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ASCAT Wind Quality Control Near Rain
Wenming Lin, Marcos Portabella, Ad Stoffelen, Anton Verhoef, and Antonio Turiel

Abstract—In this paper, anomalous spatial gradients are in-
vestigated by an image processing method, known as singularity
analysis, which is proposed to complement the current Advanced
Scatterometer (ASCAT) quality control (QC) by using the sin-
gularity exponent (SE). The quality of ASCAT winds is known
to be generally degraded, with increasing values of the inversion
residual or maximum-likelihood estimator (MLE). In the current
ASCAT Wind Data Processor (AWDP), an MLE-based QC is
adopted to filter poor-quality winds, which has proven to be
effective in screening artifacts in the ASCAT winds, associated
with increased subcell wind variability and other phenomena such
as confused sea state. However, some poorly verifying winds, which
appear in areas with moist convection, are not screened by the
operational QC. The extension of the QC procedure with SEs is in-
vestigated, based on a comprehensive analysis of quality-sensitive
parameters, using the European Centre for Medium-range
Weather Forecasts (ECMWF) model winds, the Tropical Rainfall
Measuring Mission’s (TRMM) Microwave Imager (TMI) rain
data, and tropical buoy wind and precipitation data as reference,
taking into account their spatial and temporal representation.
The validation results show that the proposed method indeed
effectively removes ASCAT winds in spatially variable conditions.
It filters three times as many wind vectors as the operational QC,
while preserving verification statistics with local buoys. We find
that not the rain itself, but the extreme local wind variability
associated with rain appears to generally decrease the consistency
between ASCAT, buoy, and ECMWF winds.

Index Terms—Quality control (QC), rain, scatterometer, singu-
larity analysis (SA), wind, wind variability.

I. INTRODUCTION

S PACEBORNE scatterometers are known to provide
accurate mesoscale 10-m equivalent-neutral wind speed

and direction. The wind field inferred from scatterometer
measurements is used in a variety of applications, including
Numerical Weather Prediction (NWP), nowcasting, climate,
and air–sea interaction modeling. The wind retrieval procedure
is carried out by inverting the nonlinear relationship between
the averaged radar backscatter cross-sections (σ0) and the
mean sea-surface wind vector in a Wind Vector Cell (WVC).
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However, geophysical phenomena other than WVC-mean wind,
such as rain, sub-WVC wind variability, confused sea state, and
land/ice contamination within the radar footprint, may also sig-
nificantly contribute to the backscatter signal measured by scat-
terometers and, in turn, distort the mean wind-induced signal,
leading to poor-quality retrieved winds. Elimination of poor-
quality winds and assessing their effect is the prerequisite for
using scatterometer data in the already mentioned applications.

Over the last decade, broad studies have sought to better
understand the physics of poor-quality scatterometer winds.
Particularly, various methods have been developed to ad-
dress the rain effects on Ku-band scatterometer systems, as
categorized by the following three methodologies: filtering
rain-contaminated WVCs [1]–[3]; correcting the rain-induced
backscatter contribution before wind retrieval by assessing the
rain effects on scatterometer backscatter measurements [4], [5];
and modeling both wind- and rain-induced backscatter, with the
objective of retrieving wind and rain parameters simultaneously
[6], [7]. In case of the C-band ASCAT, an inversion residual or
maximum-likelihood estimator (MLE)-based approach is used
to flag the poor-quality wind [8]. Operationally, any WVC with
MLE > +18.6 is flagged as poor wind quality in the current
version of AWDP. Although this kind of quality control (QC)
has been proven to be effective in rejecting WVCs with poor
wind quality, many rain-contaminated measurements, which
validate poorly, are not rejected [9]. At low winds, rain may
cause enhanced spatial variability, and techniques using spa-
tial derivatives may be complementary in QC of rain cases.
Therefore, an image processing technique, known as singularity
analysis (SA), has been proposed as a complementary ASCAT
QC tool in [9].

SA provides quantitative information about the local regu-
larity or irregularity of an image. Preliminary results in [9]
and [10] show the potential of SA to detect not only existing
geophysical structures, characterized as singularity fronts, but
also any transition due to the presence of retrieval errors. More
recently, the SA method has been further developed for the
optimization of ASCAT rain identification [11]. It turns out
that SA is sensitive to increased inter-WVC wind variability at
very local scales (mostly within the nearest neighbor WVCs),
generally associated with rain events and frontal structures. Due
to the large spatial variability of rain, SA is proven to be more
effective than MLE, in terms of exploiting the rain signatures
present in ASCAT parameters, particularly for the lower rain
rate and low wind conditions, where the MLE is less sensitive
to these cases. As a result, SA detects rainy WVCs when the
MLE-based QC does not (mostly low rain rates), and MLE
detects rainy WVCs when SA does not (mostly high rain rates),
indicating that these two techniques are very complementary
for the purposes of both rain detection and QC.
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Using spatial derivatives is however potentially detrimental,
as steep wind gradients may be removed, while particularly
relevant for some applications. This poses a challenge in ver-
ification of the QC scheme as spatial and temporal representa-
tiveness are dominating the quality indexes. Moreover, where
rain is spatially erratic, it induces downbursts of wind on the
ocean surface with strong gust fronts, and as such, rain is
associated with enhanced wind variability. Wind verification of
a QC scheme by buoy data thus may be penalizing conditions
with such high wind variability, since the wind vector measured
at a buoy location is generally expected to differ much from
the scatterometer wind in case of high wind gradients. Equally,
[9] has shown that the European Centre for Medium-range
Weather Forecasts (ECMWF) winds show poor verification
in rainy areas and are thus a poor proxy for ASCAT wind
data quality. Another problem inherent in scatterometer wind
processing near steep gradients resides in the ambiguity re-
moval [12] [13], which is most challenging in variable wind
conditions.

In this paper, the SA is further adapted and tested for QC
purposes. A complementary approach using both singularity
exponent (SE) and MLE is proposed to improve the current
ASCAT QC. Section II introduces the different types of wind
and rain data sources used in this study. Section III identifies
and describes the quality-sensitive parameters, including MLE,
the measurement variability factor Kp, and the SE (SA output),
independently. A measure of ASCAT wind quality is presented
as a function of each mentioned parameter. Here, the mean
vector difference (MVD) between ASCAT and ECMWF winds
is used as a quality indicator. In Section IV, a complementary
QC approach using SE and MLE is first proposed to improve
the current ASCAT wind QC. This approach can be further
improved by analyzing its performance in separate wind speed
and Kp categories, leading to the development of a multidimen-
sional histogram (MUDH) technique. Section V evaluates the
performances of the proposed QC approaches (as introduced
in Section IV) using collocated ASCAT data and buoy winds,
taking account of the enhanced local spatial and temporal wind
variability of the QC cases. Finally, the conclusions can be
found in Section VI.

II. DATA

To study the quality of ASCAT derived winds and the per-
formance of the improved QC, two different collocation data
sets are examined, in which ECMWF and buoy winds are used
as reference, respectively. ECMWF does not well resolve the
wind field in the presence of rain [9]. Buoy data are generally
more reliable than ECMWF under rainy conditions, although
in case of increased wind variability the buoy wind is less
representative of an area mean wind such as that of ASCAT.
Therefore, in order to better verify the QC approaches, both
data sets should have collocated rain data, either satellite-
derived rain rate (RR) or in situ measured RR.

The first data set consists of 15 months (September 2008–
December 2009) of ASCAT 12.5-km level 2 (L2) data collo-
cated with the Tropical Rainfall Measuring Mission’s (TRMM)

Microwave Imager (TMI) rain data. The ASCAT data in Binary
Universal Format Representation (BUFR) are provided by the
European Organisation for the Exploitation of Meteorological
Satellites (EUMETSAT) Ocean and Sea Ice (OSI) Satellite
Application Facility (SAF). They already include ECMWF
winds, which are acquired by time and space interpolation
of three 3-hourly ECMWF forecast wind fields on a regular
0.5625◦ latitude/longitude grid to the ASCAT data acquisi-
tion location and time, respectively. The collocation criteria
for TMI rain data are less than 30 minutes distance in time
and 0.25◦ distance in space from the ASCAT measurements.
Generally, multiple WVCs are collocated with one rain mea-
surement of TMI. The total amount of collocations is about
27 million, with 24.6 million under rain-free conditions and
2.4 million under rainy conditions.

The second data set consists of three years (March 2009–
February 2012) of ASCAT 12.5-km L2 BUFR data collocated
with tropical moored buoy wind/precipitation data, over the
open ocean, and TMI RR data. Since not all the buoys are
equipped with a rain gauge, only part of the ASCAT–buoy
collocations has rain information. The total amount of collo-
cations in this data set is about 60 thousand, in which only
3600 contain rain information, either buoy RR parameter or
TMI RR data. Note that different rain parameters are only used
to identify whether a WVC is rain impacted or not, but not for
quantitative analysis. The studied buoys include the National
Oceanic Atmospheric Administration (NOAA) Tropical Ocean
Atmosphere (TAO) buoy arrays in the tropical Pacific, the Japan
Agency for Marine-Earth Science and Technology (JAMSTEC)
Triangle Trans-Ocean Buoy Network (TRITON) buoys in the
western Pacific, the Prediction and Research Moored Array in
the Atlantic (PIRATA), and the Research Moored Array for
African–Asian–Australian Monsoon Analysis and Prediction
(RAMA) at the tropical Indian Ocean. Note that the averaged
2-hourly buoy RR parameter is used in the following section,
which is computed from buoy rain gauge time series.

III. QUALITY-SENSITIVE PARAMETERS

This section describes three ASCAT quality-sensitive pa-
rameters, separately. The goal is to see general trends in data
quality. Buoy data are too scarce to show parameter sensitivity
to rain and data quality. Thus, the MVD value between ASCAT
and ECMWF winds is presented as a function of each param-
eter for different wind speed and rain conditions, in order to
better understand the sensitivity of each parameter to the wind
quality. Note that, although the ASCAT wind retrieval quality is
known to be somewhat degraded under large small-scale wind
variability and heavy rain conditions, Portabella et al. [9] show
that the ECMWF winds do not resolve at all such conditions.
As such, discrepancies between ASCAT and ECMWF can be
mainly attributed to the ECMWF model not representing the
local convective features. Wind speeds below 4 m/s are not
considered in this study, since low winds generally correspond
to high vector wind variability and poor wind direction skill,
which makes the analysis much more challenging, i.e., beyond
the scope of this paper.
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A. MLE

For ASCAT, the wind inversion is implemented by searching
for the minimum distance between the backscatter triplet and
the GMF in a transformed 3-D measurement space (namely
z-space), i.e., the following MLE function is minimized [14]:

MLE =
1

3

3∑

i=1

(zmi − zsi)
2 (1)

where zmi = (σ0
mi)

0.625 is the backscatter measurement of the
ith beam in z-space, and zsi = (σ0

si)
0.625 is the backscatter sim-

ulated through the GMF, i.e., CMOD5n [15], using the solution
wind vector as input. In general, the ASCAT backscatter triplets
are close to the GMF, corresponding to low inversion residuals
or MLE values. To account for noise, the expectation value of
the MLE is normalized to one [16]. Occasionally, a large incon-
sistency with the GMF is induced by geophysical conditions
that are not modeled by the GMF, such as increased local wind
variability, confused sea state, rain, or land/ice contamination,
resulting in large MLE values. Consequently, the MLE is a
good indicator of the retrieved wind quality in a WVC. An
MLE sign is defined in [8] to improve the MLE-based QC.
The sign works as follows: for a given across-track WVC
position, by varying wind speed and direction, sets of triple
(fore, mid, aft) backscatter measurements simulated through the
GMF construct a conical surface in the 3-D measurement space,
and hence, each point on the surface depends just on wind speed
and direction [14]; triplets located inside the cone surface, i.e.,
more isotropic than nominal (as depicted by the GMF), are
assigned with a positive MLE value, while those located outside
the cone are assigned with a negative MLE value. The MLE is
generally a proxy for WVC wind variability, where negative and
positive MLEs denote stable and unstable flows, respectively.
Excessive positive MLEs are generally found near (gust) fronts,
squall lines, and convective systems.

Fig. 1 shows the MVD value between ASCAT and ECMWF
winds as a function of MLE for different wind speed regions
at rain-free and rainy conditions, respectively. There is a clear
distinct behavior for MLE values, in terms of wind quality,
in both panels. Under rain-free conditions, ASCAT winds
retrieved from the triplets inside the cone [associated with
positive MLE values in Fig. 1(a)] increase rapidly in MVD
as the triplet’s distance to the GMF increases. However, for
the triplets outside the cone (associated with negative MLE
values), the wind vector difference is generally small regardless
of the triplet’s distance to the cone. In line with this, the current
MLE-based QC, which uses a threshold of +18.6, to filter poor-
quality WVCs works well for the measurements under rain-
free condition [8]. Under rainy conditions, ASCAT winds above
4 m/s have rapidly increasing MVD (w.r.t. ECMWF) as the
triplet’s distance to the cone increases, regardless of the triplet’s
location. The apparent quality degradation toward negative
MLE values is particularly sharp for the wind speed region
of [4–7) m/s. This may be understood from the fact that the
triplets are moved away from the cone surface due to stable flow
(negative MLE), which will, in rainy areas, be associated with
relatively dry air descending from the rain clouds and spreading

Fig. 1. MVD between ASCAT and ECMWF winds as a function of MLE for
(a) TMI rain-free collocated WVCs and (b) TMI rain-contaminated WVCs. The
MLE binning is set to be 1. In case that the number of collocations in a studied
bin is less than 100, the bin is merged with its closest bin.

over the ocean (convective downbursts), which process is not
resolved by the ECMWF model, thus leading to large vector
differences.

The vector differences of the current MLE-based QC are
summarized in Table I. As discussed in [8], on the one hand,
large positive MLE values correspond to increased sub-WVC
variability and, in turn, somewhat degraded ASCAT-retrieved
wind quality; on the other hand (and as already discussed),
increased small-scale wind variability is not resolved at all by
ECMWF. MVD scores are consequently high. Therefore, the
table mainly indicates the degraded quality in ECMWF winds,
in case of ASCAT QC. The total scores of the operational QC
are presented in the last row of Table I. Regarding that ∼10%
of the collocations are with RR > 0 mm/h, it is evaluated that
more than two thirds of QC-ed WVCs are in convective areas
with rain. In particular, more than 90% of QC-ed WVCs are
in variable wind conditions near rain, for the cases with wind
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TABLE I
PERCENTAGE AND MVD (M/S) BETWEEN ASCAT AND ECMWF WINDS FOR QC-ACCEPTED AND QC-REJECTED

DATA FOR DIFFERENT WIND SPEED REGIONS AND RAIN CONDITIONS USING MLE-BASED (MLE-ONLY) QC

speeds ≥ 7 m/s, indicating that convection is the main factor in
complicating ASCAT wind verification under these high wind
conditions in the tropics.

B. SE

The SE h(x) depicts the degree of local regularity (spatial
gradient) around a given point x for a given scalar signal s. It
can be evaluated according to the following function [17], [18]:

1

r
|s(x+ r)− s(x)| = α(x)rh(x) + o

(
rh(x)

)
(2)

where α(x) is a dimensional and signal-dependent amplitude
factor, and the factor o(rh(x)) means a quantity that decreases
to zero faster than rh(x) when r goes to 0. The left part of (1) is
the gradient estimated at the radius r. Therefore, the SE roughly
behaves as

h(x) ∼ log |∇s|(x)
log r

. (3)

The numerical implementation of the aforementioned function
is described in [19]. Negative SE values correspond to less
regular behavior of the function, while positive SE values
indicate a more regular behavior. The SA algorithm has been
adapted and optimized for the application on ASCAT data in
[11]. At each WVC, the minimum SE value from the wind
speed, wind direction, and MLE SEs is used to generate the
singularity map.

Since the MLE is generally a proxy for sub-WVC wind
variability where large positive MLEs are generally found near
(gust) fronts, squall lines, and convective systems, one might
expect that the MLE and SE values are inversely proportional
and thus redundant. However, note that the MLE is a local
measure, whereas SE is based on spatial derivatives between
WVCs and therefore may indeed be complementary to MLE
values.

Fig. 2 shows the MVD value between ASCAT and ECMWF
winds as a function of the SE value derived from [11]. ECMWF
winds are less representative of ASCAT winds as the SE value
decreases, which is in line with the general smoothness of
the ECMWF model near convection [9]. The apparent quality
degradation rate is larger at high wind speeds than that at low
wind speeds, as the former implies deeper convection. Another
interesting result is that WVCs flagged by MLE-based filter and
WVCs flagged by SE-based filter with a threshold of −0.45 do
generally not coincide (45% of the operationally QC-ed WVCs
are with SE < −0.45; while 32% of the WVCs, which corre-

Fig. 2. Vector difference between ASCAT and ECMWF winds as a function
of SE (bins of 0.05) for (a) TMI rain-free collocated WVCs and (b) TMI rain-
contaminated WVCs.

spond to SE < −0.45, are with MLE > +18.6), indicating that
SE is potentially very complementary to the operational MLE-
based QC. In Section IV, SE is further used to complement
the current MLE-based QC. Then, a more comprehensive study
using SE, MLE, Kp, and wind speed is developed to refine the
complementary QC approach.
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C. Measurement Variability Factor (Kp)

The variability of ASCAT backscatter σ0, namely Kp, is
defined as the normalized standard deviation (SD) of the
measurements, i.e.,

Kp =

√
var(σ0)

σ0
(4)

where σ0 is the mean backscatter of a beam in a WVC, and
var(σ0) is its estimated variance. The Kp value can be regarded
as a measure of the error in the mean backscatter caused
by speckle noise, instrument characteristics, data processing,
and spatial heterogeneities of the target [20], such as wind
variability.

Similar to Fig. 1, the behavior of Kp, in terms of wind
MVD, is shown in Fig. 3 for rain-free and rainy conditions
separately, in which the horizontal axis indicates the mean Kp

value of the fore and aft beams. As expected, the MVD value
generally increases as the measurement error increases. The
apparent wind quality degradation rate in Fig. 3 is smaller than
that in Fig. 1, except for wind speeds ≥ 10 m/s under rain
conditions. This indicates that Kp may be helpful to detect
spatially variable weather conditions. In Section IV-B, Kp is
adopted by the MUDH QC algorithm to improve the rejecting
of poor-quality winds.

IV. IMPROVED QC

Although the vector difference between ASCAT and
ECMWF is not necessarily a good indication of ASCAT quality,
it does indicate extreme wind variability and convection, where
SE (as MLE) may be effective in detecting unrepresentative
ASCAT winds, and it is therefore used below. This section
presents two approaches to improve the single parameter
(MLE)-based QC. The first one is based on a combination of
the SE and the MLE. The second methodology uses all the men-
tioned quality-sensitive parameters in Section III (including SE,
MLE, Kp, and wind speed) to develop a MUDH QC flag. The
idea behind these two approaches is as follows: the MVD value
between ASCAT and ECMWF winds is estimated in a 2-D
(first approach) or 4-D (second approach) space. Then, a flag
table is derived, by setting the 2-D or 4-D bins whose MVD is
higher than the threshold TMVD to be flagged and setting the
bins whose MVD is lower than TMVD to be unflagged. Note
that we do not intend to perform QC for WVCs with MLE
values less than +18.6 and SE values larger than −0.2. Due
to the lack of data in certain bins, the corresponding MVD
values may be extremely high or low, leading to isolated flag
bins in the table. A neighbor filtering is then applied to the
flag table. If the number of data in a certain bin is higher
than 50, its corresponding flag value is kept. Otherwise, if the
MVD value of this bin is above the threshold value TMVD,
the bin is initially set as QC flagged. Then, the number of
adjacent bins within a 3× 3 box, which are set to filter data,
is accounted for. If more than half of the adjacent bins are
set as QC flagged, we consider it to be sufficient evidence for
rejecting winds associated with this bin, or else we leave the flag
unset for this bin. Finally, the processor simply uses the derived

Fig. 3. Vector difference between ASCAT and ECMWF winds as a function
of Kp (bins of 1%) for (a) TMI rain-free collocated WVCs and (b) TMI rain-
contaminated WVCs.

quality-sensitive parameters, converts them into table indexes,
and checks for the corresponding bin value in the flag table.
The flag tables are further validated using collocated ASCAT
and buoy data in Section V.

A. Combined SE/MLE Analysis

As introduced in [11] and mentioned earlier, SE is comple-
mentary to MLE in terms of QC. Fig. 4(a) shows the MVD
value as a function of SE and MLE for wind speeds above 4 m/s.
The white areas are due to the lack of data in the corresponding
bins, in which the number of collocations is less than five. It is
consistent with the established fact that ASCAT wind quality
generally decreases as the MLE value increases, and it shows
increased MVD as the SE value decreases. Large MVD values
occur for a set of ASCAT winds derived from triplets that are
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Fig. 4. (a) Vector difference between ASCAT and ECMWF winds as a
function of SE and MLE. The blank area is due to the lack of data in the
corresponding bins. The grayscale corresponds to different MVD values (see
the legend). (b) Simple QC flag table derived from Fig. 4(a). The dark gray
corresponds to the bins set for filtering (QC-rejection criterion); the light gray
corresponds to the bins unset for filtering (QC-acceptance criterion).

close to the GMF cone surface (low absolute MLE value and
low SE value) that are now detected by the combined analysis,
but which have not been examined before.

A threshold of TMVD = 4.5 m/s is used to produce the
flag table [see Fig. 4(b)]. To inherit the current QC, WVCs
with MLE above +18.6 are always rejected. The dark gray
corresponds to the bins set for filtering (QC-rejection criterion),
while the light gray corresponds to the bins unset for filtering
(QC-acceptance criterion). A verification of this QC approach is
summarized in Table II. When compared with the MLE-based
QC statistics in Table I, it is clear that, in general, the new
algorithm is rejecting more points than the MLE-based QC. By
construction, the MVD scores for rejected data are comparable
in both algorithms, since MVD values will be large for low SE
mainly due to the large spatial representativeness error of the

ECMWF winds near convection. Therefore, the new algorithm
rejects many more winds near rain at low and moderate wind
speed (v < 10 m/s) categories. For wind speeds below 10 m/s,
the MVD scores of rejected WVCs are slightly lower than those
rejected by the MLE-based QC, while for wind speeds above
10 m/s, the MVD scores are higher.

The rain impact on MVD wind difference can also be un-
derstood using the combined SE/MLE analysis. Fig. 5 shows
the mean TMI RR as a function of SE and MLE value. Similar
to the vector difference between ASCAT and ECMWF winds,
the mean TMI RR increases as the triplet’s distance to the cone
surface increases and the SE value decreases, indicating that
more rain is present for both high sub-WVC variability (MLE)
and high inter-WVC variability (low SE). Hence, high rain rates
associate well with small SE values and large MLE values.

One should also note that the distribution of large mean
TMI RR does not align exactly with the MVD score in Fig. 4.
The MVD values in Fig. 4 are most likely due to the local
increase of wind variability, which is mostly associated with
rain events. However, as already mentioned, ECMWF does not
well resolve the ocean wind field under rainy conditions. As
such, other independent and reliable wind sources, such as buoy
winds, should be used to assess the ASCAT wind quality in the
presence of rain (see Section V).

B. MUDH Technique

To refine the QC approach introduced in Section IV-A, an
extended analysis is presented here by also taking the measure-
ment variability (Kp) and wind speed parameters into account,
leading to the development of the MUDH technique. MUDH
was first developed in the context of scatterometry to flag rain
contamination for SeaWinds on QuikSCAT [2]. It identifies
parameters that are sensitive to rain, estimates the probability
of rain as a function of them using a training data set, and
then uses the rain probability to flag for rain. MUDH is adapted
here to improve ASCAT QC. As such, the MVD value between
ASCAT and ECMWF winds, instead of the rain probability, is
estimated during the development of MUDH for ASCAT. Then,
a MVD threshold introduced before is used to flag data.

Fig. 6 illustrates the ASCAT MVD scores as a function of
SE and MLE for the categories of moderate wind speed/small
Kp value, moderate wind speed/large Kp value, high wind
speed/small Kp value, and high wind speed/large Kp value,
respectively. The white areas are due to the lack of data in the
corresponding bins (number of data < 5). The behavior of SE
and MLE, in terms of wind vector difference, clearly varies with
Kp and wind speed. On the one hand, the causes for increased
MVD scores are different for each category. For instance,
convection is the main cause of apparent quality degradation
for the category of high wind speed and large Kp value, in
which the mean rain rate is generally higher than 3 mm/h
(not shown) over all the SE/MLE bins, and thus, more con-
vective activity is present. Since the winds are high, the large
MVD value is likely due to large ECMWF errors and sub-WVC
wind variability effects on ASCAT-retrieved quality. The large
MVD distributions in Fig. 6(b) and (c) are also associated with
relatively high mean TMI RR (not shown). However, the mean
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TABLE II
PERCENTAGE AND MEAN MVD VALUE BETWEEN ASCAT AND ECMWF WINDS FOR QC-ACCEPTED

AND QC-REJECTED WVCS USING THE COMBINED SE/MLE FLAG TABLE IN FIG. 4

Fig. 5. Mean TMI RR as a function of SE and MLE. Only the collocations
with wind speeds above 4 m/s are used.

TMI RR is really low for the category of low wind speed and
small Kp value [less than 0.5 mm/h for all the SE/MLE bins,
except for those bins in the left lower corner of Fig. 6(a)]. In
addition, here, the elevated MVD scores may be caused by
increased local wind variability. On the other hand, the rain
splash produces different effects on MLE for different wind
speed conditions. Apparent poor-quality winds induced by rain
are generally associated with low negative MLE values under
low wind speeds [see the lower left corner of Fig. 6(b)] and
associated with only small effects at high wind speeds.

To implement the MUDH QC approach, the binning of MLE
and SE is set according to the axis labels of Fig. 6. The wind
speeds are roughly separated into three categories, i.e., 4 ≤ v <
7 m/s; 7 ≤ v < 10 m/s; and v ≥ 10 m/s. The Kp (mean value
of the fore—and aft-beams) bins are set as follows: Kp < 3%,
Kp ≥ 15%, and bins of 2% for Kp in the range [3% 15%).
Since the MVD scores depend on wind speed, a set of thresh-
olds TMVD = 4.0, 4.4, and 6.2 m/s are used for the wind speed
categories 4 ≤ v < 7 m/s, 7 ≤ v < 10 m/s, and v ≥ 10 m/s,
respectively, in order to produce the multidimensional QC flag
table and account for the variable ECMWF errors. A verifica-
tion of the MUDH technique on ASCAT QC is summarized
in Table III, which can be compared to that of the MLE-based
QC (see Table I) and the SE/MLE QC (see Table II). It shows
that the MUDH technique rejects nearly three times as many
WVCs as the MLE-based QC and 50% more than the SE/MLE

QC, while the MVD value of the rejected WVCs is similar
for the three QC techniques. Similar conclusions can be drawn
when splitting the analysis into different wind speed categories.
Moreover, MUDH rejects many more ASCAT measurements
in variable wind areas with rain, particularly for wind speeds
below 7 m/s.

V. VALIDATION RESULTS

A. Validation With 10-min Buoy Wind Measurements

As discussed in Section IV, in [9], Portabella et al. show
that ECMWF does not well resolve the rain-induced wind flow
and, as such, is not a reliable wind reference for assessing the
ASCAT QC in the presence of convection. To better assess the
performance of the proposed complementary QC algorithms,
an independent wind source, such as buoy data, is required.
However, since the number of ASCAT–buoy collocations (par-
ticularly those with rain information) is much smaller than that
of ASCAT–TMI collocations, it is not possible to make an as
thorough analysis as in Section IV. Consequently, a set of larger
MLE bins is used here.

Fig. 7(a) shows the MVD value between ASCAT and buoy
(solid), ASCAT and ECMWF (dashed), for the collocations of
the second data set (ASCAT–ECMWF–Buoy), as introduced in
Section II. It confirms that WVCs with the most negative SEs
are in areas with large wind variability, as expected. The dash-
dotted line associated to the right y-axis shows the percentage
of rainy collocations with RR ≥ 3 mm/h. As before, high
probability of rain is found for the most negative SEs indicating
high WVC variability. In general, the reduced correspondence
of buoy, ASCAT, and ECMWF winds with decreasing SE
values is further confirmed. Fig. 7(b) presents the MVD value
between ASCAT and buoy winds as a function of SE and MLE.
It shows a similar pattern to that in Fig. 4(a), which again
indicates that SE and MLE parameters are complementary in
terms of QC.

Table IV presents the QC results of the collocated
ASCAT–buoy data set using the three mentioned methods, i.e.,
the current MLE-based QC (threshold of +18.6), the com-
bined SE/MLE analysis, and the MUDH technique. Regarding
the complementary QC approaches, the flag tables derived in
Section IV (using collocated ASCAT–ECMWF–TMI data set)
are used to filter the data set with collocated ASCAT–buoy
measurements. Buoy winds are adopted as reference in the
statistics.

The percentage of QC-rejected WVCs in the second data
set is similar to those presented in Tables I–III. The simple
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Fig. 6. Vector difference between ASCAT and ECMWF winds as a function of SE and MLE for (a) moderate wind speeds (4 ≤ v < 7 m/s) and small Kp

values (Kp < 4%); (b) moderate wind speeds (4 ≤ v < 7 m/s) and large Kp values (Kp > 7%); (c) high wind speeds (v > 10 m/s) and small Kp values
(Kp < 4%); and (d) high wind speeds (v > 10 m/s) and large Kp values (Kp > 7%). The gray scale indicates the MVD values (see the legend); the blank area
is due to the lack of data in the corresponding bins.

TABLE III
PERCENTAGE AND MVD VALUE BETWEEN ASCAT AND ECMWF WINDS FOR QC-ACCEPTED

AND QC-REJECTED DATA USING THE MUDH ALGORITHM

combination of SE and MLE rejects twice as many WVCs as
the MLE-based method, while the MUDH algorithm rejects
three times more data. In contrast with the MVD scores of the
QC-ed WVCs in Tables I–III, the rejected WVCs with the new
approaches have a higher MVD score (see the upper row in each
wind speed category) than those rejected by the MLE-based

method, indicating that the algorithms proposed in Section IV
are very effective in rejecting spatially variable winds over all
of the wind speed regions.

The verification of the MUDH algorithm on the 3000
ASCAT–buoy–ECMWF collocations with rain information is
presented in Table V. The conclusion is the same as per
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Fig. 7. (a) Vector difference between ASCAT and buoy winds (thin solid);
ASCAT and ECMWF winds (dashed); the dash-dotted line shows the per-
centage of rain-contaminated WVCs (TMI RR or averaged 2-hourly buoy
RR ≥ 3 mm/h) in each bin for the 3000 ASCAT–buoy collocations with rain
information. (b) MVD value between ASCAT and buoy winds as a function of
SE and MLE.

Table III, i.e., the rejected rain-free ASCAT winds compare
worse to buoys than the nonrejected rain-contaminated winds.
It proves that the MUDH algorithm is effective in detecting
WVCs with enhanced variability in both rainy and rain-free
conditions.

B. Validation With 25-km-Equivalent Buoy Winds

The 10-min buoy wind point measurement is not representa-
tive of the scatterometer 25-km area-mean measurement in case
of large sub-WVC wind variability, which usually corresponds
to quality-controlled ASCAT retrieved winds. However, buoy
wind time series can be used to estimate 25-km equivalent
WVC winds. That is, 10-min continuous buoy wind series
are averaged to 25-km-equivalent scale and used as reference

in the validation. The mean wind direction is computed as
follows:

ϕ = arctan

(
−u

−v

)
(5)

where the mean wind components are calculated using the
following equations:

{
u = 1

M

∑M
i=1 −wi sin(ϕi)

v = 1
M

∑M
i=1 −wi cos(ϕi)

(6)

where M is the number of 10-min buoy measurements, which is
determined by expanding the 10-min-equivalent distance vector
in the adjacent time bins (centered on the ASCAT measurement
time), until the length of the distance vector reaches the WVC
size. The minimum value M is set to be 5 (i.e., buoy time
series averages within ±20 min of the ASCAT measurement
time). wi and ϕi represent the wind speed and direction of the
ith measurement, respectively. The mean wind speed can be
derived using either

w̄ =
√

ū2 + v̄2 (7)

w̄ =
1

M

M∑

i=1

wi. (8)

In the presence of large sub-WVC wind variability conditions,
the mean wind speed estimated by (7) is usually lower than
that estimated by (8). The latter is more representative of
the scatterometer measurements since it well correlates with
the integrated sea-surface roughness within the WVC. For
example, highly variable winds, i.e., blowing at very different
and opposed wind directions, lead to very low mean wind
speed according to (7) (average of the wind components) and
relatively higher mean wind speed according to (8) (average
of the wind speeds). The scatterometer receives energy from
the different sea-surface wind/roughness contributors within the
WVC and, as such, well correlates with (8). In this paper, the
mean buoy wind speed is therefore calculated using (8).

In Table VI, the mean SDs of the continuous buoy wind
components are presented for the operational QC-ed WVCs,
SE/MLE QC-ed WVCs, MUDH QC-ed WVCs, and for WVCs
with |MLE| < 0.5 and SE > 0. It shows that the proposed
QC methods are rejecting WVCs with similar high sub-WVC
wind variability than those rejected by the MLE-based QC.
High inter-WVC variability generally implies high sub-WVC
variability and vice versa, such that SE and MLE both detect
(extremely) high wind variability cases. However, the SE and
MLE thresholds imply different tradeoffs between detection
probability and false alarm rate, i.e., a fraction of the high wind
variability cases is detected by SE but not by MLE and vice
versa. As expected, the rejected WVCs by the different QC
approaches have much higher local wind variability than those
with |MLE| < 0.5 and SE > 0 (last row), further confirming
that combining MLE and SE results in a good wind variability
indicator.

Table VII presents the same MVD scores than the last
row of Table IV, but using the 25-km-equivalent buoy winds
instead of the 10-min buoy winds as reference. The MVD
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TABLE IV
VECTOR DIFFERENCE BETWEEN ASCAT AND BUOY WINDS FOR THREE DIFFERENT QC METHODS

TABLE V
VECTOR DIFFERENCE BETWEEN ASCAT AND BUOY WINDS FOR QC-ACCEPTED AND QC-REJECTED

DATA USING THE MUDH ALGORITHM UNDER DIFFERENT RAIN CONDITIONS

TABLE VI
MEAN SD VALUES OF THE CONTINUOUS BUOY WIND COMPONENTS FOR DIFFERENT CATEGORIES

TABLE VII
VECTOR DIFFERENCE BETWEEN ASCAT AND 25-km-EQUIVALENT BUOY WINDS FOR THREE DIFFERENT QC METHODS

scores are smaller in Table VII than in Table IV (last row),
indicating that the 25-km-equivalent buoy winds are indeed
more representative of ASCAT winds than the 10-min buoy
wind point measurements, notably in high wind variability
conditions (i.e., the rejected WVCs). In [21], Vogelzang et al.
estimated the quality of ASCAT and 10-min buoy winds on
the scatterometer scale and found that the buoy error variance
contribution to the vector difference variance is 72% while the
ASCAT 12.5-km contribution is only 28% for the accepted
WVCs, i.e., scatterometer winds are, in general, of much higher
quality than buoy point-measurement winds at scatterometer
scales. The time averaging presented here reduces the variance
of the ASCAT and buoy vector difference around 15.2% and
15.8% for accepted and rejected WVCs, respectively. Follow-
ing [20], this would imply that the time-averaged buoy error
and the ASCAT 12.5-km contribution would be respectively
67% and 33% for accepted WVCs, i.e., scatterometer winds
are, in general, of more similar quality to that of time-averaged
buoy winds at scatterometer scales. Temporally averaged buoy
winds thus do clearly better represent 25-km spatially averaged
winds. Since the time averaging reduces both the rejected
and accepted WVC variances in similar amounts, also for the
rejected cases the wind variances appear rather scalable and
wind errors appear mainly due to enhanced wind variability
rather than rain contamination and other effects associated with
convection. In other words, the MVD scores are dominated
by wind representativeness errors, which explains the large

vector differences between accepted and rejected WVCs. As
such, all wind measurements (ASCAT, buoys, and ECMWF)
are expected to be of lower quality for rejected cases than the
equivalent qualities for accepted WVCs.

C. Test Case

Fig. 8(a) shows an ASCAT wind field with TMI RR values
superimposed. The operational QC rejects some WVCs under
heavy rain (see the gray arrows around 6.0◦ N and 177.5◦ E),
but which appear quite consistent spatially. Many other WVCs
with more or less rain are not rejected, but which are more
erratic. As presented in [9], a more constrained MLE thresh-
old may not be effective in rejecting the wind artifacts. For
example, at the position denoted by a triangle (where TMI
RR = 8.9 mm/h), the ASCAT wind inversion residual is rel-
atively low (MLE = −5.5) and the retrieved wind speed and
direction are 5.51 m/s and 15.3◦, respectively. While the col-
located buoy measurement shows a wind speed = 3.4 m/s, and
wind direction = 280◦ (the temporally averaged buoy wind and
direction are 4.1 m/s and 265.5◦, respectively), indicating that
the ASCAT-retrieved wind is not representative of the buoy
wind over there. Fig. 8(b) illustrates the time series of 10-min
buoy winds (see the solid line with triangle markers) as com-
pared to the ASCAT measurement (see the square marker,
first-rank/selected solution; and the circle marker, second-rank
solution) for this particular ASCAT–buoy collocation.
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Fig. 8. (a) ASCAT wind observed on December 15, 2009, at 21:17 UTC,
with collocated TMI RR superimposed (see the legend). The black arrows
correspond to QC-accepted WVCs, and the gray arrows correspond to QC-
rejected WVCs. The buoy measurements (denoted by the triangle) were
acquired at 21 : 20± 2 hours UTC, as shown in the polar coordinate plot
(b). The square marker indicates the ASCAT first-rank solution, which is also
the selected solution; the circle marker shows the ASCAT second-rank solution.

Fig. 9(a) and (b) illustrate the rejected winds (gray arrows)
using the QC methods that are presented in Section IV-A and B,
respectively. It is clear that the new methods reject more WVCs
than the operational QC in rainy regions and their vicinity, in
line with the increased wind variability denoted by SE. The
MUDH algorithm indeed filters more WVCs than the SE/MLE
(e.g., the areas around 2.9◦ N and 177.5◦ E, 6.2◦ N, and
180◦ E). The WVC at the position denoted by a triangle, which
corresponds to high wind variability, is also rejected by the
MUDH technique.

D. Discussion

Spatial and temporal wind representativeness are dominating
the quality indexes, therefore posing a challenge in verification
of the QC scheme. Moreover, where rain is spatially erratic, it

Fig. 9. Illustration of the rejected WVCs (gray arrows) using (a) the combined
SE/MLE analysis and (b) the MUDH technique. The gray ones correspond to
QC-rejected WVCs. The buoy measurements (denoted by the triangle) were
acquired at 21:00 UTC.

induces downbursts of wind on the ocean surface with strong
gust fronts, and as such, rain is associated with enhanced wind
variability. Wind verification of a QC scheme by buoy data thus
may be penalizing conditions with such high wind variability,
since the wind vector measured at a buoy location is generally
expected to differ much from the scatterometer wind in case of
high wind gradients.

The already discussed MVD scores after buoy temporal
averaging suggest that indeed buoy errors increase with wind
variability since a 1-D or 1-D (temporal) averaging becomes
less representative of a true 2-D WVC-mean wind (i.e., ide-
ally measurable by spatially averaging a set of buoys evenly
distributed over a 25-km WVC) as the subcell wind variability
increases, although more representative than a buoy point mea-
surement. However, to conclude on the actual contribution of
both ASCAT and buoy wind errors to the high MVD scores
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shown in Table VII (rejected category), further analysis is
required, e.g., triple collocation [21]. We may already note that
the quality of the rejected WVCs is not the same for the three
wind data sources. In particular, ECMWF winds are shown
in [9] to be of very poor quality under high wind variability
conditions.

Since the time averaging of buoy winds reduces both the
rejected and accepted variances in similar amounts, wind vari-
ances appear scalable and wind errors appear mainly due to
enhanced wind variability for the rejected cases, i.e., wind
representativeness errors dominate the vector differences be-
tween ASCAT and buoy winds. Therefore, all wind measures
(ASCAT, buoys, and ECMWF) are expected to be of lower
quality than the equivalent qualities in kept WVCs. While it
is clear that, at scatterometer scales, ECMWF wind errors are
high and buoy errors considerably increase under large subcell
wind variability, ASCAT errors remain unassessed.

VI. CONCLUSION

In this paper, the correlation between the ASCAT wind
quality and a few ASCAT-derived parameters, i.e., MLE, Kp,
and SE, has been investigated. The three parameters are indeed
well correlated with wind quality, which is dominated by wind
variability. In order to improve the rejection of poor-quality
ASCAT winds, two new algorithms are proposed, which com-
bine the MLE with other quality-sensitive parameters.

The combination of SE and MLE is first investigated. The
SE is proven to be a complementary parameter to MLE for
ASCAT QC purposes, particularly in finding large sub-WVC
variability cases under rainy conditions. This method has been
refined by taking the Kp and wind speed parameters into
account, leading to the development of the MUDH algorithm.
The multiparameter-based QC approaches are developed us-
ing ECMWF wind reference and validated using buoy wind
reference. The 10-min buoy validation results show that the
proposed SE/MLE and MUDH methods filter, respectively,
twice and three times as many WVCs than the current MLE-
based QC for ASCAT wind speeds above 4 m/s. In particular,
more data are rejected by the new methods near convection
(rain). The rejected WVCs compare as poor to buoys as those
screened by the operational MLE-based method.

A method to convert 10-min buoy wind data to 25-km-
equivalent winds is proposed and used for QC verification.
Temporally averaged buoy winds do clearly better represent
25-km spatially averaged winds. As already mentioned, the
ASCAT wind quality seems to be mainly associated with
large (sub-WVC) wind variability. Further work to quantify
independent ASCAT, buoy, and ECMWF wind errors (e.g.,
triple collocation analysis) needs to be carried out. In addition,
no evidence of a rain splashing signature and/or other effects
associated with convection (e.g., sea state) has been found
in this study. Future work will focus on determining whether
these effects do significantly contribute to ASCAT wind quality
degradation or not, notably at low winds.

Further analysis is required when applying the proposed
method on 25-km ASCAT products. Although the edge effects
of SA have been reduced by the description in [11], its perfor-

mance has not yet been examined specifically. Furthermore, fu-
ture work will also focus on analyzing the correlation between
singularity fronts and ASCAT backscatter measurements, in
particular which have not yet been adopted by the SA. For such
purpose, ASCAT level 1b full-resolution backscatter data will
be exploited, since at smaller footprints the rain splashing signal
(among other nonwind signals), being patchy and intermittent,
is expected to become more evident.

It is found that the proposed methods are effective in detect-
ing variable winds over all the wind speed and RR regimes.
Variable winds are a potential hazard in some applications,
such as data assimilation, and the methods developed here
may be useful for those applications. For other applications,
however, such as nowcasting and oceanography, it may be
relevant to keep the flagged WVCs since their winds provide
essential information on (highly variable) air–sea interaction
processes that cannot be captured by any other wind observing
system. Therefore, using MVD as a verification for QC schemes
appears flawed, for many wind applications, since cases with
large VD are among the most relevant ones. This sheds new
light on existing QC schemes for scatterometer and radiometer
winds in general.
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