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Abstract: The measurement of ocean surface wind speeds in precipitation from satellite microwave
radiometers is a challenging task. Rain attenuates the signal that is emitted from the ocean surface.
Moreover, the rain and wind signals are very similar, which makes it difficult to distinguish wind
from rain. The rain contamination can be mitigated for radiometers that operate simultaneously
at C-band and X-band channels, such as WindSat, AMSR-E and AMSR2. The basic principle is
to use combinations between C-band and X-band channels that are sensitive to wind speed but
relatively insensitive to rain. Based on this principle, we have developed algorithms for retrieving
wind speeds in rain from the WindSat and AMSR sensors. These algorithms are statistical regressions
and are trained specifically under tropical cyclone conditions. We lay out the steps of the algorithm
development, training, and testing. The major source for training the algorithm is provided by wind
speeds from the SMAP L-band radiometer, which have been proven to provide reliable wind speeds
in strong storms and are not affected by rain. We show that the WindSat and AMSR tropical cyclone
wind algorithms perform well under precipitation where standard passive wind speed retrievals fail.
We examine the possibility of extending the C/X-band tropical cyclone wind algorithm to X/K-band
channels and discuss how it can be broadened from tropical cyclone conditions to global winds in
rain retrievals.
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1. Introduction
It is difficult to measure wind speeds in precipitation with passive satellite microwave
radiometers which operate at frequencies in the C-band (4–8 GHz) or higher. Precipitation
attenuates the signal that is emitted from the ocean surface. Moreover, the rain and wind
signals are very similar, which makes it difficult to distinguish the signal that is caused
by the wind roughening of the ocean from atmospheric attenuation by rain droplets.
Validation with buoy data has confirmed that wind speed retrieval algorithms for passive
sensors that have been developed for rain-free atmospheres [1–5] can measure wind speeds
with a typical accuracy of 1 m/s or better if there is no rain [6,7]. However, these no-rain
algorithms tend to degrade very rapidly in areas of precipitation.
Figure 1 shows two examples of wind speeds from the AMSR2 (Advanced Microwave
Scanning Radiometer) and the WindSat sensor during passes over Hurricane Florence that
were retrieved using the standard rain-free algorithms [8–10]. See [11–14] for a description
of the instruments. For comparison, Figure 1 also displays the retrieved rain rates that
are measured by these sensors. It is evident that the wind speed retrievals are heavily
contaminated by rain, which results in spurious and unrealistically large values where
intense rain occurs. Standard rain-free radiometer wind speed algorithms are therefore
not reliable if rain is present and observations in rain need to be flagged as unusable. This
leads to significant data gaps in areas of tropical convection including tropical cyclones
(TCs) and to lesser extent also in extra-tropical cyclones (ETCs).
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The rain contamination problem can be mitigated for sensors that measure at multiple
frequencies in the C-band (4–8 GHz) and X-band (8–12 GHz) range. This is because: (1) at
these lower frequencies, atmospheric scattering, whose signature is very difficult to model,
is still relatively small, even under heavy rain [15], and the atmospheric attenuation by
rain droplets is dominated by Rayleigh absorption. (2) The spectral differences in the
brightness temperature (TB) signal that are caused by wind-induced surface emissivity are
small between the C- and X-band. On the other hand, the spectral TB differences caused
by rain attenuation are larger. It is therefore possible to find combinations between the Cand X-band channels that are practically insensitive to rain attenuation but sensitive to
wind-induced surface emission. This allows for the separation of wind signals from rain
signals. Using these channel combinations in the wind speed retrieval algorithm makes it
possible to reduce wind speed biases associated with precipitation. This basic principle
was first employed for the airborne SFMRs (Stepped-Frequency Microwave Radiometers)
that are regularly flown onboard hurricane-penetrating aircrafts to measure the wind speed
in TCs [16–22]. The SFMR does this by only utilizing several C-band frequencies. For
spaceborne radiometers, all-weather wind speed algorithms have been developed for the
WindSat [23–25] and AMSR [26–30] sensors, which contain C-band and X-band frequencies.

Figure 1. Passes of AMSR2 and WindSat over Hurricane Florence on 12 September 2018. The AMSR2
overpass occurred at 18:12 UTC. The WindSat overpass occurred at 10:54 UTC. (a) AMSR2 wind
speed retrieved from the rain-free algorithm and displayed here even in rainy areas. (b) AMSR2 rain
rate. (c) WindSat wind speed retrieved from the rain-free algorithm and displayed here even in rainy
areas. (d) WindSat rain rate.

A crucial part of these all-weather wind speed retrieval algorithms is their training.
For rain-free atmospheres, it is generally most effective to develop physical algorithms that
are based on a Radiative Transfer Model (RTM) for the top of the atmosphere (TOA) electromagnetic radiation that is emitted by the rough ocean surface and attenuated in the Earth’s
atmosphere [1–5]. As pointed out in [23], the difficulty of modeling rain attenuation within
an RTM can make algorithms based on simple statistical regressions a better candidate
for all-weather wind retrievals. These statistical algorithms are trained from match-ups
between TBs that are measured by the sensor under consideration (WindSat, AMSR) and
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ground-truth wind speed measurements from a reliable external source. The quality of
these external ground-truth wind speeds together with the accuracy of the temporal and
spatial matching are the main drivers for the quality of the statistical regression algorithm
and, consequently, for the accuracy of the all-weather wind speed measurements.
For example, our earlier development of WindSat all-weather wind retrievals was
trained using hurricane wind speeds from the H-wind analysis [31,32] that was developed
by hurricane researchers and based mainly on input from SFMR and other reliable in situ
sources. The availability of the H-winds for match-ups with WindSat TB was quite limited.
In particular, high wind events above 35 m/s were sparsely represented and thus the
resulting all-weather wind retrievals could be expected to become inaccurate or to break
down in strong tropical cyclones.
The goal of this paper is to demonstrate the training of a new all-weather wind
algorithm for WindSat, AMSR-E, and AMSR2 with wind speeds from the NASA SMAP (Soil
Moisture Active Passive) radiometer [33,34], which operates at L-band (1.41 GHz) [35,36].
L-band radiometers such as SMAP and SMOS (Soil Moisture and Ocean Salinity) have
several distinct advantages when it comes to measuring wind speed in strong storms. First,
the low frequency implies no or only very minor attenuation by rain [37,38]. Thus, the
aforementioned rain contamination problem found at higher frequencies is negligible at
L-band. Second, at high wind speeds, the L-band surface emitted TB signal keeps growing
approximately linearly with wind speed [33,38,39]. The signal does not lose sensitivity
as wind speed increases and does not saturate, even in category 5 tropical storms. This
enables L-band radiometers to make reliable wind estimates in strong TCs. This has been
demonstrated and tested in several studies that have compared L-band TC wind speeds
with various reliable external sources [33,38–43].
SMAP and WindSat have approximately the same local ascending node time (about
18:00). This enables us to obtain a large number of WindSat TB–SMAP wind speed matchups in TCs that can be used in training WindSat all-weather wind speed retrievals, including
winds in category 5 storms. This makes SMAP an ideal training set for the WindSat TCwind algorithm. The local ascending node times of AMSR-E and AMSR2 are at about
13:30. As a TC can change significantly in intensity, size, and shape within 4 12 h, it is
difficult to find good match-ups between AMSR TB and SMAP winds for training an
AMSR TC-wind algorithm. However, the channel configurations of frequency and Earth
Incidence Angles (EIA) for the WindSat and AMSR instruments are similar. Therefore, it
is possible to transfer the TC-wind algorithm that has been trained for WindSat to AMSR
after a small TB adjustment that accounts for the frequency and EIA differences between
the two sensors.
In this paper, we will mainly focus on the development and testing of wind speed
retrievals for WindSat and AMSR, which are trained specifically under TC conditions.
These conditions consist of high wind speeds (>15 m/s) and high sea surface temperature
(SST > 25◦ C) as well as potentially high rain rates. We will finally demonstrate how these
algorithms can be extended to global all-weather wind-through-rain retrievals and can be
run under a wide variety of conditions.
Our paper is organized as follows: Section 2 explains the basic methodology for
developing statistical regressions for TC-wind algorithms that utilize WindSat and AMSR
C- and X-band channels and that are trained and tested with SMAP wind speeds. We
discuss the major error sources in the TC-wind algorithm. We also give a brief account on
data production and distribution. In Section 3, we perform a case study that demonstrates
the determination of intensity and size of several selected TCs based on these algorithms
and how the results fit with external sources that are used by TC forecasters. Section 4
gives an outlook on possibly extending the algorithms from C-X-band to X-K band sensors.
Section 5 shows how the algorithms, which have been specifically trained for TC conditions,
can be extended to global all-weather wind retrievals. Section 6 summarizes our findings.
We want to note that a more detailed and comprehensive assessment of the proposed
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WindSat and AMSR TC-wind retrievals is presented in a separate article within this Special
Issue of Remote Sensing [44].
2. Wind Speed Retrieval Algorithms in Tropical Cyclones for C-X Band Sensors
2.1. TC Match-Up Sets between WindSat Brightness Temperatures and SMAP Wind Speeds
The basis of our new statistical TC-wind algorithm is a match-up set between measured WindSat TBs and measured SMAP wind speeds collected in TCs. The SMAP winds
are available as Level 3 global daily maps gridded at 0.25◦ and separated into ascending
and descending swaths [34]. The actual spatial resolution of the SMAP winds is about
40 km.
The WindSat TBs are taken from Level 2 files, in which all WindSat antenna temperature (TA) observations are resampled onto a common fixed 0.25◦ Earth grid by a
Backus–Gilbert type optimum interpolation scheme [45]. The centers of the SMAP wind
grid cells coincide with the centers of the d WindSat grid cells. We use the vertically polarized (V-pol) and horizontally polarized (H-pol) C-band (6.9 GHz) and X-band (10.7 GHz)
WindSat TA that are both resampled to the C-band spatial resolution, which is about
50 km. These resampled WindSat TAs are then converted into TBs following the calibration
procedure outlined in [4,46].
We collect SMAP wind speeds for a series of TCs of category 1 or higher. This means
the maximum SMAP wind speed of the TC is at least 33 m/s. The location and times of the
TC can be easily identified from meteorological records by the major tropical storm forecast
centers, such as the U.S. National Hurricane Center (NHC) or the U.S. Joint Typhoon
Warning Center (JTWC). We use data from storms over the 5-year time period from 2015–
2019. In each storm, we visually identify the center and then collect wind speeds in all
SMAP grid cells whose latitudes and longitudes are within +/− 2◦ of the storm center. We
note that the SMAP sensor is particularly well-suited for these types of high wind speed
measurements. However, at lower wind speeds, the sensitivity of the SMAP radiometer
observation to wind speed decreases [47], and at the same time, the sensitivity to other
environmental parameters, mainly sea surface salinity (SSS), increases. Consequently, the
accuracy of the SMAP wind speed measurements decreases at lower winds. Due to this,
we only use cells whose SMAP wind speed is at least 13 m/s for our match-up set.
As each SMAP grid cell falls within one WindSat grid cell with the same center and
because the ascending node times of SMAP and WindSat fall within a few minutes of each
other, it is easy to find records from both sensors whose observation times match within a
few minutes. Our approach overlays ascending SMAP swaths with ascending WindSat
swaths and descending SMAP swaths with descending WindSat swaths for the same times
and chooses the grid cells from the two sensors with the same center. Since the WindSat
observations have already been optimally interpolated onto the 0.25◦ fixed Earth grid
and the spatial resolution of the WindSat (≈50 km) and the SMAP observations (≈40 km)
are close, additional resampling of the WindSat TBs is not necessary when creating the
match-up set.
As the SMAP and WindSat observations in the match-up sets are within a few minutes,
we do not have to be concerned about the TC changing in intensity, size, or shape. The
match-up set that is constructed this way contains a sufficient number of wind speeds between the lower cut-off 13 m/s up to category 5 storms (70 m/s), and sampling mismatches
between SMAP and WindSat are very small. These factors contribute to make SMAP and
WindSat the ideal couple for training and testing the TC-wind algorithm. This is a distinct
advantage over other all-weather wind algorithms, including our earlier work [23,24].
The WindSat TB–SMAP wind speed set is supplemented with two important ancillary
parameters that are used in developing and testing the TC-wind algorithm: SST and surface
rain rate. SST is obtained from a monthly climatology, which was derived from the NOAA
Optimum Interpolated (OI) SST [48,49]. The SST from the climatology is interpolated in
space and time to the WindSat observation. Note, that WindSat SST measurements [10] are

Remote Sens. 2021, 13, 1641

5 of 23

not available in precipitation. The surface rain rate R is measured and retrieved directly
from WindSat using the higher frequency (18.7, 23.8, 37.0 GHz) channels [10,50,51].
We use half of the match-up set for the years 2015 and 2016 for training of the TC-wind
algorithm and reserve the other half of the match-ups for 2015 and 2016 and for all of
2017–2019 for algorithm testing and evaluation.
2.2. C-X Band Combinations with Reduced Rain Contamination
Before describing the details of the TC-wind algorithm for C/X-band sensors, it is
instructive to give a brief recap of the basic principle that governs the mitigation of rain
contamination.
For the purpose of demonstrating the underlying principle, we assume a simple case
of an ocean–atmosphere system at uniform effective temperature Teff . For a non-scattering
atmosphere, TOA TB that is emitted by the ocean surface and received by the satellite
sensor at the TOA is approximately given by [2,23]:
TB ≈ (1 − ρ·τ2 )·Teff

(1)

ρ denotes the reflectivity of the ocean surface and τ denotes the atmospheric transmittance.
τ is determined from the atmospheric absorption by water vapor, oxygen and cloud
droplets. It thus depends, among other parameters, on the rain rate R.
We consider a linear combination of the C-band and X-band TB for a given polarization
p =V-pol, H-pol. For typical ocean scenes that are encountered in TCs and for the EIA
values of the WindSat and AMSR sensors, the spectral difference in the surface emission is
small. Therefore ρ(C-band) ≈ ρ(X-band) ≡ ρ0 . Consequently,
TB,C-band − λ ·TB,X-band ≈ − ρ0 ·Teff ·[ τC-band 2 − λ·τX-band 2 ]

(2)

The idea is to choose the parameter λ so that the linear combination (2) shows minimal
sensitivity to the rain rate R. That means:
∂/∂R [TB,C-band − λ ·TB,X-band ] = 0
and thus

(3)

λ ≈ [∂ τC-band 2 /∂R]/[∂ τX-band 2 /∂R

(4)

For typical scenes viewed by the WindSat and the AMSR C- and X-band channels, this
results in values of λ in the range of 0.3 . . . 0.4 for both V-pol and H-pol. We can expect that
using linear C/X-band channel combinations with values of λ in this range in the TC-wind
retrievals will result in reduced sensitivity to rain, and thus, reduced rain contamination.
We note that the surface emissivity, and thus, the surface emitted TB of both the
C-band and X-band show very good sensitivity to wind speed at high winds. Similar to
L-band, the surface TBs increase approximately linearly with wind speed, and there is
no indication that the surface signal will saturate at higher wind speeds [52]. This holds
for both V-pol and H-pol. Thus, once the atmospheric attenuation has been removed,
radiometers with the C- and X-band channels are very good candidates for measuring
wind speeds in strong storms.
Figures 2a and 3 demonstrate this basic principle for a SMAP–WindSat match-up of
Hurricane Patricia in the eastern Pacific close to the Mexican coast on 23 October 2015,
when it had exceeded category 5 strength. Figure 2a shows the SMAP wind speed, which
is regarded the target for the WindSat TC algorithm. A detailed analysis of this particular
case, including a comparison between SMAP and SFMR wind speed measurements, was
given in [33]. The rain effect is clearly evident when looking at the TB of the individual
C-band (Figure 3a) and X-band (Figure 3b) WindSat channels and comparing them with the
WindSat rain rate measurement (Figure 3c). For example, the large rain band that is visible
in the SE and SW quadrants shows up as artificially high TB in both the C-and X-band
channels. As expected, the rain effect is stronger at the X-band than at the C-band. However,
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in the linear combination TB,C-band − 0.4·TB,X-band (Figure 3d) the rain contamination in
that band gets significantly reduced and the resulting TB field resembles the SMAP wind
speed field much better than the individual C- and X-band TB do.

Figure 2. Passes of AMSR2 and WindSat over Hurricane Patricia on 23 October 2015. (a) SMAP wind
speed. The SMAP pass occurred at around 13:12 UTC. (b) WindSat TC-wind speed. The WindSat
pass occurred a couple minutes later.

Figure 3. Basic methodology to minimize rain contamination in TC wind speed retrieval for the WindSat
passes over Hurricane Patricia (Figure 2): (a) WindSat 6.8 GHz TB vertical polarization. (b) WindSat
10.7 GHz TB vertical polarization. (c) WindSat rain rate. (d) Combination 6.8 GHz–0.4 ·10.7 GHz V-pol
TB. The rain contamination is reduced in this channel combination.
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2.3. Statistical Linear Regressions for C/X-Band Channels
The WindSat TC-wind algorithm is a statistical linear regression of the wind speed
W against the WindSat TB measurements, which is trained from the SMAP wind speed–
WindSat TB match-up set of Section 2.1. The regression has the form:
W = a(R) + ∑i,p bi,p (R)·(TBi,p − T B,off ) + ∑i,p ci,p (R)·(TBi,p − TB,off )2

(5)

In the sums, the frequency index i runs over C-band and X-band and the polarization
index p runs over V-pol and H-pol. We include linear and quadratic terms in TB from
both the C- and X-band and both V-pol and H-pol channels. The value of TB,off is set to
150 K. We train a set of algorithms in four different rain intervals based on the value of
the WindSat rain rate R as indicated in Table 1. Consequently, the regression coefficients a,
bi,p and ci,p in (5) depend on rain rate R. When calculating W from (5) in the retrievals, we
linearly interpolate between the values of R listed in the second column of Table 1, which
are the population weighted averages in each regime. When the value of R lies outside the
range of these interval centers, we do not extrapolate, but rather cut-off the value of R at
the lowest and the highest value shown in the second column of Table 1. In choosing the
four intervals, we have tried to ensure a sufficient population in each interval. The choice
of the rain rate intervals is not unique, and we have checked that the TC-wind retrievals
are robust when varying the size of the intervals.
Figure 4 shows scatterplots in three different rain rate regimes of the retrieved WindSat
TC-winds versus the SMAP wind speed for winds above 15 m/s when the WindSat TCwind algorithm is run on the match-up set that was reserved for testing as described
in Section 2.1. The statistical results for the bias, standard deviation, and correlation
coefficient that are presented in the figure indicate the expected performance of the TCwind algorithm when compared to SMAP winds. The WindSat TC-wind field of the
Patricia overpass case is shown in Figure 2b and closely resembles the result from the
linear TB combination (Figure 3d) that we have considered in Section 2.2. We note that in
the NE quadrant, where the rain rates are very high, some residual rain contamination in
the WindSat TC-wind of Figure 2b is still present. Thus, for very strong precipitation we
expect that the TC-wind algorithm performance might degrade but nevertheless constitutes
a clear improvement over rain-free algorithms. Figure 5a displays the WindSat TC-wind
field for the pass over Hurricane Florence from Section 1. The strong rain contamination
that is observed with the standard rain-free algorithm (Figure 1c,d) has been largely
reduced. These results demonstrate the capability of the SMAP-trained WindSat C/Xband combination algorithm to retrieve realistic and usable wind speeds in strong TCs.

Figure 4. Testing of WindSat TC algorithm in 3 different rain regimes. The figures show scatterplots between the SMAP
and the retrieved WindSat TC wind speeds of the SMAP–WindSat match-up set that was reserved for algorithm testing
(Section 2.1). Only observations for which both wind speeds are above 15 m/s are included. (a) Light rain (WindSat rain rate
above 0 and below 4 mm/h). (b) Moderate rain (WindSat rain rate above 4 and below 8 mm/h). (c) Heavy rain (WindSat
rain rate above 8 mm/h). The values of the bias, standard deviation and the linear correlation coefficient are indicated in
each plot.
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Table 1. Rain rate intervals used for training the WindSat TC-wind algorithm. The 2nd column
contains the population weighted average in each interval.
Rain Rate Interval (mm/h)

Average Rain Rate (mm/h)

0<R≤1
1<R≤5
5<R≤9
R>9

0.2
2.5
7.0
12.1

Figure 5. TC-wind speed retrievals for the Hurricane Florence overpasses from Figure 1 of WindSat
(a) and AMSR2 (b). Note, that the color bars in Figures 1 and 5 are different.

2.4. AMSR TC-Wind Algorithm
The TC-wind algorithm for the AMSR-E and the AMSR2 sensors requires an additional
step due to the fact that the ascending node times of the AMSR and SMAP radiometers
differ by about 4 12 hours. During that time period, a TC can undergo significant changes
in intensity, size, and shape. Therefore, constructing a match-up set with SMAP winds, as
we did for training the WindSat algorithm, is difficult as it would result in a significant
sampling mismatch. Moreover, the center frequencies and EIA of the AMSR and WindSat
differ (Table 2) and thus the TOA TBs also differ. Therefore, the statistical regressions (5)
that were derived for WindSat in Section 2.3 cannot be directly applied to the AMSR TBs.
Similar to WindSat, the AMSR C- and X-band TA measurements are optimally interpolated to a common location and to the spatial resolution of the C-band (≈50 km) and
subsequently converted into TBs. For AMSR, the resampling and calibration procedure
is outlined in [53–55]. There is a subtle difference between the optimum interpolation
schemes WindSat and AMSR. For AMSR, the sampling is carried out on a swath grid,
which is based on the actual AMSR scanning geometry, rather than on the fixed Earth grid
that was employed for WindSat. Scanning and swath geometry for AMSR are simpler than
for WindSat and thus it is possible to process AMSR retrievals directly on the swath grid.
For the TC-wind algorithm, the grid and resampling differences have no major impact.
In order to transfer the WindSat TC-wind algorithm to AMSR, we first need to adjust
the AMSR C- and X-band TB measurements from the AMSR to the values of the WindSat
frequency f and EIA θ. This adjustment can be performed using the same RTM that is used
for computing the TOA TB [2,52,56,57] and then applying the shift:
(TB, AMSR )adj = (TB, AMSR )measured + [TB,RTM (fWindSat , θWindSat ) − TB,RTM (fAMSR , θAMSR )]

(6)

This technique is frequently referred to as the double difference method. The shift
is performed for each channel separately using the values for f and θ from Table 2. The
statistical regression algorithm for WindSat (5) can then be run on the adjusted AMSR TB.
The RTM computation in (6) requires several geophysical input parameters. For the
atmospheric part, we use the bulk formulas from [2]. The sea-surface temperature TS is
again taken from the monthly climatology based on the NOAA OI SST [49]. The values for
columnar water vapor V, columnar cloud liquid water L, and the rain rate R, are retrieved
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from AMSR using the higher frequency channels at 18.7, 23.8, 36.5 GHz [8,9]. For the value
of wind speed, which contributes to the surface emissivity, we use a value of 15 m/s, which
is typical for the conditions we encounter in TC. We note that the RTM computation in (6)
only needs to calculate the TB differences between the WindSat and AMSR configurations
given in Table 2. These differences are small. Therefore, the TB difference computation is
much more robust against any uncertainties in the RTM or the geophysical input than the
RTM computations of the TB themselves. When taking the difference, these uncertainties
cancel to a large degree.
We use the same TC-wind algorithm for AMSR-E and AMSR2, which utilizes the
6.925 GHz (C-band) and 10.65 GHz (X-band) channels. AMSR2 has additional C-band
channels at 7.3 GHz V-pol and H-pol that we do not use, as they do not have counterparts
in WindSat and thus the corresponding TB adjustment (6) would be less accurate. We note
that there are other approaches for developing AMSR2 winds in storms that do utilize
these 7.3 GHz channels [27–29].
Figure 5b shows the AMSR2 TC-wind field for Hurricane Florence and is to be compared with the unrealistic result from the rain-free algorithm from Figure 1a. Figure 6
shows the AMSR-E TC-wind for the well-known example of Hurricane Katrina. In both
instances, the AMSR TC-winds are very realistic in size and intensity. We will elaborate on
this further and conduct a comparison with external sources in Section 3.

Figure 6. TC wind speed retrievals of the AMSR-E passes over Hurricane KATRINA on 2005/08/28
07:32 UTC. The full lines are the TC-wind contours of the 17.5 m/s (34 kt, gale-force), 25.7 m/s (50 kt,
storm force) and 33 m/s (64 kt, hurricane force) winds. The dashed lines indicate the gale-force and
storm force radii in the 4 quadrants (NE, SE, SW, NW) from the Best-Track (BT) data provided by the
US National Hurricane Center (see the discussion in Section 3).
Table 2. Values of the center frequencies and nominal Earth Incidence Angles (EIA) for the WindSat
and AMSR C-band and X-band channels.
Sensor

Center Frequency
C-Band

Center Frequency
X-Band

EIA
C-Band

EIA
X-Band

WindSat

6.8 GHz

10.7 GHz

53.7◦

50.1◦

AMSR-E/AMSR2

6.925 GHz

10.65 GHz

55.0◦

55.0◦

2.5. Error Sources
We now list and briefly discuss the major error sources that enter the TC-wind retrieval algorithm:
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1.

2.

3.

4.
5.

6.
7.

8.

There is radiometer noise, calibration uncertainties or pointing errors in the WindSat
or AMSR TB. These uncertainties already enter into standard rain-free wind speed
retrievals. From validation studies that have been performed [1,6,7], we can estimate
their magnitude amount to wind speed errors of 1 m/s or less.
Wind direction error: We have neglected wind direction in the TC-wind retrievals.
The size of the wind direction signal in the surface emissivity at the C- and X-band
ranges from about 1 K at 15 m/s to 2 K at very high winds [52], which translates into
an error of at least 1–2 m/s in the retrieved wind speeds.
There might be environmental parameters other than wind speed or direction that
could impact the ocean surface roughness and the microwave emission from it
(e.g., wave height or wave direction).
There are uncertainties in the radiometer rain rate R that is used as input to the
regression (5).
For the AMSR TC-wind retrieval, there can be errors in the RTM adjustment (6) or
in the input parameters that are needed in the computation of (6), such as SST, V, L
and R.
There is variability in the atmospheric conditions that are present within the TC, in
particular the atmospheric moisture and temperature.
In very heavy precipitation (10 mm/h rain rate and higher), the contribution of
atmospheric scattering by rain droplets starts increasing for the higher X-band
frequency channels. We have neglected scattering in our approach. The argument
from Section 2.2. breaks down and so does the training of the TC-wind algorithm
from Section 2.3. Atmospheric scattering leads to a decrease in the TOA TB and
thus has the opposite effect from atmospheric absorption, which increases the TOA
TB [15]. Therefore, atmospheric scattering can result in a negative bias in the retrieved
wind speed.
There is noise in the SMAP wind speeds that were used for training the WindSat
TC-wind algorithm.

With the exception of the first two items, it is difficult to give a quantitative estimate
for the single sources in this list. An estimate of the total retrieval uncertainty and an
estimate of the algorithm performance can be made from the standard deviation values for
the algorithm testing that are given in Figure 4.
2.6. Data Processing and Distribution
Remote Sensing Systems (RSS) processes and distributes daily global TC-wind maps
in netCDF4 format for SMAP, WindSat, AMSR-E and AMSR2 (http://www.remss.com/
tropical-cyclones/tc-winds/). For SMAP and AMSR2, which are currently operating, the
processing is carried out in near-real time (NRT) with a latency of about 2 h, and the daily
maps are updated as soon as a new orbit has been processed. The maps are gridded at
0.25◦ and separated into ascending and descending swaths. In addition to the TC-wind
speed, each grid cell also contains the time of observation. The WindSat maps also contain
the values for wind direction, rain rate, and ancillary SST. The AMSR-E and AMSR2 maps
also contain the values for rain rate, columnar water vapor, and ancillary SST.
The TC-wind algorithms for WindSat and AMSR have been trained specifically under
TC conditions, which comprise high wind speeds and high SST. One should expect that the
algorithm breaks down if these conditions are not met. For this reason, the daily TC-wind
maps contain no data if the ancillary SST is below 20◦ C or the retrieved wind speed is
below 10 m/s.
3. Time Series of Intensity and Size of Selected Tropical Cyclones
The TC-wind retrievals from AMSR, WindSat, and SMAP allow for an easy determination of parameters that are used by TC forecasters and warning centers to characterize
the size, shape, and strength of the storms [58–69]. These are:
1.

The storm intensity, which is defined as the maximum 1-min sustained wind speed.
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2.

The maximum radii of the gale-force (34 kt, 17.5 m/s), storm-force (50 kt, 25.7 m/s)
and the hurricane force (64 kt, 33 m/s) winds, labelled R34, R50, R64, in each quadrant
NE, SE, SW, NW.

Another important storm parameter is the radius of maximum wind speed, which
characterizes the distance from the storm center to the eyewall of the cyclone. However,
the spatial resolution of the satellite winds that we consider (40–50 km) is in most instances
not sufficient to determine this parameter and therefore, we will not consider it here.
In this section, we will compute and compare intensity and radii from the two AMSR,
WindSat, and SMAP with estimates from the Best Track (BT) data [59,61] for several selected
storms. These BT data are collected and distributed by the U.S. National Hurricane Center
(NHC) [70] for TC in the Atlantic and eastern Pacific basins and by the U.S. Joint Typhoon
Warning Center (JTWC) [71] for the other four basins (Central Pacific, western Pacific,
Southern Hemisphere, and Indian Ocean). They are based on a consensus on data sources
and methods that the forecasters are confident in. In the few instances where SFMR
measurements from hurricane-penetrating aircrafts are available, those are used in the
BT data. If no SFMR observations exist, estimates for the BT R34 radii are mostly based
on measurements from the European Advanced Scatterometer ASCAT [72], which are
considered a reliable source. There is much less confidence in the values of the R50 radii
and even less in the R64 radii. We will not consider R64 for our comparisons. The BT
estimates for the TC intensity largely rely on the Dvorak technique [58,60] or refinements
of it [73]. These methods are based on cloud pattern recognition from visible and infrared
satellite sensors. One needs to be aware that this is an indirect technique for determining
the maximum wind speed in a TC, and there are uncertainties associated with it [62].
In addition to the BT data, the SATCON archive [74,75] of the Cooperative Institute for
Meteorological Satellite Studies at the University of Madison-Wisconsin is a very valuable
database for intensity estimates of TCs that we have used for our comparisons. It is based
on a consensus approach using numerous data sources and also provides an estimate of
the uncertainties that are associated with the recorded intensity values.
Before presenting the results of the comparison, we need to mention and discuss
the difference in spatial and temporal scales that come into play when estimating TC
intensities. The BT and SATCON intensity values refer to 1-min sustained maximum winds
and the sources of the estimate are generally of high spatial resolution, on the order of a
few km or better. The spatial resolution of the satellite sensors in our study is significantly
coarser (40–50 km). Consequently, our satellite maximum winds are lower that then BT
or SATCON estimates as the satellite measures an average over a larger spatial scale. In
general, the relation of TC intensity estimates from observations at different spatial scales
depends on the size, structure, and strength of the TC wind field itself [76]. As a rule of
thumb, the TC intensity estimates from the AMSR, WindSat, and SMAP satellites should be
considered as corresponding to a 10-minute sustained wind. Therefore, in order to allow
a better comparison of our results with the BT and SATCON values, we have scaled the
BT and SATCON intensities from 1-minute to 10-minute sustained winds using a factor of
0.93 that has been recommended by the WMO [77]. A detailed methodology of comparing
TC-wind fields from our AMSR, WindSat, and SMAP algorithms with wind fields for the
high spatial resolution HWRF (Hurricane Weather Research and Forecasting) model is
presented in [44].
When computing the radii of our satellite TC-winds, we first visually identify the
storm center. Although the values of the storm radii are formally defined as the maximum
radius for each of the wind contours in each quadrant, we report the upper value of the
80 percentile. This is carried out because there is considerable noise in the retrieved satellite
winds, which can result in outliers if the actual maximum radius is reported. An example
for the wind radii determination from the AMSR-E TC-wind compared to BT is shown in
Figure 6 for the case of Katrina.
The following cases were selected to allow a comparison between our satellite TCwinds and BT or SATCON data for the time series of numerous passes over the same storm,
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and thus, an assessment of the time evolution of the size and strength of the cyclone over
the lifetime of the storm. Of particular interest are cases with large changes of the storm
intensity that occur within a short time period, known as rapid intensification [78]. We
only show cases where the extent of the satellite view is sufficient to determine intensity
and radii.
Figure 7 shows the intensity time series for Hurricane Katrina, as seen by WindSat
and AMSR-E compared to BT.

Figure 7. Intensity (maximum wind speed) time series of TC winds from AMSR-E (green triangles)
and WindSat (blue squares) passes over Hurricane Katrina in 2005. The black line indicates the
intensity time series of the BT data after scaling them to 10-min sustained winds to better match the
scales seen by the satellite sensors.

The intensity time series from AMSR2, WindSat, and SMAP are displayed in Figure 8 for
Hurricane Florence and in Figure 9 for Super Typhoon Mangkhut, compared to SATCON.
The Mangkhut radii time series compared to BT are shown in Figure 10 for R34 SE and in
Figure 11 for R50 SE.

Figure 8. Intensity (maximum wind speed) time series of TC winds from SMAP (red circles), AMSR2
(green diamonds) and WindSat (blue squares) passes over TC Florence in 2018. The solid black
line indicates the intensity time series of the University of Wisconsin SATCON data after scaling
them to 10-min sustained winds. The dashed black lines indicate the +/−2-sigma deviation of the
SATCON data.
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Figure 9. Intensity (maximum wind speed) time series of TC winds from SMAP (red circles), AMSR2
(green diamonds) and WindSat (blue squares) passes over Super Typhoon Mangkhut in 2018. The
solid black line indicates the intensity time series of the University of Wisconsin SATCON data after
scaling them to 10-min sustained winds. The dashed black lines indicate the +/−2-sigma deviation
of the SATCON data.

Figure 10. Time series of R34 (34 kt, 17.5 m/s, gale-force winds) in the SE sector from SMAP (red
circles), AMSR2 (green diamonds) and WindSat (blue squares) passes over Super Typhoon Mangkhut
in 2018. The black line indicates the R34 radii time series of the BT data.

Figure 11. Time series of R50 (50 kt, 25.7 m/s, storm-force winds) in the SE sector from SMAP (red
circles), AMSR2 (green diamonds) and WindSat (blue squares) passes over Super Typhoon Mangkhut
in 2018. The black line indicates the R50 radii time series of the BT data.
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In general, we observe good agreement between the satellite-derived parameters and
the BT and SATCON values. The satellite TC-winds are more than capable of tracking
the evolution of the strength and size of the storms over the lifetime of the TC. We also
note consistency among the three satellites SMAP, AMSR, and WindSat. This is, of course,
largely due to the fact that both AMSR and WindSat TC-wind algorithms have been trained
from SMAP winds.
In order to aid the routine ingestion of the TC-winds into the Automated Tropical
Cyclone System (ATCF) by the U.S. Navy and the JTWC, we have augmented the NRT
TC-wind fields (Section 2.6) with simple text files in ATCF [59] format that contain values
of the storm intensity and radii. The automated NRT determination of the storm radii
requires knowledge of the storm center. Our current processing obtains the storm center
coordinates from TC track forecasts. In the future, we will consider using an automatic
storm center determination based on the MTrack method that has been developed by [79].
4. Extension to X-K Band Sensors
The number of present and planned passive microwave sensors that operate at the
C-band is very limited. It is therefore desirable to be able to apply a similar technique
as we have developed for the WindSat and AMSR TC-winds to instruments that operate
at higher frequencies. Absorption and scattering by rain both increase with increasing
frequency. In order to keep the degradation due to rain contamination as small as possible
in the absence of C-band, the best option is a TC-wind algorithm that uses X-band and Kuor K-band frequencies.
We have performed a preliminary study for a TC-wind algorithm using the WindSat
10.7 and 18.7 GHz channels and present some first results in this section. The training and
basic testing of this algorithm follows the same steps of the WindSat C/X-band algorithm
that was laid out in Section 2.3. In the regression (5), the 6.8 GHz V-pol and H-pol TB are
swapped for the 18.7 GHz V-pol and H-pol TB and new regression coefficients are derived
from the WindSat 10.7/18.7 TB–SMAP wind speed match-up set.
Figure 12 shows the scatterplot between WindSat TC-winds and the SMAP winds,
which can be directly compared to the corresponding results of the WindSat C/X-band
algorithm from Figure 4. The statistics for the case of light rain (rain rate larger than 0 and
up to 4 mm/h, Figures 4a and 12a) are very close in both algorithms. This indicates that
training a X/K-band TC-wind algorithm is feasible in light rain. At higher rain rates, the
degradation of the X/K-band compared to the C/X-bands results is noticeably stronger.
This is not surprising, as we expect that atmospheric scattering by rain becomes stronger
in high precipitation for the K-band channels. As noted in Section 2.5., this can lead to
a decrease in the K-band TB in high rain, which will result in a decrease of the retrieved
wind speeds. The scatterplots in Figure 12b,c indicate that this is indeed the case.

Figure 12. Same as in Figure 4 but using the WindSat X-K-band TC-wind algorithm.

Figure 13 shows the TC-wind fields of Typhoon Haima as seen by SMAP (Figure 13a),
WindSat C/X-band (Figure 13c), and WindSat X/K-band (Figure 13d). The WindSat rain rate
is also shown (Figure 13b). The rain contamination in the outer rain band, in particular in
the SW and SE sectors, is evident in the X/K-band winds when compared to the C/X-band
winds. Nevertheless, the size, shape, and intensity of the cyclone that is measured by
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the X/K-band algorithm compares well with the C-X-band winds and also to the SMAP
winds. Despite the increased rain contamination, it might still be possible to extract
usable measurements of the storm intensity and radii. We will perform further studies to
explore the extent to which this can be carried out. A possible extension of the TC-wind
algorithm to X/K-band would make it possible to include several additional sensors, such
as the Tropical Rainfall Measurement Mission Microwave Imager (TMI) [80], the Global
Precipitation Mission Microwave Imager (GMI) [81], and also the Weather System Followon Mission Microwave Imager (WSF-MWI) [82,83], whose launch is planned for 2023.

Figure 13. SMAP and WindSat passes over Typhoon Haima on 10/17/2016. Both overpasses occurred
within 5 min at around 21:25 UTC. (a) SMAP wind speed. (b) WindSat rain rate. (c) WindSat TC-wind
speed using the C-X-band algorithm. (d) WindSat TC-wind speed using the X-K-band algorithm.

5. Extension to Global All-Weather Wind Retrievals
The AMSR and WindSat TC-wind algorithms were trained specifically for TC conditions, which comprise high SST and high winds. We expect that the algorithm performance
quickly degrades when applied to cases that do not meet the conditions of the training set.
In order to retrieve winds through rain globally, including ETCs or in areas with tropical
convection, it is necessary to take additional steps. This is described in this section.
5.1. WindSat—SMAP—NCEP Match-Up Set
Using SMAP wind speeds to train winds-through-rain algorithms is appropriate at
high wind speeds (>15 m/s), where the SMAP winds are reliable. However, at lower
wind speeds, the SMAP winds become less accurate. There are several reasons for this.
First, the L-band wind-induced emissivity signal loses sensitivity to wind speed in both
polarizations between 5–10 m/s. Second, the SMAP wind speed algorithm requires SSS
as an external input, which is obtained from a salinity climatology. During heavy rain
events and at lower wind speeds, significant SSS stratification occurs in the upper ocean
layer [84], which results in less accurate external SSS input from climatology and therefore
less accurate L-band wind speeds.
In order to train the global C/X-band all-weather algorithm, we have created a matchup set of triple collocations containing WindSat TB and wind speeds from SMAP and
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the NCEP Global Data Assimilation System (GDAS) model [85]. The NCEP winds come
gridded at 0.25◦ and every 6 h. We have linearly interpolated the NCEP scalar wind speeds
in space and time to the WindSat TB observation. The allowed time difference between
SMAP and WindSat TB is at most 30 min.
In general, the confidence in SMAP is good at higher wind speeds but not as good at
lower wind speeds. Conversely, the confidence in NCEP is good at lower wind speeds but
not as good at higher wind speeds. We have observed very good match-up between SMAP
and NCEP winds between 15 and 20 m/s. For training and testing the global all-weather
winds algorithm, we first check the NCEP wind speed and use it if it is less than 20 m/s.
Next, we check the SMAP wind speed and use it if it is above 15 m/s. If the SMAP wind
speed is less than 15 m/s and the NCEP wind speed is above 20 m/s, we discard the
observation. Note that this happens very rarely.
The match-up set comprises all the WindSat–SMAP TC match-ups from Section 2.1.
In addition, we include orbits containing observations from all seasons and several orbits
that include strong ETC. The total size of the match-up set is 409 WindSat orbits. As
we did for the TC match-up set, we augment each match-up with the WindSat rain rate
and the ancillary NOAA OI SST. We reserve all observations from the ascending WindSat
swath for algorithm training and all observations from the descending WindSat swaths for
algorithm testing.
5.2. Training of the Global All-Weather Wind Algorithm
The global all-weather retrieval is performed in a two-stage regression. In the training
of each stage, it is necessary to include SST as additional parameter. Both ocean surface
emissivity and the absorption by cloud liquid water depend on surface temperature.
Therefore, the global algorithm needs to be trained differently in different SST regimes. The
regression coefficients (5) of the global all-weather algorithm depend both on rain R and on
SST TS . The training of this first stage regression is carried out in several rain rate intervals
and in several TS intervals, as indicated in Table 3. The size of the intervals is chosen to
ensure the sufficient population of each bin when performing the training. In order to
achieve sufficient bin population, we let the adjacent R and TS intervals overlap. We keep
track of the population weighted averages in each R bin and each TS bin. In the retrieval,
we linearly interpolate between the interval center values for R and TS . If the ancillary
input values fall outside the interval centers, we do not extrapolate but cut them off at the
low or high ends. This completes the first stage regression for the global all-weather winds.
Table 3. Intervals of rain Rate R, SST TS , and wind speed W that are used in the training of the 1st
and 2nd stages of the global all-weather wind speed algorithms. The intervals overlap and are chosen
to ensure sufficient population in each bin.
R intervals in 1st stage (mm/h)
TS intervals in 1st stage (◦ C)
R intervals in 2nd stage (mm/h)

0 < R ≤ 0.2.

0.1 ≤ R ≤ 6.

3 ≤ R ≤ 10.

R ≥ 10.

−2 ≤ TS ≤7. 5 ≤ TS ≤ 15. 13 ≤ TS ≤ 20.
18 ≤ TS ≤ 26. 25 ≤ TS ≤ 32.
0 < R ≤ 0.2.

0.1 ≤ R ≤ 6.

R ≥ 3.

TS intervals in 2nd stage (◦ C)

−2 ≤ TS ≤ 7. 5 ≤ TS ≤ 15. 13 ≤ TS ≤ 20.
18 ≤ TS ≤ 26. 25 ≤ TS ≤ 32.

W intervals in 2nd stage (m/s)

0 ≤ W ≤ 8. 5 ≤ W ≤ 12. 10 ≤ W ≤ 20. W ≥ 17.

Due to the large wind speed range in the global algorithm, it is beneficial to add a
second stage regression that refines the retrieval. The method was developed and laid out
in [3] for standard rain-free wind speed retrievals. In the second stage, the regressions
are trained in different wind speed intervals, and thus, the regression coefficients in (5)
now depend on three parameters: R, TS, and wind speed W. The value of W is obtained
from the first stage regression both in the algorithm training as well as when running the
retrievals. Overlapping R, TS, and W intervals are used in the algorithm training (Table 3).
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Note that different R intervals were chosen for the first and second stage. The reason for
the interval choice is, again, to ensure a sufficient population in each interval when training
the algorithm. In the retrievals, we tri-linearly interpolate between each (R, TS , W) interval
center. In the second stage regression, we only include terms that are linear in TB and omit
the quadratic terms in (5). In each of the wind speed intervals (Table 3), the relationship
between TB and W is approximately linear and adding higher order terms might result in
over-fitting. This completes the second stage regression for the global all-weather winds.
When applying the global all-weather wind retrieval to AMSR, we adjust the measured
AMSR TB to the WindSat frequency and EIA configuration using the RTM difference (6), as
explained in Section 2.4.
Figure 14 shows the two-dimensional pdf between global all-weather AMSR2 and
NCEP wind speed for all AMSR2 observations in rain during the whole year of 2019 in three
rain regimes. The standard deviations of the wind speed differences AMSR2–NCEP are
1.99 m/s in light rain, 3.03 m/s in moderate rain and 3.67 m/s in heavy rain. For reference,
the AMSR2-NCEP standard deviation using rain-free AMSR2 retrievals is approximately
1.2 m/s.

Figure 14. 2-dimensional probability density function between global AMSR2 all-weather wind speeds (y-axis) and NCEP
wind speeds (x-axis), for different rain regimes. The dashed red line indicates the 1:1 (y = x) line. The full black line indicates
the symmetrized binned averages, which are obtained by binning y with respect x, x with respect to y, and taking the
arithmetic average between the two cases. The bin sizes are 1 m/s. (a) Light rain (AMSR2 rain rate above 0 and below
4 mm/h). (b) Moderate rain (AMSR2 rain rate above 4 and below 8 mm/h). (c) Heavy rain (AMSR2 rain rate above
8 mm/h). The values of bias and standard deviation are also indicated in each plot.

5.3. Validation with Buoy Wind Speeds
It is desirable to validate the global all-weather wind speed retrievals with an independent in situ source, such as buoys. We have collected match-ups between AMSR2
all-weather winds and buoy observations from three sources: (1) the National Data Buoy
Center (NDBC) [86,87], which includes the tropical TAO buoy array [88]; (2) The Pacific Marine Environmental Laboratory (PMEL) [89], which includes buoys from the PIRATA [90] and RAMA [91] arrays; (3) the Canadian Marine Environmental Data Section
(MEDS) [92,93]. For a valid match-up, we require that the AMSR2 wind measurements
falls within +/−30 min of an hourly averaged buoy observation and that the center of the
0.25◦ AMSR2 grid cells is within 25 km of the buoy location. Satellite wind measurements
correspond to 10-m neutral stability winds. Therefore, all buoy measurements were converted to 10-m neutral stability winds in order to allow comparison to the satellite winds.
Details on comparing buoy and satellite wind measurements can be found in [94]. The
AMSR2–Buoy match-up set comprises 3 years of data 2017–2019.
Figure 15 displays the AMSR2–buoy statistics. The results are consistent with the
AMSR2–NCEP statistics from Figure 14. For comparison, the AMSR2–buoy standard
deviation of the standard no-rain algorithm run in rain-free scenes is 0.96 m/s. When
plotted as a function of rain rate (Figure 15b) the standard deviation of the AMSR2 allweather algorithm increases gradually up to rain rates of about 10 mm/h. For rain rates
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above 12 mm/h, the errors in the all-weather winds are large enough that the data become
unusable for most practical applications.

Figure 15. Comparison between global AMSR2 all-weather and buoy wind speeds. (a) Bias (full lines) and standard
deviation (dashed lines) of the AMSR2–buoy wind speed difference as function of the average between AMSR2 and buoy
wind speed. The 3 colors indicate 3 different rain regimes: Brown = light rain (AMSR2 rain rate above 0 and below 4 mm/h).
Green = moderate rain (AMSR2 rain rate between 4 and 8 mm/h). Blue = heavy rain (AMSR2 rain rate above 8 mm/h).
(b) Bias (blue) and standard deviation (green) of AMSR2–buoy wind speed as function of AMSR2 rain rate using 1 mm/h
bins. Observations in which the buoy wind speed exceeds 15 m/s have been excluded. The black line indicates the number
of observations in each rain rate bin.

5.4. Example of Extra-Tropical Cyclone
Finally, Figure 16 shows an example of a strong ETC in the northern Pacific. There are
good views of the storm, as seen by AMSR2, WindSat, and the ASCAT-B scatterometer [95]
within 8 h on the same day. The sizes, shapes, and strength of the wind fields from the three
satellites compare very well. In general, ETCs do not change as rapidly in size and intensity
as it is often the case for TCs. Thus, the comparison of satellite passes that are several hours
apart is meaningful for ETCs. We note that there is no strong rain contamination visible in
any of the three satellite wind fields.

Figure 16. Example of all-weather wind speeds from AMSR2 and WindSat in a strong extra-tropical cyclone, which occurred
on 12/24/2018 in the northern Pacific. (a) AMSR2 all-weather wind. (b) WindSat all-weather wind. (c) For comparison we
show the wind from the ASCAT-B scatterometer processed by the RSS algorithm [95]. (d) AMSR2 rain rate. (e) WindSat
rain rate.
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6. Summary and Conclusions
Ocean wind speed retrieval algorithms for passive microwave sensors that are trained
in non-precipitating atmospheres perform well if there is no rain but quickly degrade and
break down in precipitation. Radiometers that operate at C-band and X-band frequencies,
such as WindSat and AMSR, allow for the training of statistical winds-in-rain algorithms.
It is possible to combine the different frequencies so that the effects of rain absorption are
reduced, but the sensitivity to surface wind speed is maintained.
We have shown how to train wind speed retrieval algorithms in tropical cyclone
conditions from match-up sets between WindSat TB measurements and wind speeds from
the L-band radiometer SMAP. The SMAP sensor provides reliable high wind speed observations that are not or are minimally affected by precipitation. The orbital configuration of
the SMAP and WindSat sensors is such that both sensors observe the same Earth location
very close in time, which is ideal for training a statistical regression algorithm. The WindSat
all-weather wind algorithm can be transferred to the AMSR configuration by making a
small adjustment to the AMSR TB measurements using a radiative transfer model in order
to account for small differences in viewing geometry and frequency.
We have presented case studies that demonstrate the usefulness of the WindSat and
AMSR TC-winds for determining size, shape, and strength of tropical cyclones up to category 5. Radii and intensity estimate from our SMAP, WindSat, and AMSR2 TC-wind field
retrievals are currently being routinely ingested by several tropical storm warning centers.
We have shown how the algorithms can be extended from tropical cyclone conditions
to global all-weather wind retrievals and run in ETCs and areas of tropical convection.
A preliminary study using X-band and K-band frequencies indicates limited potential
to train winds through rain algorithms also for X/K -band sensors.
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