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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 of the Rayleigh-10 

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 outliers, thus hampering the comparability of different validation studies. This work gives insight 

into the calculation of the EE for the two receiver channels and reveals its limitations as a measure of the actual wind error due 

to its . The spatial and temporal variability.  of the Rayleigh and Mie EE values, together with the inconsistency in the QC 15 

approaches, hampers the comparability of the results across different validation studies. 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 modified Z-score and 

normal quantile plots are shown to be useful statistical tools for effectively eliminating gross errors and for evaluating the 

normality of the wind error distribution in dependence on the applied QC scheme, respectively. The influence of different QC 20 

approaches and thresholds 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 Forecasts (ECMWF) before assimilation of Aeolus 

winds and against wind data measured with the 2-µm heterodyne-detection Doppler wind lidar (DWL) onboard the Falcon 

aircraft. The two studies make evident that the error distribution of the Mie-cloudy winds is strongly skewed with a 25 

preponderance of positively biased gross errorswind results distorting the statistics if not filtered out properly. Effective outlier 

removal is accomplished 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. The same 

is true for the Rayleigh-clear winds, although the errors are more homogeneously distributed. After utilization of the described 

QC approach, the systematic errors of the L2B Rayleigh-clear and Mie-cloudy winds are determined to be below 0.3 m∙s-1 30 

with respect to both the ECMWF model background and the 2-µm DWL. Differences in the random errors relative to the two 
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reference datasets (Mie vs. model: 5.3 m∙s-1, Mie vs. DWL: 4.1 m∙s-1; Rayleigh vs. model: 7.8 m∙s-1; Rayleigh vs. DWL: 

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 35 

world’s first Doppler wind lidar (DWL) in space, the Atmospheric LAser Doppler INstrument (ALADIN), has been delivering 

global, vertically-resolved wind profiles from ground up to the lower stratosphere (ESA, 2008; Reitebuch, 2012; Kanitz et al., 

2019; Parrinello et al., 2022). The main objective of the Aeolus mission is the improvement of numerical weather prediction 

(NWP) by filling observational gaps in the global wind data coverage, especially over the oceans, at the poles and in the tropics 

(Andersson, 2018; Stoffelen et al., 2005, 2020; Straume et al., 2020). This objective was already reached in 2020 when several 40 

weather services started the operational assimilation of Aeolus wind observations, which became possible 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). Firstly, a dedicated calibration procedure was implemented to account for current signal 

fluctuations on the Aeolus detectors (“hot” pixels), thereby reducing large wind biases in certain altitude ranges (Weiler et al., 

2021a). Secondly, wind biases that were caused by temperature gradients across the primary telescope mirror were diminished 45 

by a correction scheme using instrument housekeeping data and model-equivalent winds from the European Centre 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 Kingdom’s Met Office, 

demonstrated that Aeolus provides statistically significant improvement in short- and long-range forecasts up to nine days, 

particularly in the tropical upper troposphere and lower stratosphere as well as in the polar troposphere (Rennie and Isaksen, 50 

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 November 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 declining atmospheric return signal and thus increasing 

random wind error. 

The accuracy and precision of the Aeolus wind data, which is included in the Level-2B (L2B) product, has been evaluated in 55 

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; Fehr et al., 2020, 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 validation campaigns after the launch in 2018, deploying the ALADIN Airborne Demonstrator (A2D) and 60 

the 2-µm DWL. The WindVal-III (Lux et al., 2020a) and AVATARE (Aeolus VAlidation Through Airborne LidaRs in Europe) 

campaigns (Witschas et al., 2020) covered Central Europe in November 2018 and May 2019 during the early stage of the 

mission. The North Atlantic and polar region around Iceland was targeted with the AVATAR-I campaign in September 2019 
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(Lux et al., 2022) three months after the switch to the second flight-model (FM) laser (FM-B) (Lux et al., 2020b). Finally, the 

AVATAR-T (Aeolus VAlidation Through Airborne LidaRs in the Tropics) campaign was conducted around the Cabo Verde 65 

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

Precise assessment of the Aeolus wind errors requires a thorough quality control (QC) of the L2B data to be compliant with 

the mission Mission Rrequirements Ddocument (MRD) (ESA, 2016). It defines the random wind error 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 statistical analysis. Most QC schemes applied in the aforementioned validation studies rely, 70 

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 is 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 values of 7 and 5 m∙s-1, respectively. A more differentiated QC scheme was applied by Rennie and Isaksen (2020) 75 

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 is primarily determined by the signal-to-noise ratio (SNR) of the atmospheric 

return signal, have been varying over the course of the mission. Unlike the Mie EE, the Rayleigh-clear EE also depends on the 80 

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 compare. Therefore, a more detailed treatment of different QC schemes and how they affect the resulting statistics 

is necessary for comparable validation results and for a more objective assessment of the Aeolus wind data quality. Moreover, 85 

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, particularly when 

using the L2B EE. It also demonstrates the usefulness of specific statistical tools for the purpose of outlier removal and the 

assessment of normality, which are necessary to retrieve the Aeolus wind errors in accordance with the MRD. The presented 90 

methods are applied in the context of the AVATAR-T validation campaign in 2021 by comparisons 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 of the L2B Rayleigh-clear and Mie-cloudy EE and their temporal evolution over the past three 

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. 95 

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 
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Sect. 4, the statistical methods are then applied to the comparison of Aeolus wind observations against 2-µm DWL data. 

Afterwards, the statistical methods used for the QC of the Aeolus wind results are introduced and the impact of the QC settings 

on the results from the model comparison is elaborated (Sect. 3). As the study does not address the L2B Rayleigh-cloudy and 100 

Mie-clear winds, Rayleigh-clear and Mie-cloudy winds are sometimes simply referred to as Rayleigh and Mie winds, 

respectively. In Sect. 4, the methods are applied to the comparison of Aeolus wind observations against 2-µm DWL data. After 

a summary and discussion of the results (Sect. 5), the The paper concludes with an  summary and outlook to future studies of 

the L2B wind error characteristics in Sect. 56. 

2 Datasets and the L2B methodsestimated error 105 

The present study concentrates on the FM-B phase of the Aeolus mission, that is, the period following the switch-over from 

the first (nominal) laser FM-A to the second (redundant) laser FM-B in June 2019 until August 2022. The switch was necessary 

due to a large decrease in the ultra-violet emit energy of the FM-A (Lux et al., 2020b; 2021), and a corresponding decline in 

atmospheric return signal levels. The FM-B provided a higher emit energy (67 mJ compared to 65 mJ after FM-A switch-on 

in 2018) and significantly slower power degradation, thus ensuring a high SNR of the backscatter return and, consequently, 110 

lower random error of 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 three years following the 

switch-over, leading to a degrading precision of the Aeolus data. The root cause analysis of the decline in the atmospheric 

return signal was still ongoing as of the writing of this paper. Laser-induced contamination, laser-induced damage, and bulk 

darkening of the instrument’s optics are the most probable causes, in addition to clipping losses at the instrument field stop. 115 

The studied FM-B phase contained two DLR airborne validation campaigns. The AVATAR-I campaign in September 2019 

took place at the beginning of the FM-B period when the atmospheric signal levels were close to their maximum. Details on 

the AVATAR-I campaign objectives, research flights and validation results against A2D wind data are presented in Lux et al. 

(2022). The main part of the paper 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. 120 

2.1 The AVATAR-T campaign 

Delayed by more than one year due to the COVID-19 pandemic, 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 conditions, especially under the influence of the Saharan Air Layer (SAL) dust-laden 

air masses and tropical wind systems offshore of West Africa. AVATAR-T was DLR’s contribution to the international 125 

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 US Virgin Islands), with a number of ground-based instruments 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 
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underpasses from 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 underflights, the overall track length for which 130 

wind data is available for validation purposes is close to 11,000 km. 

An overview of the 11 underpasses is provided in Table 1, including the geolocations of the start and end points of the 

respective sampled segment of the Aeolus path, as well as the number of Aeolus and 2-µm DWL observations. Whereas 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 observation is spread over a nominal horizontal averaging length of about 87 km. 135 

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 aircraft during and between the flights, 

resulting in a significant reduction of the data coverage and, ultimately, operational failure toward the end of the campaign. 140 

Nevertheless, high-quality wind measurements were obtained from the first five underflights. 

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 (UTC) 
Geolocation of DLR Falcon on 
Aeolus measurement track 

(start/stop) 

Aeolus orbit 
number of 
overpass 

Number of 
Aeolus 

observations 

Number of 
2-µm DWL 

observations 

1 08/09/2021 05:44 – 09:28 22.5°N, 25.1°W 13.0°N, 26.8°W 17640 10 72 

2 09/09/2021 17:25 – 21:23 12.6°N, 21.0°W 23.5°N, 23.0°W 17663 15 137 

3 10/09/2021 18:20 – 22:05 14.1°N, 24.6°W 23.0°N, 26.2°W 17679 11 96 

4 13/09/2021 05:35 – 08:18 22.0°N, 18.6°W 11.9°N, 20.6°W 17719 12 89 

5 16/09/2021 17:09 – 21:04 10.1°N, 20.5°W 20.3°N, 22.4°W 17774 12 42 

6 17/09/2021 18:06 – 21:58 13.9°N, 24.6°W 23.0°N, 26.2°W 17790 11 - 

7 20/09/2021 06:58 – 10:30 20.6°N, 19.2°W 13.5°N, 20.5°W 17830 8 - 

8 21/09/2021 05:09 – 09:12 26.4°N, 21.3°W 14.7°N, 23.4°W 17846 15 - 

9 22/09/2021 06:11 – 09:55 20.6°N, 25.6°W 11.7°N, 27.2°W 17862 11 - 

10 23/09/2021 18:05 – 21:39 18.0°N, 22.2°W 28.3°N, 24.1°W 17885 12 - 

11 24/09/2021 17:36 – 21:18 12.0°N, 24.3°W 21.0°N, 25.9°W 17901 11 - 

 

The collocated wind data served to assess the quality of the Aeolus wind product under the tropical atmospheric conditions in 145 

autumn 2021 with the goal to optimize the operational 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 al., 2021). The same is true for the 150 

Rayleigh-clear EE, as will be discussed in the following section. 
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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 differently for 

the Rayleigh and Mie channels given the different 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 155 

Korb, 1999; Gentry et al., 2000) where the shift of the broadband Rayleigh backscatter spectrum 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 MHz. The temporal evolution of the filter parameters 

over the mission also allows insights into the instrument’s alignment (Witschas et al., 2022a). 160 

According to the L2B Algorithm Theoretical Basis Document (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 signals A and B: 

 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 165 

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 Poisson noise of both the signal and the solar 

background. The latter is subtracted to get the atmospheric signal levels only. The response error is then given as follows 

(Rennie et al., 2020): 
 170 

 𝜎R =  
2

(𝐴+𝐵)2 √𝐵2𝜎A
2 + 𝐴2𝜎B

2, with 𝜎A =  
𝐴

𝑆𝑁𝑅A
∝ √𝐴, 𝜎B =  

𝐵

𝑆𝑁𝑅B
∝ √𝐵 (2) 

 

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 spectrometer 𝜕𝑣LOS,R 𝜕𝑅⁄  and the projection angle with the horizontal axis 𝜃, i.e., 

the off-nadir angle of the instrument (𝜃 ≈ 37°): 175 
 

 𝜎HLOS,R =  
1

sin 𝜃
∙

𝜕𝑣LOS,R

𝜕𝑅
𝜎R. (3) 

 

Assuming, without the loss of generality, that A = B, it can be followed from Eqs. (2) and (3) that 
 180 

 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 185 

(Dabas et al., 2008), as well as 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 
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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 contribution 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 signal and the solar 190 

background. Note that it is foreseen to include additional noise terms for the EE calculation 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 linear 

interference pattern (fringe) is produced by a Fizeau interferometer and vertically imaged onto a detector. The Doppler 

frequency shift then manifests as a spatial displacement of the fringe peak position which changes approximately linearly with 195 

the frequency of the incident light. The peak position, which is referred to as 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 channel 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 derivatives of the Lorentzian line shape 200 

function with respect to four different fit parameters (peak position, peak height, peak width, peak offset). An additional 

correction factor for each detector pixel accounts for the obscuration of the telescope 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: 

 205 

 𝜎HLOS,M =  
λ

2∙𝑚∙sin 𝜃
𝜎M, (5) 

 

where λ is the laser wavelength and m describes the Mie response slope, which is determined from a dedicated instrument 

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 210 

signal distribution is, however, influenced by the broadband Rayleigh signal that is incident on the Fizeau interferometer and 

modifies the signal distribution depending on its strength relative to the Mie peak and the illumination conditions. Moreover, 

since the fringe is coarsely resolved by only 16 pixels on the Mie detector (ESA, 2008), the fit precision for the determination 

of its centroid position varies slightly depending on how the fringe intensity is distributed among adjacent pixels (pixelation 

effect). The definitions of the L2B EE for the Rayleigh-clear and Mie-cloudy winds suggest that the values in the L2B product 215 

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 lifetime, 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. 1(a). The green and blue curves 

represent the daily median of global wind data extracted from the L2B product (baselines 11 to 14). The instrument was 

switched off for several weeks in March/April 2021 and October 2021 following two Failure Detection Isolation and Recovery 220 

(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 
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normalized to the beginning of the FM-B period. The signal levels dropped by about 70% between July 2019 and July 2022 

(1 √ATM⁄  increased from 1.0 to 1 √0.3⁄  ≈ 1.8), while intermittent 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 225 

roughly follows the trend of 1 √ATM⁄  in accordance with Eq. (4) which assumes Poisson noise to be the dominant noise source 

(Reitebuch et al., 2018). The seasonal 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 Northern Hemisphere summer with secondary maxima in the 

Southern Hemisphere summers. 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 230 

was drastically reduced from around 4 to 3 m∙s-1 with the release of processor 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 

setting negative values to zero, leading to an improved fringe centroid computation and, in turn, 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. 235 
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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) 240 
and AVATAR-T (orange). The campaign periods are indicated by blue- and orange-shaded stripes in panel (a). 

The variability of the EE becomes also obvious when comparing its distribution for two datasets from different periods and 

geographical locations. Figure 1(b) shows the histograms of the Mie EE that was extracted from the L2B product for the 10 

Aeolus underflights of the AVATAR-I campaign 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 245 

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. 1(c)), the EE 

distribution has shifted towards higher values in accordance with the overall trend shown in panel (a), although the impact of 

the atmospheric signal decrease between the two campaigns on the EE was partially compensated by the smaller detrimental 

influence of the solar background in the tropics compared to the higher latitudes and the fact that the range bin thickness was 250 

set to be larger (750 m compared to 500 m during AVATAR-I). 

Given the change of 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 misleading 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. 255 

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 serves as the reference, is 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 260 

12 hours at TCo 1279 resolution (∼9 km grid) along the predicted ground track of Aeolus for both nadir and off-nadir 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 assimilated 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 interpolation algorithm 

(Marksteiner, 2013), which was also applied for the harmonization of the L2B and A2D datasets in previous airborne 265 

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., 2021). 
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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 (a, c) and 270 

the Rayleigh-clear wind results (b, 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 density functions (PDFs), of the respective (O-B) wind errors, i.e., L2B minus ECMWF model. The histograms 275 

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 are 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
∑ (𝑣𝑖,L2B − 𝑣𝑖,ECMWF)𝑛

𝑖=1 .  (5) 280 

 

It represents the mean of the wind speed differences between Aeolus and the model with n being the number of comparable 

winds after the exclusion of outliers. 

The random error is given in terms of the standard deviation 

 285 

 σ = √
1

𝑛−1
∑ [(𝑣𝑖,L2B − 𝑣𝑖,ECMWF) − µ]

2𝑛
𝑖=1 . (6) 

 

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)|. (7) 290 

 

The scaled MAD is more resilient to outliers in the dataset and thus a more robust measure of the wind error variability 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 295 

represent the accuracy and precision of the Aeolus winds. This is justified by the fact that the wind error is dominated 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 Gaussian distribution is also 

valid for the Mie channel. 300 
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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 305 
of the error distributions after outlier removal. The statistical parameters after outlier removal are given in the insets. 

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 (Iglewicz and Hoaglin, 1993): 

 310 

 𝑍m,𝑖 =  
𝑥𝑖 − 𝑥median 

𝑘
. (8) 

 

                                                           
1 The (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 observations 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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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 normal Gaussian and/or the dataset is small. Iglewicz and Hoaglin (1993) recommended that modified Z-scores 315 

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 et al., 2013; Sandbhor and Chaphalkar, 2019). 

Following the recommendation from Iglewicz and Hoaglin, 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 320 

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 derived statistical parameters (see Table 2), especially for the Mie channel. Since most of the 

Mie wind outliers are positively 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 outlier 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 outliers as 325 

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. 2(c,d)) so that the rejection of winds with |𝑍m| > 3.5 mainly leads to a 

narrowing of the error distribution without changing its centre of mass. 330 

Note that the Z-score filter is sufficiently relaxed to avoid rejection of wind observations that might be due to extreme 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 median 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 as outliers. This is well above typical model 

errors that are caused by deficiencies in terms of parametrization and resolution, and can in extreme cases, like in highly-335 

convection regions, exceed 10 m∙s-1 (Rennie et al., 2021). 
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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 adaptation of the ECMWF model data to the respective L2B measurement 340 
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 Z-score filter 

With 
modified Z-score filter 

Without 
modified Z-score filter 

With 
modified Z-score filter 

Number 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 

 

The differences in the outlier distributions become also 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, whereas while the larger Rayleigh wind errors are almost evenly distributed, there is a preponderance of 345 

Mie outliers with positive bias relative to the model background. Note that the Mie data includes many more outliers with 

errors greater than ±50 m∙s-1, which are not displayed in Fig. 3(a) 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 applied to the dataset. Conversely, there are 

several winds with small error with respect to the model, but high EE. Some of these low-error winds are, however, non-350 

physical results and merely part of the random wind distribution around the reference model wind, especially for the Rayleigh 

channel (see also Fig. 2(a,b)). 

 

 

Figure 3. L2B Mie-cloudy (a) and Rayleigh-clear (b) wind error with respect to the ECMWF model background winds versus the L2B EE 355 
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. 
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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 case of the Aeolus Mie-cloudy winds, gross errors generally originate from the false 360 

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 erroneously registered as a 

fringe. This results in non-physical wind speeds with large departures from the actual wind depending 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 was shown in Fig. 3(a), such gross errors are not reliably assigned an adequately large EE to be filtered out 365 

by common QC methods accordingly. 

Experience with conventional observation systems and associated 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 prevent random 

wind estimates that are, by coincidence, close to the true wind, from influencing the analysis. Consequently, in addition to 370 

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 error requirement (6σ), while no gross errors shall be present outside of this wind speed range 

(ESA, 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. 375 

Before launch, it was considered 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% (ESA, 2016). However, analysis of the Mie-

cloudy wind data after launch revealed 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 obvious when regarding larger datasets. Figure 4 

depicts histograms of the (O-B) Mie wind error (in logarithmic scale) from five days of data (from 20 through 25 March 2022), 380 

subdivided into four groups depending on the geographical location (Northern and Southern Hemisphere, 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 relationship. Therefore, the use 385 

of a Gaussian fit with offset is not considered useful to describe the Mie wind error distribution 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 distribution (without offset) as possible. However, when using this approach, one accepts to include non-

physical wind observations that, by chance, fall within the Gaussian distribution. 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. 390 
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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 Northern/Southern Hemisphere and ascending/descending orbits. The dashed and dotted lines represent Gaussian fits without and 

with offset, respectively. 395 

3.4 Normal quantile plots 

Normal quantile plots are a graphical tool for evaluating whether or not a dataset is approximately normally distributed 

(Chambers et al., 1983). They represent a special case of quantile-quantile plots (QQ-plots) where the probability distribution 

of observed (empirical) data is compared to a specified theoretical distribution by plotting their quantiles against each other. 

A linear pattern of the scatter points suggests that the measured distribution is reasonably described by the theoretical, e.g., 400 

Gaussian, distribution, 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 order. 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 405 

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. 2(b), (d)). Two different QC schemes 

were applied to study their influence on the normality of the resulting wind error distribution. The first QC corresponds to the 410 

widely used approach where L2B winds whose 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 regarded as an appropriate value threshold 

given the increased for the noise levels during the campaign compared to the start of the FM-B and elevated EE of the Rayleigh 
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winds accordingly (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. 5(a) and (b) with the red bars indicating the data that are removed by 415 

the respective 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 panel (d), shows smaller departures from the reference line 

compared to the EE approach (panel (c)). The residuals 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 420 

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 proper assessment of the L2B wind error according to the MRD. In contrast, 

when using the modified Z-score for QC, the wind error distribution (O-B) shows much higher normality with residuals smaller 

than 1σ (see grey-shaded area in Fig. 5(f)), while retaining a higher fraction of valid winds (close to the median) in the dataset. 425 

Although the modified Z-score is a useful technique for increasing the normality of a given dataset, it should be noted that the 

choice of the Z-score threshold is crucial. If the chosen limit is too small, e.g. |𝑍m| > 2, a significant portion 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 normality. 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 430 

Hoaglin (1993). Concerning the Mie-cloudy winds, the situation is more complicated due to the pronounced asymmetry in the 

gross error distribution which even affects the outlier-robust median and scaled MAD, and hence the modified Z-score. 

Therefore, the combination of an EE threshold and a modified Z-score filter is suggested as a reasonable QC approach, as will 

be elaborated 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. 435 

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 random 

error (precision) of the wind results in the L2B data product. These key parameters are described by the mean bias µ (Eq. (5)) 

and standard deviation σ (Eq. (6)) with respect to the reference instrument or model data. The scaled MAD k (Eq. (7)) is 

sometimes calculated as an additional measure of the wind precision, although it is not compliant with the random error 440 

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 distinction between the two parameters is obsolete. In this sense, the degree of 

deviation between k and σ is another measure of non-normality. 
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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 445 
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 450 
points of the quartile lines is used to calculate the residual quantiles which are depicted in panels (e) and (f). 
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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 settings on the validation results, a combined bar and line graph was developed, as 

depicted in Fig. 6 for the error assessment of the Mie-cloudy and Rayleigh-clear winds against the ECMWF model background 455 

data from the AVATAR-T campaign. The diagram intends to give an overview of the most relevant statistical parameters (µ, 

σ, k, fraction of valid winds that is considered in the statistics) in dependence on the chosen EE threshold. The x-axis denotes 

the EE threshold 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 – without and with the additional application of a modified Z-score filter (|𝑍m| < 3.5), represented by the dashed 460 

and solid lines, respectively. The bar chart, referring 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 rejected by the modified Z-score 

filter. Note that the L2B product 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. 6(b) do not reach 100%, as opposed to the Mie-cloudy winds depicted in Fig. 6(a) 

where the maximum EE is 14.7 m∙s-1. 465 

 

 

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 470 
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, 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. 
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The plot in Fig. 6(a) demonstrates that the QC based on the EE threshold rejects almost 40% of valid Mie winds at a threshold 475 

of 4 m∙s-1 (which is often used in validation studies), while this portion is reduced to less than 20% when the threshold is 

relaxed to 6 m∙s-1. At the same time, multiple large outliers are added to the analysed dataset, including 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 deviation (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, using solely 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 480 

statistics. In both cases, the validation results become less significant, especially 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 permits 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) retains 80% of all valid winds in the dataset, while ensuring robust statistical parameters 485 

(µ = 0.2 m∙s-1, σ = 4.6 m∙s-1, 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, k = 4.3 m∙s-1) represent the 

statistics shown in Fig. 2(c) and Table 2. 

Regarding the Rayleigh-clear wind results, the impact of an additional Z-score filter is less striking, owing to the much more 490 

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 deviation 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 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 the 3% of outliers in the 495 

dataset becomes more pronounced, so that the modified Z-score filter is also useful 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 500 

analysis. This is particularly true for the Mie-cloudy winds, where extreme (mainly positively-biased) outliers with small EE 

may occur in the dataset, which, if not properly rejected, lead to a strongly skewed wind error distribution. The choice of the 

Z-score limit, however, remains arbitrary and may have a non-negligible influence on the statistical results depending on the 

actual dataset that is used for the validation of the L2B winds. For the model comparison 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 505 

Rayleigh standard deviation 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%). 
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4. Aeolus validation against 2-µm DWL winds from AVATAR-T 

The statistical methods introduced in Sect. 3 will now be exemplarily applied in an Aeolus validation study based on the 2-µm 

DWL, which was deployed during the AVATAR-T campaign on-board the DLR Falcon aircraft. Thanks to a double-wedge 510 

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 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 515 

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. 

 

 

Figure 7. (a) Scatterplots comparing the L2B Mie-cloudy wind results against 2-µm DWL winds (projected onto the horizontal viewing 520 
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 versus 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. 
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The results of the statistical comparison are shown in Fig. 7. In analogy to Fig. 2, the scatterplots in panels (a) and (c) depict 

the correlation of the Mie-cloudy and Rayleigh-clear winds against 2-µm DWL wind data, respectively, with the colour-coding 525 

describing the EE. Scatters with larger departure from the x=y1:1-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 as well as several Aeolus wind results with good agreement to the 2-µm DWL, but large EE. The presence of outliers, as 

defined by a modified Z-score exceeding 3.5, is visualized in panels (b) and (d) for the two receiver channels. Out of a total 

number of eleven Mie outliers, five are not displayed in the graph because the departures are greater than +50 m∙s-1, again 530 

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 preponderance 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 535 

random error of the Aeolus L2B wind results with respect to the 2-µm DWL wind data increase as the EE threshold is relaxed, 

whereby larger departures are evident without 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: ≈7%, Rayleigh: ≈3%). This result confirms the fact that the Mie-cloudy winds do not fulfil the gross 

error requirement formulated in the MRD (Sect. 3.3), since the contribution of non-Gaussian error sources is larger than 5%. 540 

Moreover, 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 threshold settings, in order to eliminate all gross outliers outside of the 6σ-range, 

and hence to avoid an overestimation of the Mie random error. 

 545 
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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 to provide robust statistical results are highlighted by orange frames (see also Fig. 9). 

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 550 

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 comparing them against the 2-µm DWL data. This can presumably 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, clouds), it mainly covers regions where high-quality Mie winds are expected. 555 

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 sensitivity, the 2-µm DWL is also capable of measuring winds in regions with scattering ratios as low as 1.01, and hence 

high availability of Rayleigh-clear winds. Since areas with low cloud coverage are targeted for the Aeolus underflights 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 extended aerosol layers in 560 

the lower troposphere including the planetary boundary layer (PBL) in the lowermost 2 km with shorter range bins (500 m 

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 middle and upper troposphere in 

clear-sky conditions (scattering ratio well below 1.01), are underrepresented in the validation dataset so that a higher EE 

threshold is necessary to obtain the same portion of valid Rayleigh winds as for the model comparison. 565 

These considerations emphasize the importance of a comprehensive statistical analysis for assessing the Aeolus wind errors. 

Depending on the characteristics of the reference instrument (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 of 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, resulting 570 

in a mean bias of µ = 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 further 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, k = 7.2 m∙s-1, respectively. Note that, if the EE threshold was relaxed further, the random error 

would significantly increase to more than 10 m∙s-1, which is in contrast to the model comparison where it remains almost 

constant around 8 m∙s-1. The reason is most likely the fact that the Rayleigh-clear wind results with higher EE that were 575 

validated by the 2-µm DWL are largely located in dust-laden areas including the PBL where the shorter range bin thickness 

leads to lower SNR in addition to the attenuation by aerosols. This topic is discussed in more detail by Witschas et al. (2022b). 

Apart from the portion of wind data that passes the QC, other criteria should be considered for selecting an appropriate 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 580 
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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: 8.5 m∙s-1 and modified Z-score filter with limit 3.5). 

 

Figure 9. Residual L2B Mie-cloudy (top row) and Rayleigh-clear wind speed error (bottom row) 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 585 
calculated for different EE thresholds (EET), 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: 7.5 m∙s-1, Rayleigh: 8.5 m∙s-1) are 

plotted by thick lines. 

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 590 

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 modified Z-score is applied. The suitability of the chosen EE 

thresholds is verified and visualized by normal quantile plots in Fig. 9 which depict the residuals 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 threshold, the larger are the departures from normality, especially if no modified Z-score filter is 595 

applied (left column). When a two-step QC is used (right column), the Mie wind error exhibits rather small residuals which, 

however, exceed 4 m∙s-1 at EE thresholds beyond 8 m∙s-1. As for the Rayleigh channel, using a combination of EE threshold 
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(8.5 m∙s-1) and subsequent modified Z-score filter keeps the residuals below 4 m∙s-1 (grey-shaded area) within the first two 

theoretical quantiles, i.e. the 4σ-range including ≈95.5% of the data that is 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 600 

out by the EE threshold (red bars) as well as those that are additionally filtered out by the modified Z-score (orange 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 (blackgrey) and two-step QC additionally applying the modified Z-score filter (blue/green). As 

discussed in Sect. 3, extreme gross errors in the Mie data drastically distort the statistics (µ = 3.3 m∙s-1, σ ≈ 20 m∙s-1) if not 

discarded from the dataset, while the EE threshold alone still retains a few positively-biased outliers. The combined QC ensures 605 

robust statistics (µ = -0.1 m∙s-1, σ = 4.1 m∙s-1) based on 143 out of 162 Mie-cloudy wind results (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). Comparison of the histograms in Fig. 10(b) also illustrates how the QC increases the degree of normality by removing 

the thick tails of the Rayleigh-clear wind error distribution. 

 610 

 

Figure 10. Histograms of the Mie-cloudy (a) and Rayleigh-clear (b) wind error 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: 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 615 
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). 

The statistical parameters derived from the 2-µm DWL validation study are summarized in Table 3. Comparing the results 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 requirement, provided 620 

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 errors (𝜎 √𝑛⁄ ). However, the model comparison yields a larger random error of the Mie winds 

(σ = 5.3 m∙s-1 compared to 4.1 m∙s-1), whereas the Rayleigh wind random error is determined 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 
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the ECMWF model background data, the 2-µm DWL wind data is only available in regions with significant particle backscatter 625 

from aerosols or clouds. Consequently, the Mie-cloudy wind results that overlap with the 2-µm DWL data are likely to be 

derived from high-SNR signals and are thus of high quality. On the contraryIn contrast, the Rayleigh-clear winds overlapping 

with the 2-µm DWL are expected to be noisier for the reasons stated above. Moreover, discrepancies between the 2-µm DWL 

and model background wind data can result from model deficiencies that are caused by imperfect parametrization or too low 

resolution. Errors of the model background, i.e. before the assimilation of Aeolus winds, are found to be especially large in 630 

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. However, if a two-step QC approach with 

similar EE thresholds as for the 2-µm DWL comparison was taken for the model comparison, the statistical results would not 

differ much, as they rapidly converge when the EE threshold is relaxed beyond 8 m⋅s-1 (see. Fig. (6)). 

 635 
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, 

respectively. The statistics are derived after adaptation of the 2-µm DWL wind data to the respective L2B measurement grids and applying 

an EE threshold filter (Mie: 7.5 m∙s-1; Rayleigh: 8.5 m∙s-1), as well as without and with an additional QC step based on the modified Z-score 

(threshold: 3.5). 640 

Statistical parameter 

Mie-cloudy Rayleigh-clear 

Without 
modified Z-score filter 

With 
modified Z-score filter 

Without 
modified Z-score filter 

With 
modified Z-score filter 

Number 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 

5 Summary and conclusionsDiscussion and summary 

The present work underlines the necessity of a careful statistical 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, 645 

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 illumination 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 particulate backscatter signals, which are not adequately described by a sufficiently high EE. The resulting 650 
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Mie gross errors are not evenly distributed, but predominantly have a positive bias with respect to the reference wind data. 

Consequently, additional QC steps are required to filter out these outliers for ensuring 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, especially 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 655 

by analysing normal quantile plots whose interpretation is easier and less ambiguous than histograms, and allows conclusions 

about the skewness and kurtosis of the distribution. In conclusion, a two-step QC based on the EE and modified Z-score with 

individually derived thresholds is proposed to facilitate the comparability of validation results and to reduce the influence of 

the EE which does not fully incorporate 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 660 

AVATAR-T campaign within the frame of the JATAC around the Cabo Verde archipelago in September 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 original 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 outliers identified by the modified Z-score is less than 5%. The portion of Mie outliers is about twice as large which 665 

means that the gross error requirement is not fulfilled. 

A combined bar and line graph was developedcan 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 overlap and error characteristics with respect to Aeolus. In this manner, 670 

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 which were obtained in different phases of the Aeolus mission or in different 

geographical locations. Given the temporal and spatial variability of the EE, an adaption of the QC settings is necessary to 

ensure consistency and comparability. 675 

The suggested two-step QC was also applied for the comparison of the Aeolus L2B winds against the 2-µm DWL wind data 

from the AVATAR-T campaign, using EE thresholds 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 removes all data outliers 

and yields nearly 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 680 

agrees with the model comparison 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 incomplete data coverage of the 2-µm DWL 
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which tends to overlap with the Aeolus winds in regions where the Mie winds are of high quality, whereas the Rayleigh winds 

suffer from increased noise. 685 

 

6 Conclusions and outlook 

The presented statistical methods form the basis for a standardization and objectification of the Aeolus wind validation and 

will be applied in forthcoming studies involving DLR’s wind lidar instruments. This work is intended to provide a guideline 

on how to perform a rigorous QC when working with Aeolus wind data. The presented results have demonstrated that a careful 690 

QC scheme is crucial for rejecting gross errors and, in turn, for providing an accurate estimation of the wind data quality. The 

shown presented statistical methods form the basis for a standardization and objectification of the Aeolus wind validation and 

will be applied in forthcoming studies involving DLR’s wind lidar instruments. The Furthermore, apart from the better 

comparability among different validation studies, the investigation has also fostersred the analysis of the individual channel 

error characteristics and is intendedstimulates to furtherthe refinement improveof the QC schemes that are currently used in 695 

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. 

and thus the impact of the Aeolus products for NWP centres around the world.In this context, it should be noted that the 

operational assimilation of Aeolus wind data at the ECMWF involves a multi-step QC scheme which also largely relies on the 

imperfect L2B EE. It comprises a first-guess check, which rejects observations with very large (O-B) departures (5σ), followed 700 

by the so-called variational QC (VarQC) method (Andersson and Järvinen, 1998). The VarQC assumes that the distribution 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 observation 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 as well as Rayleigh-clear and Mie-cloudy winds 705 

with EE larger than 12 and ~5 m∙s-1, respectively. The multi-step approach ensures effective removal of the largest gross errors, 

but the VarQC assumption does not well represent the Aeolus normalized wind error distribution, especially for the Mie winds. 

In this regard, the use of the modified 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 correlated with low signal levels, so that they exhibit low EE despite their 710 

large departures from the true wind speed. Here, a refinement of the EE calculation would improve the meaningfulness 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 declining atmospheric return signal levels, should be properly accounted for. Additionally, the 

consideration of terms that describe the influence of temperature, pressure and scattering ratio on the Rayleigh response, which 

were originally foreseen to be included in the computation of the EE, would further reduce the risk to underestimate the 715 
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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 of the telescope illumination, the signal distribution across 

the Mie detector is also influenced by imperfections of the Fizeau interferometer which manifest in a partially distorted Mie 

fringe. The latter is found to result in large Mie wind biases in the A2D data in 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 720 

wind errors despite high SNR and hence low EE. Improvement of 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. 
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