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Abstract. Wind turbine applications that leverage nacefleunted Doppler lidar areamperedby several sources of
uncertainty in the lidar measuremeatfecting both bias and random es:drwo problems encountered especiallyriacelle

mounted lidamaresolid interference due to intersection of time of sightwith solid objectdehind, wihin, or in front of the
measurement volumas well asspectral noise due primarily to limited photon captiiteesetwo uncertaintiesespecially

that due to solid interferencecan be reduced with higfidelity retrieval techniques(i.e., including both quality
assurance/quality control and subsequent parameter estimaflan)work compares thresuch techniques including
conventional thresholding, advanced filtering, and a novel application of supervised machine learning with ensemble neura
networks based on their ability to reduce uncertaintyoducedby thetwo observed norideal spectral featurashile keeping

data availability highThe approach leverages data from a field experiment involving a contimawes(CW) SpinnerLidar

from the Technial University of Denmark (DTU) that provided scans of a wide range of flows both unwaked and waked by
a field turbine. Independent measurements fromadjacentmeteorological towemwithin the sampling volumeermit
experimental validation of the instantaneous velocity uncertagmaining afteretrievalthat stems fronsolid interference

and strongspectralnoise, whichis a validation thahas not been performed previoushil three methods perform similigr

for noninterfered returns, but the advanced filtering and machine learning techniques performwtattsslid interference

is presentwhich allows them tproduceoverall standard deviations of error betw@ehand 0.3 m/s, @1-22% improvement
versusthe conventional thresholding techniquwer the rotor heightor the unwakedcases Between the two improved
techniques, the advanced filtering produces 3.5% higher overall data availability, while the machine learning offers a faster
runtime (i.e,~1 second to evaluate) thattieereforemorecommensurate with the requirements of +t&ak turbine control.

The retrievaltechniques are described in terms of application to CW lidar, though they are also relevant to pulsed lidar.
Previous work by thauthors(Brown and Herges, 202@xploreda novel attempt to quantify uncertairitythe output ofa
high-fidelity lidar retrievaltechniqueusing simulated lidar returnpthis artick provides true uncertainty quantification versus

independent measurement and does so for taobmiquesather than one
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1. Introduction

Despite the continuing growth of wind energy technology, severdisids of wind energy are still not matuféeers et al.,

2019) Realtime control of turbines within the stochastic atmosphere and better understanding ofttuthibine wake
interactions represent two areas needing furtbearces and areas for which accurate wWialll sensing around the turbine

is imperative. Such sensing is enabled through Doppler lidar instruments, and-memeited lidar, in particular, have made
recent inroads with applications in monitoring and omn{Harris et al., 2006; Mikkelsen et al., 2013; Sjoholm et al., 2013;
Simley et al., 2014; Simley et al., 20I8)dwake aerodynamiawodel validation(Doubrawa et al., 2020; Bwn et al., 2020;
Hsieh, 2021) Continuing investment in such lidar technology includes efforts to reduce the uncertainty of wind field
measurements over the whole field of view, which is critical for both fornmardnted lidar used in feedforward control
applications and reanountedlidar used in wakeneasurements fanodel validation. Uncertainties processedidar data

stem both from the lidar linef-sight velocity,06 , readings themselves and framperfect assumptionsy modeling
approaches for reconstruction of the witp vector (Lindelow-Marsden, 2009; Van Dooren, 202This work focusesn
guantification of the former, more fundamental source of lidar uncertainty that is present in all lidar measurementssregardle

of any flow reconstruction approach that is later applied to the data.



An example of the raw return from a lioé-sight readingf a CW lidaris given inFigurel. The fastFouriertransformed
power spectral density, returned fromthe scattering along the laser path is distributed across a range of Doppler shift
frequencies,;Qwhich are related tiheline-of-sight velocity according té _ Xz, where_ is the wavelength of the laser.
Some aspects of the uncertaintyoin have been found to be small for typicaimmercial and research lidsgtups such as
the accuracy of the positioning of the line of sight it§elérges et al., 201@nd beam motion during data capture (i.e., the
blurring effec} (Simley et al., 2014 Other aspects are well documented and can be quaified "Q¢hrioligh virtual lidar
technigues. Most notably, theresignificant broadening of the lidar spectra (and thus alteration pitleessed quantities of
interest)from flow inhonogeneities such as mean gradients and turbulence within the measurement 8tdwvieeski et al.,
2013; Simley et al., 2014; Wang et al., 2016; Forsting et al., 2017; Sekar 828).,This broadening, which is also a function
of the lineof-sight weightingdistribution for a CW lidaris observed as the width of the region of interest (RoBigure 1.

On the other hand, we find several error sources

in the measured lidar results whose impact

A » canna be knownwr i "QETheSe sources are
7 Raw spectrum . .
0@’?0 y P due to spectral features embedded in the lidar
” . .
2 @%,7 signal that stem both from instrument esrand
M

from nonaerosol returns as shownHhigurel,
and these are especially prevalent for nacelle

mounted lidas as described below.

Amplitude noise in the spectruof a CW
Doppler lidar which is depicted by the

localized peaks ifrigurel, results in a loss of

VASN

Noise floor

precision (i.e., larger spread from the true value)

in the velocity estimation from the Rol. The

' » | « Random error intensity of the noise, which for modern lidar is
Bias erre»é - due primarily to shot nois¢Pefia and Bay

Figure 1. Example of a power spectral densityy, distribution versus line-  Hasager, 2013)dependsn parton the range
of-sight velocity, 0®° Y of a raw CW lidar return illustrating the resdved intensity of the backscatter. Therefore,
contamination of the region of interest (Rol) by solid interference and appropriate shemoise error analyses should
amplitude noise. The raw geometric median cdains bias error due tothe  gccount for the unigue noise content observed
solid interference as well as random error due to the amplitude noise in each lidar return, which cannot be determined
Figure adapted from Brown and Herges (2020). a priori (Simley et al., 2014)A particular
configuration of interest to our work &fastscanning (i.e., ~500 Hz) CW lidéinat hasheen mounted on turbine nacelles

(Sjéholm et al., 2013; Mikkelsen et al., 2018ne drawback of this configuration, however, is that the high temgsaution
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trades withshorter averaging times that yield higher instrument error diemaearrierto-noise ratio® 0 "YAngelou et al.,
2012)

Interference from di surfaceghatintersect the probe volume introdgeesource of bias in lidar readings, and the severity
of the interference again cannot be determiagutiori. For nacellemounted lidarsuchinterferences common andgtems
from the surrounding teain, optical windows (i.e., boresight interference, which occurs near the center of the field of view
for the SpinnerLidaconfiguration(Brown and Herges, 202@)hen the lineof-sight is normal to the weatherization window
neighboringt ur bi nes, met eor ol ogical tower s, forwardfacihghidar mountecoonn e 6 s
the top of the nacelle (rather thamthe spinner)A characteristic spike shape in the Doppler return near zero velocity indicates
the presece of solid interference.

The firsttacticagainst spectral noise and solid interferenciaity assurance/quality conti@A/QC) processing. In the
context of norstationary atmospheric measurements, the most simplistic QA/QC approach is threqidaidiigu et al.,

2012; Pefa and Bay Hasager, 201&here spectral bins withmagnitudes less than a specified threshold are nulled (if no
signal remains below this threshold, then the lidar data can be refEctddich, 1996). Noise variance can be redudeyl
accumulating the spectra over multiple laser pulses along a single line offdjghand Hardesty, 1993nd this approach

has become mainstream in both pulsed and CW lidar technologies. Conversely, if the spectrum peak magaoituida,is to

the data may be rejected on the grounds that a solid return has been captured. Rather than reject such a solid rgturn outrig
Godwin et al. (2012worked to mitigate ground interference bias for airborne pulsed lidar, though their approach was
admitedly subject to a large degree of subjectivity in defining certain thresholds and was also unable to handle wind speed:
near the interference velocitiderges and Keyantuo (2018¢veloped another technique that employs a-deskned set of

filters to carefully estimate the bounds of the Rol, thus removing the impact of features due to solid interferenceralnd spect
noise away from the Rol.

The next step in lidaretrievalis the mean frequency estimation (igarameteestimation of the Doppler frequency shift,
whichyieldsthe lineof-sight velocityestimatg¢. Mean frequency estimators (MFES) have long been studied for radar and lidar
applications including recent work with parameter estimation on spectra frofdiasertransformed signals. Specific to
pulsed lidar measurementgmbard et al. (2016@xamined five such estimators including the maximum, centroid, matched
filter, maximum likelihood, and polynomial fit MFEs and foutitht all estimators save the first offer suitable accuracy
compared to the theoretical ideal performance of the Cr&®aerower bound. Specific to CW lidar measuremeesd and
Mann (2018examined the maximum, centroahd median MFEs and found the highest accuracy when validating lidar results
against sonic anemometer measurements for the median MFE followed by the centroid and finally maximum MFEs. Thus, the
median MFE has become the most common estimator used irenémgy.

After the frequency estimation, another layer of QA/QC can be applied through despiking techniques that reject outliers in
a time series, such as the classical standard deviation filter, iterative standard deviati@iofstenp, 1993; Vickers and
Mabhrt, 1997; Newman et al., 26), or interquartile range filte(Hoaglin et al., 1984; Wang et.aR015) Leveraging

assumptions related specifically to lidar configuratidhststing and Troldborg (2016jescribe a finitadifferencebased

4
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despiking technique that importantly considers spatial as well as tempad@gs.Beck and Kiihn (2017introduced an
adaptive filtering technique, though it relies on the assumption e$iseilar flow over aspan of time.

Above we have reviewed how the type of QA/QC processing as well as mean frequency estimation have bearing on the
accuracy of the finaletrievedquantities of interest (Qols). All the described techniques work to mitigate amplitude noise and
solid interference but involve a degree of subjectivity in defining certain processing parameters. While appropriates selectio
of these parameters can be fduior specific conditions and Doppler return shapes, there does not exist a universal set of
optimal parameters even for the selection of the simple noise thrggtmgdlou et al., 2012; Gryning et al., 201&hich
makes the application of the -d@ising techniques prone to ovar underestimating QolsWorking towards a solution,

Brown and Herges (202@uantified residual uncertainty in Qdtem a full retrievatechniquedy processing synthetic spectra
with known ground truth properties that mimicked the shape of measured spectra.

The ultimate test of the accuracy of the Qol estimation, howevezxperimental validation against an independent
measurement. In terms of validation of the uncertainty of lidar techniques, most work has been performed\@raed
samples, typically over a 1fdiinute window as specified in the industry standard dower performance assessment
(Commission, 2005)For instanceSmith et al. (2006)Albers et al. (2009)Slinger and Harris (20125 0ttschall et al. (2012)
Hasager et al. (2013Wagner and Bejdic (2014%iyanani et al. (2015)andCariou et al. (2013all compare lidaderived
velocities to traditional anemometderived velocities over Xfhinute bins, often returning regression slopes and coefficients
of determination within 0.01 of unity.

For turbinecontrol and model validation purposes, however, the uncertainty of interest is the instantaneous one, for which
values are significantly larger and the volume of previous work is significantly sm@dertney et al (2008) reported
instantaneous errors betweenlooated lidar probe volumes and cup anemométehsivestandard deviation of 0.2 m/s and
mean bias betweef.2 to 0.2 m/s, though they noted that the actual values depend on the distribution of wind speeds. A wind
tunnel experiment byan Dooren et al. (20219howed instantaneous velocity from alcoated lidar probe volume and
hotwire anemometer with coefficients of determination merolallerthan the 1@minuteaveraged results above (i.8® v
'Y 1@ ). As Pedersen and Courtney @I, for instancehave shown that the standard error in Hagsight velocity
measured versus a hard target for a CW lidar is on the order of 0.1%, the main source of errors ob&zweddyyet al.

(2008) and Van Dooren et al. (2021% understood to be flow inhomogeneity and amplitude n@isigher of theseases
includedsolid interference &éct9.

Like these last studies, this article considestantaneous data from CW lidars in the face of flow inhomogeneity and
amplitude noiseln contrast to the previous work, our work explicitly compares the uncertainty of sevetalemdretrieval
techniques and does so over a wider range of flows and lidar return types than has been done previously. Specifically, w
examine flows that are both unwaked and waked by a field turbine, including those where the specifimoacddd lidar
problems ofsolid interference and amplitude noise preseptdicularchallenge. The objective t® bound the achieved
uncertainty in each of thestrievaltechniquetr the most common Qol: the spectral (i.e., geometric) mediarofiseght

velocity,6 . To evaluate the efficacy of the interference and noise rejection processes, we @ompareorresponding
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values measured from a meteorological towetooated with the lidafocus point while also tracking data availability
associated with the défentretrievaltechniques

This work is novel not only by nature of the strides taken to quantitatively determine instantaneous lidar Qol uncertainties
but also in the firstime exploration, benchmarking, and stréssting of two higkfidelity retrievaltechniquesThe study
compares the accuracy @f as processed from measured lidar spectra in three parallel ways: (1) with the conventional
thresholding technique, (2) with the advanced filtering techniqudesfies andKeyantuo (2019)and (3) witha novel
application of an ensemble machine learning model that is trained on spectral data mimicking those observed in the field.

In the remainder of the article, tlwwerview of the demonstration experiment is giverSedion 2, followed bythe
methodology underlying the threetrievaltechniquesn Section 3, validation results in Section 4, discussion in Section 5, and

concluding remarks with future work in Section 6.

2. Experimental Techniques

2.1. Facility

A validation casedr the lidaretrievaltechniques is derived from data at SealedWind Farm Technology (SWIFT) facility

in Lubbock, Texas, USA as illustrated kxigure 2. The site features level terrain with minimal surface roughness, and
characterization of the atmospheric conditions is giveikeltley and Ennis (2016)ith recent benchmarking and validation
activities given inDoubrawa et al. (202@ndHsieh (2021)
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Each of the three V27 wind turbine
rotors on the site are 27 m in diamefgy, (a)
and have hub heights of 31.5 m. Tw

Lidar scan
geometries
meteorological towers are positione

2.50 ahead of the frontline thimes
relative to the prevailing wind direction a
shown inFigure2. Data were taken with
the lidar scanning over the meteorologic
towers both with th rotors stationary and
with the WTGal rotor operating, and w
hereafter refer to these cases asriflew
andwakedcases, respectively. These da
derive from a 201€017 test campaign,
most of the data for which has bee
released into the public domaihrough
the A2e Data Archive and Port@019)

2.2. Ultrasonic Anemometers

SATI Series 6A0b s

anemometers from ATI Technologies Figure 2. (a) Rendering of the SWIFT facility in Lubbock, Texas, USA. The
Inc. are locatedt 10.1 m, 18.3m, 31.9m  nacelle of WTGal was outfitted with a rearmounted DTU SpinnerLidar,
45.4 m, and 58.3 rabove the ground on which scanned theflow at different focus lengths according tathe rosette
the METal and METb1 meteorologics patterns shown in red.Rendering from Doubrawa et al. (2020)(b) Planform

towers. The booms are due west (2if0 view of the site where = 27 m.Adapted from Herges and Keyantuo (2019).

coordinate system dfigure2) of the tower. The anemometers sample data at 100 Hz and méasurgd , andv ,
which ae the velocity components in the site reference frame according to the coordinate sy$teur@P. The
manufacturelquoted accuracy of thie ando components is 0.01 m/s. The total uncertainty of therizontal wind
direction measurement derived from the sonic anemometers is estimatedlatiie?@ is an estimated 2% ms delay from
the end of each sample until when the GR@&s$tamp is applied (i.e., ~20 ms internal delay in the instrumentamdsserial
delay).

Occasional spurious spikes in the signal are removed iprpeessing using a median absolute deviation filter with a
length of 10,000 data points, or 100 secorialsta lying more than five standard deviations away from the median are also

removed. In addition to these standard quality control processing techniques used at SWIFT, this effort upesssinapg
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piecewise cubic interpolation across any spans t@f dp to 1 s in length that have been omitted either due to the removal
process noted above or to malfunction of the instrumentation. Longer segments of instrument cutout were removed from
consideration to be used in this study. No blockage correctiomaeds for the presence of the tower or anemometers in this

study.
2.3. Laser Anemometer (Lidar)

Scans from the DTU SpinnerLidé8joholm et al., 2013nounted on WTGal will be considered below. Thenb@ainting
accuracy of the instrument is not quantified exactly, but the pointing direction has been verifiedrangidl photogrammetry
in the lab(Herges et al., 2017and the beam position in the field is known from the combination of Theodolite total station
measurements of éhlidar location in the stationary nacelle, the lidar accelerometers, and the turbine yaw.dselsaans
of interest were focused Z8rom WTGal. At this focus length, the fullidth halfmaximum (FWMH) averaging length of
the beam is 8.45 m as defhby a truncated Gaussian weighting function. Integrating the weighting function over a length of
16 FWHM centered around this focus length captures over 99% of the area under the full weighting fundbebnsde
et al. (2019¥or more information. The probe volume averaging acts as gass filter for the timeseries 6f from the
lidar, but the filtered smalcale turbulence content is returned in each scan as additional power density spectral width, which
in some cases can be used to improve turbulence estifBatedard et al., 2013; Pefia et al., 2017)

The rosette scan patterns of the SpinnerLidar are completedi §a2d consist of 981968 measurement locations, some
of which areeliminated from the measurement domain when the focus distance falls below the surface of the ground. Within
each scan, the lidar samples at 100 MHz, and power spectra are calculated from sequences of 512 samples to yield 256 fa
Fouriertransformed binsso that the returned power spectrum for each measurement location is the average of ~400
consecutivespectraThe delay time between sample and GPS timestamp is less tlsan 1

Thed 0 "% calculated from the lidar spectra according to a wideband defined d§:Eq. (

60y 6 0 i (o4 (1)

whered¢ ¢ is the minimum or maximum liref-sightvelocity sensed by the lidar according to the subscript. For the lidar used

here,6¢ & iis 38.40 m/s and¢ %is 0.75 m/s (velocities lower than 0.75 m/s are removed due to high relative intensity noise
(Lindeléw, 2007). Practically, the integral in Eql)is evaluated discretely using trapezoidal integration over the bin width
of 0.15 nis.
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2.4. Pre-Processing

Our work compares estimated velocities from the lidar spectra to point measurements from the sonic anemometers for case
when the lidar beam passed within a certain distance of the anemometers. Several steps are necessary to enable an approp!

and meaningful comparison as described below.
2.4.1. Bin Selection

Similar toGottschall et al. (2012filtering of the 18minute bins for the present campaign was performed to isolate cases of
spedfic interest. Several filters were applied to alihihute-averaged bins. Bins without the lidar activated were disregarded,
as were bins with the yaw heading more thadf6fim zero since the lidar measurement volume would not overlap the
meteorologicatower for those cases. The wind direction was also constrained to be within a certain tolerance of the line of
sight of the lidar beam so that the lidar could resolve a significant component of the wind speed, and this toleradce was 30
and 6Q for the irflow and waked cases, respectively. For the inflow cases, which have a larger database than the waked case:
additional filters were applied requiring all five sonic anemometers to be functioning and limiting the maximum wind speed
to 6 m/s. This second netraint is imposed because the lower velocity cases are the ones for whididdlighretrieval
becomes most difficult in the presence of solid interference, which is a major focus of this article. Both inflow and waked
cases, however, were requirecheove maximum wind speed greater than 2 m/s.

The filtering resulted in 69 Xfinute bins for the inflow cases as showTable1 andfive 10-minutebinsfor the waked
cases as shown Table2. These data cover multiple seasons, spanning from January 16 to July 11, 2017. Data cover a range
of stability states of the atmospheric boundary layer (ABL) as can be inferred from the more than one order of magnitude
variation in standard deviation of wind speed, which corresponds to turbulence intensities be?@&efodTablel and 6
21% forTable2.

Table 1. Summary statistics of the 69 -bfinute bins used for the validation study of inflow data. Data sh
correspond to the sonic anemometer at 31.9 m. The values and0Q are the horizontalind speed anc
wind direction, respectivelylhe valug is the turbine yaw heading, which corresponds to clockwise rotation i

reference frame dfigure?2.

o] 0 0 0 i e — 0L'Q _ rr
0 i 0 i 0Q 0 Q
(m/s) (m/s) (m/s) (m/s) (m/s) o) O] o)
Minimum 2.69 -1.31 -0.26 2.82 0.08 165.01 0.94 346.98
Mean 4.56 0.18 0.02 4.63 0.42 177.81 5.25 347.06
Maximum 5.96 1.28 0.34 5.98 1.37 194.45 21.73 347.11
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Table 2. Summary statistics of the five {finute bins used for the validation study of waked data. Data shown
correspond to the sonic anemometer at 31.9 m. The values and\v'Q are the horizontal windpeed and
wind direction, respectivelyhe valug is the turbine yaw heading, which corresponds to clockwise rotation in

reference frame dfigure2.

0 0 0 0i _— 0Q B — rr
0 i 0 i 0LQ 0 Q
(m/s) (m/s) (m/s) (m/s) (m/s) ©) O O
Minimum -6.29 -3.27 -0.20 4.24 0.25 331.03 3.59 324.95
Mean -5.37 -1.07 -0.04 5.89 0.67 346.81 6.51 338.10
Maximum -4.02 2.96 0.11 6.84 1.07 386.83 9.41 378.55

2.4.2. Within -Bin Filtering

Within each bin scans were removed when the lidar was focused at distances otheiQffe®. 25e hominal distance to the
meteorological tower), when the sonic anemometers were malfunctioning, and whemaben®re than 2 m of separation
between the lidar beam path and the sonic anemometer dorth2.50 plane as described in the fming subsection. The
within-bin filtering resulted in net comparison timefkat least 355 and ldhinutes per sonic anemometer location for the
validation study of the inflow and waked cases, respectively (the small sample size of the waked casedisvilsbed
below).

Various levels of other filtering, or stinning, are also explored in Sectibito bin data on certain Qols. The highest level
of such sukbinning determines whether an individual return includes solid interference or not. This determination is performed
similarly to thethresholding techniqui be describeth Section3.1; a return is designated as having solid interference if the
first useable velocity bin of the spectrum lies above the threshdbe describedurther below(see Eq. 3)), which often
occurs when solid interference is present. Othestsnbing operations include those based on the fdér"ds well as on the
time-local standard deviation of velocity from the sonic anemometers. For the latter, calculations are ngadeursing
standard deviation with a window span corresponding to EBVHM (the relationship between time window span and probe
l ength is approximated by invoking Taylordés hypothesis
horizontal distances from the lidar focus point for any given lidar scan). Note that the resulting quantity is related to the
streamwise turbulence intensity by division of the streamwise velocity, but the absolute magnitude of the fluctuations in the
atmosphereare considered here to be more relevant than the conventional normalized quantity in the context of the

comparisons to be made below.

10



2.4.3. Spatio-Temporal Syncing

Once a 24 s scan window has been deemed valid for the validation analysis, a process isaaat tine exact scan indices
260 within each window when the lidar beam was pointed closest to each of the sonic anemdinetidsr beam position is
known in the coordinate system depictedrigure2 as described in Secti@h3. For the waked cases, the turbine yaw setting

was variable as indicaten Table2, which resulted in high variability of the closgmtssing scan indices within the rosette

11



scan pattern. For the inflow cases, the turbetérgy was usually fixed at 34,750 the closegpassing scan index was more
predictable. For all cases, the clogeassing scan index was only retained for this work if there was less than 2 m of separation
265 between the lidar beam path and the sonic anemometerdirthz 50 plane ashown inFigure3. Note that for scan indices

with T, the focus point of the probe volume is slightly offset fromdare-2.50 plane according tthe 2.8 radius of the

Sonic

_

anemomete

/
Laser

Figure 3. Rendering of WTGal and METal, where the former is yawedo 347 (i.e., nearly 180 from
the orientation shown inFigure 2) to cover the latter with the lidar scan pattern. Guy wires have been
removed for clarity. The valuet is the horizontal directional offset ofthe lidar beam from the -e axis,
and # is the elevation angle of the beam, which becomé$8.2], -11.6), 0.2], 11.7, and 22.@when the
beam is pointed at the center of the five respective anemometersat 10.1 m, 18.3 m, 31.9m, 454 r
and 58.3 m The maximum distance™® in the o 8 plane between the lidar beam and the cente:
of the sonic anemometer probéor the considered datais 2 m. Note that the lidar beam is thickened for

clarity; the actual beam diameter at the waist i2.7 mmfor the 2.5 focus point.

12



270

275

280

285

290

hemispherical scan geometry. Once the clegassing index is identified, the data from the nearby sonic anemometer is
interpolated cubically in time to the moment when the lidar beam sampled near it.

It is noted thathe above pocedure of comparing measurements between a stationary sensan@arstationarysensor
requires good temporal synchronization. The synchronization is accomplished with GPS timestamps on all sensors. The
synchronization accuracy then becomes a functioany delayoccurring between the dateapturing and timestamping
processesespecially for the nostationary sensorfFor thenonstationarySpinnerLidar, the delay of <1s introduces
negligible error in the perceived position of the beamit is moreghan three orders of magnitude smaller than the sample
period of each individual measurement location in the rosette pdtmrthestationaryultrasonic anemometers, the delay of

25-30 ms issmall compared to the timescales of the flow being resolyeldds8.45 mlidar probe volume.
2.4.4. Projection of Velocity Components

Although the lidar and sonic anemometer feature significantly different measurement volumes and thus can never be compare
to the highest degree of confidence, projecting the sonic anemiowadbcity data onto the line of sight of the lidar beam is
an important step to removing some of the uncertainty of the comparison. Projection was performed for each of thetfive closes
individual scan indices identified in Secti@mw.3. to produce the linef-sight velocity,6 , for each sonic anemometer
according to Eq.2):

6 Al QATO OELANO OEN 0 h 2)

0

where..is the horizontal directional offset of the lidar beam from -thaxis, and is the elevation angle of the beam
described byrigure3.

2.5. Time-Averaging Error

The uncertainty bands on the ensemble data shown at various instances in4Ssslti@ncorrespond to the statistical time
averaging error (i.e., random uncertainty) and are derived from 10,000 bootstrap resamples with a 95% confidence leve
(Benedict and Gould, 1996)

3. Retrieval Techniques

The three techniques fogtrievalof nacellemounted lidar data are described in this section.

13
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3.1. Thresholding

The thresholding techniquesed hereiris related to the conventional thresholding approaches givangelou et al. (2012)
andPefia and Bay Hasager (201Birst, a check is made on the magnitude of the first useable velocity bin of the spectrum,
and the return is rejected if this magnitude is the maximum among thé.binshe maximum over afl ), which often

occurs wherdominantsolid interference is present. Otherwise, the mean noise level in the spegtrugjand standard

deviation of noise, ; ; -gafe calculated over the last 100 binsad¢hspectrum similar t&imley et al. (2014)These last 100
bins are in the tail of the spectrum sufficiently away from the Rol (beyond the right eBmria1). The thresholded power

spectrumj g is then calculated from the raw spectriipnyia Eq (3):
g, h ©)

wheret is a tunable parameter for the numbey of -pakpve the noise floor of the desired threshold level. Negative values
of { ygare subsequently set to zero, and the spectral median is calculated according to standard practice as embodied in tl
MATLAB function medfreq , which defines the median frequgmas that which divides the spectrum into two equal areas.

As thresholding requires a degree of data loss, there exists a tradeoff between reduction in random error in a thresholde
timeseries due to rejection of spurious spectral noise and increaselamrand bias errors due to reduded “¥nd altered
skew of the distribution, respectively. The optimal value ofor CW lidar depends at least on the spectral width as described

in Angelou et al. (2012)and we choose an of five so that any signal above this threshold can conservatively be regarded

as from the wind rather than from noi{$tefia and Bay Hasager, 2013)
3.2. Advanced Filtering

The advanced filtering technig described biierges and Keyantuo (2018hd also implemented in this article buitdsthe
thresholding technique to maintain a greater data availability while reducing both random and bias errors. The technique
leverages thdidar spectral dta throughout an entirgcan (i.e., incorporatingformationfrom adjacent scan positiont)

isolate the velocity field of interest within the spectra, remove signals from solid returns, and reduce noise usingl a bilate
filter. The advanced filteringechnique was developed by matching known erroneous measurements within the lidar scan
rosette to patterns determined from feature identification within the Doppler spectral image, which includes the spectral
information throughout the entire scan. Thetdiea identification within the spectral image is used to identify and remove hard
targets, lowsignal returns, and returns from nearby stetionary wind turbine blades. An additional outlier detection was
developed as a twdimensional implementation ¢rfaditional despiking methods to catch remaining outliers within the scan
pattern. An overview of the technique is providezlow while Herges and Keyantuo (2018)plain the advanced filtering

technique in greater detail.
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A sinde 2-second examplmsettescan with 984oints, or scan indiceshownin Figure4, was chosen to describe how
the advanced filtering method warkand this method hold for all DTU SpinnerLidar data collected at the SWIFT site
including data with inflow variations in wind speed, turbulence, shear, veer, and aerosol particulate concetitratighsut
all focusdistanceg1.00h1.50, 2.00, 2.50, 3.00, 4.00, and 5.®@) andscanrheadmotor speed ratg&00, 1000, 2000 rpm)
This examplescan which was taken with the lidar and turbine in a different orientation fivathe rest of the articleyas
measuredvith a focus distance &O, or 135m, in the direction of alownstream turbiné.e., WTGaz2 inFigure2) that was
operating within the lidar field of viewnd a wake from the I idardés own turbine
Figure4 shows the unprocessed input to the advanced filtering technique. The figure inbkidpectral imagereated
after noise subtraction and rescaling from all 984 power spectral density distributions concatenated in time along the scar
index as shown ifa), seven example distributions from (a) plotted veésusin (b), and the rosette scan patternhwittitial
0 edimatesin (c). The advanced filtering technique primarily uses the data format of the spectral irrageéd(a), with
Figures4(b) and(c) includednhereto help interpret the information contained in the imdde differentine colorsdemarcate
theseven scan indices of interest; the indices were chosen to help demonstrate the advanced filtering technique across a wi
subset of return typgge., even widethan will be considered in the later sections of this paper seen irFigure4(c), the
indices of interest include example retsifom each of the followingthe undisturbed freestream of the atmospheric boundary
layer, the center of the Wa, the edge of the wakthe boresightthe ground, andhe rotating downstream rotor. Note that
Figure4(c) also shows aoutline of WTGa2 and the wakfom WTGal(in red) to give referencef what was physically

occurring at the locations in thean relativeo the seven example locations.
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Figure 4. Unprocessed Doppler spectrahown in three forms with tracking of seven example cases (indicated by the letters &

g.): (a) image of noisesubtracted and rescaled power spectral density,¥ H. . : ¥ 4. where ¥, 1,

Ho. 7;5 4+ o versusline-of-sight velocity,¢™ °; &nd (c) colormap of spectral median lineof-sight velocity,®™® °, bver the rosette

scan patternincluding the wake (as indicated by thered line and center dot)and relative location to thedownstream turbine.

In (c), «u::mand », ::marg the lateral and vertical coordinates, respectivelyof the lidar coordinate system.

Figure5 displays the effects of the primary steps of the advanced filtering technique on the seven éxarnptes. The

first step (i.e., movindpetweerFigure4(b) andFigure5(a)) was to remove the effea$the solid returns within the spectral
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340 image using a maskhe mask was created by proportionally projecting the signal strentfle &west velocity birinto
highervelocity bins. The values for the linear projection were determined empiraxadlyng be specific to a given lidar
device However, the values held for the SpinnerLidathis experimenthroughout all focus distance$he mask regions
were thenincreased to include two additional scan indices in both directisivgy the image processing technique of
morphological dilation to ensure the regions fully masked the effect gbtltereturnsThe regions within the spectral image

345 covered by the mask were zeroed out. Note that thedtighgth ground return portiasf the flow signab example was
removed while the lovstrength portion, returned from the aerosols, remains.

The next step in the technique (i.e., moving betw&gnre5(a) and (b)) includes a combination of filtering to remove shot
noise, thresholding, and identification of the Riblke latter of which includeiow information fromboth the atmospheric
boundary layer and wake. A weak bilateral filtehe effect of which &n be observed by comparing the noise in the wake

350 edge distribution betwedfigure5(a) and (b), is believed to be more effective and accurate at rgdimhnoise, as compared
to a onedimensional filter,because iutilizesthe Doppler information from surrounding measurement points within the
continuous flowfield. The Rol within the spectral image was created by preservimpibesubtracted and rescaldddppler
spectra above the threshold of 0.015. Smaller regiongeaftra outside the Rol remained because of noise values above the

thresholdor signal returns from rotating blades, and these regions were removed if they were not interconnected with the

(@) (b) (€)

1 —a: free stream

——b: wake edge
c: wake center

——d: non-stationary rotor
e: boresight

—f: ground

——g: low signal

LAF\A:/&AA,M\ A JMW\A&

0 5 10 150 5 10 150 5) 10 15
ulos (m/s) ulas (m/s) ulus (m/s)

K 05!

Figure 5. Traces of noisesubtracted and rescaled power spectral density,v H, . J’:] Lo versusO™ ° Where v Lo
. These casedemonstrate the progression of the primary advanced filtering steps: (a) removal of hard targets; (b) bilatdra

filtering, thresholding, and isolation of ROI; and (c) combined outlier detection method and low signal quality filter.

355 primary flowfield Rol, which is determined as the large regionititatsects the expectéd valuesThe thresholding value

L A bilateral filter is an edge preserving nonlinear filter that replaces the intensity of each pixel with a Gaussian weighted
average of intensity values from nearby pixels, which is a common filtering technique for reducing shot noise within images
(Phelppeau et al., 2008).
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was chosen empirically as a value that approaches zero without including regions of noise interconnected with the primary
Rol. Remaining invalid measurements from cases that are interconnétiettie flowfield Rolandhave a lowd 0 "dr are
interconnectedvith the rotating downstream rotor blades were addressed in subsequent steps.

Two additional filters were used in the final step (i.e, moving betWégure5(b) and (c)) to remove the remaining invalid
measurements. The first filter is a combination of two outlier detection méladdse used to capture the returns from
nonstationary dal targets when the flowfield among neighboring scan indices has similar velocities. The first outlier detection
method uses a spatially smoothed scan paittatris a timenveighted average @f |, calculated from the spectral median of
thed tracesn the filtered spectral imagwithin a sliding neighborhood to detect outliers from the difference between the
spatiallysmoothed scan and the unsmoothed patféra.second outlier detection method uthespeak prominencef the
noisesubtracted and rescal@dwer spectratiensityof the filtered spectral image at each scan pumirdgain isolatgeak
return signals from the operational rotor. The velocity difference smoothing and signal peak outlier detections were combined
to robustly capture the effect of the operational rotor at all focus distances, removing only data that qualified as owgliers usin
both detection methodand thus effectively removing the erroneous-stationary solid target§.he second filter applied
during the final step removesower spectra distributions with low signalality. This filter uses the reciprocal of a signal
quality metric of the filtered spectral imagadremovedow-quality casesn the gound regioras well axasesrom scans
with periads of reduced aesol within the atmospheric boundary layer.

Figure5(c) shows the final result of the example traces using the advanced filteringdirlethong only the Rols in the
freestream, wake center, and wake edge cdisen which the spectral median is calculated in the same way as with the
thresholding technique abavEhe figure also demonstrates the preservation of a wide distributioreafflsight velocities
within the probe volume when measuring the shear layer of the wake edge. The need for expert development of the abov
technique and potential difficulty in adapting to new types of signal returns is part of the motivation for dem¢lopthe

machine learning approach described next.

3.3. Machine Learning

The machine learning technique is an application of supervisathine learningegression via ensemble neural networks.
The approach follows from the otiene construction of a higimensional parametric database of synthetic lidar spectra. A
model of correspondence is then developed between the raw spectral shape and the Qol. The subsections below describe

neural network architecture, the training and testing approach, and jredimhfidence level.
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3.3.1. Architecture

The network architecture is depicted Rigure 6. The Output Qols
individual network architecture is six hidden layers with T
,'/\o_‘i&o
. - Q} v < DN
48 nodes each. Each node features a sijsyonmetric RS <.
transfer function, and model learning is based on mean &Q,@;?o .
S O )

squareerror evaluation and backpropagation usihg

LevenbergMarquardtmethod The input layer receives Network 2

Network 3

the spectral magnitudes of thiest 129 bins in the Network 4
L Network 5
spectrum, which correspond @ 6 © tange of 075
19.95m/s and ismore tharnwide enough to capture the .
® etc
Rol of all the cases studied below.
Ensembles of the individual networks are generated
Network 32

to increase the regression performance by addressing the
biasvariance trade off; the liatively large number of Input spectra
nodes in the individual networks produces low bias

estimates whé crossreferencing results frormultiple
networksattenuates the high variance associated w™"

o _ Figure 6. Depiction of the ensemble neural network structure. Note
such large individual networks. The ensemble traini

that input and output layers are omitted for clarity.
approach is a absical one obootstrapaggegaing
(often referred to as baggin¢Breiman, 1996) whered individual networks are trained by bootstrapping samples with
replacement from the training dataset such that the number of bootstrapped samples is the same as the tranifideata s
bagging approach has been found to be resistant to model misspecification and ov@rtitshigani, 1996) Typical values
of & are between 20 and 2QUibshirani, 1996)we used = 32.
Once the ondime training of the individual neural networks is completeg calculate theQol from the median output
of all ¢ individual networks in the ensemble. In our work to be shown below, the @ol jghoughit is also possible to

generate estimates for other Qols sucthaspectral standard deviation.
3.3.2. Training and Testing

The individual net wor ks are i mpl e me nraieNeéuratNetdorkt r afunctiend t hr
This function requires a training dataset, as well as a validation dataset to determine when to themmatel refinement

(i.e.,to determine when the model begins to lose generality and overfit the training data). A third dataset is isolated completely
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from the training process to test the final model for generality. The split of training, validation, and testing dét8,iando0,
15%, respectively.

The synthetic spectra to be used for the trainina.

validation, and testing of the ML model are generated fri - Fit Cases Rejected Cases
full-factorial parametric sweeps through a gridded sev Linear Fit - Line:w
dimensional space designed to replicate the range of spe ‘ ‘ '

P g P geotsp 14+ availability = 96%

shape parameters observed the field. The process of
replicating the range of observed shapes, which is descr 12
in Appendix A, is important since a trained model on 101
produces valid output if the input data fall within th

distribution of the training data. Related to this aspe: -

o8 Slmis)
0%

several limitations of the synthetic spectra database for -
effort to bear in mind are the bound on the peak promine
of the Rol, which igequired to bel, ; ; -cakpve’ , , .(Sge
Y 0.9982
®= 100+ 9.0019’

2 4 6 8§ 10 12 14

Appendix A or more on these two noise parameters), |

bound m ég 89'9 yhich is seto be no less thadm/s, and the

inclusion of only singlepeaked spectra (i.e., no double ©
peaked spectra often found at the shear layer of a w ég‘ls L,(@/s)

turbine wake). In addin to relaxing some of these Figure 7. Relationship between machingearning-
constraints, future efforts might also benefit from generat  predicted spectral median0F g 'and the true value 0 %5 o
synthetic spectra that satisfy not only the range but also ~ from the 13383 testing cases. The red data indicate
probability distribution ofthe statistics from the field data ~ Predictions with low confidence as explained in Section
The use of the ~58,000 training casand ~13,000

validation cases produces convergence of the-mman

3.3.3. Removing these datapoints, which was done befor
the regression fitting, leaves partial data availability as

) indicated. Note that the« e line is mosty obstructed
square (RMS) error calculated on the ~13,000 isolated tes

from view by the linear fit line.
casedo 0.141 m/sFigure7 shows the performance of th:
ensemble network on the testing cases where only the datapoints in gray, which represent the predictions with highes
confidence as explained in the next subsection, are used in the linear regression and RMS dat@mnsaldhhe magnitude
of the residuals is relatively constant with velocity except near the origin where the parameter estima@escan be
complicated by the presence of the inverse function as described in Appendix A.
The variance component of ernm neural networks often dominates the bias compof@eman et al., 1992and this

scenario is borneut even for our ensemble neural network, which has RMS error much larger than mean error. However, the
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variance error is still relatively low in the context of wind energy applications. In practice, the variance (and blzes) will

shown to be larger becsel of the presence of inhomogewsiithin the lidar probe volume.
3.3.3. Prediction Confidence

The ensemble strategy provides not only an estimate of a Qol via the median of the individual network outputs but also ar
associated estimate of the uncertainty of @ based on the distribution of the outputs from the individual networks. We
calculate the standard error of the ensemble estimat® &s p 7, where—is the standard deviation of the individual
network outputs. This approach, which benefits frombibetstrapping performed in the training process as described above,
was found to provide a better estimate of standard error from multilayer perceptrons than several other approaches reviewe
by Tibshirani (1996)and our own initial experience showed better performance with this approach than with one that trains a
separate ensemble on the residual errors of the first ensemble

In our implementation, we leverage the standard error to flag spectra that produce relatively large variation in the Qol
across the ensemble members. Specifically, we set a threshold of standard error of 0.09 m/s, above which data are rejected
unreliabk. This threshold provides an acceptable balance between data availabilyriandeerror based on a parameter

sweep applied on the synthetic datattetugh the tradeoff has not yet been studiethe experimental dataset

4. Validation Results

This sction presents the results of the validation study. Sedtibngives examples to demonstrate th&ievaltechniques
gualitatively, while Sectiong.2. and4.3. give the validation exercises for the inflow and waked cases, respectively. Due to

the larger sample size for the inflow cases, we dggnificantly more time analysing these cases.
4.1. Retrieval Examples

An example of an instantaneous comparison between a lidar return and sonic anemometer data isFsQore®.imhis
example case illustrates several features obséhvedghouthe full dataset.

First, the turbine is yawed at 3% as it was for all of the inflow cases, and the location of the five closest lidar scan indices
in Figure 8(a) relative to the five sonic anemometers is thus representative of most of the inflow cases, the only exception
being several tninute bins that wermeasured with the lidar mounted atoa-zeroyaw of1 15.1J, which caused the closest
lidar scan indices to fall at the plane of symmetry of the rosette scan pattern. For the handful of waked cases, yfaavturbine

setting was continuously variable, whited to a wider range of scan indices being used for the validation.
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Figure 8. Comparison of lidar processing techniques for a single 2 s inflow scan at 8:30 (local time) on February
9, 2017. In (a), the instantaneous location of the lidar scan pattern (in black) is overlaid on the met tower (in gra
with the scan location closest each respective sonic anemometer highlighted (in red). In (b), sbaicline-of-sight
velocity, 0", .',ﬂégpd lidar spectral median line-of-sight velocity,¢ g j_izpl;e plotted verses height, where the sonic
anemometer data has been temporally interpolated to the same instant as the lidar passifige uncertainty bands
indicate the sonicanemometer nst r ument 6 s quot ed u(g) shewtheandividualscaled@idab 1
spectra, W'Y, + Jwhere ¥y, , for each of the index locations in (a) and (b) where solid lines ) indicate
spectrd magnitude and vertical dashed lines-{) indicate the line-of-sight velocity estimatesSubfigures (c}(g) also
show the raw lidar spectra, which hae no corresponding entiesin (b) since the raw data precedeshe MFE
process.Note that the maximum valwe of subfigures (c)}(g) is always unity because the authorsisedthe scaled
version of the SpinnerLidar output; see Branlard et al. (2013) for context.
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In Figure 8(b), the velocity estimates of the sonic anemometer indicate a roughly logarithmic boundary layeaiptiofle

instant and the disagreemertetweend ando are congruous with our understanding of the lidar measurement
principles and processing. The smallest error between the two instruments occurs at the middle lidar location correspondin
to] T8 Jvhile thee is added error away from thissetting, both because the lidar probe volume samples through a
vertically nonhomogeneous ABL as well as because of truncation of the spectra at low velocities by the unusable bins at the
beginning of the spectra.

Insightto the comparison of the three lidatrievaltechniques irFigure8(b) is provided with the help of subfigures-(c)

(9), which show the spectral retgrior each index. In general, we find that the advanced filtering and machine learning
technigues have similar estimatesbof , while the thresholding technique shows significant deviations for indices 532
(Figure 8(c)) and 222 Figure 8(e)). As before irFigure 8(b), the thresholding technique gives no estimate whatsoever for
index 532 irFigure8(c) since the high magnitude of the first useable velocity bin flags this spectra as a full solid return, which
the thresholding technique therefore rejects as described in S@dtiorhis solid return is due to ground interference, which

is a common scenario for the scan indices with relatively large negdtkesindex 532, depending on the scattgrirehavior

of the laser at the exact location of intersection with the ground. For index ERfune8(e), the thresholding technique does

give an esthate, but the estimate is strongly biased because of a partial solid return. This return is due to interference from the
meteorological tower or sonic anemometer itself and is a common occurrence in our validation dataset because of the proximit
of the lidar scan to the meteorological tower, particularly fofl the @ Jndices. Both the advanced filtering and machine
learning techniques successfully ignore the signature of this solid interference and @stimatear tod

It is also worth noting the small differences in spectral shape between the thresholding and advanced filtering technique:
above the threshold limit, which are due to the bilateral smoothing process across adjacent scans of the advanced filterin
technique. The machine learning technique implicitly performs its own smoothing operation (without regard to adjacent scans),
but no visualization of this smoothing is possible since the machine learning technique generates no output spectra.

Next, we show samplerocessed data from dflinute bins irFigure9 that illustrate several points about the time series of
processed lidar dat&igure9(a) represents a bin with low turbulence intensity and one for vthich from the three lidar
retrievaltechniques tracks qualitatively well.Figure 9(b) shows a case of higher turbulence intensity, where all three
retrievalmethods again perform similarly wathough small discrepancies between methods are observighiee9(c) shows
a bin where solid returns produce a number of instants where none ofethrethievaltechniques yield an estimatéigure
9(d) is a wake case, and there are a handfinstdncesvhere the thresholding and machine learr@pgroaches again do not
produce estimates because of strong satdrnsfrom the meteorological tower. While the advanced filtering technique
produces higher data availability for this bin, a stronger bias is detected in these results for the estiwedasi3:14 and
03:16 than for the other two techniques. Note that the first half of the bin is removed from the comparison because the

separation between the lidar beam and sonic anemometerdn theg®O plane exceeds the 2 m tolerance.
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505 Other than thecases with solid returns, the agreement of all thieggeval methods with the reconstructed data is
qualitatively good. The following sections provide a more quantitative statistical perspective of the performance tfieach of

retrievalmethods.
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Figure 9. Time series comparisons aspectral median lidar line-of-sight Sonic anemometer
velocity, 0 g i%with the nearby sonic anemometer linef-sight velocity, Lidar (thresholding)
0% .',_ fqlrr four sample 10minute bins at scan index positions with# — Lidar (adv. filtering)
8 J. Subfigures (a)}(c) are inflow cases, and (d) is wake case. Faded Lidar (machine learning)

color indicates scans where the distance between the lidar beam and tt
center of the sonic anemometer in the = -2.5 plane was larger than
the 2 m tolerance. In the machine learning results, edfixo i nd i
removed reading due o low confidence as explained in Sectic®3.3 A
vertical gray line indicates an instant when none of the three of the

processing techniques returned a reading.
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4.2. Inflow Cases

This section contains the results from our analysis of the 69 bins with inflow cases descrielé1n First, we offer insight
on the trends in thiédar errors for the cases without and with solid interference, which have total return counts of 47,927 and

7,183, respectively. Next is a description of the practical significance of these trends for wind turbine applications.
4.2.1. Error Trends without Solid Interference

Considered first is the inflow data filtered to exclude any returns with solid interference present as described b &8&ction
Figure10 shows scatterplots of all such results differentiated by height for therdtrisvaltechniques. The similarity of the
three subfigures is expectedndall three techniques produce roughly the same mean and random error when no solid
interference is present. Notably, the data availability for the machine learning technid§tdower tharfor the other two
technigueqsee Sectior8.3.3. for the explanation)though this gap might bleelpedwith an improved machine learning
architecture and training scheme. While the overall performagtvecerthe three techniques ftiresecase of noninterfered
returns appears fairly similar, further analysis is warranted to better understand several nuanaescefléneounted CW
lidar retrievalproblem.

The sources of bias observedHigure 10 are several, though only oneliisely related tothe retrievaltechnique. This
retrievalrelatedbiassource is the truncation 8folsthat fall at least partially over the unusable velobitys at the beginning

of the spectra. This truncation will artificially increa®e for low velocities, which is indeed the trend observed comparing
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Figure 10. Instantaneous lidar lineof-sight spectral median velocity estimatesyg : i,+versus sonic anemometer linef-sight

velocity estimates9§: Y, f@r inflow cases without solid interference from the (a) thresholding, (b) advancedltiéring, and (c)

machine learning techniquesThe variation shown for the coefficient of determination vaIue—Ti , the linear fit slope,O , and the

linear fit offset, -H- correspond to the ranges observed across the fits at all five comparison heights

25
























