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Abstract

Quality control (QC) is an essential procedure in scatterometer wind retrieval, which is used to distinguish good-
quality data from poor-quality wind vector cells (WVCs) for the sake of wind applications. The current wind
processor of the China-France Oceanography Satellite (CFOSAT) scatterometer (CSCAT) adopts a maximum
likelihood estimator (MLE)-based QC method to filter WVCs affected by geophysical noise, such as rainfall and
wind variability. As the first Ku-band rotating fan-beam scatterometer, CSCAT can acquire up to 16 observations
over a single WVC, giving abundant information with diverse incidence/azimuth angles, as such its MLE statistical
characteristics may be different from the previous scatterometers. In this study, several QC indicators, including
MLE, its spatially averaged value (MLEm), and the singularity exponents (SE), are analyzed using the collocated
Global Precipitation Mission rainfall data as well as buoy data, to compare their sensitivity to rainfall and wind
quality. The results show that wind error characteristics of CSCAT under different QC methods are similar to those
of other Ku-band scatterometers, i.e., SE is more suitable than other parameters for the wind QC at outer-swath
and nadir regions, while MLEm is the best QC indicator for the sweet region WVCs. Specifically, SE is much more
favorable than others at high wind speeds. By combining different indicators, an improved QC method is
developed for CSCAT. The validation with the collocated buoy data shows that it accepts more WVCs, and in turn,
improves the quality control of CSCAT wind data.
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1  Introduction
Spaceborne microwave scatterometers are widely used to ob-

serve global sea surface backscatter coefficients in relatively high
spatial and temporal resolutions, and in turn, are the primary
technique for acquiring the mesoscale sea surface winds (Pier-
son, 1989; Stoffelen and Anderson, 1997). To date, the China-
France Oceanography Satellite (CFOSAT) scatterometer (CSCAT)
together with other in-orbit scatterometers have consisted of a
virtual wind observation constellation that helps to improve the
accuracy of wind measurements and to realize high-frequency
acquisitions of global ocean wind vectors (Portabella et al., 2021).
Although the antenna of CSCAT stopped spinning in December
2022, it still provides valuable data for the study of Ku-band sea
surface backscattering characteristics, since the fanbeam an-
tenna covers a wide incidence range from 28° to 51° (Lin et al.,
2019; Liu et al., 2020). Therefore, CSCAT data reprocessing has
recently been initiated with the aim of providing temporally con-
sistent and high-quality winds information (Mou et al., 2023;
Mironov et al., 2023).

In practice, however, there are many non-wind geophysical
phenomena that may enhance or attenuate the sea surface
backscattering signal during the scatterometer measurement

procedure, such as rainfall, wind variability, confused sea states,
and other oceanic/atmospheric processes (Portabella and Stof-
felen, 2002a; Stiles and Dunbar, 2010; Portabella et al., 2012; Lin
et al., 2015b). Among the above, rain is the main factor in degrad-
ing the retrieved wind quality of scatterometers. In general, C-
band scatterometers have longer wavelengths than Ku-band
ones, such that their wind quality is more stable than the latter in
the presence of rain (Stiles and Yueh, 2002; Tournadre and Quil-
fen, 2003; Weissman and Bourassa, 2008; Lin et al., 2015a). In
other words, the quality control (QC) module for the Ku-band
scatterometer wind inversion process is very critical, which can
not only help to reject poor quality scatterometer wind vector
cells (WVCs) but also impact on the application of the scattero-
meter winds, such as data assimilation in numerical weather pre-
diction (NWP) model, typhoon monitoring and other aspects of
weather forecasting (Brennan et al., 2009; Xu et al., 2019; Liu
et al., 2022; Chen et al., 2023). Similar to the Pencil-Beam Wind
Processor (PenWP) provided by the Ocean and Sea Ice Satellite
Application Facility (OSI SAF) of the European Organization for
the Exploitation of Meteorological Satellites (EUMETSAT) (Ver-
hoef et al., 2015), the current CSCAT wind processor uses the in-
version residuals as an indicator of the wind quality, which rep-  
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resents the distance between the measured backscatters and the
simulated ones from the wind geophysical model function
(GMF). Conventionally, the maximum likelihood estimator is
used to perform wind inversion for the scatterometers, hence the
inversion residuals are usually named as MLE (Stoffelen and
Portabella, 2006). Basically, large MLE values correspond to
poor-quality wind retrievals, and vice versa. It is important to
note that different scatterometers require instrument-specific QC
thresholds to accept wind cells with good quality. The overall
WVC rejection rate is normally around 6% for the Ku-band scat-
terometers, although it can be as much as 20% at high wind
speeds and roughly 1% at low wind (Lin and Portabella, 2017).

Numerous quality indicators and techniques have been put
forth to date with the aim of improving scatterometer quality
control and minimizing the rejection of valuable WVCs. For in-
stance, the singularity exponent (SE) derived from the singularity
analysis (SA) image processing technique, has been demon-
strated to be useful for Advanced Scatterometer (ASCAT) and
RapidScat (RSCAT) QC, due to its capability in identifying rain-
fall and wind variability within the wind cell, especially for the
low winds of the ASCAT and the outer swath of the RSCAT (Lin et
al., 2014, 2016; Lin and Portabella, 2017). In addition, since the
maximum likelihood estimator (MLE) has been proven to have
good performance in the scatterometer QC process (Portabella
and Stoffelen, 2001, 2002b), the spatially-averaged MLE (MLEm)
was proposed to further improve the scatterometer wind QC by
taking into account the spatial gradient characteristics of the
WVCs, which latter has been applied to the wind QC for the in-
ner swath of the RSCAT and the high speeds of the HY-2 scattero-
meters (HSCAT) (Lin and Portabella, 2017; Lang et al., 2022). In
order to improve rain screening for the Ku-band scatterometers,
a QC indicator (namely JOSS) derived from the two-dimensional
variational ambiguity removal (2DVAR) procedure of the wind
retrieval has been proposed, which has apparently reduced the
rain false alarm rate for both CSCATA and the Scatterometer on-
board the Scatsat-1 Satellite (OSCAT-2) (Xu and Stoffelen, 2020;
Xu et al., 2022). Last but not least, there are also many other rain-
fall identification algorithms, such as the multi-dimensional his-
togram rain-flagging technique (MUDH) and the K-Nearest
Neighborhood (KNN) method (Huddleston and Stiles, 2000;

Peng et al., 2021).
The aim of this paper is to find good quality indicators for the

CSCAT wind QC, since the CSCAT inversion residuals may have
different characteristics from the previous scatterometers, due to
its innovative observation geometry. Section 2 describes the
CSCAT data, buoy data, and rainfall data used in this study. The
calculation of the quality indicators is also briefly summarized.
Section 3 analyzes the quality of the wind field with different in-
dicators. In Section 4, their rain detection features are analyzed,
and then a novel quality control approach using a simple com-
bination of those indicators is proposed for CSCAT. Finally, the
conclusions are presented in Section 5.

2  Data and method

2.1  Wind and precipitation data
The reprocessed wind product for the entire year of 2021 is

used to evaluate the capacity of different quality indicators in
terms of identifying low-quality wind vector cells. Note that the
reprocessed scatterometer wind product is obtained by applying
the weekly NWP ocean calibration (NOC) coefficients to the
winds inversion, which requires the level 1B data supplied by the
National Satellite Ocean Application Service (NSOAS) as the in-
put. For the purpose of analyzing the CSCAT wind differences
under various quality control methods, the European Centre for
Medium-Range Weather Forecasts (ECMWF) winds are used as
the reference because of their numerous collocations and con-
sistent wind quality (Zhao et al., 2022). By using temporal and
spatial interpolation on three 3-hourly ECMWF forecast winds,
the ECMWF background winds are then included in the Level 2
product of the CSCAT reprocessed winds. Figure 1 illustrates the
relationship between the wind speed bias and the sorted MLE
value, where the MLE are ranked according to their values from
largest to smallest. The results show that the reprocessed data is
more consistent with the MLE-based QC threshold (black dashed
curve) than that of the operational near-real-time (NRT) product
(Fig. 1a), which verifies that the reprocessed CSCAT winds are of
better quality than the NRT data.

Furthermore, the moored buoy winds (January–December
2021) are collocated with CSCAT data in order to validate the ef-
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Fig. 1.   Wind speed bias as a function China-France Oceanography Satellite scatterometer (CSCAT) wind speed and the sorted per-
centiles by maximum likelihood estimator (MLE) for the near-real-time wind product (a) and the reprocessed wind data (b). The black
dashed curve indicates the rejection ratio of the operational MLE-based quality control.
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fectiveness of the quality control methodology applied to the re-
processed winds. To make buoy winds comparable to the CSCAT
winds, the Liu-Katsaros-Businger (LKB) model is utilized to con-
vert buoy data into 10-m equivalent-neutral winds (Liu et al.,
1979). The principle of obtaining the collocation is that the buoy
winds are less than 25 km and 30 min distance from the CSCAT
acquisitions. Finally, the total amount of CSCAT–buoy colloca-
tions is about 90.7 k.

As the successor of the Tropical Rainfall Measuring Mission
(TRMM), the Global Precipitation Measurement (GPM) mission
has realized high-frequency observations of rainfall in most re-
gions of the world (Prakash et al., 2016). The rain rate (RR) used
here is from Integrated Multi-satelliE Retrievals for GPM
(IMERG) product, with at least ten passive and active instru-
ments data involved in it (Huffman et al., 2018). As the level 3
product, it offers three different products (i.e., Early, Late, and Fi-
nal) for users, among which the Final one can reach research
quality. This study employs the latest (version 7) half-hourly Fi-
nal rainfall data with a spatial resolution of 0.1° to assess the
CSCAT wind quality under rainy conditions. The collocation cri-
teria for IMERG are the same as above. In case that there is more
than one IMERG rain value collocated with CSCAT, the one with
the closest spatial distance to the CSCAT position is selected.
Eventually, the amount of IMERG-CSCAT collocations is about
187 million. This dataset can be used to assess the sensitivity of
different quality indicators to rainfall.

2.2  QC indicators
Wind inversion residual (i.e., MLE) is acquired during the

scatterometer wind inversion process, which value reflects dir-
ectly the quality of the wind, hence it is commonly used as an in-
dicator for quality control. The MLE is calculated as follows:

MLE =

N

N∑
i = 

(σ
mi − σ

si)


(Kpiσ

mi)


, (1)

σ
mi

σ
si

σ
s

where N is the number of observations within a wind vector cell,
 is the measured backscatter coefficient of the i-th observa-

tion, Kpi is the normalized measurement error, and  repres-
ents the simulated backscatter coefficient, which is obtained
from the background wind information and the NSCAT-4 GMF.
Therefore, the MLE value represents the distance between the
measured  and the simulated backscatter values. A large MLE
value denotes that the difference between the above two is signi-
ficant, indicating the low quality of the scatterometer-derived
wind. In practice, a WVC is flagged as a rain-contaminated result
or poor-quality retrieval if the corresponding MLE value exceeds
a certain threshold, which is related to the scatterometer wind
speed and the WVC number. As such, MLE is selected as a qual-
ity control indicator in CSCAT NRT products.

In order to better identify the WVCs affected by large inter-
and/or sub-WVC wind variability, which is often found in areas of
intensive convection, a spatially averaged MLE method (i.e.,
MLEm) is proposed to further improve the wind QC. MLEm is de-
rived from a centered 3 × 3 box ( 3 × 2 box used when WVCs are
located at swath edge) and it can be simply calculated by the fol-
lowing formula:

MLEm =

∑
i

wiMLEi∑
i

wi

, (2)

where wi is the weighting coefficient for the i-th WVC, which
value is 4 for the centered WVC, 3 for the four WVCs adjoining to
the center, and 2 for the rest positions.

Another QC indicator named SE is proposed to evaluate the
spatial continuity and improve the quality control of the scattero-
meter winds. SE is derived from the following singularity analysis:

SE(x) =
log[Tψ ∥∇s∥ (x, r)/ ⟨Tψ ∥∇s∥ (·, r)⟩]

logr
+ o

(


logr

)
, (3)

Tψ||∇s|| (x, r)
⟨Tψ||∇s|| (·, r)⟩

||∇s||
Tψ||∇s||

r

where  is the wavelet projection of the objective sig-
nal s at the location x in the scale factor r,  is the
mean value of the wavelet projection over the whole signal, and

 represents the vector norm of the gradient of the signal.
Specially,  is derived from the wind speed zonal (u) and
meridional (v) components, as well as the MLE field. The scale 
is defined as the smallest accessible scale, while the mathematic-
al symbol o stands for the infinitesimal of higher order. In this
study, the SE data are directly acquired from the level 2 product
of CSCAT.

3  Analysis of quality indicators

3.1  Comparison with NWP winds
It is well known that the wind quality of the Ku-band scattero-

meter is mainly affected by rainfall. Moreover, the percentage of
rain-contaminated CSCAT data, as well as the rain rate, usually
increases with the wind speed. Therefore the two collocations
consisting of NWP and buoy data are firstly separated into low
wind speeds (w≤2 m/s),  medium wind speeds (2 m/s <
w≤14 m/s), and high wind speeds (w > 14 m/s), respectively. In
addition, as aforementioned, the MLE QC threshold is related to
the WVC position, which has already been verified for CSCAT,
and shows that the wind speed bias is connected to the scattero-
meter cross-track position and the magnitude of the rain rate.
Hence, the collocations are further divided into several categor-
ies according to the WVC number, i.e., the outer swath (WVC
numbers 1–5 and 38–42), the sweet swath (WVC numbers 6–17
and 26–37) and the nadir swath (WVC numbers 18–25). WVCs at
the outer swath and the nadir region are observed with poor azi-
muth diversity, such that their wind quality is inherently poorer
than the WVCs at the sweet swath, which latter are actually with
redundant observation geometries (Liu et al., 2020). Figure 2
shows the three swaths associated with the CSCAT along-track
data, in which the WVCs are numbered from the left-most WVC
to the right-most one in ascending order. In order to guarantee
that the analysis of wind differences is unaffected by data
volume, the QC thresholds for MLE, MLEm, and SE are adapted to
achieve the same rejection rate as a function of wind speed.

Scatterometer wind quality is usually evaluated using the vec-
tor root mean square (VRMS) score, which is a reliable indicator
by combining the differences in both wind speed and direction.
The VRMS value is calculated as follows:

VRMS =

√√√√ 
N

N∑
i = 

[(uscat
i − uref

i ) + (vscati − vrefi )], (4)

uscat
i vscati uref

i vrefiwhere ( ,  ) and ( ,  ) are the i-th scatterometer and
reference wind vectors, respectively; and N is the number of col-
locations. The NWP winds usually serve as the background winds
in scatterometer wind retrieval, which could be a good reference
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in most conditions, such that the wind difference between scat-
terometer and NWP background winds is often used to assess the
scatterometer-derived wind quality. Figure 3 shows the VRMS
difference between CSCAT and NWP, and the percentage of rain-
contaminated data with GPM rain rate larger than 0 mm/h, as a
function of the sorted percentiles by MLE (blue line), MLEm (red
line), and SE (yellow line), respectively. Again, it shows that
CSCAT wind quality is highly correlated with rainfall, i.e., the
VRMS scores increase as the percentage of rain-contaminated
WVCs increases. However, in the inner swath, MLEm is excellent
in identifying rainfall, but it does not detect as many low-quality
WVCs as SE. On the other hand, SE is better than the other two
indicators in distinguishing wind cells with large differences
between CSCAT and NWP, though it is poorer than the other two
indicators in terms of identifying rainfall. This may be due to the
characteristics of CSCAT observation geometry, indicating that
the scatterometer wind inversion with multiple incidence/azi-
muth angles may lead to a wind quality more tolerable to rainfall,
even though the radar works at Ku-band. Moreover, it also means
that CSCAT is more sensitive to other geophysical factors. In ad-
dition, the signal-to-noise ratio of the radar is essential for ob-
taining accurate sea surface backscatter coefficients, which dir-
ectly affects the quality of the wind vector, thus causing the vari-
ability of data quality at different swaths of the CSCAT.

Table 1 shows the VRMS difference between CSCAT and NWP
winds after applying the three QC indicators under different wind
situations. Since NWP does not well resolve sea surface wind
variability at low wind speeds, it can be found that at wind speeds
less than 2 m/s, the VRMS scores of the accepted WVCs are close
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Fig. 2.     Illustration of the wind vector cells at different swaths.
Black, blue, and red circles represent the outer swath, the sweet
region, and the nadir region, respectively.
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Fig. 3.   VRMS difference between China-France Oceanography Satellite scatterometer (CSCAT) and numerical weather prediction
(NWP) (upper panels), and the percentage of rain-contaminated data (GPM RR > 0 mm/h) (lower panels), as a function of the sorted
percentiles by maximum likelihood estimator (MLE, blue), averagred MLE (MLEm, red), and singularity exponents (SE, yellow) for the
nadir region (a and d), the sweet region (b and e), and the outer swath (c and f), respectively.
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to the rejected ones for any QC indicator, such that it is difficult to
determine which indicator is more reliable for wind QC. Addi-
tionally, the three metrics are relatively comparable in terms of
retaining high-quality winds at moderate wind speeds. The sens-
itivity of SE to data quality is better than that of the others under
high wind conditions, whereas the statistics of MLEm and MLE
are relatively close to each other. In summary, the three QC in-
dicators show distinct differences in both flagging rain and
identifying poor-quality winds with respect to the NWP winds.
MLEm is generally optimal for the rain-flagging purpose, while SE
is the best indicator in filtering the WVCs with high wind variabil-
ity because it is derived from the local wind gradient.

3.2  Comparison with buoy winds
To mitigate potential wind errors introduced by the reference

NWP winds, the QC indicators are further verified using the col-
located CSCAT-buoy dataset in this study. Compared to the
CSCAT-NWP collocations, the amount of buoy dataset is relat-
ively limited, hence it is not feasible to derive the QC thresholds
from the CSCAT-buoy dataset. Consequently, the QC thresholds
are established based on the collocations with NWP winds and
then are applied to filter WVCs in the CSCAT-buoy collocations.
The VRMS difference between CSCAT and buoy winds, categor-
ized by different indicators across various wind speed bins, are
presented in Table 2. Notably, at lower and moderate wind
speeds, the quality of accepted WVCs exhibits similarities, while
the SE is able to identify a larger number of WVCs with poorer
quality compared to the other indicators. Moreover, under high
wind conditions, SE shows the highest sensitivity to wind quality,
which effectively discriminates low-quality WVCs from good-
quality ones.

The QC performance of the above three indicators over differ-
ent swath regions is further examined in Table 3. Compared to
SE, MLEm and MLE are generally both with less efficacy in dis-
cerning between good- and poor-quality WVCs over the entire
swaths. This is in line with the results of Section 3.1. More inter-

estingly, the VRMS score of the MLEm-rejected WVCs is larger
than that of the other two indicators at the sweet swath, while the
MLEm-accepted WVCs are of poorer quality than SE-accepted
ones. This is probably due to that the MLEm detects more rain
than SE at the sweet swath. Nonetheless, MLEm is generally bet-
ter than MLE for the wind QC purpose, similar to the previous
studies on the other Ku-band scatterometers (Lang et al., 2022;
Lin and Portabella, 2017).

4  Discussions

4.1  CSCAT-GPM Analysis
Since rainfall is the primary factor influencing the quality of

Ku-band scatterometer winds, the effectiveness of quality indic-
ators in identifying rainy WVCs is often employed as an addition-
al evaluation approach. Figure 4 illustrates the percentage of
rain-contaminated measurements (with rain rate above 1 mm/h)
as a function of scatterometer-derived wind speed and the sorted
percentiles by the three quality indicators. The rejection rate of
WVCs as a function of wind speed is depicted by the black dashed
line in the plots, which is the same for all three QC indicators. It is
noteworthy that MLE and MLEm are sorted in descending order,
while SE is sorted in ascending order, such that the left side of x-
axes always indicate poor-quality wind measurements. The ob-
jective rejection rate (black dashed curve) aligns well with the
contour lines at moderate wind speeds. While at high wind
speeds, the objective rejection rate does not show good agree-
ment with the rain contour lines. Regarding that the main pur-
pose of this paper is to find a suitable method for the CSCAT
wind QC rather than for the rain detection, the objective rejec-
tion rate is not adapted to align with the rain contours under high
wind conditions in this section. Nonetheless, MLE and MLEm

demonstrate good sensitivity to rainfall, such that they are able to
filter a higher percentage of rain-contaminated data than SE. The
area of rainy bins in Fig. 4c is significantly larger than that of the
other two indicators, which is in line with the results of Fig. 3.

 

Table 1.   VRMS difference between China-France Oceanography Satellite scatterometer and numerical weather prediction winds cat-
egorized by different quality control (QC) methods under different wind speed conditions

Wind speed/(m·s−1)
Statistical results over the QC accepted data/(m·s−1) Statistical results over the QC rejected data/(m·s−1)

MLE MLEm SE MLE MLEm SE

w ≤ 2 1.96 1.96 1.96 2.24 2.22 2.28
2 < w ≤ 14 1.92 1.91 1.90 3.54 3.60 3.74

w > 14 2.16 2.14 2.08 2.88 2.95 3.19

 

Table 2.   VRMS difference between China-France Oceanography Satellite scatterometer and buoy winds categorized by different
quality control (QC) methods in different wind speed bins

Wind speed/(m·s−1)
Statistical results over the QC accepted data/(m·s−1) Statistical results over the QC rejected data/(m·s−1)

MLE MLEm SE MLE MLEm SE

w ≤ 2 2.26 2.25 2.23 4.84 4.54 5.71
2 < w ≤ 14 2.56 2.54 2.50 5.49 5.47 5.92

w > 14 5.37 4.87 4.64 6.51 7.40 7.62

 

Table 3.   VRMS difference between China-France Oceanography Satellite scatterometer and buoy winds categorized by different
quality control (QC) methods for WVCs at different swath

Swath
Statistical results over the QC accepted data/(m·s−1) Statistical results over the QC rejected data/(m·s−1)

MLE MLEm SE MLE MLEm SE

Nadir region 2.81 2.87 2.71 4.72 5.31 5.83

Sweet region 2.62 2.73 2.56 5.41 5.85 5.73

Outer swath 2.98 3.11 2.88 5.81 5.79 6.19
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Table 4 presents the percentage of rainy WVCs in the rejected
data for the three indicators at various WVC positions, including
statistical scores for rain rates above 0 mm/h and 1 mm/h. Not-
ably, MLEm demonstrates the best capability to monitor rainy
wind cells over the entire observation swaths, particularly in the
sweet region. Since MLEm also rejects the worst quality WVCs
w.r.t. buoy winds at the sweet swath, it can be concluded that the
MLEm QC is more robust than SE and MLE at this specific loca-
tion. Note also that the values in Table 4 are smaller than those of
pencil-beam scatterometers (Lang et al., 2022), indicating that
CSCAT is less sensitive to rainfall compared to other Ku-band
scatterometers, probably due to its innovative observation mech-
anism. Overall, SE and MLEm both improve the CSCAT wind QC
compared to the operational MLE-based QC, and MLEm can be
also used to identify a larger amount of rainfall at the sweet
swath.

Table 5 further evaluates the sensitivity of the three QC indic-
ators to rainfall under different wind speed conditions. The ana-
lysis reveals that SE can identify more rain data than MLE and
MLEm at both low and high wind speeds, whereas MLEm detects

the most amount of rain-contaminated data at moderate wind
speeds. This is due to that the rain-induced wind variability is
most likely to associate with low and high wind conditions as a
result, SE tends to detect more rainfall than the other indicators
by actually identifying more variable sea surface winds. Tables 6
and 7 show the percentages of rain-contaminated data at differ-
ent swaths and wind speed bins, respectively. The results are
consistent with the above analysis, and it is noteworthy that all
QC techniques detect a lower proportion of rainy data than the
previous pencil-beam scatterometers. This implies that rainfall
might not have as much impact on the CSCAT as the pencil-
beam scatterometers (Zhao et al., 2022).

4.2  Typhoon case study
To visualize the QC effects, Fig. 5 depicts a scenario of Super

Typhoon Mindulle, together with several QC indicators at high
wind speeds. Here black arrows represent QC-accepted wind
vectors, while white arrows represent QC-rejected ones. The
pixel color corresponds to CSCAT wind speed, forming a compre-
hensive comparison under different wind speed conditions. It is
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Fig. 4.   Percentage of rain-contaminated data (GPM RR > 1 mm/h) as a function CSCAT wind speed and the sorted percentiles by
maximum likelihood estimator (MLE, a), averaged MLE (MLEm, b), and singularity exponents (SE, c). The black dashed curve indic-
ates the (objective) rejection ratio of the operational MLE-based quality control.

 

Table 4.   Percentage of rain contaminated data (with GPM RR > 0 mm/h or GPM RR >1 mm/h) for the quality control (QC)-rejected
data by different quality indicators over the three swath regions

Swath
Percentage of GPM RR > 0 mm/h over the QC rejected data/% Percentage of GPM RR > 1 mm/h over the QC rejected data/%

MLE MLEm SE MLE MLEm SE

Nadir region 51.0 58.5 47.7 24.1 28.1 20.0

Sweet region 54.3 61.3 50.4 26.1 29.8 22.4

Outer swath 48.9 55.2 53.0 23.4 26.8 25.0

 

Table 5.   Percentage of rain contaminated data (with GPM RR > 0 mm/h or GPM RR >1 mm/h) over the quality control (QC)-rejected
data by different QC indicators in different wind speed bins

Wind speed/
(m·s−1)

Percentage of GPM RR > 0 mm/h over the QC rejected data/% Percentage of GPM RR > 1 mm/h over the QC rejected data/%

MLE MLEm SE MLE MLEm SE

w ≤ 2 8.5 23.3 31.5 1.2 4.7 5.8
2 < w ≤ 14 54.5 61.0 50.1 28.1 31.4 23.7

w > 14 52.3 53.3 57.7 17.7 18.7 21.1

 

Table 6.   Percentage of rain-contaminated data (with GPM RR > 0 mm/h or GPM RR > 1 mm/h) over the quality control-rejected
WVCs for different swaths

Swath
Percentage of GPM RR > 0 mm/h

over all rain contaminated data/%
Percentage of GPM RR > 1 mm/h

over all rain contaminated data/%
MLE MLEm SE MLE MLEm SE

Nadir region 17.1 19.0 16.1 8.1 9.1 6.7

Sweet region 18.6 20.3 17.3 8.9 9.9 7.7

Outer swath 16.8 18.3 18.2 8.0 8.9 8.6

  Mou Xiaoheng et al. Acta Oceanol. Sin., 2024, Vol. 43, No. 5, P. 100–109 105



observed that spiral rainbands often accompany the typhoon. In
case of high winds, both MLE and MLEm retain most of the
WVCs, whereas SE rejects a significant portion of data, most of
which are indeed with rainfall. Compared to the rain rate image
(Fig. 5d), the SE-rejected data also has more detailed features

than those rejected by MLE and MLEm. However, this also results
in an exclusion of a considerable amount of high wind speed
data, impeding the preservation of relevant typhoon information
for marine disaster monitoring. While in areas close to land, MLE
is susceptible to land-induced noise, leading to the elimination of

 

Table 7.   Percentage of rain contaminated data (with GPM RR > 0 mm/h or GPM RR > 1 mm/h) over the quality control-rejected wind
vector cells for different wind speed bins

Wind speed/(m·s−1)

Percentage of GPM RR > 0 mm/h
over all rain contaminated data/%

Percentage of GPM RR > 1 mm/h
over all rain contaminated data/%

MLE MLEm SE MLE MLEm SE

w ≤ 2 1.6 3.9 6.1 0.2 0.8 1.2
2 < w ≤ 14 17.7 19.9 16.6 9.1 10.2 7.8

w > 14 19.1 19.0 20.7 6.5 6.7 7.5
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Fig. 5.   CSCAT wind vectors superimposed on the map of wind speed (a–c) and the collocated GPM rain rate (d). White (black) arrows
indicate the winds rejected (accepted) by the maximum likelihood estimator -based quality control (a), the averaged MLE-based qual-
ity control (b), and the singularity exponents-based quality control (c).
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most coastal WVCs. In contrast, SE allows for the retention of
more coastal WVCs. Therefore, one needs to examine carefully
which quality indicators should be employed in practical applic-
ations in order to acquire the necessary wind data.

4.3  Verification
Following the above discussions, SE is more likely to identify

low-quality WVCs in the nadir region and the outer swath, it is
therefore chosen as the quality indicator for these two swath re-
gions. In addition, compared to both MLE and SE, MLEm tends to
improve the wind QC at the sweet swath, such that it is selected
as the optimal QC indicator for this region. Figure 6 illustrates the
results, including correlation coefficient (CC), bias, standard de-
viation (SD), and VRMS, of the newly proposed QC method, i.e.,
the combination of SE and MLEm, for CSCAT. For the sake of
comparison, the single-indicator-based QC results are also
shown in Fig. 6. It can be found that the MLEm-based method re-
jects a smaller number of WVCs, but this brings a larger standard
deviation of wind speed and direction, while the SE-based meth-
od retains a similar number of WVCs, and the data quality is im-
proved to some extent. Therefore, the proposed method com-

bines the features of MLEm and SE, and demonstrates a reduc-
tion in wind speed bias while retaining a larger number of WVCs.

5  Conclusions
The primary objective of this study is to investigate suitable

quality indicators for CSCAT, a Ku-band scatterometer with an
innovative rotation fan-beam mechanism. The goal is to retain as
many good-quality WVCs as possible, while discarding most of
the low-quality ones. The study compares the QC results of MLE,
MLEm, and SE under various wind speed and WVC location con-
ditions. The sensitivity of QC indicators to wind quality is mainly
evaluated by comparing the VRMS differences between scattero-
meter and buoy winds. To mitigate the effect of data amount in
the comparison, an identical rejection rate as a function of wind
speed is applied to each quality indicator. SE has proved to be ef-
fective in discerning wind data quality over all wind speed bins
and at the nadir region and the outer swath. Regarding the cap-
ability of different indicators for rain identification, it is found
that MLEm performs better than MLE and SE under medium
wind speeds, while SE identifies the largest amount of rainy
WVCs under low and high winds, probably due to that rain-in-
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Fig. 6.   　
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duced wind variability is most likely to associate with low and
high winds. Notably, MLEm shows the best sensitivity to rainfall
regardless of the WVC location, possibly due to that most of the
data are indeed collected at moderate wind speeds. Con-
sequently, a QC method based on the combination of SE and
MLEm is proposed for CSCAT, that is SE is employed at the nadir
region and outer swath, while MLEm is utilized at the sweet re-
gion. The exploration of QC rejection rates for different CSCAT
wind speeds will be done in our future research, aiming to fur-
ther improve the quality of CSCAT winds.
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