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Abstract: This study presents a new retrieval approach for obtaining wind speeds from CyGNSS
level-1 observables. Unlike other existing approaches, (1) this one is a variational technique that
is based on a physical forward model, (2) it uses uncalibrated bin raw counts observables, (3) the
geophysical information content comes from only one pixel of the broader delay-Doppler map, finest
achievable resolution in level-1 products over the sea, and (4) calibrates them against track-wise
polynomial adjustments to a background numerical weather prediction model. Through comparisons
with the background model, other spaceborne sensors (SMAP, SMOS, ASCAT-A/B), and CyGNSS
wind retrievals by other organizations, the study shows that this approach has skills to infer wind
speeds, including hurricane force winds. For example, the Pearson’s correlation coefficient between
these CyGNSS retrievals and ERA5 is 0.884, 0.832 with NOAA CyGNSS results, and 0.831 with respect
to SMAP co-located measurements. Furthermore, the variational retrieval algorithm is a simplified
version of the more general equations that are used in data assimilation, and the calibration scheme
could also be integrated in the assimilation process. Therefore, this approach is also a good tool
for analyzing the potential performance of ingesting uncalibrated level-1 single-pixel observables
into NWP.
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1. Introduction

CyGNSS is a NASA constellation of satellites with the objective of measuring ocean winds
across tropical cyclones [1]. The mission uses signals that are transmitted by navigation satellites
(Global Navigation Satellites Signals, GNSS, in particular, the Global Positioning System, GPS) as
sources of opportunity for bi-static radar measurements over the sea surface, a technique that is called
GNSS reflectometry (GNSS-R) e.g., [2–5]. The power, shape, and delay of the reflected signals embed
information regarding the reflecting surface, such as ocean roughness and winds e.g., [6,7], sea, sea ice,
ice sheet, and lake altimetry e.g., [8–13], cryosphere and land parameters, such as sea ice detection
e.g., [14,15], ice sheets melting fraction [16], soil moisture e.g., [17], biomass e.g., [18], flooding e.g., [19],
and permafrost active layer thaw/freeze state e.g., [20].

UK TDS-1 was a demonstration mission that carried a former version of CyGNSS’ GNSS-R
receiver [21]. The wind retrievals that were obtained with TDS-1 showed the importance of calibrating
the GNSS-R observables in absolute terms (e.g., like in radiometry), and that extreme winds could be
retrieved [22–24]. Discussions are taking place about the large uncertainties for wind speeds above
20 m/s in CyGNSS data. Possible reasons for larger uncertainty in high wind speed retrievals are
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(1) the decrease in sensitivity of the CyGNSS L1 observables to changes in wind speed as the winds
increase (−0.15 dB/(m/s) above 15 m/s winds [25]), (2) the sensitivity of these observables to other
sea state conditions such as wave age or fetch length [26]. In order to overcome this issue, the CyGNSS
level-2 (L2) wind speed products are generated while using two separate Geophysical Model Functions
(GMF), corresponding to well developed and young sea/limited fetch regimes [26]. The retrievals that
are based on young seas are used over extreme events, yielding wind speed root mean square (RMS)
uncertainties reported at 17% level [27], or 11.3% [28]. Nonetheless, there is no continuity between
both regimes, which poses an ancillary uncertainty in the range of transition winds.

Most of the retrieval approaches used so far are based on empirical or semi-empirical GMFs,
including the aforementioned TDS-1 wind products [22], the official NASA CyGNSS level-2 (L2)
wind speed product [26], and the NOAA generated CyGNSS products [29]. An alternative approach
is the use of physical forward operators to match the observables with the model, in a variational
way. For example, [30] resolved, while using forward operators and an extended Kalman filter,
the wind speed field on a grid of 0.1◦ × 0.1◦ across a 50 to 90 km swath, by means of batches of
overlapping synthetic CyGNSS-like delay-Doppler observables that were assumed to be properly
calibrated. The forward operator for assimilation experiments was developed in [31,32]. This approach
has the advantage of maximizing the geophysical outcome of the data, but it requires the good
calibration of antenna pattern, platform attitude monitoring (that tilt the antenna pattern), and there
might be issues that are introduced by the delay-Doppler ambiguity (two disconnected areas on the sea
surface with the same delay and Doppler parameters) [31]. A radically different approach attempts to
parameterize the tropical cyclone (maximum wind and radius at different wind speeds) from CyGNSS
data, rather than wind retrievals that are based on individual observations e.g., [33].

Initially, the retrieval approaches generating products on actual CyGNSS and TDS-1 data
(e.g., official CyGNSS Science Data Record SDR Version 2.1) relied on absolute GNSS-R power
measurements, so they were radiometrically calibrated. This is difficult due to the large diversity of
geometries and complexity of elements that are involved in the overall system: eight low earth orbiters
(LEO) accommodating the GNSS-R receivers, each one with two reflectometry antennas, acquiring
signals transmitted by over 30 navigation satellites from different designs (gradual modernization of
the system) with the capability to dynamically change the GPS transmitted power levels, as required
by U.S.A. military needs. Hence, the transmitter power depends on the individual GNSS satellite and
it can also vary with time. Moreover, the GNSS transmitting antenna’s footprints are much larger than
the ocean surface from where the signal gets reflected (glistening surface), they do not point to the
specular point, and their patterns are not uniform across the Earth surface. The NOAA inversion and
recently released CyGNSS official Climate Data Record (CyGNSS CDR Version 1.0) do not require
absolute calibration, because they implement a track-wise bias correction between the CyGNSS bi-static
cross-section and cross-section predicted through a GMF fed with the output of NOAA model [29].
In this study, ’track’ is defined as the set of observables sequentially obtained from one CyGNSS-GPS
radio link.

The approach that is presented in this study also based the calibration on a-priori NWP model
information, but, unlike NOAA and CDR retrievals: (1) it uses a physical forward operator, (2) it does
not limit the calibration to a bias, but a higher order correction along each arch, to take into account
slowly varying factors, such as the remaining uncertainties on the different antenna patterns (including
platform attitude effects) and unknown transmitted powers, and (3) it is only parameterized as a
function of the wind speed (NOAA’s GMF is also function of the significant wave height). Given that
the uncertainty of the NWP models’ wind speed are reasonably good at intermediate wind speeds
(within 2 m/s errors up to ∼20 m/s wind speed [34]), and, given that long arches of data (over 600 s,
>4200 km) are likely to cover large areas of intermediate wind speeds, it is expected that the retrievals
based on model-calibration along long tracks of data will not suffer significant biases. However, it is
well known that NWP models tend to underestimate the high winds e.g., [34,35]. In this respect,
the model-based calibration and retrieval methodology that is suggested here could also underestimate
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intense winds. We focus the study on testing whether the methodology can be successfully applied to
the retrieval of high winds.

Furthermore, the variational approach presented here, in order to retrieve winds from level-1 (L1)
CyGNSS observables, is a simplified version of the methodologies to assimilate these low level and
uncalibrated observables into NWP models for weather forecast or re-analysis; thus it represents a tool
for preliminary assessing the feasibility of the assimilation of these type of observables. It should be
pointed out that the studies on spaceborne GNSS-R data assimilation conducted so far are mostly based
on level-2 products, i.e., assimilation of wind retrievals, rather than lower level observables [36–39].
To our knowledge, only the studies in [31,32] used observables for assimilation assessment, but these
were more complex than the observables that were suggested in our study, covering larger extensions
on the surface and across the receiver antenna pattern, and with some internal ambiguity issues [31].

2. Materials and Methods

2.1. Data

The approach that is presented in this study has been implemented and tested on actual CyGNSS
L1 data, which are the uncalibrated delay-Doppler maps, DDM, power measurements at different
delay, and Doppler shifts obtained with the receiver on-board CyGNSS low earth orbiters at 1 or 0.5 s
integration. The data are obtained from CYGNSS Level 1 Science Data Record Version 2.1 netCDF files,
ID PODAAC-CYGNS-L1X21, variable name raw_counts ‘DDM bin raw counts’ [40]. Further details
regarding the DDMs and their geophysical content can be obtained in e.g., [2,3].

The study covers the periods 9–29 September 2018 and 26 August to 6 September 2019,
during hurricane seasons. Only observables that pass different quality flags that are provided in
the data set are considered. The study focuses on the capability of this method to retrieve high
winds, so it only includes tracks for which some samples present winds above 20 m/s, according
to the European Centre for Medium-range Weather Forecast/Copernicus Climate Change Service
(ECMWF/C3S) ERA5 reanalysis (ECMWF Reanalysis 5th Generation) [41]. We also filter out of the
analysis tracks of data shorter than 600 samples. Table 1 compiles the list of selection criteria, and
Section 2.2 describes the reasons. Table 2 compiles the main tropical cyclones for which valid CyGNSS
data have been found during the analyzed periods, thus included in this study. We consider that
a CyGNSS track covers a given cyclone when it reaches the area within the 34 kn (17.5 m/s) wind
radii maximum extent, as provided in the International Best Track Archive for Climate Stewardship
(IBTrACS) products [42], available at https://www.ncei.noaa.gov/data/international-best-track-
archive-for-climate-stewardship-ibtracs/v04r00/. This source provides four values of the 34 kn
radii, one for each cardinal direction. We have averaged them in order to provide an approximate
indication of whether a CyGNSS track reaches the cyclone area or not.

The methodology is based on a variational retrieval with respect to a background wind field.
The ECMWF/C3S ERA5 reanalysis wind fields [41], at 25 km and 1 h spatio-temporal resolution, have
been used, interpolating to the location of the GNSS-R specular point.

Table 1. Set of criteria used to select or disregard CyGNSS data in this study, sorted by order of application.

Data Selection Criteria:

Removal of samples with receiver antenna gain in the specular direction <9 dBi
Track longer than 600 samples
Track with at least one sample where ERA5 wind speed >20 m/s
Removal of samples for which the location of the specular point is flagged as ‘land’ or ‘near land’
Track with more than 20% of samples with ERA5 wind speed between 5 and 25 m/s

https://www.ncei.noaa.gov/data/international-best-track-archive-for-climate-stewardship-ibtracs/v04r00/
https://www.ncei.noaa.gov/data/international-best-track-archive-for-climate-stewardship-ibtracs/v04r00/
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Table 2. Main tropical cyclones across which this study found valid CyGNSS data. Number of tracks
after quality check and selection criteria are applied, and that cover part of the area within the 34 kn
(17.5 m/s) wind radii maximum extent as provided in the IBTrACS products [42] and averaged in the
four cardinal directions.

Period Tropical Cyclones Number of Tracks

9 September 2018–29 September 2018

Helene 29
Mangkhut 34
Florence 24

Joyce 3
Trami 40
Leslie 23
Rosa 10

Kong-Rey 1

26 August 2019–6 September 2019

Dorian 41
Juliette 4

Lingling 13
Gabrielle 2

Faxai 1

For validation purposes, CyGNSS tracks are co-located with other spaceborne sensors: ASCAT-A/B
C-band wind scatterometer measurements e.g., [43], and SMOS e.g., [44] and SMAP e.g., [45] L-band
radiometric wind retrievals. We have used the products, as provided at PODAAC (https://podaac-tools.
jpl.nasa.gov/drive/files/allData/ascat/), IFREMER (ftp://eftp1.ifremer.fr) and REMSS (ftp://ftp.remss.
com), respectively. Measurements are considered to be co-located when occurring within a grid cell of
0.25◦× 0.25◦, and with a maximum time delay of 1 h. Table 3 summarizes the number of L1 observations
co-located with other spaceborne wind speed measurements, after filtering out by quality and selection
criteria (Table 1).

Table 3. Number of 1 Hz (2018 period) and 2 Hz (2019 period) CyGNSS wind speed retrievals co-located
with other spaceborne wind retrievals, after all quality checks have been passed.

ERA5 SMAP SMOS ASCAT-A ASCAT-b

308,646 6870 11,927 25,514 24,931

Other publicly available CyGNSS wind products are also compared to our retrievals, such as
CYGNSS Level-2 Scientific Data Record 3.0 (SDR from here on) from PODAAC (https://podaac-
opendap.jpl.nasa.gov/opendap/allData/cygnss/L2/). NOAA also generates CyGNSS wind retrievals,
we used the Level-2 Wind Product Version 1.0. These sets can be obtained at https://manati.star.
nesdis.noaa.gov/cygnss/.

For illustration purposes, two wind speed images that were retrieved from Sentinel-1A and -1B
C-band SARs have also been used. They have been obtained from https://cyclobs.ifremer.fr e.g., [46].

Finally, the rain rates, as provided in the Integrated Multi-satellitE Retrievals for GPM
(IMERG) products, have been used to assess potential residual rain-induced effects. The IMERG
final run datasets, GPM_3IMERGHH V06, provide multi-satellite precipitation estimation from
passive microwave (PMW) sensors combined with zenith-angle-corrected, inter-calibrated merged
geostationary infrared (IR) observations, and adjusted with surface precipitation data [47].
The half-hourly precipitation estimates have a resolution of 0.1◦× 0.1◦ and they are available over the
globe from https://disc.gsfc.nasa.gov/datasets/GPM_3IMERGHH_06.

https://podaac-tools.jpl.nasa.gov/drive/files/allData/ascat/
https://podaac-tools.jpl.nasa.gov/drive/files/allData/ascat/
ftp://eftp1.ifremer.fr
ftp://ftp.remss.com
ftp://ftp.remss.com
https://podaac-opendap.jpl.nasa.gov/opendap/allData/cygnss/L2/
https://podaac-opendap.jpl.nasa.gov/opendap/allData/cygnss/L2/
https://manati.star.nesdis.noaa.gov/cygnss/
https://manati.star.nesdis.noaa.gov/cygnss/
https://cyclobs.ifremer.fr
https://disc.gsfc.nasa.gov/datasets/GPM_3IMERGHH_06
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2.2. Retrieval Approach

The variational approach to data assimilation is usually formulated as a minimization problem of
the cost function

J(x) =
1
2
(x− xb)

T B−1(x− xb) +
1
2
(yo − H[x])T(E + F)−1(yo − H[x]) (1)

where yo denotes the measured observables; x the model state variables; xb the background values of
the model state variables; and, H denotes a forward operator in order to reproduce the observables
based on the model state. The matrices B, E, and F are covariance matrices, describing the assumed
uncertainties in the background model, the measurements, and the forward operator, respectively.
For a given type of observables (e.g., CyGNSS level-1 data), the operator H and the measurements
and operator covariances must be developed. An additional term can also be included, in order
to constrain the smoothness and the dynamics (Laplacian, divergence, and vorticity) [31]. In this
exercise, where the observables are not assimilated into a model yet, only the second term will be
minimized, the measurement covariance matrix is assumed to be the identity, the forward model
covariance is not used, and the wind speed is the sole parameter of the state under consideration,
x, becoming our retrieved parameter. Table A1 in Appendix A compiles and explains the symbols
that are used in this Section, how they map to CyGNSS and NWP variables, and the particularities of
our implementation.

The observables yo are based on level-1 CyGNSS delay Doppler Maps (DDM), normalized with
the floor noise. After normalization, only the peak value is used in the retrievals, in the form of signal
peak to noise: So = max(DDMo)/ f loor(DDMo)− 1. The range of So values in the processed data set
is 0.1 to 152, with a mean value of 2.7 and 50% of the values between 1.2 and 2.8. The spatial resolution
(pixel size) that is associated to this peak signal to noise ratio is better than ∼20 km, with a spatial
sampling of ∼7 km [∼3.5 km], a given by the displacement of the specular point in the one second
[half second] interval between subsequent observables.

The forward operator H is an implementation of the GNSS bistatic radar equation [2] as an open
source package, called ‘wavpy’ [48]. ‘Wavpy’ is a library for GNSS-R data analysis and modelling
that follows an object oriented approach, with tools to cover multiple aspects of GNSS-R, ranging
from just computing the reflectivity parameters for an specific type of surface and incidence angle,
to a complete simulation of a GNSS-R scenario. It is coded in C++ and Fortran90 but also includes
a python envelop so it can function as a python package. The ’wavpy’ classes that are used in this
implementation can generate simulated DDM based on a set of input parameters in order to account for
the geometry, the instrumental performance (noise figures, transmitted powers, antenna patterns, etc),
and surface properties (permittivities, roughness/wind). The flexibility of ‘wavpy’ enables using, as
input, either the wind speed, the wind vector, isotropic or anisotropic mean square slopes of the surface,
parameters of an analytical wave spectrum, or a discretized wave spectrum. For simplicity, this study
has used wind speed as single surface roughness input and unknown to be retrieved. The geometry
and the instrumental values (e.g sampling, DDM resolution, antenna gain pattern) are provided by the
metadata and CyGNSS mission documentation [40]. Because the current implementation of ‘wavpy’
only uses the diffuse scattering component, we expect that wind speeds below 5 m/s might not be
properly modelled. This could be avoided if the coherent component modelled in [49] was added to
‘wavpy’. Besides the intrinsic uncertainties, our model implementation has two additional deficiencies.
First, we do not take the actual values of the ratio of the gain to noise system temperature into account.
Second, we do not use actual values of the transmitted power and antenna pattern. Note that these
are multiplicative deficiencies of much longer scale variability than the fluctuations expected in the
wind fields. The mispointing of the antenna pattern due to changes in the platform’s attitude is not
considered, and we have assessed that it also presents slow-varying effects along the track.

To reduce this deficiency, the first step before the variational retrieval is to calibrate the observed
power, so it statistically aligns with the model. In our implementation, this is done track-wise as a
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pre-processing step, but it could be included in the variational approach to be simultaneously solved
to the retrievals (e.g., in a data assimilation scheme). The calibrated power is then defined as

Scal
o (λ) = p(λ)So(λ) (2)

where p(λ) is a slowly varying function of the longitude of the specular point, λ, and p is obtained as
the weighted polynomial fit of the ratios r

r(λi) = Smod(λi)/So(λi) (3)

with Smod = H[xb] and the weights equal to 1 when the wind in the background model lays between 5
and 25 m/s, and zero otherwise. This range is selected in order to avoid the limitations in our forward
model (low winds) and the background model (high winds). Both first and second order polynomials
have been tested, with better results being obtained with the linear fit (the only results shown hereafter).
In this study, the a-priori wind fields, xb, have been extracted from ECWMF C3S ERA5 re-analysis [41].
This step is applied to each CyGNSS track independently. Furthermore, to guarantee that the slowly
varying calibration function p(λ) does not absorb actual wind fluctuations, only tracks longer than
600 samples are used in the analysis (a few thousand km length). We also define a quality parameter for
each track, as the ratio between the number of samples in the range 5–25 m/s to the total number of the
samples in the track (fraction of samples used for the alignment). Tracks for which the alignment used
less than 20% of the samples are disregarded. Table 1 compiles the criteria for CyGNSS data selection.
After calibration, the calibrated observables used for the retrievals (thus, our yo in Equation (1)) are
generated, as in (2).

The forward model is linearized around the a-priori wind field xb. If x = xb + δx, with |δx|
small, then

H[x] ≈ H[xb] +
∂H
∂x

δx = Smod +
∂H
∂x

δx (4)

The minimum of the second term of Equation (1), when identity covariances are assumed, reduces
to the H[x] = yo = Scal

o . If δS ≡ Scal
o − Smod, then it can be written as the inverse model

x = xb +
δS

∂H
∂x |xb

(5)

where ∂H/∂x|xb is the numerical derivative of the forward operator around the wind speed provided
by the background model xb.

A step-wise summary of the retrieval algorithm, with the particularities of our implementation is:

• To reject data according to the criteria in Table 1.
• To compute the signal peak to noise levels So from the raw_counts DDM variables in

CyGNSS data.
• To run the simulated values of the DDM, Smod using ’wavpy’ fed with the ERA5 wind speed

values xb interpolated to the CyGNSS observations: Smod = H[xb].
• To compute the individual ratios r between modelled and observed S.
• To fit a polynomial (linear) fit to r(λ).
• To calibrate the observables multiplying with their corresponding polynomial value: Scal

o = pSo.
• To compute the numerical derivative of the model around the ERA5 wind speed value, ∂H/∂x|xb .
• To retrieve the wind speed that minimizes the simplified version of Equation (1), following

Equation (5): x = xb + (Scal
o − Smod)/ ∂H

∂x |xb .

It is known that NWP models tend to underestimate the high winds e.g., [34,35]. The question
is whether this calibration and variational scheme, which is tied to a NWP model, prevents the
retrievals to sense high winds, dragged by the a-priori NWP fields used for calibration and variational
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approaches. We are interested in this particular question and, for this reason, we have only analyzed
CyGNSS tracks for which the selected background NWP model (ERA5) presents some winds
above 20 m/s.

3. Results

3.1. Illustrative Cases: Typhoon Trami

For illustrative purposes, Figure 1 shows examples of the retrievals across the typhoon Trami
acquired on 29 September 2018 (category-2). The figure shows good agreement between the
background model and the CyGNSS retrievals in the range up to ∼20 m/s, whereas CyGNSS results
in higher winds at regions of strong winds. Furthermore, the eye of the cyclone is clearly captured by
CyGNSS, proving the skills of the technique in order to capture rapid variations in the wind fields.
The CyGNSS tracks across these examples do not show signs of saturation at high winds, reaching
values above 40 m/s in some cases, similar to the Sentinel 1-B SAR wind retrievals that were obtained
∼8 h before.Figure A1, Appendix B displays the SAR wind retrieval images and CyGNSS tracks
close to the hurricane eye. Both the range of wind speeds and shape of each track-slice are consistent
with the SAR images, when considering their displacement in time, as indicated by the eye trajectory
coordinates (also provided in Figure A1). Both of the tracks shown in Figure 1 occurred at close
distance to each other and short time delay, presenting remarkable self-consistency. Appendix B shows
more examples of CyGNSS tracks crossing Trami typhoon.

Figure 1. CyGNSS passes acquired during the typhoon ‘Trami’ in 29 September 2018, geographically
close to the eye of the cyclone and within hours of the acquisition of a Sentinel SAR wind speed
images—as shown in Figure A1, Appendix B. Our 1 Hz CyGNSS wind retrievals are plotted in grey
dots (black dots after four sample–∼28 km–smoothing). The red dots are for ECMWF/C3S ERA5 wind
speeds interpolated to the CyGNSS tracks. The tracks correspond to CyGNSS satellite numbers/track
identification numbers: 01/722 (left) and 06/703 (right).

In order to illustrate the different intermediate parameters that are involved in the calibration
and inversion of the data, Figure 2 shows, for these two tracks, the observed, modelled, and calibrated
signal peak to noise S, the ratios r between the modelled and observed Smod/So together with the linear
fit used for the calibration p, and the sensitivity ∂H/∂x|xb . Appendix B also displays the intermediate
parameters for the CyGNSS tracks crossing Trami typhoon during 28 September 2018.
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Figure 2. Intermediate parameters in the processing of the CyGNSS tracks presented in Figure 1,
one column each. (Top): observed, modelled, and calibrated signal peak to noise So (grey), Smod (red),
and Scal

o (black), respectively. (Centre): ratio between the modelled and observed signal peak to noise
r = Smod/So (grey) and the linear fit p (black). (Bottom): sensitivity ∂H/∂x|xb . In both cases, the eye of
the hurricane is at ∼130◦ longitude.
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3.2. Statistical Analysis: Comparison with the Background Model

The examples that are provided in Figure 1 and Appendix B are not isolated cases: our CyGNSS
retrievals generally match the background model at intermediate wind speeds well while also
providing significantly higher winds for xb > 25 m/s. The Pearson’s correlation coefficient between
both sets is 0.884. The statistics of the comparison with ERA5 wind values for the full set of analyzed
data is displayed in the histogram of Figure 3 and the mean disagreement and dispersion in 5 m/s
batches and for the whole set are compiled in Table 4. The saturation of the model at ∼30 m/s is
clear in Figure 3, while CyGNSS can provide much higher wind speed values. Table 4 also shows
the batched comparison between ERA5 and the other satellite measurements that are co-located with
CyGNSS, and the values are graphically shown in Figure 4. The biases are defined as ‘observation
minus background model’, with a positive bias indicating larger wind speed measurements than
model values. This figure shows that our CyGNSS retrievals present biases with respect to the model
that is very similar to the biases found for other spaceborne sensors, especially SMAP measurements,
for which there are co-located values up to the range of 35-to-40 m/s wind speeds. At lower wind
speeds, the CyGNSS-ERA5 statistics are also very similar to those of ASCAT-A and -B. The SMOS
biases present a similar profile, but with an overall offset of a few m/s. All of these spaceborne wind
measurements present higher biases at higher wind speeds, which is consistent with the fact that
numerical weather prediction and re-analysis models tend to underestimate high wind speeds.

Figure 3. Two-dimensional (2D) histogram of the correspondance between the CyGNSS retrievals
obtained in this study and the ECMWF/C3S ERA5 wind speed values. The red line shows the 1:1
diagonal, the green line is a linear fit (parameters of the fit displayed in the title), the blue and orange
dots correspond to 5 m/s-batched means (< xcygnss >, < xera5 >), and their errorbars indicate ± their
standard deviation (2σ dispersion around the mean). Batches that are populated with more/less than
100 samples are plotted in blue/orange, respectively.
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Table 4. Comparison between ERA5 wind speed values and the satellite wind retrievals considered
in this study, within windows of 5 m/s (first then rows) and using the whole set (bottom row).
M =< Obssat − ERA5 >window in m/s, σ = standard deviation in m/s and N is the number of
observation in a given window. Note that, by definition, M takes positive values when the observations
exceed the model. The values are presented in Figure 4.

Range CyGNSS SMAP SMOS ASCAT-A ASCAT-B
M σ N M σ N M σ N M σ N M σ N

[0, 5) −0.7 2.2 70,363 −0.7 1.8 910 −1.4 1.9 1112 0.3 1.4 3774 0.3 1.4 4830
[5, 10) −0.4 2.5 139,320 0.1 2.0 2720 0.9 2.0 5321 0.4 1.6 12,122 0.3 1.6 11,554

[10, 15) −0.7 3.0 64,332 1.0 1.9 2060 3.2 2.9 3000 0.4 1.7 6779 0.2 1.6 6138
[15, 20) 0.3 2.8 24,339 1.0 1.4 1135 4.2 4.8 1429 0.1 2.2 2496 −0.2 2.1 2122
[20, 25) 2.2 2.7 7360 1.9 1.6 57 5.1 4.4 750 0.9 3.1 705 1.3 3.4 950
[25, 30) 4.6 3.0 2014 5.5 2.5 17 8.1 5.1 225 4.4 5.2 177 3.7 6.1 196
[30, 35) 7.5 2.8 649 6.7 0.4 19 13.0 6.6 37 6.3 2.8 16 5.2 3.0 19
[35, 40) 10.8 3.1 207 – – 0 16.6 8.1 31 – – 0 8.3 – 1
[40, 45) 15.1 3.0 41 – – 0 17.4 3.9 34 – – 0 – – 0
[45, 50) 21.6 3.7 11 – – 0 25.3 3.0 9 – – 0 – – 0

All data −0.4 2.4 308,646 0.4 1.6 6918 2.2 3.9 11,948 0.4 1.3 26,069 0.3 1.3 25,810

Figure 4. Statistics of satellite observations with respect to ERA5 wind estimates, in batches of
5 m/s. Dots that are connected with lines correspond to the mean M =< Obssat − ERA5 >window,
with dispersion given by its standard deviation (crosses). Different colors are used for different
satellite observations, and for windows with statistically significant (N > 100) or non-significant
(N < 100) number of samples: black and grey for our CyGNSS retrievals (statistically significant and
non-significant, respectively), red and pink for SMAP-ERA5, blue and cyan for SMOS-ERA5, green
and lime for ASCAT_A-ERA5, and orange and yellow for ASCAT_B-ERA5.
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3.3. Statistical Analysis: Comparison with Other Spaceborne Sensors

In this section, we present the direct comparison between our CyGNSS wind retrievals and
the wind measurements obtained from other spaceborne sensors: the L-band radiometers SMAP
and SMOS and the C-band wind scatterometers ASCAT-A and -B. Only wind measurements that
were acquired within grid cells of 0.25◦× 0.25◦ and 1 h time difference between CyGNSS and the
other sensors have been considered (co-location criteria). The total numbers of available co-located
measurements per sensor are compiled in Table 3. Figure 5 shows the histogram distribution of the
correspondence between our CyGNSS wind retrievals and each of the other sensors. A linear fit is
displayed in green, and its parameters are written on the top of each plot. The mean and dispersion
within windows of 5 m/s are also shown with dots and errorbars, respectively. Table 5 summarizes
the overall and batched comparisons.

Figure 5. 2D histograms of the correspondance between the CyGNSS retrievals obtained in this
study and different spaceborne wind sensors. The red line shows the 1:1 diagonal, the green line is
a linear fit (parameters of the fit in the title), the dots with errorbars correspond to 5 m/s-batched
means (< xcygnss >, < xsensor >), and their errorbars indicate± their standard deviation (2σ dispersion
around the mean). Only windows that are populated with more than 100 points are considered (blue) or
between 10 and 100 (orange). (top-left): CyGNSS winds vs L-band radiometric SMAP wind retrievals.
(top-right): CyGNSS winds vs L-band radiometric SMOS wind retrievals. (bottom-left): CyGNSS
winds vs C-band scatterometer ASCAT-A wind measurements. (bottom-right): CyGNSS winds vs
C-band scatterometer ASCAT-B wind measurements.
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Table 5. A comparison between the CyGNSS wind speed retrieved in this study and the other satellite
wind retrievals, within windows of 5 m/s (like dots and errorbars and errorbars in Figure 5), and using
the whole data set. The mean difference and dispersion at each window are provided (CyGNSS—other
sensor, i.e., positive when CyGNSS retrievals exceed the other). The bottom row presents the Pearson’s
correlation coefficient between our CyGNSS retrievals and these other sensors.

<CyGNSS—Other Spaceborne Sensed wind Speed >window (Dispersion) [m/s]

Window: SMAP SMOS ASCAT-A ASCAT-B

[0,5) m/s −1.2 (2.8) −4.5 (5.4) −1.2 (2.3) −1.2 (2.2)
[5,10) m/s −1.2 (2.9) −2.2 (4.1) −0.9 (2.4) −0.8 (2.5)

[10,15) m/s −0.4 (2.8) −1.7 (4.8) −0.7 (2.8) −0.9 (2.8)
[15,20) m/s 0.4 (2.2) −3.3 (4.3) −0.2 (3.2) −0.5 (3.5)
[20,25) m/s 0.7 (5.1) −1.7 (4.5) 1.4 (3.3) 1.0 (2.9)
[25,30) m/s 0.2 (4.5) 0.8 (9.5) 2.9 (3.7) 3.5 (2.7)
[30,35) m/s −0.7 (2.0) 5.1 (9.3) 5.3 (2.8) 6.1 (2.8)
[35,40) m/s 1.8 (–) 9.8 (5.8) 7.7 (2.5) 8.5 (3.2)
[40,45) m/s – 19.5 (–) 13.7 (1.4) 12.3 (3.4)
[45,50) m/s – 31.6 (–) – 15.0 (–)

All data −0.8 (2.6) −2.5 (4.6) −0.8 (2.5) −0.8 (2.4)

Pearson’s Correlation Coefficient

All data 0.83 0.65 0.86 0.88

Our CyGNSS retrievals agree well with SMAP wind measurements: the overall bias is −0.8 m/s,
the linear fit is close to the 1:1 diagonal, and the 5-m/s batched means present differences that are
between −1.2 to 1.8 m/s, with the latter at the range (35,40) m/s, thus better than 5% of the wind
value. The dispersion between both spaceborne wind measurements is reasonable, with an overall
standard deviation of 2.6 m/s and the dispersion in batches of 5 m/s below 3 m/s, except in the range
(20,30) m/s, where it climbs up to ∼5 m/s dispersion. The Pearson’s correlation coefficient between
SMAP and our CyGNSS wind products is relatively high (0.831). These are better values than the
comparison with SMOS wind retrievals, which, in general, show much larger disperion (between 4.1
and 9.5 m/s).

Overall, the SMOS retrievals are significantly higher than our CyGNSS retrievals at low to
moderate wind speeds, with −4.5 m/s bias between (0,5) m/s CyGNSS winds and 5.4 m/s dispersion.
It is also possible to see a number of cases for which our CyGNSS inversion results in relatively
low winds (<20 m/s), while SMOS obtains very strong winds (>40 m/s). The worse dispersion,
with 9.5 m/s standard deviation, occurs at the range (25,30), where the bias is only 0.8 m/s.
Nonetheless, these numbers are not statistically significant, given that there is less than 100 samples in
that range of wind speeds (see orange dots/errorbars in Figure 5). The correlation coefficient between
our and SMOS estimates is the lowest (0.646), and the overall bias and standard deviation is −2.5 and
4.6 m/s, respectively.

The comparison between our CyGNSS wind speed retrievals and those of ASCAT-A and -B are
both similar, with ASCATs showing slight saturation around ∼30 m/s wind speed. They both present
a correlation coefficient with our CyGNSS wind estimates close to 0.9 (0.862 for ASCAT-A and 0.881
for ASCAT-B). The overall bias is −0.8 m/s in both cases, with very similar dispersion values (2.4 and
2.5 m/s standard deviation, respectively).

Any potential effects of the rain onto the CyGNSS measurements are first investigated while
using the wind retrievals from the L-band radiometers SMAP and SMOS as reference, as it is claimed
that these are unaffected or affected little by rain e.g., [44,45]. The reasons provided to justify minimal
contamination by rain effects would similarly apply to CyGNSS GNSS-R measurement principle
(i.e., little attenuation by rain droplets and small rain-induced roughness effects at L-band). The IMERG
rain rate values that are co-located with CyGNSS measurements are used to bin the wind retrievals as
a function of the rain rate. Figure 6 shows the batched means grouped by rain rate. Our variational



Remote Sens. 2020, 12, 3930 13 of 24

CyGNSS wind retrievals show the same performance, within dispersion levels, as compared to SMAP
and SMOS retrievals, regardless of the presence of rain up to 5 mm/h (heavy rain). The batches
of co-locations with higher rain rates (heavy to violent showers) have been found to present a bias
towards larger SMAP and SMOS wind retrievals, with larger biases for lower CyGNSS wind speeds.
Nevertheless, none of the batches for rain rates above 5 mm/h present populations of statistically
significant size (N < 100). For completeness, Figure 6-bottom shows the same rain-grouped statistics
that were obtained for the comparison with ERA5. A similar residual effect that is linked to the
presence of rain can be observed, with a larger impact on low wind speeds.

Figure 6. (Top-Left): variational CyGNSS wind retrievals compared to the co-located SMAP wind
retrievals, in batches of 5 m/s wind speeds (means shown in dots, ±σ in errorbars), grouped by
IMERG rain rate values (color code). Different colors also used for batches with population statistically
significant or not. (Top-Right): same for SMOS co-located with our CyGNSS wind retrievals. (Bottom):
statistics between CyGNSS and ERA5, also grouped by rain rate.

3.4. Statistical Analysis: Comparison with Other CyGNSS Wind Retrievals

The CyGNSS wind retrievals that are independently obtained by other organizations
(see Section 2.1) are naturally co-located with our retrievals. The differences between our and other
organizations’ CyGNSS retrievals are due to the inversion algorithms and the type and portion of
observable used for extracting the geophysical information content. For example, the official CyGNSS
products available at PODAAC use a larger part of the CyGNSS delay-Doppler map than our approach.
This can slightly change the spatial resolution of the retrievals. Similarly, different quality flags
and outliers might appear for each of these different retrieval algorithms; hence, the number of
measurements available for each comparison can differ.
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The GNSS-R observables are ultimately sensitive to a particular range of scales of the sea surface
roughness (L-band roughness). These contributions to the sea surface spectra are induced by the wind,
but also by other phenomena, like swell. Swell induces a small increase in the L-band roughness, which
is usually only noticeable when the wind-driven roughness is mild (low winds regime). Even the
wind contribution to the surface roughness can vary as function of the time passed since the wind
started blowing and the size over which it blows (waves age and fetch, respectively). At the extremes,
it is possible to define the Fully Developed Seas (FDS) and the Young Seas Limited Fetch (YSLF)
regimes. Under FDS conditions, the input of energy to the waves from the local wind is in balance
with the transfer of energy among the different wave components, and with the dissipation of energy
by wave breaking, so the waves have reached their possible maximum height. By contrast, the waves
are still building up in the YSLF regime. This is of particular interest at L-band measurements,
as they are sensitive to relatively long roughness scales, which require more time to build up.
Therefore, a moderate sea surface roughness, as measured by CyGNSS, can correspond to a moderate
wind speed under FDS or a much higher wind speed under YSLF. The official CyGNSS products are
independently generated while using two distinctive GMFs, one for each wave age regime. The user
can then pick which assumption is more representative of the actual scenario (e.g., YSLF retrievals are
recommended across tropical cyclones, because the YSLF GMF is determined while using match-ups
between CyGNSS and airborne in-situ wind measurements across hurricanes).

Figure 7 presents the 2D histograms of the correspondence between our and other organizations’
CyGNSS retrievals. The top row shows the comparison with the CyGNSS official SDR (version 3)
wind speed when assuming fully developed seas (on the left) and young seas limited fetch (on the
right). The YSLF plot has a much lower population, because we only present CyGNSS measurements
occurring within 34 knots radius of the center of tropical cyclones. This flagging has been done
comparing the CyGNSS specular points locations with the information that is provided in the ‘best
track’ IBTrACS products [42]. These products have a 3 h sampling and, among other parameters, they
list the center of the cyclone and four values of the 34 kn radius, one along each cardinal direction.
We have averaged them to be four and checked that the CyGNSS distance to the eye is shorter than the
averaged radius, within up to 1.5 h time offset from the record in IBTrACS. The spatial resolution our
CyGNSS retrievals do not necessarily match those of other organizations’ retrievals, so this could add
some dispersion level, as mentioned above.

The retrievals that are based on fully developed seas’ GMF present a clear saturation around
∼30 m/s wind, which is not present in our CyGNSS retrievals. Nevertheless, the Pearson’s correlation
coefficient between our and SDR FDS CyGNSS wind retrievals is relatively high, 0.74. The saturation
effect disappears when the young seas limited fetch GMF is used for the inversion, which results
in very strong winds. The comparison between our CyGNSS solutions and the official SDR YSLF
estimates present a very large bias, with SDR YSLF winds being higher than our estimates by nearly
14 m/s, even at low and moderate winds. The dispersion is also very large (9.9 m/s) and the Pearson’s
correlation coefficient is relatively low (0.60).

The best correlation is found with NOAA CyGNSS wind retrievals (Figure 7-bottom), with a
Pearson’s correlation coefficient of 0.832, which is very similar to the coefficient obtained with the
SMAP L-band radiometer (0.831). The wind speed estimates that are obtained with NOAA’s and our
algorithms agree very well in the range of winds up to 20 m/s. In this range, the histogram shows a
tail towards NOAA larger winds, but this is not statistically significant (the figures use logaritmic color
scale), and the batched means at these range of wind speeds sit along the 1:1 diagonal. Above 20 m/s,
some tail persists (up to ∼30 m/s), but the means turn towards lower NOAA wind values.
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Figure 7. 2D Histograms of the comparison between our CyGNSS wind speed estimates (X-axis) and
those provided by other organizations (Y-axis). (Top row): wind retrievals from the official CyGNSS
data server, PODAAC (SDR Version 3.0), for FDS (left) and YSLF (right). The overall bias (standard
deviation) are 1.1 m/s (3.2 m/s) and −13.8 m/s (9.9 m/s), respectively. (Bottom panel): CyGNSS wind
retrievals from NOAA, with overall bias (standard deviation) −0.8 m/s (3.1 m/s). Superimposed to
the histograms, the 1:1 diagonal (red line), the linear fit (green line), and batched mean and dispersion
(dots with errorbars, blue when the number of samples in the batch exceeds 100, and orange when it
does not reach 100 samples).

4. Discussion

This study presented a variational retrieval algorithm in order to extract wind speed estimates
from CyGNSS uncalibrated observables. The uniqueness of this approach can be summarized in the
following points:

• It uses uncalibrated observables obtained from a single pixel (the peak) of the signal-to-noise
DDM, of slightly finer spatial resolution than the combination of pixels used in other CyGNSS
retrieval approaches.

• The retrieval is based on a physical forward model instead of empirical or semi-empirical GMF.
The physical model has the potential to adjust to different parameters and scenarios, here reduced
to wind speed solely. The other set of retrieval studies based on physical models used a large
portion of the DDM [30–32], putting strong requirements on absolute and inter-pixel calibration,
platform attitude control, and potential problems with delay-Doppler pixels that come from two
cells on the surface (delay-Doppler ambiguity). For example, Huang et al. assessed that the
assimilation of these DDM observables in hurricane models had to be restricted to ambiguity-free
pixels [31].
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• The calibration is done with respect to a background model, ERA5 in our case. It consists of
adjusting a polynomial (the linear trend obtained the best results) between the CyGNSS measured
observables and those that result of feeding the forward model with ERA5 wind fields where it
takes values between 5 and 25 m/s (to avoid the problems within the low wind regime in our
physical model, and problems within strong winds in ERA5). Only long tracks of data are used
to guarantee that wind anomalies (of shorter scale) can be separated from calibration issues (of
much longer scale).

• The retrieval scheme is compatible with a simplified example of the procedure of assimilation
of low level observables in NWP models, in which the calibration could also be implemented.
Therefore, the calibration would be consistent with the background model and independent
from third parties’ NWP models (unlike assimilating CyGNSS retrievals calibrated with the data
provider’s NWP model).

We anticipated that the approach would work at moderate wind speeds, but feared that the
calibration against a background model would drag high wind retrievals towards the background
values, i.e., underestimating the wind speed estimates. The comparison of the results to the ERA5 wind
fields confirms the good performance in the range up to 20 m/s, with observation-background biases
between −0.7 to 0.3 m/s and dispersion values between 2.2 and 3.0 m/s. These dispersion values
could be improved by averaging subsequent samples (as can be visually checked in the black points of
Figure 1 and Figures A2–A5). Above 20 m/s, the CyGNSS variational wind retrievals do not saturate,
which presents an offset with respect to ERA5 that grows with the wind speed, thus confirming that
the calibration approach does not constrain the wind retrievals towards the ERA5 underestimated
values. The dispersion stays relatively low, with 3.7 m/s being the worst of them, in the range between
45 and 50 m/s (<8.5%). These offsets and dispersion values are similar to those that result from
comparisons between ERA5 and other spaceborne sensors, such as the L-band radiometers SMOS and
SMAP and the C-band scatterometers ASCAT-A/B.

When the variational CyGNSS retrievals are directly compared against co-located measurements
by these spaceborne L-band and C-band sensors, the best agreement is found with the ASCAT A/B
scatterometers (nearly 0.9 correlation coefficient). The comparison with SMAP, also with high Pearson’s
correlation coefficient (0.831), is consistent, regardless of the rain, up to 5 mm/h rain rate (heavy rain).
Above 5 mm/h (heavy and violent showers), SMAP presents slightly higher wind values. This could
be an effect on the CyGNSS side (underestimation of wind under intense rain) or an effect on the SMAP
side (overestimation of the wind under intense rain). In principle, rain would not underestimate the
GNSS-R retrievals, as all rain-related effects would push the observables towards those that correspond
to higher wind scenarios: lower received reflected power by increased atmospheric attenuation and
rain-splash induced roughness. The same conclusion was reached in [50] through simulations, where it
was stated that rain scenarios would overestimate the GNSS-R wind retrievals. A possible explanation
to what is found here could be the rain-induced modulation of the long surface wavelengths (L-band
sensitive waves), flattening, or smoothing them e.g., [51]. However, it seems that this would also affect
the L-band emissivity in the same way, unless, e.g., foam effects in L-band emissivity at high winds
prevail to the flattening one. This effect is stronger in comparison with SMOS, particularly at low
CyGNSS-retrieved winds. Similar effects are seen in the comparison with ERA5, with more robust
statistics. However, [52] showed that TDS-1 bistatic radar cross section was sensitive to rain at wind
speeds of below 6 m/s, insensitive at higher wind speeds, and the sensitivity was in the opposite sense
of our finding: the rain scenarios presented lower cross section than rain-free cases, thus it would have
been inverted into higher winds. According to that study, the GNSS-R observables do not explain the
results that we have found. This open interesting questions: (1) do NWP models overestimate wind
speeds in presence of intense rain? (for example, due to the assimilation of higher frequency-band
scatterometer measurements, which do have positive bias especially at low wind regimes e.g., [53]);
(2) is the single-pixel observable used in our study sensitive to the rain smoothing effect, but this is lost
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when the received power is averaged across a wider area of the DDM (as the observables used in [52])?
Further studies would be required to answer these questions.

The CyGNSS retrievals have also been compared to those that are produced by other
organizations, based on different algorithms. The best agreement is found with NOAA’s retrievals,
with 0.832 Pearson’s correlation coefficient. It would be interesting to check whether the differences
come from the algorithm itself or from the fact that our implementation and NOAA’s use a different
background model. The lowest correlation is found between our retrievals and the official products
that are obtained with the YSLF assumption, with a very large overall bias (−13.8 m/s, SDR YSLF
retrievals higher than ours) and dispersion (9.9 m/s), even at low and moderate wind speeds.

In conclusion, this approach has shown skills for inferring a broad range of wind speeds, including
hurricane force winds, from uncalibrated bin raw counts of CyGNSS level-1 observables, coming from
the peak-pixel and based on physical forward models. The variational retrieval algorithm is a
simplified version of the more general equations that are used in data assimilation, and the calibration
scheme could also be integrated in the assimilation process. Therefore, this approach is also a good
tool for analyzing the potential performance of ingesting level-1 single-pixel observables into NWP.
For example, the statistics of the differences between observations and background model (O-B) are
similar to those of ASCAT-A/B, SMOS, and SMAP, some of which are already successfully assimilated
into weather prediction models e.g., [54,55]. Furthermore, being based on a physical forward model,
which is ultimately fed by a wind-wave spectrum, the data assimilation scheme could expand
beyond wind speed to use the ruling parameters of the spectrum. While this might not be feasible
in the form of variational retrievals (under-determined system or strongly correlated unknowns),
the over-determination and ancillary information embedded in numerical models would potentially
enable these expanded uses in data assimilation schemes, with the added value of consistently
calibrating the observables with the background model.
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Abbreviations

The following abbreviations are used in this manuscript:

ASCAT EUMETSAT Advanced Scatterometer on board METOP
CDR CYGNSS Climate Data Record
CLS Collecte Localisation Satellites, France
CYGNSS NASA Cyclone Global Navigation Satellite System
DDM Delay Doppler Map
ECMWF European Centre for Medium-range Weather Forecast
ERA5 ECMWF Reanalysis 5th Generation
ECMWF/C3S ECMWF/Copernicus Climate Change Service
FDS Fully Developed Seas
GMF Geophysical Model Functions
GNSS Global Navigation Satellite System
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GNSS-R GNSS Reflectometry
GPS USA Global Positioning System
IBTrACS International Best Track Archive for Climate Stewardship
IFREMER Institut Français de Recherche pour l’Exploitation de la Mer
IMERG Integrated Multi-satellitE Retrievals for Global Precipitation Measurement (GPM) mission
L1X21 CYGNSS Level 1 Science Data Record Version 2.1
LEO Low Earth Orbiter
MEBEX Mediterranean Balloon Experiment
NASA USA National Aeronautics and Space Administration
NOAA USA National Oceanic and Atmospheric Administration
NWP Numerical Weather Prediction
PODAAC NASA’s Physical Oceanography Distributed Active Archive Center
SAR Synthetic Aperture Radar
SFMR NOAA Stepped Frequency Microwave Radiometer
SMAP NASA Soil Moisture Active Passive
SMOS ESA Soil Moisture and Ocean Salinity
TDS-1 UK TechDemoSat-1
YSLF Young Seas Limited Fetch

Appendix A. Symbols in Section 2.2

The symbols used in Section 2.2 are compiled in Table A1.

Table A1. Symbols used in Section 2.2.

Symbol Description In This Study

yo Generic symbol for the observable being assimilated or inverted Scal
o

x Generic symbol for the unknowns to be retrieved wind speed

xb Values of the unknowns according to the background model ERA5
√

u102 + v102

H Forward model or operator to synthesize a simulated observable
from a model that depends on x

Bistatic radar equation for GNSS in [2] as
implemented in ‘wavpy’ [48]

B Covariance matrix of the background model not used

E Covariance matrix of the measurements Identity matrix

F Covariance matrix of the forward operator not used

S Generic symbol for signal peak to noise level max(DDM)/ f loor(DDM)− 1

Smod S modelled using the forward operator fed with the background
model

Smod = H[xb]

So S extracted from CyGNSS level-1 data max(DDMo)/ f loor(DDMo) − 1 with
DDMo variable raw_counts ‘DDM bin
raw counts’

Scal
o So after the calibration step Scal

o = pSo

p Polynomial fit of the ratios r liner fit better performance

r inverse ratio between a given observation and its modelled value r = Smod/So

∂H
∂x |xb Derivative or the forward operator with respect to the unknowns,

evaluated at xb

Numerical derivative

Appendix B. Trami Figures

The CyGNSS tracks shown in Figures 1 and 2 crossed Trami typhoon in 29 September 2018,
approximately ∼8 h after Sentinel-1B overpassed the area. The SAR-derived winds, obtained from
Ifremer/Cyclobs e.g., [46] are shown in Figure A1 together with these two CyGNSS tracks (in red and
yellow). Nearly 24 h before, on 28 September 2018, Sentinel-1A also overpassed the area, capturing
another SAR-derived image, approximately ∼8 h after CyGNSS had acquired the tracks in pink,
green and blue, and ∼7 h before the cyan track. At these time intervals, the eye of the cyclone
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translated across the area, as shown in black stars. The intermediate parameters and final solutions for
these set of CyGNSS tracks are displayed in Figures A2–A5.

Figure A1. Sentinel-1A and -1B wind retrievals for Typhoon ‘Trami’, acquired on 28 September 9:35
(lower) and 29 September 9:27 (upper) 2018, approximately 24 h apart. The CyGNSS tracks crossing
the hurricane close to its eye are displayed in different colors, together with the acquisition time-stamp
of one of their samples. The red and yellow tracks correspond to the left and right plots in Figure 1,
respectively. The rest of colours correspond to the examples provided in Figures A2–A5. The black stars
and time labels correspond to the eye trajectory at 6 h sampling. The SAR wind product images were
obtained from Ifremer/Cyclobs, produced with a SAR wind processor co-developped by IFREMER
and CLS e.g., [46].
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Figure A2. Intermediate parameters and final wind retrievals for CyGNSS satellite 08, track number 37,
magenta track in Figure A1. (Top-left): So, Smod and Scal

o . (Top-right): Ratios r and fit p. (Bottom-left):
Sensitivity ∂H/∂x|xb . (Bottom-right): 1 Hz wind retrievals, 0.25 Hz smoothed solution, and ERA5
wind estimate.

Figure A3. Same as Figure A2 for CyGNSS satellite 03, track number 40, blue track in Figure A1.
Co-locations with ASCAT-A/B were also found (bottom-right panel).
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Figure A4. Same as Figure A2 for CyGNSS satellite 04, track number 41, green track in Figure A1.

Figure A5. Same as Figure A2 for CyGNSS satellite 07, track number 697, cyan track in Figure A1.
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