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Abstract. Wind turbine applications that leverage nacefleunted Doppler lidar arbamperedby several sources of
uncertainty in the lidar measuremeaffecting both bias and random eg:dfwo problems encountered especiallyriacelle
mounted lidaaresolid interference due to intersection of time of sightwith solid objectsehind, within, or in front of the
measurement volumas well asspectral noise due primarily to limited photon captiieesetwo uncertaintiesespecially

that due to solid interfence,can be reduced with higiidelity quality-assurancelguality-controH{QA/QBYcessinetieval

techniquedi.e., including both guality assurance/quality control and subsequent parameter estim@iamyvork compares

threeQA/QCsuchtechniquesincluding conventional thresholding, advanced filtering, and a novel application of supervised
machine learning with ensemble neural netwpbiesed on their ability to reduce uncertaimtyoducedby thetwo observed

norrideal spectral featureshile keeping data availability highThe approach leverages data from a field experiment involving

a continuousvave (CW) SpinnerLidar from the Technical University of Denmark (DTU) that provided scans of a wide range
of flows both unwaked and waked by a fielddime. Independent measurements froneaerlappechdjacenmeteorological
tower within the sampling volumpermit experimental validation of the instantaneous velocity uncerteentgining after

QA/QC retrievdproecessinghat stems fronsolid interferene and strongpectrahoise, whichis a validation thalhas not been
performed previouslyAll three methods perform similarly for nenterfered returns, but the advanced filtering and machine
learning techniques perform betténensolidinterference is presewhich allows them tproduceoverall standard deviations

of error betweer®.2 and 0.3 m/s, oa 1-22% improvement versuthe conventional thresholding techniqoeger the rotor
heightfor theunwakedcasesBetween the two improxktechniques, the advanced filtering produces 3.5% higher overall data
availability, while the machine learning offers a faster runtime (i.e, ~1 second to evaluatetheratfaremorecommensurate

with the requirements of reéime turbinecontrol. The QA/QC retrievaltechniques are described in terms of application to

CW lidar, though they are also relevant to pulsed liBagvious work by the autho(Brown and Herges, 202@xploreda
novel attempt to quantify uncertaingfterin the outputof a high-fidelity lidar retrieval techniqueQA/QC—precesaising

simulated lidar returnghis articke provides true uncertainty quantification versus independent measurement and does so for
threetechniquegather than on®A/QC-technigues
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Despite the continuing growth of wind energy technology, severdiislals of wind energy are still not matuféeers et aJ.
2019) Realtime control of turbines within the stochastic atmosphere and better understanding oftutbibéne wake
interactions represent two areas needing further advances and areas for which accufaatlsmsing around the turbine
is imperative. Such sensing is enabled through Doppler lidar instruments, and-nemetiied lidar, in particular, have made

35 recent inroads with applications in monitoring and confirtzrris et al., 2006; Mikkelsen et al., 2013; Sjoholm et al., 2013;
Simley et al., 2014; Simley et al., 20X8)dwakeaerodynamicsodel validationDoubrawa et a] 2020; Brown et al., 2020;
Hsieh, 2021) Continuing investment in such lidar technology includes efforts to reduce the uncertainty of wind field
measurements over the whole fi@tlview, which is critical for both forwarthounted lidar used in feedforward control
applications and reanounted lidar used in wakmeasurements fomodel validation. Uncertainties iprocessedidar

40 measurementdatastem both from the lidar linef-sight velocity,6 , readings themselves and framceuraciesmperfect
assumptionin modeling approaches for reconstruction of the velocity veétindelow-Marsden, 2009; Van Dooren, 2021)
This work focuses on quantification of the former, more fundamental source of lidar uncertainty that is present in all lidar

measuements regardless of any flow reconstruction approach that is later applied to the data.
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An example ofhe raw return from a linef-sight readingf a CW lidaris given inFigurel. The fastFouriertransformed
power spectral density, returned fromthe scattering alng the laser path is distributed across a range of Doppler shift
frequencies’Qwhich are related tineline-of-sight velocity according to _ Xz, where_is the wavelength of the laser.

Some aspects of the uncertaintydin have been found to be small for typicalinmercial and research lidsetups such as

the accuracy of the positioning of the line of sight it¢elérges et al., 2017nd beam motion during data capture (i.e., the
blurring effec} (Simley et al., 2014)Other aspects are well documented and can be quamdifieid "Qthriotigh virtual lidar
techniques. Most notably, theresignificant broadening of the lidar spectra (and thus alteration gfrtlieessedjuantities of
interestymean-and-fluctuating-components-of-the-time-serigs-of from flow inhomogeneities such as mean gradients and
turbulence within the measurement voluStawiarski et al., 2013; Simley et al., 2014; Wang et al., 2016; Forsting et al.,
2017; Sekar et al., 2020yhis broadening, which is also a function of the-irfiesight weightingdistribution for a CW lidar,

is observed as the width of the region of interest

i (Rol) in Figure 1. On the other hand, we find

» several error sources ithe measured lidar

q,e/? Raw spectrum
o/

results whose impact cannot be known

@%,, ®n i1 "Q¢ Th&e sources are due to spectral

features embedded in the lidar signal that stem

@O?‘
&/ .
/7. both fram instrument erragr and from non

aerosol returns as shownhigurel, and these
are especially prevalent for naceiteounted
lidars as described below.

Amplitude noisein the spectrunof a CW
e Doppler liday which is depicted by the
localized peakss-well-as-the-presence-of-a flat
neise—fleor{Harris—etal—2006)n Figure 1,

results in a loss of precision (i.e., larger spread

]
i— | +Random error
Bias erremp '«

o

Figure 1. Example of a power spectral density, ¥ distribution versus line-  from the true value) in the velocity estimation

of-sight velocity, 0™ Y of a raw_CW lidar return illustrating the from the Rol. The intensity of the noise, which
contamination of the region of interest (Rol) by solid interference and  tor modernlidar is due primarily to shot noise

amplitude noise. The raw geometric median contains bias error due to the (Pefia and Baylasager, 2013 lependsn part

solid interference as well as random error due to the amplitude noise . .
on the rangeesolved intensity of the

backscatter(Liv—et—al,—2006) Therefore,

Figure adapted from Brown and Herges (2020).

75 appropriate shemoise error analyses ghid account for the unique noise content observed in each lidar return, which cannot

be determinea priori (Simley et al., 2014)A particular configuration of interest to our workdgastscanning (i.e., ~500
Hz) CW lidaras-havéhat hasheen mounted on turbine nacel{&bholm et al., 2013; Mikkelsen et al., 2018)ne drawback

3



80

85

90

95

100

105

110

of this configuration, however, is that the high temporal resolution tradesshittier averaging times that yield higher
instrument error due tow earriercarrierte-to-noise ratiop 0 "YAngelou et al., 2012)
Interference from solid surfac#satintersect the probe volume introdseesource of bias in lidar readings, and the severity
of the interfeence again cannot be determirgegriori. For nacellemounted lidarsuchinterferences common andtems
from the surrounding terrain, optical windows (i.e., boresight interference, which occurs near the center of the field of vie

for the SpinnerLidaconfiguration(Brown and Herges, 2020)hen thdine-of-sightis normal to theveatherization windo)y

neighboringt ur bi nes, met eorol ogical t ower s, foravardfacinghidar ntountecbon n e 6 s
the top of the nacelle (rather thanthe spinner)A characteristic spike shape in the Doppler return near zero velocity indicates
the presece of solid interference.

The firsttacticagainst spectral noise and solid interferencgiisity assurance/quality contf@A/QC) processing. In the

context of norstationary atmospheric measurements, the most simplistic QA/QC approach is threstfoidieigu et al.,
2012; Peé and Bay Hasager, 2018here spectral bins withmagnitudes less than a specified threshold are nulled (if no
signal remains below this threshold, then the lidar data can be refEotidich, 1996). Noise variance can be redu&gnal

strength-can-be-inereashyl accumulating the spectra over mpikti laser pulses along a single line of sigtte and Hardesty,
1993) and this approach has become mainstream in both pulsed and CW lidar technologies. Conversely, if the spectrum peak

magnitude is too high, the data may be rejected ogritnends that a solid return has been captured. Rather than reject such a
solid return outrightGodwin et al. (2012)vorked to mitigate ground interference bias for airborne pulsed lidar, though their
approach was admittedly subject to a large degree oéatidify in defining certain thresholds and was also unable to handle
wind speeds near the interference veloditgrges and Keyantuo (2018¢veloped another technique that employs a-user
defined set of filters to carefully estate the bounds of the Rol, thus removing the impact of features due to solid interference
and spectral noise away from the Rol.

The next step in lidaprecessingetrievalis the mean frequency estimation (ijearametetestimation of the Doppler
frequency shift, whiclyieldsthe lineof-sight velocityestimat¢. Mean frequency estimators (MFEs) have long been studied
for radar and lidar applications including recent work with parameter estimation on spectra fréioufeesttransformed
signals. Specific to pulsed lidar measuremedmsnbard et al. (20163xamined five such estimators including the maximum,
centroid, matched filter, maximum likelihood, and polynomial fit MFEs ouhd that all estimators save the first offer
suitable accuracy compared to the theoretical ideal performance of the @GRaméower bound. Specific to CW lidar
measurements$jeld and Mann (2018xamined the maximum, ceatd, and 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 estimatorwisedenergy.

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 deviatifiddjieup, 1993; Vickers and
Mahrt, 1997; Newman etl.a2016) or interquartile range filte(Hoaglin et al., 1984; Wangt al., 2015) Leveraging

assumptions related specifically to lidar configuratiofsrsting and Troldborg (2016)escribe a finitedifferencebased
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despiking technique that importantly considers spatial as well as tehgradientsBeck and Kuhn (2017ntroduced an
adaptive filtering technique, though it relies on the assumption eéiseilar flow over a span 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 amplitusieana
solid interference but involve a degree of subjectivity in defining certain processing parameters. While appropriate selectio
of these parameters can be found for specific conditions and Doppler return shapes, there does not exist a universal set
optimal parameters even for the selection of the simple noise thrg#rajélou et al., 2012; Gryning et al., 201@)hich
makesthe application of the droising techniques prone to ovar underestimating QolsWorking towards a solution,

Brown and Herges (202@uantified residual uncertainty in Qdl®m a full retrievalafterthe QA/QC procesdechniqueby
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, however, is experimental validation against an independent
measuremen In terms of validation of the uncertainty of lidar techniques, most work has been performed-aneraged
samples, typically over a Ifiinute window as specified in the industry standard for power performance assessment
(Commission, 2005)For instanceSmith et al. (2006)Albers et al. (2009)Slinger and Harris (20120ttschall et al. (2012)
Hasager et al. (2013)Vagner and Bejdic2014) Giyanani et al. (2015)ndCariou et al. (20133l compare lidarderived
velocities to traditional anemometderived velocities over Xfinute bins, often returning regression slopes and coefficients
of determination within 0.01 of unity.

For turbine control and model validation purposes, however, the uintgdéinterest is the instantaneous one, for which
values are significantly larger and the volume of previous work is significantly sm@bertney et al. (2008)eported
instantaneous errors betweenlooated lidar probe volumes and cup anemométehsvestandard 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 speedis. A win
tunnel experiment byan Dooren et al. (20219howed instantaneous velocity from alooated lidar probe volume and
hotwire anemometer witboefficients of determination muamallerthan the 1@minuteaveraged results above (i.8% v
'Y 1@ 0. As Pedersen and Courtney (20219r instance have shown that the standard error in Hogsight velocity
measured versus a hard target for a CW lidar is on the order of 0.1%,itheauece of errors observed Bpurtney et al.

(2008) and Van Dooren et al. (20213 understood tde flow inhomogeneity and amplitude noigeither of theseases
includedsolid interference effects

Like these last studies, this article considestantaneous data from CW lidars in the face of flow inhomogeneity and
amplitude noiseln contrast tahe previous work, our work explicitly compares the uncertainty of severabesnd QA/QC
retrievaltechniques and does so over a wider range of flows and lidar return types than has been done previously. Specifically,
we examine flows that are both uaked and waked by a field turbine, including those where the specific Raxeiteted
lidar problems of solid interference and amplitude noise pregeantiaularchallenge. The objective e bound the achieved
uncertainty in each of thestrieval techriquesQA/QCprocessefor the most common Qol: the spectral (i.e., geometric)

median lineof-sight velocity,6 . To evaluate the efficacy of the interference and noise rejection processes, we @dompare
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to corresponding values measured from a meteorological towlecated with the lidafocuspoint while also tracking data

availability associated with theifferent retrievaltechniques

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 higkidelity precesingetrievaltechniquesThe
study compares the accuracyoof as processed from measured lidar spectra in three parallel ways: (1) with the conventional
thresholding technique, (2) with the advanced filtering techniqueenes and Keyantuo (2019&nd (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, tleverview of the demonstration experiment isegiin Section 2, followed byhe
methodology underlying the thremocessintetrievaltechniquesn 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 case for the lidgsrocessintetrieval techniques is derived from data at tBealed Wind Farm Technology
(SWIFT) facility in Lubbock, Texas, USA as illustratedriimure2Figure2. The site features level terrain with minimal surface
roughness, and characterization of the atmospheric conditions is gilkefley and Ennis (2018)ith recent benchmarking

and validation activities given iBoubrawa et al. (202@ndHsieh (2021)
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Each of the three V27 wind turbine
rotors on the site are 27 m in diamet@y, ‘ Lidar scan
and have hub heights of 31.5 m. Tw geometries
meteorological towers are positione
250 ahead of the frontline turbines
relative to the prevailing wind direction a
shown in Figure 2Figure-2. Data were
taken with the lidar scanning over th
meteoplogical towers both with the
rotors stationary and with the WTGa
rotor operating, and we hereafter refer
these cases as timlow andwakedcases,
respectively. These data derive from
20162017 test campaign, most of th
data for which has been ealsed into the
public domain through the A2e Dati
Archive and Porta(2019)

2.2. Ultrasonic Anemometers

SATI Series OAO0 s Figure2 (a) Rendering of the SWIFT facility in Lubbock, Texas, USA. The
anemometers from ATI Technologies nacelle of WTGal was outfitted with a rearmounted DTU SpinnerLidar,
Inc. are locatedt 10.1 m, 18.3m, 31.9 m  which scanned theflow at different focus lengths according tathe rosette

45.4 m, and 58.3 rabove the ground on patternsshown in red. Rendering from Doubrawa et al. (2020)(b) Planform

the METal and METb1 meteorologice
towers.The boons are due west (23t coordinate system dfigure2Figure2) of the tower The anemometers sample data

view of the site whererr = 27 m.Adapted from Herges and Keyantuo (2019).

at 100 Hz and measuée ,0  , andd , which are the velocity components in the site reference frame according to
the coordinate system éfgure 2Figure2. The manufacturequoted accuacy of thed andv components is 0.01
m/s. The total uncertainty of therizontal winddirection measurement derived from the sonic anemometers is estimated at

1.22). There is an estimated 23 msdelay from the end of each sampietil whenthe GPS timestamp is appliéice., ~20

msinternal delay in the instrumeahd 67 ms serial delay).

Occasional spurious spikes in the signal are removed iprpeessing using a median absolute deviation filter with a
length of 10,000 data pus, or 100 seconds. Data 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 upesssinaipg
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piecewise cubic interpolation @xss any spans of data up 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 kéme correction was made for the presence of the tower or anemometers in this

study.
2.3. Laser Anemometer (Lidar)

Scans from the DTU SpinnerLid&Bjoholm et al., 2013nounted on WTGal will be considered below. Thenbg@ainting
accuracy of the instrument is not quantified exactly, but the pointing direction has been verifiedraigtd 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.hEselgzans

of interest were focused 26rom WTGal. At this focus length, the fullidth halfmaximum (FWMH) averaging length of

the beam is 8.45 m as dedithby a truncated Gaussian weighting function. Integrating the weighting functioa everth of

16 FWHM centered around this focus lengthvresponds-toaptureover 99% of thearea under thfull weighting function
along-the-beam-patseeDebnath et al. (2019pr more information. The probe volume averaging acts as @&ss fiter for

the timeseries ad  from the lidar, but the filtered smadtcale turbulence content is returned in each scan as additional power

density spectral width, which in some cases can be used to improve turbulence e§Braatasd et al., 2013; Pefia et al.,
2017)

The rosette scan patterns of the SpinnerLidar are completed #nad consist of 984968 measurement locations, some
of which are eliminated 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 518 geahipRE5 fast
Fouriertransformed bins so that the returned power spectrum for each measurement location is the average of ~400

consecutive spectrahe delay time between sample and GPS timestamp is less ftisan 1

Thed 0 "¥% calculated from thidar spectra according to a wideband defined asq: (

60y ¢ ) 0 P [94) (21)

where6? ¢ is the minimum or maximum linef-sight velocity sensed by the lidar according to the subscript. For the lidar used
here,6% & lis 38.40 m/s andd 4,is 0.75 m/s (velocities lower than 0.75 m/s are removed due to high relative intesisity

(Lindeldw, 2007). Practically, the integral in Eq2Y) is evaluated discretely using trapezoidal integrativer the bin width

Of 015 msé—é— e e e ering-technigue outbut snectra since this provid esS a more
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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 cases
when the lidar beam passed within a certain distance of the anemometers. Several steps ajetoeressa an appropriate

and meaningful comparison as described below.
2.4.1. Bin Selection

Similar toGottschall et al. (2012Jiltering of the 16minute bins for the present campaign was penfat to isolate cases of

specific interest. Several filters were applied to alhliButeaveraged bins. Bins without the lidar activated were disregarded,

as were bins with the yaw heading more thadféi@m zero since the lidar measurement volume wouldaverlap the
meteorological tower 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 totes&ac

and 6Q for the inflow and waked cases, respectively. For the inflow cases, which have a larger database than the waked cases,
additional filters were applied requiring all five sonic anemometers to be functioning and limiting the maximumeeithd sp

to 6 m/s. This second constraint is imposed because the lower velocity cases are the ones for wiadlithigh

processintetrievalbecomes most difficult in the presence of solid interference, which is a major focus of this article. Both

inflow andwaked cases, however, were required to have maximum wind speed greater than 2 m/s.

The filtering resulted in 69 XMinute bins for the inflow cases as show(T @ble 1Fable-andsixfive 10-minutebinsfor [Formatted: Font: Not Bold
the waked cases as showrliable 2Fable-2 These data cover multiple seasons, spanning from January 16 fd,Jag17. [Formaned: Font: Not Bold
Data cover a range of stability states of the atmospheric boundary layer (ABL) as can be inferred from the mozeritien
of magnitude variation in standard deviation of wind speed, which corresponds to turbulence intensities b28#efor 1
TablelFableland 621% forTable2Fable2 [Formaned: Font: Not Bold

[Formatted: Font: Not Bold

Table 1. Summary statistics of the 69 -b@inute bins used for the validation study of inflow data. Data sh
correspond to the sonic anemometer at 31.9 m. The values and0'Q are the horizontalvind speed anc %EZ::ZZEZ; ::Z:: Not Italic
wind direction, respectivelyThe valu€ is the turbine yaw heading, which corresponds to clockwise rotation i [Formaned: Font: Not Italic
reference frame gfigure2Figure-2 [Formaned: Font: Not Italic
¢} 0 0 0i - 0Q - I [Formatted: Font: Not Italic
ol ol vo va [Formaned: Font: Not Italic
[(mis) | [mls) (mis) | [m/s) Am/s) el A yoi [Formatted: Font: Not Italic
Minimum 2.69 -1.31 -0.26 2.82 0.08 165.01 0.94 346.98 [Formatted: Font: Not ltalic
Mean 456 0.18 0.02 463 0.42 177.81 5.25 347.06 %EZ::Z:ZZ EZ:: :Z: ::::z
Maximum 5.96 1.28 0.34 5.98 1.37 194.45 21.73 347.11 [Formarred: Font: Not Italic
[Formatted: Font: Not Italic




Table 2. Summary statistics of thexfive 10-minute bins used for the validation study of waked data. Data showr
correspond to the sonic anemometer at 31.9 m. The vafues andv Q are the horizontal windpeed and wind

direction, respectivelyThe valug is the turbine yaw heading, which corresponds to clockwise rotation in the

| reference frame gfigure2Figure 2 ( Formatted:  Font:
o D) 0 Ui - 0'Q - re
0i 0 i 0 Q 0Q
Am/s) Am/s) Am/s) Am/s) Am/s) ye yo} D : Formatted: Font: Not Italic
Minimum -6.29 -3.27 -0.20 4.24 0.25 331.026:83 3.59 324.95 Formatted: Font: Not Italic
Formatted: Font: Not Italic
| Mean -5.37 -1.07 -0.04 5.89 0.67 346.8274.81 6.51 338.10
Formatted: Font: Not Italic
‘ Maximum -4.02 2.96 0.11 6.84 1.07 386.83842.46 9.41 378.58:8-55 Formatted: Font: Not Italic

Formatted: Font: Not Italic

2.4.2. Within -Bin Filtering Formatted: Font: Not Italic

Formatted: Font: Not Italic

245 Within each bin scans were removed when the lidar was focused at distances otheiQlfae. 2t5e nominal distance to the Formatted: Font: Not ltalic
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(
[Formatted: Font: Not Italic
(
(
(
(
(

Formatted: Font: Not Italic

meteorological tower), when the sonic anemometers were malfunctioning, and whenabenore than 2 m of separation

between the lidar beam path and the sonic anemometer drth2.50 plane as described in the following subsection. The

within-bin filtering resulted in net comparison timefsat least 355 and lshinutes per sonic anemmeter location for the

validation study of the inflow and waked cases, respectively (the small sample size of the waked cases will be discussed
250 below).

Various levels of other filtering, or stiinning, are also explored in Sectidto 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 the thresholding techniquebe describeith Section32.1; a return is designated as having solid interference if the

first useablerelocity bin of the spectrum lies above the thresholdedescribedby-Eq-—&)further below(see Eq.J)), which

255 often occurs when solid interference is present. Othebsuting operations include those based on the 6dér 4s well as
on the tine-local standard deviation of velocity from the sonic anemometers. For the latter, calculations are made using a
running standard deviation with a window span corresponding toA\WHM (the relationship between time window span
and probe length is approwiat ed by invoking Taylords hypothesis to translate the time st
reading to horizontal distances from the lidar focus point for any given lidar scan). Note that the resulting quasatiedis rel
260 to the streamwise turbulence ingéty by division of the streamwise velocity, but the absolute magnitude of the fluctuations in
the atmosphere are 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 is used to isolate the exact scan indices

265 within each window when the lidar beam was pointed closest to each of the sonic anemdmetkdsr beam position is

known in the coordinate system depictedripure 2Figure2as described in Sectich3. For the waked cases, the turbine [Formatted: Font:

yaw setting was variable as indicatedlimble 2Fable-2 which esulted in high variability of the closegaissing scan indices [Formatted: Font: Not Bold

11



within the rosette scan pattern. For the inflow cases, the turbine setting was usually fixed] st 8 closegpassing scan

index was more predictable. For all cases, the clgsesting scan index was only retained for this work if there was less than

270 } 3 [ Formatted: Font:

Sonic

anemometer

!
Laser

Figure 3. Rendering of WTGal and METal, where the former is yaed to 347 (i.e., nearly 18 from
the orientation shown inFigure 2Figure-2) to cover the latter with the lidar scan pattern. Guy wires have
been removed for clarity. The valud- is the horizontal directional offset of the lidar beam from the-e
axis, and# is the elevation angle of the beam, which becomé48.2, -11.6J, 0.2}, 11.7J, and 22.@when
the beam is pointed at the center of the five respective anemometers)at 10.1 m, 18.3 m, 31.9 m, 45.
m, and 58.3 m The maximum distance® in the o 8 pplane between the lidar beam and the
center of the sonic anemometeprobe for 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.
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to the 2.8 radius of the hemispherical scan geometry. Once the clpassing index is identified, the data from the nearby

sonic anemometer is interpolatecbaally in time to the moment when the lidar beam sampled near it.

It is noted thathe above procedure of comparing measurements beteveggtionary sensor anchan-stationarysensor [Formaned: Font:
requires_goodemporalsynchronization The synchronization is accotfighed with GPS timestampsn all sensors. The [Formatted: Indent: First line: 0.2"
synchronization accuracy then becomes a function of any deleyrring betweenthe datacaptuing and timestamping [Forma“e": Font:
processesespecially for the nostationary sensorFor thenonstationary SpinnerLidar, te delay of <1 ‘' s introduces
negligible errorin the perceivedposition of the beamas it ismore than three orders of magnitude smaller than the sample
period of each individuaheasurement location in the rosette pattEorthe stationaryultrasonic anemometers, the delay of
25-30 ms issmall compared to the timescales of the flow being resdlyatie8.45 mlidar probe volume. [Formatted: Font:

2.4.4. Projection of Velocity Components

Although the lidar and sonic anemometer feature significantly different measargolumes and thus can never be compared

to the highest degree of confidence, projecting the sonic anemometer velocity data onto the line of sight of the lidar beam i
an important step to removing some of the uncertainty of the comparison. Projezsiperformed for each of the five closest
individual scan indices identified in Secti@4.3. 3.4.2-to produce the linef-sight velocity,0 , for each sonic

anemometer according to EG2J:
) AT QATO OEILANG OEN 0 h (32
]

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

‘+-are-the-angles-definexs describeby Figure3Figure3.

2.5. Time-Averaging Error

The uncertainty bands dhe ensemble data shown at various instances in Set¢ti@tow correspond to the statistical time
averaging error (i.e., random uncertainty) and amévelé from 10,000 bootstrap resamples with a 95% confidence level
(Benedict and Gould, 1996)

3. RetrievalPrecessingTechniques

The three techniques fQA/QC processintetrievalof nacellemounted lidar data are described in this section.
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3.1. Thresholding

The thresholding techniquesed hereiris related to the conventional thresholding approaches giv&ngelou et al. (2012)
andPefia and Bay Hasager (201Bjrst, a check is made on the magnitude of the first useable velocity bin of the spectrum,

and the return is rejected if this nmayide is the maximum among the bifig., the maximum over afi ), which often

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

deviation of noise, ; ¢ gate calculated over the last 100 binseafchspectrum 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 eBgriaf1). The thresholded power

spectrumj sq is then calculated from the raw spectriimyia Eq (13):
ig 0 g, h (a3)

wheret is a tunable parameter for the numbey of -qakpve the noise floor of the desired threshold level. Negative values
of i gare subsequently set to zero, and the spectral median is calculated according to standard practice as embodied in the
MAT LAB function medfreq , which defines the median frequency as 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 thresholded
timeseries due toejection of spurious spectral noise and increase in random and bias errors due todedugad altered
skew of the distribution, respectively. The optimal valué ofor CW lidar depends at least on the spectral width as described
in Angelou et al. (2012)and we choose dn of five so that any signal above this threshold can conservatively be regarded

as from the wind rather than from noid®efia and Bay Hasager, 2018)}this-casewe-daotapplyany-correctionforthe
) o ing.

3.2. Advanced Filtering

The advanced filtering technig described bierges and Keyantuo (2018)d also implemented in this article buisthe
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 positiong)

isolate the velocity field of interest within the spectra, remove signals from solid returns, and reduce noise usimgl 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. Thediea identification within the spectral image is used to identify and remove hard
targets, lowsignal returns, and returns from nearby 1stetionary wind turbine blades. An additional outlier detection was

developed as a twdimensional implementation afaditional despiking methods to catch remaining outliers within the scan
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pattern. An overview of the technique is provideglow while Herges and Keyantuo (2016xplain the advanced filtering
technique in greater detail.
FheA single 2second examplesettescan with 984oints, or scan indiceshownin Figure4(a), was chosen to describe

how the advanced filtering methodrks, andthis method hold for all DTU SpinnerLidar data collected at the SWIFT site [Formaned;

Not Highlight

including data with inflow variations in wind speed, turbulence, shear, veer, and aerosol particulate concethtratighsut
all focusdistanceg1.00M1.50, 2.00, 2.50, 3.00, 4.00, and 5.) andscarheadmotor speed ratg®00, 1000, 2000 rpm)

This examplescan which was taken with the lidar and turbine in a different orientation fhriathe rest of the articleyas

measuredvith a focus distance &O, or 135m, in the direction of alownstream turbiné.e., WTGa2 inFigure 2Fi [Formaned;

Not Highlight

that was operating within the lidar field ofvimwmn d a wake from the | idardéds own tu [Formatted:

Not Highlight

Figure4 shows the unprocessed input to the advanced filtering technique. The figure inblidesctral image created [FOfmaﬁedi

Not Highlight

after noise subtraction and rescaliingm all 984 power spectral density distributions concatenated in time along the scan

index as bown in(a), seven exampldistributions from (aplotted versu® _in (b), and the rosette scan patteiith initial

6 _edimatesin (c

as-shewn-in-{c)The advanced filtering technique primarily uses the data format of the spectral intfageréw(ca), with

Figures4(ab) and (bc) includedhereto help interpret the information contained in the imabiee differenttline colors

orrespond-betweemach-of the-three subfiguraesd-indicatdemarcate thgevenscan indices of interest; the indices were

chosen to help demonstrate the advanced filtering technique across a wide subset of ret{ir tygves widethan will be
considered in the later sections of this pjp@s seen irFigure4(ac), the indices of interest include example resfrom
each of the followingthe undisturbed freestream of the atmospheric boundary layer, the center of the wake, the edge of the

wake, the boresightthe ground, andherotating downstream rotor. Note tHeéigure4(ac) also shows aoutline of WTGa2 [Formatted:

Not Highlight

and the wake from WTGa(n red) to give referencef what was physically occurring at the locations in ttensrelativeto

the seven example locations.
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g = L)
y : vely ystem(a) image ofnoise-subtracted and rescaled
power spectral density, v H. . ¥ 4. Where v, i(b) Y H . ¥y 1. versusline-of-sight velocity, 0™ *; ¥

and (c) colormap of spectral median lineof-sight velocity,¢™ °, Yover the rosettescan patternincluding the wake (as indicated
by the red line and center dot) and relative location to thedownstream turbine. In (c), « o -é;r;g w o marg the lateral and

vertical coordinates, respectivelyof the lidar coordinate system.

Figure 5Figures displays the effects of the primary steps of the advanced filtering technique on the seven éxample
traces. The first step (i.e., moving betwéegure4(b) andFigure5Figure5(a)) was to remove the effects of the solid returns
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within the spectral image using a ma¥ke mask was created by proportionally projectimg signal strength dbe lowest

350 velocity bininto highervelocity bins. The values for the linear projection were determined empiraadlynay be specific to

a given lidar deviceHowever, the values held for the SpinnerLidathis experimenthroughait all focus distancesrThe [Formaned: Not Highlight

mask regions were thenereased-horizontally-by 2 pix@isreasedo include two dditional scan indicem both directions
using the image processing technique of morphological dilation to ensure the regions fully masked the effeszilidf the

returns The regions within the spectral image covered by the mask were zeroed out. Note thatstremggh ground return

355 portionof theflow signab example was removed while the lestrength portion, returned from the aerosols, remains.

| The next step in the technique (i.e., moving betwegnre S5Figure5(a) and (b)) includes a combination of filtering to
remove shot noise, thresholding, and identification of the fRel latter of which includes flow information froboth the
atmospheric boundary layer and wake. A weak bilateralfiltee effect of which can be observed by comparing the noise in

| the wake edge distribution betweliyureSFigure5(a) and (b), is believed to be more effective and accurate at reducing shot

360 noise, as compared to a edinensional filterbecause ittilizesthe Doppler infomation from surrounding measurement
points within the continuous flowfield. The Rol within the spectral image was created by preserimgdheubtracted and
rescaled)Doppler spectra above thermalizedthreshold of 0.015. Smaller regions of spedtdside the Rol remained
because of noise values above the thresbokignal returns from rotating blades, and these regions were removed if they

(@) (b) ©

1 ——a: free stream
——Db: wake edge
~ c: wake center
——d: non-stationary rotor
e: boresight
——f: ground
——g: low signal

VW\MT/L\\A A

5 10
ul*® (m/s)

AL

5 10
ul*® (m/s)

5 10 150 15
ul’® (m/s)

Figure 5. Traces of noisesubtracted and rescaledrermalized-power spectral density, ¥ H . - J¥, L. versus¢®® Where

Yie . These casedemonstrate the progression of the primary advanced filtering steps: (a) removal of hard targets
(b) bilateral filtering, thresholding, and isolation of ROI; and (c) combined outlierdetection method and low signal quality

filter.

were not interconnected with the primary flowfield Rol, which is determined as the large region thattstbesexpected

1 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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6 values.The thresholding value was chosen empirically as a value that approaches zero without including regions of noise

interconnected with the primary R&emaining invalid measurements from cases that are interconnectetevitovifield

Rol andhave a lowd 0 "9r areinterconnecteavith the rotating downstream rotor blades were addressed in subsequent steps.
Two additional filters were used in the final step (i.e, moving betviégme5Figure5(b) and (c)) to remove the remaining

invalid measurements. The first filter is a combination of two outlier detection methgdse4-(a)-and-(b))and-the-secend

ien-methetlsatare used to capture

the returns from nonstationary solid targets when the flowfield among neighboring scan indices has similar velocitists. The fi
outlier detection method uses a spatially smoothed sd#erpas——-that is a timeweighted average @f , calculated

from the spectral median of tike tracesin the filtered spectral imagwithin a sliding neighborhood to detect outliers from

the difference between the spatlasﬂmoothed scan and the unsmoothed paftern—6——-as-inFigured(a). Fhefiltered

he-example

invalid

step-Figure4(b)-shewdhe second outlier detection method uthepeak prominencef thenoermalizednoisesubtracted and

rescalechower spectratiensitypeak-prominengei————ji—hof thefiltered spectral image at each scan paint
again |so|ate49&+n—th&peak return S|gnals from the operatlonal rotore—clear.—A—thresheld—of -the -mean

iersThe velocity

difference smoothin@nd 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 outliers using both detection raethibus effectively removing

the erroneous nestaionary solid targetsThe second filter applied durirtge final step removegsower spectra distributions

with low signal guality. This filter uses the reciprocal of a signal quality metric of the filtered spectral ievagethe

ilter removesow-quality the bright valuesases
in the gound regioref-Figured(c)-and-also-removesluess well acasefrom scans with periods of reduced arowithin

the atmospheric boundary layerhich-are-not-ebserved-in-this-example-scan
Figure5SFigure5 (c) shows the final resulif the example traces using the advanced filtering method, leaving only the Rols

in the freestream, wake center, and wake edge daseswhichthe spectral median is calculated in the same way as with the

thresholding technigue abavEhe figure also dmonstrates the preservation of a wide distribution ofdifigight velocities

within the probe volume when measuring the shear layer of the wake edge. The need for expert development of the above
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technique and potential difficulty in adapting to new typesignal returns is part of the motivation for development of the
machine learning approach described next.

60 40 20 0 -20-40-60 0 60 40 20 0 -20-40-60 60 40 20 0 -20-40-60

Yiidar () Yiidar (1) Yiidar ()

400 3.3. Machine Learning

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

neural network architecture, the training and testing approach, and prediction confidence level.
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405 3.3.1. Architecture

The network architecture is depictedFmyure 6Figure Output Qols
6. The individual network architecture is six hidden
layers with 48 nodes each. Each node features a sigmoid S

symmetric transfer function, and model learning is

410 based on measquareerror evaludbon and
& Network 1
Network 2
Network 3
Network 4
Network 5

backpropagation usingthe LevenbergMarquardt

method The input layer receives the spectral
magnitudes of théirst 129 binsin the spectrum, which
correspond to &% ¢ fange of 075-19.95m/s and isnore

415 thanwide enough to capture the Rol all the cases
studied below.

Ensembles of the individual networks are generated Network 32
to increase the regression performance by addressing the | c,ecira
biasvariance trade off; the relatively large number of

420 nodes in the individual networks produces low bias
estimates wihe crossreferencing results frormultiple

) . ) Figure 6. Depiction of the ensemble neural network structure. Note
networksattenuates the high variance associated w

that input and output layers are omitted for clarity.
such large individual networks. The ensemble traini _
approach is a classical one lodotstrapaggegaing (often referred to as bagging@Breiman, 1996) whered individual

425 networks are trained by bootstrapping samples with replacement from the training dataset such that the number of bootstrapped
samples is the same as the training data $he bagging approach has been found to be resistant to model misspecification

and overfitting(Tibshirani, 1996)Typical valuef 6 are between 20 and 2QDibshirani, 1996)Wwe used = 32.

Once the onéime training of theé individual neural networks is completse calculate th&ol from the median output
of all 6 individual networks in the ensemble. In our work to be shown below, the @ol jshoughit is also possible to

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

The individual networ ks are i mpl e me ntraieNeuratNeteorkt r afinctiend t hr ough MATLABO6s parall
This function requires a training dataset, as well as a validation dataset to deterein wdrminatehe model refinement

(i.e., to determine when the model begins to lose generality and overfit the training data). A third dataset is isoltedycomp
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from the training process to test the final model for generality. The split of trairafidation, and testing data is 70, 15, and
15%, respectively.
The synthetic spectra to be used for the trainina.

validation, and testing of the ML model are generated fr e 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 georsp 14 availability = 96%

shape parameters observed the field. The process o
replicating the range of observed shapes, which is descr 12
in Appendix A, is important since a trained model on

10
produces valid output if the input data fall within tt

distribution of the training data. Related to this adpe -

O ga(M/s)
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, ; ; -gakove' i e ..Q(sge

Y 0.9982

6= 1.06>+ 0.0010 |

2 4 6 8 10 12 14
Lag

peaked spectra often found at the shear layer of a v O 1 d@/s)

Appendix A for more on these two noise parameters),

bound m ég SQ'Q yhich is seto be no less thah m/s, and the

inclusion of only singlepeaked spectra (i.e., no double

turbine wake). In addition to relaxing some of the Figure 7. Relationship between machindearning-
constraints, iture efforts might also benefit from generatir ~ predicted spectral median0f "and the true value, 0% J o

synthetic spectra that satisfy not only the range but also ~ from the 13383 testing cases. Theed 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 cases and ~13, 32.3.3. Removing these datapoints, which was done befor

o the regression fitting, leaves partial data availability as
validation cases produces cemgence of the roahean o o
indicated. Note that the« e line is mostly obstructed

square (RMS) error calculated on the ~13,000 isolated tes ) ) .
from view by the linear fit line.

casedo 0.141 m/sFigure7Figure? shows the performance
of the ensemble network on the testing cases where only the datapoints in gray, which represent the predictions with highest
confidence as explained in the next subsect#e used in the linear regression and RMS error calculations. The magnitude
of the residuals is relatively constant with velocity except near the origin where the parameter estiroaescan be
complicated by the presence of the inverse functiateasribed in Appendix A.

The variance component of error in neural networks often dominates the bias con{@@mean et al., 1992and this

scenario is borne out 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 pratiiEesariance (and bias) will be

shown to be larger because of the presence of inhomogeritsiin 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 wugssan
associated estimate of the uncertainty of the Qol based on the distribution of the outputs from the individual networks. We
calculate the standard error of the ensemble estimat# és p T where—is the standard deviation of the individual
network outputs. This approach, which benefits from the bootstrapping 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 reviewed
by Tibshirani (1996)and our own initial experience showed better performance with this approach than with one that trains a
separge 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 as
unreliabk. This threshold provides an acceptable balance between data availabiligriandeerror based ora parameter
sweepapplied orthe synthetic datasethough the tradeoff has not yet been studidebustivelpn the experimental dataset

4. Validation Results

This section presents the results of the validation study. Settlorgives examples to demonstrate thecessingetrieval
techniques qualitatively, while Sectiods2. and 4.3. give the validation exercises for the inflow and waked cases,

respectively. Due to the larger sample size for the inflow cases, we spend significantly more time analysing these cases.

4.1. RetrievalPrecessingExamples

An example of an instantane®comparison between a lidar return and sonic anemometer data is shown éBFigure8.
This example case illustrates several features obsémeaghouthe 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 8Figure-8(a) relative to the five sonic anemometers is thus representative of most of the inflow cases, the only
exception being several 4flinute bins that were measured with the lidar mountedataeroyaw ofi 15.1J, which caused
the closest lidar sm indices to fall at the plane of symmetry of the rosette scan pattern. For the handful of waked cases, the

turbine yaw setting was continuously variable, which led 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 :80 (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 loation closest each respective sonic anemometer highlighted (in red). In (b), thenicline-of-sight
velocity, 0%, 7, a1npd lidar spectral median line-of-sight velocity,0 5 ° i@;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)shewtheandividuascaledidab 1
spectra, 'y, +LaWhere v, 1, , for each of the index locations in (a) and (b) where solid lines ) indicate
spectral magnitude and vertical dashed lines<) indicate the line-of-sight velocity estimatesSubfigures (c}(g) also
show the raw lidar spectra, which hae no corresponding enties in (b) since the raw data precedeshe MFE
process.Note that the maximum value ofsubfigures (c)}(q) is always unity because the authorsusedthe scaled
version of the SpinnerLidar output; see Branlard et al. (2013) for context.

23



495

|500

505

510

515

520

525

In Figure8Figure8(b), the velocity estimates of the sonic anemometer indicate a roughly logarithmic boundary layer profile
at this instantand the disagreements betwéen 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 corresponding
to] m® Jvhile there is added error away from thisetting, bad 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.

Insight to the comparison of the three ligapcessintetrievaltechniques irFigure8Figure8(b) is provided with the help
of subfigures (c)g), which show the spectral returns for each index. In general, we find that the advanced filtering and machine
learning techniques have similestimates o6 , while the thresholding technique shows significant deviations for indices
532 (Figure 8Figure8(c)) and 222 igure 8Figure8(e)). As before irFigure 8Figure8(b), the thresholding techniqugves
no estimate whatsoever for index 532Figure 8Figure8(c) since the high magnitude of the first useable velocity bin flags
this spectra as a full solictturn, which the thresholding technique therefore rejects as described in Settidnis solid
return is due to ground interference, which é@emmon scenario for the scan indices with relatively large negatiie index
532, depending on the scattering behavior of the laser at the exact location of intersection with the ground. For index 222 i
Figure8Figure8(e), the thresholding technique does give an estimate, but the estimate is strongly biased because of a partial
solid return. This return is due to interference from the meteorological wm&nic anemometer itself and is a common
occurrence in our validation dataset because of the proximity of the lidar scan to the meteorological tower, parti¢hkrly for
1 m® Jndices. Both the advanced filtering and machine learning techniques sfudlgegnore the signature of this solid
interference and estimate  near tod

It is also worth noting the small differences in spectral shape between the thresholding and advanced filtering techniques
above the threshdllimit, which are due to the bilateral smoothing process across adjacent scans of the advanced filtering
technique. The machine learning technique implicitly performs its own smoothing operation (without regard to adjacent scans),

but no visualization othis smoothing is possible since the machine learning technique generates no output spectra.

Next, we show sample processed data frormlifute bins inFigure9Figure-Sthat illustrate several points about the time [Formaned;

Font:

series of processed lidar daftegure 9Figure-4a) represents a bin with low turbulence intensity and one for véhich from [ Formatted:

Font:

the three lidamrecessintetrieval techniques tracké qualitatively well. Figure 9Figure-4b) shows a case of higher [Formatted:

Font:

turbulence intensity, where all threeocessintetrieval methods again perform similarly well, though small discrepancies

between methods are observabitejure 9Figure-4c) shows a bin where solid returns produce a number of instants Where[ Formatted:

Font:

none of the threprecessingetrievaltecmiques yield an estimatgigure 9Figure-4d) is a wake case, and there are a handful [Formaned:

Font:

of instancesvhere the thresholding and machine learning approaches againt groduce estimates because of strong solid
returnsfrom 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 estimates between 03:34L&rttah for the other two techniques. Note that
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the first half of the bin is removed from the comparison because the separation between the lidar beam and sonic anemometer
inthew  ¢®O plane exceeds the 2 m tolerance.

| Other than the cases with solieturns, the agreement of all thgeeeessincetrievalmethods with the reconstructed data
is qualitatively good. The following sections provide a more quantitative statistical perspective of the performancefof each

|530 the processintetrievalmethods.
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Figure 9. Time series comparisons o$pectral median lidar line-of-sight Sonic anemometer
velocity, 05 ¢ igv;th the nearby sonic anemometer linef-sight velocity, Lidar (thresholding)
o5 Y, fgrr four sample 1Gminute 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 = -2.5r plane was larger than
| the 2 m tolerance. In the machine learning results, areenred fixd
indicates a removed reading due to low confidence as explained i
| Section32.3.3 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 onalgsis of the 69 bins with inflow cases describe@dnle1Fable-1 First, we offer [Formatted: Font: Not Bold

535 insight on the trends in the lidar errors for the cases without andswiith 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 turbirierapplicat

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 i2.&&ction
Figure10Figure 0 shows scatterplots of all such results differentiated by height for theghweessintetrievaltechniques.

540 The similarity of thethreesubfigures 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 techBiquevier thanfor

the other two techniquéseeSection3.3.3. for the explanation)though this gap might beelpedwith an improved machine

learning architecture and trainisgheme. While the overall performartmtweerthe three techniques for tecase of non
interfered returns appears fairly similar, further analysis is warranted to better understand several nuances of the
545 QA/QCnacellemounted CW lidaretrievalproblem.

The sources of bias observed-igure 10Figure-10are several, though only ondlileely related tathe processintetrieval [Formaned: Font:

technique. Thigrocessintetrievatrelatedbiassource is the truncation &olsthat fall at least partially over the unusable

velocity bins at the beginning of the spectra. This truncation will artificially incréase for low velocities, which is indeed
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Figure 10. Instantaneous lidar lineof-sight spectral median velocity estimatespg ° i,%vgrsus sonic anemometer lin@f-sight
velocity estimates9y: v, f%n}r inflow cases without solidinterference from the (a) thresholding, (b) advanced filtering, and (c)
machine learning techniques The variation shown for the coefficient of determination vaIue,:{ , the linear fit slope,0 , and the

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