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Abstract—The major objective of our research is to retrieve
wave parameters from synthetic aperture radar (SAR) images
during a tropical cyclone (TC) based on a machine learning
method. In this study, more than 2000 Sentinel-1 images obtained
in interferometric-wide and extra wide mode are collected during
200 TCs, which are collocated with hindcasted waves by a third-
generation numeric model, namely WAVEWATCH-IIT (WW3). It
is found that wave parameters, i.e., significant wave height (SWH),
mean wave period (MWP), and mean wave length (MWL), are
correlated with several SAR-measured image variables. Based
on these findings, a machine learning method, namely eXtreme
Gradient Boosting (XGBoost), is developed through the training
dataset using 1600 images. The trained algorithm is tested over 400
images and the retrievals are compared with WW3 simulations. The
statistical analysis shows that the root mean squared error (RMSE)
and scatter index (SI) of SWH are 0.19 m and 0.06, respectively.
The RMSE and SI of MWP are 0.19 s and 0.03, respectively. The
RMSE of the MWL is 3.77 m and the SI is 0.04. Comparisons
between inverted SWH by XGBoost methods and the altimeter
measurements presents a 0.59 m RMSE of SWH with and 0.19
SI. This result is improved comparing to the results (i.e., a 1.44 m
RMSE of SWH with a 0.45 SI) achieved by a previous algorithm.
Collectively, it is considered that machine learning is a valuable
method to extract wave parameters from dual-polarization SAR
images.

Index Terms—Machine learning, synthetic aperture radar
(SAR), tropical cyclone, wave parameter.

I. INTRODUCTION

ROPICAL cyclones (TCs) associated with heavy rain are a
typical disaster in coastal waters and play a crucial role in
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the momentum and heat exchange at the sea—air interface. Due
to the extreme state, it is difficult to measure the TC dynamics
by the on-scene technique such as National Data Buoy Center
(NDBC) buoy [1]. Since 1980s, ocean numerical models based
on theory of oceanography and computing technology have been
developed. Based on the theory of third-generation wave model
[2], two numeric models, i.e., WAVEWATCH-III (WW3) [3] and
simulation wave nearshore [4], have capability for hindcasting
wave over global ocean and polar region [5]. The accuracy
of hindcasting wave by numeric models relies on the forcing
field, however, the underestimation of wind speeds obtained
from meteorological numerical models [i.e., European Centre
for Medium-Range Weather Forecasts (ECMWF)] in TCs [6]
leads to distortion of wave simulations.

Remote sensing is a mature technology for earth surface ob-
servation with a wide spatial coverage. At present, the products
of upper oceanic dynamics are operationally released over global
seas, i.e., sea surface wind from scatterometer [7] and polari-
metric microwave radiometer and sea surface wave from al-
timeter and wave spectrometer (surface waves investigation and
monitoring, SWIM) [8]. The scatterometer-measured wind has a
coarse spatial resolution (~12.5 km) and the spatial resolution of
SWIM-measured wave is 18 km. Synthetic aperture radar (SAR)
can capture upper ocean dynamics and maritime targets with a
finer spatial resolution, i.e., a 10 and 40 m pixels for Sentinel-1
(S-1) in interferometric wide (IW) and extra wide (EW) mode
[9], [10]. According to backscattering theory, sea surface rough-
ness affects the radar returns represented by normalized cross
section (NRCS) [11]. This was confirmed through the very
first experiment of the Seasat mission, where co-polarization
[vertical—vertical (VV) and horizontal-horizontal] NRCS were
correlated with a wind vector [12]. Following this rationale, a
geophysical model function (GMF) initially tailed for scatterom-
eter, can be used for C-band SAR wind retrieval, called CMOD
family, i.e., CMODSN [13] and its latest version CMOD7 [14].
Recently, copolarized GMFs are retuned through abundant SAR
measurements [15], [16]. The limitation of copolarized GMFs
is the saturation problem of backscattering signals at strong
wind (>25 m/s) [17]. In contrast, NRCS in cross-polarization
[vertical-horizontal (VH) and horizontal—vertical] suffers no
saturation at wind speed up to 55 m/s [18] and is dependent
on wind direction [19], [20], meaning that TC wind can be
practically retrieved by cross-polarized GMF [21]. A TC wind
inversion algorithm is proposed by using dual-polarized (VV
and VH) SAR measurements [22]. Taking advantage of this
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algorithm, the French Research Institute for Exploitation of the
Sea (IFREMER) actually releases a CyclObs wind product based
on dual-polarized S-1 image during a TC. Additionally, several
algorithms based on azimuthal cutoff wave length are applicable
for retrieving TC wind speed from C-band [23] and X-band
SAR [24].

It is well recognized that the mechanism of sea surface wave
mapping on SAR image consists of tilt [25], hydrodynamic
modulation [26], and velocity bunching [27], [28]. Based on
this principle, the theoretical SAR wave retrieval algorithms
are developed, i.e., the Max Planck Institute algorithm [29], the
semi-parametric retrieval algorithm [30], partition rescaling and
shift algorithm [31], and the parameterized first-guess spectrum
method (PFSM) [32]. These methods based on the first-guess
wave spectrum from numeric models or parametric functions
taking auxiliary wind from scatterometer or SAR [33]. Further-
more, as for the SAR wave retrieval in TCs, the traditional MTFs
employed in theoretical algorithms do not include any consid-
eration of strong wind-induced nonlinearity [34]. In order to
avoid the calculation of complex MTFs, wave parameters are
directly retrieved from SAR image by empirical models [35],
machine learning [36], [37] and fully polarimetric techniques
[38], [39]. Although these models are conveniently implemented
with regular sea states, SAR wave retrieval algorithm in TCs
necessitates to be further improved so as to achieve effective
inversion of wave parameters at extreme and complex sea con-
ditions. Machine learning in satellite oceanography has recently
gained a lot of attention in the era of big ocean data. Zheng
et al. [40] developed an intelligent model driven by satellite
data, successfully forecasting the complex, large-scale ocean
phenomenon of tropical instability waves. The groundbreaking
work by Zheng et al. has demonstrated the feasibility of us-
ing purely satellite data-driven intelligent models to forecast
complex ocean phenomena for the first time, highlighting the
powerful ability of artificial intelligence in mining ocean satellite
data. Machine learning also makes significant advances in other
areas of satellite oceanography, including ocean—atmosphere
parameter retrieval [41], ocean satellite data repair [42], and
detection of ocean phenomena [43]. It can effectively model the
intricate rules hidden within ocean data. Thus, we applied it in
this article for SAR wave parameter retrieval in TCs.

In this study, the dependences of wave parameters, including
significant wave height (SWH), mean wave period (MWP),
and mean wave length (MWL) on several variables estimated
from SAR intensity are studied through more than 2000 S-1
dual-polarized images under the TC seasons in 2015-2023.
Subsequently, machine learning is applied for SAR wave re-
trieval in TCs. The accuracy is evaluated by comparing the SAR
retrievals with the measurements of altimeter and inverted results
by previous algorithm PFSM. In particular, the contribution of
our work is to solve the inapplicability of the regression problem
in previous empirical model (i.e., CWAVE). The rest of this
article is as follows. The dataset is introduced in Sections II.
Section IIT gives the methodology of machine learning-based
wave invertion algorithm; validation and discussion are given in
Sections IV and V, respectively; and Section VI concludes this
article.
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Fig. 1. Normalized radar cross section (NRCS) map relevant to the sentinel-
1 (S-1) synthetic aperture radar (SAR) image under tropical cyclone (TC)
mangkhut at 20:48 UCT on 11 September 2018. (a) Vertical-vertical (VV).
(b) Vertical-horizontal (VH) polarization.
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Fig.2. Geographic locations of the assembled S-1 SAR images during tropical

cyclones (TCs) in 2015-2023, in which the black and red boxes are the locations
of S-1 images in the training and validation datasets, respectively.

II. DESCRIPTION OF DATASET

In this section, the collected S-1 images and operational
CyclObs wind products provided by IFREMER are presented.
Besides, corresponding wave fields hindcasted by WW3 model
and validation sources, i.e., the available measurements follow-
ing the footprints of Jason-2 altimeter and NDBC buoys, are
described.

A. SAR Image and CyclObs Wind Products

Totally, more than 2000 dual-polarized (VV and VH) S-1
images obtained in IW and EW mode are available for this
study. These images are taken during 200 TCs and the distance
between geographic locations and TC eyes are within 500 km.
The pixel sizes of GRD IW and EW images are 10 and 40 m
respectively, incidence angle ranges from 19° to 47° and swath
coverage is more than 200 km. In order to enhance the usability
of SAR data, calibrated image is denoised by noise-equivalent
sigma zero and then is smoothed by a Gaussian filter with a
3x3 pixel. As an example, the VV-polarized and VH-polarized
images over TC Mangkhut at 20:48 UCT on 11 September 2018,
are exhibited in Fig. 1(a) and (b), respectively. Fig. 2 shows the
positions of the S-1 images, where the red and black rectangles
correspond to 1600 images in the training dataset and more than
400 images in the test dataset, respectively. Presently, IFREMER
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Fig. 3. Wind speed map from CyclObs wind product provided by French
research institute for exploitation of the oceans IFREMER) team and the black
boxes represent the location of image in Fig. 1.

officially released the CyclObs wind products derived from
dual-polarize S-1 image in TCs. Fig. 3 illustrates the CyclObs
wind map relative to the image in Fig. 1. In this case, the cyclonic
pattern is clearly visible and the maximum wind speed reaches
80 m/s. Here, CyclObs winds are used as prior information in
the application of theoretical-based algorithm PFSM for SAR
wave inversion.

B. Hindcasted Wave

Due to the difficulty of obtaining real-time observations with
wide spatial coverage in TCs, the hindcasted waves of the
third-generation numerical wave model WW3 (version 6.07)
developed by the National Oceanic and Atmospheric Adminis-
tration (NOAA) of the U.S. were aligned with the collected im-
ages. Since 1979, ECMWF continuously releases open-access
atmospheric-oceanic data, however, ECMWF wind field has
significantly underestimation in TCs. In our previous study [44],
a composite wind profile at a grid of 0.125° with a 6-h interval,
hereafter called H-E, is treated as forcing field in WW3, which
combines ECMWF reanalysis (ERA-5) and simulations from
parametric Holland model [45] (i.e., the TC shape B of 0.4)
taking the TC information from NOAA. Fig. 4 shows the H-E
wind map over TC Haishen at 21:00 UCT on 4 September
2020. It has been revealed in recent work [46], that the sea
surface current and sea level has nonnegligible effect on the
WW3 wave simulation due to strong wave-current interactions
in TCs. Therefore, daily sea surface current and sea level from
Copernicus marine environment monitoring service (CMEMS)
at a grid of 0.08° are also the forcing fields as well as the water
depth from general bathymetry chart of the oceans. The CMEMS
sea surface current and sea level map over TC Haishen at 21:00
UCT on 4 September 2020 is exhibited in Fig. 5(a) and (b),
respectively. The outputs include three wave parameters with a
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Fig. 4. Wind map composited by 0.25° gridded European centre for medium-
range weather forecasts (ECMWF) and parametric holland model, which is taken
over tropical cyclone (TC) Haishen.
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Fig. 5. Daily data map composited by 0.08° gridded from the Copernicus
marine environment monitoring service (CMEMS), which is taken at 21:00
UCT on 4 September 2020. (a) Sea surface current. (b) Sea level.

0.05° grid spatial resolution and 30 min temporal resolution,
i.e., SWH, MWP, and MWL, which are useful to study the
dependences on the variables from SAR images in the training
dataset.

C. Altimeter Data and NDBC Buoys

It is rare to obtain the real-time observation from moored
buoys in TCs due to extreme sea state. Instead, we used NDBC
buoy measurements in the Pacific Ocean between June and
October 2021 to assess the accuracy of the WW3 simulations.
The WW3-simulated SWH overlaid the positions of collected
NDBC buoys and the footprints of altimeter Jason-2 at 21:00
UCT on 11 September 2018 is shown in Fig. 6, in which the black
box is the location of the image in Fig. 1 and the red triangle
represents the geographic locations of NDBC buoys. Comparing
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Fig. 6. Simulated wave graph from WAVEWATCH-III (WW3) overlaid by the
footprint of the Jason-2 altimeter at 21:00 UCT on 11 September 2018, in which
the black rectangle is the location of the image in Fig. 1 and the red triangle

represents the collected NDBC buoys geographical situation.
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Fig. 7. Comparisons between buoys measurement and collocated WW3-
simulations. (a) Significant wave height. (b) Mean wave length. (c) Mean wave
period. The full line is the mid-value from WW3 estimations.

the WW3-simulated SWH with the NDBC buoy measurements,
the root mean square error (RMSE) of SWH was 0.35 m, the
correlation (COR) was 0.96, and the scattering index (SI) was
0.18, as shown in Fig. 7(a). Similarly, the statistical analysis
of WW3-simulated MWL and MWP are shown in Fig. 7(b)
and (c), respectively, indicating a 13.86 m RMSE with a 0.87
COR and a 0.26 SI for MWL and a 0.73 s RMSE with a 0.88
COR and a 0.17 SI for MWP. Table I lists the comprehensive
evaluation results for the WW3 simulation under different sea
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TABLE I
COMPARISON BETWEEN SIMULATIONS FROM WW3 AND MEASUREMENTS
FroM NDBC BuUOYS

Wave Sea States Sample Evaluation Metrics
Parameters Number Bias RMSE COR
0-1.5m 32675 -0.2076 0.3060 0.8660
1.5m-3 m 11330 —-0.2572 0.3927 0.8040
SWH 3m—4.5m 3537 0.1636 0.4605 0.7535
>4.5 m 1087 0.1906 0.4938 0.8828
Total 48633 —0.1835 0.3481 0.9626
0-1.5m 32675 —3.4328 13.4549 0.8023
1.5m-3 m 11330 4.2235 12.7728 0.8213
MWL 3m-4.5 m 3537 3.1116 18.2957 0.7229
>4.5m 1087 5.5637 18.8468 0.7291
Total 48633 -0.9622 13.8560 0.8738
0-1.5m 32675 -0.1365 0.7856 0.7454
1.5m-3 m 11330 0.2324 0.5808 0.8180
MWP 3m—4.5m 3537 -0.1052 0.6744 0.7372
>4.5m 1087 0.0334 0.5775 0.7721
Total 48633 —0.0445 0.7344 0.8832

state. It is worth noting that most total dataset is at low sea state
(0-1.5 m), exhibiting the superior statistical results for three
wave parameters. Although the relatively high RMSE of SWH,
MWL and MWP was shown in high sea state (>4.5 m), the
entire dataset under different sea state condition demonstrates
satisfactory results. These results from scatter plot and table
confirm the robustness of the WW3-simulated wave. As a matter
of fact, products from altimeters are useful for analysis of wave
distribution over global seas. In our work, both WW3 simula-
tion and SWH from altimeter Jason-2/3 and Haiyang-2 (HY-2)
collocated with the images in the validation dataset are used to
discuss the applicability of machine learning-based algorithm.

III. METHODOLOGY

The dependence of wave parameters on variables estimated
from SAR intensity are studied and then the derivation of ma-
chine learning-based SAR wave retrieval algorithm is described.
In addition, the existing algorithm PFSM is briefly introduced.

A. Dependence of Wave Parameters on SAR-Measured
Variables

The SAR intensities of the two polarization channels are
converted to NRCS, and then the calibrated image is divided into
several subscenes at a distance of 3—5 km in the range x azimuth
direction, i.e., 256 x 256 pixel for IW and 128 x 128 pixel for
EW. The SAR two-dimensional (2-D) spectrum is obtained by
performing 2-D Fourier transform on the subscene. As examples,
Fig. 8(a) shows the quick-look of a subscene obtained from the
image in Fig. 1(a) and the matching 2-D spectrum is displayed in
Fig. 8(b). In the literature, the velocity bunching is represented
by azimuthal cutoff wavelength X., which is practically esti-
mated by minimizing the standard error of a Gaussian function
G(k;) fitted to the 1-D spectrum integrated in the wave number
along look direction k,, as expressed by the following:

k 2
et o { () v
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Fig.8. (a) Subscene obtained from the VV-polarized SAR imagery in Fig. 1(a).
(b) SAR two-dimensional spectrum. (c¢) Gaussian fitted results through the
spectrum.

where

@

As concluded in recent study [28], the azimuthal cutoff
wavelength A, is independent of polarization, therefore, the
VV-polarized A, is calculated here. The Gaussian fitted results
through the spectrum in Fig. 8(b) are illustrated in Fig. 8(c). In
addition, the homogeneity of image cvar that is commonly used
in empirical CWAVE family is defined as follows:

()
cvar = var (| ——
1

in which I represents the SAR NRCS on subscene and I is the
average value of I.

The SAR subscenes located at WW3 grids are grouped, in
which the time difference between the WW3 simulations and
SAR imaging time is less than 15 min. Overall, six parame-
ters are calculated from the subscenes, i.e, VV-polarized o(‘)’ v
VH-polarized NRCS o™, VV-polarized cutoff wavelength A,
normalized by [, cvar, Total SAR spectral and wavelength of
the SAR image spectrum versus a given range A. The WW3-
simulation collected more than 160 000 samples as a training
dataset. Fig. 9 shows the relationships among the SWHs and
six parameters, i.e., (a) oy ", (b) oy, (c) cvar, (d) A./B, (e)
Total SAR spectral, and (f) A. Similarly, the relations analysis of
WW3-simulated MWP and MWL are shown in Figs. 10 and 11.
It was found that SWH, MWL, and MWP are linearly related
to 08' v O'(\), Hoa. /3 and Total SAR spectral. The COR value of
those parameters is great than 0.3. Furthermore, when A is less

3
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Fig. 9.  WW3-simulated SWH versus six parameters. (a) VV-polarized a(\)’ v,
(b) VH-polarized NRCS o(\)/ H_(c) VV-polarized cutoff wavelength A. normal-
ized by . (d) cvar. (e) Total SAR spectral. (f) Wavelength of the SAR image
spectrum relative to a given range A.

than 150 m, itis found that there is a certain relationship between
the SAR wavelength and the three wave parameters.

B. Derivation of SAR Wave Retrieval Algorithm by Machine
Learning

The eXtreme Gradient Boosting (XGBoost) is a powerful ma-
chine learning model. The advantage of this method is attributed
to its highly optimized algorithms, scalability, and superior
performance in a variety of tasks. The core idea of XGBoost
is to build a powerful integrated model by training a collection
of multiple weak learners (usually decision trees), with each
iterative step attempting to correct the errors of the previous
model, and each time adding a weak learner (usually a decision
tree) to further improve the model’s performance. The following
is a detailed introduction to the model.

The goal of XGBoost is to minimize the objective function,
which was composed of a loss function and a regularization
term. It is usually expressed as follows:

n K
Obj(©) => Loss (yi, 5i) + > Qfx) )
=1 —

k=1
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wherein Obj(©) represents the objective function of the entire
model, © including all tree parameters, n represents the number
of training samples. Loss(y;, ¥; ) is a loss function that calculates
the error between the model’s predictive value y; and the actual
value g;. K is the number of trees and () is the regularization
term used to adjust the model complexity.

In order to avoid overfitting, two regularization terms named
L1 regularization (Lasso) and L2 regularization (Ridge) were
used. The Lasso was used for feature selection and the Ridge
was used to control the size of model parameters. The specific
formula is shown as follows:

L1 regularization terms:

||
1
Qf) =T +3 leg 5)
J=
L2 regularization term:
1
Qf) =TI +5 Y wj (6)
j=1

wherein T represents the decision tree leaf node, w; represents
the leaf node fraction as the y represents the regularization term
weight.
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In general, the XGBoost uses classification and regression
trees (CART) decision trees as a base learner. Each CART tree is
a binary tree where each node represents a threshold partition of
afeature. The model iteratively generates multiple decision trees
and comes up with a final prediction by weighted summing their
predictions. The XGBoost algorithm flow chart is presented in
Fig. 12. In the training process, the input parameters contain
the oYV, oyt, A./B, cvar, Total SAR spectral, A (<200 m)
and incidence angle and the output is SWH, MWL, and MWP.
The behavior of the XGBoost training process with three wave
parameters is illustrated in Fig. 13, i.e., (a) SWH, (b) MWL,
and (c) MWP. The results show that the three XGBoost training
processes converge eventually, and the RMSE achieved is less
than 0.2 m of SWH, 0.5 m of MWL, and 0.12 s of MWP. The
SHAP (Shapley Additive exPlanations) is a method of explain-
ing machine learning model predictions and the SHAP value is
used to measure the importance of each feature to the model.
Fig. 14 show the SHAP values highlighted by the feature value
corresponding to the characteristic of input parameter (SWH,
MWL, and MWP). It is found that the o} " and azimuth has the
greatest impact on XGBoost model, while the 8 and cvar are
the least factors. It is reasonable that o} ™ is sensitive with TC
wind and wind determines the sea state. In the other hand, the
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Update the forecast value and
calculate the loss value
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Fig. 12.  Flowchart of the eXtreme gradient boosting (XGBoost).
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Behavior of the XGBoost training process. (a) SWH. (b) MWL.

oy is most sensitive with backscattering signal. In this sense,

the accuracy will be significantly reduces using single-polarized
SAR data.

C. Algorithm PFSM

The algorithm PFSM has an advance that is the separation of
2-D SAR spectrum into two portions by (7), i.e., the wind-wave
and the swell. The threshold of wave number k; is expressed by
the following:

0.33
2.87gV?2
= |t oo 2 3 5 (N
R2U{cos?p (sm psin“d + cos gp)

S
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Fig. 14. SHAP value map. (a) SWH. (b) MWL. (c) MWP.

in which g of 9.8 m/s? is gravitational acceleration, V represents
a flight velocity, R represents the satellite slant range, U repre-
sents the CyclObs wind speed, # represents the incidence angle,
and ¢ represents the angle of the wave propagation relative to
the radar look direction. As for wave number k was larger than
ks, the wind-wave spectrum is inverted by minimizing the cost
function J, denoted by the following:

2

BB Uy

J=[ [F — By dk4p [ [B+E}
k

®)

in which F, represents the retrieved 2-D ocean wave spectrum
at wave number k; [, represents the first-guess spectrum; Ej,
represents the SAR spectrum; p represents the weight coef-
ficient; the small positive number B represents supposed to
be 0.001 in order to ensure convergence of inversion; and Ej,
represents the mapping SAR spectrum taking the first-guess
spectrum estimated by parametric wave function [47] and MTFs
as stated in the following [29]:

cotd iy —w
T = 4ik, ————+4.5kw————sin?
Y :tsin20+ ww2+i72 sin¢

— gkrw (0059 - isin0k;é> ©))
wherein T represents the complex MTF consists of three terms:
the first term corresponds to the tilt as the function of incidence
angle 0 and wave number component in azimuth direction k,;
the second term is the hydrodynamic modulation that is function
of wave number &, wave frequency w, azimuth direction ¢ and
attenuation factor ~; and the nonlinear velocity bunching is
illustrated in the final term, in which R represents SAR slant
range distance, V represents the flight velocity as well as k.
represents the wave number component in radar look direction.
The velocity bunching can be negligible at the region where
swell dominate (i.e., k < k), thus, the swell spectrum can be
directly inverted by solving a given part of the SAR spectrum.
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Fig. 15.  Inverted wave parameters map from EW images over TC mangkhut at
20:48 UCT on 11 September 2018. (a) SWH. (c) MWL. (¢) MWP. The WW3-
simulate wave parameters corresponding to SAR image at 21:00 UCT on 11
September 2018. (b) SWH. (d) MWL. (f) MWP.

Ultimately, the synthesized SAR-derived wave spectrum con-
sists of a wind wave spectrum and a swell spectrum. In previous
studies, the PFSM algorithm has been applied for wave invertion
of a small number of C-band [32] and L-band [33] SAR images.
However, the applicability of algorithm PFSM utilizing accurate
CyclObs wind necessitates to be confirmed through abundant
images acquired in TCs.

IV. RESULTS

In this section, the validations of the machine learning-based
approach and the PFSM algorithm against the auxiliary data are
presented.
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Fig. 16. Comparisons between inverted wave parameters by XGBoost and
collocated WW3-simulated wave parameters. (a) SWH. (b) MWL. (¢) MWP.

The inverted wave parameters map from EW image over TC
Mangkhut at 20:48 UCT on 11 September 2018 by XGBoost was
shown in Fig. 15, i.e., (a) SWH, (c) MWL, and () MWP. In the
meantime, the WW3-simulate wave parameters corresponding
to the SAR image at 21:00 UCT on 11 September 2018 was also
shown in Fig. 15, i.e., (b) SWH, (d) MWL, and (f) MWP. It was
found that the wave parameters derived by XGBoost method
have a similar spatial distribution with the WW3-simulated
result. Fig. 16 shows the comparisons result between inverted
wave parameters (a) SWH, (b) MWL, and (c) MWP by XGBoost
with respect to collocated WW3-simulated wave parameters.
From the results, it can be seen that the RMSE of SWH is 0.19 m
witha(0.99 COR and 0.06 SI[see Fig. 16(a)],aRMSE of MWL is
3.77 mwitha0.99 COR and 0.04 SI [see Fig. 16(b)],and aRMSE
of MWP is 0.19 s with a 0.99 COR and 0.03 SI [see Fig. 16(c)].
The red lines shown in Fig. 16 indicate the mid-value of SAR
retrievals with a0.1 m bin of SWH in Fig. 16(a), 1 m bin of MWL
in Fig. 16(b) and 0.1s bin of MWP in Fig. 16(c). The results show
that XGBoost performs best in medium and high sea situations
(SWH > 1 m), and there is an overestimation/underestimation
phenomenon in low sea states.

In order to validate the machine learning approach and PFSM
against the measurements from altimeters, the comparisons be-
tween inverted SWH by two methods with respect to collocated
altimeter measurement was conducted in Fig. 17. There were
more than 2800 matchups between the SAR and the measure-
ments from three altimeter satellites (Jason-2/3 and HY-2). In
the validation, the altimeter measures SWH reached up to 12 m.
It is found that RMSE of SWH by the XGBoost method is 0.59
m with a 0.96 correlation (COR) and 0.19 SI [see Fig. 17(a)],
which gives better results than the PFSM algorithm with a 1.44
mRMSE, a0.76 COR and a 0.45 SI [see Fig. 17(b)]. Table I was
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TABLE II
COMPARISON BETWEEN WAVE PARAMETERS AND SIMULATIONS FROM WW3

Wave Sea Sample Evaluation Metrics
Parameters States Numbers Bias RMSE COR
0-2m 21972 -0.0556 0.2169 0.8883
2m-4 m 34671 0.0117 0.1621 0.9556
4m-6 m 9580 0.0516 02173 0.9401
SWH 6m-8 m 3805 0.0383 0.2324 0.9291
8m—10 m 1591 0.0486 0.2261 0.9344
>10 m 374 0.108 0.2774 0.8013
Total 71933 —0.00083 0.1941 0.9945
0-2m 21972 -0.4597 5.1746 0.9716
2m-4 m 34671 0.0869 2.8423 0.9888
4m-6 m 9580 0.2957 2.9335 0.9943
MWL 6m-8 m 3805 0.1849 3.0909 0.9936
8m—10 m 1591 0.4411 3.9878 0.986
>10 m 374 0.7282 5.0623 0.9327
Total 71933 —0.358 3.786 0.9963
0-2m 21972 —0.0448 0.2578 0.9587
2m-4 m 34671 0.0114 0.142 0.9661
4m-6 m 9580 0.0379 0.1533 0.9709
MWP 6m—-8 m 3805 0.0232 0.146 0.9611
8m-10 m 1591 0.0319 0.1552 0.9512
>10m 374 0.0647 0.149 0.8854
Total 71933 —0.00087 0.1868 0.9923

conducted to display statistical results under different sea states.
It is found that most total dataset is from low and moderate sea
states (0—4 m), exhibit the superior statistical results for three
wave parameters. Although the lower RMSE of SWH, MWL,
and MWP was shown in extreme sea state (>10 m), the entire
dataset under four different sea state condition demonstrates
satisfactory results in terms of statistical results. Therefore, we
consider XGBoost is an optimal machine learning-based algo-
rithm for retrieving TC wave parameters from dual-polarized
S-1 image.

V. DISCUSSIONS

As figured out in the previous work [48], the complex wave
feature at extreme atmospheric conditions can be divided into
three parts, i.e., the right side of the TC motion that is dominated
by wind-sea, the left side of the TC motion that is dominated
by a mixture of wind-sea and cross swell, and the back of the
TC motion that is dominated by counter-swell. To the right of
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WW3 model simulations (a) at the left of a TC motion, (b) at the right of a TC
motion, and (c) at the back of a TC motion.

the TC motion, the wind-sea dominates under typical strong
wind conditions. The wind-sea propagates with surge in the same
direction, giving rise to an interaction between the swell and
a strong wind-sea energy exchange. Contrarily, to the left of
the TC motion, wind-sea and surge propagate vertically, where
wind-sea energy is independent of surge energy. At the back side
of a TC motion, the wind-sea and surge propagate in opposite
directions. Fig. 18 illustrated the wave system in TC Mangkhut
moving western in the Northwest Pacific Ocean. Therefore, the
precision of the XGBoost method was further investigated for
SWH, MWL, and MWP in different parts of the TC motion.
Fig. 19 shows the SWH precision at different parts of the
TC motion, i.e., (a) at the left side of a TC motion, (b) at the
right side of a TC motion, and (c) at the back side of a typhoon
motion. It was found that the RMSE at the left side is 0.17 m
with a 0.99 COR and 0.10 SI [see Fig. 19(a)], which has a better
performance than the right side of a TC motion, i.e., a 0.31 m
RMSE with a 0.98 COR and a 0.10 SI [see Fig. 19(b)] and at the
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Fig. 20. Comparison of SAR-derived MWL by the XGBoost method and
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‘WW3 model simulations (a) at the left of a TC motion, (b) at the right of a TC
motion, and (c) at the back of a TC motion.

back side of a TC motion, i.e., a 0.24 m RMSE with a 0.98 COR
and a 0.10 SI [see Fig. 19(c)]. The red line in Fig. 19 indicates
the median SAR retrieval value for a 0.1 m bin of SWH. It is
found that the XGBoost performs the best at the left side of a TC
motion. Similarly, the accuracies of MWL and MWP at different
sections of typhoon motion were illustrated in Figs. 20 and 21.
The statistical result shows that the MWL by XGBoost performs
the best at the back position of a TC motion (i.e., a 3.60 m RMSE
with a 0.99 COR and a 0.06 SI), while the MWP by XGBoost
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performs the best at the right position of a typhoon motion (i.e.,
a 0.18 s RMSE with a 0.98 COR and a 0.04 SI). Although the
accuracy of wave parameters at different parts of TC motions
has a certain difference, the machine learning approach has good
wave parameters inversion performance for complicated wave
characteristics under extreme weather conditions.

VI. CONCLUSION

At present, upper ocean dynamics can be monitoring by
several sensors, i.e., sea surface wind from scatterometer and
spaceborne polarimetric microwave radiometer and sea surface
wave from altimeter and SWIM. However, the spatial resolution
of these products (i.e., >10 km) does not satisfy the requirement
of complicated air—sea interaction in TCs.

In this article, more than 2000 dual-polarized S-1 images
obtained in IW and EW mode during 200 TCs are collected,
which are matched with hindcasted wave parameters using
WW3 model, in which H-E wind, CMEMS sea surface current
and CMEMS sea level are applied as forcing fields. The SWH,
MWL, and MWP simulated by WW3 were validated against the
measurements of NDBC buoys, and the RMSE of SWH was
0.35 m, COR was 0.96, and SI was 0.18; the RMSE of MWL
was 13.86 m, COR was 0.87, and SI was 0.26; and the RMSE of
MWP was 0.73 s, COR was 0.88, and SI was 0.17. The difference
sea states result show that the entire dataset under four different
sea state condition demonstrates satisfactory results in terms of
statistical results. It is found that wave parameters, i.e., SWH,
MWP, and MWL, are correlated with several SAR-measured
image variables (VV-polarized oV, VH-polarized NRCS oy},
VV-polarized cutoff wavelength A, normalized by 3, cvar, Total
SAR spectral, and wavelength of the SAR image spectrum
versus a given range A). Based on these findings, an XGBoost
machine learning method is developed through the training
dataset from more than 1600 images. The trained algorithm is
tested over 400 images and the retrievals are compared with
WW3 simulations. Statistical analysis of SWH shows an RMSE
of 0.19 m, a COR of 0.99, and a SI of 0.06; MWL shows an
RMSE of 3.77 m, a COR of 0.99, and a SI of 0.04; and MWP
shows an RMSE of 0.19 s, a COR of 0.99, and a SI of 0.03.
Furthermore, a comparison between inverted SWH by XGBoost
methods and the algorithm PFSM by the operational CyclObs
wind product with respect to collocated altimeter measurements
is conducted. The results show that the RMSE for SWH using the
XGBoost method is 0.59 m, COR is 0.96, SI is 0.19, which has
better performance than that using the PFSM algorithm with
a 1.44 m RMSE with a 0.76 COR and a 0.45 SI. Finally, the
precision of the XGBoost method for SWH, MWL, and MWP
in different sections of the TC motion is given. The statistical
result shows that the MWL by XGBoost performs the best at
the back side of a cyclone motion (i.e., a 3.60 m RMSE with
a 0.99 COR and a 0.06 SI), while the SWH and MWP by
XGBoost performs the best at the left position and the right
position of a TC motion (i.e., 0.17 m with a 0.99 COR and
0.10 SI and a 0.18 s RMSE with a 0.98 COR and a 0.04 SI).
In summary, the machine learning algorithm is a promising
approach for wave parameter retrieval in dual-polarized SAR
images.
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It is revealed that rain and wave breaking has significant
influence on the backscattering roughness [49]. In the near
future, rain rate and the wave breaking parameter is anticipated
to be included in the machine learning algorithm.
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