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Abstract: Compared with co-polarized (HH/VV) normalized radar cross-section (NRCS) backscat-
tered from the sea surface, there is no saturation phenomenon in cross-polarized (HV/VH) NRCS
when wind speed is greater than about 20 m/s, so cross-polarized synthetic aperture radar (SAR)
images can be used for high wind speed monitoring. In this work, a new geophysical model function
(GMF) is proposed to describe the relation of the C-band cross-polarized NRCS with wind speed and
radar incidence angle. Here, sixteen ScanSAR wide mode SAR images acquired by RADARSAT-2
(RS-2) under tropical cyclone (TC) conditions and the matching wind speed data from the European
Centre for Medium-Range Weather Forecasts (ECMWF) and the Stepped-Frequency Microwave
Radiometer (SFMR) are collected and divided into datasets A and B. Dataset A is used for analyzing
the effects of the wind field and radar incidence angle on the reference noise-removed cross-polarized
NRCS, and for proposing the new GMF for each sub-swath of the SAR images, while dataset B is
used to retrieve wind speed and evaluate the validity of the new GMF. The comparisons between the
wind speeds retrieved by the new GMF and the collocated ECMWF and SFMR data demonstrate the
excellent performance of the new GMF for wind speed retrieval. To analyze the universality of the
new GMF, wind speed retrievals based on 32 Sentinel-1A/B (S-1A/B) extra-wide-swath (EW) mode
images acquired under TC conditions are also compared with the collocated wind speeds measured
by the Soil Moisture Active Passive (SMAP) radiometer, and the retrieved wind speeds have RMSE
of 3.667 m/s and a bias of 2.767 m/s. The successful applications in high wind speed retrieval of
different tropical cyclones again supports the availability of the new GMF.

Keywords: synthetic aperture radar (SAR); cross-polarization NRCS; ECMWF and microwave ra-
diometer wind speed; GMF; tropical cyclone wind speed retrieval

1. Introduction

Tropical cyclones (TCs) produce strong winds, heavy rain, and high sea states in the
sea, which pose a serious threat to marine navigation and the lives of coastal residents.
The observation of TC wind speed is of major importance for TC monitoring and fore-
casting [1–3]. In recent years, the retrieval algorithms for the high wind speed of TCs
have attracted extensive attention in the satellite oceanic remote sensing field. At present,
because of the cloud-penetrating ability, microwave sensors such as radiometers [3,4],
scatterometers [5,6], altimeters [7,8], and synthetic aperture radar (SAR) are used for sea
surface wind retrieval. The superior high spatial resolution of SAR is advantageous for
imaging sea surface changes caused by mesoscale atmospheric processes. The exceptional
details on the structure of the sea surface wind field of TCs can be clearly manifested in
SAR images of the ocean surface. Therefore, SAR images have been widely investigated for
retrieving fine-scale wind fields of TCs [9–11]. The geophysical model functions (GMFs),
which are the empirical relations between normalized radar cross-section (NRCS), wind
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speed, wind direction, and radar incidence angle, can be used to transform the NRCS from
satellite-borne SAR images of the ocean surface into a wind field [9–13]. The GMFs exist
just because a wind field would roughen the sea surface via the production of sea waves,
which in turn enhance the backscattered NRCS at moderate incidence angles [14–19]. The
works in [16–19] demonstrate that the GMFs for co-polarized SAR images have limitations
to retrieve tropical cyclone-force wind speed because the co-polarized NRCS would be
saturated when sea surface wind speed exceeds 20 m/s. Due to the ability of tracing
wave breaking [16–19], recent research on cross-polarized SAR images has shown that the
cross-polarized NRCS even remains sensitive to sea surface wind speed under tropical
cyclone conditions, which indicates its potential for TC wind speed retrieval [16,18,20,21].

With the development of SAR technology, considerable efforts have been made to
quantitatively retrieve sea surface wind speed on the basis of cross-polarized SAR images.
At present, several statistical models based on GMFs have been proposed for C-band
cross-polarization NRCS [22–29]. In [22,23], two GMFs, i.e., the C-2PO and the C-2POD
models, established the linear relationship between cross-polarized NRCS in decibels and
wind speed. In [24], it is found that the relationship between cross-polarized NRCS and
wind speed had different forms in low-to-strong (<20 m/s) and strong-to-severe (≥20 m/s)
wind regimes. In recent years, many studies have shown that the cross-polarized NRCS
from the sea surface is not only related to wind speed, but also affected by radar incidence
angle [11,25–27]. Some GMF models, such as H14, MS1A, and C3PO, were represented by
the functions of wind speed and radar incidence angle. The H14 [25] model was proposed
based on the dual-polarization SAR images acquired by RS-2 and the wind speed data from
buoys, SFMR, and ECMWF. The MS1A model was established according to the extra-wide-
swath SAR images acquired by Sentinel-1A (S-1A) and the wind speeds from SMAP [11,27].
The H14 and MS1A models are both power law functions relating cross-polarized NRCS
to wind speeds and radar incidence angles. Based on the RS-2 ScanSAR images and the
wind speed from SFMR, the C3PO model, which can be used to retrieve wind speeds up
to 40 m/s, was proposed in [26]. The effect of the noise floor of SAR instruments on the
GMF is another issue that needs attention. For ScanSAR wide-swath SAR images, the
cross-polarized NRCS would be significantly contaminated by the reference noise floor
(i.e., the noise equivalent sigma zero, NESZ) [10,11,25,27]. The NESZ varies with the radar
incidence angle, and modulates the cross-polarized NRCS, which leads to clearly visible
undulating patterns of brighter and darker areas across the range in SAR images [10].
In [28], a segmented GMF model for cross-polarized NRCS was proposed by introducing
a denoise procedure to increase the signal-to-noise ratio for SAR measurements. Shen’s
model is a piecewise linear function relating cross-polarized NRCS in decibels to wind
speed, and the two linear segments meet together when the wind speed is 10.1 m/s. Based
on the cross-polarized NRCS in the denoised RS-2 ScanSAR wide-swath images acquired
over six TCs, Horstmann et al. [29] explored a relationship between the cross-polarized
NRCS and wind speeds.

Although many GMFs for cross-polarized NRCS have been developed to retrieve
wind speeds, there are still large RMSEs in the sea surface wind inversion results, especially
for high wind speeds. Here, we aimed to develop a new GMF model for RS-2 ScanSAR
wide-swath cross-polarized NRCS after removing NESZ. In this work, sixteen scenes of RS-
2 ScanSAR wide-swath images under the condition of TCs and the matching wind speeds
from ECMWF and SFMR were collected and divided into two datasets. Based on dataset A,
we established a new GMF model for each sub-swath of the SAR image, represented as
a piecewise function of wind speed and radar incidence angle. This new model is called
SS-ICM (i.e., strip segmentation model corrected by incidence angle). We validated the
effectiveness of the new GMF by comparing the wind speeds retrieved from RS-2 images
in dataset B with the matching wind speeds from ECMWF and SFMR. Compared with the
wind speed retrieved by other GMF models, the root mean square error (RMSE) and the
bias of the retrieved wind speed based on SS-ICM model are both improved to a certain
extent. To further analyze the universality of the new model, wind speed retrievals based



Remote Sens. 2022, 14, 1637 3 of 23

on 32 denoised Sentinel-1A/B (S-1A/B) extra-wide-swath (EW) images were also compared
with the collocated wind speeds measured by the SMAP radiometer. The results illustrate
that the new GMF has advantages in TC wind speed retrieval.

The remainder of this article is organized as follows. The dataset and data processing
methods are described in Section 2. The new GMF model is established in Section 3. The
discussion and validation of this model are given in Section 4. Finally, we present our
conclusions in Section 5.

2. Description of Datasets
2.1. SAR Data

Canada’s RADARSAT-2 is a high-resolution commercial satellite with C-band sensors,
offering a variety of polarization modes including single-polarization (VV, HH, VH, or HV),
dual-polarization (VV+VH, or HH+HV), and quad-polarization (VV+HH+VH+HV) [10,20,30].
Among them, ScanSAR wide dual-polarization (VV+VH) data can capture complete and
clear TC information due to its wide swath with a width of 500 km. The spatial resolution
of ScanSAR wide mode SAR image is 100 m × 100 m and the pixel spacing is 50 m × 50 m,
and the radar incidence angle range is 20◦ to 49◦. For RS-2 ScanSAR wide mode SAR images,
sixteen SAR images containing TCs are selected and divided into dataset A (includes 13 SAR
images) and dataset B (includes three SAR images). Dataset A is utilized to analyze the
relationship between the cross-polarized NRCS and wind speed, wind direction, and radar
incidence angle, and then to fit the wind speed retrieval model. Dataset B is a validation
dataset used to verify the performance of the proposed wind speed retrieval model. Both
datasets were sampled, and outliers outside the 95% confidence interval were removed.
At the same time, the data with rainfall rates over 30 mm/h were also removed to avoid
the impact of rain damping caused by heavy rainfall on NRCS. The same process was
performed for 32 scenes of S-1 SAR data. The specific information of the RS-2 ScanSAR
wide mode images used in this paper is shown in Table 1.

Table 1. Information of the RADARSAT-2 ScanSAR wide-mode images.

Number Name Imaging Time
(UTC)

The Comparison of
Data Dataset

1 Eral 2010-09-02, 22:59:14 EC, SFMR 2 A

2 Arthur 2014-07-03, 11:13:56 EC, SFMR 2 A

3 Harvey 2017-08-25, 00:19:57 EC A

4 Lan 2017-10-21, 09:20:57 EC A

5 Suli 2018-08-18, 08:02:33 EC, SMAP A

6 Suli 2018-08-20, 21:05:21 EC, SMAP A

7 Jebi 2018-09-02, 09:04:49 EC, SMAP A

8 Flossie 2019-08-01, 14:33:48 EC A

9 Genevieve 2020-08-21. 13:31:53 EC, SMAP A

10 Haishen 2020-09-02, 08:41:51 EC A

11 Teddy 2020-09-21, 10:04:32 EC, SFMR 1, SMAP A

12 Epsilon 2020-10-24, 21:56:22 EC, SMAP A

13 Zeta 2020-10-28, 12:07:10 EC, SFMR 2 A

14 Joaquin 2015-10-03, 10:44:58 EC, SFMR 1, SMAP B

15 Florence 2018-09-13, 10:59:32 EC, SFMR 1, SMAP B

16 Michael 2018-10-09, 11:43:42 EC, SFMR 2 B
1 The image contains only one set of SFMR data. 2 This image contains two groups of SFMR data.
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Sentinel-1A/B satellites [10,11], designed by the European Space Agency (ESA), can be
operated in four exclusive sensor modes with different resolutions and coverage: the strip-
map mode (SM), the interferometric wide-swath mode (IW), the extra-wide mode (EW),
and the wave mode (WV). An EW mode SAR image is 400 km wide and covers radar
incidence angles from about 19◦ to 47◦, with spatial resolution of 93 m × 87 m and pixel
spacing of 40 m × 40 m. In this paper, 32-scene Sentinel-1 EW mode dual-polarization
(VV+VH) Ground Range Detected (GRD) Medium-Resolution (MR) SAR images acquired
over TCs are also selected as a validation dataset to analyze the universality of the new
GMF model. Due to the large amount of S-1 SAR data, we do not list them.

In this paper, the cross-polarized NRCS without reference noise (see Section 2.6.3
for details) from the two satellite platforms is smoothed with a mean filtering window of
50 pixels × 50 pixels to remove the influence of speckle noise. At the same time, the land
area in SAR images was assigned an invalid value and removed to eliminate the influence
of land on the cross-polarization NRCS.

2.2. The Fifth-Generation Reanalysis Wind Field of ECMWF

ERA5 is the fifth generation of the European Center for Medium-Range Weather Fore-
casts (ECMWF) reanalysis database [31–33]. In this study, from ECMWF-ERA5, we select
the wind speed at a height of ten meters above sea surface as the ‘true’ wind fields. The time
and the spatial resolutions of the reanalysis wind field are 1 h and 0.25 × 0.25 degrees [34].
In our study, the ECMWF data are interpolated to SAR imaging time Meanwhile, the spatial
resolution of the ECMWF wind fields is also interpolated at less than 0.01◦. This ensures
ECMWF data are spatially matched with the smoothed SAR images.

2.3. SFMR Measurements

In 2005, the National Oceanic and Atmospheric Administration (NOAA)/Aircraft Oper-
ations Center (AOC) first used a Stepped-Frequency Microwave Radiometer (SFMR) on the
WP-3D research aircraft for actual measurements of hurricane surface wind speeds [35–38]
and rain rates [39,40]. The SFMR is a C-band microwave radiometer that works at six
frequency bands (4.55, 5.06, 5.64, 6.34, 6.96, 7.22 GHz) and can be used to retrieve the
1-min sustained ground wind speeds, with the measured maximum wind speeds up to
70 m/s. The wind data acquired by the SFMR have high spatial (120 m) and temporal
(1 Hz) resolutions. When comparing the performance of the SFMR data and SAR data, the
average wind speed within ±0.01◦ latitude and longitude of the SAR image corresponding
to the flight track is selected to reduce the error.

2.4. L-Band SMAP Radiometers Data

The soil moisture active passive (SMAP) L-band SAR has captured ample data since the
National Aeronautics and Space Administration (NASA) launched it in January 2015 and
provided data since April 2015. The spatial resolution of SMAP wind speed is 0.25◦ × 0.25◦.
It has a strip width of 1000 km and can cover the global sea in 2–3 days [41,42]. The SMAP
radiometer is derived from brightness temperature retrieval and has been proven to be
an efficient microwave sensor for observing ocean surface winds [3,4,43–45]. The SMAP
radiometer can accurately estimate hurricane intensity (70 m/s) and wind radius, and the
wavelength of the L-band is much larger than the radius of a raindrop, so high wind speed
can be measured even under heavy rainfall conditions [43].

2.5. The Hurricane Track Data

In order to better match the airborne SFMR wind speed with SAR images, the track
information of TCs is needed. The best track data were obtained from the international
best-track archive for climate stewardship (IBTrACS_v04) dataset in the National Oceanic
and Atmospheric and Administration (NOAA), which combined structural estimates of
the best tropical cyclone track data from multiple agencies around the world [3,27]. The
IBTrACS data are widely used to verify the model prediction of TC track and intensity
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and analyze the global changes in hurricane moving velocity and life cycle [46–48]. It has
provided information on 13,550 TCs since 1842, including the longitude and latitude of the
eye center, maximum wind speed, time, and so on, with a set of data every three hours.

2.6. Data Processing and Matching
2.6.1. Flight Path Correction of Airborne SFMR Measurements

It is essential to consider the motion of TCs when matching the position of SFMR
data on SAR images. Correcting the SFMR flight path requires obtaining TC track data.
The new positions of the TC’s eye at different moments corresponding to SFMR data are
obtained by linear interpolation. Then, shifting the flight path of SFMR on the basis of the
displacements between the original and the new positions of the TC’s eye, the modified
SFMR path on the SAR image is obtained. Figure 1 shows the SAR image of the TC Earl. In
this study, the SFMR data and SAR data were matched to within the 1-hour window. The
aircraft entered the SAR imaging area at 21:59:14 UTC and left at 23:59:14 UTC, and passed
through the eye of the TC. In Figure 1, the blue line is the corresponding flight track of the
SFMR, and the red line denotes the modified aircraft flight track. The arrows indicate the
direction of the aircraft.
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2.6.2. Judgment and Selection of Fitting Data

To prove the accuracy of the ECMWF wind field, the comparison between the NDBC
in situ data and the interpolated ECMWF reanalysis wind speeds are shown in Figure 2a.
Here, we analyzed five years of data measured by the buoy (No. 41047) from 2016 to
2020, collecting 40,552 wind speed data points in total. The root mean square error (RMSE)
is 1.15 m/s, and the bias is 0.831 m/s. The wind speed of the buoy and ECMWF were
concentrated below 20 m/s, and they showed a good correlation.

However, as shown in Figure 2a, there are few wind speeds over 20 m/s, and we cannot
rely on buoy 41,047 to determine whether ECMWF data are still appropriate under high
wind speed conditions. Therefore, the collocated wind speeds from the SMAP radiometer
in datasets A and B are compared with ECMWF data in Figure 2b. It can be found that
when the wind speeds are lower than 20 m/s, ECMWF wind speeds have a good linear
relationship with SMAP wind speeds, which are approximately evenly distributed on both
sides of the diagonal. This means that the ECMWF data can maintain adequate retrieval
accuracy in the middle and low wind speed regions. However, when the wind speeds keep
increasing, ECMWF wind speeds are obviously lower than those from SMAP, which means
that using ECMWF data as the real wind fields for establishing the TC retrieval model for
high wind speeds will cause relatively large errors. Therefore, when we establish a GMF
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model, a threshold wind speed is set to be 22 m/s. When the wind speed exceeded 22 m/s,
wind speeds acquired by radiometer are selected to establish the GMF for high wind speeds.
Compared with SMAP wind speeds, ECMWF wind speed has a large data volume and
wide coverage, so ECMWF wind speeds below 22 m/s are still used to establish the GMF
for middle and low wind speeds.

Remote Sens. 2022, 14, x FOR PEER REVIEW 6 of 24 
 

 

the wind speeds keep increasing, ECMWF wind speeds are obviously lower than those 
from SMAP, which means that using ECMWF data as the real wind fields for establishing 
the TC retrieval model for high wind speeds will cause relatively large errors. Therefore, 
when we establish a GMF model, a threshold wind speed is set to be 22 m/s. When the 
wind speed exceeded 22 m/s, wind speeds acquired by radiometer are selected to establish 
the GMF for high wind speeds. Compared with SMAP wind speeds, ECMWF wind speed 
has a large data volume and wide coverage, so ECMWF wind speeds below 22 m/s are 
still used to establish the GMF for middle and low wind speeds. 

(a) (b) 

Figure 2. Comparison of ECMWF wind speed with (a) the in situ measurements of NDBC buoy data 
(NO. 41047), (b) the measurements of the SMAP radiometers. 

2.6.3. Correction of Reference Noise 
RS-2 ScanSAR wide and S-1 EW mode SAR images give a reference noise level (i.e., 

the noise equivalent sigma zero, NESZ) values between −30 dB and −23 dB depending on 
the radar incidence angle [10,29]. The signal-to-noise ratio (SNR) of cross-polarized SAR 
images is relatively low and strongly influenced by NESZ, which makes the cross-
polarized SAR images have obvious changes of brighter and darker bands along the range 
direction. After removing the reference noise, the cross-polarized NRCS σ VH  in decibels 
can be evaluated by 

σ σ σ= −1010 log ( _ )VH linear linearNosie  (1) 

where σ linear denotes the NRCS contaminated by reference noise. σ_ linearNosie denotes 
the NESZ. σ linear and σ_ linearNosie are both in linear unit. The values of the NESZ can be 
found in the header file of SAR images. 

Figure 3 shows an example of a RS-2 cross-polarized SAR image of TC Teddy 
acquired on 21 September 2020, at 10:04:32 UTC, when a clear eye of this tropical cyclone 
was captured. From this SAR image without removing the NESZ (see Figure 3a), the 
obviously bright and dark bands can be seen in the range direction. Same as [29], we select 
a sub-image with the size of 2000 pixels (100 km) along the azimuth direction, as shown 
in the red box in Figure 3a. The sub-image is processed with Equation (1) to remove the 
NESZ. It can be seen from Figure 4b that, after subtracting the contribution of the NESZ 
from the NRCS, the phenomenon of fluctuation along the range direction disappears to a 
large extent. However, when NESZ is removed by using the processing method in [29], 
there are still three obvious splicing lines in the SAR image along the azimuth direction 
due to the existence of strip splicing. To address this problem, the NRCS along the splicing 
line is replaced by the interpolated value of the data from both sides of the splicing line. 
Then, the influence of strip splicing can be eliminated completely (see Figure 4c). 

Figure 2. Comparison of ECMWF wind speed with (a) the in situ measurements of NDBC buoy data
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2.6.3. Correction of Reference Noise

RS-2 ScanSAR wide and S-1 EW mode SAR images give a reference noise level (i.e.,
the noise equivalent sigma zero, NESZ) values between −30 dB and −23 dB depending
on the radar incidence angle [10,29]. The signal-to-noise ratio (SNR) of cross-polarized
SAR images is relatively low and strongly influenced by NESZ, which makes the cross-
polarized SAR images have obvious changes of brighter and darker bands along the range
direction. After removing the reference noise, the cross-polarized NRCS σVH in decibels
can be evaluated by

σVH = 10 log10(σlinear − Nosie_σlinear) (1)

where σlinear denotes the NRCS contaminated by reference noise. Nosie_σlinear denotes the
NESZ. σlinear and Nosie_σlinear are both in linear unit. The values of the NESZ can be found
in the header file of SAR images.

Figure 3 shows an example of a RS-2 cross-polarized SAR image of TC Teddy acquired
on 21 September 2020, at 10:04:32 UTC, when a clear eye of this tropical cyclone was
captured. From this SAR image without removing the NESZ (see Figure 3a), the obviously
bright and dark bands can be seen in the range direction. Same as [29], we select a sub-
image with the size of 2000 pixels (100 km) along the azimuth direction, as shown in the
red box in Figure 3a. The sub-image is processed with Equation (1) to remove the NESZ.
It can be seen from Figure 4b that, after subtracting the contribution of the NESZ from
the NRCS, the phenomenon of fluctuation along the range direction disappears to a large
extent. However, when NESZ is removed by using the processing method in [29], there
are still three obvious splicing lines in the SAR image along the azimuth direction due to
the existence of strip splicing. To address this problem, the NRCS along the splicing line is
replaced by the interpolated value of the data from both sides of the splicing line. Then, the
influence of strip splicing can be eliminated completely (see Figure 4c).
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Figure 4. Sub-image in the red box range in Figure 3. (a) Original NRCS, (b) NRCS after removing
the NESZ, and (c) NRCS after removing the NESZ and strip splicing.

Figure 5 shows the dependence of cross-polarized NRCS with radar incidence angle
before and after removing NESZ. The green line represents the result of azimuth-averaged
original NRCS in sub-image (see Figure 4a). It can be clearly seen that the fluctuation trend
of original NRCS is similar to that of the NESZ, especially in the W2 and W30 bands, which
indicates that the original NRCS is seriously contaminated by the reference noise. When
the effect of NESZ is subtracted, NRCS decreases by about 2–6 dB. Similar processing was
also performed in the literature [29], but the author did not take into account the influence
of strip stitching, which led to the mutation of NRCS in SAR images. When we remove the
influence of strip splicing, from the comparison between the red and the blue curves, it is
obvious that the mutations at the strip splices disappear completely.

For Sentinel-1 data, the NESZ distributed in the range direction and the wavelike
modulation of NRCS (scalloping effect) along the azimuth direction can be obtained from
the header file. The influence of these two kinds of reference noise can be directly removed
by the calibration formula:

σVH = 10 log10

(
DN2 − na · nr

A2

)
(2)

where DN2 is SAR image intensity, A is the scaling coefficient, and na and nr represent the
values of the scalloping and NESZ, respectively.
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Figure 5. Influence of the reference noise on the cross-polarized NRCS. The black curve is the NESZ.
The green curve is the original NRCS, while the blue curve denotes the NRCS after removing the
reference noise. The red curve indicates the result after removing the NESZ and strip splicing. The
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3. Establishment of the New GMF
3.1. Training Dataset Analysis

In order to establish a suitable GMF for TC wind speed retrieval, the influence of wind
speed, wind direction, and radar incidence angle on the cross-polarized NRCS should first
be analyzed. The ECMWF reanalysis wind speed below 22 m/s and SFMR wind speed
above 22 m/s are selected as the real wind speeds.

3.1.1. Influence of Relative Wind Direction on Cross-Polarized NRCS

In this work, the data with a radar incidence angle of 35◦ are selected. The whole
relative wind direction (0–360◦) is evenly divided into 36 bins. The curves of the cross-
polarized NRCS for different wind speeds are shown in Figure 6. The relative wind direction
denotes the angle between wind direction and the SAR range direction, considering that 0◦

is upwind, 180◦ is downwind, and 90◦ and 270◦ denote crosswind directions. Although
some studies [12,29] have shown that there is a weak relationship between cross-polarized
NRCS and wind direction when the wind speed is low, the curves in Figure 6 illustrate
that this relationship is chaotic and fuzzy. In the following model construction process,
therefore, the effect of the wind direction has been ignored.
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3.1.2. Influence of Incidence Angle on Cross-Polarized NRCS

Some analysis in [11,25,26] shows the dependence of cross-polarized NRCS on the
incidence angle. Here, the incidence angle of the RS-2 ScanSAR mode image ranges from
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20◦ to 49◦. All SAR image data under downwind conditions are grouped into six even
incidence angle bins. Then, the average cross-polarized NRCS for different wind speeds in
each bin are extracted and plotted successively in Figure 7. The curves in this figure show
that the values of the cross-polarized NRCS for different wind speeds tend to decrease
with the increase in incidence angle, which is consistent with the conclusion in [11,25,26].
The same conclusion can be drawn for other wind direction cases, too. This phenomenon
means that the influence of the radar incidence angle on the cross-polarized NRCS must be
considered in the modeling process of the new GMF.
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3.1.3. Influence of Wind Speed on Cross-Polarized NRCS

A number of literary studies have shown that cross-polarized NRCS has a positive
correlation with wind speed even when wind speed is higher than 20 m/s, so it is often
used for the retrieval of high wind speed [22–29]. Figure 8a,b present the influences of the
wind speed on cross-polarized NRCS for different incidence angles and different wind
directions. As shown in Figure 8, the cross-polarized NRCS monotonically increase with
the increase in wind speed. At moderate winds, the values of the cross-polarized NRCS are
most sensitive to wind speed. When the wind speed is low, the values of the cross-polarized
NRCS increase slowly with wind speed. This phenomenon can perhaps be explained by
the fact that the signal-to-noise ratio of the cross-polarized NRCS in the low-wind region
is too low. Although the reference noise reduction is carried out, the effect of the noise
signal cannot be completely removed. When the wind speed exceeded about 20 m/s, the
cross-polarized data present a trend of slow increase with wind speed again. This change
trend is apparently closer to the empirical relationships proposed by Hwang et al. [25]
and Mouche et al. [11,27]. From Figure 8a, we can also find that the cross-polarized NRCS
tend to decrease with the increase in incidence angle. Compared with Figure 8a, however,
the curves for different wind directions in Figure 8b are mixed together and difficult to
distinguish, which means that there is no obvious correlation between cross-polarized
NRCS and wind direction.

3.2. The New GMF Model

From the analysis in Section 3.1, it is found that the denoised cross-polarized NRCS
would be affected by wind speed and radar incidence angle, and the relationship between
the cross-polarized NRCS and wind speed cannot be described by a simple linear function.
Therefore, in this section, we try to establish a new piecewise wind speed retrieval model
for each sub-swath of SAR images. Hereafter, this new model is referred to as SS-ICM
(i.e., strip segmentation model corrected by incidence angle). The SS-ICM model can be
expressed as:

σVH = σv fθ (3)
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where σVH denotes the cross-polarized NRCS in decibels, σv is a function of wind speed,
which represents the relationship between NRCS and wind speed, and fθ is an incidence
angle correction function. During the establishment of the SS-ICM model, the training data
in dataset A were divided into four groups according to the sub-swaths W1 (θ < 29.2◦),
W2 (29.2–37.8◦), W30 (37.8–43.4◦), and S7 (θ > 43.4◦). The samples numbers are 3658, 2868,
2219, and 2495 in the sub-swaths W1, W2, W30, and S7, respectively.
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3.2.1. Wind Speed Function σv

In combination with the ECMWF wind speeds below 22 m/s and the SFMR measure-
ment data above 22 m/s, the cross-polarized NRCS in each sub-swaths as a function of wind
speeds are shown in Figure 9. For comparisons, the cross-polarized NRCS evaluated by the
GMFs proposed by Horstmann et al. [29], Hwang et al. [25], and Mouche et al. [11,27] are
also presented. From the comparisons, we found that these four GMFs display significantly
different behaviors, and the four existing GMFs cannot adequately describe the relationship
between the cross-polarized NRCS of each sub-swath and wind speed.

Due to the complex trend of cross-polarized NRCS with wind speed, it is difficult
to establish a unified fitting function for cross-polarized NRCS at different wind speed
ranges and different sub-swaths. In order to fit the scatters in Figure 9 well, we divide the
cross-polarized NRCS into three wind speed ranges with the two vertical dotted lines in
Figure 9.

The first wind speed range corresponds to low wind speed cases. In the sub-swaths
W1, W2, and W30, the upper threshold wind speed for the first wind speed range is
11.5 m/s. In the sub-swath S7, the upper threshold wind speed is set 10.0 m/s. In this wind
speed range, the sensitivity of cross-polarized NRCS to wind speed increases with wind
speed, and a quadratic function can be employed to fit the scatters well. Compared with
the NRCS at low wind speed, the cross-polarized NRCS is more sensitive to wind speed
in a moderate wind speed range, where the wind speed ranges from 11.5 m/s to 19 m/s
in W1 and W2, from 11.5 m/s to 20 m/s in W30, and from 10 m/s to 22 m/s in S7. At
moderate wind speeds, the scatterplots in Figure 9 show that the cross-polarized NRCS in
each sub-swath almost increases linearly with the increase in wind speed. Therefore, at
moderate wind speeds, a linear function of wind speed can be used to fit the NRCS data.
When the wind speed continues to increase, the cross-polarized NRCS flattens out again
with the increase in wind speed. Because the sensitivity of cross-polarized NRCS to wind
speed decreases with high wind speed, a power function is chosen to ensure the trend of
the cross-polarized NRCS at high wind speed.
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Based on the above analysis, the fitting function σv of the cross-polarized NRCS with
wind speed is established as:

σv =


A1v2 + B1v + C1 (v < v1)
B2v + C2 (v1 ≤ v < v2)
A3
(
vB3
)
+ C3 (v ≥ v2)

(4)

where v denotes the wind speed, and the coefficients in Equation (4) are given in Table 2.

Table 2. List of the coefficients in Equation (4).

Sub-Swath v1 (m/s) v2 (m/s) i Ai Bi Ci

W1 11.5 19
1 0.02768 0.09696 −35.49
2 0.9062 −41.1356
3 −46.57 −0.2263 0

W2 11.5 19
1 0.02578 0.03866 −36.64
2 0.9664 −43.8995
3 −60.89 −0.2951 0

W30 11.5 20
1 0.02355 0.04711 −35.95
2 0.8088 −41.5949
3 −68.92 −0.4558 −7.826

S7 10 22
1 0.02927 0.07417 −37.142
2 0.6759 −40.2318
3 0.02768 0.09696 −35.49
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3.2.2. Incidence Angle Correction Function fθ

From the discussion in Section 3.1.2, it can be inferred that the change in incidence
angle has a certain impact on the cross-polarized NRCS. In order to consider the influence
of the radar incidence angle, in the new GMF, an incidence angle correction function fθ is
employed to optimize the wind speed model σv. Using the actual cross-polarized NRCS
σVH_Actual from SAR images and the cross-polarized NRCS evaluated by Equation (4), the
values of the incidence angle correction function can be calculated by the ratio σVH_Actual/σv.
The values of the ratio are shown in Figure 10. From the scatterplot, we can find that the
relationships between the ratio σVH_Actual/σv and the incidence angle in the four sub-
swaths are different from each other. The fitting function of the ratio σVH_Actual/σv for each
sub-swath is given by Equation (5). The values of the incidence angle correction function
evaluated by Equation (5) are represented by the light blue lines in Figure 10.

fθ =

{
aθ2 + bθ + c for sub-swath W1
bθ + c for sub-swath W2, W30 and S7

(5)
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The coefficients in Equation (5) are given in Table 3.

Table 3. List of the coefficients in Equation (5).

Sub-Swath Incidence
Angle (◦) a b c

W1 θ < 29.2 −0.0005462 0.03286 0.5228
W2 29.2 ≤ θ < 37.8 0.004523 0.8295

W30 37.8 ≤ θ < 43.4 0.001811 0.9236
S7 θ ≥ 43.4 0.001859 0.9133

4. Validation and Discussion

In order to evaluate the performance of the SS-ICM model, the RS-2 cross-polarized
NRCS of dataset A and dataset B are used to retrieve wind speeds by this model. The
retrieval results are compared with the wind speed from the ECMWF, the airborne SFMR,
and the SMAP. In addition, the applicability of the SS-ICM model is also analyzed by
applying the model to wind speed retrieval for S-1 satellite SAR data.
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4.1. Optimization Performance Evaluation of the SS-ICM Model

The errors between the NRCS calculated by the new GMF model and the SAR ob-
served values are compared in Figure 11, where the abscissa is the real NRCS observed by
RS-2, the ordinate denotes the NRCS calculated by the GMF model, the blue dots are the
results calculated by Equation (4), and the red dots are the result obtained by Equation (3),
i.e., the SS-ICM model. Compared with the real NRCS observed by RS-2, the RMSE and
the bias of the results calculated by SS-ICM model both decrease when the incidence angle
correction function is considered. This indicates that considering the impact of incidence
angle is helpful to improve the model’s accuracy.
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4.2. Comparison with the Retrieval Results of Dataset A

In this section, the SS-ICM model is used to retrieve wind speed for cross-polarized
NRCS in dataset A, and the retrieval results are compared with the ‘real’ wind speed in
Figure 12. Figure 12a shows the retrieval results by the SS-ICM model. The retrieval results
are evenly distributed on both sides of the diagonal, and the black fitting dotted line is
very close to the diagonal, which means that the SS-ICM model proposed in this paper has
a small deviation compared with the real wind speed in dataset A. For comparisons, the
wind speed retrieved based on the models proposed by the Shen model [28], Horstmann
model [29], C3PO model [26], H14 model [25], and MS1A model [11,24] are also shown in
Figure 12b–f, respectively. The statistical RMSE, bias, and correlation coefficient are given
in Table 4. It shows be noted that the H14 model used in this paper is the combination of
the H14E model below 22 m/s and the H14S model above 22 m/s.
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Table 4. The RMSE and bias of the retrieved wind speeds based on different GMFs.

Model RMSE (m/s) Bias (m/s) Cor

SS-ICM 2.886 2.18 0.934
Shen 4.583 3.591 0.889

Horstmann 4.199 3.408 0.897
C3PO 3.934 3.057 0.902
H14 3.261 2.472 0.914

MS1A 4.173 3.257 0.915

By comparison, the retrieval wind speeds by the SS-ICM model, H14 model, and
MS1A model are more consistent with wind speeds in dataset A, especially at the high
wind speeds. Among them, SS-ICM model has the highest retrieval accuracy; the RMSE
of the retrieved wind speeds reaches 2.886 m/s, the bias is 2.18 m/s, and the correlation
coefficient is 0.934. However, it is worth noting that the acceptable inversion results of
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SS-ICM only prove the accuracy of the fitting process of this model because it is just fitted
based on dataset A. As shown in Figure 12, the Shen model performs well at moderate
wind speeds, but the wind speeds are underestimated when the actual wind speed is
below 10 m/s or above 20 m/s. For the results of the Horstmann model, when the wind
speed is less than 13 m/s, the retrieval wind speeds are somewhat lower than the ECMWF
reanalysis wind speed. However, at the wind speed range from 20 m/s to 30 m/s, the wind
speeds are overestimated by the Horstmann model. When the wind speed is higher than
30 m/s, the wind speeds would be underestimated by the C3PO model.

4.3. Comparison with the Retrieval Results of Dataset B

In this section, dataset B is used to verify and evaluate the performance of the model
proposed in this paper. Compared with some typical wind speed retrieval models, the
advantages and disadvantages of SS-ICM model are explored. Dataset B includes the SAR
images acquired over three TCs: TC Joaquin captured on 3 October 2015 at 10:44:58 UTC,
TC Florence captured on 13 September 2018 at 10:59:32 UTC, and TC Michael captured on
9 October 2018 at 11:43:42 UTC. The TC structures in these three SAR images are very clear.
Four groups of SFMR airborne wind speed data in the SAR imaging were located. Similarly,
the SS-ICM model and other GMFs mentioned in Figure 12 are used to retrieve wind speeds
from these three SAR images. When the retrieval wind speeds are lower/higher than
22 m/s, the retrieval results are compared with the ECMWF/SFMR data, respectively.

4.3.1. Comparison of Retrieval Results with Wind Speeds from ECMWF and SFMR

Taking TC Joaquin as an example, the retrieved wind speed based on different GMFs
are shown in Figure 13. Figure 13a is the SAR image of TC Joaquin, including the flight
trajectory of the SFMR radiometer. The corresponding ECMWF reanalysis wind field is
given in Figure 13b. Figure 13c–i shows the wind speeds retrieved by different GMFs. In
Figure 13b, the maximum wind speed of ECMWF is about 25 m/s. Except the retrieved
wind speed based on the Shen model, the maximum wind speed retrieved by the other
GMFs are all exceed 35 m/s. The pattern of the wind speeds retrieved by the SS-ICM model
in Figure 13c is more consistent with those in Figure 13g,i. Since the C3PO model does not
remove the influence of the NESZ, the light and dark fringes along the range direction can
be clearly identified in Figure 13f. These light and dark fringes have significant effects on
the accuracy of wind speed retrieval.

The comparison between the retrieval results and the SFMR wind speed is shown in
Figure 14. Comparing the curves in Figure 14, we can find that the low resolution makes
the wind speed from ECMWF obviously smoother and the scale of TC eye in ECMWF data
is much larger. The maximum wind speed given by ECMWF data is lower than 25 m/s,
while the maximum wind speed measured by the SFMR radiometer exceeds 40 m/s. When
the wind speed is below 22 m/s, the wind speeds retrieved by SS-ICM, C3PO, and H14
models are in good agreement with the SFMR wind speeds, while the retrieval results of
Shen, Horstmann, and MS1A models are slightly lower. When the wind speed is higher
than 22 m/s, the wind speeds retrieved by SS-ICM and MS1A models near the eye of the
TC are consistent with the SFMR data.

In order to analyze the performance of the GMF models statistically, the wind speeds
retrieved from the three SAR images are compared with the ECMWF (below 22 m/s)
and the SFMR (above 22 m/s) wind speeds in Figure 15. The statistical RMSE, bias, and
correlation coefficient are given in Table 5. Here, the outliers outside the 95% confidence
interval have been removed. From the comparisons, we can find that the wind speeds
retrieved based on SS-ICM have the smallest RMSE and bias.
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Figure 15. SAR-retrieved wind speeds (dataset B) by (a) the SS-ICM model; (b) the Shen model;
(c) the Horstmann model; (d) the C3PO model; (e) the H14 model; (f) the MS1A model in vs. the
ECMWF (with light blue background) and the SFMR wind speeds.

Table 5. Performances of wind speeds in dataset B vs. the results retrieved by the SS-ICM, Shen,
Horstmann, C3PO, H14 and MS1A models.

Dataset B SS-ICM Shen Horstmann C3PO H14 MS1A

ECMWF (<22 m/s)
RMSE (m/s) 1.894 2.579 3.876 2.675 2.544 3.036
Bias (m/s) 1.448 2.145 3.214 2.151 2.056 2.570

Cor 0.900 0.905 0.861 0.873 0.773 0.823

SFMR (≥22 m/s)
RMSE (m/s) 3.087 6.995 3.286 3.574 3.613 4.325
Bias (m/s) 2.622 6.229 2.835 3.062 3.235 3.909

Cor 0.928 0.775 0.767 0.881 0.927 0.926

All
RMSE (m/s) 2.258 3.547 3.708 2.945 2.838 3.361
Bias (m/s) 1.739 2.831 3.104 2.355 2.340 2.872

Cor 0.958 0.898 0.918 0.935 0.937 0.949
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4.3.2. Comparison of Retrieval Results with the Wind Speed from SMAP

Among RS-2 datasets used in this paper, eight SAR images can be successfully matched
with SMAP radiometer wind speeds. The wind speeds retrieved by the SS-ICM model are
compared with the wind speeds from SMAP. For comparison, the retrieved wind speeds
have been resampled to the spatial resolution of the SMAP data. In addition, because the
MS1A model was established just based on the SMAP wind speeds, in this section, the
MS1A model is chosen for comparison. Taking TC Joaquin and TC Florence as examples,
Figure 16 shows the comparison between the retrieved wind speed and the SMAP data.
The scatterplots of the retrieved wind speeds from SAR images are shown in Figure 17. As
shown in Figure 17a, for the SS-ICM model, there is a strong correlation (0.955) between
the retrieved wind speeds and the SMAP wind speed with RMSE of 2.816 m/s and bias
of 2.149 m/s. The retrieved wind speeds by MS1A model have RMSE of 3.359 m/s, bias
of 2.622 m/s, and a correlation coefficient of 0.949. The statistical results show that the
SS-ICM model proposed in this paper has higher accuracy for the retrieval TC wind speeds.
However, it should be noted that at the high wind speeds, the wind speeds retrieved by
SS-ICM and MS1A are somewhat smaller than those acquired from SMAP, which may be
caused by the influence of rainfall on C-band radar return signals. The influence of rainfall
on cross-polarized NRCS is complex [40], which should be further studied in the future
work.
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Figure 17. Comparisons of retrieved wind speeds from RS-2 SAR with collocated SMAP wind speeds.
(a) SS-ICM model. (b) MS1A model.

4.4. Universality Analysis of SS-ICM Model

In order to prove the applicability of SS-ICM model, 32 S-1 EW mode SAR images
acquired over TCs were collected for retrieving wind speeds. The MS1A model was selected
for comparison. As examples, the retrieved wind speeds for TC Kongney and TC Molave
are shown in Figure 18. The scatterplots of the wind speeds retrieved from the collected
S-1 SAR images are shown in Figure 19. Compared with the wind speed from SMAP,
the retrieved wind speeds by SS-ICM have RMSE of 3.667 m/s, bias of 2.767 m/s, and a
correlation coefficient of 0.929. For the wind speeds retrieved by MS1A, the RMSE, bias,
and correlation coefficient are 4.911 m/s, 3.632 m/s, and 0.871, respectively. The results
show that the SS-ICM model proposed in this paper can achieve adequate retrieval accuracy.
Although SS-ICM model is established based on the RS-2 ScanSAR wide mode images
and the wind speeds from ECMWF and SFMR, the successful applications to wind speed
retrieval for different tropical cyclones in Figure 19 indicate that the SS-ICM model also has
suitable adaptability for S-1 EW mode SAR images.

Remote Sens. 2022, 14, x FOR PEER REVIEW 20 of 24 
 

 

  
(a) (b) 

Figure 17. Comparisons of retrieved wind speeds from RS-2 SAR with collocated SMAP wind 
speeds. (a) SS-ICM model. (b) MS1A model. 

4.4. Universality Analysis of SS-ICM Model 
In order to prove the applicability of SS-ICM model, 32 S-1 EW mode SAR images 

acquired over TCs were collected for retrieving wind speeds. The MS1A model was 
selected for comparison. As examples, the retrieved wind speeds for TC Kongney and TC 
Molave are shown in Figure 18. The scatterplots of the wind speeds retrieved from the 
collected S-1 SAR images are shown in Figure 19. Compared with the wind speed from 
SMAP, the retrieved wind speeds by SS-ICM have RMSE of 3.667 m/s, bias of 2.767 m/s, 
and a correlation coefficient of 0.929. For the wind speeds retrieved by MS1A, the RMSE, 
bias, and correlation coefficient are 4.911 m/s, 3.632 m/s, and 0.871, respectively. The 
results show that the SS-ICM model proposed in this paper can achieve adequate retrieval 
accuracy. Although SS-ICM model is established based on the RS-2 ScanSAR wide mode 
images and the wind speeds from ECMWF and SFMR, the successful applications to wind 
speed retrieval for different tropical cyclones in Figure 19 indicate that the SS-ICM model 
also has suitable adaptability for S-1 EW mode SAR images. 

(a) (b) (c) 

(d) (e) (f) 

Figure 18. Wind speed retrieved by SS-ICM, MS1A model, and the wind speed from SMAP
(a–c) corresponding to TC Kongney and (d–f) TC Molave.
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5. Conclusions

In this study, we developed a new GMF model for cross-polarized SAR images to
retrieve sea surface wind speed. Sixteen RS-2 ScanSAR wide mode images under TC
conditions and the collocated wind speeds from ECMWF, SFMR, and SMAP were collected
and divided into datasets A and B. The SAR images and the matching wind speeds in
dataset A were used to analyzing the influences of wind speed, wind direction, and radar
incidence angle on the noise-free cross-polarized NRCS. The validity of the new GMF was
verified by comparing the wind speeds retrieved from RS-2 images in dataset B with the
matching wind speeds from ECMWF and SFMR. To further analyze the universality of the
new GMF model, wind speed retrievals based on 32 S-1 EW mode SAR images were also
compared with the matching wind speeds from SMAP. From the results in this work, the
following conclusions are obtained.

Firstly, for RS-2 ScanSAR wide mode and S-1 EW mode SAR images, the cross-
polarized NRCS was significantly contaminated by the reference noise. Therefore, the
influence of the reference noise and the strip splicing lines should be removed before
establishing the GMF model.

Secondly, the influences of the wind speed, wind direction, and radar incidence angle
on the noise-free cross-polarized NRCS are analyzed according to dataset A. In addition to
wind speed, SAR data indicate that radar incidence angle also has a non-negligible effect
on the cross-polarized NRCS. The values of the cross-polarized NRCS for different wind
speeds tend to decrease with the increase in incident angle. Nevertheless, the influence of
the wind direction can be neglected. This means that the GMF is a function of wind speed
and radar incidence angle.

Finally, a new GMF model (SS-ICM) for the cross-polarized NRCS was developed.
As shown by SAR data, the cross-polarized NRCS monotonically increases with wind
speeds. At moderate winds, the cross-polarized NRCS is most sensitive to wind speed.
However, at lower and higher wind speeds, the values of the cross-polarized NRCS increase
slowly with wind speed. Due to the complex trend of the cross-polarized NRCS with wind
speed, three piecewise regression functions are given to quantify the relationship between
cross-polarized NRCS and wind speed. In order to take the influence of incidence angle
into account, the incidence angle correction functions for different sub-swaths were also
introduced into the GMF model. The performance of the SS-ICM model was analyzed
based on the wind speeds retrieved by different SAR datasets. From the comparisons with
the retrieval results of other GMFs, the wind speed retrieved based on SS-ICM have the
smallest RMSE and bias. The retrieval results were compared with the ECMWF wind
speed below 22 m/s, and its RMSE was 1.894 m/s and bias was 1.448 m/s. Compared
with the wind speed measured by SFMR above 22 m/s, the RMSE is 3.087 m/s, and the
bias is 2.622 m/s. Compared with spaceborne L-band radiometers onboard SMAP data,
this model still reaches a better retrieval accuracy. Accordingly, the applicability of the
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SS-ICM model was analyzed by using 32 S-1 EW mode SAR images. Compared with SMAP
wind speeds, the retrieved wind speeds have RMSE of 3.667 m/s and a bias of 2.767 m/s.
Although SS-ICM model is established based on the RS-2 ScanSAR wide mode images, this
model has suitable adaptability to S-1 EW mode SAR images, too.

Generally speaking, high wind speeds are usually accompanied by high rainfall.
Compared to Ku-band, C-band data were reported to be far less affected by rain, about
1.5 dB [24,43], but small changes in NRCS would induce a significant impact on the high
wind speed retrieved by SAR. In this paper, the influence of rainfall was not taken into
account in the SS-ICM model, and the retrieved high wind speeds would be underestimated.
The existence of atmospheric attenuation, body scattering, and ring wave makes the
influence mechanism of rainfall on NRCS very complicated [39,40], which needs to be
deeply studied in future work.
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