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Abstract The assessment and validation of the quality of satellite scatterometer vector winds is challeng-
ing under increased subcell wind variability conditions, since reference wind sources such as buoy winds or
model output represent very different spatial scales from those resolved by scatterometers (i.e., increased
representativeness error). In this paper, moored buoy wind time series are used to assess the correlation
between subcell wind variability and several Advanced Scatterometer (ASCAT)-derived parameters, such as
the wind-inversion residual, the backscatter measurement variability factor, and the singularity exponents
derived from an image processing technique, called singularity analysis. It is proven that all three ASCAT
parameters are sensitive to the subcell wind variability and complementary in flagging the most variable
winds, which is useful for further application. A triple collocation (TC) analysis of ASCAT, buoy, and the
European Centre for Medium-range Weather Forecasting (ECMWF) model output is then performed to
assess the quality of each wind data source under different variability conditions. A novel approach is used
to compute the representativeness errors, a key ingredient for the TC analysis. The experimental results
show that the estimated errors of each wind source increase as the subcell wind variability increases. When
temporally averaged buoy winds are used instead of 10 min buoy winds, the TC analysis results in smaller
buoy wind errors (notably at increased wind variability conditions) while ASCAT and ECMWF errors do not
significantly change, further validating the proposed TC approach. It is concluded that at 25 km resolution,
ASCAT provides the best quality winds in general.

1. Introduction

Scatterometer wind vectors are conventionally validated using collocated in situ observations (e.g., buoy)
and numerical weather predictions (NWP) winds, such as from the European Centre for Medium range
Weather Forecasting (ECMWF) [Stoffelen, 1998; Freilich and Dunbar, 1999]. Given a set of collocated measure-
ments from the above mentioned three different sources, choosing one data source as calibration reference
and assuming that linear calibration suffices to calibrate the other two relative to the reference, one can fur-
ther estimate the random measurement errors as well as the relative calibration coefficients for each wind
data source independently. This methodology, the so-called triple collocation (TC) analysis, was first pro-
posed by Stoffelen [1998] and further developed by Vogelzang et al. [2011].

However, the assessment of the scatterometer wind quality becomes more challenging under increased
subcell wind variability conditions, since the point-wise wind vector measured at a buoy location and the
large-scale wind flow obtained from ECMWF forecasts are generally expected to differ much from the
scatterometer wind vector cell (WVC) mean wind [Lin et al., 2015]. Moreover, the spatial representative-
ness error (i.e., the short-scale true wind variance resolved by the relatively high-resolution systems and
unresolved by the relatively low-resolution system), an essential parameter for TC analysis, is hard to esti-
mate through conventional methods based on wind spectra or spatial variance [Vogelzang et al., 2011,
2015], since variable conditions are generally localized in space and time. Therefore, quantification of the
subcell wind variability is relevant to both quality assessment and quality control (QC) of scatterometer-
derived winds.

Past and recent studies show that large differences between buoy winds (or ECMWF winds) and ASCAT-
derived winds are generally well correlated with increasing values of the inversion residual or maximum
likelihood estimator (MLE), the backscatter measurement variability factor (Kp), and strong negative values
of the singularity exponents (SE) derived from an image processing technique called singularity analysis
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[Lin et al., 2015; Portabella et al., 2012a; Turiel et al., 2012]. In the current ASCAT Wind Data Processor (AWDP)
[Verhoef et al., 2014], which is used to generate the ASCAT wind product studied in this paper, an MLE-
based QC is adopted to filter poor-quality winds, and the implementation of a complementary singularity
analysis (SA) technique is under development [Lin et al., 2015].

The presence of extreme sub-WVC wind variability degrades the quality of scatterometer-derived area-
mean (WVC) wind. In this study, moored buoy wind time series are used to assess the MLE, SE, and Kp

parameters as increased subcell wind variability indicators. The MLE actually estimates the inconsistency
among the three beams (backscatter triplets) in terms of sampled WVC-mean wind and, due to mismatches
in the aerial spatial response functions between the three beams, increased subcell wind variability does
correspond to large MLE values. The SA is effective in detecting the local decorrelation between a WVC and
its neighboring cells, i.e., the more negative the SE value, the larger the decorrelation. Although it detects
inter-WVC variability, it is done at such local scale (mostly at nearest neighbors level) that it turns out to be
a good subcell wind variability estimator as well. The Kp depicts the variability of the backscatter measure-
ments for each antenna beam [Anderson et al., 2012]. Given a measurement with high signal-to-noise (SNR)
ratio, a high Kp value is caused by spatial heterogeneities of the target and the number of independent
measurements that are spatially averaged to a WVC. Thus, Kp can also be a wind variability indicator under
certain wind conditions.

In this paper, the relation between subcell wind variability and the three ASCAT parameters MLE, SE, and Kp

is investigated in order to seek an effective way of automatically identifying (or flagging) the most variable
WVC winds and investigating their quality. The variability and quality indicators derived from ASCAT data
itself are not only useful in ASCAT wind quality control, but also crucial in many applications. For example,
variable winds are a potential hazard in some applications, such as data assimilation. For other applications,
such as nowcasting and oceanography, they contain essential information on the gustiness and air-sea
interaction processes.

The data sources used in this study are introduced in section 2. A method to compute both 25 km equiva-
lent (mean) buoy winds and sub-WVC wind variability is also presented in this section. Section 3 describes
the MLE, SE, and Kp parameters and assesses their sensitivity to wind variability. A new approach using
these three parameters is proposed to automatically identify and classify the most variable WVC winds. In
section 4, the relevant formulas for triple collocation analysis are presented. A novel approach is proposed
to better estimate the representativeness errors under increased wind variability conditions. Then, the qual-
ity of the different wind sources is assessed at the scales resolved by ECMWF (i.e., about 200 km) and ASCAT
(i.e., about 25 km) for both the ‘‘variable’’ and the ‘‘stable’’ wind categories using TC analysis. In summary, it
is concluded in section 5 that although the ASCAT wind quality is strongly correlated with subcell wind vari-
ability, ASCAT winds are proven to be of good quality at increased wind variability conditions.

2. Data

The data set in this study consists of 3 years (March 2009 to February 2012) of ASCAT 12.5 km Level 2 (L2)
data collocated with ECMWF forecasts and moored buoy winds. The ASCAT data in Binary Universal Format
Representation (BUFR) are provided by the European Organization for the Exploitation of Meteorological
Satellites (EUMETSAT) Ocean and Sea Ice Satellite Application Facility (OSI SAF).

The ASCAT 12.5 km 3 12.5 km WVC backscatter coefficient (r0) is derived by spatial averaging the full-
resolution (FR) backscatter measurements in the along-track and across-track directions for each antenna
beam. The FR footprints measure about 10 km 3 20 km and they actually overlap both in the along-track
and across-track directions [EUMETSAT, 2014]. The weighting function used to do the spatial smoothing is a
two-dimensional Hamming window centered at the WVC center [EUMETSAT, 2014]. Note that the effective
spatial resolution of the averaged r0 is determined by the width of Hamming window and the across-swath
variations in FR footprints. It varies across the swath from 25 km (near swath) to 34 km (far swath) and is
about twice the WVC size.

The collocated ECMWF forecast winds are acquired by interpolating three ECMWF 3 hourly forecast winds
on a 0.56258 lat/lon grid both spatially and temporally to the ASCAT data acquisition location and time.
ASCAT L2 BUFR files already include ECMWF winds. The buoys used in this study include the National Data
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Buoy Center (NDBC) moored buoys off the coasts of U.S.A., the Ocean Data Acquisition System (ODAS)
buoys in the north-east Atlantic and British Isles inshore waters, the National Oceanic Atmospheric Adminis-
tration (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.

Three different buoy data sets are examined. The first data set consists of buoy winds that hourly report an
averaged wind over 10 min, distributed through the Global Telecommunication System (GTS) stream, and
quality controlled and archived at ECMWF Meteorological Archival and Retrieval System (MARS). Such buoy
data are hereafter referred to as MARS buoy winds. Note that the individual buoy observations are segre-
gated into 1 m/s speed bins and 108 direction bins. The collocation criteria for this buoy data set are 30 min
distance in time and 25 km distance in space from the ASCAT acquisitions. However, only the closest ASCAT
WVC to buoy acquisition is used in case more than one WVC is acquired. The total amount of collocations
with MARS buoy winds is about 80,000. The second data set consists of continuous 10 min (10 min) buoy
wind measurements, further referred to as continuous buoy winds. The collocation criteria for continuous
buoy winds are 5 min and 25 km distance from the ASCAT measurements. The third data set consists of
25 km equivalent buoy winds computed by weighting a series of 25 ten min (62 h) continuous buoy meas-
urements recorded in each collocation (see below), further referred to as mean buoy winds. Due to the lack
of ODAS and TRITON continuous buoy winds and the unavailability of some wind measurement in the 25
ten minute series, the total amount of collocations with continuous buoy winds is about 41,000. In both
buoy data sets, the measured wind vectors at a given anemometer height are converted to 10 m equivalent
neutral winds using the Liu-Katsaros-Businger (LKB) model [Liu et al., 1979] in order to make them compara-
ble to ASCAT and ECMWF winds. Figure 1 shows the geographical location of the moored buoys used in
this paper. The gray scale indicates the number of collocations (see the color bar).

Figure 1. Geographical location of buoys (with continuous 10 min wind measurements) used in this study; the gray scale indicates the number of collocations.
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2.1. Taylor Hypothesis
The variance associated with buoy wind time series is translated into spatial wind variability using Taylor’s
hypothesis [Taylor, 1938], which allows for a temporal dimension to be converted into a spatial dimension,
and vice versa. The time window (centered on the buoy measurement collocated with ASCAT acquisition)
used for calculating the mean buoy winds and the subcell spatial variability is defined by May and Bourassa
[2011],

twindow5
lfootprint

�w
; (1)

where lfootprint is the ASCAT footprint size, and �w is the mean buoy wind speed within the time-averaging
window. As already mentioned, the spatial resolution of the averaged r0 in ASCAT 12.5 km L2 data is about
25 km and lfootprint is set equal to 25 km. In line with this, the wind spectra in Vogelzang et al. [2011] show
that the scale resolved by the ASCAT 12.5 km wind product is approximately 25 km.

Essentially, the Taylor hypothesis converts a temporally averaged point wind measurement into a lin-
ear mean (1-D) measurement. However, wind variability conditions will be two-dimensional and some
aspect of this variability will not be acquired through the use of the Taylor hypothesis. However, the
main goal of this paper is to assess the quality of ASCAT-derived winds under increased wind vari-
ability conditions. For this purpose, using the TC approach, the uncertainty and spatial representative-
ness of the buoy (point measurements or temporally averaged measurements) and/or ECMWF winds
will be estimated, as shown in section 4.

Since the continuous buoy measurements are indeed 10 min discrete bins, the time window twindow, which
is equivalent to the number of 10 min buoy measurements M, is determined by expanding the 10 min
equivalent distance vector in the adjacent time bins (centered at the ASCAT measurement time), until the
length of the distance vector reaches the lfootprint 5 25 km. The minimum period is set to be within 620 min
of the ASCAT measurement time (i.e., five 10 min buoy measurements), which corresponds to 25 km at a
mean speed of 8.33 m/s. Higher speeds will then correspond to averaging over larger distances than 25 km.
The M buoy measurements found this way are averaged to 25 km scale equivalent winds and used as reference
in the validation below. That is, to mimic the scatterometer areal measurements, the mean wind speed is calcu-
lated by averaging the wind speed series, and the mean wind direction is derived from the averaged u and v
wind components [Lin et al., 2015].

The subcell wind variability is depicted by the standard deviation (SD) of buoy wind components (speed,
direction, zonal wind component u, and/or meridional wind component v) within the time window twindow.
For wind speed and u or v components, the SD value is defined as

SD 5

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

M21

XM

i51

xi2�xð Þ2
vuut ; (2)

where xi is the ith measurement of the above mentioned component, and �x is the mean value over the
studied period. For wind direction, the SD value is calculated using the Yamartino method [Yamartino, 1984;
Farrugia and Micallef, 2006],

SD 5 arc sin ðeÞ 1 1 0:1547e3
� �

; (3)

where

e 5

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
12

1
M

XM

i

sin hi

 !2

1
1
M

XM

i

cos hi

 !2" #vuut ; (4)

where hi indicates the wind direction (in radian) of the ith measurement. Note that the SD values of u or v
components are particularly combined to express the wind vector variability as

SDvector5

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
SD2

u1SD2
v

q
; (5)

which is used hereafter as the subcell wind variability indicator unless stated otherwise.
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3. Determining High Wind Variability Conditions

3.1. Variability-Sensitive Parameters
The three ASCAT parameters MLE, SE, and Kp have been exploited by Lin et al. [2015] to improve the ASCAT
wind quality control. Poor quality winds, which can be induced by rain, increased local wind variability, con-
fused sea state (waves), or land/ice contamination, are well correlated with extremely large MLE or Kp values
and strong negative SE values. In this section, the sensitivity of these parameters to subcell wind variability
is further investigated. The MLE [Pierson, 1989; Stoffelen and Anderson, 1997; Portabella et al., 2012b], SE
[Turiel et al., 2008; Pont et al., 2011; Lin et al., 2014] and Kp [Chi et al., 1986; Anderson et al., 2012] parameters
have already been defined and characterized in several publications, and are summarized below.

The ASCAT MLE or wind inversion residual as defined by Stoffelen and Anderson [1997] can be expressed as:

MLE 5
1
3

X3

i51

zmi2zsið Þ2; (6)

where zmi 5 r0
mi

� �0:625
is the backscatter measurement of the ith beam in z-space, and zsi 5 r0

si

� �0:625
is the

backscatter simulated through the geophysical model function (GMF), i.e., CMOD5n [Verhoef et al., 2008],
using the solution wind vector as input. Thus, MLE depicts the minimum distance between the measured
triplet and the surface constructed by the GMF in the 3-D measurement space, a double folded cone surface
[Stoffelen and Anderson, 1997]. In general, the triplets are located close to the GMF surface, which leads to
low MLE values and good quality wind retrievals. Occasionally, a large inconsistency between the triplets
and the GMF is induced by other geophysical conditions than a WVC-mean wind, resulting in large MLE val-
ues. A MLE sign is defined for ASCAT in Portabella et al. [2012b], in order to better segregate the different
sea surface geophysical conditions. Triplets located inside the GMF cone surface are assigned with a posi-
tive MLE value, while those located outside the cone surface are assigned with a negative MLE value. Lin
et al. [2015] show that large positive MLE values correspond to high wind variability conditions. In this
manuscript the MLE is used with sign to discriminate such conditions.

The singularity exponent, derived from an image processing technique, called singularity analysis, depicts
the degree of local regularity (spatial gradient) around a given point x for a given scalar signal s. It roughly
behaves as [Turiel et al., 2008; Pont et al., 2011; Lin et al., 2014],

SEðxÞ � log jrsjðxÞ
log r

; (7)

where the gradient jrsjðxÞ is estimated in a circle with radius r. In the numerical implementation, jrsjðxÞ is
calculated within a 3 3 3 WVC window centered on the analyzed point. Negative SE values correspond to
less regular behavior of the function, while positive SE values indicate a more regular behavior. Note that SE
uses a context of nine WVCs and therefore provides a statistically more accurate value than Kp or MLE,
which are statistical values for a single WVC.

The measurement noise or Kp is defined for ASCAT as the normalized standard deviation of the average of
the full-resolution backscatter measurements contributing to a WVC [Chi et al., 1986; Anderson et al., 2012],

Kp 5

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
var ðr0Þ

p
r0

: (8)

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. The last one domi-
nates in case of high signal variability at low winds [Portabella and Stoffelen, 2006]. In this study, the mean
Kp value of the fore and aft beams is used as a surface wind variability-sensitive parameter.

3.2. Characterization of the Variability-Sensitive Parameters
Assuming that the subcell wind variability is a monotonic function of each parameter, the collocated data
are sorted by MLE and Kp in descending order, and by SE in ascending order. Consequently, it is straightfor-
ward to intercompare the different parameter sensitivities by binning the sorted data by the same percent-
age interval (of the total amount of data) as the MLE (Kp) thresholds decrease and the SE threshold
increases. Moreover, the threshold values corresponding to the different parameter bins are not relevant in
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the comparison. On the other hand, it is easy to set the threshold values for filtering/sorting a given per-
centage of most variable winds. Since the three parameters are sensitive to wind speeds, the collocations
are roughly separated into four categories: w< 4 m/s; 4�w< 7 m/s; 7�w< 10 m/s; and w� 10 m/s, where
w is the ASCAT-retrieved wind speed.

Figure 2 shows the wind vector variability as a function of the percentage of data sorted by threshold bins
of MLE (solid line), SE (dashed line), and Kp (dotted line). The minimum bin number (0.3%) is of 20

Figure 2. Wind vector variability as a function of the percentage of data sorted by MLE (solid line) and Kp (dotted line) in descending order and SE (dashed line) in ascending order, for
the following ASCAT-retrieved wind speed intervals: (a) w< 4 m/s; (b) 4�w< 7 m/s; (c) 7�w< 10 m/s; (d) w� 10 m/s. In the x axis, the leftmost side corresponds to the largest MLE/Kp

and lowest SE threshold values, and the rightmost side corresponds to the lower MLE/Kp and higher SE threshold values. The mean SD value of the more stable winds (all above the 5%
percentile) is shown by the straight dash-dotted line in each figure, regardless of the variability-sensitive parameters.
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collocations. Variability plots for wind speed and direction show similar trends (not shown). Note that the
mean SD values of the more stable winds (all above the 5% percentile in the figure) in the four wind speed
categories are about 1.0, 0.9, 0.8, and 0.8 m/s, respectively (see the straight dashed-dotted lines), regardless
of the variability-sensitive parameter used. Keeping the stable wind SD values as reference, several conclu-
sions can be drawn from Figure 2. At low winds (w< 4 m/s), only SE is effective in identifying increased
wind variability. At winds above 4 m/s, all three parameters are sensitive to wind vector variability. In gen-
eral, the wind vector variability increases as the MLE (Kp) increases and the SE decreases. SE is the most sen-
sitive parameter to wind variability, followed by Kp and MLE. The latter two parameters show similar
sensitivity to wind variability.

Although Kp is generally as sensitive to subcell wind variability as MLE, it does not mean that it is an effec-
tive quality control parameter such as MLE, since the latter is a measure of the consistency between the
three mean backscatter values in each WVC, while the former measures the combined intrabeam r0 vari-
ability of fore- and aft-beams. (Note that in contrast to the mid beam, the cumulative spatial response func-
tions for the fore and aft beams are very similar [see Lindsley et al., 2014].) Figure 3 shows the VRMS
difference between ASCAT and the mean buoy wind vectors as a function of the percentage of data sorted
by the three parameters. The VRMS values of the more stable winds are about 1.9, 1.7, 1.7, and 2.3 m/s,
respectively, over the four wind speed categories. Note that the VRMS differences between ASCAT and
ECMWF or between ECMWF and buoy have similar trends to those in Figure 3 (not shown). At low winds
(w< 4 m/s), the MLE and SE parameters are the most sensitive to discrepancies between ASCAT and mean
buoy winds. At winds above 4 m/s, SE is the most sensitive parameter to flag the top 5% (4�w< 7 m/s) or
top 2% (�7 m/s) most discrepant ASCAT and mean buoy winds. In terms of flagging the top 1.5% most dis-
crepant ASCAT and mean buoy winds, Kp performs better than MLE only at winds above 10 m/s.

3.3. Flagging the Most Variable Winds
Kp, MLE, and SE are rather complementary, since they respectively ‘‘measure’’ backscatter variability at one
azimuth/beam, variability between azimuths/beams in a WVC, and inter-WVC variability. Consequently, it
makes sense to combine these metrics. Here the following simple combination of MLE, SE, and Kp is used to
flag the most variable ASCAT winds:

MLE > TMLE or SE < TSE or Kp > TKp : (9)

Note that when Tx (x 5 MLE, SE, Kp) is set to infinity, the corresponding parameter is not used to flag any
winds data. Different Tx combinations may lead to the same amount of flagged data, i.e., data considered as
highly variable winds. The best combination is defined as the one corresponding to the highest-variability
factors (for the same amount of flagging ratio). This can be achieved by carefully selecting the thresholds
using the Monte Carlo method. Table 1 illustrates the optimum thresholds when the top 2 and 5% of most
variable winds are flagged. It indicates that only SE is needed to flag the top 5% of most variable winds,
because only a little amount of data (<0.5%) has MLE> 25.5 or Kp> 20.5. On the other hand, MLE and Kp

improve the flagging of most variable winds with a ratio less than 5%.

In case of the optimum threshold combinations, Figure 4 shows the wind component variability, i.e., the SD
value of buoy wind speed, wind direction, zonal wind component (u), and meridional wind component (v),
as a function of the number of most variable WVCs. The bold-dotted lines indicate the variability over all
wind speed categories. Table 2 shows variability factors of winds above the 5% stability percentile. Note
that the statistics in Figure 4 are systematically higher than those in Table 2 (notably for high winds), which
further verifies that the proposed thresholds are effective in identifying the most variable winds.

As a consequence, a suitable method to automatically detect and classify increased wind variability cases is
found by exploiting ASCAT-derived information content. To assess the wind quality as a function of wind
variability, the triple collocation methodology is examined and further developed in section 4.

4. Triple Collocation Analysis

In this section, the TC method is applied to estimate the errors of both the (2 and 5%) most variable and
the (95%) most stable winds. Since not all buoys contain (time) continuous wind measurements, the
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optimal combination of the MLE, Kp, and SE thresholds is used to separate the different wind variability
categories (see section 3.2).

4.1. TC Method
An overview of the TC methodology is presented in this section with a special focus on increased wind vari-
ability conditions and its associated locally increased spatial representativeness errors.

The global precision of scatterometer winds can be quantitatively evaluated from the triple collocation
method [Stoffelen, 1998] by using three collocated wind data sources. Given three measurement systems

Figure 3. The VRMS difference between ASCAT and mean buoy wind vector as a function of the percent of data sorted by MLE, SE, and Kp for retrieved wind speed: (a) w< 4 m/s;
(b) 4�w< 7 m/s; (c) 7�w< 10 m/s; (d) w� 10 m/s. The VRMS values of the more stable winds (i.e., all above 5% percentile) are about 1.9, 1.7, 1.7, and 2.3 m/s, respectively (see the
straight dash-dotted lines), over the four wind speed categories.
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Table 1. The Optimum Threshold Combinations for Flagging the 2% and the 5% Most Variable Winds

w< 4 m/s 4�w< 7 m/s 7�w< 10 m/s w� 10 m/s

2% 5% 2% 5% 2% 5% 2% 5%

MLE 25.5 25.5 5.44 25.5 25.5 25.5
SE 20.26 20.20 20.35 20.21 20.32 20.18 20.34 20.21
Kp 10.3 20.5 20.5 20.5 7.0 20.5

Figure 4. Mean SD values of buoy wind vector time series of (a) wind speed; (b) direction; (c) u component; and (d) v component as a function of the percentage of flagged data for the
optimal combination of MLE/SE/Kp threshold values.
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Wi, i 5 1, 2, 3, which represent buoy, scatterometer, and ECMWF wind, respectively, the measurements and
measurement errors are approximated by the following linear expression:

Wi 5 ai w1bi1di; (10)

where w is the common quantity in this study, i.e., the true wind component at certain spatial scale, ai and
bi stand for the scaling and bias calibration coefficients, respectively, and di for the random measurement
error. di is assumed to be unbiased, and its variance does not change with w. These assumptions hold well
for the u and v wind components [Stoffelen, 1998].

The random observation errors are assumed to be uncorrelated with w, hdiwi5 0. Buoy and scatterometer
winds resolve smaller turbulent scales than ECMWF, and the variance common to these smaller scales,
r25hd1d2i, is part of the observation errors d1 and d2. By definition, r2 is the correlated part of the represen-
tativeness errors of W1 and W2. Furthermore, since W3 does not include these smaller scales, its observation
error d3 is independent of d1 and d2, so hdid3i5 0 (i 5 1, 2). Note that in the TC definition, w contains only
scales resolved by all three systems. In summary, wind component errors of different systems are all
assumed to be uncorrelated, except for the spatial representative error [Stoffelen, 1998], due to the turbu-
lent scales only resolved by systems 1 and 2. Now the calibration factors are related with the mixed second-
order moments as follows:

M12 5 a1a2hw2i1r2

M13 5 a1a3hw2i

M23 5 a2a3hw2i

8>><
>>: (11)

where Mij 5hWi Wji (i, j 5 1, 2, 3) stands for the mixed second-order moment of system i and j. If the wind
system ref (ref 5 1, 2, or 3) is chosen as calibration reference, then the other two calibration factors are given
by, respectively,

a2 5
M23

M31

a3 5
M23

M122r2

ref 5 1; i:e:; a1 5 1ð Þ;

8>><
>>: (12)

a1 5
M13

M23

a3 5
M13

M122r2

ðref 5 2; i:e:; a2 5 1Þ;

8>><
>>: (13)

a1 5
M122r2

M23

a2 5
M122r2

M13

ðref 5 3; i:e:; a3 5 1Þ:

8>>><
>>>:

(14)

The bias correction factors bi are given by,

bi 5 Mi2aiMref ði 6¼ ref Þ ; (15)

where Mi stands for the first-order moment of the ith system. The calibrated data sets are created by

Table 2. The Mean SD Values of Temporal Buoy Wind Speed, Direction, u and v Components for Winds Above the 5% Stability
Percentile

w< 4 m/s 4�w< 7 m/s 7�w< 10 m/s w� 10 m/s All Winds (w> 0 m/s)

Speed (m/s) 0.63 0.49 0.41 0.35 0.47
Direction (8) 32.2 11.2 7.3 6.1 12.8
u (m/s) 0.68 0.56 0.52 0.54 0.57
v (m/s) 0.72 0.60 0.56 0.56 0.60
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W ’
i 5

1
ai

Wi2bið Þ: (16)

The TC analysis is implemented using an
iterative approach. The calibrated data
sets (W ’

i ; i 6¼ ref ) are used to estimate
the new calibration factors, until these
parameters converge. Normally, the con-
vergence is met within six iterations.
After calibration, the error variances esti-
mated on the scale of w (ECMWF) for
each wind system are given by

hd2
i i5 Mii2e2: (17)

The quantity e2 has several different
expressions, e.g., e2 5 M12 2 r2 5 M23 5

M13 and denotes the common true var-
iance in the three measurement sys-
tems. Note that to obtain the error
variances on the ASCAT scale, r2 has
to be subtracted from the above buoy

and scatterometer error variances, and added to the ECMWF error variance. Finally, the statistical signifi-
cance of the error variances is given by [Vogelzang et al., 2011]

var hd2
i i

� �
5

2hd2
i i

2
1hd2

i ihd2
j i

N
; (18)

where N is the number of collocations, and j 5 mod (i,3) 1 1.

In this study, different buoy references are used in the TC analysis. Ideally, by changing one of the wind
sources (e.g., replacing 10 min buoy winds by mean buoy winds) in the triple collocation, the estimated
errors of the other two wind sources should remain the same, as long as e2 and r2 are unaffected. Besides
changes in e2 and r2, a different amount of collocations and/or the different error characteristics of the two
buoy wind sources (which may require higher-order calibration), among others, can lead to differences in
the estimated errors of the other two wind sources. To avoid such interpretation differences, ECMWF winds
(W3) are used as fixed calibration reference, so a3 5 1 and b3 5 0. As will be shown in section 4.2, this choice
also facilitates determination of the representativeness errors (see the discussion in section 4.2).

In case of high-variability conditions, there are quite a few ambiguity removal errors of the scatterometer
winds against buoy winds. One could mitigate such errors for TC analysis in the following statistically con-
sistent way:

1. Allow each of the three wind vectors in a collocation triplet to have two ambiguities 1808 apart, leading
to eight different combinations of which four are independent (i.e., {W1, W2, W3; 2W1, W2, W3; W1, 2W2,
W3; 2W1, 2W2, W3}; the other four differ by an overall minus sign).

2. Calculate the center of gravity for each of the four ambiguous triplets.
3. Calculate the distance of each of the ambiguous triplet winds to the center of gravity and find the maximum

distance di
max . Figure 5 illustrates the process of steps (2) and (3) for one of the four ambiguous triplets.

4. Select the ambiguous triplet that has the smallest maximum distance to its center of gravity.

In this way, one loses some physical consistency, but retains statistical consistency. Therefore particularly
the larger error estimates will be somewhat optimistic, but can be interpreted in a relative manner. This pro-
cedure is called mitigation of ambiguity removal errors (MARE), and is applied in the TC analysis on both
variable and stable winds.

4.2. Determination of the Representativeness Error
According to Vogelzang et al. [2011], the spatial representativeness error (r2) is estimated by integrating the
difference between ASCAT and ECMWF wind spectra from the finest scatterometer scale of 25 km to the

Figure 5. The distance of each of the ambiguous triplet winds to the center of
gravity. The maximum distance of the ith triplet is given by
di

max 5fdi
buoy; di

ASCAT; di
ECMWFg.
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largest ECMWF error scale of 800 km. In Vogelzang et al. [2015], cumulative variance is calculated as a func-
tion of scale, and the representativeness error is found to be given by the difference in cumulative variance
of scatterometer and ECMWF wind components at a scale of 200 km. In both approaches, one needs to pro-
cess representative series of wind data of sufficient length in order to compute accurate wind spectra or
cumulative variances. However, highly variable wind regions are generally very localized, so an alternative
method to compute r2 is required.

A strong assumption of the TC method is that once convergence is achieved, the three wind sources have to
be very well intercalibrated. This can only be achieved with consistent calibration coefficients, r2, and measure-
ment error values. From (14) we infer that r2 directly influences the scaling factors for ASCAT and the buoys
with too high (low) values resulting in too low (high) scaling values. Similarly, from (16) we infer that too low
(high) scaling values result in more positive (negative) biases. Therefore, an effective way of estimating r2 is to
repeat the TC analysis for different r2 values until an optimal intercalibration of the different wind sources is
achieved. In particular, the r2 value which determines a bias close to zero for both the calibrated buoy and
ASCAT winds (w.r.t. ECMWF winds) is considered as the best estimated representativeness error (i.e., W1 1 W2

22 3 W3 ! 0). To simplify the search of the ‘‘best’’ r2 estimate, the ratio of r2
u and r2

v is supposed to be same to
that computed for stable wind conditions using the classical wind spectra based TC method (i.e., r2

v=r2
u 5 1.5)

[Vogelzang et al., 2011], such that there is only one unknown parameter in the search of the optimal r2 values.

Figure 6 shows an example of the impact of r2 values on the calibrated data sets (10 min continuous buoy
and mean buoy wind, respectively) by applying the TC analysis for the 95% most stable winds and for two
different triple collocation data sets: mean buoy/ASCAT/ECMWF (solid) and the 10 min buoy/ASCAT/ECMWF
(dashed). Figure 6a shows that when the r2 values are underestimated (r2 value smaller than that of the
square marker), winds at smaller scales (i.e., ASCAT and buoy) are overcalibrated, and thus biased low w.r.t.
the ECMWF reference. Likewise, when the r2 values are overestimated (r2 value larger than that of the
square marker), winds at smaller scales are biased high w.r.t. the ECMWF reference. As indicated by the
square markers, the optimal r2 values for each TC data set correspond to W11W2223W350. The resulting
r2 (Figure 6a) and error values (Figure 6b) for the 10 min buoy/ASCAT/ECMWF data set are similar to those
presented by Vogelzang et al. [2011] (r2

u 5 0.63, r2
v 5 1.00) with a similar data set.

Table 3 presents the representativeness errors of the more stable winds above the 5% percentile and those
of the high-variability wind conditions, obtained from triple collocation analyses with different buoy wind

Figure 6. (a) Wind speed bias W11W2223W3 and (b) estimated ECMWF error (vector) variance as a function of r2 values after TC analysis using 10 min buoy/ASCAT/ECMWF (solid) and
mean buoy/ASCAT/ECMWF (dashed) collocated data sets. The r2 values indicated by the square markers correspond to the optimal r2 estimated by the proposed algorithm.
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references. The 5% most variable winds are separated into two categories: the top 2% variable winds and
the remaining 3%, to further evaluate the wind errors under high-variability conditions. Note that the esti-
mated r2 values are generally lower using MARS buoy winds (first row) than using continuous winds (second
row). Since MARS buoy winds are crudely represented in 1 m/s speed bins, some smaller spatial scale corre-
lation between ASCAT and buoy winds may be lost in r2, i.e., the common variance in the buoy and ASCAT
winds between ASCAT scales and ECMWF scales is expected to be reduced. Moreover, the MARS buoy data
(binned every m/s and stored hourly) have somewhat larger collocation errors than the continuous buoy
point measurements (not binned and stored every 10 min). Therefore, the r2 difference may be well
explained by the fact that the latter are more correlated with ASCAT winds than the former (i.e., the com-
mon ‘‘true’’ variance of continuous-buoy and scatterometer winds is larger than that of MARS-buoy and
ASCAT winds).

As shown in Lin et al. [2015], temporal mean buoy winds are more representative of the ASCAT area-mean
wind (and also ECMWF wind) than a 10 min buoy measurement, especially under high wind variability con-
ditions. Consequently, the mean buoy winds are more correlated with ASCAT winds than 10 min buoy
measurements, since fine spatial/temporal scales not resolved by ASCAT are removed following Taylor’s fro-
zen turbulence hypothesis. One would therefore expect the same r2 when using the temporal mean buoy
winds as ASCAT WVC-scale variance is kept. The fact that these r2 values (third row) are actually smaller
than those for the buoy 10 min measurements (second row) may be explained by the fact that the resulting
mean buoy wind ‘‘spatial resolution’’ is in fact lower than that of ASCAT. As a consequence, the common
‘‘true’’ variance for both mean buoy and ASCAT winds in between the ASCAT-resolved scales and the
ECMWF-resolved scales is reduced; thus, the correlated part of the representative errors of W1 and W2 may
be smaller than for triple collocations with 10 min buoy winds.

4.3. TC Results
The TC analysis is then carried out for the categories defined in Table 3 and the error SD estimation results
are shown in Table 4a (ECMWF scales) and Table 4b (ASCAT scales and for mean buoy only). At ECMWF
scales (Table 4a), the use of different buoy wind references does not significantly impact the ASCAT and
ECMWF vector error variances on ECMWF scale, thus validating the approach proposed in section 4.2. The

Table 3. The Spatial Representativeness Errors r2
u (and r2

v ) of the Triple Collocations at Different Wind Categoriesa

2% Variable Winds 2–5% Variable Winds 5% Variable Winds 95% Stable Winds

MARS buoy winds 1.3 (2.0) 1.1 (1.7) 1.2 (1.8) 0.61 (0.92)
Continuous buoy winds 1.6 (2.4) 1.3 (2.0) 1.4 (2.1) 0.67 (1.00)
Mean buoy winds 1.1 (1.7) 1.0 (1.6) 1.1 (1.7) 0.60 (0.90)

aThe rightmost column shows the r2 values of the triple collocations above the 5% stability percentile. The other columns show the
r2 values at higher-variability wind conditions, resp. below the 2%, between the 2–5% and below the 5% percentile from left to right.

Table 4a. The Error Standard Deviations of Each Wind System on ECMWF Scale (Calibration Reference: ECMWF); the Last Column Shows
the Number of Collocations in Each Triple Collocation After 4-Sigma Quality Controla

Buoy (m/s) ASCAT (m/s) ECMWF (m/s)

SD Errors TC Categories u v u v u v Number

95% stable winds MARS buoy winds 1.32 1.47 0.96 1.19 1.13 1.03 81,669
Continuous buoy winds 1.24 1.39 0.94 1.21 1.08 1.01 39,340
Mean buoy winds 1.08 1.24 0.93 1.19 1.08 1.02 39,293
Accuracy (MARS) 0.01 0.01 0.01 0.01 0.01 0.01

2–5% variable winds MARS buoy winds 1.9 2.0 1.5 1.9 2.0 1.9 2,419
Continuous buoy winds 1.8 2.0 1.4 1.9 1.9 1.7 1,243
Mean buoy winds 1.5 1.7 1.4 1.9 1.9 1.7 1,243
Accuracy (MARS) 0.1 0.1 0.1 0.1 0.1 0.1

2% variable winds MARS buoy winds 2.4 2.2 1.7 2.4 2.4 2.1 1,633
Continuous buoy winds 2.4 2.2 1.7 2.5 2.3 2.1 829
Mean buoy winds 1.8 1.7 1.8 2.4 2.3 2.1 828
Accuracy (MARS) 0.2 0.2 0.1 0.2 0.2 0.2

aThe fourth row of each category shows the significance of errors in the triple collocation with MARS buoy winds.
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error variance ratio between mean buoy winds and buoy 10 min winds is about 78% for the 95% most sta-
ble winds, 69% for the top 2–5% variable winds, and 58% for the top 2% variable winds, respectively, indi-
cating that the mean buoy winds are more representative of ASCAT (not shown) and ECMWF scales than
the buoy 10 min measurements, notably at higher-variability conditions. In line with the earlier discussion
in this section, the MARS buoy winds have in general the highest errors due to the larger temporal colloca-
tion errors and perhaps wind speed binning. Also note that there are almost twice as many collocations
with MARS data as with the continuous/mean buoy data sources and gross sampling differences therefore
exist. These differences will impact the error estimation results. The error variance ratio between ECMWF
and ASCAT in the third row (mean buoy winds) is 3% (above 5% stability percentile), 6% (top 2–5% variable
winds), and 8% (top 2% variable winds) higher than that in the first row (MARS buoy winds), respectively,
indicating that ECMWF winds are more erratic over the areas with a lack of continuous buoy winds (see sec-
tion 2) as the wind variability increases.

Since the smallest buoy errors are those of the mean buoy data set, we further analyze the errors at ASCAT
scales (Table 4b) focusing on the mean buoy-ASCAT-ECMWF triple collocation data set. As shown in Table
4b, ECMWF winds have the largest errors at ASCAT scales, notably for the most variable wind categories.
ASCAT errors are clearly the lowest for the most stable winds, and comparable to mean buoy wind errors
for the top 2–5% most variable wind category (second row); while for the 2% most variable wind category
(third row), the mean buoy wind errors are the lowest. In general, Table 4b shows that the three wind sys-
tems contain larger errors for the top 2% than for the 2–5% range. Within the top 2%, not only increased
wind variability is expected but also other phenomena that can negatively impact the ASCAT wind retrievals
(see the discussion in section 3). Therefore, the wind vector error increase from the top 2–5% category to
the top 2% category is larger for ASCAT than for ECMWF and mean buoy winds. On the other hand, the
ASCAT errors on the top 2% category are much closer to the mean buoy errors than to the ECMWF errors,
indicating that many ASCAT winds in this category are of good quality. This is in line with the results shown
in Lin et al. [2015], where the rejection rate of ASCAT wind QC is set to be a few tenths of a percent. In sum-
mary, although it is clear that the errors in all wind sources increase with increasing wind variability, ASCAT
winds are the most representative of the true wind at 25 km scales for (at least) 98% of the data. A larger
amount of triple collocations is needed to verify the wind quality of the top 2% most variable winds
category.

Note that ASCAT and mean buoy wind error SDs are much smaller than ECMWF errors for all categories and
generally rejection of ASCAT winds in variable conditions thus appears unnecessary. However, for the top
2% most variable winds category, the mean buoy meridional wind (v) has a substantially lower error than
ASCAT. Besides, the uncalibrated ECMWF winds persist a low wind speed bias w.r.t. both ASCAT and mean
buoy winds (see Table 5), while ASCAT remains unbiased.

Table 4b. The Error Standard Deviations on ASCAT Scale of the Triple Collocation With Mean Buoy Winds; the Last Column Shows the
Number of Collocations in Each Triple Collocation After 4-Sigma Quality Controla

Buoy (m/s) ASCAT (m/s) ECMWF (m/s)

SD Errors Categories u v u v u v Number

95% stable winds 0.76 (0.01) 0.80 (0.01) 0.52 (0.01) 0.73 (0.01) 1.33 (0.01) 1.39 (0.01) 39,293
2–5% variable winds 1.1 (0.1) 1.1 (0.1) 0.9 (0.1) 1.4 (0.1) 2.1 (0.2) 2.1 (0.2) 1,243
2% variable winds 1.5 (0.1) 1.1 (0.1) 1.4 (0.2) 2.0 (0.3) 2.5 (0.3) 2.5 (0.3) 828

aThe significance of each estimated SD error is presented in parenthesis.

Table 5. The Scaling Factors and Wind Component Bias (in Parenthesis) of the ASCAT and ECMWF Wind Sources for Different
Categories With Respect to the Temporally Averaged Buoys

ASCAT ECMWF

Scale (bias (m/s)) Categories u v u v

95% stable winds 1.01 (0.14) 1.03 (20.05) 1.03 (0.18) 1.06 (0.05)
2–5% variable winds 1.0 (0.1) 1.0 (20.2) 1.1 (0.2) 1.2 (0.2)
2% variable winds 0.9 (0.2) 1.0 (20.2) 1.2 (0.2) 1.3 (0.2)
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5. Conclusions

This paper introduces a new method to estimate the ASCAT subcell wind variability and further develops
the triple collocation methodology to estimate the ASCAT wind quality at increased wind variability condi-
tions. It investigates the correlation between subcell wind variability and several ASCAT-derived parameters,
i.e., MLE, SE, and Kp. These parameters are shown to be good indicators of wind variability at wind speeds
above 4 m/s. In general, SE is the most sensitive parameter to increased local wind variability, even at low
wind conditions (w< 4 m/s). At medium wind conditions (4�w< 10 m/s), MLE shows better performance
than Kp in terms of flagging the 2% most variable winds. At high wind conditions (w> 10 m/s), Kp is more
sensitive to the 1.5% most variable winds than MLE. In Lin et al. [2015], the three parameters are shown to
be complementary in terms of quality control, leading to the development of the multidimensional histo-
gram (MUDH) technique. Therefore, a similar algorithm is proposed to classify the WVCs according to their
subcell wind variability, which is shown to be effective, notably at high winds.

The quality of the winds classified in this manner is estimated using triple collocation analysis. The esti-
mated error variances of winds classified as variable are much higher than those of stable winds. Since 10
min buoy measurements are not representative of ASCAT winds in case of high wind variability, the tempo-
ral buoy wind series are averaged into 25 km equivalent buoy winds and used instead. The results show
that buoy wind errors dominate the VRMS difference between buoy and ASCAT winds, particularly at high
wind variability conditions, except for extreme wind variability conditions (top 2% most variable winds) for
which a larger amount of collocations is required for a proper assessment. Although the ASCAT wind quality
is strongly correlated with subcell wind variability, ASCAT winds are proven to be of good quality at
increased wind variability conditions, in contrast with ECMWF winds. Further work is required to determine
whether or not other effects (such as rain, confused sea state) also contribute to the ASCAT wind quality
degradation (in the top 2% category).

The subcell variability and the ASCAT and/or ECMWF wind quality can be estimated in near real time, since
MLE, SE, and Kp parameters are all derived from the ASCAT data itself. Therefore, the methodologies and
results presented in this study can be very relevant for a wide variety of operational applications. For exam-
ple, nowcasters may use the high wind variability indicator on the scatterometer-derived wind field maps
to adjust their level of confidence in NWP output, because global NWP models are known to miss-represent
the flow dynamics over highly variable areas such as mesoscale convective systems, frontal areas, etc. Also,
this indicator can be used to optimize NWP data assimilation of scatterometer winds and make several data
assimilation parameters situation-dependent, e.g., the relative weight (error variance ratio of scatterometer
and model), or to verify the model error correlation length and the shape of the spatial structure functions
in variable conditions.
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