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Abstract. The SWUF-3D drone fleet is used to obtain in situ measurements of three-dimensional turbulence in the atmospheric

boundary layer (ABL). This requires high measurement accuracy and a quantification of measurement uncertainties. Hardware

modifications can extend flight duration but may also alter flight behavior. Because wind estimates are derived from forces

inferred from avionics data, the open question is how far turbulence measurements become affected by such modifications.5

We therefore quantify hardware-dependent resolvable frequency ranges and uncertainties for single-point and multi-point tur-

bulence statistics. Since we perform simultaneous, spatially distributed fleet measurements with the drones, we also assess

the capabilities and limitations of such multi-location measurements. To determine the uncertainties, we perform verification

under laboratory conditions and validation under real-world conditions against reference sensors using different hardware con-

figurations. Using the main hardware configuration of the drones, we perform fleet measurements of the 3D wind vector with10

spatial separations in all directions to evaluate measurements for the analysis of velocity increments and coherence. The dataset

comprises 42 wind tunnel time series of approximately 10 min and 155 field flight time series with an average duration of more

than 10 min. We identify hardware-dependent maximum resolvable frequencies of approximately 2.5–5 Hz, with the main con-

figuration capable of resolving frequencies up to 3.5 Hz. Variance estimates are comparable across configurations, with a root

mean square error of ≤ 0.21 m2 s−2. Within the resolvable frequency ranges, the probability density functions (PDFs) of ve-15

locity increments agree well with those derived from reference sensors down to a minimum resolved spatial lag of 2 m. At very

short lags and low wind speeds, extreme deviations from Gaussianity (i. e. intermittency) are not fully captured, which leads to

an underestimation of the kurtosis of the velocity increment PDFs. Fleet measurements resolve spatial velocity increments and

coherence for the 3D wind components in all three separation directions at distances of 50–100 m. All drone configurations

resolve the frequency range over which coherence is observed. The SWUF-3D fleet can reliably measure turbulence statistics20

within hardware-dependent small-scale limits, which mainly affect the quantification of intermittency at small scales. The fleet

measurements enable spatial two-point analyses of turbulence in all directions. The quantified effects and uncertainties provide

a basis for future ABL turbulence studies, for example in complex terrain and wind turbine wakes.
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1 Introduction

Reliable measurements of wind and turbulence are essential for understanding atmospheric boundary layer (ABL) processes25

and for improving applications such as wind energy assessment and meteorological observations (Stiperski et al., 2025; Kosović

et al., 2026). However, conventional in situ measurement systems are often limited in their spatial flexibility and vertical reach.

Uncrewed aerial systems (UASs) have been established as an alternative, enabling measurements in environments and at

altitudes that are difficult to access with stationary measurement infrastructure.

UAS platforms used for ABL observations can generally be divided into fixed-wing systems (Wildmann et al., 2015; Raut-30

enberg et al., 2019; Bramati et al., 2025) and rotary-wing systems. The latter offer practical advantages, notably the ability

to hover in a stationary position. Within this category, measurements using multicopter UASs can be further divided into two

main approaches. In the direct approach, the UAS primarily serves as a carrier platform for specialized anemometers (Molter

and Cheng, 2020; Thielicke et al., 2021; Ghirardelli et al., 2025; Yang et al., 2025). In the indirect approach, the drone itself

serves as an anemometer by deriving the wind vector from avionics data (Neumann and Bartholmai, 2015; Palomaki et al.,35

2017; Brosy et al., 2017; Shelekhov et al., 2022; Chen et al., 2026; Segales et al., 2026).

Using the indirect method with copter-UAS, analyses are conducted with the SWUF-3D fleet (Wetz et al., 2021) to perform

high-resolution wind measurements in the mountain boundary layer (Pfister et al., 2024) and wind turbine wakes (Wildmann

and Kistner, 2024, 2025) using up to 30 drones simultaneously. Wind measurements have already been calibrated for horizontal

winds (Kistner et al., 2024) and vertical winds (Kistner et al., 2026), and the accuracy of wind speed measurements has been40

quantified. For future data analyses of spatially distributed fleet measurements of 3D turbulence in the ABL, measurement

capabilities with the highest possible resolution and accuracy are required, as is an understanding of the uncertainties in these

measurements. Additionally, the drone hardware is continuously being adapted to increase the flight duration of the drones and

thus the measurement duration.

While in the direct method the error in the sensor signal is driven by sensor positioning or propeller induction, the propeller-45

induced flows need to be well described and measured. In the indirect method, the flight physics of the drone needs to be well

described and measured to derive a wind estimate. Hardware modifications, such as propeller or battery upgrades, can change

the flight physics, including thrust, lift, and drag, and thus directly affect the wind measurement. An assessment of the effects

of hardware modifications is therefore important for users of the indirect method for turbulence measurement.

González-Rocha et al. (2019) characterize the frequency response of model-based wind estimation, but do not address50

hardware-dependent influences on turbulence measurements. Chen et al. (2026) apply measurement methods using the UAS

as a sensor from laboratory tests to field measurements against meteorological masts, and find that differing payload mass

and placement influence the relationship between attitude and wind speed, while leaving the characterization of turbulence

unaddressed. Neumann and Bartholmai (2015) transfer measurements based on avionics data from the wind tunnel to the open

field and validate them against reference sensors, but also do not investigate turbulence characteristics. Thielicke et al. (2021)55

and Schurig et al. (2026) take a similar approach by transferring their investigations from the wind tunnel to field measurements

2

https://doi.org/10.5194/egusphere-2026-4904
Preprint. Discussion started: 3 November 2026
c© Author(s) 2026. CC BY 4.0 License.



and measuring around wind turbines, but use the direct measurement method without extending their analysis to the turbulence

characteristics of the measured flow.

In this context, turbulence measurement is not limited to observations at individual measurement positions or to single-point

statistics such as variance, as these may not be sufficient to fully characterize atmospheric properties for the intended use cases.60

Therefore, two-point turbulence statistics are employed. Here, the term two-point refers both to measurements at two spatially

separated locations (using two sensors at two points in space) and to measurements obtained with a single sensor under Taylor’s

hypothesis, which relates temporal instances to spatial positions (conversion of lags between two points in time into distances

between two points in space).

For example, Morales et al. (2011) show that the same single-point statistic can correspond to very different two-point statis-65

tics, as for example described by the probability density function (PDF). These statistics are particularly important in technical

applications where wind loads need to be considered, for example in the design and operation of wind turbines. This highlights

the importance of correctly describing such statistics. This is confirmed in the work by Schottler et al. (2017), which shows in

a comparative wind tunnel study with an active grid that the same mean wind speed and turbulence intensity are insufficient to

characterize a turbulent flow when evaluated for wind energy applications, as they do not provide information about intermit-70

tent or Gaussian inflow conditions. This motivates the development of a measurement system capable of providing accurate

data for two-point statistics at the relevant scales. This point is reinforced by Schottler et al. (2018), who also demonstrate in

a wind tunnel study that the wake behind a wind turbine is significantly wider when identified via two-point analysis. More

generally, Kosović et al. (2026) investigate the research gaps and needs regarding the effects of atmospheric turbulence on wind

turbine loads. Among other things, they identify the need to observe intermittent turbulence events.75

The drones of the SWUF-3D fleet are intended to measure this non-Gaussianity or intermittency in the ABL and wake

flows. Therefore, we verify whether the measured turbulence properties can reliably reflect those of reference sensors in time-

increment analyses.

Since the SWUF-3D fleet also enables flexible, simultaneous, spatially distributed in situ measurements, it is now possi-

ble to conduct novel spatial multipoint analyses. Kistner et al. (2026) already evaluated multipoint measurements of vertical80

covariance, while Wetz et al. (2023) demonstrated that correlation and coherence can be analyzed over separation distances

of 5–205 m using UAS fleets. Canter and Bailey (2019) report scale-dependent statistics based on velocity increments mea-

sured using fixed-wing UASs in forward flight. Kim et al. (2026) analyze velocity increments through second-order structure

functions, but use measurements from a sonic anemometer mounted on an individual multicopter UAS.

However, increment analyses using drones as sensor have not yet been demonstrated, either at a single measurement position85

or across multiple positions.

Furthermore, the coherence analyses by Wetz et al. (2023) are based on the total horizontal wind, whereas Thedin et al.

(2023) examine the coherence of the 3D wind components separately for different spatial separation directions using large-

eddy simulations. Combining this analysis with drone-based coherence measurements opens up the possibility of flexible and

omnidirectional multipoint analyses of turbulence in the ABL. Coherence depends on the velocity component under considera-90

tion and the spatial separation direction (Bowen et al., 1983; Krug et al., 2019; Thedin et al., 2023) and therefore, characterizing
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turbulent structures of the three velocity components in all three spatial separation directions is relevant to boundary layer me-

teorology. Tong et al. (2026) perform a turbulence analysis using multipoint statistics derived from measurements. Among

other things, they also use eight multicopter drones to measure the 3D velocity components using the indirect measurement

method and compare them against an array of sonic anemometers. In doing so, they compare the wind speeds and the TKE95

derived from them. They do not perform an increment analysis or integrate the measurements from the various drones. A

closely related study in the context of multipoint analysis is Sim et al. (2024), in which the authors analyze the distributions

and correlations of wind speed increments using offshore data from multiple heights. They demonstrate simultaneous correla-

tions of increments between two heights and show that increment PDFs are non-Gaussian at small scales but Gaussian at large

scales. This demonstrates that multipoint spatial increment statistics provide meteorologically significant characterizations of100

the flow. However, the study is based on measurements taken with stationary anemometers, not with flexible systems such as

drones.

In summary, there is no systematic identification of turbulence resolution limits for drones in wind tunnels or field measure-

ments, no hardware comparison for turbulence measurements using the indirect method, no analysis of velocity increments

based on indirect drone measurements, and no spatial intermittency analysis using multiple, spatially distributed multicopter105

drones in the available literature. These research gaps persist despite a general interest in higher-order statistical features of

atmospheric turbulence. This gives rise to the following research questions:

1. What is the influence of hardware modifications to a UAS airframe on the turbulence resolution limits when using the

indirect method?

2. What uncertainties arise in turbulence measurements using a single drone under laboratory conditions?110

3. Can these uncertainties be confirmed in turbulence measurements from single drones under real-world conditions?

4. Do these constraints allow accurate turbulence analysis based on combined measurements from multiple drones under

real-world conditions?

The aim of this work is therefore to identify the limits of turbulence resolution using different types of drone hardware, to

verify accuracy under defined and reproducible flow conditions, and to validate these results using different drones under the115

same real-world flow conditions. Furthermore, using one hardware configuration as an example, we demonstrate how in situ

fleet measurements can be used to measure the three wind components at spatially distributed positions to determine coherence

and quantify the non-Gaussianity of small-scale turbulence.

The next section describes the multicopter UAS used, including the hardware modifications, the wind tunnel with an active

grid and reference sensors, and the experimental setup at a research wind farm. Section 3 addresses the methods for identifying120

measurement limits and for verifying and validating the 3D turbulence measurements. This includes the respective calculations

of key parameters for characterizing turbulence and error metrics. The results are then presented in Sect. 4 and discussed in

Sect. 5 and 6.
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2 System description and Experimental Setup

2.1 Uncrewed Aerial Systems125

Within the SWUF-3D fleet, the basic hardware, based on the QAV250 airframe from Holybro (Fig. 1), can be modified in var-

ious ways. First, since the work of Wildmann and Györy (2025), we have been using 5.5′′ propellers instead of 5.0′′ propellers

for the fleet. Furthermore, we achieve longer flight times with newer battery generations: our first step here was switching from

3500 mAh LiPo batteries to 4500 mAh LiIo batteries. Since our wind measurements are based on accelerometer data, which

are influenced by the airframe’s vibrations, we investigate how mounting the autopilot on foam pads to damp these vibrations130

affects the measurement behavior for turbulence. All drone configurations examined in this study and their specifications are

listed in Table 1. We operate all drones using a custom version of the PX4 v14.1 operating system on the Pixhawk 4 Mini au-

topilot. To maintain the drone’s position in hover flight, we use GNSS and a barometer in field measurements, and the MTF-01

optical flow sensor and rangefinder module from RoboFusion in the wind tunnel.

Figure 1. The QAV250 drone with its various modified hardware components (adapted from Hofmann, 2025).

Table 1. System description of the used UAS configurations.

Parameter 5.5′′LiPo 5.5′′LiIo 5.0′′LiPo 5.5′′LiPoP

Battery type 3500 mAh LiPo 4500 mAh LiIo 3500 mAh LiPo 3500 mAh LiPo

Weight (including battery) 0.655 kg 0.665 kg 0.655 kg 0.655 kg

Propeller size 5.5′′ 5.5′′ 5.0′′ 5.5′′

Max. flight time 20 min 27 min 15 min 20 min
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2.2 Wind tunnel135

The measurements were conducted in the large ForWind wind tunnel of the University of Oldenburg, featuring a 3 m× 3 m

test section equipped with an active grid composed of 80 independent shafts for turbulence generation (Kröger et al., 2018;

Neuhaus et al., 2021). In previous tests in the same wind tunnel (Kistner et al., 2024), we used the open test section setup

and placed a drone 2.5 m downstream of the grid. This allowed us to measure the response of our drone to various inflows,

including gusts and flows with different turbulence levels. However, due to the open test section setup and active grid motion140

protocols used, overly energetic fluctuations around the drone’s potential maximum resolution frequency were measured, as the

flow acted like a jet. This constrained our ability to investigate the limits of turbulence measurements. To mitigate this effect,

but to still ensure safe flight of the UAS in the flow, we selected a semi-closed measurement section setup for this study (see

Fig. 2a). Two movable section elements, each 6 m long, were placed at the inlet of the wind tunnel, and a new measurement

rig was positioned at the outlet of the second test section. The 12 m long closed test section contained the flow generated by145

the active grid and was sufficiently long to ensure a fully homogeneous flow. Compared to the open test section (without any

elements), the flow exiting the closed section was more stable. This setup allowed us to remove the high spectral content in the

flow at the frequency range of interest, where we placed our reference measurements and the drone.

The reference sensors used to measure turbulence were 1D hot-wire sensors connected to multichannel constant-temperature

anemometers (CTAs) from Dantec Dynamics (54N80-CTA). These sensors were attached to two system profiles mounted on a150

front pole and a back pole, respectively (see Fig. 2b). The hot-wires were calibrated against Prandtl probes on each measurement

day, during which the temperature remained constant, with variations lower than 0.5°C. The hot-wires were arranged to span

the measurement volume in which the drone moved, without disturbing the flow measured by the drone or vice versa. This is

based on the observations of Kistner et al. (2024), as the drone’s downwash strongly affected the hot-wires mounted behind it

at flight height and below. To reduce this effect, three sensors were mounted along a horizontal line with a spacing of 0.5 m155

between sensors and in front of the drone at a height of 2.8 m from the ground (1.3 m from the wind tunnel floor). Behind the

drone, 3.7 m behind the front pole, three additional sensors were mounted at a height of 3.2 m from the ground (1.8 m from

the wind tunnel floor), while the drone hovered between them at a height of 3.0 m. Thus, a total of six hot-wires were used,

measuring wind speed time series with a sampling frequency of 1000 Hz.
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(a) Measurement setup in the wind tunnel

with a) reference sensors on the back pole,

b) UAS hovering at a height of 3.0 m,

c) reference sensors on the front pole, and

d) active grid at the outlet.

(b) Schematic representation of the front view of the reference sensor poles with the

positions of the CTAs and Prandtl probes.

Figure 2. Experimental setup in the wind tunnel for measurements of statistically reproducible turbulence.

2.3 Wind park160

To validate turbulence measurements using various UAS configurations under real-world conditions, we use the measurement

mast array located at the DLR WiValdi research wind farm. This array consists of three meteorological masts, each spaced

50 m apart and oriented along a geographical azimuth direction of 10°–190°. These masts are 100 m or 150 m high and are

equipped with various anemometers. Selected 3D sonic anemometers from Thies Clima at heights of 20 m, 25 m, 90 m, and

100 m serve as reference sensors for the drone measurements.165
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Figure 3. Schematic representation of the west view of the measurement mast array, with sonic anemometers shown in orange and cup

anemometers shown in black. The sonic anemometers selected as references at heights of 20, 25, 90, and 100 m are indicated by the black

arrows.

We conduct the validations using the 5.5′′LiPo, 5.5′′LiIo, and 5.0′′LiPo configurations. This involves two flight patterns,

which we carried out during measurement campaigns in July 2024 and March 2025. One pattern is the configuration compar-

ison flight pattern for a direct comparison of the three QAV250 configurations in the same airflow (see Fig. 4a), an the other

pattern is the box-shaped flight pattern utilizing exclusively one QAV250 configuration (see Fig. 4b).
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(a) Configuration comparison flight pattern (b) Box-shaped flight pattern

Figure 4. Experimental setup for the validation measurements around the measurement mast array. The dashed black lines represent the

orientations of the drones relative to each other and to the reference sensors on the masts.

In the configuration comparison pattern two UASs of the same configuration hover one above the other at heights of 25 m170

and 100 m and at a horizontal distance of 50 m from the reference sensors. To compensate for local or sensor effects, we

swapped the positions of the upper and lower UASs, the UAS pairs relative to each other, and the fleet positions west and east

of the masts. In total, we conducted 13 fleet flights, from which 70 usable time series with an average duration of 9.8 minutes

were obtained. A more detailed overview of the individual flights can be found in Table E1.

As mentioned above, characterizing turbulent structures of the three velocity components for all three spatial separation175

directions is relevant to atmospheric studies. Thus, the box-shaped flight pattern, which was already employed for the analyses

in Kistner et al. (2026), is used. This pattern consists of 10 drones in the 5.5′′LiPo configuration only, which at that time

served as the standard configuration for the SWUF-3D fleet. In this pattern, the drones hover simultaneously at distances of

50 m upstream and downstream of the measurement mast array at altitudes of 25 m and 90 m, thereby providing separations

in all three spatial directions and enclosing a box-shaped volume around the array. We conducted 17 fleet flights, resulting180

in 85 usable time series with an average duration of 11.1 minutes. For a more detailed overview of the individual flights, see

Table E2.
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3 Methods

Our wind measurement is based on the post-processing of the drone’s logged avionics data during hover flight. Using 3D accel-

eration data, Euler angles, magnetometer measurements, and motor control signals, we can determine the speed and direction185

of the wind acting on the drone as it maintains its position by adjusting thrust and tilt. The methods for the wind algorithm

and how the calibration coefficients are determined are described in detail in Kistner et al. (2024, 2026). The acceleration

data logged by the autopilot are measured at a resolution of up to 250 Hz. At this sampling rate, the data contain not only

the drone’s acceleration caused by turbulence it encounters, but also the accelerations caused by mechanical vibrations of the

drone itself (see Fig. 5). To prevent these signals from being incorrectly interpreted as turbulence information, we filter them190

out of the acceleration data before converting the data into wind speeds. Therefore, we downsample the avionics data to a

suitable frequency fs. To prevent aliasing effects, we apply a second-order Butterworth filter with a cutoff frequency fc before

downsampling.

Figure 5. Power spectral density of the 3D acceleration components in the drone’s body-fixed coordinate system under low turbulent wind

conditions with wind speeds ranging from 0 to 18 ms−1. The green curve represents the longitudinal accelerations, the magenta curve the

lateral accelerations, and the blue curve the vertical accelerations. While the curves initially decrease with increasing frequency, a significant

increase is observed at high frequencies, caused by accelerations due to mechanical vibrations of the drone.

The analysis in this work starts by determining the usable spectral frequency range of each drone. From this, fs and fc are

derived for generating low-noise wind speed time series. Based on these processed wind time series, turbulence statistics of195

temporal velocity increments under laboratory and field conditions are evaluated against reference measurements and compared
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across different UAS hardware. The analysis is then extended to multi-sensor analysis from fleet measurements using spatial

velocity increments and coherence to assess the spatial turbulence structure.

This analytical workflow can be summarized as follows: (1) determination of filter coefficients, (2) single-drone uncer-

tainty estimation in the wind tunnel, (3) single-drone uncertainty validation in the field, and (4) multi-drone spatial turbulence200

validation in the field.

3.1 Wind tunnel

Prior to verification and validation, we perform the calibration of the measurement of the 3D wind components for all hardware

configurations using the methods described in Kistner et al. (2024, 2026), by conducting test flights with reference sensors in

the open test section. The resulting accuracies of the wind speed measurements are listed in Table E4.205

3.1.1 Identification of turbulence resolution limits

When selecting the sampling frequency fs for all configurations, two objectives apply: first, to ensure that high-frequency noise

is filtered out, and second, to sample the highest possible frequency range to capture the small-scale features of turbulence.

We proceed in two steps: first, we examine the drone’s 3D accelerations in the measurement setup used for calibration at

wind speeds that are incrementally increased from 0 to 18 m s−1 under laminar conditions. We analyze the scale-dependent210

distribution of fluctuations via the one-sided power spectral density (PSD) S of the accelerations in its bin-averaged form S to

qualitatively identify the frequency above which noise dominates the acceleration signal. For the averaging, we determine the

bins using the Freedman–Diaconis rule (Freedman and Diaconis, 1981) and the interquartile range (IQR), which is explained

in more detail in Appendix A. In the second step of the analysis, we conduct measurements using the drones in turbulent flows

generated by the active grid and process the data using the qualitatively identified maximum frequency.215

Fig. 5 shows the PSD of the three acceleration directions for an example flight. From this, we can already qualitatively

determine that noise clearly dominates at approximately 12.5 Hz. In accordance with the Nyquist theorem (Nyquist, 1924), we

use the doubled value of this frequency and set 25 Hz as fs for the first analysis step.

In the second step, similar to Kistner et al. (2024), we use the same protocols and one additional protocol to generate turbu-

lence at different mean wind speeds (see Table E3), while performing the measurements in the experimental setup described in220

Sect. 2.2. By doing so, we increase the PSD of the wind speed and thus also its variance. We compare the bin-averaged spectra

derived from the UAS measurements with those from the reference measurements and determine the frequency at which the

UAS spectra begin to deviate from the reference spectra. Using this approach, we can determine the maximum frequencies of

the UAS measurements as a function of variance. Since the drone moves within the measurement volume defined by the six

reference CTAs, we do not use a single CTA as a reference, but instead construct the reference spectrum Sref from them:225

S̄ref(j) =
1

6

6∑

i=1

S̄CTA,i(j), j = 0, . . . ,B− 1 (1)
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where (f̄CTA,i, S̄CTA,i) denotes the binned spectra of the i= 1, . . . ,6 reference CTAs and j denotes the bin index in the number

of bins B. To compare the averaged spectrum derived from UAS measurements, S̄UAS, with S̄ref on a common grid, both

spectra are interpolated onto a shared frequency axis f∗ derived from the binned frequency vectors, yielding S̄ int
UAS(f

∗) and

S̄ int
ref (f

∗). The comparison is restricted to the common frequency band up to the highest UAS frequency. We use the commonly230

applied 3 dB criterion as the threshold for a significant spectral deviation, which is expressed as a factor-of-two constraint on

the PSD ratio as

1

2
<

S̄ int
ref (f

∗)

S̄ int
UAS(f

∗)
< 2. (2)

The divergence frequency fmax is defined as the highest frequency in the analysis band for which the ratio in Eq. (2) remains

within the 3 dB limits (Fig. 6). The corresponding spectral level is reported as235

Smin = S̄ int
ref (fmax). (3)

We then set fs = 2fmax using the highest fmax achieved by the respective UAS. To avoid aliasing effects while also avoiding

distortion of the analyzed spectrum below fs, we set fc = 0.75fmax.

Figure 6. Example comparison of the power spectral densities S obtained from UAS and reference measurements in the wind tunnel, together

with their bin-averaged counterparts S. The blue curves represent the (bin-averaged) spectra derived from the UAS measurements, and the

grey curves represent the (bin-averaged) spectra derived from the reference measurements. The dashed red lines indicate the respective

Smin at the last frequency fmax at which the deviations of the bin-averaged spectra remain below 3 dB. The dashed black line represents a

spectrum following the Kolmogorov −5/3 power law.
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3.1.2 Verification of turbulence retrieval

Using the new fs and fc, we reprocess the UAS measurement data from the test flights in turbulent flows and derive the wind240

speed V from the reprocessed data. After checking that the mean wind speed is reproduced correctly, we focus on retrieval of

turbulence quantities and first determine the wind speed variance σ2 as a single-point turbulence statistic, since it is a measure

of the absolute intensity of wind speed fluctuations.

The agreement between UAS and reference measurements of wind speed variance over N time series is quantified using the

root mean square error (RMSE), defined as245

εσ2 =

√√√√ 1

N

N∑

i=1

(
σ2
UAS,i −σ2

ref,i

)2

. (4)

As a relative measure of error, the RMSE is normalized by the mean of the reference values, resulting in the normalized root

mean square error (nRMSE):

ε∗σ2 =

√
1
N

∑N
i=1

(
σ2
UAS,i −σ2

ref,i

)2

1
N

∑N
i=1σ

2
ref,i

. (5)

Compared to the reference sensors, we then obtain an absolute error value for each UAS configuration based on the error250

metrics as a benchmark for measurement accuracy under laboratory conditions, and use these error values to compare the

different UAS hardware configurations with one another. As shown by Schottler et al. (2017, 2018), two-point statistics are

required in addition to single-point statistics, since the latter alone are insufficient for characterizing turbulence. Therefore,

we perform a statistical analysis of velocity increments based on the measured wind speed time series. For a wind speed time

series V (t), temporal velocity increments are defined as255

δVτ (t) = V (t+ τ)−V (t), (6)

where τ denotes the time lag between two values in the time series. For discretely sampled data, τ = kf−1
s , where k is the lag

in sampling intervals. The corresponding normalized temporal increments are

δṼτ (t) =
δVτ (t)− δVτ

σδVτ

, (7)

where δVτ and σδVτ are determined separately for each time lag τ .260

For a weakly stationary time series, the increment variance is related to the autocovariance CV (τ) according to

σ2
δVτ

= 2[CV (0)−CV (τ)] . (8)

It therefore represents a second-order two-point statistic. Through the Wiener–Khinchin theorem (Pope, 2000), which relates

the autocovariance function to the PSD, the scale dependence of σ2
δVτ

is also directly linked to the spectral energy distribution.

Normalization by σδVτ
separates this second-order amplitude variation from changes in the shape of the increment distribution.265
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This normalization allows the comparison of distribution shapes regardless of the variance of the increments. For each time lag

τ , the increments form a separate time series, from which the statistical moments and PDFs, denoted by p, are determined. The

PDFs of the normalized increments and their higher standardized moments can be used to investigate higher-order two-point

statistics and intermittent, non-Gaussian fluctuations. The time lag can also be expressed as a spatial separation r under the

assumption of Taylor’s frozen turbulence hypothesis (Taylor, 1938), with r = τ V . Deviations from Gaussianity are quantified270

in both temporal and spatial increment analyses using the kurtosis κ as the fourth standardized moment of the normalized

increments:

κ= (δṼ )4. (9)

Here, δṼ denotes the normalized increments, and the overbar denotes the average over all increments of the respective time

lag or separation distance. The kurtosis is not the excess kurtosis and therefore, for a Gaussian distribution, κ= 3. The PDFs275

of δṼτ are estimated using normalized histograms, with the number of bin widths determined using the Freedman–Diaconis

rule (Freedman and Diaconis, 1981). The Gaussian normal density serves as the reference distribution:

pGauss(δṼτ ) =
1√
2π

e−
1
2 (δṼτ )

2

. (10)

Furthermore, we compare the PDFs determined from the time series measured using UASs and CTAs to assess the drone’s

capabilities for identifying intermittency in turbulent flows. A good indicator of this is the analysis of κ across different τ280

values. We also perform this analysis using only the CTAs, without any UAS flying in the flow. Since the CTAs sample at up to

1000 Hz, significantly shorter τ values can be examined, allowing us to analyze the flow beyond the measurement limits of the

UASs. This reveals which properties of the flow are not captured. Given that the UAS measurements have limited resolution

and duration, extreme deviations from Gaussianity are less likely to be captured. To still provide modelers in wind turbine

engineering with an estimate of intermittency based on our measurements, we fit a Castaing distribution (Castaing et al., 1990)285

to the increment PDFs, following a commonly used approach that has been shown empirically to perform well (Böttcher et al.,

2006; Wächter et al., 2012; Schottler et al., 2017).

Rather than characterizing intermittency only through an individual standardized moment such as the kurtosis, this approach

provides a parametric representation of the entire increment PDF. The kurtosis summarizes the fourth-order tail weight of a

distribution but does not uniquely determine its shape, while a fitted PDF allows probabilities of arbitrary increment amplitudes290

and their probabilities to be evaluated within the assumptions of the model. This is particularly relevant for intermittent data,

for which empirical characterizations are strongly influenced by rare events. This Castaing model describes the PDF of the

velocity increments as a superposition of Gaussian distributions with different widths. For the normalized increments δṼτ , we

write the Castaing PDF as

pCastaing(δṼτ ,Λ
2) =

1

2πΛ

∞∫

0

1

σ2
G

exp

[
− (δṼτ )

2

2σ2
G

]
exp

[
− ln2(σG/σG,0)

2Λ2

]
dσG. (11)295

Here, σG denotes the dimensionless width of the Gaussian subdistributions within the Castaing model, while σG,0 denotes the

reference value of the lognormally distributed Gaussian widths. The shape factor Λ2 denotes the variance of the logarithmic
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width distribution and therefore quantifies the deviation from a Gaussian distribution. It is calculated from the kurtosis (Chillà

et al., 1996):

Λ2 =
ln(κ/3)

4
. (12)300

Accordingly, when Λ2 = 0, the distribution is Gaussian.

3.2 Wind park

For the validation of the uncertainties determined in the wind tunnel, we first quantify uncertainty associated with measure-

ments using individual drones, and then the uncertainties in the analysis of multipoint measurements obtained using multiple

drones. To do this, we use the wind tunnel calibrations for the various UAS configurations and process the measurement data305

using the fs and fc values determined in the wind tunnel.

3.2.1 Validation of turbulence retrieval with different drone configurations

To validate the measurement uncertainties of individual drones, we conduct measurements using the configuration comparison

pattern (Fig. 4a). In this process, we compare the statistical turbulence parameters derived from the wind speed time series

measured by the UASs with those derived from the corresponding reference sensors. Here, we analyze the measurements310

obtained with the drone configurations, excluding the configuration with foam pads. For our accelerometer-based wind mea-

surements, determining an offset is necessary (Wetz and Wildmann, 2022). The foam pads make the autopilot module movable

relative to the airframe, causing the offset to shift continuously. Since the wind measurement is sensitive to this offset, field

measurements with drones equipped with foam pads are not practical for us. The limited flight time of the drones restricts

the measurement intervals over which we can compare the sonic measurements with the drone measurements. Unlike wind315

tunnel measurements, field measurements of finite duration can typically only approximately satisfy the assumption of local

stationarity, as meteorological boundary conditions are always variable to some extent. This is significant because we analyse

the kurtosis, which is particularly sensitive to rare extreme increments or outliers. Therefore, when comparing the two-point

statistics derived from drone and sonic measurements, we estimate the intrinsic uncertainty of the kurtosis to distinguish the

natural statistical variation in the reference measurements caused by a finite sample size from actual sensor-related deviations320

between UASs and sonics.

To estimate the intrinsic uncertainty of the kurtosis derived from the reference sensors, we use a bootstrapping approach

similar to that described by Laubrich et al. (2008). To do this, starting from the middle of the analyzed time series, we sym-

metrically extend the measurement duration under investigation by a factor of three to approximately 30 min. This is possible

because continuous measurement data are available from the reference sensors. We divide these data into three blocks of equal325

length and calculate the kurtosis for each block separately according to Eq. (9), and then average these values:

κ(τ) =
1

3

3∑

j=1

κj(τ), j = 1,2,3 . (13)
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The intrinsic uncertainty of the kurtosis is derived from the standard deviation of the three block-wise kurtosis values and is

evaluated for the respective time lag τ :

σκ,int(τ) =

√√√√1

2

3∑

j=1

(κj(τ)−κ(τ))
2
. (14)330

Analogously to the nRMSE, we also express the intrinsic uncertainty as a relative quantity in order to be able to compare

the nRMSE values determined for the drone measurements with the sonic measurements. For this purpose, we normalize the

intrinsic uncertainty in the same way as the RMSE (Eq. (5)) by dividing it by the kurtosis of the original reference interval:

ε∗κ,ref(τ) =
σκ,int(τ)

κref(τ)
. (15)

The quantity ε∗κ,int thus describes the normalized intrinsic uncertainty of the reference kurtosis for the corresponding τ .335

3.2.2 Validation of turbulence retrieval with drone fleet measurements

To obtain more accurate statistics based on a larger number of measurement points and fleet flights, we use the box-shaped

pattern with the 5.5′′LiPo configuration and validate the turbulence measurements over several measurement locations. This

flight pattern allows for simultaneous and spatially distributed turbulence measurements in all three spatial directions. Given the

prevailing wind directions in the measurement data, we perform the analyses based on the lateral and vertical directions within340

the pattern, as the parallel alignment with the measurement mast array enables us to directly compare the UAS measurements

with the reference measurements. In doing so, we analyze the statistics of the spatial velocity increments for the sensor pairs

from the UASs and sonic anemometers, respectively. For two synchronously sampled wind speed signals at two positions x

and x+ r, the spatial velocity increments are defined as

δVr(t) = V (x+ r, t)−V (x,t) = V2(t)−V1(t), (16)345

where r denotes the separation distance between the sensors. The corresponding normalized spatial increments are

δṼr(t) =
δVr(t)− δVr

σδVr

, (17)

where δVr and σδVr are determined separately for each separation distance r = |r|.
Note that in the spatial increment analyses, the three wind components of V are examined separately in order to specifically

utilize the additional directional information provided by the 3D measurement for characterizing longitudinal, lateral, and350

vertical turbulence structures. The horizontal wind components are transformed into a flow-oriented coordinate system along

the mean wind direction. Note that u, v, and w denote the longitudinal, lateral, and vertical wind components within this flow-

oriented coordinate system. Each of Eqs. (9), (11), (12), (16), and (17) is applied separately to the three velocity components

u, v, and w. Since we positioned only two UASs above each other in the vertical direction and three UASs side by side in the

lateral direction relative to the main wind direction, only one and two spatial lags, respectively, are available for the increment355

analysis.
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To quantify the frequency-dependent coupling of turbulence between two measurement points, we apply coherence analysis

to the same sensor pairings. This allows us to determine the extent to which two spatially separated measurements capture

common turbulent fluctuations. For this, we use the vertically separated sensor pairs with a separation of 65 m and the laterally

distributed sensor pairs at two distances, with separations of approximately 50 m and 100 m. For each velocity component, the360

magnitude-squared coherence γ2 between two signals is calculated as

γ2
V V (f) =

|SV1V2
(f)|2

SV1V1
(f)SV2V2

(f)
. (18)

Here, SV1V2
(f) denotes the cross power spectral density, and SV1V1

(f) and SV2V2
(f) denote the corresponding auto power

spectral densities. For each sensor configuration and each wind speed component, the coherence is first determined separately

for each measurement flight, for the UASs and sonics, respectively. This yields a set of N coherence estimates γ2
i (f) as a365

function of frequency f . To obtain a statistically reliable assessment of the typical agreement between drone and reference

measurements, we compute the median coherence from these estimates separately for each frequency across all measurement

flights. For each frequency f , the coherence values of the individual measurements are first defined as

γ2
i (f), i= 1, . . . ,N (19)

and then sorted by magnitude:370

γ2
i (1)(f)≤ γ2

i (2)(f)≤ ·· · ≤ γ2
i (N)(f). (20)

Here, γ2
i (k)(f) denotes the kth-smallest coherence value at frequency f . The representative coherence is then calculated as the

median of these sorted values:

γ̃2(f) =





γ2
i (N+1

2 )(f), for odd N,

1

2

[
γ2
i (N

2 )
(f)+ γ2

i (N
2 +1)(f)

]
, for even N.

(21)

4 Results375

4.1 Identification of turbulence resolution limits

Based on the wind tunnel tests and avionics data processing at fs = 25 Hz, we were able to determine the respective fmax

values as a function of the flow variance for the various UAS configurations. These are shown in Fig. 7:
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Figure 7. Comparison of the highest frequencies fmax that can be resolved with different UAS configurations at different levels of wind speed

variance σ2. The blue curve represents the data for our standard QAV250 configuration, while the other curves represent data from modified

configurations based on it, with changes of the battery (purple), the propellers (green), and the autopilot mounting (red). The vertical error

bars show the standard deviation between the maximum frequencies achieved using the six individual spectra from the CTAs. The horizontal

error bars show the reproducibility when the data point is based on multiple drone measurements.

The comparison of the different UAS configurations (Fig. 7) shows a high degree of agreement between the 5.5′′LiPo

and 5.5′′LiIo configurations, with resolvable frequencies of up to approximately 3.5 Hz and largely similar behavior across380

the entire measurement range. Across the entire measurement range, the 5.5′′LiPoP configuration has the highest resolvable

frequencies, up to approximately 5.0 Hz, whereas the 5.0′′LiPo configuration has the lowest maximum resolvable frequency,

with a maximum of about 2.5 Hz. This difference is particularly significant for the 5.0′′LiPo configuration, as turbulence at low

frequencies is resolved significantly less well for this configuration. The trend of the smallest achievable PSDs as a function of

variance is shown in Fig. B1.385

4.2 Verification of turbulence retrieval

Based on the wind tunnel tests and the data processing using fs =max(fmax) for the respective UAS configurations, we can

compare the variance determined from the UAS measurements with that determined from the reference measurements:
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Figure 8. Comparison of the variances σ2 of wind speeds determined from wind tunnel measurements with different UAS configurations

against the CTAs. The blue markers represent the data for our standard QAV250 configuration, while the other markers represent data from

modified configurations based on it, with changes of the battery (purple), the propellers (green), and the autopilot mounting (red). The

horizontal error bars show the standard deviation between the variances derived from the six reference CTAs. The vertical error bars show

the reproducibility when the data point is based on multiple drone measurements.

The 5.5′′LiPo configuration shows the highest RMSE among the configurations, with a value of 0.21 m2 s−2 (Fig. 7), while

the RMSE values of the other configurations remain below 0.2 m2 s−2. The overestimation of low variances in the 5.0′′LiPo390

measurements is notable. The errorbars for the reference values are discussed in Sec. 5.

The frequency limits identified in Sect. 4.1, in combination with the high-resolution reference measurements obtained with

CTAs in the wind tunnel, allow us to estimate the intermittency that can be resolved with the different UAS configurations.

Measurements taken solely with the 1000 Hz reference sensors allow examination of the kurtosis curve across various τ

values, even below the minimum time lags resolvable by the drones. At these small time lags, a high degree of intermittency395

can be observed, which could only be captured at time lags that are beyond the limits determined for the given variance of the

respective drones (see Fig. 9). This behavior is consistent with expectations based on the wind tunnel setup and the applied

active grid protocols.
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Figure 9. Behavior of the kurtosis κ of the probability density function of velocity increments for different time lags τ in a time series

measured with the reference sensors in the wind tunnel. The grey curve shows the results from the reference CTAs, the horizontal red line

represents the value of κ= 3 for a Gaussian probability density function, and the vertical dashed lines indicate the minimum achievable time

lags for the various UAS configurations according to the identified sampling frequency fs.

Comparisons of the PDFs of velocity increments within the measurement range achievable by the drones show good agree-

ment between the drones and the reference sensors (see Fig. 10).400
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(a) 5.5′′LiPo UAS configuration against CTAs (b) 5.5′′LiIo UAS configuration against CTAs

(c) 5.0′′LiPo UAS configuration against CTAs (d) 5.5′′LiPoP UAS configuration against CTAs

Figure 10. Example comparisons of the probability density functions (PDFs) p of the velocity increments δṼτ for various time lags τ ,

measured using different UAS configurations in flow with identical wind tunnel settings. The grey markers show the respective data points

from the reference CTA measurements, while the colored markers show the data points from the measurements with the respective UAS

configuration. The red solid curve shows a Gaussian distribution as a reference, and the dashed black curves show the Castaing fit for each

PDF. The PDFs are vertically offset from each other for improved visual clarity.

In principle, however, we can observe that, at very low wind speeds and the shortest τ values, all drone configurations show

higher errors in capturing deviations from Gaussianity. This limits the turbulence resolution at the smallest scales, with errors
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reaching approximately 20–27 % before decreasing to approximately 10 %, while they remain around 15 % for the padded

configuration (Fig. 11a). Using the Taylor transformation, the temporal lags can be translated into spatial lags (see Fig. 11b),

which shows a steady increase in measurement errors for shorter separations. In particular, increments at separations below405

2 m can no longer be accurately detected by the drones.

(a) (b)

Figure 11. Comparison of the normalized root mean square error ε∗ of the kurtosis κ for the probability density functions of velocity

increments at different time lags τ (a) and after transformation into spatial lags r (b), based on time series measured by the different UAS

configurations in the wind tunnel. The blue markers represent the data for our standard QAV250 configuration, while the other markers

represent data from modified configurations based on it, with changes to the battery (purple), the propellers (green), and the autopilot

mounting (red). The y-axis and curves in (b) are broken to resolve the lower-error range while retaining higher-error values. Note the

different scales of the vertical axes between the two panels in the upper values.

4.3 Validation of turbulence retrieval

The validation results for the variance determination from field measurements of the various configurations are shown in

Fig. 12.
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Figure 12. Comparison of the variances σ2 of wind speeds determined from wind park measurements with different UAS configurations

with those determined from the sonics. The blue markers represent the data for our standard QAV250 configuration, while the other markers

represent data from modified configurations based on it, with changes to the battery (purple) and the propellers (green).

However, the overestimation of low variances no longer occurs for the 5.0′′LiPo configuration and the accuracies among410

the configurations are comparable here as well. Validation of the measurement of velocity increments using the same dataset

also shows good agreement between the UAS and reference measurement (see Fig. 13):
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(a) 5.5′′LiPo UAS configuration against sonic (b) 5.5′′LiIo UAS configuration against sonic

(c) 5.0′′LiPo UAS configuration against sonic

Figure 13. Example comparisons of the probability density functions (PDFs) p of the normalized velocity increments δṼτ for various time

lags τ , measured using different UAS configurations simultaneously in the same flow. The yellow markers show the respective data points

from the reference sonic measurements, while the colored markers show the data points from the measurements obtained with the respective

UAS configuration. The red solid curve shows a Gaussian distribution as a reference, and the dashed black curves show the Castaing fit for

each PDF. The PDFs are vertically offset from each other for improved visual clarity.

When comparing the kurtosis of the velocity increments for all flights in the fleet, the relative error across all analyzed τ

values is approximately 25 % for the 5.5′′ configurations. For the 5.0′′ configuration, the relative error is higher for τ < 3 s,
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with the nRMSE exceeding 40 % (Fig. 14a). This behavior remains largely consistent when converting the temporal lags into415

spatial lags (see Fig. 14b). The intrinsic error of κ derived from the reference sonics is between approximately 11 % and 17 %

for all τ .

(a) (b)

Figure 14. Comparison of the normalized root mean square error ε∗ of the kurtosis κ for the probability density functions of velocity

increments at different time lags τ (a) and after transformation into spatial lags r (b), based on time series measured by the different UAS

configurations in the wind park. The blue markers represent the data for our standard QAV250 configuration, while the other markers

represent data from modified configurations based on it, with changes to the battery (purple), and the propellers (green). The yellow markers

represent the intrinsic error derived from the sonic measurements.

The PDFs of sensor pairs from UASs and sonics with two lateral separations are shown in Fig. 15:
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Figure 15. Example comparison of the probability density functions p of the normalized velocity increments of the 3D wind components

δũr , δṽr , and δw̃r at separation distances r, measured using the same UAS configuration against sonic anemometers at lateral separations

of 50 m and 100 m. The blue markers show the respective data points from the UAS measurements, while the yellow markers show the

data points from the measurements obtained with the respective sonic anemometers. The darker marker tones correspond to 50 m separation,

and the brighter tones to 100 m separation. The solid red curve shows a Gaussian distribution as a reference, and the dashed black curves

represent the Castaing fits. The PDFs are vertically offset from each other for improved visual clarity.

The PDFs show a deviation from a Gaussian distribution with more pronounced tips. Overall, there is a high degree of

qualitative agreement between UASs and sonics, with the kurtosis values showing better agreement for the shorter distances.420

The differences are greatest for the vertical wind component. Fig. 16 shows the PDFs of vertically distributed sensor pairs from

UASs and sonics.

Figure 16. Example comparison of the probability density functions p of the normalized velocity increments of the 3D wind components

δũr , δṽr , and δw̃r at separation distance r, measured using the same UAS configuration against sonic anemometers at a vertical separation

of 65 m. The blue markers show the respective data points from the UAS measurements, while the yellow markers show the data points from

the measurements obtained with the respective sonic anemometers. The solid red curve shows a Gaussian distribution as a reference, and the

dashed black curves represent the Castaing fits.
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The general shapes of the PDFs from the UAS measurements reproduce the PDFs from the reference measurements and are

generally close to a normal distribution, but display slightly elevated tails at times. The nRMSEs between the kurtosis values

of the PDFs determined from UASs and sonics for all spatial separations and wind components are listed in Table 2:425

Table 2. nRMSEs of the kurtosis of the probability density functions of increments for the 3D wind components and different spatial

separations.

κu κv κw

ε∗lat,50 m 13.5 % 18.4 % 17.5 %

ε∗lat,100 m 12.0 % 17.2 % 16.1 %

ε∗ver,65 m 15.0 % 13.1 % 17.6 %

Fig. 17 shows the median magnitude-squared coherence of all measurements with laterally distributed sensor pairs at two

different separation distances from UASs and sonics, respectively.

Figure 17. Comparison of the median magnitude-squared coherence γ̃2 for the frequencies f of the 3D wind components u, v and w, derived

from all fleet measurements using the same UAS configurations against sonic anemometers at 50 m and 100 m lateral separation. The blue

curves show the respective data points from the UAS measurements, while the yellow curves show the data points from the measurements

with the respective sonic. The darker tones of marker colors are for 50 m, the brighter tones for 100 m separation.

In both measurement systems, the highest coherence values occur predominantly at low frequencies, with coherence de-

creasing significantly at higher frequencies. Coherence is generally higher at the shorter distance (50 m) than at the longer

distance (100 m), which is particularly evident in the lateral and vertical wind components. The strongest agreement between430

UASs and sonics is observed for v in terms of both magnitude and the qualitative frequency-dependent trend. For u, the differ-

ence between the lateral distances is the smallest. The largest differences between the measurement systems occur at the lowest

frequencies of the w component, with the UAS measurements showing higher coherence. In addition, the curves, especially
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the UAS curves, exhibit narrow-band peaks at higher frequencies. The coherence of measurements from vertically separated

UASs and sonics is shown in Fig. 18:435

Figure 18. Comparison of the median magnitude-squared coherence γ̃2 as a function of frequency f for the 3D wind components u, v, and

w, derived from all fleet measurements using the same UAS configuration against sonic anemometers at a vertical separation of 65 m. The

blue curves show the respective data from the UAS measurements, while the yellow curves show the data from the measurements obtained

with the respective sonic anemometers.

Also here, the highest coherence values in both measurement systems occur predominantly at low frequencies, with coher-

ence decreasing significantly at higher frequencies. The agreement between UASs and sonics is generally very high, especially

for the u component.

5 Discussion

When comparing the results of limit identification across the drones to address research question 1, it is noteworthy that the440

5.0′′ propeller configuration exhibits the lowest frequency resolution. This contradicts our hypothesis prior to the experiments,

which was that larger propellers would tend to dampen smaller turbulent vortices, thereby reducing high-frequency resolu-

tion. However, another effect is more significant here: For otherwise identical drone hardware under the same atmospheric

conditions, the propeller thrust scales approximately with the square of the rotational speed and with the fourth power of the

propeller diameter. Therefore, a propeller with a 10% smaller diameter produces about 34% less thrust at the same rotational445

speed. To generate the same thrust required for hovering, the smaller propeller must compensate for the reduced diameter by

spinning about 24% faster. These increased motor speeds lead to greater vibrations in the airframe, which affect the signal-to-

noise ratio (SNR) in the accelerometers and which we consider to be the cause of the resolution limits. We had expected the

significantly better resolution with the UAS configuration using pads, as this improves the SNR in the accelerometer and thus

our measurement capability. As previously mentioned, however, the absolute accuracy of the wind estimate is susceptible to450

the individual calibration offset of each drone, which is less stable with damping pads. The improved temporal resolution must

therefore be traded off against robust absolute accuracy.
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The effect of overestimating high frequencies observed in the variance analysis in the wind tunnel using the 5.0′′LiPo

configuration has already been noted by Kistner et al. (2024). Using the same configuration, maximum resolvable frequencies

of 2 Hz were also found by Wetz and Wildmann (2022). The identification of resolution limits in this work provides a better455

context for these results. The deviations in PSDs at higher frequencies, obtained from UAS measurements against reference

measurements, are also found by Shelekhov et al. (2022), even though they are not as distinct as in our case. A distinct peak

in the high-frequency range of the PSD from UAS measurements is also observed by Schurig et al. (2026), who also attribute

this to vibrations induced by the rotors and transmitted to their sensor when using the direct wind measurement method.

In general, regarding the methodology, it should be noted that this study did not investigate any software-related influences460

on turbulence resolution. While minor tests involving changes to the controller settings did not appear to have any significant

effect on vibrations, differences in the output acceleration signal between PX4 and ArduPilot were observed on the same drone

hardware. Preliminary tests have shown that high-frequency noise appears to be filtered out more effectively in ArduPilot.

However, no tests were conducted against reference measurements to verify this. A study of software-related influences could

therefore be the subject of a separate investigation.465

Regarding research question 2, during verification of the measurement accuracy for variance in the wind tunnel tests, only

low errors are generally observed. The reproducibility of the drone measurements is very good. With the 5.5′′LiPo configura-

tion, deviations from the reference measurements are highest at high variances, whereas with the 5.0′′LiPo configuration, the

highest deviations occur in the low-variance range. This is caused by high-frequency noise at low variances, which is consistent

with the lowest limits for fmax. This demonstrates how important it is to identify and apply a maximum sampling frequency470

for the measurements. However, it also shows that the applied frequency must still be verified and adjusted when using data

from field measurements. A lower fs would have already led to better accuracies in the wind tunnel tests for the 5.0′′LiPo

configuration. The reason for this is also a poorer SNR under these conditions, as well as the fact that the highest possible and

thus optimistic maximum frequency was selected for downsampling during verification.

When applying the frequencies in data processing for increment analysis, we know that when sampling at 7 Hz, lags of475

at least three sampling steps, i.e. approximately 0.43 s, should be used for analyses of velocity increments to obtain more

reliable results. This follows from the comparison of the kurtosis of the velocity increments, which shows that the deviation

between UASs and the reference is primarily determined by the smallest spatial scales. While the relative error remains nearly

constant across temporal lags, the deviation steadily increases with smaller lags after conversion using the Taylor hypothesis

and is concentrated to a very large extent at the smallest spatial lag. For lags above 2 m, the error is very small. Therefore, the480

resolvable range for analyzing velocity increments, as determined by Taylor transformation, is limited to 2 m at small scales

due to sensor limitations and is limited at larger scales by the maximum flight time. The largest scales analyzed in this work

were over 350 m. Based on the wind turbines at the WiValdi research park, where the field validations were conducted, the

range of 2 m to 350 m corresponds to approximately 0.02 to 3 times the rotor diameter of the wind turbines. This therefore

covers a range corresponding to the turbulent scales expected to cause the most significant loads and fatigue on the structure.485

Nevertheless, the experimental setup in the wind tunnel involves some methodological uncertainties that contribute to the

quantified measurement uncertainties. In principle, the positioning using the optical flow sensor cannot be considered optimal,
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which is why the drones sometimes move in the wind tunnel. This can affect wind measurements based on avionics data

and increase uncertainties. Although the measurement setup described in Sec. 3, with the CTAs mounted at different heights,

substantially reduced the disturbance of the reference sensors on the rear pole caused by the drone downwash, it could not490

eliminate this effect entirely. This increases the uncertainty of the reference measurements, as can be seen from the error bars

for the reference values in Fig. 8. As a result, the deviations of the drones from the reference are usually within the uncertainty

of the reference measurements. In the most extreme case, the standard deviations of the CTAs are 80 % higher during flights

with a drone than during measurements without a drone. However, there are also significant deviations between the CTAs even

without a drone (see Appendix C), which suggests a non-negligible inhomogeneity within the measurement volume. Since495

at most one CTA is disturbed at a time and only for a short period, while the other CTAs continue to measure undisturbed,

and since the contribution of these disturbances to the uncertainty is smaller than the uncertainty caused by the measurement

position in the flow, the measurements from all CTAs are included in the analyses.

The uncertainties identified during the validation flights confirm the results of the verification measurements, demonstrate

the applicability of the method to field measurements, and thereby answer research question 3. The analysis further shows that500

the wind-speed variance and intermittency remain accurate even when all datasets are reprocessed using the most optimistic

sampling frequency identified among the investigated flow conditions. Although lower sampling frequencies would be required

to remain within the identified resolution limits for some individual cases, retaining the additional high-frequency components

does not introduce a relevant bias in the derived variances. This can be attributed to the comparatively low PSD at these

frequencies, such that their contribution to the integrated variance remains small. This result is particularly relevant for large505

datasets, such as those obtained during fleet campaigns. The variance initially derived using the optimistic sampling frequency

for post-processing can be used in future to assess whether the respective dataset should subsequently be reprocessed at a lower

sampling frequency only using drone data.

In the increment analyses conducted in the field measurements, the good agreement across most of the respective PDFs

confirms the limits identified in the wind tunnel, and the measurements remain reliable even with just a single sample. In510

principle, within the respective limits of the drones, comparable measurement quality can also be observed across the 5.5′′

configurations with different batteries, while the 5.0′′ configuration exhibits larger uncertainties for smaller lags. However, it

should be noted that larger deviations in kurtosis occur in comparison to the wind tunnel experiments when analyzing temporal

lags.

When converting using the Taylor hypothesis, the uncertainty profile across the lags does not change as significantly as it515

does in the wind tunnel experiments. The difference between laboratory and field measurements suggests that the large error

observed in the laboratory at the smallest spatial lag reveals a local resolution limit of the sensor. However, this signature

does not appear in the field measurements. Nevertheless, the field measurements do not refute the small-scale sensor limitation

observed in the wind tunnel. In fact, the absolute error between the drone and the reference is similarly large at comparable

kurtosis values. In field measurements, however, comparable kurtosis values are already achieved at significantly larger lags.520

In other words, the turbulence of the wind at the wind park was more intermittent than the flow in the wind tunnel. At larger

lags, the turbulent increments are larger, resulting in a more favorable SNR. The fact that a pronounced increase in error occurs
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at the smallest spatial lag in the wind tunnel but not in the free field is therefore consistent with a lag-dependent sensitivity to

sensor noise and finite sensor resolution.

The higher error at larger lags is most likely driven by uncertainties in the experimental setup in the wind park. In the525

validation measurements, the distance between the drones and the reference sonics is relatively large, which is particularly

important to note when considering the uncertainties in the detection of smaller scales. The error between the drones and the

reference should also be considered in the context of the intrinsic error in the reference measurements, which is already in the

magnitude of 10–20 % and results from the finite duration of the measurements.

Addressing research question 4, we assess whether accurate turbulence analysis using combined measurements is possible530

under the identified constraints. The relative errors between UAS and sonic pairs in simultaneous and spatially distributed

measurements of the kurtosis of the velocity increment PDFs are less than 20 % for all analyzed separation directions and all

wind components. These errors are thus smaller than those associated with the analysis of spatial lags, which are determined

using the Taylor hypothesis from temporal increments of measurements carried out with single drones (Fig. 14b). This confirms

the need for simultaneous, spatially distributed measurements for this method of turbulence analysis. In addition, these errors535

are close to the intrinsic errors of the reference measurements determined in the single-point analysis, which are driven by the

limited measurement period. The results therefore demonstrate that increment PDFs are characterized reliably using drones,

particularly because simultaneous fleet measurements enable true spatial separations between measurement locations.

When determining coherence, the agreement between UASs and reference sensors is qualitatively good, as both systems

exhibit high coherence at low frequencies and a clear decline in coherence at higher frequencies. Furthermore, UASs and540

sonics both show lower coherence over large distances than over smaller ones, which is consistent with the expectation that

large-scale turbulent structures remain partially correlated over larger lateral distances, while smaller scales rapidly decorrelate.

Furthermore, it can be clearly established that, for simultaneous, spatially distributed measurements with separation distances

on the order of magnitude selected for this study, the maximum resolvable frequencies of all UAS configurations identified in

the wind tunnel are sufficient to capture the coherence of the turbulence in all wind speed directions up to the frequencies at545

which coherence is observable.

In the coherence analyses of Wetz and Wildmann (2023), a significant decrease in coherence is observed at approximately

10−2 Hz for the lateral coherence of the horizontal wind when the drones are 70 m apart, which falls within the 50–100 m

separation range of our experiment. Here, we can observe that coherence for u also decreases significantly, w still exhibits

coherence for the 50 m distance but not for the 100 m distance, and v still shows coherence, both with the UASs and with550

the sonics. This demonstrates how the drones’ 3D measurement capability enables more detailed coherence analyses through

flexible in situ measurements.

The results of Thedin et al. (2023) are, in principle, comparable to those regarding coherence for lateral separation, partic-

ularly when considering that the results always depend on atmospheric conditions. For v, the highest coherence values at the

lowest frequencies are 0.6 and 0.4 for the shorter and longer separation distances, respectively, and they decline at a compara-555

ble rate. However, in our results, no significant coherence is detectable beyond 0.05 Hz for the longer separation and beyond

0.08 Hz for the shorter separation, whereas Thedin et al. report a coherence of approximately 0.15 for the shorter separation. In
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contrast, our measurements show higher coherence for the w component, at 0.2 and 0.4, respectively, for the two separations at

the lowest frequencies, while Thedin et al. observed no coherence. For the u component, Thedin et al. report higher coherence

at low frequencies for the shorter separation distance than we can detect. Even there, however, their results show a rapid de-560

cline and, in principle, lower coherence than for the lateral wind component. In general, the coherence for vertical separation

reported by Thedin et al. is lower than that observed in our measurements. Our results show similar coherence behavior for

u, v, and w. This differs from Thedin et al., for whom u is initially the most coherent component but also drops off rapidly,

whereas v and w retain higher coherence at higher frequencies.

Thedin et al. (2023) generally note that coherence is highest for the velocity component aligned with the sensor separation.565

We observe this effect for all three separation directions and across all distances. This can be explained by the behavior of the

two-point correlation function, which describes the longitudinal correlation for the velocity component parallel to the separation

direction, whereas the other two components represent transverse correlations. Since the longitudinal two-point correlation is

greater than the transverse correlation as the correlation function decreases, a larger common signal component between the

two measurement points is retained for this component (Pope, 2000). This larger common component in the cross-spectrum570

manifests as correspondingly higher coherence.

In these comparisons with other studies, however, direct quantitative comparison is possible only to a limited extent,

as the coherence curves presented here are derived from a combination of multiple individual measurements. As a result,

measurement-related variations may be partially smoothed out or masked. Furthermore, the different measurement setups,

sites, and situations must be taken into account.575

Generally it should be emphasized that the focus of our analyses is on verifying the agreement between UAS and sonic

measurements. Here, it can be observed that the coherence estimates obtained from the UASs and the reference measurements

show close agreement. This agreement indicates that UAS measurements can be used in future meteorological studies to

analyze the spatial coherence of all three wind components for separations along all three spatial directions, thereby providing

further insight into atmospheric turbulence.580

6 Conclusions

In this study, we first determined the resolvable spectral frequency range for turbulence measurements with various hardware

configurations of a drone in order to enhance the processing of the logged avionics data for wind measurement. Here, the

maximum resolvable frequencies for the different configurations are in the range of approximately 2.5 Hz to 5 Hz. Using

wind measurements taken in the ForWind wind tunnel and at the DLR WiValdi research wind farm, the uncertainties in tur-585

bulence measurements for the various hardware configurations were verified and validated using single-point and two-point

statistics. In this context, comparable accuracy in variance estimation was observed across the configurations, with an RMSE

of ≤ 0.21 m2 s−2 compared to the reference sensors, and a high degree of agreement in the PDFs of the velocity increments

between the UASs and the sonics, albeit with different minimum lags (2 m) due to the identified maximum resolvable frequen-

cies. Furthermore, using multisensor analyses from simultaneous and spatially distributed fleet measurements with 10 UASs590
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in a single hardware configuration, we were able to extend the measurement capabilities of two-point statistical analyses to

include spatial velocity increments and coherence analyses in all three spatial directions relative to the wind in order to evaluate

the three-dimensional turbulence structure. With the demonstrated resolution of spatial turbulence at separation distances of

50 to 100 m, the potential of the box-shaped flight pattern was demonstrated, and a benchmark for ABL investigations using

the SWUF-3D drone fleet was established based on the shown effects of hardware adjustments and quantified uncertainties.595

This will enable robust analyses of highly three-dimensional turbulent flows in complex terrain and behind wind turbines to

be provided in the future. The box-shaped flight pattern used for these analyses can readily be adapted to different separation

distances or extended to multiple interconnected boxes and can also complement measurements from meteorological masts or

lidars, depending on the specific research question and experimental setup.
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Appendix A: Calculation and bin-averaging of the power spectral density600

The PSD quantifies the scale-dependent distribution of fluctuations and is calculated using the Fourier transform. It can be

computed from acceleration data and, since we calculate wind speeds from the accelerations, also from a measured wind speed

time series V sampled at frequency fs. For such a time series, the discrete Fourier transform is defined as

V̂k =

N−1∑

j=0

Vje
− i2πkjN−1

, k = 0, . . . ,N − 1. (A1)

The frequency resolution is ∆f = fs/N . The non-negative Fourier frequencies up to the Nyquist frequency are605

fk =
k

N
fs, k = 0, . . . ,Nh, (A2)

with

Nh =

⌊
N

2

⌋
. (A3)

For N , the one-sided PSD is given by

Sk =





1

Nfs
|V̂k|2, k = 0,

1

Nfs
|V̂k|2, k =

N

2
and N is even,

2

Nfs
|V̂k|2, 1≤ k ≤Nh and k ̸= N

2
,

k = 0, . . . ,Nh. (A4)610

To reduce spectral scattering while maintaining the logarithmic scale dependence, the spectra are averaged over logarithmi-

cally distributed frequency bins. Let f1 be defined as fk for k = 1 and fh for k =Nh. The bin boundary frequencies between

f1 and fmax are defined as

fb,j = f1

(
fh
f1

)j/B

, j = 0, . . . ,B. (A5)

with B as the number of bins. The representative frequency of each logarithmic bin is chosen as the geometric mean:615

f̄j =
√

fb,jfb,j+1, j = 0, . . . ,B− 1. (A6)

The indices of Fourier samples contained in the respective bin are

Fj = {k : fb,j ≤ fk < fb,j+1}, (A7)

where the upper limit is included in the last bin to obtain the highest resolved frequency. The resulting PSD is obtained from a

frequency-weighted average:620

S̄(f̄j) =
1

|Fj |
1

f̄j

∑

k∈Fj

Skfk, j = 0, . . . ,B− 1. (A8)
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We use the Freedman–Diaconis rule (Freedman and Diaconis, 1981) on the logarithmic frequency axis to determine the number

of bins based on the data using the interquartile range (IQR) I . With

sk = log10(fk), k = 1, . . . ,Nh, (A9)

we obtain625

I(s) =Q0.75(s)−Q0.25(s). (A10)

With

h= 2I(s)N
−1/3
h , (A11)

we calculate the number of bins as

B =

⌈
max(s)−min(s)

h

⌉
+1. (A12)630

Appendix B: Comparison of the lowest resolvable power spectral densities

Figure B1. Comparison of the lowest power spectral density Smin that can be resolved with different UAS configurations at different levels

of wind speed variance σ2. The blue curve represents the data for our standard QAV250 configuration, while the other curves represent data

from modified configurations based on it, with changes to the battery (purple), the propellers (green), and the autopilot mounting (red).
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Appendix C: Characterization of local flow differences within the measurement volume

(a) (b)

Figure C1. Example comparisons of the bin-averaged power spectral density S and wind speed variance σ2 determined with the six reference

CTAs in the wind tunnel without a drone flying in the flow during the measurement. The positions are abbreviated according to the respective

CTA location: front (F) or back (B) pole, and left (L), middle (M), or right (R) on the pole when facing against the wind. The dashed black

line represents the spectrum corresponding to the Kolmogorov −5/3 power law. The respective standard deviations (SD) of the variances

from the CTA measurements are 0.24 m2 s−2 for the experiment at 10 ms−1 mean wind speed (a) and 0.23 m2 s−2 for the experiment at

17 ms−1 (b).
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Appendix D: Spatial measurements in longitudinal separation direction

Figure D1. Exemplary measurement of the probability density functions p of the normalized velocity increments of the 3D wind components

δũr , δṽr , and δw̃r at separation distance r, measured using the same UAS configuration at a longitudinal separation of 100 m. The solid red

curve shows a Gaussian distribution as a reference, and the dashed black curve represents the Castaing fit.

Figure D2. Median magnitude-squared coherence γ̃2 as a function of frequency f for the 3D wind components u, v, and w, derived from all

fleet measurements using the same UAS configuration.
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Appendix E: Tables

Table E1. Flight protocol for fleet flights in the configuration comparison pattern. UASs 11 and 12 are equipped with the 5.5′′LiIo configu-

ration, UASs 13 and 14 with the 5.5′′LiPo configuration, and UASs 15 and 16 with the 5.0′′LiPo configuration.

Flight no. UAS no. Date Time Wind speed TI Wind dir. Temp Hum

11 12 13 14 15 16 UTC ms−1 % ◦ ◦C %

30 × × × × × × 16 Mar 2025 11:18 8.3 6 288 8.6 85

31 × × × × × × 16 Mar 2025 11:40 8.5 9 285 8.4 85

32 × × × × × × 16 Mar 2025 12:03 7.8 10 288 8.7 85

33 × × × × × × 16 Mar 2025 13:31 7.2 13 278 9.3 100

35 × × × × × × 16 Mar 2025 15:51 7.2 7 296 7.4 100

36 × × × × × × 16 Mar 2025 16:15 6.9 8 301 7.0 100

37 × × × × × × 16 Mar 2025 16:33 7.0 6 307 7.3 95

47 × × × × × 20 Mar 2025 12:37 4.5 27 254 3.6 38

48 × × × × × 20 Mar 2025 13:11 5.0 16 290 4.1 40

49 × × × × × 20 Mar 2025 13:55 4.2 9 304 4.7 44

50 × × × × × 20 Mar 2025 14:25 4.6 10 306 5.4 45

51 × × × × 20 Mar 2025 14:50 4.0 14 308 14.1 45

52 × × × × 20 Mar 2025 15:20 5.2 4 315 14.0 46

Table E2. Flight protocol for fleet flights in the box-shaped pattern. All UASs are equipped with the 5.5′′LiPo configuration.

Flight no. UAS no. Date Time Wind speed TI Wind dir. Temp Hum

11 12 13 14 15 21 22 23 24 25 UTC ms−1 % ◦ ◦C %

36 × × × × × × × × × 22 Jul 2024 08:16 9.0 18 284 16.5 79

37 × × × × × × × × × × 22 Jul 2024 08:54 9.2 15 286 16.7 75

38 × × × × × × × × 22 Jul 2024 09:32 8.9 14 288 16.8 74

39 × × × × × × × × 22 Jul 2024 10:30 8.7 16 288 17.1 71

40 × × × × × × × × × 22 Jul 2024 10:58 9.2 16 284 17.3 71

41 × × × × × × × × × × 22 Jul 2024 11:33 9.4 15 278 17.0 71

42 × × × × × × × × × × 22 Jul 2024 12:15 8.6 13 291 17.0 69

43 × × × × × × × × × × 22 Jul 2024 12:53 8.2 13 297 16.9 70

44 × × × × × × × × × × 22 Jul 2024 13:19 7.1 14 287 16.7 72
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Table E3. Number of wind tunnel runs for each UAS configuration and the respective mean wind speed. The preset turbulence intensity is

approximately 16.5 % for the runs with a speed preset of 10 m s−1 and approximately 11.5 % for the other runs.

Wind speed UAS configuration

ms−1 5.5′′LiPo 5.5′′LiIo 5.0′′LiPo 5.5′′LiPoP

3.0 2 2 1 1

5.0 2 2 1 1

7.0 2 2 1 1

9.0 2 2 1 1

10.0∗ 2 2 1 1

13.0 2 2 1 1

17.0 2 2 1 1

Table E4. Root mean square error of the wind speed measurement εV for each UAS configuration.

UAS configuration εV

ms−1

5.5′′LiPo 0.17

5.5′′LiIo 0.16

5.0′′LiPo 0.24

5.5′′LiPoP 0.17
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Table E5. Nomenclature

ABL atmospheric boundary layer

B number of bins

CV (τ) autocovariance

I IQR

IQR interquartile range

f frequency

fc cutoff frequency

fmax divergence frequency

fs sampling frequency

k lag in sampling intervals

p PDF

PDF probability density function

PSD power spectral density

r separation distance

S PSD

SV1V2
(f) cross power spectral density of V1 and V2

SV1V1
(f), SV2V2

(f) auto power spectral densities of V1 and V2

SNR signal-to-noise ratio

T time interval

TI turbulent intensity

u longitudinal wind speed component in the flow-fixed coordinate system

v lateral wind speed component in the flow-fixed coordinate system

Vi measured wind speed time series

V mean wind speed

w vertical wind speed component in the flow-fixed coordinate system

δVτ wind speed increment for time lag τ

δṼ normalized wind speed increment

γ2 magnitude-squared coherence

κ kurtosis

Λ2 shape factor

σ2 wind speed variance

σδVτ
standard deviation of wind speed increments for time lag τ

τ time lag between two values in the time series

δVτ mean wind speed increment for time lag τ

γ̃2(f) median of coherence at frequency f
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