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Abstract. Since the start of the European Space Agency’s
Aeolus mission in 2018, various studies were dedicated to
the evaluation of its wind data quality and particularly to
the determination of the systematic and random errors in the
Rayleigh-clear and Mie-cloudy wind results provided in the
Aeolus Level-2B (L2B) product. The quality control (QC)
schemes applied in the analyses mostly rely on the estimated
error (EE), reported in the L2B data, using different and
often subjectively chosen thresholds for rejecting data out-
liers, thus hampering the comparability of different valida-
tion studies. This work gives insight into the calculation of
the EE for the two receiver channels and reveals its limita-
tions as a measure of the actual wind error due to its spa-
tial and temporal variability. It is demonstrated that a precise
error assessment of the Aeolus winds necessitates a careful
statistical analysis, including a rigorous screening for gross
errors to be compliant with the error definitions formulated
in the Aeolus mission requirements. To this end, the mod-
ified Z score and normal quantile plots are shown to be
useful statistical tools for effectively eliminating gross er-
rors and for evaluating the normality of the wind error dis-
tribution in dependence on the applied QC scheme, respec-
tively. The influence of different QC approaches and thresh-
olds on key statistical parameters is discussed in the context
of the Joint Aeolus Tropical Atlantic Campaign (JATAC),
which was conducted in Cabo Verde in September 2021.
Aeolus winds are compared against model background data
from the European Centre for Medium-Range Weather Fore-
casts (ECMWF) before the assimilation of Aeolus winds and
against wind data measured with the 2 µm heterodyne detec-

tion Doppler wind lidar (DWL) aboard the Falcon aircraft.
The two studies make evident that the error distribution of the
Mie-cloudy winds is strongly skewed with a preponderance
of positively biased wind results distorting the statistics if
not filtered out properly. Effective outlier removal is accom-
plished by applying a two-step QC based on the EE and the
modified Z score, thereby ensuring an error distribution with
a high degree of normality while retaining a large portion of
wind results from the original dataset. After the utilization
of the described QC approach, the systematic errors in the
L2B Rayleigh-clear and Mie-cloudy winds are determined to
be below 0.3 m s−1 with respect to both the ECMWF model
background and the 2 µm DWL. Differences in the random
errors relative to the two reference datasets (Mie vs. model is
5.3 m s−1, Mie vs. DWL is 4.1 m s−1, Rayleigh vs. model is
7.8 m s−1, and Rayleigh vs. DWL is 8.2 m s−1) are elaborated
in the text.

1 Introduction

Following the launch of the European Space Agency’s (ESA)
fifth Earth Explorer mission, Aeolus, on 22 August 2018,
the world’s first Doppler wind lidar (DWL) in space, the
Atmospheric LAser Doppler INstrument (ALADIN), has
been delivering global, vertically resolved wind profiles from
the ground up to the lower stratosphere (European Space
Agency, 2008; Reitebuch, 2012; Kanitz et al., 2019; Par-
rinello, 2022). The main objective of the Aeolus mission is
the improvement in the numerical weather prediction (NWP)
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by filling observational gaps in the global wind data cover-
age, especially over the oceans, at the poles and in the trop-
ics (Andersson, 2018; Stoffelen et al., 2005, 2020; Straume
et al., 2020). This objective was already reached in 2020
when several weather services started the operational assim-
ilation of Aeolus wind observations, which became possi-
ble by the identification and corrections of two major error
sources that degraded the wind data quality during the first
year of the mission (Kanitz et al., 2020; Reitebuch et al.,
2020; Reitebuch, 2022). First, a dedicated calibration pro-
cedure was implemented to account for dark current fluctu-
ations on the Aeolus detectors (“hot” pixels), thereby reduc-
ing large wind biases in certain altitude ranges (Weiler et al.,
2021a). Second, wind biases that were caused by temperature
gradients across the primary telescope mirror were dimin-
ished by a correction scheme using instrument housekeeping
data and model-equivalent winds from the European Cen-
tre for Medium-Range Weather Forecasts (ECMWF; Rennie
and Isaksen, 2020; Weiler et al., 2021b; Rennie et al., 2021).
Extensive impact assessments, carried out by the ECMWF,
the German Weather Service (DWD), and the United King-
dom’s Met Office, demonstrated that Aeolus provides a sta-
tistically significant improvement in short- and long-range
forecasts up to 9 d, particularly in the tropical upper tropo-
sphere and lower stratosphere and in the polar troposphere
(Rennie and Isaksen, 2020; Rennie et al., 2021; Cress and
Martin, 2022; Halloran, 2022). In July 2022, more than half a
year after the end of the nominal mission lifetime in Novem-
ber 2021, Aeolus was still proving useful for NWP, although
the positive impact of the wind data has roughly halved since
2019, which is mainly due to the declining atmospheric re-
turn signal and thus increasing random wind error.

The accuracy and precision of the Aeolus wind data,
which are included in the Level-2B (L2B) product, has
been evaluated in the context of numerous calibration and
validation (Cal/Val) activities. These studies include model
comparisons (Martin et al., 2021; Chen et al., 2021) and
the validation of the Aeolus wind product against ground-
based and airborne instruments (Zuo et al., 2022; Wu et
al., 2022; Liu et al., 2022; Bedka et al., 2021; Iwai et al.,
2021; Baars et al., 2020). Within this international effort,
the German Aerospace Center (Deutsches Zentrum für Luft-
und Raumfahrt, DLR) has carried out four airborne valida-
tion campaigns after the launch in 2018, deploying the AL-
ADIN Airborne Demonstrator (A2D) and the 2 µm DWL.
The WindVal-III (Lux et al., 2020a) and AVATAR-E (Aeolus
VAlidation Through Airborne LidaRs in Europe) campaigns
(Witschas et al., 2020) covered central Europe in Novem-
ber 2018 and May 2019 during the early stages of the mis-
sion. The North Atlantic and polar region around Iceland was
targeted with the AVATAR-I campaign in September 2019
(Lux et al., 2022), 3 months after the switch to the sec-
ond flight model (FM) laser (FM-B; Lux et al., 2020b). Fi-
nally, the AVATAR-T (Aeolus VAlidation Through Airborne
LidaRs in the Tropics) campaign was conducted around

the Cabo Verde archipelago in September 2021 as part of
the Joint Aeolus Tropical Atlantic Campaign (JATAC; Fehr,
2022).

Precise assessment of the Aeolus wind errors requires a
thorough quality control (QC) of the L2B data to be compli-
ant with the Mission Requirements Document (MRD; Euro-
pean Space Agency, 2016). It defines the random wind er-
ror as the standard deviation of a Gaussian error distribution
with respect to the reference (true) wind speed. To this end,
the removal of outliers is crucial for the outcome of the sta-
tistical analysis. Most QC schemes applied in the aforemen-
tioned validation studies rely, in addition to the validity flag,
on the estimated error (EE). Both parameters are provided
in the Aeolus L2B wind product. However, the maximum
EE threshold above which wind data are excluded from the
statistics is mostly subjectively derived by visual inspection
of the data and not consistent among the different studies. For
instance, Wu et al. (2022) rejected Rayleigh-clear winds with
EE larger than 8 m s−1 and Mie-cloudy winds with EE larger
than 4 m s−1, whereas Liu et al. (2022) chose threshold val-
ues of 7 and 5 m s−1, respectively. A more differentiated QC
scheme was applied by Rennie and Isaksen (2020), who used
EE threshold values for the Rayleigh-clear winds from 8.5 to
12 m s−1, depending on the pressure level. This QC scheme
was also adopted by Chou et al. (2022), for their validation of
the L2B wind product over northern Canada and the Arctic.

The statistical characteristics of the EE, which are primar-
ily determined by the signal-to-noise ratio (SNR) of the at-
mospheric return signal, have been varying over the course
of the mission. Unlike the Mie EE, the Rayleigh-clear EE
also depends on the geographical location, as it considers
the noise caused by solar background radiation, which varies
over the orbit. The variability in the number of rejected
winds based on a fixed EE threshold for long time periods
or large geographical areas and the inconsistent use of QC
criteria make the validation results from different Cal/Val
teams, campaigns, instruments, and models difficult to com-
pare. Therefore, a more detailed treatment of different QC
schemes and how they affect the resulting statistics is neces-
sary for comparable validation results and for a more objec-
tive assessment of the Aeolus wind data quality. Moreover,
it is an important aspect with regards to the operational data
assimilation in NWP centres and allows for a more rigorous
error characterization of the Aeolus winds.

This paper aims to raise the awareness to the influence of
the chosen QC schemes on the validation results, particu-
larly when using the L2B EE. It also demonstrates the use-
fulness of specific statistical tools for the purpose of outlier
removal and the assessment of normality, which are neces-
sary to retrieve the Aeolus wind errors in accordance with the
MRD. The presented methods are applied in the context of
the AVATAR-T validation campaign in 2021 by comparison
against the ECMWF model background winds and the 2 µm
DWL wind data. The specifics of the campaign and available
datasets are outlined in Sect. 2, together with a description
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of the L2B Rayleigh-clear and Mie-cloudy EE and their tem-
poral evolution over the past 3 years. The model comparison
in Sect. 3 serves as an example to introduce the reader to
the detailed treatment of the Aeolus wind data in terms of
QC and error assessment. In particular, the modified Z score
(Sect. 3.2) and normal quantile plots (Sect. 3.4) are discussed
as powerful tools for removing gross errors and assessing
the normality of the wind error distribution, respectively. In
addition, the impact of the QC settings on the results from
the model comparison is elaborated (Sect. 3.5). In Sect. 4,
the statistical methods are then applied to the comparison of
Aeolus wind observations against 2 µm DWL data. After a
summary and discussion of the results (Sect. 5), the paper
concludes with an outlook for future studies of the L2B wind
error characteristics in Sect. 6.

2 Datasets and the L2B estimated error

The present study concentrates on the FM-B phase of the
Aeolus mission, i.e. the period following the switchover from
the first (nominal) laser FM-A to the second (redundant) laser
FM-B from June 2019 until August 2022. The switch was
necessary due to a large decrease in the ultraviolet emitted
energy of the FM-A (Lux et al., 2020b, 2021) and a cor-
responding decline in atmospheric return signal levels. The
FM-B provided a higher emitted energy (67 mJ compared
to 65 mJ after the FM-A switch-on in 2018) and signifi-
cantly slower power degradation, thus ensuring a high SNR
of the backscatter return and, consequently, lower random
error in the wind observations. However, despite the stable
laser energy, which was even increased to more than 90 mJ
by several laser adjustments, the atmospheric signal levels
decreased by almost 70 % over the 3 years following the
switchover, leading to a degrading precision of the Aeolus
data. The root cause analysis of the decline in the atmo-
spheric return signal was still ongoing as of the writing of
this paper. Laser-induced contamination, laser-induced dam-
age, and bulk darkening of the instrument’s optics are the
most probable causes, in addition to clipping losses at the
instrument field stop.

The studied FM-B phase contained two DLR airborne
validation campaigns. The AVATAR-I campaign in Septem-
ber 2019 took place at the beginning of the FM-B period
when the atmospheric signal levels were close to their max-
imum. Details on the AVATAR-I campaign objectives, re-
search flights, and validation results against A2D wind data
are presented in Lux et al. (2022). The main part of the pa-
per will, however, focus on the wind data from the tropical
campaign AVATAR-T, which will be introduced in the next
section, followed by a discussion of the L2B EE and how it
has evolved between the two campaigns.

2.1 The AVATAR-T campaign

Delayed by more than 1 year due to the COVID-19 pan-
demic, the AVATAR-T campaign was carried out from
6 September to 28 September 2021 on the island of Sal, Cabo
Verde. It further extended the existing datasets of A2D and
2 µm DWL observations under different atmospheric condi-
tions, especially under the influence of the Saharan Air Layer
(SAL) dust-laden air masses and tropical wind systems off-
shore of West Africa. AVATAR-T was DLR’s contribution to
the international JATAC project, supported by ESA, which
combined several airborne participants, including the French
SAFIRE Falcon 20 aircraft and the NASA DC-8 (based on
the U.S. Virgin Islands), with a number of ground-based in-
struments located in Mindelo on the island of São Vicente.
In the framework of AVATAR-T, a total of 11 research flights
were dedicated to satellite underpasses, of which six flights
were performed along the ascending orbit in the evening
hours. Adding up the lengths of the Aeolus measurement
swaths covered by the DLR Falcon aircraft during the un-
derflights, the overall track length for which wind data are
available for validation purposes is close to 11 000 km.

An overview of the 11 underpasses is provided in Ta-
ble 1, including the geolocations of the start and end points
of the respective sampled segment of the Aeolus path and
the number of Aeolus and 2 µm DWL observations. While
the number of 2 µm DWL observations corresponds to the
number of wind profiles with a horizontal averaging length
of about 8.8 km (one scanner revolution), one Aeolus obser-
vation is spread over a nominal horizontal averaging length
of about 87 km. The latter is also referred to as basic repeat
cycle (BRC) and can, in principle, contain multiple wind
profiles, especially for the Mie channel, where the signals
are typically averaged over 10 to 15 km, as a consequence
of the grouping algorithm in the L2B processor (Rennie
et al., 2020). Over the course of the campaign, the optical
alignment of the 2 µm DWL was progressively degraded by
the large temperature and humidity fluctuations in the air-
craft during and between the flights, resulting in a significant
reduction in the data coverage and, ultimately, operational
failure toward the end of the campaign. Nevertheless, high-
quality wind measurements were obtained from the first five
underflights.

The colocated wind data served to assess the quality of the
Aeolus wind product under the tropical atmospheric condi-
tions in autumn 2021 with the goal to optimize the opera-
tional settings and to refine the retrieval algorithms for the
operational phase of Aeolus and beyond. At that stage of the
mission, the atmospheric path signal level, as measured with
the Rayleigh channel, had decreased by around 50 % with
respect to the signal levels detected during the AVATAR-I
campaign in September 2019. The degradation in SNR was,
however, partly mitigated by lower solar background levels
in the tropics compared to the North Atlantic region, which
also markedly influences the Rayleigh wind error (Rennie et
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Table 1. Overview of the Aeolus underflights of the Falcon aircraft in the frame of the AVATAR-T campaign in September 2021 and the
wind observations performed with the 2 µm DWL along the Aeolus measurement track.

Flight Date Flight period Geolocation of DLR Falcon on Aeolus Aeolus orbit No. of Aeolus No. of 2 µm DWL
no. (UTC) measurement track (start/stop) no. of overpass observations observations

1 8 Sep 2021 05:44–09:28 22.5◦ N, 25.1◦W 13.0◦ N, 26.8◦W 17 640 10 72
2 9 Sep 2021 17:25–21:23 12.6◦ N, 21.0◦W 23.5◦ N, 23.0◦W 17 663 15 137
3 10 Sep 2021 18:20–22:05 14.1◦ N, 24.6◦W 23.0◦ N, 26.2◦W 17 679 11 96
4 13 Sep 2021 05:35–08:18 22.0◦ N, 18.6◦W 11.9◦ N, 20.6◦W 17 719 12 89
5 16 Sep 2021 17:09–21:04 10.1◦ N, 20.5◦W 20.3◦ N, 22.4◦W 17 774 12 42
6 17 Sep 2021 18:06–21:58 13.9◦ N, 24.6◦W 23.0◦ N, 26.2◦W 17 790 11 –
7 20 Sep 2021 06:58–10:30 20.6◦ N, 19.2◦W 13.5◦ N, 20.5◦W 17 830 8 –
8 21 Sep 2021 05:09–09:12 26.4◦ N, 21.3◦W 14.7◦ N, 23.4◦W 17 846 15 –
9 22 Sep 2021 06:11–09:55 20.6◦ N, 25.6◦W 11.7◦ N, 27.2◦W 17 862 11 –
10 23 Sep 2021 18:05–21:39 18.0◦ N, 22.2◦W 28.3◦ N, 24.1◦W 17 885 12 –
11 24 Sep 2021 17:36–21:18 12.0◦ N, 24.3◦W 21.0◦ N, 25.9◦W 17 901 11 –

al., 2021). The same is true for the Rayleigh-clear EE, as will
be discussed in the following section.

2.2 The L2B EE and its temporal evolution

The horizontal line-of-sight (HLOS) wind error estimate is
included in the Aeolus L2B product and calculated differ-
ently for the Rayleigh and Mie channels given the differ-
ent measurement techniques for deriving the wind from the
Doppler frequency shift. The Rayleigh channel relies on the
double-edge technique (Chanin et al., 1989; Garnier and
Chanin, 1992; Flesia and Korb, 1999; Gentry et al., 2000),
where the shift in the broadband Rayleigh backscatter spec-
trum relative to the emitted spectrum is determined from the
signal intensities that are transmitted through two bandpass
filters (A and B). The filters are realized by sequential Fabry–
Pérot interferometers (FPIs), with adequate spectral width
and spacing with respect to each other, for obtaining high
spectral sensitivity to small frequency shifts of a few mega-
hertz. The temporal evolution of the filter parameters over the
mission also allows insights into the instrument’s alignment
(Witschas et al., 2022b).

According to the L2B Algorithm Theoretical Basis Docu-
ment (ATBD; Rennie et al., 2020), the EE for the Rayleigh
HLOS wind speed is computed from the uncertainty in the
Rayleigh spectrometer response R, which is defined as the
contrast between the transmitted signalsA and B, as follows:

R =
A−B

A+B
. (1)

The total signal that is incident on the Rayleigh detector (A+
B), after being corrected for the solar background and the
detector noise, is also referred to as the useful signal. The
error in the Rayleigh response σR is related to the respective
SNR values of filters A and B, which are provided in the L1B
product and account for the Poisson noise of both the signal
and the solar background. The latter is subtracted to obtain
the atmospheric signal levels only. The response error is then

given as follows (Rennie et al., 2020):

σR =
2

(A+B)2

√
B2σ 2

A+A
2σ 2

B, (2)

with

σA =
A

SNRA
∝
√
A,σB =

B

SNRB
∝
√
B

being the noise terms for the two FPI filters. The response
error is converted to the Rayleigh HLOS wind speed EE
σHLOS,R by considering the sensitivity of the Rayleigh spec-
trometer ∂vLOS,R/∂R and the projection angle with the hor-
izontal axis θ , i.e. the off-nadir angle of the instrument (θ ≈
37◦), as follows:

σHLOS,R =
1

sinθ
·
∂vLOS,R

∂R
σR. (3)

Assuming, without the loss of generality, that A= B, it can
be followed from Eqs. (2) and (3) that

σHLOS,R ∝
σA

A
∝

1
√
A
. (4)

Hence, the Rayleigh EE scales with the reciprocal square
root of the useful signal on the detector. Before launch, it
was intended to include additional parameters in the HLOS
wind EE computation for the Rayleigh channel to account
for the (local) sensitivities of the derived LOS wind speed to
atmospheric temperature and pressure, which influence the
Rayleigh response (Dabas et al., 2008), and to the scattering
ratio. However, these additional terms, which are formulated
in the ATBD, are not considered in the current algorithm (up
to baseline 14) due to the lack of dynamic values as an input
for the respective error contributions. Furthermore, the noise
that is introduced by the detector and read-out electronics is
not accounted for in the EE calculation, although its contri-
bution is not negligible in the case of low atmospheric signal
levels, i.e. later in the mission. Consequently, the Rayleigh-
clear EE is governed by the Poisson noise of the measured
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signal and the solar background. Note that it is foreseen that
additional noise terms for the EE calculation will be included
in future processor versions and, hence, reprocessed datasets.

The wind speed determination in the Mie channel is based
on the fringe-imaging technique (McKay, 2002), where a lin-
ear interference pattern (fringe) is produced by a Fizeau inter-
ferometer and vertically imaged onto a detector. The Doppler
frequency shift then manifests as a spatial displacement of
the fringe peak position which changes approximately lin-
early with the frequency of the incident light. The peak posi-
tion, which is referred to as the Mie response, is currently
calculated by a Nelder–Mead downhill simplex algorithm
(Nelder and Mead, 1965) to optimize a Lorentzian line shape
fit of the signal distribution across the Mie channel detector
(Mie Core algorithm; Reitebuch et al., 2018). The Mie chan-
nel EE is then related to the precision of the Mie response and
is approximated from the solution error covariance of the fit
algorithm, as described in the ATBD (Rennie et al., 2020).
The covariance matrix is calculated from the partial deriva-
tives of the Lorentzian line shape function with respect to
four different fit parameters (peak position, peak height, peak
width, and peak offset). An additional correction factor for
each detector pixel accounts for the obscuration of the tele-
scope primary mirror by the tripod that bears the secondary
mirror (Tan et al., 2008). The error in the Mie response σM,
i.e. the peak position error, is one element of the covariance
matrix and can be converted to the Mie HLOS wind speed
EE σHLOS,M as follows:

σHLOS,M =
λ

2 ·m · sinθ
σM, (5)

where λ is the laser wavelength, and m describes the Mie
response slope, which is determined from a dedicated in-
strument calibration mode. Thus, the Mie EE is not directly
linked to the atmospheric signal levels but rather depends on
the signal distribution across the Mie detector and how well
the peak from the imaged fringe resembles a Lorentzian line
shape. The Mie signal distribution is, however, influenced by
the broadband Rayleigh signal that is incident on the Fizeau
interferometer and modifies the signal distribution, depend-
ing on its strength relative to the Mie peak and the illu-
mination conditions. Moreover, since the fringe is coarsely
resolved by only 16 pixels on the Mie detector (European
Space Agency, 2008), the fit precision for the determination
of its centroid position varies slightly, depending on how the
fringe intensity is distributed among adjacent pixels (pixela-
tion effect). The definitions of the L2B EE for the Rayleigh-
clear and Mie-cloudy winds suggest that the values in the
L2B product do not fully account for all error sources that
affect the wind measurement in the two channels. It is also
implied that the EE has been varying over the mission life-
time, as the atmospheric signal levels have been declining.

The temporal evolutions of the Rayleigh and Mie EE over
the FM-B period are depicted in Fig. 1a. The green and blue
curves represent the daily median of the global wind data ex-

tracted from the L2B product (baselines 11 to 14). The instru-
ment was switched off for several weeks in March/April 2021
and October 2021, following two so-called Failure Detec-
tion Isolation And Recovery (FDIR) events, resulting in
data gaps. The red line describes the long-term trend of
the reciprocal square root of the atmospheric useful signal
(1/
√

ATM), as measured with the Rayleigh channel under
clear-sky conditions at about 10 km altitude, and normal-
ized to the beginning of the FM-B period. The signal lev-
els dropped by about 70 % between July 2019 and July 2022
(1/
√

ATM increased from 1.0 to 1/
√

0.3≈ 1.8), while in-
termittent signal increases can be attributed to instances in
which the laser energy was boosted by special operations,
e.g. in December 2020 and November 2021. The Rayleigh
EE evolution roughly follows the trend of 1/

√
ATM in ac-

cordance with Eq. (4), which assumes Poisson noise to be
the dominant noise source (Reitebuch et al., 2018). The sea-
sonal modulation of the Rayleigh EE is caused by the change
in solar background noise, which adds to the shot noise of the
signal and which is largest in the Northern Hemisphere sum-
mer, with secondary maxima in the Southern Hemisphere
summer. The evolution of the Mie-cloudy EE is less affected
by the signal trend and rather driven by the data processing
algorithms and related settings which were modified several
times over the FM-B period. Most notably, it was drastically
reduced from around 4 to 3 m s−1 with the release of proces-
sor baseline 12 in May 2021. The latter involved a change
in the L1B processor to ensure the correct summation of the
raw Mie signals after dark current subtraction, without set-
ting negative values to zero, leading to an improved fringe
centroid computation and, in turn, a smaller random error
and EE of the Mie winds. In early May 2022, the threshold
settings of the Mie Core algorithm were relaxed to obtain
more valid Mie winds of reasonable quality at the expense of
more outliers with high EE, hence increasing the median to
around 5 m s−1.

The variability in the EE also becomes obvious when com-
paring its distribution for two datasets from different peri-
ods and geographical locations. Figure 1b shows the his-
tograms of the Mie EE that was extracted from the L2B prod-
uct for the 10 Aeolus underflights of the AVATAR-I cam-
paign in the North Atlantic in September 2019 (blue bars)
and for the 11 underflights of the AVATAR-T campaign in
the tropics in September 2021 (orange bars). For the latter
dataset, the portion of Mie winds with EE ranging from 3 to
6 m s−1 is significantly larger than for the AVATAR-I dataset,
which, however, contains more Mie winds with EE smaller
than 3 m s−1 and larger than 6 m s−1. Regarding the Rayleigh
channel (Fig. 1c), the EE distribution has shifted towards
higher values in accordance with the overall trend shown in
Fig. 1a, although the impact of the atmospheric signal de-
crease between the two campaigns on the EE was partially
compensated by the smaller detrimental influence of the so-
lar background in the tropics compared to the higher latitudes
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Figure 1. Temporal evolution of the reciprocal square root of the of the atmospheric signal level (1/
√

ATM) (red), normalized to the value
from 26 July 2019, and the L2B Rayleigh-clear (green) and Mie-cloudy EE (blue) during the FM-B period (median per day). The baselines
of the L2B product from which the data were extracted are indicated by the horizontal bars on the top of the plot. The lower panels depict
the distribution of the Mie (b) and Rayleigh EE (c) for the periods and locations of the two DLR validation campaigns AVATAR-I (blue) and
AVATAR-T (orange). The campaign periods are indicated by blue- and orange-shaded stripes in panel (a).

and the fact that the range bin thickness was set to be larger
(750 compared to 500 m during AVATAR-I).

Given the change in the EE distributions over the FM-B
period, the rejection of wind results by using a (fixed) EE
threshold as QC would lead to different portions of winds
from the respective dataset to be validated and, hence, mis-
leading results when comparing and interpreting the statistics
of error distributions for the two campaigns. Therefore, it is
crucial to consider the influence of different EE thresholds
on the validation results and to find alternative schemes for
the QC of the Aeolus data.

3 QC methods for the L2B error assessment

The investigation of different QC schemes will be presented
based on the statistical comparison of L2B wind results
against model background winds from the 11 underflight
legs of the AVATAR-T campaign, as summarized in Table 1.
The model background wind data, which serve as the refer-
ence, are contained in the Aeolus auxiliary meteorological
file (AUX_MET). It includes vertical profiles (137 pressure
levels) of ECMWF operational model fields from a short-
range forecast run of up to 12 h at TCo 1279 (for triangular–
cubic-octahedral) resolution (∼ 9 km grid) along the pre-
dicted ground track of Aeolus for both nadir and off-nadir
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pointing (Rennie et al., 2020). Note that the model wind data
are independent of the Aeolus winds, as they are produced
before assimilation of the latter (Aeolus winds were assim-
ilated in the previous model runs, though). The AUX_MET
data (zonal and meridional wind components) were averaged
onto the L2B grid by means of a weighted aerial interpola-
tion algorithm (Marksteiner, 2013), which was also applied
for the harmonization of the L2B and A2D datasets in previ-
ous airborne campaigns (Lux et al., 2018, 2020a, 2022). This
procedure allows for a direct comparison of each L2B wind
observation (O) against the averaged model background (B),
resulting in so-called “observation minus background” (O-B)
statistics (Rennie et al., 2021; Marseille et al., 2022).

3.1 Systematic and random wind error

The statistical results from the model comparison without
applying any QC are depicted in Fig. 2 for the Mie-cloudy
(Fig. 2a, c) and the Rayleigh-clear wind results (Fig. 2b, d).
The scatters in the top plots are colour-coded according to
the respective EE value that is assigned to each wind result.
Overall, the L2B wind results show good agreement with
the model background winds from the ECMWF; however,
there are quite a few wind results with large departures from
the model, particularly for the Mie channel. Those winds are
very often, but not always, associated with a large EE. The
bottom plots represent the histograms, or probability den-
sity functions (PDFs), of the respective (O-B) wind errors,
i.e. L2B minus ECMWF model. The histograms are nearly
Gaussian distributed, when excluding the large outliers that
are indicated by the red bars and whose identification will
be discussed below. The main output of the analysis is the
three statistical parameters that are listed in the inset boxes.
The systematic wind error, or mean bias, with respect to the
ECMWF model background is calculated as follows:

µ=
1
n

n∑
i=1

(
vi,L2B− vi,ECMWF

)
. (6)

It represents the mean of the wind speed differences between
Aeolus and the model, with n being the number of compara-
ble winds after the exclusion of outliers.

The random error is given in terms of the standard devia-
tion, as follows:

σ =

√
1

n− 1

n∑
i=1

[(
vi,L2B− vi,ECMWF

)
−µ

]2
. (7)

Additionally, the scaled median absolute deviation (scaled
MAD) is derived as follows:

k = 1.4826 ·median
∣∣(vi,L2B− vi,ECMWF

)
−median

(
vi,L2B− vi,ECMWF

)∣∣ . (8)

The scaled MAD is more resilient to outliers in the dataset
and thus a more robust measure of the wind error variabil-
ity than the standard deviation. In case the analysed data are

normally distributed, the standard deviation and scaled MAD
are identical.

The definitions given here are in line with the those stated
in the Aeolus MRD, which assumes that the wind error with
respect to other wind observations or the model background
can be described by a Gaussian distribution, whose centre
and width represent the accuracy and precision of the Aeolus
winds. This is justified by the fact that the wind error is dom-
inated by Poisson-distributed photon noise on the detectors,
particularly for the Rayleigh channel. For the Mie channel,
deficiencies in the signal analysis (Mie Core algorithm) give
rise to gross errors which additionally contribute to the error
distribution, as will be pointed out in Sect. 3.3. Nevertheless,
after sorting out the gross errors, the assumption of a Gaus-
sian distribution is also valid for the Mie channel.

3.2 Modified Z score for outlier detection

Data can be screened for outliers by calculating the modified
Z score1 for each wind observation. It describes its distance
from the median, measured in units of the scaled MAD, as
follows (Iglewicz and Hoaglin, 1993):

Zm,i =
xi − xmedian

k
, (9)

with k denoting the scaled MAD, as introduced in Eq. (7).
Since the median and the scaled MAD are more robust to
outliers compared to the mean and standard deviation, the
modified Z score is a valuable tool for data screening, even
if the distribution is far from Gaussian and/or the dataset is
small. Iglewicz and Hoaglin (1993) recommended that modi-
fied Z scores with an absolute value greater than 3.5 are to be
labelled as outliers. However, thresholds of 3 or even smaller
are also used in literature, depending on the convention for
defining outliers (Tripathy, 2013; Sandbhor and Chaphalkar,
2019).

Following the recommendation from Iglewicz and Hoaglin
(1993), the (O-B) wind errors with respect to the ECMWF
model background were filtered based on the modified
Z score, i.e. wind results for which |Zm| is greater than 3.5
were removed from the dataset. For the Mie-cloudy winds,
10.5 % outliers (68 out of 646 wind results) were identified
in this manner, while the portion is much smaller for the
Rayleigh-clear winds (89 outliers out of 2778 wind results;
≈ 3.2 %). The outlier removal has a significant impact on the

1The (standard) Z score, which is also often used for outlier
detection, is defined as the distance from the mean in units of the
standard deviation. A common approach is then to label observa-
tions with a Z score greater than 3 (in absolute values) as an outlier.
However, the use of the Z score can be misleading due to the fact
that µ and σ are affected by outliers themselves. Moreover, for a
given sample size n, the maximum Z score is at most (n− 1)/

√
n

(Shiffler, 1988), so that Z is always below 3 for n= 10. Therefore,
it is not considered appropriate for outlier detection, particularly for
small datasets.
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Figure 2. Scatterplots comparing the L2B Mie-cloudy (a) and Rayleigh-clear (b) wind results against ECMWF model winds from the 11
underflights of the AVATAR-T campaign. The colour-coding describes the L2B EE of the wind results. The statistical parameters without and
with outlier removal, using the modified Z score, are given in Table 2. (c, d) Histograms of the respective wind errors (L2B minus ECMWF
model) in bins of 1 m s−1. The red bars indicate gross errors, as identified by the modified Z score. The dashed lines represent Gaussian fits
of the error distributions after outlier removal. The statistical parameters after outlier removal are given in the insets.

Table 2. Statistical comparison of the Aeolus L2B Mie-cloudy and Aeolus L2B Rayleigh-clear winds against the ECMWF model background
winds for all underflights performed during the AVATAR-T campaign. The corresponding scatterplots and histograms are shown in Figs. 2
and 3, respectively. The statistics are derived after the adaptation of the ECMWF model data to the respective L2B measurement grids. The
statistical parameters are given without and with the removal of outliers according to the modified Z score (|Zm|> 3.5).

Statistical parameter Mie-cloudy Rayleigh-clear

Without modified With modified Without modified With modified
Z-score filter Z-score filter Z-score filter Z-score filter

No. of compared bins, n 646 578 2778 2689
Portion of valid wind results 100 % 89 % 100 % 97 %
Correlation coefficient, r 0.34 0.82 0.44 0.68
Mean bias, µ (± standard error σ/

√
n) (8.3± 1.1) m s−1 (0.3± 0.2) m s−1 (0.4± 0.3) m s−1 (0.1± 0.2) m s−1

Standard deviation, σ 29.2 m s−1 5.3 m s−1 15.1 m s−1 7.8 m s−1

Scaled MAD, k 5.1 m s−1 4.3 m s−1 7.2 m s−1 6.9 m s−1
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derived statistical parameters (see Table 2), especially for the
Mie channel. Since most of the Mie wind outliers are posi-
tively biased, the systematic error is as high as 8.3 m s−1 if
no QC is applied, but it is reduced to 0.3 m s−1 by the out-
lier rejection based on the modified Z score. At the same
time, the standard deviation is drastically decreased from
29.2 to 5.3 m s−1. The impact on the scaled MAD is much
smaller (5.1 to 4.3 m s−1) because it is less prone to out-
liers, as described above. Regarding the Rayleigh statistics,
the biggest effect of the outlier removal is observed for the
standard deviation, which is reduced from 15.1 to 7.8 m s−1,
while the mean bias (0.4 to 0.1 m s−1) and the scaled MAD
(7.2 to 6.9 m s−1) are only slightly affected. The reason is
the much more homogeneous distribution of outliers outside
of the nearly Gaussian distribution as opposed to the Mie
winds (see Fig. 2c and d), so that the rejection of winds with
|Zm|> 3.5 mainly leads to a narrowing of the error distribu-
tion without changing its centre of mass.

Note that the Z-score filter is sufficiently relaxed to avoid
the rejection of wind observations that might be due to ex-
treme wind occurrences. Taking the scaled MAD values for
the Mie and Rayleigh winds before applying the filter (5.1
and 7.2 m s−1, respectively) and considering that the me-
dian of the wind speed differences is close to zero, only
wind results that deviate by more than ≈ 18 m s−1 (Mie)
or ≈ 25 m s−1 (Rayleigh) from the model are considered to
be outliers. This is well above typical model errors that are
caused by deficiencies in terms of parametrization and res-
olution and can, in extreme cases, like in highly convective
regions, exceed 10 m s−1 (Rennie et al., 2021).

The differences in the outlier distributions also become
obvious when plotting the (O-B) wind error against the EE
of the respective wind product (Fig. 3). At higher EE, the
number of winds with larger error with respect to the model
increases, as expected. However, while the larger Rayleigh
wind errors are almost evenly distributed, there is a prepon-
derance of Mie outliers with a positive bias relative to the
model background. Note that the Mie data include many
more outliers with errors greater than ±50 m s−1, which are
not displayed in Fig. 3a for the sake of readability. One of
these extreme outliers, with a wind error of 146 m s−1, has
an EE of only 5.6 m s−1. This outlier would spoil the Mie
statistics at a moderate EE threshold of 5.6 m s−1, unless an
additional QC scheme, such as the modified Z score, is ap-
plied to the dataset. Conversely, there are several winds with
a small error, with respect to the model, but high EE. Some
of these low-error winds are, however, non-physical results
and merely part of the random wind distribution around the
reference model wind, especially for the Rayleigh channel
(see also Fig. 2a and b).

3.3 Mie gross errors

Outliers that are not represented by a Gaussian distribution
can be referred to as gross errors and are usually caused by

data transmission or instrument failure. In the case of the
Aeolus Mie-cloudy winds, gross errors generally originate
from the false detection of a Mie fringe by the Mie Core
algorithm, especially at weak particulate backscatter signals
when the Rayleigh background or other noise sources may
produce a small peak on the Mie detector, which is then er-
roneously registered as a fringe. This results in non-physical
wind speeds with large departures from the actual wind, de-
pending on the position of the peak, which is also determined
by the illumination conditions of the Fizeau interferometer
and thus by the telescope obscuration along the orbit. As
shown in Fig. 3a, such gross errors are not reliably assigned
an adequately large EE to be filtered out accordingly by com-
mon QC methods.

Experience with conventional observation systems and as-
sociated instrument and retrieval QC settings in operational
meteorological analysis suggest that the rate, or probability,
of gross errors present in the analysis (after QC) should not
exceed a few percent to avoid deterioration of the NWP skill
(Lorenc and Hammon, 1988). This is also important to pre-
vent random wind estimates that are, by coincidence, close
to the true wind from influencing the analysis. Consequently,
in addition to specifying the required wind random error
for the Mie and Rayleigh winds in different altitude ranges,
the Aeolus MRD contains a gross error requirement, which
states that the probability of gross errors shall be less than
5 % within a wind speed range of 6 times the random er-
ror requirement (6σ ), while no gross errors shall be present
outside of this wind speed range (European Space Agency,
2016). The gross error requirement is only applicable to the
Mie channel, whereas it is already covered by the random
error requirement for the Rayleigh channel, where the noise
sources are assumed to be purely Gaussian.

Before launch, it was assumed that the Mie gross errors
are uniformly distributed so that, in principle, the increase
in random error caused by the gross errors within the 6σ
range is less than 5 % (European Space Agency, 2016). How-
ever, analysis of the Mie-cloudy wind data after launch re-
vealed a strongly asymmetric distribution of gross errors,
with a predominance of positively biased winds, as shown
in the previous section. This fact becomes even more ob-
vious when regarding larger datasets. Figure 4 depicts his-
tograms of the (O-B) Mie wind error (in logarithmic scale)
from 5 d of data (from 20 through 25 March 2022), subdi-
vided into four groups depending on the geographical lo-
cation (Northern and Southern hemispheres, NH/SH) and
the orbital node of the satellite (ascending and descending).
Gaussian fits without and with an offset term are represented
as dashed and dotted lines for each data subset, respectively.
Due to the complex gross error distribution, which differs
among the subsets and features multiple local maxima along
the wind error range, the contribution of non-Gaussian errors
cannot be approximated by a simple analytic function, e.g. by
a constant offset, as assumed before launch, or by a linear re-
lationship. Therefore, the use of a Gaussian fit with offset is
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Figure 3. L2B Mie-cloudy (a) and Rayleigh-clear (b) wind error with respect to the ECMWF model background winds vs. the L2B EE for
the 11 underflights of the AVATAR-T campaign. The red data points represent outliers, as identified by the modified Z score (|Zm|> 3.5).
Note that there are many more Mie outliers with errors greater than ±50 m s−1.

Figure 4. Histograms of the L2B Mie-cloudy wind error against
ECMWF model background data from the period between 20 and
25 March 2022 for the Northern/Southern hemispheres and ascend-
ing/descending orbits. The dashed and dotted lines represent Gaus-
sian fits without and with offset, respectively.

not considered useful to describe the Mie wind error distri-
bution including gross errors, as opposed to the pre-launch
assumptions. Instead, QC should be performed such that the
resulting wind error distribution is as close to a Gaussian dis-
tribution (without offset) as possible. However, when using
this approach, one accepts the inclusion of non-physical wind
observations that, by chance, fall within the Gaussian distri-
bution. A convenient method to assess to what extent a given
dataset follows a Gaussian distribution is provided by normal
quantile plots which are introduced in the next section.

3.4 Normal quantile plots

Normal quantile plots are a graphical tool for evaluating
whether or not a dataset is approximately normally dis-
tributed (Chambers et al., 1983). They represent a special
case of quantile–quantile plots (QQ plots), where the prob-
ability distribution of observed (empirical) data are com-
pared to a specified theoretical distribution by plotting their
quantiles against each other. A linear pattern of the scat-
tered points suggests that the measured distribution is rea-
sonably described by the theoretical, e.g. Gaussian, distribu-
tion, while departures from a straight line indicate deviations
from normality. Usually, a reference line is added to the plot
which passes through the first (Q25) and third quartiles (Q75)
of the distributions, denoting the values that cut off the first
and last quarter of the data when it is sorted in ascending or-
der. The residuals from this reference line are then a measure
of the non-normality. The residuals can be measured either
in quantiles or in units of the quantity plotted by considering
the mean and standard deviation of the sample distribution. A
normal quantile plot can be interpreted less ambiguously than
a histogram, and the shape of the curve allows conclusions to
be drawn about the skewness and kurtosis of the distribution.

The use of a normal quantile plot is demonstrated using the
example from Sect. 3.1, i.e. the validation of L2B Rayleigh-
clear winds against ECMWF model background data from
the AVATAR-T campaign (see Fig. 2b and d). Two different
QC schemes were applied to study their influence on the nor-
mality of the resulting wind error distribution. The first QC
corresponds to the widely used approach where L2B winds
for which the EE exceeds a certain value are filtered out.
Here, a threshold of 10 m s−1 was chosen, which is slightly
larger than the most commonly used value of 8 m s−1, but
is regarded as an appropriate threshold given the increased
noise levels during the campaign compared to the start of
the FM-B and elevated EE of the Rayleigh winds accord-
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Figure 5. Normality check of the Rayleigh-clear wind error distribution from the ECMWF model comparison based on the AVATAR-T
dataset for two different QC approaches. (a, b) Histograms of the Rayleigh wind error with respect to the ECMWF model background (a)
after QC based on an EE threshold of 10 m s−1 and after QC based on the modified Z score (|Zm|> 3.5). The vertical dashed lines indicate
the first and third quartiles of the given (sample) distribution (Q25s; Q75s) and the theoretical normal distribution used for comparison (Q25n;
Q75n). The corresponding parameters are also visualized as horizontal and vertical dashed lines (quartile lines) in the normal quantile plots
for the two QC approaches plotted in panels (c) and (d), respectively. The quartile reference line (red), which is defined by the intersection
points of the quartile lines, is used to calculate the residual quantiles which are depicted in panels (e) and (f).
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ingly (see Fig. 1). The second QC is based on the modified
Z score, discarding those winds for which |Zm|> 3.5. The
corresponding histograms are displayed in Fig. 5a and b, with
the red bars indicating the data that are removed by the re-
spective QC scheme. While the EE approach rejects 5.5 % of
the wind results across the entire wind error range, the QC
that relies on the modified Z score (by design) only removes
data from the far edges of the distribution. As a consequence,
the normal quantile plot for the second approach, which is
depicted in Fig. 5d, shows smaller departures from the refer-
ence line compared to the EE approach (Fig. 5c). The resid-
uals from the reference line are plotted in the bottom row of
Fig. 5, revealing large deviations from normality for the first
QC scheme, particularly on the edges. The flipped S-shape
of the curve suggests a so-called heavy-tailed distribution of
the wind errors, i.e. the existence of large outliers. In other
words, the QC scheme based on the EE threshold does not
completely remove all the Rayleigh gross errors, so that the
resulting (O-B) wind error distribution is not Gaussian, as it
is required for a proper assessment of the L2B wind error
according to the MRD. In contrast, when using the modi-
fied Z score for QC, the wind error distribution (O-B) shows
much higher normality with residuals smaller than 1σ (see
the grey-shaded area in Fig. 5f), while retaining a higher frac-
tion of valid winds (close to the median) in the dataset.

Although the modifiedZ score is a useful technique for in-
creasing the normality of a given dataset, it should be noted
that the choice of the Z score threshold is crucial. If the cho-
sen limit is too small, e.g. |Zm|> 2, then a significant por-
tion of the wings of the error distribution is cut off, resulting
in a light-tailed distribution which manifests as an S-shaped
curve in the normal quantile plot and, hence, decreased nor-
mality. For the model comparison of Rayleigh-clear winds,
a Z score limit ranging from 3.0 to 3.5 was found to yield
a high degree of normality, which is in accordance with the
recommendation by Iglewicz and Hoaglin (1993). Concern-
ing the Mie-cloudy winds, the situation is more complicated
due to the pronounced asymmetry in the gross error distribu-
tion which even affects the outlier-robust median and scaled
MAD and, hence, the modified Z score. Therefore, the com-
bination of an EE threshold and a modified Z-score filter is
suggested as a reasonable QC approach, as will be elabo-
rated on in Sect. 4. Prior to that, the influence of various QC
settings on the statistical results of the model comparison is
presented in the following section.

3.5 Influence of the QC on the validation results

The evaluation of the Aeolus wind data quality is predicated
on the determination of the systematic (accuracy) and ran-
dom error (precision) of the wind results in the L2B data
product. These key parameters are described by the mean
bias µ (Eq. 6) and standard deviation σ (Eq. 7) with respect
to the reference instrument or model data. The scaled MAD
k (Eq. 8) is sometimes calculated as an additional measure

of the wind precision, although it is not compliant with the
random error definition that is formulated in the MRD. Note
that, in case of a normally distributed (O-B) wind error, the
scaled MAD is identical to the standard deviation, and a dis-
tinction between the two parameters is obsolete. In this sense,
the degree of deviation between k and σ is another measure
of non-normality.

The statistical parameters are strongly influenced by the
applied QC approach and related threshold settings, which
also determine the fraction of wind results (with validity
flag= 1) that are discarded from the original dataset. For the
purpose of summarizing the impact of the chosen QC set-
tings on the validation results, a combined bar and line graph
was developed, as depicted in Fig. 6, for the error assess-
ment of the Mie-cloudy and Rayleigh-clear winds against
the ECMWF model background data from the AVATAR-T
campaign. The diagram intends to give an overview of the
most relevant statistical parameters (µ, σ , k, and fraction of
valid winds that is considered in the statistics) dependent on
the chosen EE threshold. The x axis denotes the EE thresh-
old up to which winds results are retained in the dataset.
The left y axis refers to the plotted lines which describe the
mean bias (circles), standard deviation (squares), and scaled
MAD (diamonds). The statistical parameters are calculated
for two cases, i.e. without and with the additional applica-
tion of a modified Z-score filter (|Zm|< 3.5), represented
by the dashed and solid lines, respectively. The bar chart, re-
ferring to the right y axis, indicates the percentage of valid
data that are included in the statistical analysis, whereby the
red columns specify the portion of wind results that are re-
jected by the modified Z-score filter. Note that the L2B prod-
uct also contains Rayleigh-clear winds with EE > 15 m s−1

(≈ 3 %), reaching even EE values beyond 100 m s−1, so that
the columns in Fig. 6b do not reach 100 %, as opposed to the
Mie-cloudy winds depicted in Fig. 6a, where the maximum
EE is 14.7 m s−1.

The plot in Fig. 6a demonstrates that the QC based on the
EE threshold rejects almost 40 % of the valid Mie winds at a
threshold of 4 m s−1 (which is often used in validation stud-
ies), while this portion is reduced to less than 20 % when
the threshold is relaxed to 6 m s−1. At the same time, multi-
ple large outliers are added to the analysed dataset, includ-
ing the one with 146 m s−1 mentioned before, and strongly
affect the mean bias (from 0.1 to 1.4 m s−1) and standard de-
viation (from 4.5 to 12.9 m s−1), while the scaled MAD is
only slightly increased from 3.7 to 4.0 m s−1. Consequently,
solely using the EE as a QC parameter implies that either a
large portion of data is discarded or several Mie gross errors
are included in the dataset that distort the statistics. In both
cases, the validation results become less significant, espe-
cially if the original dataset is already small, e.g. in ground-
based campaigns with only a few Aeolus overpasses to be
analysed.

A solution to this problem is offered by the modified Z-
score filter, which sorts out the gross errors and hence per-
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Figure 6. Results from the statistical comparison of L2B Mie-cloudy (a) and Rayleigh-clear winds (b) against ECMWF model background
wind data from the AVATAR-T campaign, depending on the EE threshold without and with outlier removal based on the modified Z score.
The bar plots depict the portion of filtered winds after QC (|Zm|< 3.5; blue and green bars) and gross errors (|Zm|> 3.5; red bars) from
all wind results that are flagged valid in the L2B product and pass the specified EE threshold. The portion of gross errors is indicated above
the bars. The dashed lines and open symbols refer to the statistical results (mean bias µ, standard deviation σ , and scaled MAD k) without
removing the gross errors from the datasets, while the solid lines represent the statistical parameters after QC based on the modified Z score.

mits higher EE thresholds. Using a threshold of 6 m s−1

and removing the aforementioned outliers by a subsequent
QC step based on the modified Z score (|Zm|< 3.5) re-
tains 80 % of all valid winds in the dataset, while ensuring
robust statistical parameters (µ= 0.2 m s−1, σ = 4.6 m s−1,
and k = 3.9 m s−1). The latter are changed to some extent
when the EE threshold is further increased up to a point
where all valid Mie winds pass the first QC step and only the
modified Z-score filter takes effect, rejecting ≈ 10 % of the
data which are identified as gross errors. The resulting values
(µ= 0.3 m s−1, σ = 5.3 m s−1, and k = 4.3 m s−1) represent
the statistics shown in Fig. 2c and Table 2.

Regarding the Rayleigh-clear wind results, the impact of
an additionalZ-score filter is less striking, owing to the much
more homogeneous distribution of the outliers, as explained
in the previous sections. At a typical EE threshold of 8 m s−1

(Witschas et al., 2020), about 90 % of all valid winds pass the
first QC step, including less than 1 % of outliers. The latter
hardly affect the statistical parameters. The systematic error
changes from 0.10 to 0.03 m s−1, while the standard devia-
tion and the scaled MAD decrease from 7.5 to 7.0 m s−1 and
from 6.7 to 6.6 m s−1 upon the application of the modified
Z-score filter, respectively. When the EE threshold is more
and more relaxed, eventually switching off the EE-based QC,
the influence of 3 % of outliers in the dataset becomes more
pronounced, so that the modified Z-score filter is also use-
ful for the Rayleigh winds, reducing the mean bias from 0.43
to 0.07 m s−1, the standard deviation from 15.1 to 7.8 m s−1,
and the scaled MAD from 7.2 to 6.9 m s−1 (see also Table 2).

To conclude, the modified Z score is an effective method
to discard gross errors from the L2B data that are detrimental
to the validation results, thus enabling higher EE thresholds
and, in turn, larger portions of valid winds to be included in
the statistical analysis. This is particularly true for the Mie-
cloudy winds, where extreme (mainly positively biased) out-
liers with small EE may occur in the dataset, which, if not
properly rejected, lead to a strongly skewed wind error dis-
tribution. The choice of the Z score limit, however, remains
arbitrary and may have a non-negligible influence on the sta-
tistical results, depending on the actual dataset that is used
for the validation of the L2B winds. For the model compari-
son discussed above, the statistical parameters change by less
than 7 % if the Z score limit is reduced from 3.5 to 3.0. The
largest influence is found for the Rayleigh standard devia-
tion, which decreases to 7.3 m s−1 (compared to 7.8 m s−1

for a Z score limit of 3.5), as the portion of outliers accounts
for 4.5 % (compared to 3.2 %).

4 Aeolus validation against 2 µm DWL winds from
AVATAR-T

The statistical methods introduced in Sect. 3 will now be ex-
emplarily applied in an Aeolus validation study based on the
2 µm DWL, which was deployed during the AVATAR-T cam-
paign aboard the DLR Falcon aircraft. Thanks to a double-
wedge scanner, the 2 µm DWL is capable of measuring the
range-resolved three-dimensional wind vector with a mean
accuracy of ≈ 0.1 m s−1 and a mean precision of better than
1 m s−1 (Weissmann et al., 2005; Witschas et al., 2017). For
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comparing the 2 µm DWL winds to the L2B wind data, the
measured wind vector is projected onto the Aeolus HLOS
axis, while averaging procedures are performed to account
for the different horizontal and vertical resolutions of the
2 µm DWL (≈ 8.8 km; 100 m) and Aeolus (≈ 87 km for
Rayleigh and 10 km for Mie; 0.25 to 2 km), as explained
in Witschas et al. (2020). The 2 µm DWL delivered high-
quality wind observations during the first five AVATAR-T
underflights (see Sect. 2.1), enabling the validation of 563
Rayleigh-clear and 162 Mie-cloudy winds in case no further
QC in addition to the validity flag is applied.

The results of the statistical comparison are shown in
Fig. 7. In analogy to Fig. 2, the scatterplots in Fig. 2a and c
depict the correlation of the Mie-cloudy and Rayleigh-clear
winds against 2 µm DWL wind data, respectively, with the
colour-coding describing the EE. Scatters with a larger de-
parture from the 1 : 1 line in most cases exhibit a high EE,
suggesting that the latter parameter is a decent proxy for the
wind data quality. However, there are also several outliers
with comparatively small EE and several Aeolus wind re-
sults with good agreement to the 2 µm DWL but large EE.
The presence of outliers, as defined by a modifiedZ score ex-
ceeding 3.5, is visualized in Fig. 2b and d for the two receiver
channels. Out of a total number of 11 Mie outliers, five are
not displayed in the graph because the departures are greater
than +50 m s−1, again demonstrating the strongly skewed
wind error distribution for the Mie channel. The number
of Rayleigh wind errors with |Zm|> 3.5 (27) accounts for
around 5 % of all valid wind results, with a small preponder-
ance of positive deviations from the 2 µm wind speeds.

The influence of the previously discussed QC schemes (EE
threshold in combination with modified Z score) on the key
statistical parameters is illustrated in Fig. 8. In accordance
with the model comparison shown in Fig. 6, the systematic
and random error in the Aeolus L2B wind results with re-
spect to the 2 µm DWL wind data increase as the EE thresh-
old is relaxed, whereby larger departures are evident with-
out the application of an additional modified Z-score filter
(dashed lines), as expected. The percentage of outliers that
are identified by the modified Z score is comparable to the
validation against the ECMWF model background (Mie is
≈ 7 %; Rayleigh is ≈ 3 %). This result confirms the fact that
the Mie-cloudy winds do not fulfil the gross error require-
ment formulated in the MRD (Sect. 3.3), since the contribu-
tion of non-Gaussian error sources is larger than 5 %. More-
over, there exist multiple gross errors outside of the 6σ range
(≈±12 m s−1), including wind results with departures from
the 2 µm DWL winds of more than 50 m s−1, as mentioned
above. Therefore, it is recommended to refine the Aeolus
L1B and L2B processors, i.e. the Mie Core algorithm thresh-
old settings, in order to eliminate all gross outliers outside of
the 6σ range and, hence, to avoid an overestimation of the
Mie random error.

Interestingly, the EE thresholds at which the portion of
winds that are considered in the statistics (blue and green

bars in Fig. 8) exceeds 80 % differ from the results of the
model comparison for the Mie and the Rayleigh channel. In
the latter case, EE thresholds of at least 6 m s−1 are necessary
to reach the 80 % mark for both channels (Fig. 6). In contrast,
it would, in principle, be sufficient to choose an EE threshold
of 4.5 m s−1 for the Mie winds, whereas the EE threshold for
the Rayleigh winds has to be as high as 8.5 m s−1 when com-
paring them against the 2 µm DWL data. This can presum-
ably be explained with the spatial overlap of the 2 µm DWL
wind with the data of the two channels. Since the heterodyne
detection lidar primarily measures winds from particulate
backscatter (aerosols and clouds), it mainly covers regions
where high-quality Mie winds are expected. Thus, a large
portion of valid Mie winds that overlap with the 2 µm DWL
wind data show low EE. Nevertheless, thanks to its high sen-
sitivity, the 2 µm DWL is also capable of measuring winds in
regions with scattering ratios as low as 1.01, and hence, there
is a high availability of Rayleigh-clear winds. Since areas
with low cloud coverage are targeted for the Aeolus under-
flights for the purpose of high wind data coverage, there are
more Rayleigh-clear than Mie-cloudy winds to be validated
by the 2 µm DWL. Most of the Rayleigh winds overlapping
with the 2 µm DWL data coverage, however, stem from ex-
tended aerosol layers in the lower troposphere, including the
planetary boundary layer (PBL) in the lowermost 2 km with
shorter-range bins (500 compared to 750 m). This region is
characterized by increased EE values owing to the attenuated
molecular backscatter and thus reduced SNR. Higher-quality
Rayleigh winds with low EE, which are prevalent in the mid-
dle and upper troposphere in clear-sky conditions (scattering
ratio of well below 1.01), are underrepresented in the vali-
dation dataset so that a higher EE threshold is necessary to
obtain the same portion of valid Rayleigh winds as for the
model comparison.

These considerations emphasize the importance of a com-
prehensive statistical analysis for assessing the Aeolus wind
errors. Depending on the characteristics of the reference in-
strument (data coverage, resolution, etc.), the EE threshold
has to be chosen such that a significant portion, e.g. 80 %, of
the wind data is included in the statistics. This is particularly
true if the wind data quality is evaluated over longer time
periods, given the long-term variability in the EE (Fig. 1).

Following this criterion, the Rayleigh EE threshold was set
to 8.5 m s−1 for the validation against the 2 µm DWL data, re-
sulting in a mean bias ofµ= 0.2 m s−1, standard deviation of
σ = 8.8 m s−1, and scaled MAD of k = 7.3 m s−1, if no fur-
ther QC is applied. When removing outliers by means of the
modified Z score, which account for 1.1 % of the data, the
parameters are changed to µ=−0.1 m s−1, σ = 8.2 m s−1,
and k = 7.2 m s−1, respectively. Note that, if the EE thresh-
old was relaxed further, the random error would signifi-
cantly increase to more than 10 m s−1, which is in contrast
to the model comparison where it remains almost constant
at around 8 m s−1. The reason is most likely the fact that the
Rayleigh-clear wind results with higher EE that were val-
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Figure 7. (a) Scatterplots comparing the L2B Mie-cloudy wind results against 2 µm DWL winds (projected onto the horizontal viewing
direction of Aeolus) from the 11 underflights of the AVATAR-T campaign. The colour-coding describes the L2B EE of the wind results.
(b) Mie-cloudy wind error with respect to the 2 µm DWL winds vs. the L2B EE. The red data points represent outliers as identified by the
modified Z score (|Zm|> 3.5). The bottom panels (c) and (d) depict the corresponding plots for the L2B Rayleigh-clear wind results.

idated by the 2 µm DWL are largely located in dust-laden
areas, including the PBL, where the shorter-range bin thick-
ness leads to lower SNR in addition to the attenuation by
aerosols. This topic is discussed in more detail by Witschas
et al. (2022a).

Apart from the portion of wind data that passes the QC,
other criteria should be considered for selecting an appropri-
ate EE threshold. For instance, as pointed out in Sect. 3.5,
the difference between σ and k represents a good measure
of the non-normality of the wind error distribution. Hence,
the EE threshold could be chosen such that the deviation
between the two parameters is, for instance, below 1 m s−1.
This condition is fulfilled when applying the QC settings for

the Rayleigh winds given above (EE threshold is 8.5 m s−1

and modified Z-score filter with a limit of 3.5).
The EE threshold for the Mie-cloudy winds was set to

7.5 m s−1, since this setting provides a large portion of valid
wind results to be included in the statistics (88 %), while
yielding very similar statistical results compared to smaller
thresholds down to 5 m s−1, provided that additional filtering
of outliers based on the modifiedZ score is applied. The suit-
ability of the chosen EE thresholds is verified and visualized
by normal quantile plots in Fig. 9, which depict the residu-
als to the reference line, as introduced in Sect. 3.4, that are,
however, given in absolute wind speeds instead of quantiles,
i.e. units of the standard deviation. The higher the EE thresh-
old, the larger the departures from normality are, especially
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Figure 8. Same as Fig. 6 but for the statistical comparison of L2B Mie-cloudy (a) and Rayleigh-clear winds (b) against 2 µm DWL wind
data. The EE thresholds that are deemed reasonable for providing robust statistical results are highlighted by orange frames (see also Fig. 9).

Figure 9. Residual L2B Mie-cloudy (a, b) and Rayleigh-clear wind speed errors (c, d) after subtraction of the quartile reference line from
the normal quantile plot based on the comparison to 2 µm DWL wind data from the AVATAR-T campaign. The residuals are calculated for
different EE thresholds (EETs), as indicated by the colour scale. In panels (a) and (c), no additional outlier removal was applied, whereas the
plots in panels (b) and (d) are obtained after additional QC, based on the modified Z score (|Zm|> 3.5). The curves corresponding to the EE
thresholds that are deemed reasonable to provide robust statistical results (Mie is 7.5 m s−1; Rayleigh is 8.5 m s−1) are plotted by thick lines.
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if no modified Z-score filter is applied (left column). When
a two-step QC is used (right column), the Mie wind error ex-
hibits rather small residuals which, however, exceed 4 m s−1

at EE thresholds beyond 8 m s−1. As for the Rayleigh chan-
nel, using a combination of EE threshold (8.5 m s−1) and a
subsequent modified Z-score filter keeps the residuals be-
low 4 m s−1 (grey-shaded area) within the first two theoret-
ical quantiles, i.e. the 4σ range, including ≈ 95.5 % of the
data that are left after applying the EE filter.

Finally, the PDFs of the Mie and Rayleigh wind errors are
presented in Fig. 10, indicating those wind results that are
filtered out by the EE threshold (red bars) and those that are
additionally filtered out by the modified Z score (black bars).
The statistical results that are provided in the boxes refer to
the different subsets without QC (red), one-step QC, using
solely the EE threshold (grey), and two-step QC, addition-
ally applying the modifiedZ-score filter (blue/green). As dis-
cussed in Sect. 3, extreme gross errors in the Mie data dras-
tically distort the statistics (µ= 3.3 m s−1; σ ≈ 20 m s−1)
if they are not discarded from the dataset, while the EE
threshold alone still retains a few positively biased outliers.
The combined QC ensures robust statistics (µ=−0.1 m s−1;
σ = 4.1 m s−1) based on 143 out of 162 Mie-cloudy wind re-
sults (88 %). The portion of valid Rayleigh winds that are
included in the statistics after the two-step QC is slightly
smaller but still close to 80 % (445 out of 563). Compari-
son of the histograms in Fig. 10b also illustrates how the QC
increases the degree of normality by removing the thick tails
of the Rayleigh-clear wind error distribution.

The statistical parameters derived from the 2 µm DWL val-
idation study are summarized in Table 3. Comparing the re-
sults to those from the validation against the ECMWF model
background data (Table 2), it is confirmed that both the Mie-
cloudy and the Rayleigh-clear winds show a small systematic
error of less than 0.3 m s−1 and thus fulfil the mission re-
quirement, provided that the two-step QC is performed. The
mean bias values with respect to the two reference datasets
agree with each other within their respective standard er-
rors (σ/

√
n). However, the model comparison yields a larger

random error in the Mie winds (σ = 5.3 m s−1 compared to
4.1 m s−1), whereas the Rayleigh wind random error is deter-
mined to be smaller (7.8 m s−1 compared to 8.2 m s−1) than
for the validation against the 2 µm DWL. These discrepancies
can be partly explained by the fact that, unlike the ECMWF
model background data, the 2 µm DWL wind data are only
available in regions with significant particle backscatter from
aerosols or clouds. Consequently, the Mie-cloudy wind re-
sults that overlap with the 2 µm DWL data are likely to be
derived from high-SNR signals and are thus of high quality.
In contrast, the Rayleigh-clear winds overlapping with the
2 µm DWL are expected to be noisier for the reasons stated
above. However, when the model comparison discussed in
Sect. 3 is restricted to those Aeolus wind results that were
also validated by the 2 µm DWL (not shown), then the statis-
tical results are not reproduced but rather lie between those

illustrated in Figs. 6 and 8. This suggests that, in addition
to the restricted overlap of the Aeolus data with the 2 µm
DWL winds, spatial representativeness contributes to the de-
viations in the validation results. Moreover, discrepancies be-
tween the 2 µm DWL and model background wind data can
result from model deficiencies that are caused by imperfect
parameterization or too low resolution. Errors in the model
background, i.e. before the assimilation of Aeolus winds, are
found to be especially large in convective areas in the tropics,
exceeding even 10 m s−1 on several occasions (Rennie et al.,
2021). Finally, the QC for the model comparison did not use
the EE and was only based on the modified Z score. How-
ever, if a two-step QC approach with similar EE thresholds as
for the 2 µm DWL comparison was taken for the model com-
parison, then the statistical results would not differ much, as
they rapidly converge when the EE threshold is relaxed be-
yond 8 m s−1 (see Fig. 6).

5 Discussion and summary

The present work underlines the necessity of a careful sta-
tistical analysis when assessing the Aeolus wind data quality
and points out that QC of the wind results should not solely
rely on static thresholds for the EE which is reported in the
L2B product, as it has been highly variable over the course
of the mission and depends on the geographical location.
The EE of the Rayleigh-clear winds only considers the SNR,
while other noise terms, e.g. related to the detector and read-
out electronics, and the influence of temperature, pressure, or
scattering ratio are not (yet) accounted for. The Mie-cloudy
EE is calculated from the solution error covariance of the fit
algorithm which determines the position of the Mie fringe.
The signal distribution across the Mie detector is modified by
the broadband Rayleigh signal and depends on the illumina-
tion conditions along the orbit. Together with the Lorentz fit
routine, this gives rise to erroneous peak detection and thus
non-physical wind speeds, especially in case of weak partic-
ulate backscatter signals, which are not adequately described
by a sufficiently high EE. The resulting Mie gross errors are
not evenly distributed but predominantly have a positive bias
with respect to the reference wind data. Consequently, addi-
tional QC steps are required to filter out these outliers to en-
sure meaningful statistics in accordance with the definitions
stated in Aeolus MRD. The modified Z score is introduced
and demonstrated to be a valuable tool to identify and to sort
out outliers stemming from non-Gaussian error sources, es-
pecially for small datasets, whereby a threshold ranging from
3.0 to 3.5 is recommended to obtain a wind error distribution
with a high degree of normality. The latter can be evaluated
by analysing normal quantile plots, whose interpretation is
easier and less ambiguous than histograms, and this allows
conclusions about the skewness and kurtosis of the distri-
bution. In conclusion, a two-step QC based on the EE and
modified Z score with individually derived thresholds is pro-
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Figure 10. Histograms of the Mie-cloudy (a) and Rayleigh-clear (b) wind errors with respect to the 2 µm DWL wind data acquired during
the AVATAR-T campaign. The blue and green columns denote the histogram after discarding winds with EE > 7.5 m s−1 (Mie) and EE >
8.5 m s−1 (Rayleigh) and subsequent application of a QC based on the modified Z score (threshold of 3.5). The red columns indicate the
winds that are filtered out by the EE threshold, while the black columns describe wind data that are additionally filtered out by the modified
Z score. The statistical parameters given in the boxes refer to the three different subsets (red – all data; grey – EE filter only; blue/green –
EE filter plus modified Z-score filter).

Table 3. Statistical comparison of the Aeolus L2B Mie-cloudy and Rayleigh-clear winds against the 2 µm DWL winds for the first five
underflights performed during the AVATAR-T campaign. The corresponding scatterplots and histograms are shown in Figs. 7 and 10, re-
spectively. The statistics are derived after the adaptation of the 2 µm DWL wind data to the respective L2B measurement grids and applying
an EE threshold filter (Mie is 7.5 m s−1; Rayleigh is 8.5 m s−1) and without and with an additional QC step based on the modified Z score
(threshold is 3.5).

Statistical parameter Mie-cloudy Rayleigh-clear

Without modified With modified Without modified With modified
Z-score filter Z-score filter Z-score filter Z-score filter

No. of compared bins, n 150 143 450 445
Portion of valid wind results 93 % 88 % 80 % 79 %
Correlation coefficient, r 0.81 0.91 0.66 0.69
Mean bias, µ (± standard error σ/

√
n) (0.6± 0.5) m s−1 (−0.1± 0.3) m s−1 (0.2± 0.4) m s−1 (−0.1± 0.4) m s−1

Standard deviation, σ 6.3 m s−1 4.1 m s−1 8.8 m s−1 8.2 m s−1

Scaled MAD, k 3.2 m s−1 3.2 m s−1 7.3 m s−1 7.2 m s−1

posed to facilitate the comparability of validation results and
to reduce the influence of the EE, which does not fully incor-
porate all relevant error sources for Aeolus.

The statistical methods were tested for the validation
of Aeolus winds against ECMWF model background data
and during the AVATAR-T campaign within the frame of
the JATAC around the Cabo Verde archipelago in Septem-
ber 2021. Utilization of the modified Z score ensures that
outliers, which are not assigned a large EE, are discarded
from the analysis, while keeping a large portion of the orig-
inal data. The approach, however, entails that non-physical
wind results which, by chance, show small departures from
the reference are retained as well. This circumstance is less
critical for the Rayleigh-clear winds, as the fraction of out-
liers identified by the modified Z score is less than 5 %. The
portion of Mie outliers is about twice as large, which means
that the gross error requirement is not fulfilled.

A combined bar and line graph can be used to illustrate
the dependence of the key statistical parameters (systematic
and random error, portion of valid data, and outliers) on a
chosen EE threshold. The graph not only provides the full
picture with regard to the statistical analysis but also allows
for the determination of suitable EE and modified Z score
thresholds that account for the validating instrument’s over-
lap and error characteristics with respect to Aeolus. In this
manner, the results from diverse reference instruments or
models spanning the same validation period can be compared
to each other and are not biased by the varying influence of
using a fixed EE threshold as sole QC criterion. The same
holds true for the validation results from the same reference
obtained in different phases of the Aeolus mission or in dif-
ferent geographical locations. Given the temporal and spatial
variability in the EE, an adaption of the QC settings is neces-
sary to ensure consistency and comparability.
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The suggested two-step QC was also applied for the com-
parison of the Aeolus L2B winds against the 2 µm DWL
wind data from the AVATAR-T campaign, using EE thresh-
olds of 7.5 and 8.5 m s−1 for the Mie-cloudy and Rayleigh-
clear winds, respectively, followed by a modified Z-score
filter with a threshold of 3.5. This approach effectively re-
moves all data outliers and yields near-Gaussian wind error
distributions, while keeping the vast majority (80 %) of all
valid Mie and Rayleigh winds in the statistical analysis. The
systematic errors were determined to be below 0.3 m s−1 for
both receiver channels, which agrees with the model compar-
ison and confirms the conformity of the Aeolus winds with
the systematic error mission requirement. The random errors
of 4.1 m s−1 (Mie) and 8.2 m s−1 (Rayleigh) deviate from
those derived from the validation against the model (5.3 and
7.8 m s−1). This is assumed to mainly stem from the incom-
plete data coverage of the 2 µm DWL, which tends to over-
lap with the Aeolus winds in regions where the Mie winds
are of high quality, whereas the Rayleigh winds suffer from
increased noise.

6 Conclusions and outlook

This work intends to provide a guideline on how to perform a
rigorous QC when working with Aeolus wind data. The pre-
sented results have demonstrated that a careful QC scheme
is crucial for rejecting gross errors and, in turn, for providing
an accurate estimation of the wind data quality. The shown
statistical methods form the basis for a standardization and
objectification of the Aeolus wind validation and will be ap-
plied in forthcoming studies involving the DLR’s wind lidar
instruments. Furthermore, apart from the better comparabil-
ity among different validation studies, the investigation fos-
ters the analysis of the individual channel error characteris-
tics and stimulates the refinement of the QC schemes that
are currently used in the assimilation of Aeolus wind data
into operational models. Both aspects are important to further
improve the impact of the Aeolus products for NWP centres
around the world.

In this context, it should be noted that the operational as-
similation of Aeolus wind data at the ECMWF involves a
multi-step QC scheme which also largely relies on the imper-
fect L2B EE. It comprises a first-guess check, which rejects
observations with very large (O-B) departures (5σ ), followed
by the so-called variational QC (VarQC) method (Andersson
and Järvinen, 1998). The VarQC assumes that the distribu-
tion of the normalized wind error, i.e. the (O-B) wind error
divided by the assigned observation error, takes the form of
a Gaussian function including an offset. The assigned ob-
servation error is proportional to the EE and additionally
considers a representativeness error of 2 m s−1 for the Mie
winds (Rennie et al., 2021). Finally, there is a blacklist in the
ECMWF assimilation which removes Rayleigh winds below
850 hPa pressure altitude and Rayleigh-clear and Mie-cloudy

winds with EE larger than 12 and ∼ 5 m s−1, respectively.
The multi-step approach ensures the effective removal of the
largest gross errors, but the VarQC assumption does not well
represent the Aeolus normalized wind error distribution, es-
pecially for the Mie winds. In this regard, the use of the mod-
ified Z score may help to improve the performance of the QC
in the Aeolus data assimilation.

The origin of the complex L2B wind error distributions is
currently under investigation. Preliminary results show that
outliers in the Rayleigh-clear dataset are not necessarily cor-
related with low signal levels, so that they exhibit low EE de-
spite their large departures from the true wind speed. Here, a
refinement of the EE calculation would improve the mean-
ingfulness of the EE and thus the effectiveness of related
QC schemes. In particular, the contribution of other noise
sources, e.g. read-out noise, which increases with declin-
ing atmospheric return signal levels, should be properly ac-
counted for. Additionally, the consideration of terms that de-
scribe the influence of temperature, pressure, and scattering
ratio on the Rayleigh response, which were originally fore-
seen to be included in the computation of the EE, would
further reduce the risk of underestimating the Rayleigh-clear
EE. Regarding the Mie-cloudy winds, current investigations
aim at identifying the causes of the strongly asymmetric wind
error distribution. Apart from orbital variations in the tele-
scope illumination, the signal distribution across the Mie de-
tector is also influenced by imperfections of the Fizeau inter-
ferometer, which manifest in a partially distorted Mie fringe.
The latter is found to result in large Mie wind biases in the
A2D data in the case of strong backscatter gradients, e.g. at
cloud boundaries (Lux et al., 2022). A similar error source
is possible for the Aeolus Mie channel, potentially causing
large wind errors despite high SNR and, hence, low EE. Im-
provement in the Mie EE is expected from a refinement of the
threshold settings and the fit function, e.g. Voigt instead of
Lorentzian line shape, used within the Mie Core algorithm,
which is supposed to reduce the portion of gross errors to less
than 5 % and to prevent gross errors outside of the 6σ range
(up to ±15 m s−1), as specified in the mission requirements.

Data availability. The presented work includes data of the
Aeolus mission which is part of the European Space Agency
(ESA) Earth Explorer Programme. This includes the re-
processed L2B wind product (Baseline 12; de Kloe et al.,
2022; https://earth.esa.int/eogateway/documents/20142/37627/
Aeolus-L2B-2C-Input-Output-DD-ICD.pdf, last access:
13 June 2022) for the period of the AVATAR-T campaign
(from 6 through 28 September 2021) that is publicly available and
can be accessed via the ESA Aeolus Online Dissemination System
(https://aeolus-ds.eo.esa.int/oads/access/collection/_L2C_Wind_
Products, last access: 13 June 2022; European Space Agency,
2022). The processor development, improvement, and product
reprocessing preparation have been performed by the Aeolus
DISC (Data, Innovation and Science Cluster), which involves
DLR, DoRIT, TROPOS, ECMWF, KNMI, CNRS, S&T, ABB,
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and Serco, in close cooperation with the Aeolus PDGS (Payload
Data Ground Segment). The 2 µm DWL data used in this paper
can be provided upon reasonable request to Benjamin Witschas
(benjamin.witschas@dlr.de).
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