10 m resolution was used
to generate the precursor simulation data. This selection has been historically used by the authors for benchmark-level ABL
simulations, and is supported by the findings of Wurps et al. [74]. A precursor selection methodology is proposed later in
Section 4.3, and the effect of mesh resolution is shown for the methodology and its applied metrics.

Three sets of turbine simulations were also conducted. All turbine simulations used the Mediump mesh (Ax = 10 m) as
the background grid with varying numbers of refinement levels, though all three turbine meshes have the first three levels of
refinement. For the Coarser mesh, the first level of refinement has a grid spacing of 5 m, the second level has 2.5 m, and the
third level has 1.25 m. For the Mediumt mesh, there is an additional refinement layer with a spacing of 0.625 m. The Finer
mesh has a fifth level of refinement with a spacing of 0.3125 m, or 1.2% of the V27 rotor diameter. The first refinement level
has a volume of 540 m x 140 m x 100 m, starting 190 m in front of the first turbine and at the ground, and each subsequent
level is 10 m smaller on all sides with exception of the bottom surface. The placement of the refinement regions relative to the
domain is shown in Figure 2. Table 3 lists the number of elements, the smallest grid spacing, the number of processor cores
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Table 2. Description of different precursor meshes used.

Mesh Elements Ax Proc. Walltime (s)/It
Coarsep 1.125e6 20 m 768 0.6
Mediump 9e6 10 m 768 1.2
Finep 72e6 S5m 768 9.8

-

efin d Mesh™
=

Turbines

Velocity [m/s]

12.91
9.68
6.46
3.23
0.00

Fig. 2. Location of refinement regions and turbines in the Nalu-Wind simulation domain.

used per simulation, and the walltime per iteration for all three turbine simulations. The turbine simulations in Table 3 had
significantly larger walltimes per iteration in comparison to the precursor simulations in Table 2. The turbine simulations
were additionally burdened by smaller timestep requirements than the precursor due to the blade travel condition for the
ALM turbine model. The effects of mesh refinement on various turbine and wake Qols are investigated later in Section 5.

Table 3. Description of different turbine meshes used with the Mediump background mesh.

Mesh Elements AXpin Proc. Walltime (s)/It
Coarser 11.7€6 1.25m 768 6.6
Mediumr 22.5e6 0.625 m 768 12.8
Finer 45.5e6 0.3125m 2304 12.3

4.2 Precursor Simulation Methodology

The precursor is run with a periodic boundary condition in the flow direction and the boundary layer is initialized with
a small perturbation in the velocity profile near the ground in order to accelerate the development of turbulence, using the
following expression

uy = U + A cos(kx) cos(kyy) exp(—z/8) %
4

Uy = A]]i—x sin(k.x) sin(kyy) exp(—z/9) (1D

z
1
y Oe

u, =0

where

U:mein((;)lﬂ,l) (12)

and A = 1, ky = 0.0075398, k, = 0.0075398, & = 50.0, and U., = 8.0.
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Fig. 3. Time histories of horizontal plane-averaged ABL velocity, < Uj,i; >, at different domain heights during the initial 20,000 second
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Fig. 4. Profiles of horizontal plane-averaged ABL velocity, < Up,,i; >, at different simulation times during the initial 20,000 second precursor
simulation. The dashed black line (= = = =) indicates the rotor hub-height.

The precursor simulation was run for 20,000 seconds with a timestep of 0.5 seconds to ensure that all startup transients in
the flow have dispersed. The evolution of flow statistics was tracked across the precursor simulation and Figure 3 shows time
histories of the horizontal plane-averaged velocity, < Uj,,; >, at different heights in the domain. The mean flow quantities
near the surface are demonstrated to converge very quickly after about ¢ = 2500 seconds, while the velocities near the top of
the boundary layer take significantly longer to achieve a quasi-steady-state solution. As the present paper is concerned with
the validation of research-scale wind turbines with hub-heights of 32.1 meters, statistical convergence of the entire ABL is
less important than the convergence of mean and higher-order statistics in the present region of interest (< 100 m).

Figures 4 and 5 show the horizontal plane-averaged profiles vs. height for < Uy, > and T'Ig, respectively, with time-
averaging windows of 60 seconds around the listed simulation times. Near the surface in Figure 4, the mean plane-averaged
flow velocity is shown to achieve a quasi-steady-state solution quickly due to the ABL forcing mechanism in Nalu-Wind.
In Figure 5, the plane-averaged profiles of resolved turbulence intensity is shown to shift even towards the end of the initial
20,000 second precusor simulation. However, the difference between the hub-height T'Ir values at t = 16000 seconds and
t = 19000 seconds are less than 1% and so the ABL is considered to be sufficiently converged for this validation application,
considering the turbine simulation length of 10 minutes.

The boundary condition on the domain sides is also periodic; the ground was simulated as a non-slip wall with a
roughness height of 0.01 m [75,76, 16], and the upper surface is an inviscid wall with a specified temperature gradient that
matches the gradient above the capping inversion. The pressure gradient across the domain was automatically adjusted to set
up a velocity profile with a value specified to be 8.69 m/s at the hub height. The temperature was set to 304.6 K throughout
the domain to match the experimental data. The simulation is run for 10,000 seconds after the initial 20,000 seconds as a
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Fig. 5. Profiles of horizontal plane-averaged ABL resolved turbulence intensity, 7' I, at different simulation times during the initial 20,000
second precursor simulation. The dashed black line (= = = =) indicates the rotor hub-height.

“search window” for a desired ten-minute precursor. Once this ten-minute precursor is selected, a process that is described
in more detail in Section 4.3, the precursor is then re-run for this ten-minute window with the 2D inflow planes saved at each
time step. As seen in Tables 2 and 3, the significantly lower computational resources required by the precursor compared to
the turbine simulations allow for large temporal sweeps of the precursor simulations without significantly impacting the total
computational cost of the entire study.

4.3 ABL Inflow Selection Process

As mentioned in Section 4.2, a 10,000 second simulation search window was conducted for the precursor simulation
using the Mediump mesh to find an ideal 10-minute inflow for the turbine runs. Figure 6 shows the three metrics of interest
described in Section 2.1 as a ten-minute running time average; the plotted time is also the statistical average over the ten-
minute bin. The yellow shaded regions indicate the experimental standard deviations associated with the different metrics.
The standard deviations of experimental o and 7' Ik are relatively large compared to the mean values, while hub-height wind
speed is the most consistent metric.

As seen in Figure 6, there are several time locations where there is good agreement between the three simulated pre-
cursor metrics with the experimental data. Nearly the entire profiles for o and T'Ir are within the experimental standard
deviation bounds, indicating Nalu-Wind is producing realistic values for those Qols. For the present study, the selected 10-
minute precursor bin was between 22705 and 23305 seconds as shown by the blue marker in Figure 6. The corresponding
10-minute mean and standard deviation values of the three simulation metrics are compared with the corresponding exper-
imental baseline data in Table 4. The window was selected such that all three simulated metrics very closely match their
respective experimental values. The larger experimental standard deviation of Uy compared to the simulation is expected
as the simulated value only considers the LES resolved-scale turbulence, and neglects the subfilter-scale contribution. Differ-
ences were also observed in the total turbulence intensity (7'1;) values of 0.0798 and 0.0673 for experiment and simulation,
respectively.

Table 4. METa1 comparison between experimental and simulation 10-minute results for different atmospheric inflow metrics. Values given
for hub-height velocity U g are the mean =+ standard deviation.

Upp [m/s] o [-] Tk [-]
Experiment 8.695 + 0.935 0.141 0.0608
Simulation 8.686 + 0.752 0.141 0.0614
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Fig. 6. 10,000 second precursor simulation search window for the metrics of (a) hub-height wind speed, (b) shear exponent, and (c) resolved
hub-height TI. The red line ( ) represents the moving 10-minute averages of each precursor metric; the dashed black line (= = = =) is
the 10-minute average of the experimental data. The yellow region ( ) represents the standard deviation of the experimental data; the
blue dot (@) is the selected precursor for the present study.

4.4 Precursor Sensitivity to Mesh

The effect of mesh refinement on the three precursor simulation metrics was also investigated. In addition to the primary
case with 10 m grid spacing, precursor simulations using 5 m and 20 m grid spacings, summarized in Table 2, were also
run for 30,000 total seconds and comparisons of the profiles for the respective 10,000 second search windows are shown in
Figure 7. The impact of mesh resolution on hub-height wind speed is shown to not be significant in Figure 7(a) as all three
distributions are qualitatively similar due to the consistent ABL forcing at that height.

For shear exponent in Figure 7(b), a lower grid resolution is shown to result in significantly increased values for o,
and vice versa; the mean shifts about 25-40% between each resolution level. The large effect of mesh resolution on « is
attributed to the measured hub-height location being very close to the surface, the second cell from the bottom in the case
of the Coarsep mesh, where interactions between small-scale turbulence structures are significant. These results indicate
that for atmospheric characteristics not being actively controlled like hub-height wind speed, mesh resolution has a very
significant impact, and illustrates the importance of being aware of how the ABL precursor mesh resolution affects a given
quantity of interest when designing simulations for experimental validation.

The profiles in Figure 7(c) for resolved turbulence intensity are similar between meshes and generally fall inside the
filtered experimental standard deviation bounds in Figure 6. The mean T'Ir values in Figure 7(c), averaged over the entire
10,000 second window, range from only 5.8 to 6.1%, a promising result given that it is resolved-scale velocity driving the
wind turbine model results presented later in Section 5.2.

5 Validation of Inflow, Turbine, and Wake Quantities

Using the aforementioned precursor simulation methodology, a subsequent turbine simulation was conducted as de-
scribed in Section 4. Statistics from the simulated MET tower, upstream turbine WTGal, and virtual SpinnerLiDAR model
were compared to the corresponding experimental data. Both simulated and experimental uncertainty were quantified. The
primary simulation results in this section used the Mediump and Mediumr meshes, which have resolutions and refinements
typical for benchmark-level simulations [42]. Simulation results using both coarser and finer turbine meshes are also shown
later to demonstrate the effect of mesh refinement on various Qols.

For both experiment and simulation, the upstream WTGal yaw heading was 0°, though small deviations from zero in
the mean yaw offset existed due to aleatoric uncertainty. Due to the finite simulation time, the simulated data showed a mean
inflow heading at the METal location of 0.83° (i.e., flow turned slightly in the -y direction), which implies that WTGal
experienced a similar mean yaw offset. For the experimental data, this value was 1.03°.

5.1 Precursor Results and Validation
As discussed in Section 4.3, a 10-minute precursor simulation using the Mediump mesh was selected to match the three
metrics as shown in Figure 6. Here, further comparisons between simulated and experimental METal data investigate the
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Fig. 8. Comparison of the simulated wind shear profile with experimental measurement. The red line ( ) is the 10-minute average of
the simulated wind distribution from 10 m to 58 m. The yellow region ( ) indicates the standard deviation for the simulation data. The

black dots (@) are the 10-minute ensemble-averaged experimental data from the five sonic METa1 anemometers; the black bars indicate the
standard deviations for the experimental data at each anemometer station.

effectiveness of this methodology for additional atmospheric Qols. Figure 8 compares the simulated mean vertical wind
shear profile against experimental data measured by five sonic anemometers at heights from 10 m to 58 m. The standard
deviations of the experimental and simulation data are also shown. The simulated profile corresponds well with the data from
all five anemometer stations as expected due to the matching of the shear exponent in Figure 6(b). The simulated distribution
does underpredict and overpredict the mean wind speed at 18 m and 45 m, respectively, which indicates a power law profile
is not fully adequate to represent this particular experimental data set.

Figure 9 compares the spectra of the square of velocity fluctuations between the simulation and experimental data.
The sampling differences between the Nalu-Wind precursor simulation output (2 Hz) and experiment (100 Hz) are readily
apparent. The experimental spectra are comprised of an average of individual discrete fourier transforms for each bin. The
simulation is able to capture energetic trends in the inertial scales and is closest for E,,, as shown in Figure 9. The high-
frequency, dissipative scales observed in the experimental data are not resolved due to LES filtering. This is shown with
the significant drop-off in the spectra above the maximum resolvable frequency, given by Equation 5. The discrepancy in
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Fig. 10. Comparison of simulation and experimental instantaneous hub-height wind velocity time series. Red ( ): simulation time
series; gray ( ): overlay of all six individual experimental time series; solid black ( ): single example experimental time series;
dashed black (= = = =): average of six experimental time series; yellow ( ): standard deviation of six experimental time series.

E,, and E,,,, at low frequencies is notable, indicating that the LES is not resolving the smaller lateral and vertical turbulence
length scales at this grid resolution. Missing meso-scale motions were ruled out as the cause of this discrepancy, given that
at low frequencies, E,, contains 2x to 3x more energy, and would necessarily show any missing large scale motions.

In Figure 10, the time series of the six individual 10-minute experimental bins illustrate the actual variance of the
experimental data. A moving 30-second time average was applied to all plotted time series. The ensemble-averaged Upyy
gives the value shown in Table 4. Over the selected 10-minute window, most of the simulated time series lies within the
experimental standard deviation bounds and qualitatively captures the large temporal variations observed in the experimental
time series data.

5.2 Turbine WTGal Results, Validation, and Sensitivity to Mesh

Turbine variables were output from OpenFAST, which was coupled to Nalu-Wind for the turbine simulations. Table 5
compares the mean and standard deviation of WTGal turbine generator power between experiment and simulation on the
Mediumr mesh. The mean power differs by approximately 3% between experiment and simulation. Possible sources of this
discrepancy include uncertainties in experimental measurements, insufficient mesh resolution in Nalu-Wind, uncertainties in
the OpenFAST turbine model (including controller model), or errors introduced in the interaction between Nalu-Wind and
OpenFAST.

Similar to Figure 10, Figures 11(a) and (b) compare the simulated time series of WTGal generator power and rotor speed
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to the individual six experimental time series data. All plotted time series have been smoothed using a 30 second moving
average. The decrease in simulated rotor speed and generator power near the end of the 10-minute time window corresponds
with the decrease of Uyy in Figure 10 during that same period. Both simulated time series remain mostly within the
experimental standard deviation bounds over the 10-minute period. However, the time series of simulated rotor speed does
not capture some significant low variations of experimental rotor speed hence the ensemble average of the experimental rotor
speed ten-minute mean, 42.76 RPM, is less than the mean simulated rotor speed, 43.44 RPM. This supports the controller
being a significant factor to the over-prediction of simulated generator power in Table 5.

Table 5. Turbine (WTGa1l) comparison between experimental and simulation 10-minute results for generator power (kW). Values are the
mean = standard deviation. Simulated results are for the Mediumy mesh.

Generator Power (kW)
Experiment 79.1 £+ 20.1
Simulation 81.7+ 14.2

The effect of different turbine mesh refinement levels was also investigated for turbine generator power and hub-height
rotor velocity Uy oror in Table 6, while holding the background mesh constant at Mediump. Ugproror 1S the velocity x-
component extracted at the pointwise hub-height WTGal location in the presence of simulated turbine activity, and differs
from the previously shown Ugy values which were extracted from the hub-height location of the MET tower located 2.5
rotor diameters upstream of WTGal. In addition, Uy values were gathered from the precursor simulations which did not
have turbine activity or the effect of axial induction. Mesh resolution is demonstrated to have a significant effect on power
with 4 to 6% differences between each mesh level. A clear trend of higher generator power with increasing mesh resolution
is observed but the convergence is also slow. The turbine hub-height rotor velocity Ug g oror 1S much less affected by mesh
resolution with differences of about 0.5% between each turbine mesh level. The effect of mesh resolution did not produce a
clear effect or trend in the standard deviation of either Qol.
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Table 6. Effect of mesh refinement for the 10-minute mean and standard deviation of the generator power and hub-height wind speed
(UnHrotor) observed at the WTGa1 turbine.

Coarser Mediumr Finer
Gen. Power Mean (kW) 76.9 81.7 85.1
Gen. Power Std. Dev. (kW) 14.8 14.2 14.9
Untrotor Mean (m/s) 7.12 7.16 7.18
UniHrotor Std. Dev. (m/s) 0.60 0.60 0.60

5.3 Wake Results, Validation, and Sensitivity to Mesh

Wake Qols were also compared between experiment and the Mediumy simulation for WTGal. Profiles from the experi-
mental lidar, simulation lidar, and simulation planes are shown at 2D downstream from the turbine. At 3D downstream, only
experimental and simulated lidar data are compared as simulation planes were not extracted at this location. Simulation plane
data refers to velocity data extracted directly from the simulated flow field; simulation lidar data refers to the post-processing
methodology summarized in Section 3.2. The turbulence intensity data show the resolved fluctuations only.

In Figures 12 and 13, comparisons for horizontal and vertical profiles, respectively, of both mean velocity deficit and
turbulence intensity are shown for the meandering frame of reference at 2D downstream from the rotor. The meandering
frame of reference was determined to be a valid method of analysis by correlating the inflow velocity components at the wind
turbine nacelle with the spanwise and vertical positions of the wake center position time series within the planar simulations
at 2D downstream. The inflow velocity components were strongly correlated with the wake positions as indicated by cross-
covariance peaks of 0.85 and 0.68 in the spanwise and vertical directions, respectively. The uncertainty bands associated
with the ensemble averaging are shown for each data source; this uncertainty is largest near the edges, especially for the
experimental lidar, due to the sparseness of the measurements there compared to at the middle of the wake.

The simulated lidar and simulated plane profiles correspond well for the mean velocity deficit plots especially near the
center of the wake, demonstrating that both post-processing techniques are similarly useful. On the other hand, the simulated
lidar results significantly underpredict the peak turbulence intensity at the edges of the wake. Such attenuation of turbulence
content is due to spatial averaging along the probe line-of-sight as described previously and is a well-known shortcoming of
lidar results [66,77], though does not negate the present validation effort of the simulated lidar data with the measured lidar
data since both datasets contain this attenuation. The observed left-to-right asymmetry in the wake turbulence intensity is
likely a result of atmospheric fluctuations over the finite sampling time, the small mean yaw offsets referenced previously,
and swirl effects similar to those observed by [78].

Compared to the experimental lidar, the simulated profiles of mean velocity deficit in the meandering frame agree well
near the wake edges but significantly underpredict the deficit near the center of the wake. This discrepancy could be the result
of several factors including a limitation of the Nalu-Wind nacelle model, as well as differences between the experimental
and simulated distributions of rotor force. Relative to the respective 2D downstream profiles in Figures 12(a) and 13(a), the
3D downstream simulated profiles in Figures 14(a) and 15(a) are shown to match the experimental wake shape more closely
in both the meandering and fixed frame. This reveals that the peak deficit discrepancy has begun to mix out with further
recovery of the wake, while the wake width maintains a close match to the experiment.

Comparing the simulated and measured lidar turbulence intensities in the meandering frame at the 2D location in Figures
12(b) and 13(b), the profiles agree within the uncertainty bands for all positions within 0.8D of the wake center. Though, there
exists an offset in the simulated lidar [Ty p],, of roughly 0.01 below that of the measured lidar for much of the horizontal
profile, which is congruent with the difference in 7'Ig between the experiment and simulation in Table 4. At 3D (in Figures
14(b) and 15(b)), the difference between the simulated and measured lidar [Tl p|, is slightly larger. Note that the effective
low-pass cutoff frequency due to the lidar’s averaging along the line-of-sight is already lower at 2D than the maximum
resolvable frequency of Mediumr as computed with Equation 5, and this cutoff frequency drops further at 3D. Thus, the
apparent increased difference moving downstream of [T Iy p),, between the simulation and experiment, which appears to be
due to an increase in turbulence in the experimental measurements, may represent a difference in wake recovery physics
between the simulation and experiment.

The previous two paragraphs describe the validation of the simulated lidar data, a process that leverages the meandering
frame to partially isolate the turbine-induced wake dynamics from the atmospheric-induced wake dynamics and associated
wake meandering. The fixed frame results, on the other hand, include the atmospheric-induced effects and thus inform the
validation in different ways. The significant increase of [Tly p|s compared to [Tly p|, in Figures 14(b) and 15(b) is due
to the apparent turbulence from wake meandering (this apparent turbulence is also responsible for the larger error bands in
the fixed frame results than meandering frame results for the corresponding mean velocity deficit plots in Figures 14(a) and
15(a)). Furthermore, the [TIy p| is significantly larger for the experiment than the simulation. This finding agrees with data
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Fig. 12.  Comparison of the horizontal mean velocity deficit and turbulence intensity profiles from the experimental lidar data with the simu-
lated lidar and plane data at 2D in the meandering reference frame. Black ( ): experimental lidar; orange ( ): simulated lidar;
yellow ( ): simulated planes. The shaded regions indicate the 95% confidence of the standard error. The simulated data at 1 s output
intervals have been averaged over 2 s intervals to match the sampling frequency of the measured lidar data.
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Fig. 13. Comparison of the vertical mean velocity deficit and turbulence intensity profiles from the experimental lidar data with the simulated
lidar and plane data at 2D in the meandering reference frame. Black ( ): experimental lidar; orange ( ): simulated lidar; yellow
( ): simulated planes. The shaded regions indicate the 95% confidence of the standard error. The simulated data at 1 s output intervals
have been averaged over 2 s intervals to match the sampling frequency of the measured lidar data.

on the standard deviation of the wake center position at 3D for the experimental and simulated lidar data, which were 8.03
m and 4.35 m, respectively, in the horizontal direction and 4.11 m and 2.64 m, respectively, in the vertical direction (note
that the higher lateral wake movement compared to the vertical movement is explained through the difference in turbulent
length scales in the two directions due to damping near the ground). The previous two observations follow from the results
in Figure 9, which showed significantly increased turbulent kinetic energy for the cross-stream velocity components in the
experimental data compared to the simulation. We propose that the relatively lower wake movement of the simulation also
causes the fixed frame mean velocity deficits in the experimental and simulated lidar to coincidentally match more closely
than in the meandering frame because the lower lateral wake movement, and thus lower smearing of the deficit profile during
the ensemble averaging process, compensates for the existence of the undervalued peak velocity deficit of the simulation that
was suggested previously by the meandering frame results. Thus, we assess the meandering frame of reference to be a useful
tool to help isolate potential errors in the turbine modeling versus those in the inflow modeling.

A note of interest is that at the boundaries in the above figures, the experimental velocity deficit profiles often do not
converge to the free stream value (= 0). This is due to subtracting the inflow from the wake profiles using a power-law
fit as described in Section 3.1.2. This fit likely results in differences at the near-surface region of the vertical profiles as
well as differences in the horizontal profiles near the wake edges due to lateral atmospheric fluctuations not captured by the
meteorological tower. For the vertical profiles of turbulence intensity, some differences in the unsteadiness of the atmospheric
boundary layer between the simulation and measurement are also apparent from the data at the vertical extremes of the plotted
data.

19



(b

1 -0‘.5 6 o.‘s 1
y/D y/D

Fig. 14. Comparison of the horizontal velocity deficit and turbulence intensity profiles from the experimental and simulated lidar data at
3D in both fixed and meandering reference frames. After calculating the ensemble statistics, the data in the fixed frame of reference are
centered to have their YZ origin at the time-averaged wake center position before plotting to allow appropriate comparison with the profiles
in the meandering frame. Black (= = = =): experimental lidar in fixed frame; orange ( ): simulated lidar in fixed frame; black ( ):
experimental lidar in meandering frame; orange ( ): simulated lidar in meandering frame. The shaded regions indicate the 95%
confidence of the standard error. The simulated data at 1 s output intervals have been averaged over 2 s intervals to match the sampling
frequency of the measured lidar data.
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Fig. 15. Comparison of the vertical velocity deficit and turbulence intensity profiles from the experimental and simulated lidar data at 3D in
both fixed and meandering reference frames. After calculating the ensemble statistics, the data in the fixed frame of reference are centered
to have their YZ origin at the time-averaged wake center position before plotting to allow appropriate comparison with the profiles in the
meandering frame. Black (=== =): experimental lidar in fixed frame; orange ( ): simulated lidar in fixed frame; black ( ):
experimental lidar in meandering frame; orange ( ): simulated lidar in meandering frame. The shaded regions indicate the 95%
confidence of the standard error. The simulated data at 1 s output intervals have been averaged over 2 s intervals to match the sampling
frequency of the measured lidar data.

Finally, the effects of mesh refinement were investigated for various wake Qols; all simulations were based on the
background Mediump mesh and are presented below in the fixed frame of reference at 2D downstream from the rotor plane.
Note that Figures 12-15, used for the validation study above, leverage Uw p and T Iy p which includes inflow subtraction,
while Figures 16-18, used for the mesh resolution study below, simply use Uy and TIyy. These values are more conventional
and appropriate for a parametric study. Another difference between the sets of plots is that those used for the validation study
were generated using data averaged over 2 s intervals to match the frame rate of the experimental lidar data, while those
used for the mesh resolution study are generated using the data at 1 s intervals. The differences in [Tly|; between the two
sampling rates are consistently less than 0.01.

In Figure 16, comparisons of the YZ-planes at 2D are shown between the different mesh resolutions. The mesh resolu-
tions are shown by the “pixel” sizes. In the Coarser plot, the background mesh is visually obvious, and a decreased peak
deficit in (a), as well as a decreased and translated peak turbulence intensity in (b), is observed relative to the finer meshes.
The coarse grid also introduces local discontinuities between the wake and surrounding ABL; in contrast, the wake visual-
izations for the Mediumy and Finer meshes show smoother contours. As expected, the maximum [le]f increases with
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Fig. 16. Comparison of YZ-planes with contours of (a) normalized velocity and (b) turbulence intensity at 2D downstream in the fixed frame
of reference for different mesh resolutions. The white circle indicates the rotor location.

each mesh refinement from 0.235 to 0.237 to 0.241 as more scales of turbulence are resolved. It should be mentioned that
numerical oscillations caused by € for the Gaussian spreading function for the tower model were present in the instantaneous
wake contours for the Coarser simulations, where € was less than the grid spacing, but were not observed in the Mediumyr
and Finer simulations where € was greater than the grid spacing.

In Figures 17 and 18, the mesh comparisons are shown for horizontal and vertical profiles of the flow cross-sections, re-
spectively. The Mediumr and Finer meshes profiles compare favorably while the Coarser mesh profiles display a relatively
smaller wake deficit. The (Uy ) f /Unn at the wake center and hub-height for the horizontal and vertical profiles, respectively,
are within 1% for the Mediumr and Finer simulations. However, for the Coarser simulations, the corresponding values
are between 4 to 7% larger (i.e., a weaker deficit) than the Mediumy case. Similarly, the [TIy]; matches well between the
Mediumr and Finer meshes while the Coarser mesh underpredicts [Tl ] by up to 0.0186 compared to the Mediumr mesh
aty/D = —0.26 in Figure 17(b) and by up to 0.0242 compared to the Mediumr mesh at z/D = 1.83 in Figure 18(b).

6 Conclusion

In the present study, a proposed methodology was implemented that promotes high confidence validation of LES simula-
tions. This methodology was applied to Nalu-Wind simulations of V27 turbines under a neutral atmospheric boundary layer,
a case for which experimental validation data is available from the SWiFT facility. Using a designed precursor selection
process, a simulated atmospheric inflow was chosen to most effectively match experimental conditions for selected metrics
of interest. A filtering method for the experimental velocity data was also introduced to calculate a resolved turbulence
intensity parameter, TIg, that more accurately corresponded to the filtered resolved LES velocity field from Nalu-Wind.
Comparisons were then conducted for meteorological, turbine, and wake Qols, along with quantified uncertainty bands for
both experimental and simulation results. Good agreement was observed for several Qols including turbine generator power
and wake widths at different downstream distances.

The effect of mesh refinement was also examined on the atmospheric, turbine, and wake Qols. Several simulated
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Fig. 18. Mesh comparison of (a) normalized velocity and (b) turbulence intensity versus vertical position at 2D downstream in the fixed frame
of reference at the lateral wake center position as determined from the wake meandering calculation. Horizontal black dashed lines (= = = =)
indicate the rotor edges. Blue (- = - =): Coarser; orange ( ): Mediumy;red (== ): Finer.

Qols such as turbine generator power and wind shear exponent demonstrated significant correlation with mesh resolution
while other Qols such as the resolved turbulence intensity and hub-height wind velocity both at the turbine and MET tower
were much less affected. Comparison of wake Qols revealed that for the current simulated configuration of V27 turbines
under a neutral atmospheric boundary layer, the Mediumr mesh with a minimum grid spacing of 0.625 m was sufficient
to accurately capture both mean and second-order statistics such as resolved turbulence intensity in the wake, as minimal
differences between the Mediumr and Finer mesh results were observed.

The wake analysis also showed the simulated lidar model implemented in Nalu-Wind was successful at capturing wake
profile trends observed in the experimental lidar data. Although the simulation plane and experimental lidar profiles corre-
sponded well for mean velocity deficit profiles, for second-order statistics such as resolved turbulence intensity, significant
differences were observed due to the filtering introduced by lidar post-processing. However, the simulated lidar profiles
showed good agreement to the experimental data with an offset, which can be attributed to the differences in resolved tur-
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bulence intensity observed in the inflow. These results illustrate the importance of an accurate simulated lidar model for
experimental wake validation, especially when considering higher-order statistics.

In addition to mesh refinement, further sources of modeling error and uncertainty were also discussed for various atmo-
spheric, turbine, and wake Qols. Validation analysis of wake Qols benefited from comparisons in both fixed and meandering
reference frames to uncover sources of uncertainty due to ensemble averaging. Future work will aim to quantify and reduce
capability gaps in Nalu-Wind. For modeled inflow, these included bias from the power-law shear exponent inaccurately
modeling the wind speed profile near the hub as well as grid refinement transitions affecting simulated turbulence levels and
small-scale structures. For modeled power, there is potential for improvements to the simulated airfoil data, actuator line,
and nacelle models, as well as quantification of the differences between the manufactured and as-built blades. For wake
characteristics, future investigation of the simulated nacelle model and effect of refined mesh transitions would improve
modeling of the small-scale turbulent scales and near-wake region, particularly in the center of the wake. Here, a signifi-
cant under-prediction of the simulated maximum velocity deficit was observed, although the discrepancy quickly mixed out
with further recovery of the wake. Finally, for all Qols, the impact of longer simulation and experimental time windows on
statistical convergence should be examined and quantified.

The general validation process and analysis methods (including inflow selection and wake analysis with uncertainty)
utilized in this paper are applicable to the general field of LES modeling for wind turbine and wind farm applications. The
verification and validation of high-fidelity models of engineering systems in turbulent flows is a challenging problem in many
fields, the solution to which enables the credible use of high-fidelity computational flow models for technology innovation
and fundamental research and discovery. Although the methods used in this paper were applied to a wind energy system,
they can be applied to a broad set of fluids engineering problems where an area of interest or device is operating within a
dominant larger-scale turbulent flow field.
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