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Abstract. Wind lidars are increasingly used for wind turbine power estimation, load analysis, and control purposes, but their

ability to accurately capture turbulence is limited by the large probe volumes of lidars, which attenuate measured turbulence

through spatial averaging. We investigate the effects of probe volume averaging on lidar turbulence characteristics as a function

of the probe volume over integral length scale ratios using a wind tunnel study. This is facilitated by generating tailor-made

turbulent flow conditions using an active grid and by adjusting the focus distance of a short-range continuous-wave (CW)5

lidar. A hot-wire anemometer is used as reference sensor. First, a spectrum model for the lidar averaging effect is implemented

by applying a Lorentzian filter to Mann-model spectra derived from hot-wire measurements, accurately capturing velocity

spectrum attenuation with increasing probe volume averaging. Second, the ability of the lidar to estimate turbulence statistics

including the integral length scale and velocity variance is evaluated by comparing lidar to hot-wire ratios across all cases.

Results show that conventional lidar-derived length scales are overestimated while velocity variances are underestimated with10

increasing probe volume averaging. Both the modelled and conventionally derived lidar velocity variance are attenuated from

10 % to 80 % with increasing probe volume averaging. In contrast, the spectrum-based lidar variance, derived directly from the

averaged lidar Doppler spectrum compensates for probe volume averaging, yielding variance estimates that are significantly

less affected by this ratio with an average relative error of +20 % compared to the hot-wire data. The correction for velocity

gradients in the wind tunnel flow reduces the average relative error of spectrum-based lidar velocity variances to +10 %.15

1 Introduction

Accurate measurement of key turbulence characteristics is essential for many wind energy applications, including wind re-

source assessment, power-performance analysis, turbine fatigue load estimation, yaw alignment, and advanced turbine control

strategies. In the atmospheric boundary layer (ABL), the most relevant parameters are typically the longitudinal i.e. along-20

wind turbulence intensity (TI), velocity variance, and, to a lesser extent, spectral shape and integral length scale. Traditionally,

these parameters have been measured using meteorological masts equipped with in situ sensors. While these systems provide
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high-quality data, their fixed spatial position limits their ability to capture spatial variability of the flow, especially in complex

terrain or near wind farms. Furthermore, mast installation is costly and often impractical for large-scale wind turbine flow

measurements and in offshore conditions.25

Wind lidars offer a compelling alternative as non-intrusive, remote-sensing instruments capable of measuring wind veloc-

ity along their beam with accuracy comparable to conventional meteorological masts. They can be continuous-wave (CW) or

pulsed, with short-range systems operating from metres to hundreds of metres and long-range systems measuring up to tens

of kilometres. Various scanning strategies such as singe-beam scans of Vertical Azimuthal Display (VAD) and Doppler Beam

Swinging (DBS), or multi-beam WindScanners enable high resolution spatial mapping of the wind field. However, they are30

not widely accepted by wind energy standards for turbulence estimation primarily due to probe volume averaging and contam-

ination of turbulent flow components when the lidar beam is not aligned with the target velocity component. Systematic errors

can reach up to 90% for vertical velocity variance and 70% for horizontal velocity variance (Sathe et al., 2011).

Probe volume averaging is defined as the attenuation of turbulence scales smaller than the probe volume length of the lidar

(Frehlich, 1997). In pulsed lidars, the probe volume length i.e. full width at half maximum of the probe volume typically35

ranges from 30 m to 100 m (Liu et al., 2019), while in CW lidars, it quadratically increases with focus distance, varying from

centimetres to tens or a hundred of metres depending on the selected focus distance (van Dooren et al., 2022).

Many studies have examined the impact of probe volume averaging on the turbulent spectra of radial, also known as line-of-

sight, velocities of the lidar (Drobinski et al., 2000). Most of these studies have focused on measurements taken in atmospheric

conditions characterised by small turbulence scales, which suffer from large spatial filtering effects (Frehlich et al., 2008).40

The filtering effect due to probe volume can be readily identified from the attenuation of the turbulence spectrum of the lidar

compared with that of reference sensors in the field (Sjöholm et al., 2009) and in a wind tunnel (van Dooren et al., 2022).

The deviation of the lidar spectrum from that of the reference sensor appears in the high frequency range where small-scale

fluctuations occur. The attenuation observed in lidar velocity spectra can be modelled and corrected by applying a spectral

tensor model of atmospheric turbulence, together with a theoretical filtering function for the lidar (Frehlich et al., 1998; Mann45

et al., 2009; Cheynet et al., 2017; Puccioni and Iungo, 2021). In (Brugger et al., 2016), despite the reduction in systematic

errors after correction, the results have a remaining systematic error of 36% for radial velocity variance and 28% for outer

scale of turbulence which still leads to an underestimation of the radial velocity variance and an overestimation of the outer

scale of turbulence. The fact that spectral tensor models are typically derived from sonic anemometer measurements at the site

highlights the need for reference measurements to enable accurate lidar attenuation correction.50

An alternative approach which is applicable in continuous-wave (CW) lidars, avoids the need for correction of turbulence

measurements using several raw Doppler spectra to compensate for probe volume averaging and to obtain so-called ’unfil-

tered’ turbulent statistics (Mann et al., 2010). It computes the radial velocity variance from the raw lidar Doppler spectra

instead of using the time series statistics of reconstructed radial velocities. It uses the information about the flow fluctuations

which is present in individual lidar Doppler spectra. Therefore, the ensemble-averaged Doppler radial velocity spectrum can55

be assumed as the probability density distribution of radial velocities along the probe volume. With this assumption, the radial

velocity variance can be calculated from the second order moment of the averaged lidar Doppler spectrum. The correspondence
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between the ensemble-averaged Doppler spectrum and the probability density function of the radial velocities has been shown

experimentally in wind tunnel and field campaigns (Branlard et al., 2013; Fu et al., 2022). Using the same method, the bias

between the ’unfiltered’ radial velocity variance from a nacelle lidar and that derived from a cup anemometer on a meteorolog-60

ical mast was found to be only 2% (Peña et al., 2017). Wake turbulence behind a 27 m diameter test turbine was measured in

(Conti et al., 2021) using a nacelle-based CW SpinnerLidar located 2.5 D downstream. Turbulence enhancement near the rotor

tips were quantified using the ’unfiltered’ variance of the streamwise velocity. In (Fu et al., 2023), the six components of the

Reynolds stress tensor were estimated using ’unfiltered’ turbulence statistics obtained from nacelle-based lidar measurements.

The nacelle-based lidar results showed a high agreement with those from sonic anemometer measurements, but were biased65

either positively or negatively for different components. Relative error of the lidar-derived along-wind variance to the one from

the sonic anemometer was found to be approximately -5.5% for the six-beam and multiple-beam nacelle lidar. A recent study

introduced a method for the estimation of pulsed lidar turbulent statistics using the averaged lidar Doppler spectrum and found

better agreement with the reference sonic measurements for a medium pulse of a Doppler lidar (Manami et al., 2025).

Previous studies have demonstrated that short-range CW lidars, offering high temporal and spatial resolution and small70

probe volumes, have been used for turbulence measurements. Despite this, the probe volume averaging effect has not been

investigated thoroughly. A key parameter for understanding this effect is the decrease in the lidar’s radial velocity variance as a

function of the ratio of probe volume length to turbulence scale (Mann et al., 2010). However, most field studies provide results

for a limited number of probe volume lengths, typically not less than tens of metres for CW lidars, and under a narrow range

of atmospheric turbulence conditions. In contrast, controlled experiments in turbulent wind tunnels allow adjustment of flow75

conditions and provide access to a wider range of turbulence regimes with shorter focus distances and smaller probe volumes.

The main aim of this paper is to investigate the impact of probe volume averaging on lidar-measured along-wind turbulence

characteristics as a function of probe volume over integral length scale ratios. Secondly, the applicability of the Mann model

(Mann, 1994) combined with a filter function, in representing the effects of probe volume averaging on turbulent spectral

characteristics is evaluated across a range of probe volume to integral length scale ratios. Finally, lidar-derived turbulence80

statistics, including the integral length scale and radial velocity variance, are compared with hot-wire measures and the efficacy

of the spectrum-based lidar variance estimation (Mann et al., 2010) is evaluated for all probe volume over integral length-scale

ratios. The study is based on a dedicated experimental setup. To avoid cross-contamination of turbulent flow components and

focus on probe volume averaging effects only, a staring single-beam lidar is aligned along the main flow direction in the tunnel.

Hot-wire measurements are used as a reference. Open field flow characteristics are downscaled to controlled wind tunnel85

experiments. Tailor-made turbulent flow conditions with varying length scales and turbulence intensities are generated by an

active grid in a turbulent wind tunnel. Different probe volumes of the short range CW lidar are achieved by changing the focus

and position of the lidar.

This paper is organized as follows. Section 2 provides background information on the theoretical modelling of probe volume

averaging and lidar velocity spectra. Section 3 describes the wind tunnel setup with detailed information about the measurement90

configuration, the lidar, the hot-wire anemometer and the flow properties generated by the active grid. Section 4 explains the

methodology followed for the analysis of the time series velocity data and post-processing of the lidar Doppler spectrum.
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Section 5 compares the measured and Mann-based turbulent spectrum of the flow. Then, the variation in lidar-estimated integral

length scales and variances is shown for all cases depending on the ratios of probe volume over integral scale. The latter

section includes probability density functions of the hot-wire and the lidar velocity data for the selected cases portraying95

small, intermediate and large probe volume averaging for the detailed investigation of the estimated spectrum-based variances

obtained from averaged Doppler spectrum of the lidar. Discussions and conclusions are given in Sections 6 and 7, respectively.

Appendix A presents measured flow characteristics for all studied cases. Appendix B provides a further analysis of the factors

affecting the estimation of spectrum-based variances.

This paper extends the experimental setup and measurements from (Uluocak et al., 2024) by incorporating Mann-based100

turbulent spectrum modelling, analysing lidar-estimated integral length scale and variance using both measurements and theo-

retical models. It also improves the post-processing technique for the raw lidar Doppler spectra and the calculation of integral

length scale based on the autocorrelation function. Lidar radial velocity variances are estimated using both conventional ap-

proaches and the averaged Doppler spectrum method, in which the variance is obtained from the second-order moment of the

averaged spectrum rather than from the fitted Gaussian width, as employed in the previous study.105

2 Background

2.1 Probe volume for continuous-wave lidars

The light emitted by a lidar is not reflected from aerosols in an infinitesimally small point in space but rather from aerosols

within a thin, near-cylindrical volume along the beam line-of-sight (van Dooren et al., 2022). The line-of-sight velocity vlos of

the lidar can be expressed as the convolution of the weighting i.e. filtering function φ(s) and the velocity vector u,110

vlos(ϕ,θ,f) =

∞∫

−∞

φ(s)n(ϕ,θ) ·u[n(ϕ,θ)(f + s)]ds, (1)

where n is the unity vector in the direction of the lidar beam, given by the azimuth angle ϕ and the elevation angle θ. f

is the focus distance and s is the distance along the line-of-sight centred at f . The spatial weighting function φ(s) can be

approximated as a Lorentzian weighting function for CW lidars (Sonnenschein and Horrigan, 1971):

φ(s) =
1

π

zR
z2R + s2

, (2)115

where zR is the Rayleigh length, i.e. the distance from the focal point at which the beam has its minimum diameter to the

point where the beam’s cross-sectional area is doubled compared to its minimum area (Siegman, 1986),

zR =
λ

π

f2

α2
0

, (3)
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where λ is the wavelength of the emitted laser and α0 is the effective radius of the aperture lens. The length of the probe

volume lp is considered to be equal to twice the Rayleigh length lp = 2zR.120

2.2 Radial velocity spectra

We model the lidar radial velocity spectrum according to (Mann et al., 2009)

Fvlos (k1) = ninj

∫∫
|φ̂(k ·n)|2Φij(k)dk2dk3, (4)

where φ̂ is the Fourier transform of φ, k the wave vector and Φij is the spectral velocity tensor. Equation 4 can be described

as the combination of probe volume averaging along the beam direction and the one-point spectra of the velocity components,125

which is given as,

Fij(k1) =

∫∫
Φij(k)dk2dk3. (5)

The spectral velocity tensor Φij is here described with the Mann model (Mann, 1994). The Mann model contains three

parameters: dissipation rate αε2/3, the length scale of turbulence LM, and anisotropy Γ. The parameters are usually obtained

by fitting the Mann-based auto-spectra of u1, u2, u3 (F11, F22, F33), and one-point cross-spectrum of uw (F13) to, e.g.,130

measured spectra using a two-parameter pre-computed look-up table (Peña et al., 2017).

The theoretical ratio of the radial velocity spectrum to the velocity spectrum becomes a simple relation when the radial

velocity is aligned with any of the three velocity components. For a Lorentzian weighting function, this ratio is given by:

|φ̂s(k)|2 = e−2|k|zR , (6)

The variances and co-variances of the flow can also be obtained by integrating the spectra Fij ,135

σ2
ij =

〈
u′
iu

′
j

〉
=

∫
Fij (k1)dk1. (7)

3 Experimental Setup

3.1 Measurement configuration

A measurement campaign (Uluocak et al., 2024) was conducted in the wind tunnel located at ForWind - Carl von Ossietzky

Universität Oldenburg, which has 3× 3 m2 test section with 30 m length. The wind tunnel inflow was regulated by an active140

grid (Fig. 1a) installed at the tunnel inlet, designed to produce controlled and repeatable turbulent flow characteristics (Kröger

et al., 2018). A single WindScanner lidar (see Sect. 3.2 for details) was used to perform measurements and a 1-D hot-wire was

5

https://doi.org/10.5194/egusphere-2026-825
Preprint. Discussion started: 1 June 2026
c© Author(s) 2026. CC BY 4.0 License.



used as a reference sensor. An open test section was chosen for its ease of sensor placement and flexibility in adjusting the

setup for various configurations, which were needed to have different focus distances of the lidar. Measurements were taken

along the tunnel’s centre line, where the influence of the open test section was considered to be the least affected region by145

shear layers developed along the edge of the jet flow. A minimum downstream distance of 1.5 m from the grid, equivalent to

ten times the grid mesh size, was maintained. To minimize shear effects in the open test section configuration, the measurement

range was limited to a maximum of 6 m downstream of the grid. Within this range, two measurement points were selected: one

at 1.5 m and the other at 4.5 m downstream of the grid.

Figure 1. Measurement setup in the wind tunnel showing (a) the hot-wire support system downstream of the active grid, (b) the WindScanner

inside the closed test section segment, (c) and the hot-wire and lidar measurement point.

The minimum probe volume size was achieved when the WindScanner was placed at 25 m downstream of the grid consider-150

ing the minimum WindScanner focus distance. To generate larger probe volumes, the WindScanner was moved to the farthest

possible point in the wind tunnel collector, 34 m downstream of the grid. Two WindScanner positions and two measurement

points resulted in four configurations (Fig. 2) with four distinct focus lengths and corresponding probe volumes, as detailed in

Table 1. To align the WindScanner beam with the incoming flow at the measurement locations, the WindScanner was levelled

by positioning it within one of the wind tunnel sections. However, the transition between the wind tunnel surface and the155

collector platform on which the lidar was mounted had a slight ground slope, resulting in small height differences between the

lidar configurations. Because the lidar was focused on the hot-wire measurement point, the resulting calibration azimuth and

elevation angles differed by 2◦ and 1◦, respectively between configurations I & II and III & IV. This difference indicates a few

degrees of misalignment between the line-of-sight and the incoming flow in configurations III & IV.

To minimize flow disturbances caused by the hot-wire and its support while keeping the measurement point as close as160

possible, the laser beam was focused 5 cm below the hot-wire. The position of the focused laser beam was confirmed using an

infrared detector card (Fig. 1c). In order to ensure a sufficient number of aerosols in the wind tunnel for optimal back scattering,

a seeding generator was used during the measurements. The wind tunnel was run for one minute to ensure the flow reached a

statistically stationary state prior to activating the active grid.
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Figure 2. Measurement configurations showing the generation of four different focus lengths (f ) by changing the downstream position of

the hot-wire (dhw) and the WindScanner (dws). The corresponding values for each case are given in Table 1.

Table 1. Downstream positions of the hot-wire (dhw) and WindScanner (dws) from the active grid with the corresponding focus lengths (f )

and probe volumes (lp).

configuration dhw [m] dws [m] f [m] lp [m]

I 4.5 25 20.5 0.14

II 1.5 25 23.5 0.19

III 4.5 34 29.5 0.28

IV 1.5 34 32.5 0.34

3.2 Wind speed measurement devices165

The WindScanner is a continuous-wave short-range scanning wind lidar designed by the Technical University of Denmark,

DTU (Mikkelsen, 2014). As is the case for all Doppler lidars, it determines the velocity of aerosol particles in the atmosphere

by measuring the Doppler shift, i.e., the frequency change (δν) of the backscattered signal from aerosols. The wavelength of the

emitted light is 1.55µm and the effective radius of the aperture lens is 56 mm. WindScanner can measure line-of-sight velocity

within the range [-30,30] m s −1. It can be operated between the focus distances of 20 m to 300 m with a maximum sampling170

frequency of 451.7 Hz. The WindScanner’s rotating head with two prisms allows users to do quick and pre-defined scans. Scans

can be synchronised with dual or triple WindScanner configurations. However, for this study, only single WindScanner staring

measurements were performed by aligning the line-of-sight with the main wind direction.

Measurements were performed with four focus distances varying between 20.5 and 32.5 m and probe volumes of 0.14 m to

0.34 m with the maximum sampling frequency of 451.7 Hz. The backscattered light was sampled at a frequency of 120 MHz,175

and the resulting Doppler spectra were computed using 512 frequency bins, which yields a wind speed resolution of 0.2310−6 Hz

corresponding 0.183 m s−1. The uncertainty of the WindScanner measured radial velocity has been demonstrated to be ap-

proximately 0.1 % based on the results of a wind tunnel calibration study (Pedersen and Courtney, 2021).
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A single lidar can provide only the line-of-sight radial velocity, which represents the projection of the three-dimensional flow

velocity components along the lidar beam direction. However, since we align the lidar beam with the mean wind direction, the180

along-velocity component u is assumed to be equal to the line-of-sight velocity.

Reference wind speed measurements were performed using 1-D Dantec Dynamics hot-wire probe type 55P16 with 20 kHz

sampling frequency. The sensor was mounted at the centre of open test section on a structure with an extended rod and aligned

with the mean flow direction. It was calibrated every day during the measurement campaign using a StreamLine Pro Automatic

Calibrator, whilst taking into account a temperature correction. The temperature was recorded as approximately 20◦C in the185

tunnel during the campaign in August 2024. The calibration curve had less than 1 % relative error for the velocity range

of 0.5 m s−1 to 20 m s−1. Synchronization between the hot-wire and WindScanner data was achieved using a trigger signal

generated by the active grid protocol, ten seconds after its initiation.

3.3 Active grid generated flows

The active grid, developed by ForWind at Carl von Ossietzky Universität Oldenburg, is capable of generating customized190

Gaussian and non-Gaussian turbulence and gust structures (Schottler et al., 2017), achieving high Taylor Reynolds numbers

(Neuhaus et al., 2021), and mimicking and reproducing measured atmospheric flows (Kröger et al., 2018). Various turbulent

flow patterns are produced through the independent control of multiple shafts, each fitted with rectangular flaps. The character-

istics of the turbulence generated by the active grid are primarily governed by two parameters: the flap angle α and the rate of

change of this angle over time δα/δt. The flap angle α adjusts the local blockage at the inlet, ranging from 20 % to 92 %, which195

is primarily utilized to modulate wind shear and turbulence intensity profiles and defined as static -flap- protocols. Meanwhile,

the time derivative δα/δt influences the turbulent spectra and the associated length scales (Neuhaus et al., 2021) in dynamic

-flap- protocols. The relationship between the active grid settings and the resulting flow dynamics is described by a transfer

function (Kröger et al., 2018), which serves as an input for the grid control program to achieve the desired inflow conditions

(Neuhaus et al., 2021).200

After performing the tests with the desired inflow conditions, the actual flow parameters were recalculated from the recorded

hot-wire measurements. The presented integral length scale was estimated by computing the auto-correlation function of the

hot-wire signal and integrating up to the 1/e. For each of the four measurement configurations (Table 1), eight active grid

protocols (Table 2) were used to generate various turbulent flow conditions with a mean wind speed of approximately 7.5 m s−1.

To investigate the effect of the probe volume averaging, integral length scales both smaller and larger than the probe volumes205

were produced to obtain the representative probe volume over length scale ratios as in the atmosphere. The minimum integral

length scale generated was 0.03 m, with a turbulence intensity (TI) of 7 %, achieved by maintaining a fixed flap angle of 80◦

(protocol 4). The largest estimated length scale was 1.7 m, with a TI of 12 %, generated by dynamically varying the flap angle

around a mean angle of α= 60◦ with a 15◦ variation over time (protocol 7). The generated integral length scale L and the

turbulence intensity of the flow for all protocols and configurations are presented in Fig. 3 and all values are given in Table210

A1 in Appendix. Same figure shows a consistent mean velocity increase from configurations II & IV (at 1.5 m downstream) to
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Table 2. Active grid protocols used to generate different flows by changing grid flap angle (α) and the flap angle over time δα/δt

protocol grid status α [◦] δα/δt []

1 static 20 -

2 static 40 -

3 static 60 -

4 static 80 -

5 dynamic 20 7.5

6 dynamic 40 10

7 dynamic 60 15

8 dynamic 40 12.5

1 2 3 4 5 6 7 8
7

8

9

7u
[m

s!
1
]

config I config II config III config IV

1 2 3 4 5 6 7 8
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2
4
6
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10
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l p
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]

Figure 3. Hot-wire measured mean wind velocity ū, integral length scales L and the turbulence intensity TI of the flows generated by the

active grid protocols for four configurations defined in Table 1. The bottom plot shows the probe volume of the lidar over integral length

scale ratios for all measurement cases.
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configurations I & III (at 4.5 m downstream), as evidenced by hot-wire. Variations in flow properties between configurations

arise due to differences in flow development at different downstream positions.

With the generated length scales and corresponding probe volumes belonging to that configuration, ratios of probe volume

over length scale lp/L were estimated, ranging from 0.08 to 8.85 (in Fig. 3). To assess whether these ratios are representative of215

typical lidar ABL measurement conditions, integral length scales and lidar probe volume lengths reported in the literature are

summarized. Integral length scales in the atmospheric boundary layer vary with stability regime. Under convective conditions,

integral scales scale with the boundary layer depth and can reach several hundred metres to over a kilometre (Zhou et al., 2020).

In neutral conditions, typical values increase with height and range from approximately 10 m to 350 m (Nandi and Yeo, 2021).

Stable boundary layers are shallower and characterized by weaker turbulence, resulting in smaller integral scales, typically220

between 1 m and 100 m (McWilliams et al., 2023). Based on atmospheric open field measurements reported in the literature,

the probe volume lengths of commonly used lidar systems range from approximately 7 m to 28 m for CW WindScanners

(focus distances of 145 m to 296 m) (Sekar et al., 2024), 7 m to 26 m for the SpinnerLidar (focus distances of 53 m and 103 m)

(Mikkelsen et al., 2013), probe volumes are reported as 29 m for the WindEye system at an 93 m focus length (Dellwik et al.,

2015), 30 m for the ZX 300 lidar at 200 m focus distance (Knoop et al., 2021) and 50 m for long-range pulsed Windcube 200S225

(Puccioni and Iungo, 2021). The resulting ratios, derived from ABL lidar measurements, are shown in Fig. 4 together with

the corresponding ratios obtained from wind tunnel measurements. It shows that the generated prove volume over length scale

ratios fit quite well the most relevant range in the open field.

10-1 100 101 102 103

L [m!1]

10-1

100

101

102

103

l p
[m

!
1
]

stable ABL

neutral ABL

unstable ABL

WindScanner (Wind tunnel)
SpinnerLidar
WindEye & ZX 300
WindCube 200S
lp=L = 0:08
lp=L = 8:85
lp=L = 0:20

Figure 4. Probe volume lengths (lp) of common lidar systems across ABL regime length scales (L) with corresponding probe volume over

length scale ratios.

Figure 5 shows the turbulence spectrum of the hot-wire velocity measurements for the number of generated flows. The lower

energy level at high frequencies in configuration I & III compared to configuration II & IV agrees with the lower measured TI230

values in Fig. 3 caused by the different hot-wire positions i.e. flow characteristics. As observed, cases generated by static grid

protocols have a similar spectrum to that of conventional atmospheric flow i.e. atmospheric-like, with a relatively flat shape at
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Figure 5. Velocity spectra of the hot-wire measurements for different configurations and grid protocols. Identical hot-wire positions in

configurations I & III and II & IV result in the repetition of the same flow cases, which are therefore shown as a single spectrum. The

Kolmogorov -5/3 slope in the inertial range is indicated by the dashed line.

low frequencies followed by a -5/3 inertial subrange, while the cases with dynamic protocol show much higher energy at low

frequencies.

The Mann turbulence model assumes homogeneous, stationary atmospheric turbulence with shear-induced anisotropy and235

locally isotropic small scales (Mann, 1994). Consequently, the model is applicable when the measured velocity spectra exhibit

a conventional atmospheric spectra shape as observed in the static protocol’s spectra in Fig. 5. Deviations from this behaviour

at very low frequencies are observed in the dynamic protocol’s spectra, often associated with non-stationarity and large-scale

phenomena, are not described by the Mann model and were therefore excluded from the modelling. Consequently, the Mann

model was only implemented on the static cases, resulting in 16 out of 32 cases with protocol numbers 1 to 4.240

4 Methodology

4.1 Data acquisition

The mean tunnel wind speed was initially set to 7.5 m s−1 and left running for one minute before each measurement. In each

case, ten minutes of data were recorded; however, a six-minute period was used for statistical analysis to ensure consistency

across all cases, as in some instances the lidar recorded data for only six minutes. The hot-wire data recorded with 20 kHz245

were downsampled to match the WindScanner sampling frequency of 451.7 Hz using linear interpolation. The resolution of the

lidar velocity was 0.18 m s−1, while the hot-wire resolution was found to be less than 0.05 m s−1. For comparative analysis

of hot-wire and lidar variances, the effect of different resolution of measurement systems were eliminated by rounding the

hot-wire velocity values with the lidar resolution. The maximum change in the hot-wire variance was found to be 0.02 m2 s−2

for the highest turbulence flow cases.250
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4.2 Post-processing of lidar Doppler radial velocity spectrum

While commercial lidars provide estimates of radial velocity, in this study it is calculated directly from the dominant frequency

of the raw Doppler signals using three methods (maximum, centroid, and median). Since these methods only use the dominant

frequency information to determine vlos, the computed turbulence statistics from those velocities are filtered and therefore

sometimes referred to as ’filtered’ turbulence statistics (Fu et al., 2023). Additionally, the Doppler spectra are averaged and the255

second order moment of the averaged spectrum is used to obtain spectrum-based lidar radial velocity variance i.e. so-called

’unfiltered’ velocity variance. Prior to estimating the radial velocity from the dominant frequency or averaging Doppler spectra,

it is necessary to remove noise spectrum from each lidar Doppler spectrum. The noise spectrum consists of a background mea-

surement noise and sometimes can appear appear as secondary peaks caused by backscatter from hard targets. Removing the

noise spectrum is particularly important for the spectrum-based turbulence statistics, since the shape of the averaged spectrum260

significantly affects its second-order moment i.e. radial velocity variance. In this study, four cases containing hard target noise

spectrum originating from the moving grid flaps (Figure B1), were identified and removed from the dataset (Appendix B1).

The Doppler radial velocity spectrum of this CW lidar exhibits a main peak corresponding to the dominant velocity, a

negative peak at zero velocity, and a bumpy background noise, with a bump centred around zero radial velocity as shown in

Fig. 6a. Sometimes, only a pronounced peak appears around zero radial velocity due to lidar noise, which should be removed265

as well.

For all the individual raw lidar spectra, we first removed the non-flat background noise: for each 6-min segment, the noise

was determined by computing the median of the half of the Doppler radial velocity spectrum, where the main peak was not

present and then we mirrored it to the other half (Fig. 6a). Each Doppler radial velocity spectrum was then normalized by this

computed background noise, which resulted in a flat background noise around unity (Fig. 6b). Finally, the flat background noise270

was removed using a threshold set to ’three’ standard deviations above the mean noise spectrum level, which was determined

by using the spectrum values within the first 20 bins, following the approach described by Angelou et al. (2012) (Fig. 6c). Each

Doppler radial velocity spectrum background level was then shifted from one to zero and normalized with its area (Fig.6d).

The radial velocity can then be estimated from the dominant frequency of the clean Doppler radial velocity spectrum at this

step using one of these conventional methods (maximum, centroid, and median).275

The carrier-to-noise ratio (CNR) is estimated by calculating the ratio of clean Doppler radial velocity spectrum area to

background noise area (van Dooren et al., 2022). It was found to be approximately -18 dB for all cases, resulting in almost

no filtering of radial velocities when using a -22 dB threshold. An outlier removal procedure was applied to the lidar radial

velocities using a threshold of three standard deviations of radial velocities, which resulted in less of 1% of data loss for each

case. Figure 7 shows 30 sec time series of along-wind velocities of the lidar obtained from centroid method and the hot-wire280

for three cases portraying the smallest, intermediate and the largest probe volume averaging. The agreement between the hot-

wire and lidar mean velocities for all methods exhibits an RMSE of 0.18 m s−1 or less across all cases, which is considered

sufficient for analysing turbulence statistics between the two measurement systems.
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Figure 6. Sequence of processing raw lidar Doppler spectra (a) Original individual radial velocity spectrum (black) and the estimated non-

flat background noise (red). (b) Radial velocity spectrum after normalization by the background noise level. (c) Threshold applied to the

normalized spectrum and the resulting cleaned spectrum (blue). (d) Cleaned and area-normalized spectrum.
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Figure 7. 30 s time series of along-wind velocity measured by the hot-wire (hw) and the WindScanner (ws) for three cases with the smallest

(a), intermediate (b), and largest (c) lp/L ratios.
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For the spectrum-based turbulence statistics, all clean Doppler spectra were ensemble-averaged and interpreted as a prob-

ability density function (PDF) given by p(vr) of the lidar radial velocities vr, where the mean µvr and the variance σ2
vr are285

derived from the first and the second order moment of the area-normalized PDF, respectively as,

µvr =

∞∫

−∞

vrp(vr)dvr (8)

σ2
vr =

∞∫

−∞

(vr −µvr)
2
p(vr)dvr (9)

5 Results

The results are divided into two main parts. In Sec. 5.1, we use 16 atmospheric-like measurement cases and compare measured290

and Mann-modelled turbulent spectra of the flow, and investigate probe volume averaging based on the turbulent velocity spec-

tra. In Sec. 5.2 we compare the lidar-derived integral length scale and velocity variance to the hot-wire measures depending on

probe volume over integral length scale ratios. In the same section, the spectrum-based velocity variance so-called ’unfiltered’

variance is estimated from the PDF of averaged lidar Doppler spectrum across all cases. In addition, we present PDFs of the

selected cases portraying the smallest, intermediate and the largest probe volume averaging.295

5.1 Measured and Mann-based turbulent spectrum of the flow

We can extract turbulence characteristics of the wind tunnel flow cases by fitting the Mann model to the hot-wire velocity

measurements. The fitting procedure is described in Peña et al. (2017). Deviating from this procedure, here we estimate the

Mann parameters by minimizing the error on the u-velocity spectrum using Mann-based pre-computed look-up-tables instead

of the three velocity spectra and uw-co-spectrum as traditionally done for atmospheric flows (Peña, 2019). Once the Mann300

parameters are known, we can derive both the Mann-based u-velocity spectrum (Eqn. 5) and the Mann-based lidar radial

velocity spectrum (Eqn. 4), which is impacted by the filtering function (Eqn. 6). The Mann model was adjusted to the 16

selected subset of the wind tunnel cases when the hot-wire spectrum exhibited close to atmospheric turbulence characteristics,

e.g., the presence of a single peak in the pre-multiplied velocity spectrum (see Section 3.3). The estimated Mann model

parameters are presented in Fig. 8. Mann-based turbulence length scales LM are found to be on the order of centimetres,305

which aligns with the estimated length scales of hot-wire data for these cases. Notably, half of the the fitted dissipation rate

αϵ2/3 values at high TI are significantly higher than those under typical atmospheric conditions, which range from zero to

0.5 m4/3s−2.

Furthermore, Figure 8 shows that flows generated using the same active grid protocols are described by similar Mann

parameters, demonstrating the repeatability of wind tunnel flows within the Mann model framework except one case. One310

flow case has a significantly different Mann-based turbulence length scale and dissipation rate in comparison to its repeated
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Figure 8. Mann parameters as function of hot-wire TI for 16 wind tunnel cases. Flows are generated using 8 active grid protocols while

keeping the hot-wire position fixed, resulting in the repetition of the same 8 cases. The colour-paired dots represent flows generated by

repeated protocols. The green dot with black outline represents protocol 3, configurations II & IV which were used for further analysis.

flow case, due to differences in the peak spectrum at high frequency region resulting in a different Mann model fit to that

spectrum. A high correlation was identified between the variance predicted by the Mann model (Eqn. 7) and that measured by

the hot-wire, with a coefficient of determination R2 = 0.99 and no bias.

Figure 9 compares the hot-wire and WindScanner velocity spectra for two cases with similar flow conditions (configurations315

II and IV using protocol 3) but different lidar probe volume sizes of 0.19 m−1 and 0.34 m−1, respectively. The Mann-modelled

hot-wire and lidar velocity spectra are also shown in the figure. The filtering of the lidar spectrum compared to the hot-wire

spectrum can be seen by reduced energy across all wave numbers k. The impact of probe volume averaging is also clear from

the reduced energy with the increasing probe volume. The energy increase at high frequencies (i.e., wave numbers beyond

10 m−1) in the lidar data is attributed to lidar measurement noise, as reported in several studies (Angelou et al., 2012; Peña320

et al., 2017; Peña and Mann, 2019; van Dooren et al., 2022). The Mann model accurately fits the measured hot-wire spectra up

to the cut-off wave number kcutoff,hw= 70m−1, after which the measurement noise dominates. A minor discrepancy is observed

between the Mann models of the repeated hot-wire measurements, with one spectrum exhibiting slightly higher energy levels

than the other, particularly for wave numbers below 10 m−1.

The Mann-modelled lidar spectra show good agreement with the measured lidar spectra for the configuration II with lp =325

0.19m resulting in a matching spectra for wave numbers up to kcutoff,ws =7 m−1 where the lidar energy level is at its peak.

In contrast, for configuration IV with lp = 0.34m, the Mann-modelled lidar spectra systematically overestimate the measured

lidar spectra. This overestimation coincides with higher energy levels of the Mann-modelled hot-wire spectra used as input for

the lidar spectra modelling. The measured lidar energy level peak of 2.7 m−1 is shown as the cut-off wave number for this case.

We estimate the spectral ratio of the lidar radial velocity to that of the u-velocity of the hot-wire across all wave numbers to330

evaluate probe volume averaging effects. Figure 10 presents the ratio of the WindScanner radial velocity spectra to the hot-wire
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Figure 9. Along-wind velocity spectra from the hot-wire and lidar, alongside Mann model spectra, for two different lidar configurations (i.e.,

lidar probe volumes).

velocity spectra, along with the modelled spectral ratio for 8 atmospheric-like cases having the smallest and the largest probe

volume lp. For each case, the measured spectra ratio decreases with increasing wave number due to probe volume averaging,

while a rise at higher frequencies (>10 m−1) is attributed to lidar/hot-wire measurement noise. As lp increases, the measured

spectral ratio decreases. This trend is also reflected in the modelled ratios when lp changes from 0.14 m to 034 m.335
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Figure 10. Measured (solid) and modelled (dashed) velocity spectra ratio of the WindScanner’s radial velocity to the hot-wire velocity, for

8 atmospheric-like spectra cases in which static grid protocols were used, having the smallest and the largest probe volumes lp. Modelled

ratios are estimated from Eqn. 6.
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5.2 Measurement of integral length scale and variance

The integral length scale is determined by integrating the auto-correlation function up to 1/e for the hot-wire, lidar and filtered

hot-wire data. Hot-wire velocities are filtered using the Lorentzian weighting function to simulate lidar probe volume averaging.

Figure 11 presents the ratio of the lidar and filtered hot-wire integral length scales to the reference hot-wire length scale for all

cases as a function of lp/L. This figure highlights the challenges of estimating turbulence parameters from lidar measurements,340

also referred to as the lidar-turbulence paradox (Peña et al., 2025); here in particular, estimation of the turbulent length scale

from lidar measurements requires prior knowledge of the turbulence conditions. The general trend of the integral length scale

ratio is consistent with both the lidar and filtered hot-wire data, despite some discrepancies. These discrepancies may arise from

differences in measurement noise between the lidar and hot-wire data, as well as the downsampling of the hot-wire data prior to

the application of lidar filtering. For small lp/L (< 0.2) values, lidar estimates of the integral length scales agree well with the345

one obtained from reference hot-wire data. As lp/L increases, the lidar and filtered hot-wire data progressively overestimate the

integral length scale since small scale turbulence is attenuated by probe volume averaging. The overestimation of lidar-derived

length scales ranges between 6 % and 100 % with the increasing probe volume over length scale ratios used in this study.
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Figure 11. The ratio of the integral length scales derived from lidar and filtered hot-wire data to the reference integral length scale of the

hot-wire for all cases, as a function of lp/L. The dashed line indicates the ideal value of 1.

Figure 12 shows the ratio of the velocity variance of WindScanner to hot-wire measurements depending on lp/L. The

WindScanner velocity variance is estimated from the statistics of vlos which was obtained using three methods (centroid,350

maximum, median) and from the second order moment of the averaged lidar Doppler spectrum. The ratio of the theoretical

velocity variance of the WindScanner and the hot-wire was estimated from the integration of Mann-modelled lidar spectra to

the hot-wire spectra. The line with the velocity variance ratio equal to 1 is plotted to show the ideal case where the lidar can

capture the velocity fluctuations as the hot-wire. The ratio values smaller than 1 correspond to an underestimation of variance

by the lidar and values larger than 1 state an overestimation compared to the hot-wire variance values. It is evident that there is355
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Figure 12. Ratio of the velocity variance from WindScanner to hot-wire measurements for varying lp/L values. The WindScanner velocity

variance is estimated from the statistics of vlos using three methods (centroid, maximum, median) and from the second order moment of

averaged Doppler spectrum of the lidar (Spec) where three highlighted points are the selected cases to show the differences between the

smallest, intermediate and the largest probe volume averaging. The solid line indicates the theoretical ratio of the Mann-based lidar variance

to the hot-wire variance. The dashed line indicates the ideal value of 1.

an underestimation of the velocity variances of the lidar obtained from vlos statistics using the maximum, median, and centroid

method due to the probe volume averaging.

The variance ratio differs between methods, with the maximum method showing the least underestimation. The modelled

variance ratio is consistent with the measured variance ratio of the maximum method, showing an underestimation of velocity

variance reaching up to 80 % where the maximum probe volume averaging occurs at lp/L = 8.85. However, the velocity360

variance obtained from the averaged Doppler radial velocity spectrum of the lidar does not show underestimation as lp/L

increases, which indicates compensation for the effect of probe volume averaging. Yet, the variance remains overestimated in

most cases, with the degree of overestimation varying across cases. The spectrum-based variance ratio varies between 0.8 and

1.7, with an average value of 1.20.

To understand the differences between the hot-wire and spectrum-based lidar variances, the PDFs of the hot-wire velocity365

measurements and the averaged Doppler radial velocity spectrum of the lidar are plotted for the cases with smallest, interme-

diate and largest probe volume averaging in Fig. 13. In the case of the smallest lp/L, i.e. minimum probe volume averaging

(Fig. 13a), the PDF of the hot-wire and the averaged lidar spectrum data are both slightly left-skewed. Although the averaged

lidar spectrum PDF can capture this behaviour to the greatest extent, even slight differences at the tails of the PDF resulted

in 0.1 m2s−2 underestimation of variance. For the intermediate probe volume averaging case (Fig. 13b), the PDFs are more370

symmetrically distributed for both hot-wire and the lidar but the lidar PDF is wider, which results in a small overestimation

of the variance. In the case of the largest lp/L (Fig. 13c), the lidar PDF exhibits additional velocity contributions around bins

close to 5.5 m s−1, which results in significant overestimation of the variance compared to that of the hot-wire.
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To assess whether the asymmetric or additional velocity bins originate from a few dominant peaks or from consistent be-

haviour across all spectra, the individual lidar Doppler radial velocity spectra are plotted in Fig. 14. It is clearly seen that the375

asymmetric or wider PDFs do not result from few number of high-amplitude noise peaks, but rather from the overall distri-

bution of the individual spectra in Figures 14a and 14b. Figure 14c shows that all individual spectra passes around 5.5 m s−1,

which is also present in the corresponding averaged spectrum PDF.

4 5 6 7 8 9 10 11
vlos [m s!1]

0

0.02

0.04

0.06

0.08

0.1

0.12

0.14

P
D

F

hot-wire [<2 = 0:75m2s!2]
lidar (un-ltered) [<2 = 0:65m2s!2]

(a) (a) lp/L= 0.08 (config. I & protocol 7)

4 5 6 7 8 9 10 11
vlos [m s!1]

0

0.05

0.1

0.15

P
D

F

hot-wire [<2 = 0:46m2s!2]
lidar (un-ltered) [<2 = 0:51m2s!2]

(b) (b) lp/L= 0.30 (config. I & protocol 5)

4 5 6 7 8 9 10 11
vlos [m s!1]

0

0.05

0.1

0.15

P
D

F

hot-wire [<2 = 0:26m2s!2]
lidar (un-ltered) [<2 = 0:44m2s!2]

(c) (c) lp/L= 8.85 (config. IV & protocol 4)

Figure 13. PDF of the hot-wire velocity time series and the averaged Doppler spectrum of the lidar (so-called ’unfiltered’) for three cases

corresponding to one of the smallest (a), intermediate (b), and largest (c) lp/L ratios. The bin width is the same as the lidar resolution of

0.18 m s−1. The hot-wire and lidar PDFs are aligned by their mean values to facilitate comparison of PDF width.
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(b) (b) lp/L= 0.30 (config. I & protocol 5)
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(c) (c) lp/L= 8.85 (config. IV & protocol 4)

Figure 14. One-minute lidar spectra for three cases corresponding to one of the smallest (a), intermediate (b), and largest (c) lp/L ratios. To

aid visualization, the spectra are derived from 1 s time series, resulting in 60 spectra displayed over the one-minute interval.

The factors influencing the estimation of velocity variance due to post-processing of the individual Doppler radial velocity

spectra are further examined in Appendix B. The selection of noise removal threshold affects the spectrum-based variance380

(Figure 6c). Increasing the noise threshold reduces the wider portion of the spectrum and leading to a lower estimated variance.

Analysis show that averaged estimated variance ratios decreased from 1.37 to 1.13 as the threshold increased from 1σnoise to
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5σnoise (Appendix B2). Similarly, the effect of the normalization methods on variance estimation is analysed in Appendix B3.

It was found that using peak normalization instead of area normalization results in an average increase in the variance ratio of

0.08.385

Velocity gradients along the probe volume lead to an increase in the spectrum-based estimate of velocity variance. The influ-

ence of such gradients is quantified following the reference approach of (Mann et al., 2010), in which the additional broadening

of the PDF caused by a velocity gradient is corrected using a modified distribution obtained from the convolution of a Gaus-

sian and a Lorentzian function, provided that the gradient along the probe volume is known. To quantify the velocity gradient

along the probe volume, we first calculated the velocity gradient along the wind tunnel. Mean hot-wire velocity measurements390

show that from configurations II & IV (at 1.5 m) to configurations I & III (at 4.5 m), the velocity increases between 0.2 m s−1 to

0.7 m s−1 under identical grid protocols i.e. flow conditions (Figure 3). Assuming a linear velocity gradient over the 3 m tunnel

length, the corresponding velocity differences across the probe volumes (0.14 m, 0.19 m, 0.28 m, and 0.34 m) are estimated to

range between 0.01 m s−1 and 0.07 m s−1 for all cases. After applying the PDF width correction based on this gradient, the

average variance ratio decreases by up to 0.10, resulting in an average unfiltered variance ratio of 1.10 (Figure B3).395

The analysis shows that both the noise-removal threshold and the velocity gradient have a significant influence on the

spectrum-based variance estimation. Although increasing the noise threshold reduces the estimated variance, a conservative

3σnoise threshold is already applied in the present analysis; therefore, the choice of noise threshold alone cannot explain

the observed variance overestimation. In contrast, the results indicate that velocity gradients within the probe volume play a

dominant role in the systematic overestimation observed across most cases.400

6 Discussion

The dedicated measurement setup of a turbulent wind tunnel and a CW lidar facilitated 32 distinct probe volume over integral

length scale ratios ranging from 0.08 to 8.85. This enabled the systematic investigation of the effects on the sensing of along-

wind turbulence characteristics.

The Mann model was fitted to the hot-wire spectra, and the corresponding Mann-based lidar spectra were obtained by com-405

bining the hot-wire model spectra with the lidar filtering function. Overall, the Mann model shows good agreement with the

measured hot-wire spectra (Fig. 9a and 9b). The minor discrepancies observed between the modelled hot-wire spectra for re-

peated hot wire flow cases may be attributed to small variations in experimental configuration, flow conditions, or uncertainties

associated with the fitting methodology. Although good agreement is generally observed between the hot-wire measurements

and the Mann model parameters, the dissipation rate parameter αϵ2/3 is found to be higher than values typically reported for410

atmospheric turbulence. These elevated αϵ2/3 values can be attributed to the compensation required to accommodate the in-

creased turbulence intensity while maintaining small integral length scales in active-grid wind tunnel flows, as the Mann model

adjusts its parameters to fit the measured turbulence spectra. Similar behaviour of the Mann parameters, characterised by high

αϵ2/3 values and integral length scales on the order of a few centimetres, has been reported in recent wind tunnel studies (Wang
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et al., 2025). This behaviour was attributed to the turbulent boundary layer not being fully developed, which leads to evolving415

turbulence characteristics.

Both the Mann-based lidar spectra and the measured lidar spectra exhibit the expected attenuation relative to the hot-wire

spectra due to probe averaging effect. However, for configuration IV with lp = 0.34m, a noticeable discrepancy remains be-

tween the measured and Mann-based lidar spectra. This discrepancy may partly due to the higher spectral energy at low wave

numbers in the modelled hot-wire spectrum used as input for the lidar spectral modelling, as well as possible misalignment420

between the lidar beam and the mean flow direction.

In Figure 12, a few variance ratios obtained from the maximum method are greater than 1 which contradicts the theory of

filtered lidar measurements and can likely be attributed to inhomogeneities in the flow. These inhomogeneities may be caused

by a velocity gradient or by measurement noise along the lidar probe volume. In the same figure, from three conventional

methods, the maximum method has the least underestimation, which is in agreement with previous findings (Held and Mann,425

2018).

We described the post-processing sequence of the Doppler lidar spectra and demonstrated that accurate removal of the noise

spectrum is a critical step for spectrum-based lidar variance estimation. In particular, the choice of the noise threshold can

have a substantial impact when the Doppler spectrum exhibits asymmetric distribution tails as observed in this study, because

the second-order moment of the averaged spectrum i.e. the variance is highly sensitive to the PDF tails. Therefore, a more430

conservative noise threshold of µnoise +3σnoise was used in this study. However, except for cases with pronounced tail-like

PDFs, and especially when the spectral signal exhibits a low CNR, as is often the case in field measurements, the use of the

minimum feasible noise threshold (i.e. µnoise) is recommended to preserve the main spectral peak.

We showed that neither noise threshold nor area normalization of the lidar spectra explain the overestimation of spectrum-

based variances in this study, although both factors do influence variance estimation. The consistent overestimation of the435

spectrum-based lidar variance estimation arises from the broader width of the averaged lidar spectrum PDF, which suggests

that the flow within the probe volume is not statistically homogeneous. Variations observed in the individual spectra confirm

that this effect is due to the flow itself. For instance, in Fig. 14c while the dominant velocity is approximately 7.5 m s−1, all

lidar spectra for this case exhibit velocity distribution around to 5.5 m s−1 contrary to the hot-wire PDF, producing a tail-

like distribution and thereby broadening the spectrum width and increasing the variance estimation. The presence of these440

additional velocity components in several cases may be attributed to several factors: the flow being not yet fully developed

along the tunnel and within the probe volume, i.e., velocity gradients, slight misalignment of the laser beam with the flow

direction, which could result in sampling different flow structures than those captured by the hot wire, or the close proximity

of the measurement location to the hot-wire structure (5 cm), which may induce flow deflection around the structure and create

velocity variations within the lidar probe volume. Among the possible causes, the effect of velocity gradients along the probe445

volume was explicitly analysed. The gradient was estimated from the velocity difference between two reference hot-wire

measurements along the tunnel, assuming a linear variation along the distance. A similar linear interpolation approach was

applied to VAD measurements at different heights to account for vertical shear, and the resulting effect was corrected (Mann
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et al., 2010). Nevertheless, it is not always possible to detect or correct for all velocity gradients within the probe volume,

particularly for scan trajectories influenced by wake flows in the open field.450

Although very successful, the settings of the active grid and the CW lidar impose a number of limitations. Various turbulence

intensity levels and integral length scales were generated using the active grid in the wind tunnel; however, the resulting spec-

tra do not necessarily replicate those observed in atmospheric flows. Measurements were performed at two hot-wire locations,

with the lidar focus adjusted for each measurement; in other words, we have repetitive hot-wire measurements at the same

measurement locations. The main reason for the differences in flow at the same hot-wire measurement location is probably due455

to differences in the free-stream temperature, which resulted in slight differences in the flow properties despite the same pro-

tocol being used. The flow is not fully-developed along the tunnel, as evidenced by the increase in mean velocity at the second

measurement point further downstream. This indicates the presence of a velocity gradient along the tunnel. Moreover, TI is

higher at measurement location closer to the grid, at the 1.5 m downstream position (configurations II and IV), which indicates

higher fluctuations at these points. Because the spectrum-based lidar variance estimation method is highly sensitive to velocity460

gradients and fluctuations within the probe volume, these effects can lead to an overestimation of the lidar-derived variance. To

quantify this behaviour, the ratio of spectrum-based lidar variance to hot-wire variance is examined as a function of measure-

ment configurations and grid protocols. As shown in Fig. 15, the spectrum-based variance overestimation is consistently higher

for configurations II and IV, with the largest overestimation occurring in configuration IV, where the probe volume is largest.

These results indicate that spectrum-based lidar variance estimates are strongly influenced by flow inhomogeneity within the465

probe volume. Consequently, improved agreement between spectrum-based lidar variance estimates and reference measure-

ments is expected when the flow is homogeneous within the probe volume, such as in 10-min statistics of atmospheric open

field conditions. In contrast, similar overestimations may arise in flows characterized by strong inhomogeneity, for example

within the wake of a wind turbine.
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Figure 15. Ratio of the spectrum-based lidar variance to the hot-wire variance for varying configurations and active grid protocols. The

dashed line indicates the ideal value of 1.

For future wind tunnel studies using lidar measurements, it is suggested that the flow characteristics and possible sensor470

interferences within the probe volume are analysed by preliminary tests. Similarly, for studies aiming to model turbulent spectra
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using active grids, careful consideration should be given to the selection of grid protocols to ensure a realistic representation of

the target spectral characteristics.

7 Conclusions

We investigated the effect of probe volume averaging on the along-wind turbulence characteristics measured with a CW lidar475

in a wind tunnel. Using the tunnel’s active grid, flows with a range of turbulence intensities and integral length scales were

generated, while varying the lidar location and focus distance to produce four different probe volumes. This setup enabled, for

the first time, an experimental investigation using 32 distinct probe volume over integral length scale ratios ranging from 0.08

to 8.85 which are representative of open field lidar measurement ratios.

We modelled the probe volume averaging in the lidar spectra by applying a theoretical lidar filter function to the Mann480

model of the hot-wire data. Lidar measurement noise is evident from the increase in spectral energy at higher wave numbers

(>10 m−1) across all cases. Apart from this noise region, the modelled lidar spectra exhibited the expected attenuation relative

to the hot-wire spectra due to probe volume averaging. However, the accuracy of the lidar spectra model strongly depends on

the accuracy of the modelled hot-wire spectra used as input. Any discrepancies between the modelled and measured hot-wire

spectra propagate through the filter function, leading to corresponding discrepancies in the modelled lidar spectra. Additionally,485

slight misalignments between the lidar beam and the incoming flow, varying by a few degrees, can further contribute to these

differences. Despite these discrepancies, both the modelled and measured spectra captured the expected decrease in the ratio

of lidar to hot-wire spectra with increasing probe volume across all studied cases.

We also demonstrated that the measured and modelled lidar-based turbulence statistics, including integral length scale and

variance, are highly dependent on the probe volume to integral length scale ratio, which is the primary parameter representing490

probe volume averaging. The lidar-derived integral length scales are significantly overestimated, ranging from 6 % to 100 %

compared to the reference measurements, as probe volume averaging increases. The lidar to hot-wire variance ratios obtained

from conventional methods, using only the dominant frequency of the backscattered lidar signal, drop sharply once the probe

volume over integral length scale ratio exceeds 0.2. The relative error of the lidar-derived variance obtained using conventional

methods increases from 10% up to 80% at the largest probe volume to integral length scale ratio of 8.85. This is particularly495

important for highly stratified conditions (e.g. stable) with small dominant turbulence structures in open field applications.

However, this can become noticeable already at neutral regimes if larger probe volume lengths are used, which are associated

with longer focus lengths of a few hundreds of metres.

For the first time, we experimentally estimated spectrum-based lidar variance from the averaged lidar Doppler spectrum as

a function of the probe volume over integral length scale ratios. The results indicate that spectrum-based variances are range500

from -15% to +70% but largely independent of this ratio, unlike conventional variance estimation methods, and show better

agreement with reference hot-wire values with an average relative error +20 %.

Since the spectrum-based lidar variance estimation method is highly sensitive to velocity gradients and fluctuations within

the probe volume, these effects can contribute to an overestimation of the spectrum-based lidar derived variance. When such
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velocity gradients are estimated, as demonstrated in this study, the overestimation can be corrected, reducing the average rela-505

tive error to +10%. Despite the presence of flow gradients in the tunnel, the spectrum-based lidar variance estimation method

compensates for probe volume averaging and improves the agreement with reference values demonstrating its capability for

lidar-based along-wind variance estimation in both laboratory and field environments.

Data availability. The data used for the analysis in this paper can be made available on request.510
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Appendix A: Flow characteristics for all studied cases

Table A1. Setup and flow details of all measurement cases.

Configuration Protocol ūhw TIhw Lhw lp lp/L

I 1 8.18 4.75 0.10 0.14 1.40

I 2 8.35 4.13 0.08 0.14 1.69

I 3 8.24 3.55 0.07 0.14 1.99

I 4 7.87 3.07 0.06 0.14 2.40

I 5 7.83 8.64 0.48 0.14 0.30

I 6 7.97 10.27 1.16 0.14 0.12

I 7 7.94 10.88 1.74 0.14 0.08

I 8 7.84 12.45 1.43 0.14 0.10

II 1 7.79 9.04 0.05 0.19 3.90

II 2 7.58 8.54 0.05 0.19 4.00

II 3 7.40 6.73 0.05 0.19 4.08

II 4 7.75 7.01 0.05 0.19 3.89

II 5 7.59 12.50 0.20 0.19 0.95

II 6 7.46 10.14 0.23 0.19 0.80

II 7 7.28 10.40 1.00 0.19 0.19

II 8 7.58 12.19 0.85 0.19 0.22

III 1 8.14 4.39 0.08 0.28 3.54

III 2 8.16 3.48 0.07 0.28 4.04

III 3 8.01 3.14 0.07 0.28 4.11

III 4 7.80 3.13 0.06 0.28 4.82

III 5 7.93 8.15 0.57 0.28 0.49

III 6 7.92 9.22 1.16 0.28 0.24

III 7 7.73 10.62 1.62 0.28 0.17

III 8 7.78 12.28 1.39 0.28 0.20

IV 1 7.80 9.14 0.05 0.34 7.16

IV 2 7.47 7.61 0.05 0.34 7.35

IV 3 7.51 7.01 0.05 0.34 7.36

IV 4 7.51 6.80 0.04 0.34 8.85

IV 5 7.48 11.89 0.22 0.34 1.57

IV 6 7.43 10.20 0.48 0.34 0.71

IV 7 7.35 10.90 1.06 0.34 0.32

IV 8 7.32 12.17 0.86 0.34 0.40
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Appendix B: Factors influencing the estimation of spectrum-based velocity variance515

B1 Backscatter from moving objects in the measurement volume

In lidar measurements, any backscatter contributions from moving objects within the measurement field should be removed

from the dataset. For example, nacelle-based lidars often experience spurious backscatter signals when turbine blades pass

through the measurement volume. Similarly, in four of the present cases (configurations II & IV, protocols 5 & 6), the lidar

signal was affected by the moving flaps of the active grid, located 1.5 m downstream of the lidar focus point. This resulted in520

Doppler radial velocity spectra with peaks around the flap velocity between -2m s−1 and 2m s−1 (Fig. B1). These Doppler

radial velocity spectra were removed from both the lidar and hot wire dataset, which accounts for 25% of the dataset in those

cases.
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Figure B1. A secondary peak in the lidar Doppler spectrum around -2 m s−1 to 2 m s−1 due to the backscatter from the moving active grid

flaps.

B2 Noise threshold effect on lidar Doppler spectrum

A noise threshold, defined as the mean plus three times the standard deviation of the noise spectrum σnoise, was applied prior525

to the normalization and averaging of the radial velocity spectra. To evaluate the impact of noise removal, the threshold was

systematically varied from one to five standard deviations for all cases in the dataset. The corresponding threshold limits for a

representative radial velocity spectrum are illustrated in Fig. B2. Thresholds beyond five standard deviations were not tested,

as higher values would clearly remove part of the signal. The resulting differences in velocity variance ratios for the five

threshold definitions are shown in Fig. B1. As the standard deviation multiplier in the threshold definition increases, more of530

the wider part of the spectrum, including the tails is removed, leading to a reduction in the estimated variance. Consequently,
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with increasing noise threshold, the estimated variance ratio decreases relative to the one obtained with a 1σnoise threshold.

The mean value of the estimated variance ratios decreased from 1.37 to 1.13 as the threshold increased from 1σnoise to 5σnoise.
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Figure B2. Lidar spectrum noise threshold using five different threshold definitions.

Table B1. Estimated variance ratios for different noise threshold definitions.

Threshold (σnoise) Average variance ratio

1 1.37

2 1.26

3 1.20

4 1.16

5 1.13

B3 Normalization effect on lidar Doppler spectrum

In WindScanner measurements, the radial velocity spectrum is stored already in a normalized fashion to maintain a constant535

amplitude for a convenient storage. In this ’default’ normalization, the peak value of the Doppler power spectrum is kept at the

same level while the spectrum amplitude varies. Consequently, signals with low backscatter are characterized by lower spectral

amplitudes and smaller areas, and vice versa.

Two additional normalization techniques, as described in (Branlard et al., 2013), were also applied to the data to assess their

impact on the variance ratios. One technique normalizes the default spectrum using peak value amplitudes, known as ’peak540

normalization’, ensuring that low and high backscatter signals contribute equally during ensemble averaging. The second tech-

nique, known as ’area normalization’ assumes constant energy for each radial velocity spectrum so performs area normalization

on the default spectrum.
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Ensemble averaging of the Doppler spectrum was performed using the default normalization method as well as two alterna-

tive normalization techniques. The resulting velocity variance ratios obtained with area normalization were nearly identical to545

those derived using the default approach. In contrast, the use of peak normalization led to an increase in the variance ratio by

up to 0.08.

B4 The effect of velocity gradient along the probe volume on spectrum-based lidar velocity variance estimation

This section provides an additional figure showing ratio of the spectrum-based lidar variance to the hot-wire variance after the

velocity gradient correction.550
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Figure B3. Ratio of the spectrum-based lidar variance to the hot-wire variance with and without velocity gradient G correction. The dashed

line indicates the ideal value of 1.
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