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Abstract

The internal energy distribution of waves can be described using ocean-wave spectra. In many ways, obtaining
wave spectra on a global scale is critical. Surface waves investigation and monitoring onboard the Chinese-French
oceanography satellite is the first space-borne instrument for detecting wave spectra specially, which was
launched on October 29, 2018. It can avoid the shortage of synthetic aperture radar detection results while still
having some problems, especially with the effects of speckle noise. In this study, a method to suppress the speckle
noise is proposed. First, the empirical formula for background speckle noise is established. Second, many spatio-
temporal representative fluctuation spectra are classified and averaged. Third, rational transfer function filtering
is used to obtain speckle noise close to the along-track direction. Finally, a signal-to-noise ratio threshold is used
to suppress the abnormal speckle noise. This method solves the problems existing in previous denoising methods,
such as excessive denoising in the along-track direction and the inability of some abnormal noises to be denoised

in the two-dimensional directional wave spectra.
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1 Introduction

Ocean waves are a volatile phenomenon that often occurs in
the ocean, which includes wind waves, swell waves, and near-
shore waves. An ocean wave is composed of an infinite number
of constituent waves of different amplitudes, frequencies, direc-
tions, and phases. A wave spectrum is a map that describes the
distribution of wave frequency and direction relative to the in-
ternal energy. It is an important statistical property of random
sea waves. It not only contains second-order information of
ocean waves but also shows their external form and internal
characteristics. Therefore, studying wave spectra are important
for understanding wave characteristics and forecasts. It is critical
in fields such as air-sea interaction, upper ocean dynamics, wave
prediction, ocean remote sensing, ocean engineering, and so on.

Wave measurement methods mainly include direct measure-
ment and remote sensing. Direct measurement methods are
classified into two: fixed point measurement and array methods.
The direct measurement method can measure the wave more ac-
curately, but it has disadvantages such as narrow measurement
range, discontinuous time, and is highly affected by the environ-
ment. Therefore, measuring the space-time continuous-wave
direction spectra using the direct measurement method is diffi-
cult. Therefore, remote sensing technology must be used for
measurement. There are two main remote sensing methods:
marine radar and synthetic aperture radar (SAR) methods. The
marine radar method cannot be used for all-weather global
measurement, and the measurement results contain much noise;
whereas, the SAR method cannot be used for a long time. Sur-
face waves investigation and monitoring (SWIM) is a new meas-
uring instrument proposed to solve these problems. In spite of
this, SAR still plays an irreplaceable role in some fields. And there
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have been some meaningful research about SAR ocean wave ob-
servations. These researches provide methods to calculate the
significant wave height of waves by SAR (Wang et al., 2018, 2022;
Quach et al., 2021).

SWIM is a scanning beam true aperture radar that was pro-
posed in the 1980s (Jackson et al., 1985a, b). The main principle
of SWIM is that the normalized radar cross-section is sensitive to
the local tilt of the sea surface at a small incident angle, but it is
almost insensitive to the small-scale wind roughness effect and
hydrodynamic modulation, which is caused by the interaction
between long and short waves. In subsequent research, several
airborne platforms were equipped with SWIM (Hauser et al.,
1992; Vandemark et al., 1994; Caudal et al., 2014). The SWIM is
being used for the first time on a space-borne platform with the
Chinese-French Oceanography Satellite (CFOSAT).

CFOSAT was launched in October 2018 after being developed
jointly by China and France. The SWIM on CFOSAT is a real-
aperture radar in the Ku-band (13.6 GHz) that illuminates the
surface sequentially with six incidence angles (0°, 2°, 4°, 6°, 8°,
and 10°) and an antenna aperture of approximately 2°. The 0°
beam is a finite pulse beam with an incidence angle of 0°, which
is used to measure a significant wave height (SWH) and wind
speed (WS). The other beams are five pen-shaped beams with a
central axis deviating from the 0° beam direction by 2°, 4°, 6°, 8°,
and 10°. The two-dimensional (2D) ocean-wave spectra are ob-
tained by rotating an antenna at a speed of 5.6 revolutions per
minute (Tison et al., 2009, 2019; Hauser et al., 2010; Dong et al.,
2011).

Because it is the first time, SWIM has been used on a space-
borne platform, some problems remain, such as large speckle
noise in the 2D directional wave spectra product (Hauser et al.,
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2021). In the measurement of wave spectrum and speckle, noise
is unavoidable and speckle noise is a common phenomenon in
all coherent imaging systems. When a radar detects the sea sur-
face, the roughness of the sea surface results in many independ-
ent scattering surface elements in a resolution unit, and the radar
antenna can receive the echo signal of each scattering surface
element. Meanwhile, each signal is in a coherent superposition.
Because the distance between each scattering surface element
and radar is different, the phase of each echo differs. A strong sig-
nal is generated when the echo phase is consistent, and a weak
signal is generated when the echo phase is inconsistent. This
phenomenon results in a patchwork of light and dark spots on
the image, which is known as the speckle noise. This is caused by
arandom interference phenomenon that affects the radar obser-
vation, and the scale is equivalent to the wavelength of the incid-
ent radar wave (Singh and Shree, 2016). Therefore, speckle noise
exists in the 2D directional wave spectra measured by SWIM.
When the fluctuation spectrum is estimated using independent
samples, the noise spectral density can be expressed as a func-
tion of independent samples (Hauser et al., 2001). The number of
independent samples in the along-track direction (that is, within
15° of the satellite’s orbit) of SWIM decreases sharply because of
the decrease in Doppler bandwidth, which leads to a significant
increase in the noise spectral density, resulting in speckle noise
in the along-track direction was significantly greater than that in
other directions of SWIM (Hauser et al., 2021).

Many studies on speckle noise have been conducted using
SAR. In the 1980s, Lee et al. proposed a spatial local filtering
method, which uses a sigma filter to smooth the speckled image
(Lee, 1980, 19814, b, 1983). Subsequently, many denoising meth-
ods, such as transform domain filtering, adaptive morphological
filtering, and wavelet transform methods were proposed (Argenti
and Alparone, 2002; Yu and Acton, 2002; Deledalle et al., 2009,
2015; Ahmed et al., 2010; Raju et al., 2013; Yamazaki et al., 2017).
In addition to these methods, the neural network method, which
has recently gained popularity, has many applications in the field
of speckle-noise suppression (Owirka et al., 1999; Achim et al.,
2003; Patnaik and Casasent, 2005; Morgan, 2015; Chen et al.,
2016; Chierchia et al., 2017; Kwak et al., 2019; Mohan et al., 2021).

Although SWIM and SAR are radars with similar noise gener-
ation mechanisms, they differ in speckle noise suppression. As a
new multi-beam real-aperture radar, the study of speckle noise
suppression on SWIM is not as extensive as that on SAR. In 2020,
Hauser et al. (2021) proposed an empirical method for suppress-
ing speckle noise from 2D directional wave spectra of SWIM. This
method is mainly based on the empirical formula of speckle
noise established by numerous data to achieve noise suppres-
sion, which has been applied to the SWIM V5.1.2 data. However,
this method can still be improved in some ways. For example,
this method denoises excessively in the along-track direction,
which leads to some missing values in the 2D directional wave
spectra in some cases. Additionally, this method can be im-
proved to deal with abnormal noise, which results in some ab-
normally large values in the 2D directional wave spectra.

To solve these problems, this study proposes a new speckle
noise suppression method based on SWIM data that use rational
transfer function filtering (RTFF) and noise ratio (NR) control.
This method was called the spectral classification-threshold con-
trol (SCTC) method. The structure of this study is as follows: the
second section introduces the data used in this study; the third
section introduces the SCTC method. In fourth section, the res-
ults of the SCTC method are compared with the SWIM data,
WaveWatch III (WW3) data and National Data Buoy Center (ND-
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BC) buoy in situ observations data. The fifth section is the con-
clusion of this study.

2 Data

2.1 SWIM data

In this study, SWIM-level 1b (L1b) and level 2 (L2) products
for version 5.1.2 are used. The period of data is from May 1, 2019,
to April 30, 2020. The data is selected from the first four days of
each month. In June 2019, the data for 5-8 days are selected be-
cause of the lack of data from the 1st to 4th day. The data selec-
ted in this way is to eliminate seasonal and spatial variations in
wave spectra, allowing these data to be represented in all direc-
tions and locations. The entire year wave data were not selected
to reduce the amount of calculation, and the interval selection
like this met our needs.

The acquisition of L1b only uses a beam of 6°, 8°, and 10°, and
its role is to generate a modulation spectrum. The role of the L2
processing step is to generate geophysical data products that re-
construct 2D observations. The data of L1b are stored according
to macrocycle, and variables such as fluctuation spectra, azi-
muth, and latitude are used. The L2 defines product units that
covers both sides of the satellite’s orbit, and it corresponds to an
area of approximately 70 kmx90 km (Fig. 1). In Fig. 1, each blue
box is a product unit named box, scattered points of different col-
ors represent the scanning track of different beams, the horizont-
al coordinate represents the distance in the running direction of
the satellite, and the vertical coordinate represents the distance
perpendicular to the running direction of the satellite. The data
of L2 contain several physical parameters, such as SWH and WS,
which are divided into 24 azimuths, each azimuth is 15°.

2.2 WW3data

To verify the effect of the SCTC method, data of WW3 are used
as referenced data. The resolution in time is 3 h and that in space
is 0.5°x0.5° of referenced data we used. WW3 is the third genera-
tion wave model developed by the National Oceanic and Atmo-
spheric Administration (NOAA) and the National Centers for En-
vironmental Prediction (NCEP) based on the Whac-a-mole mod-
el. It is a development of WaveWatch and WaveWatch 2. WW3
has been improved in many important aspects, such as govern-
ing equations, the model structure, numerical methods, and
physical parameterization. WW3 is commonly used in wave cli-
mate analysis (Gallagher et al., 2016), and it has been demon-
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Fig. 1. Horizontal sampling of wave investigation and monitor-
ing data (Tison et al., 2019).
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strated to be capable of simulating waves in key areas such as the
Pacific and adjacent sea areas of China (Gallagher et al., 2014;
Zheng et al., 2016, 2018; Bi et al., 2015; Guo et al., 2015; He and
Xu, 2016; Shukla and Kinter, 2016). Furthermore, WW3 can be
used to study the typhoon waves (Shao et al., 2018; Sheng et al.,
2019), and it provides an exchange of wave-current interactions,
indicating that it considers the influence of ocean currents. In
this study, the data of WW3 from 2019 to 2020 were obtained
from the NCEP NOAA Operational Model Archive and Distribu-
tion System, Global Data Service, and Distributed Oceanograph-
ic Data Systems data servers. The window with a time threshold
of 10 min and a space threshold of 10 km was selected to match
WW3 data with the SWIM data mentioned above. The matched
data are deemed observations of the same wave spectrum.

2.3 NDBC buoy in situ observations data

The NDBC buoy in situ observations data we used are ob-
tained from NDBC Stations 44005, 44025 and 46100. The Stations
44005 and 44025 are owned and maintained by National Data
Buoy Center while the Station 46100 is owned and maintained by
Ocean Observatories Initiative. Station 44005’s latitude is
43.201°N and its longitude is 69.127°W. The air temp heightis 4.4 m
above site elevation, the anemometer height is 4.9 m above site
elevation, the barometer elevation is 0.3 m above mean sea level
and the sea temp depth is 0.6 m below water line of Station
44005. Station 44025’s latitude is 40.251°N and its longitude is
73.164°W. The air temp height is 3.7 m above site elevation, the
anemometer height is 4.1 m above site elevation, the barometer
elevation is 2.7 m above mean sea level and the sea temp depth is
1.5 m below water line of Station 44025. Station 46100’s latitude is
46.851°N and its longitude is 124.972°W. The air temp heightis4 m
above site elevation, the anemometer height is 4.5 m above site
elevation, the barometer elevation is 3.95 m above mean sea level
and the sea temp depth is 1.15 m below water line of Station
46100. We use variable named “WVHT” as SWH, “DPD” as the
dominant wave period and “MWD” as the dominant wave direc-
tion (DWAD) of standard meteorological data of these stations.
To make comparison easier, we turn the dominant wave period
to the dominant wavelength (DWAL) by dispersion relationship.

3 Methods

This section discusses the SCTC method. There are two types
of noise in fluctuation spectra, which are background speckle
noise and speckle noise caused by Doppler bandwidth reduction
(SNDBR). The calculation and suppression methods of these
noises are discussed sequentially.

3.1 Noise in fluctuation spectrum

In addition to wave information, fluctuation spectra in the
data of L1b of SWIM contain noise, which must be suppressed
during inversion (Jackson et al., 1985a, b; Hauser et al., 2017).
The expression of noise is shown in Eq. (1):

Pgs, (k) = 0 (k) + Pir (k) x P (k) + Pgp (k) (€))

where Py, is the fluctuation spectrum, P, is the speckle noise,
P, is the modulation spectrum of ocean surface wave, P is the

spectrum resulting from the electron impulse response, and J is
the Dirac function, k is the wavenumber. Assuming that the im-
pulse response function satisfies the characteristics of sine func-
tions in the time domain, Pir and P, satisfy the form of trigono-
metric functions, and Ps, can be expressed as

1 or 1
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where tri is the trigonometric function, k is the wavenumber, or is
the radar range resolution, ¢ is the incident angle, and Ninq is the
number of independent samples. When the signal spectrum is
estimated by Ning independent samples, its speckle noise spec-
tral density can be expressed as

1 Ax
Ps(k)= —————+—, 3
(k) NingV2mn2v/21n 2 ®)

where Ps (k) is the speckle noise spectral density. According to
Hauser et al. (2021), Ax is ground-projected resolution, Nind was
set as the real-time integrated echo number during the inversion
of CFOSAT SWIM until the middle of 2020 to make the speckle
energy correction isotropic (Table 1). The continuous echo is ir-
relevant when the Doppler bandwidth is significantly larger than
the pulse repetition rate (Guo et al., 2015).

However, because of other factors, this setting of Ning is inap-
propriate in the along-track direction of SWIM. Therefore, when
calculating Psp, the along-track direction and other directions
should be discussed separately.

3.2 Background speckle noise

According to Hauser et al. (2021), in the non-orbital direction,
speckle noise is affected only by radar parameters, and it has
nothing to do with sea state and latitude. Meanwhile, in the
along-track direction, this type of speckle noise exists in addition
to SNDBR. Therefore, we refer to this type of speckle noise as
background speckle noise. The impact of wave information must
be minimized to suppress this noise. Because the direction of the
fluctuation spectrum with the smallest variance in every 180° azi-
muth is the direction containing the least wave information
(Hauser et al., 2021), the fluctuation spectrum in this direction is
used as the background speckle noise (Fig. 2).

The background speckle noise agrees well with the theoretic-
al formula (Eq. (2)), thus the empirical formula of background
speckle noise can be established.

3.3 SNDBR

In the along-track direction, there is SNDBR besides the back-
ground speckle noise mentioned in the previous section. The
noise should be classified according to its influencing factors to
obtain the empirical formula of SNDBR.

3.3.1 Noise classification
Generally, three factors can affect SNDBR: latitude, sea sur-
face condition, and the beams of SWIM (Hauser et al., 2021). Ad-

Table 1. Main parameters of a nominal macrocycle (Hauser et al., 2021)

Variable Beam 0° Beam 2° Beam 4° Beam 6° Beam 8° Beam 10°
Time duration/ms 55.4 22.6 22.6 34.4 40.5 44.2
Number of integrated echoes 264 97 97 156 186 204
Number of averaged range bins 1 4 4 2 3 3
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Fig. 2. Fluctuation spectrum of speckle background and fitting
of background speckle noise. The abscissa represents the
wavenumber, the ordinate represents the spectral energy, the
three curves in different colors represent speckle noise in three
cases, and the three black lines are the fitting of their curves ac-
cording to Eq. (2) when wavenumber is from 0.05 to 0.3.

ditionally, sea surface conditions can be expressed by SWH and
WS. Therefore, four variables, such as latitude, SWH, WS, and
beam, are selected to classify SNDBR.

The above-mentioned data of L2 are used for classification.
The classification of 14 categories for latitude from 70°N to 70°S is
set up, and the interval is 10°. The classification of three categor-
ies for sea surface condition is also set up (WS<5 m/s and SWH<
2m, 5m/s<WS<9m/s and SWH<2 m, WS>9 m/s and 2 m<
SWH < 4 m). The beam can be divided into three classes (6°, 8°,
and 10°). There are 126 classifications.

3.3.2 Determination of real wave information and SNDBR

According to the classification above, SNDBR in the fluctu-
ation spectra of one class is the same. Therefore, if the SNDBR of
one fluctuation spectrum is obtained, the SNDBR of other fluctu-
ation spectra in the same class can also be obtained. To obtain
the SNDBR of each class, the real wave information in the along-
track is must be obtained first. Therefore, fluctuation spectra are
averaged based on classification. The average of 19 categories
among 126 classifications is shown in Fig. 3. Because the selec-
ted data cover one year, and the fluctuation spectra belonging to
the same class have similar elements such as sea surface condi-
tions and geographical information, the real wave information
contained in each of the 126 fluctuation spectra should be dis-
tributed almost uniformly in all directions.

According to the above research, background speckle noise
exists in all directions of the 126 fluctuation spectra. The ob-
tained empirical formula of background speckle noise is used to
calculate background speckle noise and suppress the back-
ground speckle noise from the above-mentioned averaged fluc-
tuation spectra acquired. Thus, 126 new fluctuation spectra
without background speckle noise are obtained. Only SNDBR ex-
ists in these new fluctuation spectra. Therefore, in the non-orbit-
al direction, these new fluctuation spectra only contain real wave
information. The real wave information is almost uniform in all
directions, as previously mentioned. Therefore, the real wave in-
formation of each class is obtained.

However, there are errors in the measurement, which can af-
fect the average of the fluctuation spectrum, and the samples are
not infinity. Therefore, the ideal situation is difficult to achieve
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Fig. 3. Average of fluctuation spectra of Class 19. The x and y
axes represent wave numbers; the gray concentric circles repres-
ent different wavelengths, and the wavelengths of the same con-
centric circles are equal. The lines through the center represent
different wave directions from 0° to 360°; the colors in the figure
represent the spectral size (~m?) of the corresponding region.

and the real wave information may have a small difference
between each direction. This can cause some errors in the estim-
ation of real wave information and the error can be intensified in
the presence of the fluctuation spectrum with significant abnor-
mal noise. To obtain the real wave information from the along-
track more accurately, RTFF expressed in Eq. (4) is used to filter
each wavenumber of each fluctuation spectrum.

b(L)+b2)z '+ - +b(mp+1)z™
14a@)z'+---+a(n,+1)z "

Y(Z) = X(Z) ) (4)

where X(z) represents the input fluctuation spectrum, Y(z) rep-
resents the filtered fluctuation spectrum, z is the transform do-
main. n, is the order of the feedback filter, 7, is the order of the
feedforward filter, the molecular coefficient b=[0.5, 0.5, and the
denominator coefficient a= 1. The filtered fluctuation spectrum
is used as the final real wave information. Therefore, the real
wave information of 126 classes is obtained. The real wave in-
formation of Class 19 (Fig. 4) demonstrated that the parts in Fig. 4
are the same as in Fig. 3.

3.3.3 Determination of NR threshold

According to the real wave information obtained above, an
SNDBR of 126 classifications can be obtained. The fluctuation
spectrum samples selected are evenly distributed over one year
and are classified based on the characteristics of the influence of
SNDBR. Therefore, among the 126 classifications divided, SND-
BR belonging to the same category accounts for the same propor-
tion in the corresponding fluctuation spectra. The proportion of
SNDBR and fluctuation spectrum is used as the NR threshold of
each class.

During denoising, after SNDBR is calculated, the NR of SND-
BR is must also be calculated. If the NR calculated is less than the
corresponding NR threshold, the noise corresponding to the NR
threshold is used as SNDBR at this position.

4 Results and comparison

4.1 Denoising effect of SCTC method
We selected fluctuation spectra of one orbit on June 6, 2019,
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Fig. 4. Real wave information of Class 19. The x and y axes rep-
resent wave numbers; the gray concentric circles represent differ-
ent wavelengths, and the wavelengths of the same concentric
circles are equal. The lines through the center represent different
wave directions from 0° to 360°; the colors in the figure represent
the spectral size (10-3 ~m?) of the corresponding region.

to obtain the denoised 2D directional wave spectra using the
SCTC method. The denoised 2D directional wave spectrum of the
220th left box of this orbit is shown in Fig. 5.

Figure 6 shows the same 2D directional wave spectrum as
Fig. 5, but it is not denoised.

Figure 6 shows SNDBR, which can affect DWAL and DWAD.
SNDBR is significantly large and covers all real wave information.
SNDBR is significantly suppressed after the SCTC method is used
(Fig. 5). DWAL and DWAD are then successfully calculated.
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Fig. 5. 2D directional wave spectrum denoised using the spec-
tral classification-threshold control method. “Leftbox220” in the
title means that it is the 220th left box in this orbit data;
“2019.06.06 03:05:30.2 UTC” represents the average time of this
box, “lon” and “lat” represent longitude and latitude, respect-
ively, and x and y axes represent the wavenumbers. The gray con-
centric circles represent different wavelengths, and the
wavelengths of the same concentric circles are equal. The line
through the center represents different wave directions from 0° to
360°; the colors in the figure represent the spectral size (~m?) of
the corresponding region. SWH: significant wave height; DWAL:
dominant wavelength; DWAD: dominant wave direction.
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Fig. 6. 2D directional wave spectrum without denoising. “Left-
box220” in the title means that it is the 220th left box in this orbit
data; “2019.06.06 03:05:30.2 UTC” represents the average time of
this box, “lon” and “lat” represent longitude and latitude, re-
spectively, and x and y axes represent the wavenumbers. The
gray concentric circles represent different wavelengths, and the
wavelengths of the same concentric circles are equal. The line
through the center represents different wave directions from 0° to
360°; the colors in the figure represent the spectral size (~m?) of
the corresponding region. SWH: significant wave height; DWAL:
dominant wavelength; DWAD: dominant wave direction.

4.2 Case study of SCTC method products

In order to compare the denoising effects of SCTC method
with other methods, we select one case to calculate the denois-
ing results of SCTC method and compare them with SWIM
products and WW3 products. We also select NDBC buoys to val-
idate the denoising effects of SCTC method.

4.2.1 Comparison with SWIM products

The 2D directional wave spectra provided in the SWIM ver-
sion 5.1.2 are generated by fluctuation spectra, which are dealt
with using the empirical denoising method proposed by Hauser
etal. (2021). The 2D directional wave spectrum of SWIM pro-
ducts, which has the same time and location as the above-men-
tioned SCTC method product, is selected. It is shown in Fig. 7.

There are two obvious areas for improvement in SWIM
products. (1) There are small white pixels at 0°-15° azimuth and
180°-195° azimuth in Fig. 7. These small white blocks are due to
an overestimation of noise, which causes the real wave informa-
tion to be treated as noise and suppressed. This leads to partial
wave information loss. (2) The 2D directional wave spectrum at
the azimuth angles of 15°-30° and 195°-210° in Fig. 7 still retains
noise. This means that some large abnormal noises are not sup-
pressed.

Both of these two factors can be attributed to the denoising
method used in SWIM products. According to Hauser et al.
(2021), quadratic polynomial fitting to fluctuation spectra is used
in SWIM products to calculate SNDBR. Generally, scatters are
uniformly distributed near the fitting curve, which causes SND-
BR of scatters smaller than the fitting curve to be larger than fluc-
tuation spectra, resulting in the above-mentioned excessive
along-track denoising .

In addition to causing excessive along-track denoising, the
quadratic polynomial fitting lacks representativeness for some
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Fig. 7. 2D directional wave spectrum of surface waves investiga-
tion and monitoring products. “Leftbox220” in the title means
that it is the 220th left box in this orbit data; “2019.06.06
03:05:30.2 UTC” represents the average time of this box, “lon”
and “lat” represent longitude and latitude, respectively, and x
and y axes represent the wavenumbers. The gray concentric
circles represent different wavelengths, and the wavelengths of
the same concentric circles are equal. The line through the cen-
ter represents different wave directions from 0° to 360°; the col-
ors in the figure represent the spectral size (~m?) of the corres-
ponding region. SWH: significant wave height; DWAL: dominant
wavelength; DWAD: dominant wave direction.

fluctuation spectra with abnormally large noise. Therefore, when
these fluctuation spectra are denoised, several noises will be left,
which will cover the real wave information.

In these cases, the SCTC method makes some improvements.
First, the SCTC method uses fluctuation spectra within a year and
a global space span to increase representativeness. Second, the
real wave information is isotropic after averaging over a large
time-space window. According to these properties, the SCTC
method calculates real wave information to obtain SNDBR. This
can reduce the error compared with quadratic polynomial fitting.
Third, in the SCTC method, NR control is proposed. This can af-
fect the suppression of abnormally large noise.

4.2.2 Comparison with WW3 products

Because WW3 products are selected as reference data, the
SCTC method and SWIM products are compared with them.
WW3 products are time and space matched with the SCTC meth-
od and SWIM products for consistency comparison. The 2D dir-
ectional wave spectrum of WW3 products matched with that of
Fig. 5 is shown in Fig. 8.

According to Fig. 8, the SWH of the 2D directional wave spec-
trum of WW3 products is 4.2 m, DWAL of that is 89 m, and DWAD
of that is 176°. In comparison, the SWHs of SCTC method and
SWIM products are 3.8 m and 3.7 m, respectively, DWALSs of that
of SCTC method and SWIM products are both 151 m, and DWADs
of SCTC method and SWIM products are 162° and 131°, respect-
ively. In the case of SWH, the SWH error ratio equations of the
SCTC method and SWIM products are as follows:

abs (SWHSCTC — SWHW\/V3)
anoscrc = SWHy ; (5)
3

where anoscrc is the SWH error ratio of SCTC method products
and anoswim is the SWH error ratio of SWIM products. The error
ratio equation of DWAL and DWAD is just like that of SWH. Ac-
cording to DWAD, anoscrc is 7.95% and anosw is 25.57%. The
error ratio of SCTC method products is 17.62% lower than SWIM
products in terms of DWAD. According to SWH, anoscrc is 9.52%
and anoswim is 11.90%. The error ratio of SCTC method products
is 2.38% lower than SWIM products in terms of SWH. Therefore,
according to the 2D directional spectrum we chose, the SCTC
method products have improvements on SWH and DWAD.

4.2.3 Comparison with NDBC buoy products

The comparison above is based on WW3 data as reference
data. As we all know, the buoy in situ measurements data are also
important. However, the scarcity of buoy observation makes it
difficult to be used in comparison between large quantities of
data. Here, we choose two cases of NDBC Buoy 46100 to com-
pare with SCTC method, so as to verify the denoising effects of
SCTC method. The comparison results are shown in Tables 2 and
3. The time of NDBC data in Table 2 is 3:10 UTC on November 26,
2019, while the time of SWIM products and SCTC method results
is 2:56:33 UTC on November 26, 2019. The time of NDBC data in
Table 3 is 3:10 UTC on December 9, 2019, while the time of SWIM
products and SCTC method results is 2:56:30 UTC on December
9, 2019. ano is used to show errors of SWIM and SCTC products.
Take SWH for example, the equation of anoswy is shown in Eq.
(7). The equations of anopwaL and anopwap are the same as
anoswi.

ano _ SWHswim or scrc — SWHpuoy 7
SwH SWHyoy '
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Fig. 8. 2D directional wave spectrum of WaveWatch III products.
The “2019.06.06 03:00:00.0 UTC” in the title represents the time of
the wave spectrum, “lon” and “lat” represent longitude and latit-
ude, respectively, and x and y axes represent the wavenumbers.
The gray concentric circles represent different wavelengths, and
the wavelengths of the same concentric circles are equal. The line
through the center represents different wave directions from 0° to
360°; the colors in the figure represent the spectral size (~m?) of
the corresponding region. SWH: significant wave height; DWAL:
dominant wavelength; DWAD: dominant wave direction.
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The result shows that the error of wave parameters obtained
by SCTC method is always less than 7% while the error of SWIM
products is unstable, up to 44.17%, especially the DWAL error is
all above 40%. By comparison with the buoy in situ measure-
ments data, it can be seen that SCTC method makes improve-
ment on wave parameters than SWIM products.

In order to visualize the improvement of the SCTC method in
wave spectrum, we select two NDBC buoys which numbered
44005 and 44025, and compare their wave spectra with that of
SWIM products and the SCTC method. The results are shown in
Figs 9 and 10.

From Figs 9 and 10, we can see that the SWIM products and

Table 2. The comparison results on November 26, 2019
SWH/m

anoswi DWAL/m DWAD/(°)

AanopwAL Anopwap
Buoy 3.62 - 275.90 - 110.00 -
SWIM products 3.89 7.46% 164.91 40.23% 114.37 3.97%
SCTC results 3.85 6.35% 268.07 2.84% 108.54 1.33%

Note: SWIM: surface waves investigation and monitoring; SCTC: spectral classification-threshold control; SWH: significant wave height;
DWAL: dominant wavelength: DWAD: dominant wave direction. — represents no data.

Table 3. The comparison results on December 9, 2019

SWH/m anoswn DWAL/m anopwar DWAD/(°) anopwan
Buoy 1.85 - 107.45 - 105.00 -
SWIM products 2.04 10.27% 154.91 44.17% 136.90 30.38%
SCTC results 1.81 2.16% 113.92 6.02% 110.72 5.45%

Note: SWIM: surface waves investigation and monitoring; SCTC: spectral classification-threshold control; SWH: significant wave height;
DWAL: dominant wavelength: DWAD: dominant wave direction. — represents no data.
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Fig. 9. The wave spectra of surface waves investigation and monitoring (SWIM) products (a), spectral classification-threshold control
(SCTC) method (b) and national data buoy center (NDBC) Buoy 44005 (c). Titles of subfigures represent the time of the wave
spectrum, “lon” and “lat” represent longitude and latitude of the wave spectrum, respectively, and x and y axes represent the
wavenumbers. The gray concentric circles represent different wavelengths, and the wavelengths of the same concentric circles are
equal. The line through the center represents different wave directions from 0° to 360°; the colors in the figure represent the spectral
size (~m?) of the corresponding region.
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Fig. 10. The wave spectra of surface waves investigation and monitoring (SWIM) products (a), spectral classification-threshold
control (SCTC) method (b) and national data buoy center (NDBC) Buoy 44025 (c). Titles of subfigures represent the time of the wave
spectrum, “lon” and “lat” represent longitude and latitude of the wave spectrum, respectively, and x and y axes represent the
wavenumbers. The gray concentric circles represent different wavelengths, and the wavelengths of the same concentric circles are
equal. The line through the center represents different wave directions from 0° to 360°; the colors in the figure represent the spectral

size (~m2) of the corresponding region.

SCTC method results are consistent with the NDBC buoy results
in the main characteristics, but in the along-track direction,
SWIM products have some abnormal noises to be denoised in
Fig. 9 and SWIM products have a large number of missed data
caused by excessive denoising in Fig. 10, while the SCTC method
don’t have these problems.

4.3 Batch study of SCTC method products

To verify and analyze the SCTC method more accurately, the
SCTC method is applied to many data, and wave parameters of
the SCTC method and SWIM products are compared with WW3
products in batches.

The referenced data are 2D directional wave spectra of WW3
products from May 1, 2019, to April 30, 2020. The SCTC method
and SWIM products are then matched with the referenced data,
and the wave parameters of all matched data are calculated. A
batch comparison of wave parameters is performed between
them.

Using SWH as an example mentioned above, the difference in
the SWH error ratio between the SCTC method and SWIM pro-
ducts is as follows:

ano = anoswiv — Anoscrc, ®)
where ano is the difference in the SWH error ratio between the
SCTC method and SWIM products (Fig. 11).

Figure 11 shows that 82.1% of the difference in the SWH error
ratio is positive. Additionally, the standard deviation of the SWH
error ratio of SCTC method products is 6.889 6, whereas that of
SWIM products is 6.997 7. This means that SCTC method pro-
ducts outperform SWH in terms of accuracy and stability.

Figure 12 shows the difference in DWAL error ratio between
the SCTC method and SWIM products.

According to Fig. 12, 54% of the difference in DWAL error ra-
tio is positive and the sum of difference is 11.01%. In other words,
SCTC method products have little improvement in accuracy over
DWAL.

Figure 13 shows the difference in DWAD error ratio between
the SCTC method and SWIM products.

According to Fig. 13, 51.2% of the difference in DWAD error
ratio is positive and the sum of differences is 2.25%. The stand-
ard deviation of DWAD error ratio of SCTC method products is
131.189 7, whereas that of SWIM products is 131.760 3. This
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Fig. 11. Difference in the significant wave height (SWH) error ra-
tio between the spectral classification-threshold control (SCTC)
method and surface waves investigation and monitoring (SWIM)
products. The abscissa represents the 2D directional wave spec-
trum sequence involved in comparison, and the ordinate repres-
ents difference between SCTC method products and SWIM
products (ano) in Eq. (8). A positive ordinate means the 2D direc-
tional wave spectrum of SCTC method products is closer to the
referenced data than the SWIM products, whereas a negative or-
dinate indicates the opposite.
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Fig. 12. Difference in dominant wavelength (DWAL) error ratio
between the spectral classification-threshold control (SCTC)
method and surface waves investigation and monitoring (SWIM)
products. The abscissa represents the 2D directional wave spec-
trum sequence involved in comparison, and the ordinate repres-
ents difference between SCTC method products and SWIM
products (ano) in Eq. (8). A positive ordinate means the 2D direc-
tional wave spectrum of SCTC method products is closer to the
referenced data than the SWIM products, whereas a negative or-
dinate indicates the opposite.

means that SCTC method products have little improvement in
accuracy and stability over DWAD.

5 Conclusions

In this study, we propose the SCTC method for calculating
speckle noise using data from L1b and L2 of the SWIM version
5.1.2 from May 1, 2019, to April 30, 2020. The calculated noise is
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Sequence of wave spectra

Fig. 13. Difference in dominant wavelength (DWAD) error ratio
between the spectral classification-threshold control (SCTC)
method and surface waves investigation and monitoring (SWIM)
products. The abscissa represents the 2D directional wave spec-
trum sequence involved in comparison, and the ordinate repres-
ents difference between SCTC method products and SWIM
products (ano) in Eq. (8). A positive ordinate means the 2D direc-
tional wave spectrum of SCTC method products is closer to the
referenced data than the SWIM products, whereas a negative or-
dinate indicates the opposite.

applied to L1b products to obtain 2D directional wave spectra
without noise.

The background speckle noise and SNDBR are calculated
separately. The background speckle noise is calculated by estab-
lishing an empirical formula for the direction with the least wave
information in the fluctuation spectrum. The fluctuation spec-
trum is then classified based on latitude, sea surface condition,
and WS, and the fluctuation spectrum of each type is averaged
and filtered using a rational transfer function to obtain real wave
information and the NR threshold. Finally, SNDBR can be calcu-
lated.

SWIM products use quadratic polynomial fitting on fluctu-
ation spectra to calculate SNDBR, which resulted in the above-
mentioned excessive along-track denoising method. Meanwhile,
the result of the quadratic polynomial fitting lacks representat-
iveness for some fluctuation spectra with abnormally large noise,
which will cover the real wave information around. Three major
improvements have been made to the SCTC method to address
these problems. They use a large time-space window to calculate
real wave information and propose NR control to obtain SNDBR.

The advantages of SCTC method in denoising were con-
firmed by case study of SCTC method. One case was selected to
calculate the denoising results of SCTC method and compare
them with SWIM products and WW3 products. Then, the advant-
ages were confirmed once again by the comparison between in
situ data from NDBC buoys, SCTC method results and SWIM
products. In the comparison, SCTC method results perform good
in all three wave parameters while SWIM products need some
improvements especially in the DWAL. Meanwhile, in the com-
parison of wave spectra, the improvement of SCTC method in ex-
cessive denoising and the inability of some abnormal noises to be
denoised is highlighted.

The batch comparison of 2D directional wave spectra and
wave parameters reveal that the SCTC method outperforms the
SWH in terms of accuracy and stability. It also has little improve-
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ment in terms of accuracy and stability over DWAL and DWAD.
According to the batch comparison, the SCTC method has few
large deviations in the calculation of SWH, indicating that the
SCTC method has room for improvement in the denoising of
some outliers, which awaits further research.
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