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Abstract. Observations of the vertical wind profile in
Chongqing, a typical mountainous city in China, are impor-
tant, but they are sparse and have low resolution. To obtain
more wind profile data, this study matched the Aeolus track
with ground-based wind observation sites in Chongqing in
2021. Based on the obtained results, verification and qual-
ity control studies were conducted on the wind observations
of a wind profile radar (WPR) with radiosonde (RS) data,
and a comparison of the Aeolus Mie-cloudy and Rayleigh-
clear wind products (Aeolus winds measured in cloudy
and aerosol-rich atmospheric conditions from Mie-channel-
collected data and winds measured in clear-air conditions
from Rayleigh-collected data) with WPR data was then per-
formed. The conclusions can be summarized as follows: (1) a
clear correlation between the wind observations of WPR and
RS was found, with a correlation coefficient (R) of 0.71.
Their root mean square deviation increased with height but
decreased at heights between 3 and 4 km. (2) After qual-
ity control using Gaussian filtering (GF) and empirical or-
thogonal function construction (EOFc; G= 87.23 %) of the
WPR data, the R between the WPR and RS reached 0.83
and 0.95, respectively. The vertical distribution showed that
GF could better retain the characteristics of WPR wind ob-
servations but with limited improvement in decreasing de-
viations, whereas EOFc performed better in decreasing de-
viations but considerably modified the original character-
istics of the wind field, especially regarding intensive ver-

tical wind shear in strong convective weather processes.
(3) In terms of the differences between the Aeolus and WPR
data, 56.0 % and 67.8 % deviations were observed within
±5 m s−1 for Rayleigh-clear and Mie-cloudy winds (Aeo-
lus winds measured in cloudy and aerosol-rich atmospheric
conditions from Mie-channel-collected data and winds mea-
sured in clear-air conditions from Rayleigh-collected data)
vs WPR winds, respectively. Vertically, large mean differ-
ences of both Rayleigh-clean and Mie-cloudy winds versus
WPR winds appeared below 1.5 km, which is attributed to the
prevailing quiet and small winds within the boundary layer
in Chongqing; in this case the movement of molecules and
aerosols is mostly affected by irregular turbulence. Addition-
ally, large mean differences at a height range between 4 and
8 km for Mie-cloudy versus WPR winds may be related to the
high content of cloud liquid water in the middle troposphere
of Chongqing. (4) The differences in both Rayleigh-clear and
Mie-cloudy versus WPR winds had changed. Deviations of
58.9 % and 59.6 % were concentrated within ±5 m s−1 for
Rayleigh-clear versus WPR winds with GF and EOFc qual-
ity control, respectively. In contrast, 69.1 % and 70.2 % of
deviations appeared within ±5 m s−1 for Rayleigh-clear ver-
sus WPR and EOFc WPR winds, respectively. These results
shed light on the comprehensive applications of multi-source
wind profile data in mountainous cities or areas with sparse
ground-based wind observations.
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1 Introduction

The detection of the atmospheric wind profile is essential
for studying atmospheric dynamics, interactions between
weather and pollution, and predictions of extreme weather
(Baker et al., 1995; King et al., 2017; Stettner et al., 2019;
Sun et al., 2022). Furthermore, the value of atmospheric
wind observations has been illustrated by assimilation ap-
plications in numerical weather prediction (Benjamin et al.,
2004; Weissmann and Cardinali, 2007; Michelson and Bao,
2008). In particular, wind fields within the boundary layer
are mostly turbulent and difficult to simulate using models
without the assimilation of wind observations (Belmonte and
Stoffelen, 2019; Simonin et al., 2014). For areas with com-
plex terrain, such as mountainous cities, individual ground-
based observation stations usually have poor representation,
and thus vertical observations are essential (Sekuła et al.,
2021; Lu et al., 2022b). Therefore, unconventional wind pro-
file observations are urgently required for analysis and as-
similation into numerical prediction models to describe the
transport of mesoscale weather systems, as well as to ad-
vance our knowledge of atmospheric component movement
in the actual atmosphere.

Wind profile radar (WPR) data may partially compensate
for the limitations of conventional wind field observations.
WPR detects the scattering effect of atmospheric turbulence
on electromagnetic waves to detect the Doppler effect sig-
nals of air movement and is capable of providing horizon-
tal wind vectors with high temporal and vertical resolution
(Weber and Wuertz, 1990; Dibbern et al., 2001). The auto-
mated, continuous, and real-time vertical wind profiles from
the WPR could fill the gaps in upper-air observations, both
in time continuity and vertical resolution. Terrain and cli-
mate characteristics in unique regions could have different
impacts on WPR echoes, resulting in separate data observa-
tion errors. Therefore, data verification and, occasionally, ad-
equate quality control are required before the application of
WPR data in a specific region (Zhang et al., 2015; Guo et
al., 2021a). In comparison, radiosonde (RS) data are often
considered reliable atmospheric wind observations to verify
WPR data (Weber and Wuertz, 1990; Chen et al., 2021).

Owing to advances in satellite detection, wind fields ac-
quired from satellites can supplement conventional ground-
based observations in space coverage. Atmospheric motion
vector detection can only extract the wind information of
layers with clouds. The United States and Europe have suc-
cessively detected sea surface wind fields using microwave
radiometers and scatterometers (Endlich et al., 1971; Njoku
et al., 1980; Gaiser et al., 2004; Barre et al., 2008). The
World Meteorological Organization regards the detection of
global three-dimensional wind fields as one of the most
challenging and important meteorological observation mis-
sions in the 21st century (WMO, 2001). The United States
and Europe have conducted spaceborne wind lidar measure-
ment programs, as these are the best methods for detecting

three-dimensional wind fields (Beranek et al., 1989; Baker
et al., 2014; Wernham et al., 2016). The Aeolus satellite was
launched following the fifth Earth Explorer mission of the
European Space Agency (ESA) on 22 August 2018. As the
world’s first Doppler wind lidar in space, Aeolus has enabled
the continuous detection of global wind profiles from the
ground to the lower stratosphere with a vertical resolution
of 0.25–1 km (Marseille et al., 2008; Reitebuch et al., 2006;
Zhang et al., 2019). Therefore, the wind profile data detected
by Aeolus can compensate for the lack of spatial coverage
and vertical resolution of ground-based wind field observa-
tions to some extent.

Located at the edge of the Sichuan Basin, Chongqing is
a typical mountainous city in China known for its complex
topography. Owing to the unique terrain, the mechanisms of
extreme weather and the movement of atmospheric compo-
nents in the city are intricate and complex, making vertical
observations essential. Interference sources for the vertical
detection of WPR might form in mountainous areas, which
are different from those in plain areas. Thus, reasonable data
verification and quality control should be conducted before
application to ensure the accuracy and representativeness of
the WPR. The spatial distribution of ground-based vertical
wind observations in Chongqing is sparse, and it is worth-
while verifying the performance of Aeolus wind products
and applying them to related mechanistic studies or numer-
ical assimilation systems. To this end, wind profile observa-
tions of RS, WPR, and Aeolus were collected and matched in
terms of time and space for 2021 in Chongqing. Based on the
matched results, data verification and quality control of WPR
wind observations were implemented using RS data, and the
performance of Aeolus wind products in Chongqing was an-
alyzed to provide a scientific basis for multi-source wind pro-
file data applications in mountainous cities. The remainder of
this paper is organized as follows: the RS, WPR, and Aeolus
data used in this study; the matching procedure, data verifica-
tion; and the quality control methods are described in Sect. 2.
Section 3 presents the comparison and quality control results
of the WPR and Aeolus wind profile data. Finally, the main
conclusions are summarized in Sect. 4.

2 Data and methods

2.1 Data

2.1.1 Ground-based wind profile data

Shapingba (57516; 29.34◦ N, 106.27◦ E) is a national
weather station and the only RS station in Chongqing. Wind
speed and direction at 00:00 and 12:00 UTC (universal time
coordinated) were obtained from an L-band sounding system
on vertical height levels every 1 s from the surface to 30 km
in the air (Zhang et al., 2020). Shapingba station belonged
to the network of the L-band sounding system by the China

Atmos. Meas. Tech., 17, 167–179, 2024 https://doi.org/10.5194/amt-17-167-2024



H. Lu et al.: Wind observations in a mountainous city 169

Figure 1. Geographic locations of ground-based wind observation
stations and Aeolus tracks along within Chongqing. The magenta
dots denote ground-based observation stations, while red and blue
line represent Aeolus tracks. The background is the terrain heights.

Meteorological Administration. The operational radiosonde
stations in China widely use GTS1 digital radiosonde instru-
ments as key components of the L-band sounding system;
they have high accuracy within the troposphere in detecting
fine-resolution profiles of meteorological factors (Bian et al.,
2011; Guo et al., 2016, 2021b).

There are two wind profile radars in Chongqing, one at
Shapingba station and the other at Youyang station (57633;
28.84◦ N, 108.76◦ E). Radars can operate almost automati-
cally and continuously, acquiring vertical profiles of horizon-
tal wind speed and wind direction (Guo et al., 2021a). The
WPRs in Shapingba and Youyang are from the same manu-
facturer, sharing the same temporal and spatial vertical res-
olutions of 5 min and 120 m, and vertically detecting 48 and
45 layers up to 9360 and 8910 m, respectively.

RS wind data are generally reliable vertical observations.
Considering Shapingba WPR is located at the same station
with RS, while Youyang Station is 360 km away from the
RS, the data verification of WPR wind observations was con-
ducted based on Shapingba WPR and RS data in this study
(Fig. 1).

2.1.2 Aeolus wind products

Launched on 22 August 2018, the first spaceborne Doppler
wind lidar, Aeolus, developed by the ESA, has been cir-
cling in a sun-synchronous orbit at an altitude of approxi-
mately 320 km, with a 7 d repeat cycle (ESA, 2008). Based
on the original detection information, a series of products
was released by the ESA. The Aeolus Level-2B products
can provide scientific wind products, which can be used to
obtain wind profile data from the ground to approximately

Figure 2. Flowchart of the multi-source wind profile data match-
ing and verification procedures. WPR stands for wind profile radar,
RS stands for radiosonde, and EOF stands for empirical orthogonal
function.

30 km in the air, with a vertical resolution of 0.25–2 km and
an uncertainty of 2–4 m s−1, varying with height (Rennie,
2018; Chen et al., 2022). Level-2B wind products are clas-
sified into Rayleigh-clear and Mie-cloudy winds. Specifi-
cally, Rayleigh channels mainly detect wind fields with at-
mospheric molecules as tracers in the troposphere and lower
stratosphere, whereas the Mie channel detects signals from
aerosols and cloud droplet particles within the boundary
layer or in the cloud (Witschas et al., 2020). In this study,
the horizontal-line-of-sight (HLOS) wind products of both
Rayleigh and Mie channels were used. Additionally, the va-
lidity flag and estimated errors were extracted for quality
control of HLOS wind products (Tan et al., 2017; Guo et
al., 2021a).

2.2 Methods

2.2.1 Data matching and verification procedures

In an attempt to make full use of the multi-source verti-
cal wind data from Chongqing, appropriate procedures were
used to match the RS, WPR, and Aeolus data in time and
space to make up the limited ground-based wind profile ob-
servations. A flowchart of the procedure is shown in Fig. 2.

First, data verification and quality control effect analysis
of the Shapingba WPR were implemented based on RS data.
Based on the approach used by Zhang et al. (2016) and Guo
et al. (2021a), the Aeolus data were removed once the dis-
tances between adjacent tracks of Aeolus and ground-based
sites exceeded 1◦. This procedure showed that Shapingba sta-
tion is not suitable for comparison with Aeolus data, whereas
Youyang WPR data are. Time and space matches of the WPR
and Aeolus data were posed before the comparison. The ge-
ographic locations of WPR stations and Aeolus tracks are
shown in Fig. 1. Specifically, because of the higher tempo-
ral resolution of WPR, the mean values of WPR data within
10 min before and after Aeolus sampling were used. Verti-
cally, Aeolus data were interpolated and matched to the lay-
ers of WPR data. Subsequently, Aeolus data were screened
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by validity flags and estimated errors. Thereafter, both the
original Youyang WPR detection and quality control data
were converted into HLOS winds for comparison with the
Aeolus data. The WPR wind vector was projected onto the
HLOS winds using the following equation (Witschas et al.,
2020):

vRWPHLOS = cos(ψAeolus−wdRWP) .wsRWP, (1)

where ψAeolus is the Aeolus azimuth angle, which could be
extracted from the Level 2B products, while wdRWP and
wsRWP are WPR wind direction and speed, respectively.

2.2.2 Statistical method

The mean bias (MB) and root mean squared error (RMSE)
were adopted as indicators (Eqs. 2 and 3) for the verifica-
tion of the WPR and Aeolus wind products, which compare
absolute and relative deviations, respectively.

MB=
1
n

n∑
i=1

(o(i)− r (i)) (2)

RMSE=

√√√√√ n∑
i=1
(o(i)− r (i))2

n
, (3)

where o(i) represents the observation values, and r (i) repre-
sents the referent values.

2.2.3 Data quality control of the wind profile radar

The initial quality control

The first step in quality control is to eliminate the abnormal
increase of horizontal wind in a small vertical range of WPR
data, including screening invalid data exceeding the climate
extreme values and the vertical consistency test. The extreme
climate wind values on the relative layers (Zuo, 2020) are
listed in Table 1. For the vertical consistency test, if the wind
difference between a specific layer and its adjacent layer is
greater than 3 times that of the two layers below, the value is
considered an abnormal observation to be deleted (Zhang et
al., 2015).

Gaussian filtering (GF) method

GF is a smooth filtering method that can be used to smooth
out the details and noise of two-dimensional graphs, and the
observed value of the central point and its surrounding values
are summed in one-to-one correspondences. GF is similar to
mean filtering, but its preset convolution operator presents
a Gaussian distribution. In this study, the convolutional op-
erator was used to calculate the weighted average of the
WPR data to filter the high-frequency noise in the obser-
vation of WPR. The Gaussian filtering function of the one-

dimensional zero-mean normalization is as follows:

g(x)=
1

√
2πσ

e
x2

2σ2 , (4)

where σ is the scale factor that determines the width of the
Gaussian filter and further affects the degree of data smooth-
ing. The larger the σ value, the wider the frequency band of
the Gaussian filter and the better the data smoothing effect.
However, an excessively large σ value causes excessive data
loss and distortion. In this study, σ was set to 3.

Empirical orthogonal function construction (EOFc)
method

Based on the spatial–temporal sequence formed by wind field
data W , calculations similar to empirical orthogonal decom-
position were performed, and the main modes obtained by
calculation were used to reconstruct the spatial–temporal se-
quence to construct new wind fields. Specifically, the X ma-
trix is formed by selecting N times, a period of time before
and after a certain moment, and L layers of effective data,
vertically. X is represented below:

X =


W1,1 W1,2
W2,1 W2,2

· · ·
W1,N
W2,1

...
...

WL,1 WL,2

. . .
...

· · · WL,N

 . (5)

Subsequently, the covariance matrix of X, that is, S=XXT,
and its eigenvalues and eigenvectors were calculated. Ac-
cording to the arrangement of the eigenvalues from largest
to smallest, the cumulative interpretation variance of the first
m eigenvectors can be expressed as follows:

G=

(
m∑
k=1

λk

)
/

(
L∑
k=1

λk

)
. (6)

The larger the eigenvalue corresponding to the eigenvec-
tor, the more its corresponding distribution reflects the typ-
ical characteristics of the original field. The time coefficient
T =ETX was calculated with the eigenvector E. Finally, the
main modes decomposed by EOF were used to reconstruct
the time series within N times, following the use of X=ET
to obtain the vertical distribution of the wind field at the cor-
responding time. In the reconstruction of the time series, a
cut-off threshold (G≥ 85 %) was set for the interpretation
of the cumulative variance to control the quality of the ob-
served data.

Assuming that the cumulative interpretation variances of
the first m feature vectors met G≥ 85 %, and the first m− 1
did not meet G≥ 85 %, the feature vectors of the first m
modes were adopted in the reconstruction of the sequence,
and the corresponding winds at moment j of the ith altitude
layer are

WSi,j =
m∑
k=1

ei,ktk,j . (7)
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Table 1. Extreme climate wind values in vertical layers.

Pressure (hPa) 1000 850 700 500 400 300 250
Height (m) 0 1500 3000 5500 7000 9000 10 000
Extreme wind (m s−1) 36.01 46.30 61.73 102.89 128.61 154.33 154.33

The EOFc method can eliminate outliers and pulsating noise
from observation data and has been applied in quality control
research of observational elements in previous studies, such
as in Qin et al. (2010).

2.2.4 Quality control of Aeolus wind products

The quality of the Aeolus HLOS wind products is controlled
by validity flags and estimated errors, which are also present
in Level 2B data products. Only data with flags equal to 1
were considered valid. The data were subsequently filtered
according to estimated errors, and the theoretical values were
calculated based on the measured signal levels, as well as the
temperature and pressure sensitivity of the Rayleigh chan-
nel response (Dabas et al., 2008). Previous studies have re-
vealed that notable observation errors appeared when the
estimated errors were large (Witschas et al., 2020). Conse-
quently, thresholds for estimated errors of 7(5) m s−1 were
applied for Rayleigh(Mie) winds in this study, based on the
method described by Guo et al. (2021a). Using the param-
eters valid_flag and hlos_estimate_error, 18241 Mie-cloudy
wind profile samples and 1010 Rayleigh-clear samples were
excluded. As a result, there are 1003 remaining usable Mie-
cloudy samples and 1558 remaining Rayleigh-clear samples.
Through the quality control process, significant reductions
in the estimated error were achieved for the Mie-cloudy
wind products, from 42.22 to 3.50 m s−1. Similarly, for the
Rayleigh-clear wind products, the estimated error was re-
duced from 78.69 to 4.58 m s−1.

3 Results and discussion

3.1 Data verification and quality control of WPR

Data verification and quality control of the Shapingba WPR
were performed based on RS data from the same station.
The missing data rate for the Shapingba WPR is 22.78 %,
resulting in 8117 valid wind profile samples. For the Wu-
long WPR, the missing data rate is 30.08 %, resulting in 7350
valid wind profile samples. RS data have a missing data rate
of 13.55 %, with 631 valid samples. To address the missing
data, different approaches were employed based on the na-
ture of the missing values. When specific levels within a pro-
file have missing data, linear interpolation is used to fill in the
gaps. However, if an entire layer of data is missing within a
profile, the entire profile is excluded from the analysis.The
WPR detects data vertically above the station, while the RS
data are derived from air balls, which can respectively drift

as far as 0–90, 2–25, and < 10 km away from the releasing
station at 200, 500, and 850 hPa (Zeng et al., 2019). There-
fore, certain differences exist in the spatial sampling of WPR
and RS. Assuming that the atmospheric horizontal distribu-
tion is uniform within dozens of kilometers, the WPR and
RS wind fields will be comparable. Additionally, the exact
release times of the air balls were 23:15 and 11:15 UTC, and
they generally take 25 min to rise to 10 km. Therefore, the
mean values of the 23:15–00:00 and 11:15–12:00 WPR data
were processed to compare the WPR and RS data. Finally, for
comparison with the Aeolus data, wind fields derived from
WPR and RS data were converted into zonal wind compo-
nents for data verification and quality control.

To clarify influences of weather, especially precipitation,
on wind profile radar observation quality, scatter plots and
the vertical distribution of statistical parameters for WPR
versus RS during rainy days and no rainy days are given in
Fig. 3. Between 1.5 and 4.5 km, WPR deviations during rainy
days exceeded those without rain a little, and the RMSE and
MB between WPR and RS were slightly smaller during rainy
days than those without rain below 1.5 km and above 4.5 km.
The correlation coefficient between WPR and RS with rain
was a bit lower than that without rain. Generally speaking,
precipitation could affect WPR observation quality, but the
deviation distributions were overall the same during rainy
and no rainy days, with slight differences on different layers.
As a result, we discussed the quality control effects of WPR
data based on all data, including rainy days and no rain days.

Based on Quality Control 1 of the WPR data mentioned
above, 784 invalid wind speed data were filtered, after which
GF and EOFc were conducted on WPR winds. The filled
contour plots in Fig. 4 represent the scatter density distri-
butions of the original WPR and RS data. The correlation
coefficient (R) was 0.71, with the scatter distributed along
the reference line, indicating a correlation between the two
types of data. Large numbers of dots with significant devi-
ations from the reference line between the wind speeds of
±10 m s−1 implied large differences between the WPR and
RS in the observation of low wind speeds. The contour plots
without filling color in Fig. 4a are scatter density distribu-
tions of GF-controlled WPR and RS, with an R of 0.83,
showing better correlation compared with the original WPR
and RS wind data. The GF method screened parts of the data
far away from the reference line, which are wind data with
large differences between WPR and RS, contributing to an
improvement in the correlation of the two types of data. The
performance of the WPR data quality control based on EOFc
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Figure 3. Scatter density plots for wind profile radar (WPR) vs radiosonde (RS) data during (a) rainy days and (b) no rainy days and vertical
distribution of (c) root mean squared error (RMSE) and (d) mean bias (MB) for WPR vs RS during all days, rainy days, and no rainy days.

Figure 4. Scatter density contour plots for (a) original and Gaussian-filtered (GF) WPR vs RS data and (b) original and empirical orthogonal
function construction (EOFc) WPR vs RS data. The filled contour plots represent original WPR vs RS data, while the contour plots with no
colored filling show GF or EOFc WPR vs RS data.
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is more significant in Fig. 4b compared to GF. For EOFc, G
was selected to be greater than 85 % for the first time; specif-
ically, the first two modes were added after EOF decompo-
sition, with G= 87.23 %. The R between the EOFc WPR
and RS winds reached 0.95, with the scatter more concen-
trated around the reference line compared with the original
and GF WPR.

The vertical wind deviation distributions of the original
and quality-controlled WPR are shown in Fig. 5, and the ver-
tical distributions of the statistical parameters are shown in
Fig. 5. The distribution of deviations between the RS and
original WPR data followed normal distribution on various
layers. The median of the distribution was centered around
0 near the ground within 2 km and gradually moved towards
the negative values above 2 km, indicating significant nega-
tive deviations on the upper layers. Large negative deviations
emerged on different layers; however, large positive devia-
tions were mainly distributed around 3–5 km, with the maxi-
mum around 30 m s−1. Comparing RS with the original WPR
data, 98.2 % of the deviations were distributed within the
−10 to +10 m s−1 range near the surface. However, this pro-
portion decreases with increasing altitude, with only 75.6 %
of the deviations falling within this range between 6–7 km.
Furthermore, when comparing RS with the WPR data cor-
rected using GF and EOFc, a higher proportion of deviations
was observed to concentrate between −10 to +10 m s−1 at
different altitudes. Specifically, the deviations between RS
and EOFc WPR exhibit a higher proportion of deviations
within the −10 to +10 m s−1 range compared to those be-
tween RS and GF data. From the perspective of statistical
parameters, the RMSE of RS and the original WPR devia-
tion increased with height overall but decreased at heights
between 3 and 4 km. The vertical MB distribution between
the RS and original WPR data presented an M-shaped distri-
bution, with positive MB values near the ground and negative
values in the other layers. According to the vertical distribu-
tion of the deviation scatter points, the negative deviations
are significantly larger than the positive deviations. For a rel-
atively small MB value of approximately 4 km, some of the
large positive deviations in Fig. 5 at this level balance the
negative values. Similarly, large positive and negative devi-
ations appeared at approximately 6 km, forming small MB
values at this level. In general, wind speeds increase with
height, leading to an increase in the observation deviations
of the WPR.

Taking RS data as true values, the zonal WPR wind data
in Chongqing exhibited various detection errors with height,
indicating that quality control of the original WPR data is
necessary. The red histograms in Fig. 5a represent the verti-
cal deviation distributions between RS data and the GF WPR
with respect to height. Compared with the original WPR
data, GF eliminates some large deviation values of different
layers, making the distribution more centered around 0, es-
pecially on the upper layers. The vertical distributions of the
RMSE and MB between the RS and WPR data corresponded

to modifications. The RMSE of the RS and GF WPR data
is reduced below 3 km compared to the original WPR, while
the alteration of MB mainly manifests above 4 km. Remark-
ably, the negative value of MB above 4 km increased after
GF in the WPR data. This was because of the reduction in
the larger positive deviation value, and the negative devi-
ation could not be offset. Subsequently, the EOFc method
was adopted for the zonal winds in the original WPR data.
The vertical deviation distributions of RS and EOFc WPR
reduced many large negative deviations in the different verti-
cal layers, making distribution more in line with normal dis-
tribution (Fig. 5b). The statistical parameters of the vertical
distribution also showed significant changes compared to the
original data. A significant decrease in the RMSE value and
a notable reduction in the negative MB above 1 km were ob-
served between the RS and EOFc WPR (Fig. 6). Combining
both the vertical distribution for deviation scatter and statisti-
cal parameters, the EOFc WPR winds were similar to the RS
data at various heights. Although the deviations of the two
types of data were significantly reduced, it is worth noting
that the EOFc WPR data have modified the characteristics
of the original wind fields to a large extent, especially under
strong convective weather conditions with large vertical wind
shear. In comparison, the GF WPR data could better retain
the basic characteristics of the original wind fields. However,
the GF method exhibited a limited reduction in the detection
deviations of the WPR data. In general, the two quality con-
trol methods have different effects on the reduction of detec-
tion deviations and the retention of the original information.

3.2 Comparison of the Aeolus and WPR wind data

Owing to the limited spatial coverage of ground-based
wind profile data, data verification of Aeolus products in
Chongqing was conducted to compensate for the spatial cov-
erage of wind observations to some extent. The match proce-
dure results indicate that the Youyang WPR data can be used
to verify the Aeolus products described in Sect. 2. The prob-
ability density distributions (PDDs) of deviations and wind
distributions of both Aeolus Rayleigh-clear and Mie-cloudy
products versus WPR data are shown in Fig. 7. The PDDs of
deviations between Rayleigh-clear and WPR in Fig. 7a gen-
erally present a Gaussian distribution, with 82.9 % of devi-
ations concentrating within ±10 m s−1 and 56.0 % of devia-
tions within±5 m s−1. Quality control with the GF and EOFc
methods was conducted on original WPR observations, and
the PDDs of deviations between Rayleigh-clear and quality-
controlled WPR winds were concentrated around 0. For de-
viations between Rayleigh-clear and GF WPR winds, 85.8 %
of deviations were centralized within ±10 m s−1 and 58.9 %
of deviations within ±5 m s−1. In comparison, 86.3 % of
deviations of Rayleigh-clear and EOFc WPR winds ap-
peared within ±10 m s−1 and 59.6 % of deviations within
±5 m s−1. The scatter distributions of the Rayleigh-clear
and WPR winds were shown in Fig. 7a and b, respectively.
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Figure 5. Probability density distributions for vertical variations of (a) RS minus original and GF WPR data and (b) RS minus EOFc WPR
data. The blue numbers represent the proportion of RS minus original WPR within −10 to 10 m s−1. In (a), the red numbers represent the
proportion of RS minus GF WPR within the range, and in (b), red represents the proportion of RS minus EOFc WPR within the range.

Figure 6. Vertical distributions of RMSE and MB for (a) RS vs GF WPR data and (b) RS vs EOFc WPR data.

WPR detects winds between −5 and 10 m s−1 as larger than
Rayleigh-clear wind, while it underestimates wind speeds
in the range of ±10 to ±20 m s−1 compared with Aeolus
Rayleigh wind products. Figure 7c–d show the PDDs of devi-
ations and wind distributions of between the Mie-cloudy and
WPR winds. A total of 86.2 % of deviations of Mie-cloudy
versus original WPR data were centralized within±10 m s−1

and 67.8 % of deviations within ±5 m s−1, while 86.9 % of
deviations of Mie-cloudy versus GF WPR winds were cen-
tralized within ±10 m s−1 and 69.1 % of deviations within
±5 m s−1. For the EOFc WPR winds, 87.5 % of deviations
appeared within ±10 m s−1 and 70.2 % of deviations within

± 5 m s−1. The PDD of wind detected by WPR is similar to
that of Mie-cloudy wind, but WPR generally overestimates
wind in the range of−5 and 20 m s−1 compared with Aeolus
Mie wind products. First, the deviations of the Mie-cloudy
and quality-controlled WPR data were more concentrated
around 0 compared with the original WPR. Additionally,
compared with Rayleigh-clear winds, deviations in the Mie-
cloudy versus WPR data were small, which may be attributed
to the detection principles of the two channels. Compared
with the Rayleigh channel, the tracers for the Mie channel,
including aerosols and cloud droplets within the boundary
layer and in the cloud, were mainly centralized at lower verti-
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Figure 7. Probability density distributions of deviations and wind distributions of (a) Rayleigh-clear and (c) Mie-cloudy vs WPR original
and GF WPR winds and (b) Rayleigh-clear and (d) Mie-cloudy vs original and EOFc WPR winds.

cal levels with smaller wind speeds, resulting in smaller wind
deviations for the Mie-cloudy observations.

Figure 8 shows the vertical distribution characteristics of
the differences between Aeolus products and WPR data.
The solid red line represents the vertical distributions of the
mean differences between Aeolus and the original WPR data,
and the shaded areas denote positive and negative deviations
from the mean differences. Mean differences between the
Rayleigh-clear and original WPR winds have large negative
deviations below 1.5 km, with the maximum deviation reach-
ing −5.2–13.0, −5.2+ 12.61 m s−1. However, the mean dif-
ference between these data stayed within ±1 m s−1 from the
heights of 1.5 to 8 km, with simultaneous decreasing neg-
ative and positive deviations with height. The wind mea-
surement capability of the Rayleigh channel is largely lim-
ited by the receiving intensity, and the Sichuan Basin is a
region with one of the highest levels of aerosols in China
(Zhang et al., 2012; Lu et al., 2022a). Particularly, below
1.5 km within the boundary layer, strong aerosol scattering
will inevitably affect molecular scattered signals, thus reduc-
ing the accuracy of Rayleigh channel wind field inversion
(Tan et al., 2017; Guo et al., 2021a). In contrast, the ver-

tical distribution of mean differences between Mie-cloudy
and original WPR data (Fig. 8c and d) showed large values
within the boundary layer (below 1.5 km) and middle tropo-
sphere (4–8 km). The maximal deviation within the bound-
ary layer reached 2.09–18.23, 2.09+ 14.76 m s−1, while the
maximal values were 7.49–19.98, 7.49+ 21.64 m s−1 in the
middle troposphere. For the Mie channel, aerosols and cloud
droplet particles were used as tracers for wind measurements.
Owing to the influence of the topography in Chongqing, the
prevailing quiet and small winds within the boundary layer
result in the dominant influence of turbulent motion on large
particles (Lu et al., 2022b). This contributes to larger de-
viations in Mie wind observations because of the irregular-
ity of turbulence. The notable mean differences in the mid-
dle troposphere may be affected by the distribution of cloud
droplets. Previous studies have revealed that due to the in-
fluence of the topography of the Tibetan Plateau, the liquid
cloud water contents around 27 to 35◦ N in central China
are remarkably larger than those in the southern and north-
ern regions at the same altitude (Yang and Wang, 2012), with
nimbostratus and altostratus prevailing in the affected areas
(Yu et al., 2004). These may contribute to large mean dif-
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Figure 8. Vertical distribution of mean differences and deviations between (a) Rayleigh-clear vs GF WPR data, (b) Rayleigh-clear vs original
and EOFc WPR data, (c) Mie-cloudy vs original and GF WPR data and (d) Mie-cloudy vs original and EOFc WPR data.

ferences and deviations between Mie winds and WPR data
at altitudes of 4–8 km in Chongqing, which is located on
the eastern side of the Tibetan Plateau. According to exist-
ing observations, the frequency of cloud occurrence in the
middle troposphere in spring, autumn, and winter is higher
than that in summer, which can explain to some extent why
the annual mean differences between Mie winds and WPR
around 4–8 km have large values, whereas the average val-
ues in summer do not (Guo et al., 2021a). Based on the GF
and EOFc quality control of the WPR data, the mean dif-
ferences between the Rayleigh-clear and WPR winds were
found to not change significantly, with only some reduc-
tion in the differences between the Rayleigh-clear and EOFc
WPR data within the boundary layer. However, by control-
ling the WPR data quality, the positive and negative devia-
tions of the mean difference at various heights can be effec-
tively reduced (Figs. 8a and 6b). Specifically, GF can reduce
deviations above 3 km, whereas EOFc modifies the positive
deviations within the boundary layer. For the Mie winds, a
remarkable reduction was observed for mean differences at
an altitude of approximately 6–8 km and deviations in vari-

ous layers with quality-controlled WPR data compared with
the original WPR data.

4 Conclusions

To evaluate the observation quality of the multi-source wind
profile data in Chongqing, this study matched the Aeolus,
RS, and WPR data for 2021. The matching results indicate
that the Youyang WPR can be used for comparison with
the Aeolus winds. Additionally, data verification and quality
control studies of ground-based WPR data were conducted
based on Shapingba RS wind observations. The main con-
clusions are given in the following.

A correlation was found between the RS and original WPR
zonal wind data, with anR of 69.92 % and scatter points gen-
erally distributed along the reference line. The RMSEs of the
RS and WPR data increased with height overall, except at an
increase of approximately 3–4 km. The MB was vertically
distributed in an M shape, with relatively smaller MB val-
ues appearing at 4 and 6 km because of the cancellation of
positive and negative deviations.
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Screened by the extreme wind climate values and the
vertical consistency test, 784 WPR wind observations were
eliminated. R values between RS versus GF WPR data and
EOFc (G= 87.23) WPR data were 0.83 and 0.95, respec-
tively, demonstrating a better correlation between RS and
EOFc WPR data. A comparison of the deviations in the ver-
tical distribution of the RS and WPR data before and after
quality control revealed that the EOFc WPR data are closer
to RS winds at various heights, resulting in smaller devia-
tions between the two. However, it should be noted that the
EOFc WPR winds have a broader filter than the original data,
which can remarkably alter the characteristics of the orig-
inal wind fields, particularly in cases of severe convection
weather conditions where there are significant vertical wind
shears. While preserving the basic features of the original
wind field, the GF method has a limited impact on reducing
the deviations of the original WPR wind observations.

The Rayleigh and Mie winds detected by Aeolus exhib-
ited various deviations from the WPR data; 56.0 % of devi-
ations between Rayleigh-clear and WPR data existed within
±5 m s−1, while 67.8 % of deviations between Mie-cloudy
and WPR data were within ±5 m s−1. The Mie channel de-
tects aerosols and cloud droplets as tracers, which are lower
than the height layers detected by the Rayleigh channel,
resulting in relatively small wind speed deviations. How-
ever, the mean differences between Rayleigh-clear and WPR
winds are smaller than those of Mie-cloudy winds, especially
in the middle troposphere of 4–8 km. This may be due to the
influence of the topography of the Tibetan Plateau, resulting
in a remarkable increase in the liquid cloud water content
from 27 to 35◦ N in central China compared to other regions.
Chongqing is located in the affected areas; thus, the accuracy
of Mie wind observations is influenced by the middle tropo-
sphere.

The deviations between the Aeolus and WPR data changed
to some extent after quality control of the WPR data, both
for the Rayleigh-clear and Mie-cloudy winds. The scatter
points of the Aeolus and WPR data, which were far away
from the reference line, decreased; 58.9 % of deviations be-
tween the Rayleigh-clear and GF WPR data were centralized
within ± 5 m s−1, and 59.6 % of deviations for EOFc WPR
data were within ± 5 m s−1. For the Mie channel, 69.1 % of
deviations were concentrated ± 5 m s−1 between the satellite
and GF WPR data, and 70.2 % of deviations existed between
the Mie and EOFc WPR data. The mean differences of the
Rayleigh channel and WPR data changed little after quality
control was conducted using both the GF and EOFc methods
on WPR data; however, both positive and negative deviations
to the mean values decreased. For Mie winds, quality control
on WPR made distinct modifications to the mean differences
between 6–8 km and deviations to the mean values of all lay-
ers between Mie-cloudy and WPR data.
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