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Abstract. This study separately-investigates-evaluates the impact of an enhanced sampling rate and-reduced-probe-length-on
turbulent-on_turbulence measurements using the Vaisala WindCube v2.1 lidar profiler;-in-comparison-to-the-commeretally

ed-. A prototype configuration, sampling four times

setup, was compared to the commercial WindCube v2.1 with reference measurements provided by a 2D sonic anemometer
mounted on a measurement mast. Over the 47-day experiment, the prototype configuration showed performance similar to

the commercial

wind-measurement;inelading-setup for key performance indicators (KPIs) like slope and coefficient of determination of mean
wind speed compared to reference measurements, with both configurations meeting "best practice" threshold. However, for

mean wind speed

in-data-avatlability-was-ebserved-compared-to-differences, the commercial configuration met the "best practice" level, while
the prototype met the "minimum acceptance" criterion. Additionally, the data availability of the prototype configuration was

0.5% lower than that of the commercial configuration.

Moreover, the increased sampling rate in the prototype lidar resulted in higher mean variance in instrumental noise compared

to the commercial configuration;-but-th omes-at-the expense ol increased noise levels, making it unclear-whether the hiche

inereased-samplingrate. Despite this limitation, the mean noise-corrected along-wind variance measured by the prototype
lidar was approximately 7% higher than that of the commercial lidar, suggesting that the prototype might be better at capturing.
additional turbulent energy by resolving smaller eddies. This effect was especially evident at higher wind speeds. Error metrics
for the noise-corrected along-wind standard deviation in the prototype lidar were approximately 25% lower than those of the
commercial configuration. However, the observed improvements of the prototype configuration in measuring turbulence fell
short of expectations due to inherent limitations in the measurement process within the probe, where spatial and temporal
filtering effects constrain the detection of turbulence at certain scales.
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1 Introduction

Accurate turbulence data enables-enable better understanding and control of wind flow patterns, optimizing the design, operation,
and maintenance of wind energy systems. Furthermore, turbulence measurement plays a pivotal role in addressing key challenges
within the wind energy sector. It aids in enhancing the efficiency and safety of wind turbine operations, minimizing wear and
tear on vital components, and extending the lifespan of these costly assets. Additionally, improved turbulence measurement
can facilitate more precise wind resource assessments, aiding in site selection and the overall planning of wind energy projects.
In the wind energy sector, the utilization of wind lidar profiler technology has gained significant traction in recent years,
supplanting the traditional meteorological mast equipped with in-situ sensors like cup or sonic anemometers as the standard
means of measuring key mean wind properties, such as speed and direction. idar-Wind lidar profilers present compelling
advantages, including the potential for cost reduction compared to meteorological masts and the capacity to measure at similar

or even greater heights above the ground.

Wind lidars profilers can be categorized according to their emission waveform, i.e., pulsed or continuous, and measurin
lay (VAD) (Browning and Wexler, 1968

. Measurement methods used by lidarprofiler-wind lidar profilers are fundamentally different than-from those used by cup or
sonic anemometers. Anemometers tde-an-estime - ind-s aErosSs— stimate wind speed over a

Inter-beam
effect

Intra-beam
effect

Figure 1. A schematic illustration of inter- and intra-beam effects in the WindCube v2.1 lidar profiler measurement process. The blue

cylinder represents the probe volume, corresponding to the dimensions of the commercial lidar configuration. The positions of the five beams

are labeled as b;, where 7 ranges from 1 to 5. The inclination of the diverging beams (from beam 1 to beam 4) with respect to the vertical

z-axis is ¢ = 28°. Beam 3 is aligned with the z-axis, while beams 1 and 3 are aligned with the x-axis, and beams 2 and 4 are aligned with

the y-axis in the coordinate system of the instrument, as stipulated by the manufacturer.
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small volume of just a few cubic centimeterswhereas-lidars-, whereas pulsed lidar profilers provide an average acress-aprobe

VAD)-(Browning-and-Wexler; 1968)over a cylindrical probe several dozen meters long with a cross-sectional diameter of less
than 1 cm (Fig. 1).

However, wind lidar profilers have yet to garner widespread acceptance for turbulence measurement, which remains a focal
point of ongoing research. In contrast to turbulence data derived from reference instruments such as sonic anemometers,
turbulence data derived-from lidar profiler measurements suffer from systematic errors induced by (i) s-the inter-beam effect,

also known as the cross-contamination effect, (ii) -the intra-beam effect, +-¢i.e., the averaging effect of the probe volume ;(iit)

low-sampling rate-(Fig. 1) and, (iv)-neise-iii), instrumental noise.

The inter-beam effect can tead-toresult in either underestimation or overestimation of turbulence metricstietbertauand-Mann, 2626

—Fhis-diserepaney-arises, arising from the modulation of energy associated with eddies characterized-by-specifiec-wavenumbers
—of specific wavenumbers (Kelberlau and Mann, 2020). Any phase difference between the horizontal and vertical components

The intra-beam effect 1

tarbulenee—metries—generates underestimation of turbulence metrics. It arises from two anisotropic filtering processes:

spatial filtering due to averaging over the probe volume and (2) temporal filtering caused by averaging over the beam’s pulse
accumulation time, At, at a given measurement position. These two effects give rise to a transfer function, H, applied by the
instrument on the signal measured within the probe. The transfer function includes a part due to time-averaging (the sinc term

and a part due to space-averaging (the Gaussian term), such that (e.g., Kristensen et al., 2011):
Lidar

Here, k is the turbulent structure wavevector, b is the beam pointing vector, U is the vector associated with the wind direction
of magnitude U, and o; and o, represent the Gaussian weighting factors in the along-beam and cross-beam directions,
respectively.

From Egq. 1, it follows that wind field structures with wavelengths smaller than g; in the along-beam direction are attenuated,
as are those with wavelengths smaller than ¢, in the cross-beam direction. However, in the latter case, these structures are so
small that the filtering effect becomes negligible, as the cross-section of the probe is approximately I cm (Fig. 1). Ultimately,
assuming_the Taylor frozen turbulence hypothesis, the wavevector domain that passes through the filter is defined by the
intersection of two slices: one perpendicular to the direction of U, which preserves structures longer than 7AtU, and another
perpendicular to the direction of b, which retains structures longer than g;. All other structures are filtered out,



75

80

85

90

95

100

105

Pulsed lidar profilers require several seconds to complete a full scanning eirele;cycle resulting in a low sampling rate that

causes discrepancies between turbulence measurements taken by anemometers and those by lidar profilers (e.g., Pefia et al.,

2009). Furbulent motion-seates-can-While the sampling rate governs how quickly the lidar progresses through a scan cycle, it
is directly influenced by pulse accumulation time. Consequently, even if the sampling rate is increased, pulse accumulation can
still limit the ability of the lidar to resolve small-scale turbulent structures, Since turbulent motion scales vary from milliseconds
to hours and from centimeters to kilometers (e.g., Stull, 2000), buttidars—are-timited-to-measuringturbulent-motions—with

temporal and spatial filtering effects when assessing lidar-based turbulence measurements.

The concept of measuring turbulence using remote sensing instruments has gradually evolved since the early works in radar

meteorology by Lhermitte (1962) and Browning and Wexler (1968). Lhermitte (1969) was the first to propose a method for
inferring turbulence by analyzing the variance of radial velocity measurements through VAD scanning. Following this, Wilson
(1970) conducted pioneering experiments using a pulsed Doppler radar to detect turbulence within the convective boundary
layer (0.1-1.3 km). However, these early measurements were limited to turbulence scales larger than the pulse volume and
smaller than the scanning circle, and no validation against reference instruments was performed, questioning their reliability.
Kropfli (1986) expanded Wilson’s approach to capture turbulence scales larger than the scanning circle by integrating data
from multiple scans. Although initially developed for Doppler radar, these methods were later adapted for Doppler lidar.
Eberhard et al. (1989) were the first to apply Wilson’s and Kropfli’s methods using lidar, and Gal-Chen et al. (1992) further
refined the technique with a different scanning configuration. Despite these advancements, the significant probe length (around
100 m) limited studies to the convective boundary layer due to considerable probe volume averaging, especially near the
ground. To address this limitation, research shifted towards understanding and mitigating probe volume averaging effects (e.g.,
Smalikho et al., 2005; Mann et al., 2010; Branlard et al., 2013). Nowadays, modern lidar systems have reduced probe lengths
to about 30 m, but averaging effects still pose challenges for turbulence measurements in the surface layer where wind turbines

operate (e.g., Mann et al., 2009; Sjoholm et al., 2009; Sathe et al., 2011; Sathe and Mann, 2012).

The present paper aligns-with-this-trajectory;-as-it-delves into the specific advancements pertaining to the Vaisala WindCube
v2.1 lidar profiler. Two-key-medifications-are-explored:-first-A key modification is explored: an augmentation of the sampling
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ir-achieved by reducin
the pulse accumulation time. This customization is evaluated for its impact on the measurement of mean wind statisties-sueh

integral-length—seale-and-thedissipation—ratespeed, data availability, and along-wind variance and standard deviation. The
impact of neise-on-both-modifications-instrumental noise on this modification is also evaluated —Neotably;-this-study-doesnot

address-the-combined-effects-of both-medifications—to demonstrate that the potential improvement in turbulence estimates with
the version featuring increased sampling rate is not due to noise.

2 Data and methods

2.1 Moedifications-to-the-WindCube-v2-Hidar-systemPrototype configuration with increased sampling rate
2.1.1 Inereased-samplingrate

The WindCube v2.1 lidar prefileremploys-aDBS-technique-for-measuringis designed for general atmospheric measurements,
such as mean wind speed and direction, requiring a careful balance between temporal resolution, spatial resolution, and
carrier-to-noise ratio (CNR). Its default sampling rate is optimized to ensure high data quality and availability across varyin
altitudes and atmospheric conditions while maintaining system efficiency and manageable data processing,.

The WindCube v2.1 employs the Doppler Beam Swinging (DBS) technique to measure wind speed. This technique-invelves
the-use-of-method utilizes an optical switch to-alternately-direct-that sequentially directs the lidar beam in-the-toward four

cardinal directions (nerth-eastsouthrand-west0°, 90°, 180°, and 270° from True North), each at-an-inclination-angle-of 28>
inclined at ¢ = 28° from the vertical. Subsequently;-the-A fifth beam is directed vertically upwards, providing-measurements
from-a-total-ofresulting in wind measurements at five distinct positions (Fig.ta)-1-2).

In its standard commercial configuration, the WindCube lidar collects data at each lecation-in-t-second-and-steers-the-beam
position for approximately At = 0.8 seconds before switching to the nextloeation—this process completesafull DBSsean
: Including transition times, a complete DBS scan is performed in 4 seconds, resultingin-a-yielding a line-of-sight (LOS)
velocity sampling rate of 0.25 Hzfer EOS-veloeity-and-+-Hzfor-wind-speed-—

Thesefrequeneies-are—, This sampling rate is well-suited to-ecapture-turbulent-structures-with-dimensions-ef-for capturing
turbulent structures larger than 100 m-and-beyondmeters. However, it’s-worth-noting-that-wind turbine components are-affected

3

also-impact-wind-turbine componentsexperience loads from turbulence across a wide range of scales. Increasing the sampling.
rate is crucial for broadening the velocity spectrum captured by the lidar, potentially enabling the detection of smaller-scale
turbulence that influences turbine performance.

Theoretically, a higher sampling rate improves temporal resolution and extends the resolved turbulence frequency range.
However, for wind lidar profiler technology, this enhancement comes with trade-offs. The duty cycle, which represents the
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proportion of time the lidar transmits pulses, decreases as sampling rate increases, potentially reducing signal strength. Moreover,
increasing the sampling rate requires a reduction in accumulation time, resulting in fewer pulses per sample and increasing
noise. The default WindCube v2.1 configuration balances these factors to maximize data reliability. It integrates a high number
of pulses per measurement to enhance signal quality, making it well-suited for general wind resource assessment, However, its
probe length of approximately 23 meters (Fig. 1) limits its ability to resolve small eddies compared to point sensors like sonic

anemometers.

r-capturing the energy of
smaller eddies, we developed a modified version of the WindCube v2.1 —Fhis-enhanced-version-that operates four times faster,

providing-achieving a LOS velocity and-wind-speed-sampling rate of 1 Hzand-4-Hzrespectively—This-improvement-, This

modification was achieved by reducing the accumulation time for data collection from each beam by-70%--in conjunction with

In response to the demand for 1

a i Y%reduction in the number of transmitted pulses.

Beam 1

A

Beam 4

Beam 3

Figure 2. Top view of a WindCube v2.1 lidar showing the positions of its five beams. The z-axis is oriented from beam 3 towards beam 1

the y-axis extends from beam 4 towards beam 2, and the vertical z-axis points upward along beam 5. The arrow indicates North. For the

resent study, the primary x-axis of the lidars was oriented at -62° relative to North.
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2.1.1 Redueced-probelength

The intra-beam-filtering-effeetfactor of 4 was chosen as a compromise between increasing temporal resolution and maintaining.
an acceptable CNR and data availability. This choice is intended to keep wind measurements comparable to those from the
commercial configuration while enabling the investigation of smaller-scale turbulence. The actual impact on measurement
performance will be assessed in the study.

2.2 Field measurement

2.2.1 Measurement site and data collection

The field measurement campaign was carried out by DNV-GL at the lidar validation test site in Janneby, Germany (Fig. bHis-a

5 i 3). Due to its flat terrain, the site features orography-undisturbed
flow, which is suitable for the verification trials of lidar systems. The site has relatively good exposure to largely undisturbed

wind conditions, i.e., undisturbed winds from almost all sectors. The elevation of the site is a few meters above mean sea level

and the surface roughness is low due to the primarily agricultural land use (Fig.22)-—

s 3
R

tof- — 3a). Two wind turbines (WT N100 and WT N117 in Fig. 3a) are installed in
the vicinity of the meteorological mast. The closest wind turbine is located 210 m from the mast. A few human constructions
houses, sheds), not exceeding 15 m in height, are located approximately 500 m southwest of the mast.
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meteorological mast is a 100 m, 3-fold guyed lattice tower

with a constant face width of 0.4 m. It is equipped with six MEASNET-calibrated Thies First Class Advanced cup anemometers

No. 4.3352) and a Thies 2D sonic anemometer (No. 4.3830). However, only the Thies 2D sonic anemometer is used in this

-, as the cup anemometers data are not
available. The mounting arrangements are consistent with the currently valid IEC and IEA recommendations for the use of
anemometry at meteorological masts. As shown in Fig. 3b, the sonic anemometer is pointing towards 150° from True North
and is mounted at 97 m above ground, which corresponds to the average hub height of modern land-based wind turbines. The
sonic anemometer was set to record continuous horizontal wind speed and direction at sampling rates of 4 Hz.

Adjacent to the measurement mast, both the commercial lidar configuration, and o—respectively-were-quantified—in-this

s

dy—To-achieve this;we first rotate-the-veloeity measured-along-the tidar's-a prototype version with an enhanced sampling
rate were installed 3 m and 13 m apart the mast respectively. The prototype configuration was set to record the LOS velocity.
four times faster than the commercial configuration, as described in Section 2.1.1. The lidar was aligned such that beams 1 and
3, which correspond to the z-axis ig ith-true mear i ng-the-y-axis
noted-as—V5;-becomes-O—The-wind-veloeity-along-(Fig. 2), were oriented at -62° from True North (Fig. 3). According to the

manufacturer’s recommendation, the z-axis is

5 ©

VX

and-1/-are-given-by-Eg—?2-and—2?+the primary axis and should be oriented relative to North. Beams 2 and 4 are fixed alon,
bz —by
Y 2sing
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Figure 3. a: Test site location at Janneby, Germany. Black lines indicate the beam orientations for the commercial and prototype

configurations. The x and y axes of the instrument coordinate system (see Fig. 2) are marked with black arrows. b: Configuration of the

meteorological mast, showing the position of the sonic anemometer. NW and SE denote the north-west and south-east directions. The

schematic in panel b also provides a bird’s-eye view of the meteorological mast and test site layout, including the lidar test pads.
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fieldThe field measurement campaign was conducted over two periods: from 12 to 25 November 2021, and from 07 December
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2021 to 10 January 2022. These two measurement periods were combined to form a 47-day dataset. To facilitate a comparison
of turbulence measurements, the sonic-derived wind dataset was resampled to match the sampling rate of the LOS velocities
measured by the prototype configuration. This ensures that similar turbulence time scales are captured when calculating and

comparing turbulence estimates. Therefore, the sonic anemometer measurements were resampled at 1 Hz.
The . . . . ..

w47-day dataset was divided into 2256 subsets

D

of 30-minute data records, with each subset containing 450 and £

from the standard 10-minute window typically used in the wind energy industry was informed by considerations of reduction
of random errors in turbulence measurements, as discussed by Lenschow et al. (1994).

T[Ruww gr):O]
Ay = Ry (T)dT

_ R[b5(t),b5(t + 7)]

Lw — Aw U

2.2.1 Veloeity-speetra

2.3 Velocity spectra

Power spectral density of the velocity, i.e., the velocity spectra, provide valuable information about the distribution of turbulent
kinetic energy across different scales of motion within the wind flow. This understanding helps in characterizing turbulence

and its effects on wind turbine performance and structural loads.

10
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Velocity spectra were computed using Welch’s method (Welch, 1967). This method computes an estimate of the spectrum
by dividing the data into overlapping segments, computing a modified periodogram for each segment and averaging the
periodograms. The Hann window with 50% overlap was applied to each segment to reduce spectral leakage and improve
frequency resolution. The 50% overlap is a reasonable trade off between accurately estimating the signal power, while not over

counting any of the data.

Veloeity-speetra-95(f)--of-the-Following the recommendations of Kelberlau and Mann (2020), turbulence velocity spectra
computed from the lidar-derived reconstructed velocity component should not be fitted to turbulence models. This is due to
the inter-beam effect, which distorts the spectra, rendering them physically meaningless. Therefore, such spectra were not
considered in this study. The focus was on velocity spectra 5;(f) derived from the LOS velocities measured by beam 5-i.
The primary limitation in this approach is the intra-beam effect. Spectra were computed for each 30-min-subsets—Fhe-spectra

30-minute subset of data,
The spectra, S;(f), were fitted by a parametric expression (Teunissen, 1980; Olesen et al., 1984; Tieleman, 1995) in the
frequency domain f, to which we add a component 5-/V; associated with the power spectral density of instrumental noise of

the LOS velocity measured by beam 5+ (see section 2.4):

S5i(f) = ——— +Ns; 2
()= P T @

The coefficient m primarily controls the vertical scaling or amplitude of the spectum whereas n influences the rate at which

the function decays as f increases. The exponent 3 determined the shape of the spectrum.

2.3.1 Neoise

Three different weighting schemes were considered: an unweighted scheme, a low-frequency weighted scheme with weights
proportional to the logarithm of the frequency, and a high-frequency weighted scheme with weights inversely proportional to
the logarithm of the frequency. Assessing the fitting accuracy included comparing the variance obtained from the integrated
fitted spectra with the measured spectra, and calculating their absolute relative differences.

2.4 Instrumental noise

Dopplernoise-is-Lidar measurements are inherently influenced by signal noise and potential variations in aerosol fall speeds
both of which contribute additional terms to the observed variance. Assuming that all atmospheric flow contributions to the

observed LOS velocity variance within the considered short timescales are of a turbulent nature, the variance o2, of the LOS
velocity measured by beam ¢, can be expressed as the sum of three independent terms (Doviak and Zrnic, 1993):

b, =Cp, T 00, TCa, 3)

b =

2

Here, o __represents the net contribution from atmospheric turbulence at scales measurable by the lidar (Brugger et al., 2016)

o2 denotes the variance associated with instrumental noise, and o2 accounts for the variance caused by variations in aerosol

11
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terminal fall speeds within the measurement volume. However, o~ can typically be neglected, as particle fall speeds are

enerally less than 1 cm/s (e.g., Bodini et al., 2018). Noise will be identified through two different methods: a spectral approach

and an autocorrelation approach, as accurately identifying the variance of noise is critical to our study.

295 2.4.1 Spectral method

Wa critical factor in the spectral ana1y51s of VGIOClty time series. This-type-of noise-arisesfromrandom

—In the spectrum of a

velocity time series, Deppler-this noise typically manifests as a flattening of the spectrum at higher frequencies, indicating a
white noise characteristic that contributes equally across these frequencies (e.g., Thomson et al., 2012; Durgesh et al., 2014;

300 Guerra and Thomson, 2017; McMillan and Hay, 2017; Thiébaut et al., 2020a). At lower frequencies, the spectrum is usually
dominated by the actual signal, which may show a characteristic decay or specific features related to the physical process
being measured, such as turbulence. As frequency increases, the influence of Deppler-the instrumental noise becomes more
prominent, leading to a flattened spectral region where the noise dominates.

In Eq. 2, V5-[V; represents the constant Beppkfﬂeﬁe}eve} ower spectral density of noise, which contributes to the spectral
305 flattening observed at higher frequencies.

310 noise depends on the technical characteristics of the device measuring the velocity, such as Nyquist velocity, the signal
spectral width, the number of pulses and points per range gate, and the signal-to-noise ratio. Theoretical expressions for the
variance of this noise can be derived and subsequently removed from the computed turbulence metrics to improve accuracy
Pearson et al., 2009; O’Connor et al., 2010; Bodini et al., 2018

s

. However, the technical specifications of lidar profilers are no longer openly shared with users, making it impossible to evaluate

315 this noise theoretically. ThereforeTo address this, it is necessary-to-determine-this-noise-using-a-spectral-approachessential to
evaluate the noise using an alternative method, such as the ene-presented-in-this-paper—

320

enhaneing-the-planning-and-optimization-of-wind-farmsspectral approach employed in this study. This approach is comparable
to the method proposed by (e.g. Richard et al., 2013; Durgesh et al., 2014). It enables the determination of the power spectral
density of noise, /V;, associated with the LOS velocity measured by beam 7. Subsequently, the variance of the instrumental

12



325 , i iplyi ; i such as (e.g., McMillan and Hay, 2017):

o2 =Nifn 4)

2.4.2  Autocorrelation function method

An alternative method for computing the variance of the instrumental noise involves the calculation of the auto-correlation
function (ACF) of the squared LOS velocity time series, as proposed by Lenschow et al. (2000). The ACF quantifies the

330  similarity between a signal and its time-shifted versions across various time lags. This measure provides insight into how much
of the signal correlates with its past values, which is essential for distinguishing between the noise and signal components.

335

340 neise-in-the-wavenumber-doemain—According to Lenschow et al. (2000), after calculating the ACF, the ACF values (excludin

the first lag) are fitted to a 2/3 power-law function. This power-law model describes the decay of correlation over time

allowing for the extraction of a coefficient that characterizes how the correlation diminishes as the time lag increases. From

this power-law fit, the value of the ACF as the lag tends to zero is estimated by extrapolation of the fitted model. This value is

associated with the signal variance.

345

W § ree-and-th rof-Subsequently,
the integral-sealeLy—«(Eq—2?)-and-total variance of the signal is calculated. The instrumental noise variance o2, is then

determined by subtracting the signal variance, as derived from the fitted power-law model, from the total variance. This process

enables the separation of the signal and noise contributions to the overall variance. However, this method performs correctl

only if the range in which the turbulent cascade occurs is fully captured. This condition is not guaranteed with wind lidar

350  profiler measurements, as the parameter-ft:-

5 6 5
w= o 2+ op+1—(Sp+1
A [3 I +5;1+ <3/H—)

intra-beam effect disturbs the inertial range of turbulence where the cascade takes place.

2.5 Computation of the variance in instrument coordinates

13



The conventional method for computing variance and standard deviation (the square root of variance) from wind lidar profiler
355  measurements relies on deriving second-order statistics from the reconstructed instantaneous velocity components based on
LOS velocities. This approach inherently combines, at each time step, measurements taken at sampling points separated by
several tens of meters, depending on the height level of interest. The assumption of instantaneous flow homogeneity (inter-beam
effect) introduces an uncertainty in the derived statistics, which is difficult to quantify and can lead to either an overestimation
or underestimation of the standard deviation, depending on the frequency and flow configuration. Additionally, this traditional
360 method is affected by both intra-beam filtering and instrumental noise. Crucially, because variance is computed from the

reconstructed instantaneous velocity components, it does not account for the noise-induced variance present in the LOS velocit

365 instrumental noise can result in variance estimates derived from the traditional approach that may appear to align more closel
with those derived from a sonic anemometer, but for reasons unrelated to the actual turbulence characteristics. Consequentl
the benefits of an increased sampling rate for turbulence measurement using a lidar profiler cannot be accurately assessed with

this approach.
The variance method, as referred to in the

370 onecanestimate the timescale. /.. corresponding - Way A by W
E-The transition frequeneys fos between the area-of studies (e.g., Stacey et al., 1999a, b: Lu and Lueck, 1999; Rippeth et al., 2002; Guerra
» Offers an alternative to the traditional approach for computing variance. This method calculates the second-order statistics of
the three velocity components by deriving them directly from the second-order statistics of the LOS velocities. Unlike the

traditional approach, the euterseales-of-turbulence-and-the-inertial-subrange;-variance method is unaffected by the inter-beam

375 effect. However, it is then-given-by-fz=-1—Finally-still influenced by the intra-beam effect and instrumental noise. Notabl
the transttton—frequeney between-the-nertial-subranee—and-the notse-dominatedrangeis—set+to ~-0-8f v where—fy—

—impact of instrumental noise can be identified and removed. Hereafter, a hat notation is used to denote standard deviation or
380  variance derived from this method.

14
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noise.

In this paper, we restrict the application of the variance method to situations where the wind aligns with a single pair of

opposite beams (either pair 1-3 or pair 2-4) of the lidar profilers. This alignment condition was met in 17.1% of the cases. Under

these conditions, it can be reasonably assumed that the covariance term, &, (wWhere v represents the cross-wind velocity)

which corresponds to ., in this specific condition, is negligible (e.g2., Newman et al., 2016). Specifically, when the wind

aligns with beams 1 and -
Howine flexibilitv-in 3 durine thefitt .

3 Results

2

3, we have 62 = 62. Conversely, when the wind aligns with beams 2 and 4, it follows that 52 = 2. For brevity, we use §2 in
lace of &2 hereafter, The standard deviation, &, is then compared to the along-wind standard deviation, o, which is derived

2

from sonic anemometer measurements.

2.1 Data-availability Key performance indicators and mean-wind-speedacceptance criteria

15



415 our analysis focuses on key performance indicators (KPIs), applied to mean wind statistics such as wind speed, that are the
mean differences, slope, or the coefficient of determination (R?) at reference heights corresponding to sonic anemometer
measurements. DNV-GL has defined acceptance criteria (ACs) as "best practice” and "minimum allowable tolerances’ These
criteria, applied to wind speed, flag any KPIs outside the thresholds as "deviations”. Table 1 summarizes the ACs established
by DNV-GL, which are tested in this paper for the wind speed KPI.

420 Additionally, the paper addresses data availability. i

Next-the-effeetiveness-of-Data availability is defined as the ratio of valid data points returned by the pretetypeconfigurations

ed-overa-t0-minuteintervatlidar to the maximum number

425 of possible points that could be acquired during the test. To pass the “Best-Practice™standard;-alidarprofiler-has-to-demonstrate
test, DNV-GL set the data availability threshold at 90%.

2.2 Error statistics metrics

This_paper focuses on turbulence measurements, specifically the standard deviation of wind velocity, obtained from both
the commercial and prototype lidars. These measurements are compared to the standard deviation provided by the reference

430 instrument; the sonic anemometer. To assess the accuracy and reliability of the lidar measurements, various error statistics
are used. These include Root Mean Square Error (RMSE), which guantifies the average magnitude of errors; Mean Absolute
Error (MAE), which calculates the average absolute difference between predicted and observed values; bias, which represents
the systematic error between the lidar and reference measurements; the coefficient of determination, R?, which indicates the
proportion of variance in the lidar eannot-be-certifiedfor mean-wind-speed-measurement—

Table 1. Acceptance criteria for KPI of mean wind speed in wind lidar profiler certification.

KPI - Wind speed

Definition,
Difference < 1%fronthe-mean-wind-speed-measured-by-areference-mea
Percentage difference in mean wind speeds between lidar
campaign mean wind speedmeasurements—that—differ—by—no

more-than—+.

Slope
Slope from single-variable regression, constrained to pass
through the origin.

R2

Correlation coefficient from single-variable regression.
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explained by the reference data; and relative error, which expresses the error as a percentage of the reference measurement.
Together, these statistical metrics provide a comprehensive evaluation of the lidar’s performance in capturing turbulence

characteristics relative to the reference instrument.

3 Results

3.1 Mean wind speed and data availabilit

The first step in proposing enhancements to lidar technology is to evaluate their impact on mean wind speed measurements.

4a illustrates that the mean

vertical wind speed profiles measured by both configurations are closely aligned. However, the difference between the mean

wind speed —This-underestimation nearly-constant-across-different-altitudes—averasine 3% —which-corresponds—to-a-bia

rovided by the commercial configuration and the reference measurement (black cross in Fig. 4) at the reference altitude is
smaller, amounting to 0.98%, compared to a 1.41% difference for the prototype configuration. These results demonstrate that

the commercial configuration closely matches the "best practice” AC criterion for the difference in mean wind speed—This

—, while the prototype configuration, with a larger

net-inflaence-the-bias—Although-the lewest-wind-speed-at-Moreover, the commercial configuration exhibits data availabilit

Table 2. Acceptance criteria for KPI achievement applied on mean wind speed associated with the commercial and prototype configurations:
v v denotes "best practice” and v'indicates "minimum" acceptance, as defined in Table 1.

Difference | Slope Bi Data availabilit

Commercial configuration vV AN REY vV
Prototype configuration v AR v

17



460

465

470

ranging from 99.5% at the lowest measurement height, i.e., 40 m—ecould-explain-the-high-bias-(i-e;mere-than0-4-m-/s)-this

do ald . d Pa
O O O1C—a5—8 a a W a-SP 5w ast - are o a sis W O a a D1as: a O O

above-the-ground-Similarly, the prototype configuration follows this trend, with data availability decreasing with altitude. The
prototype achieves a vertical average availability of 97.7%, with a minimum of 92.3% recorded at the highest measurement
altitude. The prototype configuration consistently shows data availability that is, on average, 0.5% lower than the commercial
configuration at nearly all measurement altitudes. Both lidar configurations exceed the 90% data availability threshold set by
DNV-GL.

Fig. 5 presents the linear regression of the 30-minute averaged wind speed measured by both lidar configurations in
comparison to the reference instrument. Both the commercial and prototype configurations match the "best practice” criteria,
with slope values of 1.0 and R? values of 0.9847 for the commercial configuration. The prototype configuration shows values
that are 1% lower for the slope and almost similar R?, but these differences are minimal and still within the acceptable range
for "best practice.”

—— Commercial lidar ----- Prototype lidar
200 200~ b| 200 c
180 180 180
E160 160 160
2
3 140 140 140
o
g 120 120 120
5 A
o100 100 4 100 X
< i
o i
o 80 80 i 80
T ¢
60 60 1] eo
40 40 i 40
6 7 8 9 92,5 950 97.5 100.0 0.65 0.70 0.75 0.80
Wind speed (m/s) Availability (%) Standard deviation (m/s)

Figure 4. Mean vertical profiles, averaged across the 47-day dataset, of wind speed (a), data availability (b), and standard deviation derived

from the variance method (¢), measured using the commercial (solid blue curves) and prototype (dashed orange curves) configurations. The

black crosses represent the reference measurements from the sonic anemometer, and the grey dashed vertical line marks its position at 97 m
above ground.
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Figure 5. Scatter plots of the 30-minute averaged wind speed measurements over the 47-day campaign, comparing the commercial lidar (a

and prototype lidar (b) with the reference sonic anemometer.

3.2 Standard-deviatien

3.2 Impact of sampling rate on turbulence energy capture

The impact of increasing the sampling rate on turbulence measurement can initially be assessed using data from a sonic

anemometer, specifically through the computation of along-wind velocity spectra. Integrating these spectra provides the inereased
i A e e e e s e b s b glong-wind —eee e

commeretal-configuration-variance, 2. Fig. 6 illustrates the individual spectra and the mean spectrum averaged over the 47-da
dataset in both log-log and linear formats. The mean spectrum clearly follows the f~5/3 slope, confirming the presence of the
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Figure 6. Individual spectra (light blue curves) and mean spectrum (orange curve) measured by the sonic anemometer over the 47-da

measurement campaign, presented in log-log (a) and linear (b) formats. Vertical black dashed lines indicate the Nyquist frequencies, [

and fpn_, for the commercial and prototype lidar configurations respectively. The pink solid line in panel (a) shows the classic spectral slope

L2202

- The linear representation (Fig. 6b) highlights that most

of the energy, associated with larger eddies, is concentrated in the frequency range from 0 to = 0.125Hz, corresponding to

the Nyquist frequency of the LOS velocity in the commercial lidar configuration. However, additional energy, associated with
smaller eddies, exists within the range from [y to = 0.5 Hz, the latter being the Nyquist frequency of the prototype lidar
configuration.

To quantify this effect, the variance was computed by integrating the spectra over two frequency ranges. First, the integration

from O to simulated the variance measurable by a sonic anemometer with a sampling rate equivalent to the commercial
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lidar. This yielded a mean variance of 0.47m?/s2. Second, the integration from 0 to simulated the variance measurable

with a sampling rate equivalent to the protot

that increasing the sampling rate by a factor of 4, relative to the commercial lidar configuration, could capture an additional
34% of the energy associated with smaller eddies. However, this represents the maximum possible improvement, as it is derived
from measurements using a sonic anemometer, which is not affected by technical limitations such as the probe length of a wind
lidar profiler.

in a mean variance of 0.63m?/s2. This comparison indicates

3.3  Veloeity-LOS velocity spectra

The an
from the spectral method involves computational fitting of the LOS velocity spectra using a parametric expression (Eq. 2).

Various-Three weighting schemes were systematically explored to enhance fitting accuracy and minimize errors relative to the

measured spectra.

>Fig. 7aillustrates an example
of the three weighting scheme applied to a measured spectrum. This iterative process was conducted across at-both lidar
configurations, yielding consistent results described hereafter.

The fitted spectra closely matched in the low-frequency domain, approximately up to f = 0.1 Hz, but strong divergences were
observed thereafter. The low frequencies weighted scheme produced a curve substantially below the measured spectra at higher

frequencies, whereas the unweighted scheme yielded a curve slightly above the measured spectra in this frequency range. In

contrast, the high frequencies weighted scheme provided a fit that closely matched the measured spectra across all frequencies

10! b
~ 100
T
N
T
o
n 10°
t
=107t N
W Raw - Prototype lidar —— Raw - Com. lidar SN
SO

—~- Unweighted fit Raw- Pro. lidar R

——- Low frequencies weighted fit 10-1{ --- Fit-Pro. lidar "R S

—=- High frequencies weighted fit "=~ J.._ —-== Fit - Com. lidar )

1072 1071 1072 1071

Frequency (Hz) Frequency (Hz)

Figure 7. (a) Individual LOS velocity spectrum (solid black) of the prototype lidar fitted with Eq. 2 with three weighted schemes: unweighted
fit (dashed green), low frequencies weighted fit (dashed red), and high frequencies weighted fit (dashed blue). (b) Individual LOS velocit
spectrum measured by the commercial lidar (blue curve) and prototype lidar (orange curve) fitted with the high frequencies weighted scheme.

21



525

530

535

540

integrated fitted spectra using the high-frequency weighted scheme, compared to 6:226-0.2262 m?/s? for all integrated measured
spectra. This results in an absolute error of 2.6%. Conversely, not employing any weighting during the fitting process resulted

in an absolute error between the mean variance nearly three times higher, at 8.5%. Assigning weights to the low frequencies

resulted in a mean absolute error exceeding six times that of the high-frequency weighted scheme, at 16.9%. Speetra-derived

y 550 O 0 4

of the-weighting sehemeused-Thus, the high-frequency weighted scheme was chosen for the fitting. An example of this fitting
applied to individual LOS velocity spectra for both the commercial and prototype configurations is shown in Fig. 7b. This
weighted scheme enabled the systematic identification of the plateau at higher frequencies, characteristic of white noise. Other
weighting schemes did not consistently exhibit this plateau, making it challenging to reliably determine the value of NV;.

3.4 Instrumental noise

3.4.1 Comparison of the spectral and ACF methods

The spectral method yields a median variance that is 1.5 times higher than that of the ACF method for the commercial lidar
and twice as high for the prototype lidar (Table 3). While this suggests differences in how each method characterizes noise,
the spectral method also results in a mean instrumental noise that is 30-40% lower than that of the ACE method, indicating
variations in the way noise is estimated. Moreover, the spread of mean values is notably narrower when using the spectral
method, particularly for the commercial lidar, where it is reduced by half compared to the ACE method. This suggests a
potential advantage in terms of consistency and stability. Given these observations, we used the spectral method to correct the
measured variance, as it appeared to provide more stable estimates of instrumental noise.

3.4.2 Contribution of instrumental noise in the measured LOS velocity variances

This section evaluates, beam by beam, the impact of instrumental noise on the measured LOS velocity variances, which are
combined to derive the along-wind variance (Egs. 5-6). The parametric expression (Eg. 2) used to fit the LOS velocity spectra

Ll
Table 3. Median and mean (& spread) variance of instrumental noise for commercial and prototype lidars, computed from the LOS velocit
measurements across all beams using spectral and ACF methods.

Commercial lidar Prototype lidar
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Figure 8. Mean variance of the net contribution from atmospheric turbulence (¢2.), corrected for instrumental noise derived from the spectral
method, measured by each beam 7 at scales observable by the commercial (dark gray) and prototype (light gray) lidar profilers. Dashed areas
represent the mean variance of instrumental noise, o> .. The averages were computed over the 47-day dataset.

Table 4. Error Statistics of the along-wind standard deviation derived from the variance method, corrected for instrumental noise, applied on
measurements collected by the commercial and prototype lidars in comparison to the reference sonic anemometer.

Bias (y/3-
Prototype lidar -0.0466.

measured by beam 7 enables the identification of the power spectral density of instrumental noise, NV;, and the derivation of
the variances, o2 (Eq. 4). Fig. 8 compares the mean magnitude of ¢2 to the mean variance of the net contribution from

2

atmospheric turbulence, o2 , corrected for instrumental noise at scales observable by the commercial and prototype lidar
profilers.

The mean values of o2 , which are nearly identical across all beams, were found to be 0.0108 m?/s for the commercial
configuration (Table 3). A similar trend was observed for the prototype hdafw&baﬁmefeasedrsamp}mgfate{—ﬁg—ﬂa)—fhe

although the mean variance of instrumental noise was 68% higher, at 0.0181 nﬂ%—Gth—ﬂb}fefﬂaeﬁ&mgdees—ﬂngeﬂemﬂy

23



560

565

570

575

580

585

capture-the-noiseportion—regardless—of the lidar-configurations? (Table 3). Notably, the contribution of instrumental noise

variance to the total variance, 02,’ Eq. 3), was found to be 4.8% and 7.4% for the commercial and prototype lidar configurations
respectively.

= s &

i 5 5 i af-vari - he mean variances, 02 were consistently higher for measurements
obtained with the prototype configuration. Across all beams, the mean value was 0.2288 m?/s%, which is 3:9%-7.8% higher than

the mean-variance-obtained-from-integrating-the-measured-speetra—This-compares-to-a2:6% error-when5-was-notimpesed—

corresponding mean value for the commercial lidar measurements.

3.5 Along-wind standard deviation

Fig. 9 presents scatter plots of the along-wind standard deviation, &, derived from the variance method applied on measurements
of both lidar configurations compared to the standard deviation, o, obtained from the reference sonic anemometer. The
prototype configuration achieves-a-mediannoiselevel-thatis23-timeslower-than-demonstrates superior performance across

all error metrics, with bias, MAE, and RMSE approximately 25% lower than those of the commercial configuration (Table 4).

minimal-impact-on-the-computation-of-coefficient of determination is 5% higher. There is also a reduction in the relative error
of the mean standard deviation, with the prototype configuration showing values of 5.7% compared to 7.8% for the commercial
configuration.

Fig. 10 presents bin-averaged estimates of o compared to estimates of ¢ (black curve) as a function of binned-averaged wind
speed. For all wind speeds, the standard deviation measured by the sonic anemometer consistently remains higher than that
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derived from both lidar configurations. Below wind speed of 8 m/s, the standard deviation values from both lidar configurations

closely match each other. Within this wind speed range, the standard deviation associated with the integral-Hength-seale;with
590 i

al-commercial lidar is 2.7% higher than that from
the prototype configuration. However, above this wind speed threshold, the standard deviation associated with the protot
configuration increases more rapidly with wind speed compared to the commercial lidar. In this wind speed range, the pretotype

595 deviation associated with the prototype lidar is 13.0% higher than that associated with the commercial configuration. For all
wind speed ranges, the prototype lidar measurements exhibited a mean standard deviation and variance that were 2.9% and
7.2% higher, respectively, than those given-by-of the commercial configuration. Overall-allinterquartile ranges-were-found-to

600

605

610

4 Discussion

615

to-When proposing an increase in sampling rate to capture smaller eddies and their associated energy through variance, it is
essential to assess the instrumental noise and its variance to ensure that the observed changes are due to physical phenomena
rather than noise. In this study, we estimate noise-induced variance using two distinct methods. For both lidar configurations
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the mean variances of instrumental noise computed from two methods were found to be consistent with values obtained in
620 previous studies, such as the WindCube lidar analysis by Mann et al. (2009). This alignment reinforces confidence in our
estimates.

The increased sampling rate leads to higher instrumental noise compared to the commercial configuration, as expected, since
the noise variance is inversely proportional to the number of transmitted pulses (Pearson et al., 2009). In the prototype lidar,
achieving a higher sampling rate required reducing the number of pulses leading to the elevated noise levels. The noise variance

625 was approximately 5% of the total variance for the commercial configuration and over 7% for the prototype configuration.
While the noise contribution is relatively low, it is not negligible, and its impact should be considered when calculating
second-order statistics of LOS velocities in pulsed wind lidar profilers.

Compared to estimates derived from the commercial lidar configuration, the error metrics (bias, MAE, RMSE) of the

630

along-wind standard deviation
estimates corrected for instrumental noise using the prototype lidar were notably lower. Additionally, the mean along-wind
variance measured by the prototype was higher, suggesting that the increased sampling rate does-not-significantly-impact-the
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Figure 9. Scatter plots of along-wind standard deviation, &, derived from the variance method applied on measurements of the commercial

and prototype lidar configurations versus standard deviation, o, derived from the reference sonic anemometer. The standard deviation

estimates are restricted to cases where wind direction was aligned with one pair of opposite beams.
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Figure 10. Along-wind standard deviation, &, derived from measurements of the commercial lidar (blue curve) and prototype lidar (orange
curve), compared to the standard deviation, o, obtained from reference sonic anemometer measurements (black curve) as a function of wind
speed..

Tn-terms-of turbulence measurement;-allows for improved detection of turbulent energy associated with smaller eddies.
However, this observed improvement remains significantly below the theoretical benefit expected from increasing the LOS
sampling rate, as determined through sonic anemometer measurements. The measurement volume of a sonic anemometer
is effectively point-like, in comparison to the much larger probe length of wind lidar profilers. The anemometer is in fact
essentially free of the i i ton i

to mitigate the impact of the intra-beam effect is by significantly reducing the probe length. A shorter probe length would
minimize spatial averaging, enhancing the resolution of high-frequency fluctuations in the wind field. However, this reduction
is likely to weaken the lidar echo strength, potentially increasing measurement errors. Therefore, a balance must be struck
between improving resolution and maintaining signal quality.

The increased sampling rate
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of the prototype configuration
improvement direetty impaets-the eateutation-of could positively impact metrics such as turbulence intensity (TI), which is a
key factor due to its influence on structural loads and turbine lifespan. As demonstrated in Fig. 10, this effect is expected to
be more pronounced at higher wind speeds, such as at 15 m/s. At this wind speed, TI - referred to as TI15 - is used in design

turbulence calculations to define characteristic standard deviation bands, which are essential for classifying turbines accordin
to wind turbulence, as outlined in IEC 61400-1.
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Moreover, the dissipation rate-deduced from-the fitted-speetra~increased sampling rate extends the LOS velocity spectra over
the frequency domain. This is particularly valuable for floating lidar systems, where measurements are used to derive TI through
motion-compensation algorithms which is an ongoing research topic (c.g., Kelberlau et al., 2020; Désert et al., 2021). The
dissipation-rate-computed-from-the configuration-with-the-buoy’s motion generates energy spikes in the LOS velocity spectra

at frequencies corresponding to the wave periods, the buoy’s natural period, and their interactions (Thiébaut et al., 2024a).

This introduces additional variance, o2 , which must be accounted for alongside the three other variance terms that contribute

2 measured by each beam i (Eq. 3). With a Nyquist frequency of = (0.125 Hz, the commercial

configuration can detect motion-induced variance for periods up to 8 seconds, while lower-period motion remains undetectable.
In contrast, the prototype configuration presented in this paper, with a Nyquist frequency of = (0.5 Hz, enables the detection
of motion effects for periods as short as 2 seconds. Thus, the prototype configuration may offer an advantage in developing
motion-compensation algorithms based on the variance method by improving the derivation of true variance through LOS

velocity spectra analysis.
The increased sampling rate w

to the total variance, o

esulted in a relatively slight
0.5% reduction in data availability compared to the commercial configuration over the 47-day dataset. While this difference is
minimal, it may become more noticeable over longer measurement campaigns, which typically last over a year for wind site
characterization, Following the measurement campaign presented in this paper, the prototype configuration was installed in
December 2022 on Planier Island in the Mediterranean Sea, where it remains operational. The wind characteristics derived from
the full year of 2023 are presented in Thi¢baut et al. (2024b), including a detailed analysis of data availability. Encouragingly,
up to 160 m above sea level, annual data availability exceeded the 90% threshold considered best practice. Beyond this height,
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availability gradually declined, reaching below 70% at 220 m. While this highlights an area for further optimization, the
690 prototype lidar has already demonstrated strong performance at critical measurement heights. Fhis-is-because-the-prototype

695
700
Hewever,-Moreover, the prototype configuration performed comparably to the reduced-probe-length-had-minimal-impaet
705 commercial setup in terms
of mean wind characteristics. While the commercial configuration met the "best practice" threshold for all key performance
indicators (KPIs), the prototype also achieved this standard, with the exception of mean wind speed differences, where it met
the "minimum acceptance" level within the best practice range. This result is promising, as it confirms that the prototype lidar
710

715 development, the prototype lidar has the potential to further enhance wind resource assessments and support the needs of
modern wind energy projects.

5 €onclusionConclusions
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The-prototype-highlights both the potential and challenges of enhancing the sampling rate in wind lidar systems, particularl
for turbulence measurements and the detection of energy from smaller eddies. The prototype lidar configuration, with an-its

increased sampling rate, samples-four-timesfaster-than-the-commereial-configuration—This-enhaneemer mproves-tarbilenee

eompared-to-the-commereiat-configurationdemonstrated advantages in capturing higher-frequency fluctuations in the wind
field, leading to more accurate along-wind variance estimates. By resolving smaller eddies, the prototype effectively captured
additional turbulent energy that the commercial configuration, with its lower sampling rate, could not detect. This improvement
was especially pronounced at higher wind speeds, where the prototype’s reduced minimum detectable eddy size provided
significant benefits. However, the theoretical gains expected from the increased sampling rate were not fully realized due to

inherent measurement limitations within the probe, where spatial and temporal filtering effects constrain turbulence detection

to-those-achieved-with-the-increased sampling rate also introduced some trade-offs, including elevated instrumental noise and
a slight reduction in data availability. Noise contributions to the total variances were non-negligible and required correction
to ensure accurate turbulence statistics. It is worth noting that a configuration similar to the prototype examined in this study
could be achieved with a commercial lidar, as manufacturers can program an increased sampling rate s they-eame at the expense

with relative ease. However, users should be aware that implementing such a modification would require validation against a
meteorological mast to obtain certification, which could add time and cost to deployment.
Another key consideration is balancing increased sampling rate with reduced probe lengthexperiment-might-be-too-shertte

improving both temporal and spatial resolution. In this study, the increased sampling rate proved beneficial for turbulence
measurements while maintaining acceptable accuracy for mean wind statistics. Therefore;—only-one—meodification—can—be
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entMeanwhile, the effects of reducing the probe length
are currently under investigation. While further research is needed to determine its feasibility in field applications, this approach
holds promise for future advancements in wind lidar profiler performance.
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