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Abstract

Conventional retrieval and neural network methods are used simultaneously to retrieve sea surface wind speed
(SSWS) from HH-polarized Sentinel-1 (S1) SAR images. The Polarization Ratio (PR) models combined with the
CMOD5.N Geophysical Model Function (GMF) is used for SSWS retrieval from the HH-polarized SAR data. We
compared different PR models developed based on previous C-band SAR data in HH-polarization for their
applications to the S1 SAR data. The recently proposed CMODH, i.e., retrieving SSWS directly from the HH-
polarized S1 data is also validated. The results indicate that the CMODH model performs better than results
achieved using the PR models. We proposed a neural network method based on the backward propagation (BP)
neural network to retrieve SSWS from the S1 HH-polarized data. The SSWS retrieved using the BP neural network
model  agrees  better  with  the  buoy  measurements  and  ASCAT  dataset  than  the  results  achieved  using  the
conventional methods. Compared to the buoy measurements, the bias, root mean square error (RMSE) and
scatter index (SI) of wind speed retrieved by the BP neural network model are 0.10 m/s, 1.38 m/s and 19.85%,
respectively, while compared to the ASCAT dataset the three parameters of training set are –0.01 m/s, 1.33 m/s
and 15.10%, respectively. It is suggested that the BP neural network model has a potential application in retrieving
SSWS from Sentinel-1 images acquired at HH-polarization.
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1  Introduction
Sea surface wind (SSW) is the major force of global ocean cir-

culation (Pond and Pickard, 1983). SSW field data with high spa-

tial resolution play an important role in meteorological predic-

tion, ship detection, maritime transportation and accidents res-

cue. Traditional methods of measuring sea surface wind speed

(SSWS), such as buoys, wind towers, meteorological stations and

ships, cannot meet the needs of real-time and fast acquisition of

regional or global scale SSW field (Pierson, 1990). With the rapid

development of satellite remote sensing technology, microwave

scatterometer, microwave radiometer and synthetic aperture

radar (SAR) become effective approaches to obtain regional-

scale high spatial resolution SSWS.

SAR has distinctive advantages in SSWS retrieval due to its all-

day, all-weather and high-resolution characteristics. In general,

SAR data in VV polarization are more widely applied in oceano-

graphy research than the data in HH polarization, because the

sea surface backscatter in VV polarization is stronger than that in

HH polarization. However, in maritime surveillance (e.g., in sea-

ice monitoring and oil-spill detection), SAR data in HH polariza-

tion are demanded (Komarov and Buehner, 2017). Under such

circumstance, it is required to use the HH-polarization SAR to

derive SSWS, which can be integrated with the detected targets to

be provided to end users.

There are generally two ways to retrieve SSWS by the HH-

polarization SAR data. The routinely used way is to transform the

normalized radar cross section (NRCS) of HH-polarization to that

of VV-polarization by using polarization ratio (PR) model, and

then use CMOD Geophysical Model Functions (GMF) to retrieve

the SSWS. Often used C-band GMF for VV polarization data of

Scatterometers and SARs includes CMOD4 (Stoffelen and Ander-

son, 1997), CMOD_IFR2 (Quilfen et al., 1998), CMOD5 (Hers-

bach et al., 2007) and CMOD5.N (Hersbach, 2010), etc. Elfouhaily

(1996) proposed the first PR model. Since then, based on differ-

ent SAR data, several PR models which hold that PR is depend-

ent on the incidence angle have been proposed, e.g., the Zhang-

PR model (Zhang et al., 2011), Mouche-PR2 (Mouche et al., 2005)

model and Liu-PR model (Liu et al., 2013). In addition to the in-  
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cidence angle dependence, Mouche et al. (2005) found that the
PR is also dependent on the wind direction. Therefore, a new PR
model containing both the incidence angle and the wind direc-
tion is developed, hereinafter referred to as Mouche-PR1 model.
Based on more SAR data and other collocated measurements
available, it is found that wind speeds should also be taken into
account in the PR models (Zhang et al., 2010). The other way to
retrieve SSWS by the HH-polarization SAR data is to establish
GMF suitable for HH polarization of SAR data to directly retrieve
SSWS. Monaldo et al. (2004) attempted to generate a new C-band
HH polarization model function by using the CMOD4 GMF and
grafting on a PR function based on the RADARSAT-1 SAR wind
and QuikSCAT scatterometer wind. Later, Zhang et al. (2019)
used ENVISAT ASAR collocated with ASCAT winds to derive a
GMF for HH polarization of SAR data based on CMOD5, herein-
after referred to as CMODH model.

Neural network is a method of data analysis that automates
analytical model building. For neural network method applied in
SSWS retrieval, the most recent research, devoted to retrieving
SSW field of scatterometer using neural network, can date back to
Thiria et al. (1993). Afterwards, Richaume et al. (2000) applied
the similar architectures to retrieve SSW from spaceborne ERS-1
SCAT data. The neural network method has also been applied to
spaceborne SAR data to retrieve SSW, e.g., presented by Horst-
mann et al. (2003) and Wang et al. (2017).

Sentinel-1 C-band SAR is the radar satellite of the Europe
Space Agency (ESA) Copernicus Program, which consists of Sen-
tinel-1A (launched in April 2014) and Sentinel-1B (launched in
April 2016). The Sentinel-1 SAR instruments support operation in
single polarisation (HH or VV) and dual polarisation (HH+HV or
VV+VH). It can acquire data in four imaging modes of stripmap
(SM), interferometric wide swath (IW), extra wide swath (EW)
and wave mode (WV). The revisit period of its single satellite
(Sentinel-1A or Sentinel-1B) is 12 d. After the two satellites are in
orbit at the same time, the revisit period is shortened to 6 d.
Therefore, Sentinel-1 plays an important role in the dynamical
monitoring of marine environment. In the Arctic region, Sen-
tinel-1 acquires a large amount of HH-polarization data for sea
ice monitoring. In order to better serve the monitoring of the Arc-
tic marine environment, systematic research and comparative
analysis are needed to obtain the most suitable method for Sen-
tinel-1 HH polarization SAR SSW. In this study, we firstly com-
pared the four PR models (Mouche-PR1 models, Mouche-PR2
model, Zhang-PR model and Liu-PR model) mentioned above
and their combination with CMOD5.N GMF to retrieve SSWS.
Further, the recently proposed CMODH GMF was investigated.
Finally, we proposed a new method of retrieving SSWS by Sen-
tinel-1 HH polarized data based on the back propagation neural
network (BPNN).

In Section 2, we briefly introduce the dataset and the retrieval
SSWS methods used in this study. In Section 3, comparisons of
the SSWS retrieval from Sentinel-1 HH polarized data using dif-
ferent PR models, CMODH and the proposed BP neural network
algorithm are conducted. A preliminary conclusion is given in
Section 4.

2  Datasets and methodology

2.1  Data and processing

2.1.1  Sentinel-1 SAR data
Table 1 lists the main technical parameters of the Sentinel-1

data used in this study.
The processes applied to the Sentinel-1 data prior to retriev-

ing SSWS include radiometric calibration, thermal noise elimina-
tion and data resampling. The radiometric calibration and
thermal noise elimination process of Sentinel-1 data are shown
below (ESA, 2016).

σ
HH (i) =

DN
i − ηi
A
i

, (1)

DNi Ai

sigma nought (i) ηi noiseLut (i)
where  is the digital number of i-th pixel in the image,  is
the  and  is the .

γ

The unavoidable existence of speckles in the SAR image
makes it impossible to retrieve wind speed at the primary pixel
resolution. Therefore, prior to the SSWS retrieval from Sentinel-1
data using the small cell size, we assess the speckle “noise” in the
cells as the result of averaging multiple pixels. In this study, the
radiometric resolution ( ) defined in Eq. (2) is used to describe
the speckle “noise” (Olivier and Vidal-Madjar, 1994).

γ =  log

(
+

√
ENL

)
, (2)

ENLwhere  means the equivalent number of looks, given as
Eq. (3):

ENL =
(E [P])

VAR [P]
, (3)

P VAR E
P

where  is the intensity of pixel from the image, and  and 
are the mean and variance of , respectively (Moreira, 1991).

In this study, 2 277 scenes of Sentinel-1 HH polarization data
were collocated with the ASCAT data, which is described in
detail in Section 2.1.3. Based on the 2 277 scenes, we evaluated
the radiometric resolution along with sub-scene size (i.e., cell size)
used for SSWS retrieval. Each sub-scene is sampled from 200 m×
200 m to 6 km×6 km and the corresponding statistical result is
shown in Fig. 1. As seen from the Fig. 1, the radiometric resolu-
tion decreases with the increase of cell size. When the cell size
decreases from 200 m×200 m to 2 km×2 km, the radiometric res-
olution decreases rapidly, and tends to decrease gently between
2 km×2 km and 6 km×6 km. The average of radiometric resolu-
tion ranges from 0.31 dB to 0.58 dB, and the standard deviation
fluctuates from 0.08 dB to 0.12 dB. Furthermore, the radiometric
resolution in the grid size of 1 km×1 km to 6 km×6 km is below
the absolute calibration accuracy (0.43 dB) of the Sentinel-1 data
(Schwerdt et al., 2014). Therefore, the size of 2 km by 2 km with
small error of radiometric resolution and high spatial resolution

Table 1.   Technical specifications of Sentinel-1 IW and EW modes
Mode Incidence angle/(°) Nominal resolution Swath width/km Polarization

IW 29–46   5 m×20 m 250 HH+HV, HH, VH+VV, VV

EW 19–47 25 m×40 m 400 HH+HV, HH, VH+VV, VV
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is used for the following analysis of sea surface wind retrieval.

2.1.2  In situ buoy data
In the presented study, 130 Sentinel-1 data acquired in HH

polarization in EW and IW mode from October 2014 to Decem-
ber 2018 were collected, which are matched-up with the buoys,
as presented in Fig. 2a. The buoy measurements are used to val-
idate the Sentinel-1 retrieved SSWS.

The buoy dataset was released by the National Data Buoy
Center (NDBC), which are collocated with the Sentinel-1 images
within a temporal window of less than 10 min for the validation
of HH-polarization retrieved wind speeds. The black solid points
in Fig. 2a indicate the positions of NDBC buoys and the related
information such as buoy ID, longitude and latitude, and anemo-
meter altitude is given in Table 2. Note that the buoy measure-
ments of wind speed referenced at anemometer heights, need to
be converted to those at 10 m height above the sea surface, in or-
der to be consistent with the SAR retrievals. In this study, the
Peixoto and Oort (1992) method is used to convert the wind
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Fig. 1.   Geographical locations of the Sentinel-1 and buoy data in
this study.
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Fig.  2.     The calculated radiometric  resolution as  a  function of  cell  sizes  based on a  dataset  of  2  277 scenes  of  Sentinel-1  HH
polarization data.

Table 2.   Information table of buoy data used in this study
Station Latitude Longitude Height/m Station Latitude Longitude Height/m

46022 40.720°N 124.531°W 4 46047 32.398°N 119.498°W 5

46014 39.233°N 123.967°W 4 46029 46.143°N 124.485°W 5
46013 38.238°N 123.307°W 4 46041 47.353°N 124.742°W 5
46015 42.779°N 124.874°W 4 51003 19.289°N 160.569°W 5
46050 44.677°N 124.515°W 4 51000 23.535°N 153.781°W 5
46092 36.751°N 122.029°W 4 44258 44.500°N 63.400°W 5
46025 33.749°N 119.053°W 4 45138 49.540°N 65.710°W 5
51004 17.602°N 152.395°W 4 SMKF1 24.628°N 81.109°W 6.1
32303 5.000°N 95.000°W 4 VCAF1 24.711°N 81.107°W 6.5
43301 8.000°N 95.000°W 4 NPSF1 26.132°N 81.807°W 6.5
51002 17.037°N 157.696°W 4 MTBF1 27.661°N 82.594°W 6.7
46035 57.026°N 177.738°W 5 LONF1 24.844°N 80.864°W 7
46027 41.852°N 124.382°W 5 VCVA2 57.125°N 170.285°W 8.5
46089 45.925°N 125.771°W 5 CDRF1 29.136°N 83.029°W 10
46011 34.956°N 121.019°W 5 VENF1 27.072°N 82.453°W 11.6
46028 35.712°N 121.858°W 5 SANF1 24.456°N 81.877°W 14.6
46042 36.785°N 122.398°W 5 MLRF1 25.012°N 80.376°W 15.8
46069 33.674°N 120.212°W 5 PLSF1 24.693°N 82.773°W 17.7
46086 32.491°N 118.035°W 5
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speed measured at 10 m height which is given as:
 

U
Um

=
in (Z/Z)

in (Zm/Z)
, (4)

U Z Um

Zm Z

.×− m

where  is the wind speed at height ,  is the wind speed at
height  (i.e., the wind speed measured by buoys),  is the
roughness length with the value of .

2.1.3  Scatterometer ASCAT data
ASCAT is a spaceborne C-band scatterometer which was

launched on the European Organization for the Exploitation of
Meteorological Satellites (EUMETSAT) MetOp-A satellite in Oc-
tober 2006. Another ASCAT instrument became operational on
MetOp-B when launched in September 2012. ASCAT operates at
a frequency of 5.255 GHz (C-band) and uses a vertically polar-
ized antenna, whose primary objective is to measure wind speed
and direction over the oceans. In this study, the daily EUMET-
SAT ASCAT-A/B wind data at 10 m under all-weather conditions
with a spatial resolution of 0.25° by 0.25° were used for comparis-
on with the Sentinel-1 wind retrievals. The ASCAT wind products
were collocated with the Sentinel-1 SAR sub-scenes within a spa-
tial window of 25 km and a temporal window of less of 1.5 h for
the validation of HH polarization retrieved SSWS.

A total of 2 277 Sentinel-1 data acquired in EW mode in the
Arctic Ocean from June to December 2018 were matched-up with
the ASCAT (A and B) data. Spatial distribution of the Sentinel-1
data is shown in Fig. 2b.

2.1.4  ERA5 reanalysis data
The ERA5 dataset is a global climate reanalysis model dataset,

which was released by the European Center for Medium-Range
Weather Forecasts (ECMWF). The ERA5 reanalysis data have a
grid size of 0.25° and are available every one hour.

2.2  Method of the SSWS retrieval from Sentinel-1 HH-polarized
data

2.2.1  Using the PR models
GMF describes the relationship between radar backscatter-

ing coefficient and radar incidence angle, the 10-m height sur-
face wind, which is widely used to retrieve SSW from microwave
scatterometer and SAR data. At present, CMOD5 and CMOD5.N
are widely used in GMF. Since CMOD5.N corrects the 0.5 m/s
deviation caused by the neutral wind, which better describes the
sea surface condition compared with CMOD5. Therefore, the
CMOD5.N function is used in this study to retrieve SSWS which is
given as (Hersbach, 2010):

σVV
 (θ, ϕ,u) =a (θ,u) [+ a (θ,u) cosϕ+

a (θ,u) cosϕ]
p, (5)

σ

a a a u

ϕ α
χ ϕ=χ−α p

where  is the normalized backscatter in linear unit. The terms
,  and  are functions of SSWS ( ) and the incidence angle

(θ).  is the azimuth angle between the radar look direction ( )
and the wind direction ( ), i.e., .  is a parameter with a
value of 1.6.

The abovementioned CMOD5.N function is applicable to SAR
data in VV-polarization. Therefore, when the SAR data in HH-po-
larization are used for SSW retrieval, we need to transform the
NRCS of the HH-polarization to that of the VV-polarization by us-

ing a PR model. The PR is described as the ratio of VV NRCS to
HH NRCS in a linear unit, given as:

PR =
σ
VV

σ
HH

. (6)

In this study, four PR models, including Mouche-PR1 model
(Mouche et al., 2005), Mouche-PR2 model (Mouche et al., 2005),
Zhang-PR model (Zhang et al., 2011) and Liu-PR model (Liu et
al., 2013), are considered to retrieve SSWS for the Sentinel-1 data.

Mouche-PR1 model is a PR model depending on incident
angle and azimuth angle and determined based on ENVISAT AS-
AR data, as given in Eq. (7):

PR (θ, ϕ) = C (θ) + C (θ) cos (ϕ) + C (θ) cos (ϕ) , (7)

C C C

ϕ= ϕ=π/ ϕ=π
where the coefficients , , and  correspond to the upwind
( ), crosswind ( ), and downwind ( ) directions
(Eqs (8) – (10)), respectively.

C (θ) = (PR (θ, ) + PR (θ, π) + PR(θ, π/ )) /, (8)

C (θ) = (PR (θ, )− PR(θ, π))/, (9)

C (θ) = (PR(θ, ) + PR(θ, π)− PR(θ, π/))/, (10)

PR(θ, ) PR(θ, π/) PR(θ, π)In Eqs (8)–(10), the ,  and  can be
derived by Eq. (11). The model coefficients are shown in Table 3.

PRϕ (θ) = Aϕexp (Bϕθ) + Cϕ. (11)

Zhang-PR model, Mouche-PR2 model and Liu-PR model are
those depending on incident angle, as shown in Eq. (12):

PR (θ) = Aexp (Bθ) + C, (12)

θwhere  is incident angle, A, B and C are constant coefficients.
The coefficients of the three models are shown in Table 3. As Sen-
tinel-1 SAR have not acquired data in VV and HH polarization, it
is impossible to fit out an optimum PR model to retrieve SSWS
from the Sentinel-1 HH-polarized data. Therefore, the coeffi-
cients listed in Table 4 are determined based on ENVISAT ASAR,
RADARSAT-2 and ENVISAT ASAR data, respectively.

2.2.2  Using the CMODH model
The CMODH model (Zhang et al., 2019) is determined based

on more than 2 700 ENVISAT/ASAR images acquired in wide

Table 3.   Coefficients of Mouche-PR1 model
Coefficient Value

A0 0.006 507 04

B0 0.128 983 00

C0 0.992 839 00

Aπ/2 0.007 821 94

Bπ/2 0.121 405 00

Cπ/2 0.992 839 00

Aπ 0.005 984 16

Bπ 0.140 952 00

Cπ 0.992 885 00
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swath mode (WSM) in 2009 collocated with ASCAT winds, which
were used to directly retrieve SSWS, without considering NRCS
transformation by using PR models. The form of the CMODH
model is the same as that of CMOD5.N.

2.2.3  Using the BPNN method
Due to the complexity of ocean motion and the limitation of

the theoretical model of electromagnetic scattering from sea sur-
face, the imaging mechanism of SAR on the sea surface wind field
is rather complicated. In fact, the SAR image obtained from the
sea surface is a complex non-linear process (Yang, 2009). BP
neural network method is a good tool for dealing with non-linear
problems, therefore we consider the possibility of using BP neur-
al network to retrieve SSWS from spaceborne SAR data.

BP neural network is a multi-layer feedforward neural net-
work. The topological structure of the three-layer BP network is
shown in Fig. 3. It consists of input layer, output layer and a hid-
den layer. Each neuron connects with all the neurons in the next
layer, but there is no connection between the neurons in the
same layer. The basic principle of BP neural network is to use
gradient descent method to adjust weights and thresholds so as
to minimize the mean square error of the actual output value and
the expected output value of the network.

σHH
cos(ϕ) cos(ϕ) θ

From expression of CMOD function (e.g., Eq. (5)), it can be
seen that the SSWS retrieved by SAR is not only related to the
backscattering coefficient, but also to the incident angle and azi-
muth angle of radar antenna. Therefore, there are four nodes in
the input layer of BP neural network in this paper, including ,

, , . The output layer node of the network has only
one value of wind speed. The hidden layer is set to three layers,
and the number of hidden nodes is 6, 10 and 8, respectively. The
transfer function of the hidden layer is “tansig” (tangent S-type
transfer function), which can converge quickly. The output layer
transfer function is “purelin” (linear transfer function), which can
make the whole network output arbitrary values. The training
function is “traindx” (momentum BP algorithm with variable
learning rate), which has the fastest convergence speed for medi-

um-scale BP network. The learning function of the network is
“learngdm” (gradient descent momentum learning function),
which is used to calculate the change rate of weights or
thresholds. The performance function of the network is MSE
(mean square error performance function), which is a fast way to
measure the “average error”.

σHH cos(ϕ) cos(ϕ) θ

σHH cos(ϕ) cos(ϕ) θ

Because of the difference in the magnitude range of the ob-
tained , , ,  data, the network will not converge
or the convergence speed will be slow, so before training the net-
work, the input value ( , , , ) and output value
(wind speed) of the model need to be normalized, as given in

Xi =
xi − xmin

xmax − xmin
, (13)

xi xmax xmin

Xi

where  is the input and output data,  and  are the
maximum and minimum values of the input and output data,
respectively, and  is the normalized input and output. After
normalizing the data, we can begin to train the network using the
designed network model. It is noted that the retrieved SSWS
needs to be anti-normalized after training.

3  Results and analysis

3.1  SSWS retrieval using conventional methods
Taking the wind direction of buoy measurement as the actual

value, the four PR models combined with CMOD5.N and
CMODH model are used to retrieve SSWS from the HH-polariza-
tion Sentinel-1 data (their spatial coverages are shown in Fig. 2b).
The retrieved SSWS then is compared with the matched buoy
measurements of wind speed, which are shown in Fig. 4, respect-
ively. The results show that, compared with the buoy measure-
ments, the bias of SSWS retrieved from each PR model and
CMODH model are less than 0.35 m/s. The bias of the Mouche-
PR1 model, Mouch-PR2 model and Liu-PR model are positive,
among which the Mouche-PR1 model is the smallest with value
of 0.11 m/s. By contrast, the bias of Zhang-PR model and
CMODH model are of –0.33 m/s and –0.31 m/s, respectively,
which slightly underestimates the SSWS.

In order to further analyze and evaluate discrepancies of wind
speed retrieval by different methods, the statistical parameters of
the root mean square error (RMSE) and scatter index (SI) are cal-
culated. We found that the results of CMODH model are slightly
better than the corresponding results of the four PR models,
which yields an RMSE and a SI of 1.48 m/s and 20.89%, respect-
ively. In contrast, the Liu-PR model yields the largest RMSE and
SI. The two parameters of the Liu-PR model are 1.78 m/s and
25.36%, respectively. The results of Mouche-PR1 model and
Mouche-PR2 model are similar to each other, while the statistical
parameters of Mouche-PR1 model considering wind direction
and incident angle is slightly better than that of Mouche-PR2
model only considering incident angle.

Because only limited Sentinel-1 SAR data are matched with
buoys, in order to further investigate the performance of the four
PR models and CMODH model, the comparisons of the ASCAT
measurements and Sentinel-1 SAR–derived SSWS are conducted
based on the 2 277 scene Sentinel-1 data matching with ASCAT
acquired in Arctic ocean. The comparison results are presented
in Fig. 5. In these comparisons, we assume the wind direction of
ASCAT as the real value and only the ASCAT wind vectors within
coverage of the Sentinel-1 scenes were selected for analysis. All
the retrieved SSWS of SAR sub-scenes (2 km by 2 km) within an
ASCAT data grid (0.25° by 0.25°) are averaged to reduce variabil-
ity for comparison with the numerical model results in coarse

Table 4.   Coefficients of PR model with incidence angle depend-
ence

PR model A B C

Mouche-PR2 0.007 997 93 0.125 465 0.997 379

Zhang-PR 0.282 8 0.045 1 0.289 1

Liu-PR 0.453 041 0 0.032 457 3 0.524 303 0

input layer hidden layer output layer

σHH

f1

f2

f3

fn−2

fn

fn−1

x1

x2

x3

x4

SSWS
cos(ϕ)

θ

cos(2ϕ)

 

Fig. 3.   The structure of three-layer BP neural network.
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Fig. 4.   Comparisons of the retrieved SSWS using the PR models of Mouche-PR1 (a), Mouche-PR2 (b), Zhang-PR (c) and Liu-PR (d)
and CMODH (e) model with the collocated buoy wind speeds.
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Fig. 5.   Comparisons of the retrieved SSWS using the PR models of Mouche-PR1 (a), Mouche-PR2 (b), Zhang-PR (c) and Liu-PR (d)
and CMODH model (e) with the collocated ASCAT wind speeds.
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resolutions. The following comparative analyses with ASCAT are
also conducted in this way. In Fig. 5, the color represents the
amount of data in grids with a regular interval of 0.2 m/s. The res-
ults show that, compared with the ASCAT measurements, the
RMSE and SI of CMODH model are the smallest with the value of
1.39 m/s and 15.82% respectively, which should attribute to coef-
ficients of the CMODH model (Zhang et al., 2019) are determ-
ined based on ENVISAT/ASAR data and ASCAT data.

Considering the statistical parameters in terms of bias, RMSE
and SI obtained by comparison with buoy measurements and
ASCAT wind speed, as shown in Table 5, it is found that the SS-
WS retrieved by the four PR models combined with CMOD5.N
and CMODH model are in good agreement with buoy measure-
ments and ASCAT wind speed. Compared to buoy, the absolute
bias of the five models is less than 0.5 m/s, and the RMSE fluctu-
ates between 1.3 m/s and 1.8 m/s. While, compared to ASCAT,
the absolute bias of the five models is less than 1m/s, and the
RMSE fluctuates between 1.3 m/s and 2.6 m/s. Specially,
CMODH model is better than the other PR models while retriev-
ing the SSWS from Sentinel-1 HH-polarization data. This indic-
ates that an independent GMF dedicated for the HH-polarized
SAR data should perform better than the combination of PR
model and GMF developed for VV-polarized data.

3.2  SSWS retrieval using BPNN method
σHH cos(ϕ) cos(ϕ) θIn this method, 239 190 samples of , , ,  ac-

quired in the Arctic ocean are input into the neural network. The
number of iterations of the network is set to 50 000 times and the

learning rate is 0.01. 80% of the data pairs matching with ASCAT
data are randomly selected as training set and 20% are as test set.
The weights of the network nodes are adjusted according to the
experimental results, and the minimum RMSE is used as the
standard to establish the optimal BP neural network for SSWS re-
trieval. The results of retrieving SSWS using the optimal BP neur-
al network are shown in Figs 6a and b. Error bars are overlaid on
the scatter plots and the majority of the data points lies between
3 m/s and 9 m/s. The statistical parameters of bias, RMSE and SI
are shown in Table 5. The results show that the BP neural net-
work can effectively retrieve SSWS from Sentinel-1 HH data. Its
Bias, RMSE and SI of training set are 0.03 m/s, 1.33 m/s and
15.39%, respectively, and the test set are –0.01 m/s,1.33 m/s and
15.10%, respectively. Overall, the retrieval result of the BP neural
network performs well although relative high bias appears in low
wind speed, especially for SSWS less than 3 m/s. However, it
needs to be pointed out that all these training and testing
samples lack high wind speed samples (above 25 m/s). There-
fore, we would like to collect more high wind speed data to im-
prove our BP neural network retrieval accuracy in the future
study.

In order to further verify the feasibility of retrieving the SSWS
of SAR using BP neural network, we choose the 130 Sentinel-1
SAR data matching with buoys to retrieve the SSWS by using the
trained optimal BP neural network model, and compare the
retrieved results with the buoys. The results are shown in Fig. 6c,
and the statistical parameters of the bias, the RMSE and the SI are
0.10 m/s, 1.38 m/s, and 19.85%, respectively. The BP neural net-
work SSWS retrieval accuracy is improved compared to the
above-mentioned conventional methods. The interaction
between backscattering coefficient, incident angle, azimuth
angle of radar antenna and SSWS is a very complex non-linear
relationship, which is suitably simulated with black box model
such as neural network. Thus it is feasible to use the BP neural
network method to retrieve the SSWS.

3.3  An example of SSWS retrieval for Sentinel-1 HH polarization
data using different methods
In this paper, an example of SSWS retrieval using the conven-

tional and neural network methods from Sentinel-1 HH polariza-
tion data are shown in Figs 7a–f. The SAR data were acquired at
06:41 UTC on 22 August 2017. The overlaid arrows indicate the
ERA5 SSW on the same day. The external reference of wind direc-
tions used for SSWS retrieval are the collocated ERA5 reanalysis
model wind directions. The average wind speed of ERA5 is 7.46 m/s,

Table 5.   Statistical parameters of SSWS retrieval using different
methods

Models Bias/(m·s–1) RMSE/(m·s–1) SI/%
Compared
with buoy

Mouche-PR1 0.11 1.60 22.89

Mouche-PR2 0.13 1.63 23.42

Zhang-PR –0.33   1.50 21.09

Liu-PR 0.25 1.78 25.36

CMODH –0.31   1.48 20.89

BPNN 0.10 1.38 19.85

Compared
with ASCAT

Mouche-PR1 0.27 1.57 17.73

Mouche-PR2 0.41 1.70 18.85

Zhang-PR –0.09   1.40 16.26

Liu-PR 0.91 2.52 26.86

CMODH –0.35   1.39 15.82

BPNN (training set) 0.03 1.33 15.39

BPNN (test set) –0.01   1.33 15.10

bias=−0.01 m/s
RMSE=1.33 m/s
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Fig. 6.   Comparisons of the retrieved SSWS using the training set of BP neural network (a), the test set of BP neural network (b) and the
trained optimal BP neural network (c) models with the collocated ASCAT and buoy wind speeds.
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and the average wind speed obtained by the 6 models (Mouche-
PR1 model, Mouche-PR2 model, Zhang-PR model, Liu-PR model,
CMODH model and BP neural network model) are 7.58 m/s,
7.99 m/s, 7.64 m/s, 9.11 m/s, 6.98 m/s and 7.53 m/s, respectively.
This suggests that the overall value of the SAR-derived SSWS with
the 6 models are close to each other. However, they do show
some discrepancies of spatial variations, which is particularly
evident in the retrieval by the Liu-PR model.

The red pentagram in the Figs 7a–f indicates the location of
the R/V Xuelong at 06:41 UTC on 22 August 2017. The wind speed
from the R/V Xuelong measurement at 20 m height is converted
to the wind speed at 10 m height assuming neutral wind, which
results in a value of 9.42 m/s. The wind direction acquired on
Xuelong is about 222.8° (clockwise relative to North). The SAR-
derived SSWS closest to the Xuelong location are 9.17 m/s
for the Mouche-PR1 model, 9.46 m/s for the Mouche-PR2 model,
9.24 m/s for the Zhang-PR model, 13.29 m/s for the Liu-PR mod-
el, 8.21 m/s for the CMODH model and 9.50 m/s for the BP neur-
al network model (based on a 2 km by 2 km subscene). Although
the in situ measurement by Xuelong is only limited to a single loc-
ation, the retrievals nevertheless with the Mouche-PR2 and the
BP neural network methods have the best agreements with the in
situ measurement. We are collecting more in situ data acquired
in Arctic MIZ to validate the Sentinel-1 retrieved SSWS by differ-
ent methods.

4  Conclusions
In this paper, the SSWS retrieval methods including conven-

tional and neural network methods were studied and compared
based on Sentinel-1 images acquired at HH polarization. The hy-
brid of four PR models (Mouche-PR1 models, Mouche-PR2 mod-
el, Zhang-PR model and Liu-PR model) transforming NRCS from

HH into VV polarization and CMOD5.N GMF were used to
retrieve SSWS. The results suggest that the four PR models are
generally in agreement with matched buoy measurements and
ASCAT wind products. Among the four PR models, the Zhang-PR
model performs better than results achieved using the other
three PR models.

In effect, the relationship between HH and VV polarization
may be more complicated and can not be simply explained by re-
lating to incident angle, azimuth angle and wind speed as the
four PR models do. Thus, in order to directly retrieve SSWS from
the HH polarization SAR data, the CMODH model with no need
for NRCS transformation may be a more suitable SSWS retrieval
way than the PR models. Our comparison results between
CMODH and PR models in the study have confirmed that. The
conventional methods including the combination of PR models
and CMOD5.N GMF and the CMODH function, are all develop
based on SAR data (i.e., ENVISAT ASAR and RADARSAT) instead
of Sentinel-1 SAR data which may induce inevitable errors in the
retrieved SSWS from Sentinel-1 HH-polarization SAR data. Since
a nonlinear relationship exists among the NRCS at HH-polariza-
tion data, wind direction, SSWS and incident angle as we can see
from the various empirical CMODH functions, we tried the BP
neural network model to map the nonlinear relationship and re-
trieve the SSWS based on the Sentinel-1 HH-polarization SAR
data. The statistical parameters of the Bias, the RMSE and the SI
for the SSWS retrieval using the BP neural network is improved
compared to the five conventional methods. The results suggest
that the BP neural network model has a potential application in
retrieving SSWS from Sentinel-1 images acquired at HH-polariza-
tion.

One point needs to be pointed out is that all the retrievals
presented above use external wind directions of ASCAT or ERA5
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Fig. 7.   An example of SSWS retrieval for Sentinel-1 HH polarization data using Mouche-PR1 model (a), Mouche-PR2 model (b),
Zhang-PR model (c), Liu-PR model (d), CMODH model (e), and BP neural network model (f). The collocated ERA5 wind vectors
within the coverage of the Sentinel-1 image are overlaid. The red pentagram marks the location of the R/V Xuelong.
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reanalysis data. Both may have bias on estimation of wind direc-
tion; therefore, they can further induce biases on retrievals of SS-
WS. We conducted a simple experiment on testing sensitivity of
wind direction estimation on the retrievals of wind speed. A bias
of 5° is added to wind direction estimation of ASCAT (Bentamy et
al., 2008) for the comparison dataset (used in Fig. 5), and the re-
trieved SSWS has a bias of 0.06 m/s and 0.08 m/s with the CMODH
model and BP neural network method, respectively, compared
with the original retrievals.

We are collecting more in situ measurements in the Arctic
MIZ to further validate and improve the proposed BP neural net-
work method to retrieve SSWS by Sentinel-1 SAR in HH polariza-
tion.
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