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Phenological Characteristics of the Yellow Sea Spring Bloom:
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Abstract

The phenological characteristics of the spring phytoplankton bloom in the mid- and high-
latitude oceans, including its initiation, duration, and intensity, can be assessed using
various diagnostic methods. However, there is currently a lack of systematic comparisons
among these different methods. To elucidate the differences in spring bloom characteristics
derived from different approaches and to identify suitable methods for shelf seas, this
study comprehensively compares and evaluates the multiple methods for characterizing
the spring bloom in the central Yellow Sea, based on satellite-derived chlorophyll-a (Chl-a)
data from 2003 to 2020. The methods examined include concentration threshold (CT),
cumulative concentration threshold (CCT), rate of change (RoC), and curve-fitting methods
for determining bloom initiation; threshold and symmetric methods for estimating duration;
and peak, mean, integral, and relative intensity index methods for assessing intensity. The
results show that the bloom initiation determined by the CT method occurs earliest (average:
Day of Year (DOY) 64), whereas the RoC method identifies a notably later initiation (average:
DOY 100), approximately 40 days later. The CCT method yields an intermediate bloom
initiation (average: DOY 70), with minimal interannual variability. Notably, curve-fitting
methods often produce outliers (e.g., DOY 1) due to the fluctuations in Chl-a time series
during winter. The threshold method yields a shorter bloom duration (average: 70 days),
while the symmetric method results in a duration of more than 10 days longer. The
four intensity assessment methods indicate that bloom intensity initially increased and
subsequently decreased from 2003 to 2020, but the peak year varies depending on the
method used. Overall, the CCT, symmetric, and relative index methods are more suitable
for the Yellow Sea, as their computational results exhibit fewer outliers and relatively low
standard deviations. The interannual variations in spring bloom characteristics assessed
by different methods display distinct patterns and weak correlations, indicating that
methodological choices can lead to divergent interpretations of spring bloom dynamics.
Therefore, it is essential to carefully select methods based on research objectives and
dataset characteristics.

Keywords: spring bloom; phytoplankton; satellite; yellow sea

Remote Sens. 2025, 17, 3106 https://doi.org/10.3390/rs17173106
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1. Introduction

Phytoplankton, as primary producers in marine ecosystems, account for approxi-
mately half of global primary productivity. Variations in their biomass significantly influ-
ence global marine biogeochemical cycles [1-5]. In temperate and subpolar seas, seasonal
changes in biomass are primarily driven by fluctuations in light availability and nutri-
ent supply, resulting in seasonal phytoplankton blooms. Among these phenomena, the
spring phytoplankton bloom (hereafter referred to as the spring bloom), characterized by
a substantial increase in phytoplankton populations, was one of the earliest recognized
marine phenomena [6] and continues to be a prominent feature of the annual phytoplank-
ton biomass cycle [7-9]. The bloom has a significant impact on ecosystem energy flow
and further influences the growth and reproduction of fish and other higher-trophic-level
organisms [10-12]. Therefore, investigating and elucidating the phenological characteris-
tics and variations in the spring bloom is essential for understanding marine ecosystem
dynamics [8,13].

Recent advancements in satellite remote sensing have greatly expanded the spatial
coverage and temporal range of marine data, significantly enhancing research on spring
blooms [14-18]. Analyzing continuous satellite-derived sea surface chlorophyll-a (Chl-a)
data is a key pathway for diagnosing spring bloom characteristics. However, different stud-
ies employ varying methods and criteria when quantifying seasonal bloom features [19,20].
For instance, Siegel et al. [21] defined the initiation of the North Atlantic bloom as the
point at which Chl-a concentrations exceeded by 5% of the annual median. In contrast,
Niu et al. [17] established a threshold of the annual median plus 15% to determine the
initiation of the spring bloom in the South Yellow Sea. Ueyama et al. [22], in their study of
seasonal blooms in the North Atlantic, utilized a sigmoidal curve fit to cumulative Chl-a
variance time series to identify bloom initiation and termination. Meanwhile, Zhai et al. [23],
investigating phytoplankton bloom phenology in the Northwest Atlantic, employed Gauss
curve fitting to analyze Chl-a concentrations for assessing bloom characteristics and interan-
nual variations. Brody et al. [24], using satellite Chl-a data, compared three methods—rate
of change, concentration threshold, and cumulative concentration threshold—for deter-
mining the initiation of the spring bloom in the North Atlantic and reported significant
discrepancies (up to 20 days) among the results. This highlights the potential for differ-
ent diagnostic methods to yield varying conclusions in studies of seasonal blooms. Key
characteristics of the spring bloom include initiation, duration, and intensity [13,17,25,26],
each of which can be evaluated using multiple calculation methods. However, there is
a notable lack of comprehensive summarizations and comparisons of these diagnostic
methods. Thus, the differences and limitations among these methods have not been fully
understood yet.

This study aims to elucidate the differences in the characteristics of spring bloom
obtained by various methods and to identify a suitable method for a typical shelf sea—the
Yellow Sea (Figure 1). First, we systematically reviewed the primary methods currently
employed for diagnosing spring bloom characteristics. Subsequently, we applied these
multiple methods to calculate bloom initiation, duration, and intensity in the central Yellow
Sea using satellite Chl-a data in order to assess the differences and consist in spring bloom
characteristics. Finally, we conducted a comparative analysis of the results obtained from
different methods, highlighting their respective strengths and limitations. Our findings
may serve as a valuable reference for future research on spring bloom phenology.
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Figure 1. Topography of the Yellow Sea. The gray solid lines represent isobaths (in meters), and the
shaded area indicates the study region (34-36°N, 123-125°E).

2. Study Area

The Yellow Sea, a typical temperate shelf sea located in the western Pacific Ocean,
spans an area of approximately 380,000 km? with an average depth of 44 m (Figure 1). The
spring bloom is one of the most significant phenomena in the annual cycle of phytoplankton
in the Yellow Sea, accounting for approximately 40% of the Yellow Sea’s annual primary
productivity [27] and exerting a considerable impact on its fishery resources. Existing
studies suggest [28-30] that the spring bloom in the Yellow Sea typically commences in
March and concludes in early May, with a peak occurring in April. However, variations in
physical conditions and nutrient availability lead to interannual variability in the character-
istics of the bloom [29]. Several methods—including the concentration threshold method,
cumulative concentration threshold method, Gauss curve fitting, and sigmoidal curve
fitting—have been employed to determine bloom initiation in the Yellow Sea [15,25,29,31].
For example, Shi et al. [25] utilized the cumulative concentration threshold method to
identify the initiation of the spring bloom in the central South Yellow Sea, while also em-
ploying the Peak Method and symmetric method to estimate bloom intensity and duration.
Liu et al. [15] determined bloom initiation and termination by fitting a sigmoidal curve to
Chl-a time series and assessed bloom intensity using a relative intensity index. Meanwhile,
Kim et al. [31] applied Gauss curve fitting in their investigation of phytoplankton blooms
in the South Yellow Sea to define bloom initiation. These studies illustrate that various
methods have been utilized to characterize the spring bloom in the Yellow Sea; however,
their consistency and discrepancies have yet to be thoroughly examined.

3. Materials and Methods

This section summarizes the primary computational methods for diagnosing bloom
characteristics, with a focus on three key characteristics: bloom initiation, duration,
and intensity.
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3.1. Bloom Initiation

Common methods for determining bloom initiation using Chl-a time series mainly
include the concentration threshold method, cumulative concentration threshold method,
curve-fitting method, and rate of change method (Table 1).

3.1.1. Concentration Threshold Method (CT)

The concentration threshold method (hereafter referred to as the CT Method) identifies
the initiation of blooms by establishing a specific threshold concentration of Chl-a. The
bloom initiation is designated when Chl-a levels surpass this threshold [24]. However,
the selection of concentration thresholds varies among studies. A prevalent method is to
define the threshold as a percentage of the annual median Chl-a concentration [21,32-35].
For instance, Siegel et al. [21] established the threshold at 5% above the annual median
Chl-a concentration (i.e., threshold = annual median x 105%) in their investigation of the
North Atlantic spring bloom using satellite data (hereafter referred to as the CT-S Method).
They tested thresholds ranging from 1% to 30% above the median and found minimal
differences in the resulting outcomes. This method is regarded as a reliable indicator for
bloom initiation, as it effectively captures the initial growth phase of blooms rather than
relying solely on peak concentrations [21]. Henson et al. [32,33] enhanced this method by
requiring that Chl-a concentrations remain above the threshold for three consecutive days to
mitigate the effects of short-term extreme events (hereafter referred to as the CT-H Method).
Brody et al. [24] utilized a similar method but with a modification: they began from the
annual maximum Chl-a concentration and searched backward to identify the first instance
where Chl-a exceeded the threshold, provided it was preceded by two consecutive days
of sub-threshold concentrations (hereafter referred to as the CT-B Method). Some studies
have employed fixed empirical Chl-a concentration values as thresholds. For example,
Fleming et al. [36] defined the initiation of the spring bloom in the Baltic Sea as occurring
when Chl-a concentrations first exceeded 5 ug L~!. However, due to significant regional
variations in baseline Chl-a levels, this fixed-threshold method lacks universality [32].

Table 1. An overview of methods for calculating bloom characteristics (more details in Section 3).
Threshold = 105% of the median annual Chl-a concentration.

Bloom Characteristics Method Principle Reference
CT-S When the concentration of Chl-a first exceeds the threshold. [21]
When the concentration of Chl-a exceeds the threshold for
CT-H three consecutive days, the first day of these three days [32,33]

is selected.
When Chl-a first exceeds the threshold following two

CT-B consecutive days of values below this threshold (searching [24]
backward from the peak).
When the daily integrated Chl-a concentration reaches 25%
CCeTX of the total integration from January to August. [25,37,38]
Initiation Consistent with CCT-X, but the starting point for the
CCT-Y integration is the date of minimum Chl-a concentration [24]
rather than DOY 1.
RoC The point at which the rate of chapge in Chl-a (dChl-a/dt) [24,39]
reaches its maximum.
Based on the time series of Chl-a fitted using a Gauss model,
Gauss curve-fitting  initiation was defined as t_Peak — 20 (the peak time and [40]
standard deviation of the Gauss fitting curve, respectively).
Sigmoidal The point at which the slope of the sigmoidal fitting curve [22]
curve-fitting first equals 20% of the maximum slope.
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Table 1. Cont.

Bloom Characteristics Method Principle Reference
The bloom ends when the Chl-a concentration falls below
. Threshold the threshold for the first time after reaching its peak. The [17,19]
Duration L. . e e . ..
duration is the period from its initiation to its termination.
Symmetric Twice the interval between bloom initiation and peak. [25]
Peak Peak concentration of Chl-a during the bloom. [13,28,29]
Integral The integral value of Chl-a con.centratlon during the [41]
Intensity bloom duration.
Mean The average Chl-a concentration during the bloom duration. [41]

The ratio of the mean Chl-a concentration during the bloom

period to the non-bloom period. [22]

Index

3.1.2. Cumulative Concentration Threshold Method (CCT)

The cumulative concentration threshold method (hereafter referred to as the CCT
Method) involves integrating the Chl-a concentration time series, with bloom initiation
defined as the point at which the integrated Chl-a value exceeds a specified threshold (CCT-
X Method) [24,37,38]. This threshold is typically established as a percentage of the total
cumulative Chl-a biomass. For example, Shi et al. [25] aggregated daily Chl-a concentration
data from January to August and proposed that the initiation of spring blooms occurs when
the cumulative value exceeds 30% of the total Chl-a biomass. Brody et al. [24] modified the
preprocessing step of this method by utilizing the minimum value in the Chl-a time series
as the starting point (before the peak occurs) for integration (CCT-Y Method), a process
referred to as “series offset.” The authors suggested that for subtropical regions, the optimal
threshold for bloom initiation falls within the 10-15% range, while for subpolar regions, a
threshold of 15-20% is more appropriate. In this study, we observed minimal sensitivity to
threshold selection and consequently adopted a 25% threshold.

3.1.3. Curve-Fitting Methods

When employing curve-fitting methods to determine bloom initiation, it is essential to
select an appropriate fitting function based on the characteristics of the Chl-a time series,
including its waveform pattern. Commonly used fitting functions include Gauss and
sigmoidal functions.

1. Gauss fitting method

Yamada and Ishizaka introduced a method for characterizing phytoplankton blooms
based on a Gauss curve, which they applied to the analysis of spring blooms in the Japan
Sea [40]. This method has since been utilized by numerous researchers to investigate bloom
characteristics across various marine regions [31,42-44]. The fitting equation is given by:

B(t) = By + Peak x exp [- (t — t_Peak)?/(20?)] 1)

where By represents the background Chl-a concentration (mg/m?), t_Peak indicates the
timing of peak Chl-a concentration (in days), and Peak denotes the maximum Chl-a con-
centration in the fitted curve. B(t) is the fitted Chl-a concentration at time ¢, and ¢ is the
standard deviation of the Gauss curve, which defines the width of the peak [25]. The bloom
initiation is defined as the time when t = t_Peak — 20.

2. Sigmoidal fitting method

Ueyama and Monger [22] developed a method based on cumulative variance and a
sigmoidal curve to explore the relationship between bloom initiation/intensity and wind
forcing in the North Atlantic (10°N-70°N, 90°W-10°E). The processing workflow involves
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the following steps: (1) applying a three-point median filter to Chl-a data for outlier
removal; (2) performing gap-filling using linear interpolation; (3) temporally aligning the
time series to center the most pronounced seasonal bloom (i.e., positioning the peak at
the midpoint of the series); (4) applying three-point smoothing to the processed Chl-a
data, followed by the calculation of 5-day moving window variances centered on each
daily observation; and (5) cumulatively summing the resulting variance time series. The
cumulative variance time series is then fitted with a sigmoidal function:

fH)=C1/(1.0+exp (Co — Cst)) + Cy 2)

where t represents time (in days) and C;—Cy are fitting coefficients. Bloom initiation is
defined as the time when the curve’s slope reaches one-twentieth of its maximum slope.

3.1.4. Rate of Change Method (RoC)

Alternative methods for determining bloom initiation utilize thresholds based on
rates of chlorophyll variation. For example, Sharples et al. [39] identified the initiation of
spring blooms as the timing of the maximum daily Chl-a variation rate in surface waters,
suggesting that the period of most rapid biomass accumulation marks the initiation of
blooms. Brody et al. [24] refined this method by first processing Chl-a time series using
Harmonic Analysis of Time Series coupled with Fast Fourier Transform (HANTS-FFT) [45],
subsequently identifying the time point of the maximum rate of change (referred to as the
Rate of Change (RoC) Method). This preprocessing constrains the initiation to occur prior
to Chl-a peaks, thereby minimizing the potential for anomalous detections [24].

More complex statistical techniques have also been employed. Friedland et al. [46]
utilized the Sequential T-test Analysis of Regime Shifts (STARS) [45,47,48] to investigate
the dynamics of spring blooms and zooplankton biomass responses in the Northeast U.S.
continental shelf ecosystem. This method identifies abrupt changes in Chl-a time series to
determine bloom initiation, termination, and duration. While some studies have utilized
relationships between phytoplankton growth and respiration rates or other biological
indicators for bloom detection [49], the present study focuses exclusively on Chl-a time
series analyses, thus excluding these alternative methods.

3.2. Bloom Duration

Bloom duration is defined as the time interval from the initiation to the termination of a
phytoplankton bloom. While bloom initiation can be determined using the aforementioned
methods, accurately identifying bloom termination is crucial for calculating bloom duration.
Two primary methods exist for determining termination time: the first employs the same
concentration threshold method used for identifying bloom initiation (termed the threshold
method) [17,19]; the second approximates termination time as the point symmetric to the
initiation time relative to the chlorophyll peak [25], whereby bloom duration is calculated
as twice the interval from bloom initiation to peak time (termed the symmetric method).

3.2.1. Threshold Method

Several studies have utilized threshold criteria analogous to those applied for bloom
initiation to ascertain bloom termination, thereby determining the total duration of the
bloom. A notable example is the method employed by Racault et al. [19], who estab-
lished a consistent threshold at 5% above the annual median chlorophyll concentration
to identify both bloom initiation and termination, subsequently calculating the overall
bloom duration.
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3.2.2. Symmetric Method

The symmetric method is particularly well-suited for the Gauss and sigmoidal fitting
techniques described in Section 3.1.3, as both fitting curves exhibit symmetry around the
central point of the time series. Consequently, the bloom initiation and termination times
determined by these fitting functions are also symmetric about this central point. In the
Gauss fitting method, bloom initiation is defined as the time corresponding to t_Peak — 20,
while termination corresponds to t_Peak + 20, resulting in a total bloom duration of 4c [25].
For the sigmoidal fitting method, bloom initiation and termination are identified as the
time points when the curve’s slope reaches one-twentieth of its maximum slope, with the
interval between these points constituting the bloom duration [15].

3.3. Bloom Intensity

Bloom intensity is commonly employed to characterize the magnitude of phytoplank-
ton blooms. Three primary computational methods exist: (1) utilizing the peak Chl-a
concentration during the bloom period as the intensity metric; (2) deriving intensity from
either the mean or integrated Chl-a concentration over the bloom duration; and (3) calcu-
lating a relative intensity index.

3.3.1. Peak Method

Platt et al. [13] defined bloom intensity as the maximum Chl-a concentration within
the bloom period in their investigation of North Atlantic spring blooms. This method neces-
sitates the identification of either the observed peak concentration or the fitted maximum
value from previously described curve-fitting methods, with the magnitude of this peak
serving as the intensity measure [28,29].

3.3.2. Integral/Mean Method

An alternative method quantifies intensity through either integrated Chl-a concentra-
tion (the summation of daily spatial average Chl-a concentrations over the bloom duration)
or mean concentration. The integral method, sometimes referred to as “bloom magni-
tude” [41], inherently incorporates both bloom duration and Chl-a concentration levels,
thereby providing a comprehensive assessment of bloom conditions while reducing sen-
sitivity to extreme events. However, some studies contend that biomass concentration
alone better reflects bloom intensity, leading to the preference for mean Chl-a concentration
(integrated concentration divided by the duration in days) as the preferred metric [41].

3.3.3. Relative Intensity Index

Ueyama and Monger [22] developed a relative intensity index (hereafter referred to as
the Index Method), defined as the ratio of mean Chl-a concentration during bloom versus
non-bloom periods. This index effectively normalizes spatial and interannual variability in
background Chl-a levels, providing a more standardized measure of intensity [15,22].

3.4. Data Sources

The study employed Chl-a data from the Yellow Sea, derived from a moderate reso-
lution imaging spectroradiometer (MODIS) remote sensing reflectance dataset covering
the period from 2003 to 2020. This dataset was developed by Wang et al. [50] using a Gen-
eralized Additive Model (GAM) algorithm, which has been rigorously validated against
a comprehensive set of in situ measurements, demonstrating high accuracy. This high
level of accuracy is further supported by its extensive application in research related to the
Yellow Sea [51-53]. The original dataset featured a temporal resolution of 7 days, which we
processed using linear interpolation to achieve daily resolution while maintaining a spatial
resolution of approximately 4 km x 4 km.
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The study utilized the climatological mean Chl-a to quantify the climatological char-
acteristics of the spring bloom. Climatological mean values were calculated by averaging
the Chl-a of each day from 2003 to 2020. Subsequently, the daily Chl-a concentration of the
climatological mean was used to represent the climatological seasonal variation in Chl-a
and to diagnose the climatological characteristics of the spring bloom in the Yellow Sea.

3.5. Correlation Analysis

To investigate the relationships between different characteristics calculated using vari-
ous methods, a correlation analysis was conducted on the bloom initiation, intensity, and
duration derived by these methods. The Pearson correlation coefficient (r) was employed
to quantify the strength of the correlations between the variables; an absolute value of r
closer to 1 indicates a stronger correlation between the two variables. The p-value from the
t-test was used to assess the significance level of the correlations, with p < 0.05 indicating a
statistically significant relationship between the variables.

4. Results

Based on the aforementioned diagnostic methods, we conducted comprehensive
analyses of the bloom initiation, duration, and intensity in the central Yellow Sea (indicated
by the shaded area in Figure 1) using satellite-derived Chl-a data. To minimize potential
interference from autumn blooms (September-December) [29], our analysis exclusively
utilized Chl-a concentration data from January to August for the central Yellow Sea region.

In our analysis, we found that the CT-H Method produced results nearly identical to
those of the CT-S Method. This similarity is likely attributable to the tendency of Chl-a
concentrations to remain above the threshold for several subsequent days in our dataset
once they exceeded it. This observation may be linked to the relatively low temporal
resolution (7 days) of the original Chl-a data. Consequently, the CT-H Method was not
employed in subsequent calculations.

4.1. Bloom Initiation of the Yellow Sea

We employed four distinct methods—the CT Method, CCT Method, RoC Method,
and curve-fitting methods (Gauss and sigmoidal)—to systematically assess the initiation
of spring blooms in the central Yellow Sea. In particular, since the minimum values of
the Chl-a time series occur on DOY 1, both the CCT-X and CCT-Y methods yield identical
results. Therefore, we represent the results using the “CCT Method” in Figure 2.

Analyses of climatological mean Chl-a time series revealed significant methodologi-
cal discrepancies, with differences in bloom initiation estimates exceeding three months
(Figure 2). The CT-S Method indicated the earliest bloom initiation on Day of Year (DOY)
28, while its modified version (CT-B Method) delayed detection by 12 days (Figure 2a), yet
still exhibited substantial divergence from the other methods. Both implementations of the
CCT Method consistently identified DOY 70 as the initiation date (Figure 2 b). The RoC
Method produced the latest initiation estimates (DOY 93), while the Gauss and sigmoidal
fittings yielded intermediate values of DOY 81 and DOY 77, respectively.

Interannual variability analysis (Table 2) indicated that the CT-S Method produced
anomalously early initiation estimates (mean: DOY 17). Given that peak Chl-a concentrations
typically occur in April (averaging around DOY 111), we imposed an additional constraint in
the CT-B Method by limiting the peak detection window to DOY 75-130 (late March to early
May). This temporal constraint effectively filtered out spurious chlorophyll maxima occurring
outside the typical spring bloom period, thereby enhancing the phenological relevance of the
identified initiation. The CT-B Method yielded significantly later initiation estimates compared
to the CT-S Method (mean: DOY 68 vs. 17), but with an 8-day larger standard deviation,
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indicating greater interannual variability in the results. This underscores the influence of
threshold selection criteria in the CT Method on bloom initiation estimates. The CCT-X
Method exhibited notable temporal stability (mean: DOY 70 =+ 8), with minor adjustments
(CCT-Y, mean: DOY 75 =+ 8) observed when employing series offset initialization.
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Figure 2. The calculated results of bloom initiation are presented, with diamonds indicating the
initiation and termination of blooms; the shaded area between markers represents bloom duration.
(a) The CT, RoC, and Gauss fitting method and (b) the CCT method and sigmoidal fitting method.
The gray dashed line in (a) denotes the threshold value established by the CT Method.

Table 2. The calculated bloom initiation (in days) presents results from four methods: CT-S and CT-B
represent the CT Method as implemented by Siegel et al. [21] and Brody et al. [24], respectively, while
CCT-X and CCT-Y denote the CCT Method applied to the original time series and offset time series,
correspondingly. o represents the standard deviation.

Years CT Method CCT Method RoC Method Curve-Fitting Methods
CT-S CT-B CCT-X CCT-Y Gauss Sigmoidal
2003 13 68 72 72 95 83 44
2004 1 76 58 83 1 —18 1
2005 26 69 74 77 100 93 81
2006 13 60 74 74 142 117 92
2007 16 34 68 68 91 87 83
2008 11 46 79 86 91 83 80
2009 29 72 73 73 108 97 64
2010 20 32 55 55 120 —25 37
2011 40 81 85 85 106 101 96
2012 23 94 75 75 112 104 37
2013 33 86 73 78 112 106 101
2014 1 79 64 80 1 -11 50
2015 13 47 64 64 108 104 102
2016 25 44 75 80 24 64 1
2017 1 86 59 67 97 83 1
2018 1 42 68 84 106 101 100
2019 11 53 66 66 96 52 38
2020 22 74 75 79 83 82 10
Mean + o 17 £ 11 64 + 19 70 £8 75+ 8 89 £+ 39 72 +43 57 £36
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The results from the RoC Method (mean: DOY 89, or DOY 100 when excluding outliers
from 2004 and 2014, Table 2) consistently aligned with the peak timing of chlorophyll
concentrations (mean: DOY 111), which is significantly later than the estimates from other
methods. The curve-fitting methods demonstrated the highest interannual variability in
bloom initiation estimates, with Gauss and sigmoidal fittings exhibiting substantially greater
standard deviations (43 and 36 days, respectively) compared to the other methods. These
estimates also deviated significantly from climatological mean values. The performance of
both fitting algorithms was particularly compromised in years characterized by multiple
short-lived bloom events (e.g., 2014, 2016, and 2017), where increased variability in Chl-a time
series hindered successful curve convergence, rendering initiation identification ineffective.
Additionally, the Gauss fitting method produced non-physical negative initiation values in
certain years, an artifact resulting from compressed inter-bloom intervals that led to excessively
broad fitted peaks extending beyond the temporal domain of the time series. Collectively,
these limitations suggest that curve-fitting methods are more suitable for analyzing smoothed
climatological data than for investigating interannual variability in spring bloom phenology.

In summary, comparative analysis indicates that while the CT-B Method and CCT
Method yield comparable mean initiation estimates, the former exhibits greater interannual
variability. The late initiation estimates from the RoC Method and the excessive variability
from the curve-fitting methods limit their applicability for interannual studies.

We conducted a correlation analysis on the results presented in Table 2 (Figure 3),
excluding years with outliers (e.g., 2004, 2014) to mitigate their influence on the analysis.
The results revealed positive correlations among methods based on the same framework.
Specifically, the variants CT-S and CT-B of the CT Method exhibited a significant correlation
(r=0.7,p <0.01), as did the variants CCT-X and CCT-Y of the CCT Method (r = 0.94, p < 0.01).
The high correlation observed among different implementations of the CCT Method indicates
that time series offset adjustments have a minimal impact. Consequently, we excluded series
offsets from subsequent analyses. Significant positive correlations were also found between
the CT-B Method and the CCT-X Method, as well as between the results of the Gauss fitting
and RoC Method. No significant correlations were detected among other methodological
pairs. These findings underscore the importance of the chosen analytical method, which
can significantly influence the derived interannual variability patterns in bloom initiation,
potentially leading to varying ecological interpretations depending on the selected method.
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Figure 3. Correlation among different bloom initiation quantification methods. The data is sourced
from Table 2. CT-S and CT-B represent the CT Method as implemented by Siegel et al. [21] and
Brody et al. [24], respectively, while CCT-X and CCT-Y denote the CCT Method applied to the original
time series and offset time series, correspondingly.
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4.2. Bloom Duration of the Yellow Sea

This section utilized both the symmetric method and the threshold method to calculate
the climatological mean duration of spring blooms in the central Yellow Sea from 2003
to 2020 (Figure 2). Analysis of climatologically averaged Chl-a data revealed method-
dependent variations in bloom duration estimates: the symmetric method yielded 87 days,
the threshold method produced 99 days, the Gauss fitting resulted in 80 days, and the
sigmoidal fitting provided the shortest estimate of 73 days. The maximum inter-method
discrepancy was one month, with the threshold method generating the longest durations
and sigmoidal fitting yielding the shortest.

The analysis of interannual variability (Figure 4), which excluded curve-fitting meth-
ods due to their susceptibility to outliers (Section 4.1), demonstrated that durations derived
from the threshold method exhibited the lowest variability (mean: 71 & 21 days). When
using initiation dates determined by the CT-B Method, the symmetric method produced
substantially longer duration estimates (mean: 92 & 38 days), representing a 17-day increase
compared to direct threshold method calculations (« in Figure 4), along with greater inter-
annual fluctuations. For initiations derived from the CCT-X Method, symmetric method
durations averaged 80 + 26 days, differing by more than 10 days from other estimates. A
significant correlation was observed between the threshold and symmetric methods for
identical initiation dates (r = 0.87, p < 0.001), although the threshold method exhibited a
standard deviation that was 17 days lower. No significant correlations were found when
comparing durations derived from different initiation methods.

200 4 Mean+o
- a-Threshold method 71421

180
- B-Symmetric method 92+28

160 - y-Symmetric method 80+26

140
120

100

Duration/days

80
60 -
40 4

20
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2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020

Figure 4. Estimates of bloom duration (in days) by the three methods. Bars labeled « and 3 were
derived using the initiation from the CT-B method (Table 2) along with the threshold and symmetric
methods, respectively, while bars labeled y were derived using the initiation from the CCT-X method
(Table 2) along with the symmetric methods. o represents the standard deviation of the values across
all years.

4.3. Bloom Intensity of the Yellow Sea

This section employed four methods to quantify bloom intensity: the Peak Method,
Integral Method, Mean Method, and Index Method. The latter three methods required
bloom duration inputs, which were calculated using the three distinct duration estimates
presented in Figure 4, with results visualized in Figure 5.
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Figure 5. Bloom intensities of the spring bloom in the central Yellow Sea calculated by the four
methods. Subfigures (a-d) correspond to the Peak, Mean, Index, and Integral Methods, respectively.
Additionally, «, 3, and y denote the duration metrics specified in Figure 4 that are employed for the
intensity calculations. Durations o and 3 were calculated using initiation data from the CT-B method,
whereas duration y was calculated using initiation data from the CCT-X method.

The interannual variability of bloom intensity exhibited notable differences across
calculation methods. From 2003 to 2006, the Mean and Integral Methods demonstrated
similar patterns of initial increase followed by a decrease and subsequent increase, whereas
the Peak and Index Methods displayed an opposite trend of initial decrease followed by an
increase. From 2007 to 2010, the Peak and Index Methods produced consistent temporal
trends, while the Mean and Integral Methods yielded divergent patterns. After 2014, all
methods indicated an overall declining trend in bloom intensity, with the Index Method
showing the weakest decline. Since the Index Method incorporates both bloom and non-
bloom period Chl-a concentrations, substantial differences in relative intensity indices
may arise even when mean concentrations are similar (e.g., 2013 vs. 2014). While the
Peak, Mean, and Index Methods all identified 2008 as the year of maximum intensity, the
Integral Method indicated 2010 as the peak year. These results demonstrate that, for a given
duration calculation method, different intensity estimation methods can yield substantially
different results, whereas using the same method with varying duration inputs produces
relatively consistent interannual patterns.

Correlation analysis revealed relationships among various methods (Figure 6). The
Peak Method demonstrated significant correlations with the Mean Method, Integral
Method, and Index Method when using durations derived from the threshold method
(o in Figure 4) (r > 0.5, p < 0.05). Additionally, the Integral Method and Index Method
exhibited a strong positive correlation (r > 0.5, p < 0.05). In contrast, for durations calculated
using the symmetric method (f3 in Figure 4), only the Integral Method and Peak Method
maintained a significant correlation (r = 0.58, p < 0.05). Notably, when employing durations
derived from the symmetric method (y in Figure 4), the Mean Method and Index Method
displayed particularly strong correlation (r = 0.85, p < 0.05), but no correlation for other
durations. Overall, for varying duration inputs, intensity values derived from the same
calculation method usually showed high correlation; for example, the three results obtained
from the Integral Method demonstrated significant positive correlations with each other
(all r > 0.5, p < 0.05). However, the correlations between different methods were weak
and non-significant, suggesting that different methods may capture different interannual
variations in spring bloom intensity.
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Figure 6. Correlations of bloom intensities among various methods, with «, 3, and y denoting the
different duration metrics referenced in Figure 4 that were employed in the intensity calculations.
Durations « and (3 were calculated using initiation data of the CT-B method, whereas duration y was
calculated using initiation data of the CCT-X method.

5. Discussion
5.1. Performances of Various Methods

In our study, we summarized the performances of different methods and compiled
them into a table (Table 3). The initiation for the CT-S/H calculation was relatively early
(average of DOY 17) and was significantly influenced by high Chl-a concentrations during
winter. The cause of this issue is explained in detail in Section 5.2. In contrast, the initiation
for the CT-B calculation was noticeably later (approximately 50 days later on average) but
exhibited a larger standard deviation (19 days). The standard deviation for the initiation
calculated using the CCT-X method was the smallest (8 days). The fitting methods (Gauss
and Sigmoidal) were prone to outliers (e.g., values of DOY 1 or negative values) and are
not recommended for use. Regarding duration, although the threshold method produced
a smaller standard deviation (21 days), the symmetric method is more convenient for
calculations. For bloom intensity, the different methods reflect varying characteristics of
phytoplankton biomass (measured as Chl-a) during the bloom period, with further details
presented in Table 3.

Table 3. Features of different calculation methods.

Bloom Characteristics Method Features
While it is straightforward to calculate, this method is also
CT-s significantly affected by elevated Chl-a levels during winter,
resulting in the presence of outliers.
CT-H Similar to the CT-S Method.
In comparison to CT-S/H, the impact of high concentrations of
- CrB Chl-a during winter is relatively mi
Initiation g winter is relatively minor.
CCT-X Relatively stable with few outliers.
CCT-Y Similar to the CCT-X method, but with a more complex calculation.
RoC The calculated results were very late, approaching the time of peak.
c - Restricted by the distribution of the Chl-a time series, outliers (even
auss curve-fitting .
negative values) occur.
Sigmoidal curve-fitting Similar to the Gauss curve-fitting method.
. Threshold Easily calculated, but influenced by the setup of threshold(s).
Duration Symmetric It can be conveniently calculated based on the bloom initiation.
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Table 3. Cont.

Bloom Characteristics Method Features

Not affected by calculations of initiation and duration, but strongly

Peak influenced by extreme values.
) Integral/Mean Reflects the overall levels of Chl-a concentration during bloom
Intensity & periods, but is influenced by the Accuracy of duration calculation.

Accounts for Chl-a concentration during non-bloom periods,
Relative Index thereby providing an estimate of bloom intensity based on the
complete seasonal variation.

5.2. Influence of Winter Chl-a Elevation on the CT Method

The CT Method exhibited anomalous bloom initiation (DOY 1) in specific years (e.g.,
2004, 2014), as illustrated in Table 2. This artifact persisted across a range of threshold
adjustments (5-30% above the median). An analysis of the Chl-a time series for these
years (Figure 7) revealed wintertime peaks that significantly exceeded thresholds, leading
to false initiation signals. Two primary mechanisms account for these elevated winter
values: (1) ephemeral stabilization of the water column under favorable meteorological
conditions may allow minor bloom events to occur, and (2) vigorous winter mixing can
induce sediment resuspension, potentially inflating satellite-derived Chl-a estimates [39].
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Figure 7. Time series of Chl-a in the central Yellow Sea from January to August in 2004, 2014, 2017,
and 2018. The red solid line indicates the concentration threshold. The gray font indicates the
initiation of spring blooms in winter diagnosed by the CT method for the corresponding years in
Table 2.

The supplemental criterion of the CT-H Method, which required sustained threshold
exceedance for three days, proved ineffective, as winter anomalies typically persisted
beyond this duration, yielding results nearly identical to those of the CT-S Method. Con-
versely, the CT-B Method’s backward-search algorithm—initiating from spring bloom
peaks and retroactively identifying threshold crossings—effectively mitigated winter inter-
ference. Therefore, the modified CT Method proposed by Brody et al. [24] demonstrates
superior reliability for detecting bloom initiation.
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5.3. Interrelationships Between Spring Bloom Characteristics

The intrinsic definition of bloom duration as the interval between initiation and ter-
mination establishes a fundamental interdependence with initiation. Correlation analyses
(Figure 8a) reveal significant negative correlations between initiation and duration across
all methods (threshold method with CT-derived initiation [o]: r = —0.91; symmetric method
with CT-derived initiation [(3]: r = —0.90; symmetric method with CCT-derived initiation
[v]: r = —0.76; all p < 0.01), confirming that earlier initiation is consistently associated with
extended bloom durations.
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Figure 8. Correlations among bloom characteristics. (a) Relationships between bloom duration and
intensity /initiation, with duration-«, 3, and y corresponding to the duration metrics in Figure 4,
while initiation-CT-B and CCT-X indicate the initiation points from Table 2. (b) Relationships between
initiation and bloom intensity. The y-axis represents the initiations corresponding to duration-«, f3,
and vy, while the x-axis indicates the bloom intensity calculated using different methods.

The relationship between bloom intensity and duration exhibits substantial method-
ological dependence. For threshold durations («, Figure 8a), both the Integral Method
and Index Method show strong duration dependence (Ir| > 0.5), indicating a significant
influence of temporal extent on intensity metrics (excluding the Peak Method). In contrast,
the Mean Method demonstrates a weaker correlation. However, for symmetric durations
(B and v, Figure 8a), all intensity metrics (Mean, Integral, and Index Methods) exhibit
significant correlations (r > 0.7, p < 0.01). This suggests that when employing the symmetric
method, the calculated results for bloom intensity are more reliant on duration. Notably, for
the relative intensity index method, the duration calculated by either method significantly
affects the intensity calculations (Ir1 > 0.5).

The direct influence of initiation on bloom duration subsequently induces secondary
correlations between initiation and intensity metrics across various methods (Figure 8b).
Notably, initiation dates derived from the CT-B Method demonstrate the strongest asso-
ciation with intensity values obtained from the Integral Method (Ir! > 0.7, p < 0.01). For
instance, in years characterized by early initiation (e.g., 2004, 2014), the intensity measured
by the Integral Method tends to be elevated, primarily due to the extended duration of the
bloom resulting from earlier initiation, which in turn increases the integral value.
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Figure 8 illustrates significant variability in inter-characteristic correlations depending
on the analytical methodology employed for quantifying bloom characteristics. Specifically,
bloom intensities derived from the Index Method exhibit a significant negative correlation
with durations calculated using the CT-B Method (« in Figure 4), while showing a positive
correlation with durations derived from symmetric methods (3 /v in Figure 4). Similarly,
intensities calculated using the Mean Method correlate positively with initiation values
from CCT-X (Table 2), yet show no significant relationship with initiation from CT-B.
These methodological discrepancies highlight how the selection of diagnostic methods
fundamentally influences the interpreted relationships between phenological metrics, with
direct implications for ecological conclusions drawn from bloom characteristic analyses.

The analysis presented above demonstrates strong correlations between the mean,
integral, and index-based intensity methods and the duration of blooms. Based on the
correlations, we conducted linear regressions to examine the relationships among bloom
duration, intensity, and initiation. The results of these regressions are summarized in
Table 4. These linear relations could provide a reference for predicting bloom characteristics
in the Yellow Sea.

Table 4. Linear regression relationships among the characteristics of blooms. Duration-«, 3, and y
correspond to the duration metrics in Figure 4, while initiation CT-B and CCT-X indicate the initiation
points from Table 2. Only significant regression relationships are included.

Duration-a Duration-f3 Duration-y
Initiation-CT-B y = —0.9852x + 133.727 ** y = —1.7705x + 204.6519 **
Initiation-CCT-X y = —2.5442x + 257.224 **
Intensity-Integral y = 0.82024x + 14.0847 ** y = 0.60759x + 24.7294 ** y = 0.47858x + 33.6684 **
Intensity-Mean y = —0.0023191x + 1.1239 * y = —0.0062359x + 1.4479 *
Intensity-Index y = —0.018523x + 3.5654 **
Initiation CT-B () Initiation CT-B (3) Initiation CCT-X (y)
Intensity-Integral y = —0.81034x + 123.9155 ** y = —1.0667x + 148.4955 ** y = —1.0553x + 145.4369 *
Intensity-Mean y = 0.0048841x + 0.5999 * y =0.017888x + —0.29735 *
Intensity-Index y =0.043322x + —0.93355 *

* p < 0.05; *: p < 0.01.

6. Conclusions

This study systematically evaluates three key spring bloom characteristics—initiation,
duration, and intensity—through a comparative analysis of multiple diagnostic methods
applied to the central Yellow Sea.

Initiation calculations exhibit substantial methodological dependence. The unmodified
CT-S Method produced initiation dates that were, on average, 40 days earlier than those
derived from the CT-B Method, albeit with greater variability (o = 19 days). The CCT
Method demonstrated minimal interannual fluctuation (o = 8 days), although results were
sensitive to the initialization of the time series. The RoC Method’s peak-proximity bias
(mean 10-day offset from bloom maximum) limits its applicability in this region. Curve-
fitting methods (Gauss/sigmoidal) displayed excessive variability (o > 35 days) due to
sensitivity to waveform shapes and frequent outlier generation. Collectively, threshold-
based methods (CT-B/CCT-X) offered the most optimal balance between precision and
robustness for determining initiation.

Duration calculations revealed a strong correlation between threshold and symmetric
methods (r = 0.87) when using identical initiation inputs. However, the threshold method
demonstrated superior temporal stability, exhibiting a 17-day lower standard deviation (o).
The duration calculated using the threshold method was the shortest, averaging 70 days,
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while the symmetric method yielded durations that were, on average, more than 10 days
longer than those derived from the threshold method.

In assessing bloom intensity, all analytical methods reveal a consistent interannual
trend of rising and then falling bloom intensity, yet the detailed temporal characteristics
vary among methods. The Peak Method may be influenced by anomalous chlorophyll
peaks resulting from short-term extreme events and is sensitive to the temporal resolution
of chlorophyll data. Despite its unique independence from duration, the Peak Method
maintained significant correlations (|r| > 0.5) with all other intensity metrics. The Mean
Method, Integral Method, and Index Method are all impacted by bloom duration.

For bloom initiation, the CCT-X method is preferred due to the absence of outliers in
the results. Regarding bloom duration, the symmetric method is recommended because
it can be conveniently calculated based on the initiation of the bloom. For assessing
bloom intensity, the relative intensity index method is advisable, as it accounts for Chl-a
concentration during non-bloom periods, thereby offering an estimate of bloom intensity
based on the complete seasonal variation. Additionally, we advise researchers to select the
appropriate calculation method for bloom intensity based on their specific research needs.

Bloom characteristics exhibit interdependencies. An earlier initiation significantly
prolongs bloom duration, which directly affects the calculated intensity of the bloom
(excluding the Peak Method). These relationships exhibit varying characteristics across
different calculation methods, necessitating careful consideration of methodological choices
based on research objectives and data characteristics. Different methods may yield entirely
different conclusions in the quantitative analysis and research of the spring bloom. Future
efforts should focus on developing more unified and comprehensive indicators to quantify
the characteristics of spring blooms.
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Abstract

The Water and Sediment Regulation Scheme (WSRS), implemented since 2002, has been
essential for controlling water flow and mitigating sediment siltation in the lower Yellow
River. However, WSRS was suspended for the first time in 2016 and 2017 due to extremely
low water flow. The rapid floodwater discharge over roughly 20 days conducted by WSRS
strongly impacts total suspended solids (TSS) distribution in the Yellow River Estuary
(YRE). This study employs high-frequency Sentinel-3 OLCI satellite imagery to investigate
intraday TSS variations in the YRE under new water-sediment regulation conditions from
2016 to 2023. TSS concentrations were generally low during the 2016 and 2017 flood
seasons, but increased markedly after WSRS resumed in 2018. Peak TSS values occurred in
July or August, sometimes extending into September and October during autumn floods.
A moderately strong positive correlation was observed between TSS concentrations at
the river mouth and sediment load at Lijin Station during the flood seasons. The 2018
WSRS event generated an extensive river plume, with average TSS concentrations at
the river mouth exceeding 400 g-m~3. From 2018 to 2023, TSS concentrations exhibited
a declining trend during flood seasons, attributed to reduced sediment discharge and
ongoing sediment accretion in the Yellow River Delta. Our findings highlight Sentinel-3
OLCI as a powerful tool to resolve WSRS-driven sediment dynamics, offering critical
guidance for estuarine management.

Keywords: water and sediment regulation scheme; total suspended solids; Sentinel-3 OLCI
imagery; Yellow River estuary

1. Introduction

With an annual sediment load of approximately ~1.08 x 10° tons transported into
the Bohai Sea, the Yellow River exhibits one of the highest total suspended solids (TSS)
concentrations globally [1]. Lower reaches of the river are particularly prone to sediment
deposition due to an imbalance between water flow and sediment transport, which leads
to riverbed elevation and increases the risk of flooding. To address this water-sediment
imbalance, the Yellow River Water Conservancy Commission of the Ministry of Water
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Resources has implemented the Water-Sediment Regulation Scheme (WSRS) for 13 consec-
utive years since 2002, then interrupted it in 2016 and 2017. The implementation of WSRS
advanced high monthly water discharge and sediment load to as early as June, occurring
at least two months prior to the typical high-flow season from August to October [2,3].
During the WSRS, both runoff and sediment loads are increased, facilitating the transport
of substantial volumes of water and sediment to the sea. The WSRS is conducted in two
phases: the first phase involves the release of water from the Xiaolangdi Reservoir, while the
second phase is focused on flushing sediment from the reservoir [4]. The duration of WSRS
operations averaged approximately 20 days per year, contributing to 27.6% and 48.9% of
the annual water and sediment delivery to the sea, respectively [5]. Between 2002 and 2015,
approximately 1.98 x 10” tons of sediments entered the Bohai Sea, with 1.31 x 10” tons
being deposited along the coast of the Yellow River Estuary (YRE) [6]. By influencing
suspended sediment transport, the WSRS directly affects both the ecological environment
and the geomorphological evolution of the YRE [7]. In recent years, however, due to the
combined effects of climate change and human activities, such as WSRS interventions, the
hydrological conditions of the Yellow River have shifted, transitioning from a state of “less
water and more sediment” to “less water and less sediment.” Especially, in 2016 and 2017,
the sediment load of the Yellow River experienced a significant decline, prompting the
interruption of the WSRS for two years before its resumption in 2018. This disruption may
have had new and profound effects on the ecological environment of both the delta and
adjacent coastal areas.

The investigation of the spatiotemporal distribution of TSS in the YRE under the
evolving conditions of water-sediment regulation is of considerable scientific significance.
Such studies provide crucial theoretical support for understanding changes in marine
sedimentation processes and the physical environment of the YRE. Traditionally, in-situ
measurements have been the primary method for quantifying TSS. However, remote
sensing techniques now provide an indispensable way to monitor large-scale TSS variations
in estuarine and coastal waters.

Previous studies have frequently utilized Landsat imagery to investigate monthly
and annual TSS variations in the YRE and to assess key influencing factors, including
wind, currents, runoff, and sediment load [8-13]. Other higher resolution sensors, such
as Sentinel 2-MSI [10] and Gaofen (GF) satellite images [14], were also used to map the
spatiotemporal variations of the total suspended particulate matter in the Yellow River
estuary. While these studies have provided robust insights into long-term TSS dynamics,
Landsat’s 16-day revisit cycle prevents monitoring interannual and daily variations. This
constraint precludes comprehensive observation of shorter-term TSS fluctuations, such as
those occurring during WSRS periods.

Alternatively, studies have shown that the ocean-color sensor, such as the Moderate
Resolution Imaging Spectroradiometer (MODIS) and the Land Colour Instrument (OLCI),
with a spatial resolution of 250 m /500 m /1000 m and 300 m, can be effectively applied
for monitoring estuarine turbidity and TSS, and can also provide specific-term time series
monitoring records [15]. For instance, Zhang et al. employed MODIS data with the red band
to study river plume induced by heavy rainfall events in Lake Taihu [16]. Luo et al. utilized
MODIS data to analyze the spatial distribution characteristics and influencing factors of
different quantile trends of TSS in the Pearl River Estuary [17]. MODIS is prone to saturation
in the highly turbid waters of YRE, probably due to high sensitivity or signal-to-noise
ratio [8], posing persistent challenges for accurate TSS retrieval in such environments.

The daily revisit capability of the Sentinel-3 Ocean and Land Colour Instrument
(OLCI) satellite sensors, launched on 16 February 2016 (Sentinel-3A) and 25 April 2018
(Sentinel-3B), coupled with its spatial resolution of 300 m, offers a promising solution to

21



Remote Sens. 2025, 17, 3083

overcome these limitations. By providing near-daily observations of the YRE, Sentinel-3
OLCI (S3-OLCI) facilitates detailed analysis of TSS dynamics during WSRS events. This
capability enables a more nuanced understanding of how TSS within the estuary responds
to WSRS operations, addressing critical gaps in current research and advancing knowledge
in this domain.

Studies have examined the long-term impacts of the WSRS on aspects such as the
dispersion of freshwater and sediment in the YRE [5,18,19] and its effects on estuarine
morphology, hydrodynamics, and biogeochemical processes [20-23]. Data on the daily
variations in TSS distribution within the estuary remain limited [24,25]; even less is un-
derstood about the effects of WSRS under varying hydrological conditions on these daily
TSS dynamics.

To enhance our understanding of the impacts of regulated water flow on ocean color
in the YRE, particularly since the WSRS interruption in 2016, this study leverages eight
years of S3-OLCI remote sensing satellite observations from 2016 to 2023. This research
advances the understanding of WSRS impacts on TSS dynamics in the YRE, providing
a framework for monitoring the current state and evolving trends of TSS not only during
WSRS events but also over the post-event periods.

The objectives of the present study are to (i) propose a new algorithm to quantify
TSS evolutions and distributions in the YRE using S3-OLCI images and validate the Dark
Spectrum Fitting (DSF) atmospheric correction applied to S3-OLCI satellite data recorded
over the YRE turbid estuarine waters; (ii) monitor TSS dynamics in the YRE before, during,
and after the WSRS implementation, using S3-OLCI satellite data; (iii) provide a detailed
understanding of WSRS impacts on TSS dynamics in the YRE by comparing TSS in the
YRE with the river freshwater discharge and sediment load from the hydrologic station
(Lijin Station on the Yellow River).

2. Materials and Methods
2.1. Study Area

The study area is the Yellow River Estuary (YRE), containing the Yellow River Mouth
(YRM) and Laizhou Bay (LZB). It is located at the confluence of the Bohai Bay and Laizhou
Bay (Figure 1). The isobaths in the near-shore area of the YRE are tortuous and irregularly
distributed. The sediment transported from the Yellow River into the sea and accumulated
in the northwest and northeast direction of the mouth of the estuary, and extends towards
the offshore in the shape of a tongue [26].

The typical duration of WSRS operations prior to flooding usually spans approximately
20 days in June and July, though such events occasionally occur during flood periods in
July and August. The start and end dates of the WSRS from 2016 to 2023 are detailed in
Table 1. The data is recorded from the Yellow River Sediment Bulletin.

2.2. Data
2.2.1. In-Situ Data

The in-situ dataset was collected during a dedicated field campaign in the YRE from 21
to 22 and 25 to 27 June 2004 during the WSRS period. Water reflectance was measured, and
surface water samples were collected to determine the concentration of suspended solids.
Water sampling adhered strictly to national technical standards, specifically those outlined
in GB/T13909-92 for marine geological and geophysical surveys. The TSS concentration
was determined as the dried sediment mass divided by the known volume of the filtered
water sample, resulting in values ranging from 1.7 to 1896.5 g-m 3. The remote sensing
reflectance signal (Rrs, in sr~!) was measured using an ASD FieldSpec Dual VNIR radiome-
ter, covering the 350-1050 nm spectral range. In total, 44 pairs of high-quality co-located
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TSS and Rrs values were obtained. This high-quality dataset was used to establish the

TSS algorithm for retrieving TSS using S3-OLCI satellite data during the flood seasons. In

addition, twelve in-situ Rrs measurements collected on 7-8 November 2024 and 17, 19 and

20 January 2025 were used to validate the Rrs values retrieved from S3-OLCI. Seven in-situ
TSS measurements collected on 19-21 July 2019 and 9 July 2023 were used to validate the
TSS model by comparing the S3-OLCl-retrieved TSS with the quasi-synchronous (£3 h)
in-situ TSS. The geographical locations of the observation stations are shown in Figure 1,

and related information is listed in Table 2.
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Figure 1. Geographic location and hydrometric stations of the study area (a). Sampling stations in the
Yellow River Estuary (b). The study area (YRE), as shown with the S3-OLCI image (30 August 2023),
is divided into the Yellow River Mouth (YRM) area and the Laizhou Bay (LZB) area, respectively in
red polygon and in yellow polygon (c). The Yellow River Conservancy Commission has implemented
the WSRS in the Yellow River since 2002 (d).

Table 1. The start and end times of the WSRS from 2016 to 2023.

. Water Discharge Sediment Load

Year WSRS Before Flood WSRS During Flood 3Max. o) Max. SC To The Sea & To The Sea

(m3s-1)YDay  (10° g-m3) 2/Day

Starting Ending Starting Ending Qu/(km3) (%) 3 Q/Mt) (%)

2016 - - - - 1480/July 28 4.4/July 26 - - - -

2017 - - - - 813/December 8 3.14/April 28 - - - -
2018 July 3 July27  August?  August28  3670/July 11 48.1/July 20 8.9 26.7 1647 555
2019 June 21 July 5 July 6 August 16 4060/ August 12 26.3/July 21 11.3 36.2 163.3 60.3
2020 June24  July 10 July4  August18  4580/July 3 24.1/July 30 12.1 33.6 168.1 53.5
2021 June 19 July 13 - - 5240/October 8 37.9/July 10 6 13.6 489 20.1
2022 June 19 July 13 July 17 July 28 4030/July 2 39.2/July 24 7.3 28 714 57.1
2023 June 21 July 16 - - 3780/July 3 37.9/July 12 5.87 259 53.5 55.2
Average 8.58 27.3 111.65 50.3

1 Maximum water flow at Lijin station; > Maximum suspended sediment concentration at Lijin station; > Water
discharge during the WSRS in percentage of annual water discharge to the sea; * Sediment load during the WSRS
in percentage of annual sediment load to the sea; —No WSRS.
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Table 2. Information on the in-situ measurements.

Date Number of Stations Measurements
21-22 and 25-27 June 2004 44 Rrs, TSS
19-21 July 2019 5 TSS
9 July 2023 2 TSS
7-8 November 2024 4 Rrs
17 and 19-20 January 2025 8 Rrs

2.2.2. Remote Sensing Dataset

The Sentinel-3A&B OLCI satellite data were used to derive TSS during the flood
season from June to October since 2016. Both Sentinel-3A OLCI and Sentinel-3B OLCI
images were obtained from the Copernicus Data Space Ecosystem server. OLCI revisit
time with the two-satellite configuration is ~1 day at the latitude of 37°~38° for YRE. With
21 bands, a resolution of 300 m over all surfaces and a design optimized to minimize
sun-glint effects, OLCI marks a new generation of measurements over the ocean and land.
Cloud-free S3-OLCI images were considered during flood seasons (June to October) from
2016 to 2023.

Besides, Landsat-8 Operational Land Imager (OLI) satellite data with a spatial resolu-
tion of 30 m and a revisit time of 16 days were used. Landsat-8 OLI (L8-OLI) image recorded
on 30 August 2023 over YRE at 10:53 UTC, 17 min before the OLCI image was collected.

2.2.3. Atmospheric Correction for OLCI

To retrieve the water-leaving reflectance, defined as p = Rrs x 7 (dimensionless),
OLCI data were processed using the ACOLITE (v20221114.0) software, applying the Dark
Spectrum Fitting (DSF) atmospheric correction method [27].

This DSF approach assumes negligible surface reflectance in at least one of the sensor
bands, selected from the darkest pixels in the image. The DSF atmospheric correction
algorithm was originally developed for the processing of metre-scale sensors for aquatic
applications in inland and coastal waters [28,29], but it also performed well for decametre-
scale sensors [30,31]. A new OLCI version of DSF was implemented in ACOLITE, and
imagery was processed to water reflectances using a fixed aerosol optical thickness T,
Vanhellemont and Ruddick (2021) [27].

The comparison between Rrs measured in situ and derived from S3-OLCI satellite
data (3 x 3 pixels) corrected using the DSF method in the 560, 665 and 865 nm spectral
bands and for the 665/560 nm band ratio was made. The in-situ Rrs were measured in
November 2024 and January 2025 in the YRE. The station information can be found in
Figure 1. From Figure 2, we can see that the comparison is overall good in red and green
bands, even better when considering the band ratio between 665 and 560 nm, with a MAPE
of 12% and close to a 1:1 line. The S3-OLClI-derived Rrs values in the NIR band are slightly
lower than in situ measured Rrs.

ACOLITE has been shown to perform well in the highly turbid waters of the YRE,
a finding previously validated through step-by-step comparisons with field measurements
for Landsat data [8,10,32]. Cloud-free L8-OLI and S3-OLCI satellite images recorded on
30 August 2023, with a time difference of 17 min, were considered for the sensor-to-sensor
Rrs validation. The two images were reprojected onto a common grid by resampling
OLI data to a spatial resolution of 300 m, using mean averaging. The OLCI-derived
water reflectance values at Green, Red, and NIR wavebands were then compared to the
corresponding OLI water reflectance values.
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Figure 2. Scatterplots of S3-OLCI Rrs versus in situ Rrs measured in November 2024 and January
2025 at (a) 560 nm band, (b) 665 nm band, (c) 865 nm band, and (d) 665/560 band ratio.

2.2.4. Hydrologic Data

The Lijin Hydrologic Station (Figure 1a), located approximately 80 km upstream of the
river mouth, is the last station along the Yellow River. Daily water discharge and Sediment
Concentration (S5C) data measured at 8:00 a.m. (local time) each day were sourced from
the daily water condition reports published by the Yellow River Conservancy Commission
of the Ministry of Water Resources. The SC data generally represent vertically-averaged
or cross-sectionally averaged measurements. Monthly river discharge and sediment load
data at Stations Lijin, Xiaolangdi and Huayuankou were retrieved from the Yellow River
Sediment Bulletin (http:/ /www.yrcc.gov.cn/ (accessed on 1 June 2024)).

2.3. Methods
2.3.1. TSS Inversion Algorithm

The TSS inversion algorithm relies on the range of the TSS observed and the form
of the model equation [33]. TSS in the YRE can exceed 1000 g-m~3, as evidenced by
in-situ measurements and previous studies, particularly during the WSRS. For such highly
turbid waters, Rrs in visible bands, notably in blue and green bands, tends to saturate
while TSS increases. Rrs in near-infrared (NIR) bands have basically low values when
TSS is lower than 100 g-m~3, then increase proportionally to TSS up to concentrations of
about 1500 g-m~3 [34,35].

To avoid the saturation of the water reflectance signal, a NIR spectral band is therefore
required to estimate TSS concentrations over the wide range encountered in the YRE (0 to
>1000 g-m~3) [35,36]. Also, according to the correlation analysis between TSS and Rrs, the
correlation coefficients for the green, red and NIR bands are all higher than 0.5, especially
for the NIR band, with a r of 0.94. Therefore, Rrs(865) is considered in our TSS modelling.
Single-band algorithms are highly sensitive to particle type (size and composition) and
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environmental changes such as illumination conditions and glint effects, making them in-
adequate for comprehensively characterizing the spectral signatures of waters with varying
suspended sediment concentrations. In contrast, band-ratio approaches can partially elimi-
nate or mitigate the influence of particle size and illumination on the retrieval of suspended
sediment concentrations [37]. Previous studies have shown that TSS retrieved using the
Landsat images using the NIR band, combined with the ratio of red to green bands and
best-fitted exponential relationships, exhibited the strongest agreement with in-situ TSS
measurements in the YRE [10,36]. Consequently, we developed an empirical method based
on the Rrs(665)/Rrs(560) ratio and the Rrs(865) band with a total of 44 coincident TSS and
Rrs measurements, which were converted to OLCI equivalent Rrs values in each band by
considering the corresponding spectral response functions (SRF).

10g10(TSS) = 1.9 x X1 +9.96 x X, — 0.006 1)

With X1 = Rrs(665)/Rrs(560) and X, = Rrs(865)

where, Rrs(560), Rrs(665) and Rrs(865) are the S3-LOCI equivalent Rrs values. Equation (1)
yields a determination coefficient R? of 0.94, RMSE of 97 g~m_3, and MAPE of 19%
(Figure 3a). For low TSS concentrations (<27 g-m~3), the relationship is also well-defined
with a R? of 0.89, RMSE of 1.4 g-m~3, and MAPE of 16.6% (Figure 3b). Figure 4 compares
S3-OLCI estimated and in situ measured TSS concentrations drawn from seven observation
stations over a 3 h time window between satellite overpasses and field measurements,
during the WSRS periods of 19-21 July 2019 and 9 July 2023. The in-situ measured TSS
concentrations range from 13 to 2019 g-m~3. The results showed a good agreement with
a highly significant linear relationship (R? of 0.96), with a MAPE of 29.6% and RMSE
of 222 g-m~2 (Figure 4).

2.3.2. Accuracy Assessment

The Root Mean Square Error (RMSE), Mean Absolute Percentage Error (MAPE) and
BIAS (Bias) were used to quantitatively compare the TSS or Rrs values:
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Figure 3. Comparison between estimated and in situ measurements of TSS values for the dataset
generated during the WSRS period of June 2004 (a), with a zoom on TSS concentrations below
27 g-m*3 (blue dashed frame in Figure 3a) (b). The black dashed line indicates the 1:1 relationship.
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MAPE —= i i =il 3009, 3)
i—1 N - Xi
N (1
BIAS = M % 100%, )
i=1 Xi

where x; and y; are respectively the in-situ measured TSS or Rrs (including already-validated
OLI products) and modelled TSS or Rrs retrieved from OLCI, N is the total number
of samples.

2.3.3. Time-Series Analysis of TSS During the WSRS

To investigate the dynamic characteristics of TSS under new sediment transport
conditions from 2016 to 2023, this study conducted a detailed analysis of TSS distribution
during the Yellow River flood season (WSRS period) from June to October.

Time series of TSS data were obtained from regional mean values derived from the
300 m spatial resolution and daily revisit S3-OLCI imagery, considering separately the Yel-
low River Mouth (YRM), Laizhou Bay (LZB), and the Yellow River Estuary (YRE) as regions
of interest (ROIs). In Figure 1, these ROIs are delineated by the red (YRM), yellow (LZB),
and the combined red and yellow polygons (YRE), respectively. In total, 224 cloud-free
images were considered in the daily TSS time series analysis. Visual inspection was con-
ducted to ensure that the study area was not covered by clouds, and abnormal pixels were
masked in the daily TSS time series analysis.

A systematic assessment of TSS was performed at daily and monthly time-scales for
the YRM, LZB and YRE during the flood seasons. Mean TSS values during the annual
floods were calculated using the images collected during the flood seasons (June to October)
from 2016 to 2023. The variation in TSS during the flood season is primarily governed
by river discharge and sediment load. To further explore the impact of WSRS on TSS
dynamics, this study calculated Pearson correlation coefficients (r) and examined the
relationships between daily and monthly sediment load, as well as the monthly discharge
at the Lijin Station, with daily and monthly TSS in the YRM, Laizhou Bay, and over the
entire study area.
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Daily river discharge (m?.s71)

3. Results
3.1. Trend of Daily TSS in the YRE During the Flood Seasons

From 2016 to 2017, the TSS at the Lijin Station consistently remained lower than
100 g-m 3. Since the resumption of the WSRS in 2018, daily TSS has exhibited a pronounced
variability within the flood season. WSRS events significantly increased TSS values. For
instance, during the WSRS period from June to July 2018, the TSS in the YRM rose sharply,
peaking at 446 g-m 2. From July to October, the TSS displayed a fluctuating declining
trend (Figure 5). Overall, TSS concentrations in the YRM were higher than those observed
in the LZB and over the entire study region (YRE) (Figure 5).
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Figure 5. Time series of daily TSS in the river mouth area (YRM), the entire YRE and the Laizhou Bay
area (LZB) during the flood seasons of 2016-2023. The black trend line indicates the linear fitting of
TSS vs. Date.

3.2. Trends of Daily River Discharge and SC at the LIJIN STATION

Based on the daily records at station Lijin (2016-2023), 10 events of WSRS were
identified (see also Table 1). These events were characterized by episodic increases in water
discharge and SC, except in 2016 and 2017. The daily maximum river flow and maximum
SC always occurred during the flood seasons, especially during the WSRS period and were
observed to vary slightly from 2018 to 2023, with daily maximum river flow ranging from
3670 to 4580 m*-s~! and daily maximum SC ranging from 24.1 x 103 to 48.1 x 10% g-m 3
(Table 1, Figure 6). The WSRS contributed nearly 27.3% and 50.3% of the total annual
water discharge and sediment load to the sea, respectively, within periods of 14 to 45 days
(Table 1), which greatly modified the natural hydrological cycle.
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Figure 6. Trend of daily Sediment Concentration (SC) and river discharge at the Lijin Station from
2016 to 2023.

3.3. Spatiotemporal Variations of TSS Before, During, and After the Occurrence of a Typical WSRS
Event in 2018

In 2018, the impact of a strong WSRS event on the TSS concentration in the coastal
region of the Yellow River was significant. During the period from June 1 to July 2, prior to
the strong WSRS event, OLCI imagery analysis revealed an average TSS concentration of
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less than 100 g-m 3 (Figure 7). However, during the event, particularly on July 16 and 20,
the imagery showed a marked increase in TSS concentration in the river plume, reaching
approximately 400 g-m 3, which indicates a substantial influx of TSS from the Yellow River
basin. By August 1, five days after the initial WSRS event, the average TSS concentration
in the plume had decreased to approximately 30 g-m 3. During the second WSRS event,
on August 12 and 25, TSS concentrations in the plume increased to around 100 g-m~3,
significantly higher than in the surrounding coastal waters. Although the intensity and
spatial extent of the river plume were considerably reduced in the OLCI images from

September to October, compared to the observations on July 16 and 20, the plume was still
observable (Figure 7).

400

300

200

100

Figure 7. TSS concentrations derived from OLCI images before (a—d), during (e-i) and after (j—r) the
typical WSRS event of 2018.

3.4. Interannual Variations of TSS During the Flood Seasons

Figure 8 illustrates the interannual variability of TSS from 2016 to 2023 during the flood
season (June to October). Among the years considered, the peak average TSS concentration
in the YRM was observed in 2018, reaching 117 g-m~3. The analysis reveals that the average
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TSS concentration in the YRM region remained relatively elevated, whereas that in Laizhou
Bay was notably lower.

TSS (g.m °)
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Figure 8. Average TSS maps in the YRE during the flood seasons from 2016 to 2023.

4. Discussion
4.1. Performance of Daily-Revisit OLCI Data in Monitoring TSS

The ACOLITE DSF atmospherically-corrected water reflectance values derived from
S3-OLCI data exhibited a good consistency with the reference (OLI-derived) products
(Figure 9a—c). Linear regressions with slopes close to 1 were obtained between OLCI and
OLI water reflectance values for the green, red and NIR wavebands. The corresponding
R? coefficients are 0.94, 0.97, and 0.90, with RMSE of 0.006, 0.013 and 0.006 and MAPE of
5.8%, 19.6% and 41.4%, respectively. OLCI-derived water reflectance values were, however,
observed to be slightly lower than OLI-derived ones, with BIAS of —3.2%, —16% and —29%,
respectively, in the green, red and NIR bands. The results showed that ACOLITE DSF
atmospheric correction is hence appropriate for the retrieval of TSS in the highly turbid
waters of the YRE. The disparity between the TSS derived from S3-OLCI (300 m) and that
derived from Landsat-OLI (30 m) was not conspicuous, with MAPE of 11.47% (Figure 9d).
The BIAS between the 30 and 300 m products is -1.8% (Figure 9d), indicating that 300
m imagery would only slightly underestimate TSS values in YRE. Therefore, the spatial
resolution of OLCI may not be a disadvantage for monitoring TSS in YRE, as a limited
difference between 300 m and 30 m resolution images was found. Compared to the 16-day
revisit time of OLI, the daily revisit associated with OLCI data is a major advantage in
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order to observe and monitor the variation of TSS over short-time-scale events such as the

WSRS in the YRE.
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Figure 9. Comparisons between OLCI and OLI water reflectance values in the YRE on 30 August
2023 in the green (a), red (b) and NIR (c) wavebands. Comparison between the resulting TSS values
derived from OLCI (300 m) and OLI (30 m) satellite data (d).

4.2. Daily TSS Fluctuation in the YRM and Daily SC at the Lijin Station

The variations of the diurnal TSS in the YRM and of the diurnal SC at the Lijin
station from 2016 to 2023 are presented in Figure 10. Overall, the TSS concentration in the
YRM during the flood seasons of 2016 and 2017 remained relatively stable, with average
values mostly below 100 g-m~3 and no anomalously high peaks detected. This stability
is primarily attributed to the cessation of the WSRS in 2016 and 2017, which substantially
reduced the sediment load entering the marine environment.

From 2018 to 2023, significant changes in the daily SC at the Lijin station were observed
from June to October. Prior to the implementation of the WSRS, the variations were not
substantial, with daily SC values consistently below 10 x 10°> g-m~2 and average TSS
values in the YRM remaining below 100 g-m 3. In contrast, during the WSRS period, daily
SC exhibited a fluctuating increasing trend, with values reaching up to 20 x 10% g-m~3.
Concurrently, the average TSS concentration in the YRM showed an increasing trend,
peaking in 2018 with an average value exceeding 400 g-m 3. Following the implementation
of the WSRS, daily SC at Lijin station decreased, and the average TSS concentration in
the YRM gradually declined. The TSS values in 2019, 2021, and 2022 indicate occasional
rebounds in TSS concentrations in September and October, surpassing levels observed

during the WSRS period.

31



Remote Sens. 2025, 17, 3083

10 200
2016 Flood Season I SC (LiJin)
8 [ =0.06 ——TSS (YRM)| ;5,
o p=0.8 ~
|
g E
5 100 22
< 4 4
O =
- 50
2
0 0
Jun 01 Jul 01 Aug 01 Sep 01 Oct 01
50 500
2018 Flood Seaso B SC (LiJin)

40 —— TSS (YRM)| 400
T o~
=
g 30 300 JE.

- )
3 o
< 20 2004
O =
)

10 100

0 0
Jun 01 Jul 01 Aug 01 Sep 01 Oct 01
30 250
2020 Flood Season B SC (LlJln)
= 20 | p=0.004 ~
g 150 'z
) :
= oi)
3 o
5 100
% 10
50
0 0
Jun 01 Jul 01 Aug 01 Sep 01 Oct 01
40 400
2022 Flood Season B SC (LiJin)

20 r=0.81 TSS (YRM)| 300
~ 70 | p=1.7x10° _
g 7
5 g
2 20 200 20
= 2
= %)
O =
)

10 100

0 0
Jun 01 Jul 01 Aug 01 Sep 01 Oct 01

SC (10° g.m?)

SC (10% gm™)

SC (10% g.m™)

SC (10% gm™)

10 200
2017 Flood Season I SC (LiJin)
8 [ =0.27 ——TSS (YRM)| 15,
p=0.3 o~
6 =
100 &
g 50
0 0
Jun 01 Jul 01 Aug 01 Sep 01 Oct 01
30 500
2019 Flood Season SC (LiJin)
TSS (YRM] 400
20 o
300
C
2004
10 =
100
0 0
Jun 01 Jul 01 Aug 01 Sep 01 Oct 01
40 200
2021 Flood Season B SC (LiJin)
30 | =044 ——TSS (YRM)| 150
:
100 =2
)
%)
]
50
0
Jun 01 Jul 01 Aug 01 Sep 01 Oct 01
35 140
2023 Flood Season I SC (LiJin)
30 120
r=0.31 = TSS (YRM)
100 _
80 E
20
60 »
%)
=

Jun 01 Jul 01

Aug 01

Sep 01

Oct 01

Figure 10. Daily TSS variations in the Yellow River Mouth (YRM) and daily SC variations at the Lijin

Station during the flood seasons from 2016 to 2023.

As shown in Table 3, during the years 2016 and 2017, when the WSRS was not
implemented, the correlation coefficient () between the daily SC at the Lijin station and
TSS in the YRE was relatively low. However, following the reactivation of the WSRS from
2018 to 2023, a moderate to strong positive correlation emerged between the average TSS
concentration in the YRM region and the daily SC at the Lijin station, with r ranging from
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TSS (g.m3)
River discharge (x10% m3)

0.25 to 0.81. In contrast, the correlation between the average TSS concentration across the
entire YRE and LZB region and the daily SC at the Lijin station was systematically lower.

Table 3. Correlation coefficient (r) between the diurnal variations of TSS concentration in the YRE
and SC at the Lijin Station.

Y In the YRM In the YRE In the LZB
car r p-Value r p-Value r p-Value

2016 0.06 >0.05 0.20 >0.05 0.24 >0.05
2017 0.27 >0.05 0.25 >0.05 0.24 >0.05
2018 0.64 <0.05 0.60 <0.05 0.42 >0.05
2019 0.25 >0.05 0.14 >0.05 0.08 >0.05
2020 0.54 <0.05 0.35 >0.05 0.04 >0.05
2021 0.44 <0.05 0.22 >0.05 0.16 >0.05
2022 0.81 <0.05 0.48 <0.05 0.21 >0.05
2023 0.31 <0.05 0.22 >0.05 0.14 >0.05

4.3. Correlation Between River Discharge, Sediment Load and TSS Concentration

During the 2016-2017 period, the suspension of the WSRS operations resulted in
a lower monthly sediment load (consistently below 5.46 x 10° tons) and in a monthly
runoff lower than 2.1 x 10° m®. Correspondingly, the monthly average TSS in YRM
remained generally below 70 g-m~3, with relatively stable variations during the flood
seasons. In comparison to the river flow and sediment transport volumes of 2016 and 2017,
the corresponding values from 2018 to 2023 showed a significant increase. During the 2018
WSRS period, the maximum monthly sediment load reached 1.4 x 108 tons. During the
WSRS from 2018 to 2023, the highest river discharge and sediment transport rates typically
occurred in July and August. Compared to the pre-WSRS period, where monthly sediment
load was less than 32 x 10° tons, the monthly sediment load during the WSRS period
significantly increased, surpassing 44.45 x 10° tons. Notably, between 2018 and 2020, the
sediment load sometimes exceeded 100 x 10° tons.

Additionally, the concentration of TSS exhibited a marked upward trend during the
WSRS. Specifically, as shown in Figure 11, the sediment load peaked in July 2018 during the
WSRS, while the average TSS concentration in the YRM region in July reached 268 g-m~3.
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Figure 11. Monthly variations of river discharge and sediment load at the Lijin Station, together with
monthly variations of TSS concentration in the YRM from June to October, from 2016 to 2023. Error
bars correspond to the associated standard deviations. Trend lines 1 and 2 represent the linear fitting
TSS variations vs. Date in the YRM from 2016-2023 and 2018-2023, respectively.
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A similar pattern was observed in 2020, where, as depicted in Figures 8 and 12, the
TSS concentration in the estuarine region peaked from late July to early August. During
this period, both the daily SC and the monthly average sediment load at the Lijin station
also reached their highest levels.
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Figure 12. River discharge and sediment load at the Lijin Station and average TSS concentration in
the YRM during flood seasons. Error bars correspond to the associated standard deviations.

In 2023, TSS concentrations remained consistently high during the WSRS period
compared to before and after the event. In summary, the trends in daily SC and monthly
average sediment load at the Lijin station in 2018, 2020 and 2023 were closely correlated
with changes in TSS concentration, all showing an increase in TSS during the WSRS,
followed by a decline post-scheme.

From June to October in the YRM region, a significant correlation was observed
between the river discharge (and sediment load) and TSS (r = 0.52 and 0.73) (Table 4).
During the WSRS period from June to August, TSS exhibited a more pronounced correlation
with the sediment load (r = 0.79) and river discharge (r = 0.60). During June—October, river
discharge and sediment load exhibited significant yet weak correlations with TSS in the
YRE (r = 0.33 and 0.39, respectively). Conversely, in the LZB, sediment load showed no
correlation with TSS (r = 0.06).

Table 4. Correlation coefficient (1) between the monthly-averaged TSS, river discharge and sediment
load from 2016 to 2023.

River discharge (x10° m?)

Sediment load (x 106 ton)

_ _ YRM YRE LZB YRM YRE LZB
Station Period
TSS vs. Sediment Load TSS vs. River Discharge
0.73 0.39 0.06 0.52 0.33 0.11
Lijin June-October p<0.05 p<0.05 p>0.05 p<0.05 p<0.05 p>0.05
0.79 0.45 —0.009 0.60 0.27 —0.12
June-August p <0.05 p<0.05 p>0.05 p<0.05 p>0.05 p>0.05
. . fune—October 0.55 0.23 —0.03 0.42 0.20 0.014
Xiaolangdi p <0.05 p>0.05 p>0.05 p <0.05 p>0.05 p>0.05
June—August 0.63 0.36 0.009 0.37 0.09 ~0.18
p<0.05 p>0.05 p>0.05 p <0.05 p>0.05 p>0.05
0.72 0.33 —0.007 0.45 0.24 0.04
Huayuankou June-October p<0.05 p<0.05 p>0.05 p <0.05 p>0.05 p>0.05
June-August 0.80 0.45 0.004 0.45 0.12 —0.20
p <0.05 p <0.05 p>0.05 p <0.05 p>0.05 p>0.05

This suggests that the high TSS values at the river mouth are directly related to
increased river discharge and sediment load due to WSRS events and autumn floods.
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Less sediment has thus been supplied to the LZB located far away from the river
mouth (Figure 7) [11].

Consequently, during the flood season, WSRS events involving large river discharge
and sediment load play a dominant role in the TSS variations in the YRM. Additionally,
rainfall, flooding, and wind also impact the TSS concentration and distribution in the YRE.

4.4. Correlation Between Rainfall, Autumn Flood, Wind Speed and TSS

In some instances, in the YRM, the TSS following WSRS events may exceed that during
the WSRS period itself. For instance, in 2019, TSS concentrations in July and August were
lower than those in September and October (Figure 10). This can be attributed to the
sustained rainfall between September 17 and 24, in conjunction with higher wind speeds in
September and October (not shown). Wind waves are one of the main factors that control
local sediment resuspension in shallow waters [38].

In 2021, TSS concentrations in September and October were similarly elevated due
to severe autumn flooding from late August to October. During the autumn period, the
main stem of the Yellow River experienced three major flood events. As a result, the
sediment load in October 2021 was the highest (Figure 11), with the corresponding TSS
concentrations during the autumn flood period even surpassing those observed during the
WSRS events (Figures 10 and 11).

The YRE is affected by the East Asian monsoon climate. Previous studies indicated that
wave height (WH) and sea surface height (SSH) play a major role in sediment resuspension
and dispersion [11,39,40]. Over the study period, the mean WH was about 0.8 m in the cold
period, which was nearly twice the value in the warm season. In the summer, the south
wind dominates with a moderate speed (3-5 m/s) [10,41]. As a consequence, the wave is
gentler and the height of the wave is generally <1 m in the summer. As a result, the waves
can cause the limited resuspension of bottom sediment in the warm flood seasons.

The tides in the YRE are irregular semi-diurnal, with an average tidal range of
0.6-0.8 m. Intraday TSS variation is influenced by tidal currents [24]. The shift in the
tidal directions results in a shift in TSS plume direction and transportation of suspended
sediment near groins [25]. The WSRS-induced increase in freshwater and sediment dis-
charge to the river mouth enhanced the offshore extension of the turbid plume [24].

Current speeds show different seasonal patterns. In the summer, current speeds
decrease rapidly to the southern coast of the estuary, suggesting that the sediment carried
by the Yellow River is transported primarily to this area. Correspondingly, the contour
lines with TSS > 100 g-m 3 display a narrow shape along the coast (Figure 7) [26].

4.5. Correlation Between WSRS and Sediment Transport

From 2018 to 2023, the monthly average TSS in the YRM manifested a downward
trend (Figures 10 and 12). Despite the total sediment load during the flood seasons in 2019
and 2020 being comparable to that in 2018, the TSS concentration in the YRM in 2019-2020
was not as high as it was in 2018. Some of the sediments were retained within the estuary,
leading to siltation; a part of the suspended sediments was also transported beyond the
estuary, as shown in Figure 7, but this occurred only during the WSRS period. A part of
suspended sediments from the Yellow River ended up deposited at the river mouth before
entering the ocean (Figure 13).

This sedimentation situation was further exacerbated in 2023. Although the total
sediment load during the flood seasons has decreased since 2021, the river mouth has
undergone a seaward advancement due to the sediment accumulation during the flood
seasons. TSS concentrations in the YRM during the flood seasons of 2023 were systemat-
ically lower than those during the flood seasons of 2018 to 2022. As a result, TSS in the
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YRE showed a lower correlation with the daily SC at Lijin station. The Water-Sediment
Regulation seems to be closely related to shoreline evolution. From 2000 to 2023, the shore-
line has continuously advanced, indicating an overall accretion trend [42]. The sediment
accumulation around the current river mouth would be a local geomorphic phenomenon
(Figure 13). The WSRS of the Yellow River from 2018 to 2023 promoted the spread of
TSS into the YRE, so that extremely high TSS concentrations were observed in the YRE,
especially in the river mouth area. Due to the elevation of the Yellow River’s lower reaches
and the reduction in water and sediment supplies, the progradation rate of the active
sub-delta at the river mouth will gradually slow down. As a result, the shoreline will
tend to stabilize, and the changes in suspended sediments in the estuary will also become
more stable.
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Figure 13. The coastlines of the YRM from 2016 to 2023 were obtained with Sentinel2-MSI
(Multi-Spectral Instrument) and Landsat multi-spectral images during the flood seasons, obtained
using Normalized Difference Water Index (NDWI) combined with visual interpretation.

In the future, climate change and impacts of human activities are expected to result
in the elevation buildup of the Yellow River’s tail channel and the reduction of incom-
ing water and sediment load, and the progradation rate of the subaqueous delta at the
active river mouth will progressively decrease. The shoreline will gradually stabilize, and
suspended sediment dynamics in the estuary should also tend to reach equilibrium [42].
The water-sediment regime of the Yellow River has shifted from the former state of “low
water and high sediment” to the current condition of “low water and low sediment.” It
indicates that WSRS will have less effect on the delta evolution with less river sediment
supply. Therefore, the coastal zone of the Yellow River Estuary will face further erosion.
This process is expected to favor the stabilization of the existing estuarine channel [6].

4.6. Future Improvements of the Present Study

In the present study, the use of in-situ data collected in 2004 to establish a model
to retrieve TSS from satellite data recorded from 2016 to 2023 may raise questions about
temporal representativeness. However, the key point is that the field dataset was gener-
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ated in 2004 during the WSRS period, so it is expected to be suitable for our study. To
verify whether the model is reliable, an independent validation was made using S3-OLCI
estimated TSS values and TSS in situ measurements for the dataset measured during the
WSRS period on 19-21 July 2019 and 9 July 2023. The results show a good agreement with
a highly significant linear relationship (R? of 0.96), with a MAPE of 29.6% and RMSE of
222 g-m~3 (Figure 4). Therefore, in this case, the 2004 dataset is a valuable choice for the
TSS retrieval. Future efforts should prioritize real-time in situ observations during WSRS
periods, enabling more robust TSS validation for a comprehensive monitoring of sediment
dynamics and characteristics in the YRE.

OLCI satellite data have a 300-m resolution, which may limit TSS retrievals in channels
and small estuaries. However, the MAPE between the 30 and 300 m TSS products in the YRE
is 11.5% (Figure 9d). The improvement from 30 m OLI to 300 m OLCI is not that obvious in
the highly turbid waters [43]. Discrepancies in spatial scale between the 300 m resolution
remote-sensing data and in situ suspended sediment concentration measurements from
hydrologic stations may also introduce inconsistencies in the correlation analysis between
daily TSS fluctuations in the YRE and daily SC at the Lijin Station.

One limitation in our study is the temporal discontinuity caused by selecting
cloud-free images. Although this approach ensures data quality, it may limit the de-
tection of short-duration extreme events and be biased in terms of seasonal coverage.
Future work could integrate harmonized datasets (e.g., GOCI) to obtain not only daily
but also hourly variations of TSS. Tides and currents also affect the short-term dispersal
pattern of freshwater and sediment plume [24,25]. Further developments should include
the influence of coastal currents, wave energy, and bathymetry, determined by numerical
modeling, to generate a complete assessment of the littoral areas exposed to the Yellow
River turbid plume.

5. Conclusions

In order to investigate the variations of total suspended solids in the YRE under the
new conditions imposed by the WSRS, S3-OLCI images recorded from 2016 to 2023 during
flood periods in the YRE were processed and analyzed. The response of TSS in the YRE
to the WSRS was discussed, combining satellite observations and in-situ data from the
Lijin Station.

1. Based on the correlation analysis between OLCI-derived Rrs values and in situ
measured TSS, an exponential model was established combining the Rrs(665)/Rrs(560)
ratio and the Rrs(865) band (R?= 0.94). OLCI images processed using the ACOLITE DSF
atmospheric correction showed good agreement with both in situ Rrs and the previously
validated OLI images. The results showed that daily OLCI images can be used to monitor
the dynamics of terrigenous and anthropogenic TSS in the YRE over short time-scale events
such as the WSRS, notably over the recent period of new regulations of the WSRS.

2. Satellite-derived TSS concentrations were generally low with no significant varia-
tions as the WSRS was suspended in 2016 and 2017. After the resumption of the WSRS, the
daily TSS increased and varied significantly during the flood seasons from 2018 to 2023.
The TSS was generally low before the WSRS in June and gradually rose over time due
to the large inputs of water and sediment in July and August, then returned to normal
values once the WSRS ended. The TSS in the river mouth was observed to be significantly
correlated with the sediment load in the river, suggesting that the sediment and river
discharges during the WSRS period from June to August were the determining factors
controlling the river plume.

3. The flood events, including those caused by the WSRS, gave rise to a significant river
plume and outputs of a substantial amount of TSS in adjacent coastal waters. A significant
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part of the suspended sediments most probably deposited in the Yellow River delta, leading
to continuous shoreline progradation with accretion from 2016 to 2023. The maximum TSS
increase was observed during the flood season in 2018, then demonstrated a downward
trend from 2018 to 2023.

This study demonstrates the capability of S3-OLCI data to capture short-term
WSRS-driven TSS dynamics in the YRE, providing a robust tool for evaluating the scheme’s
environmental and ecological impacts. Future efforts should prioritize real-time in situ
observations during WSRS periods, enabling more robust validation and comprehensive
monitoring of sediment characteristics across different water column strata in the YRE.
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Abstract

The Haiyang-2B (HY-2B) satellite, launched on 25 October 2018, carries both active and
passive microwave sensors, including a scanning microwave Radiometer (SMR), to deliver
high-precision, all-weather global observations. Sea surface temperature (SST) is among its
key products. We evaluated the HY-2B SMR Level-4A (L4A) SST (25 km resolution) over
the North Pacific (0-60°N, 120°E-100°W) for the period 1 October 2023 to 31 March 2025
using the extended triple collocation (ETC) and dual-pairing methods. These comparisons
were made against the Remote Sensing System (RSS) microwave and infrared (MWIR)
fused SST product and the National Oceanic and Atmospheric Administration (NOAA) in
situ SST Quality Monitor (iQuam) observations. Relative to iQuam, HY-2B SST has a mean
bias of —0.002 °C and a root mean square error (RMSE) of 0.279 °C. Compared to the MWIR
product, the mean bias is 0.009 °C with an RMSE of 0.270 °C, indicating high accuracy. ETC
yields an equivalent standard deviation (ESD) of 0.163 °C for HY-2B, compared to 0.157 °C
for iQuam and 0.196 °C for MWIR. Platform-specific ESDs are lowest for drifters (0.124 °C)
and tropical moored buoys (0.088 °C) and highest for ship and coastal moored buoys (both
0.238 °C). Both the HY-2B and MWIR products exhibit increasing ESD and RMSE toward
higher latitudes, primarily driven by stronger winds, higher columnar water vapor, and
elevated cloud liquid water. Overall, HY-2B SST performs reliably under most conditions,
but incurs larger errors under extreme environments. This analysis provides a robust basis
for its application and future refinement.

Keywords: sea surface temperature; HY-2B; iQuam; validation; extended triple collocation

1. Introduction

Sea surface temperature (SST) is a critical parameter for monitoring, understanding,
and forecasting heat, momentum, and gas fluxes across various spatial and temporal
scales [1-5]. These fluxes govern the intricate coupling between the atmosphere and the
ocean. SST not only influences air-sea moisture and heat exchange but also serves as a
fundamental indicator of ocean circulation patterns, frontal zones, water mass distributions,
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and other dynamic processes [6-8]. SST data are primarily obtained from in situ measure-
ments (ships and buoys) and satellite remote sensing. In situ measurements offer high
accuracy but have limited spatial coverage and resolution, and such datasets often exhibit
quality and completeness issues due to occasional outliers [9]. In contrast, satellite-derived
SST products provide high spatiotemporal resolution and near-synoptic global coverage,
making them increasingly important in oceanographic research.

Spaceborne scanning microwave radiometers provide continuous, all-weather ob-
servations and have been used to generate a global SST record for over 40 years [10,11].
However, differences in instrument design and calibration among microwave radiometers
can introduce biases in brightness temperature measurements, affecting the accuracy of
SST retrievals [12,13]. In addition, sensor performance can degrade over time, leading
to time-dependent errors in long-term SST observations [14]. Therefore, obtaining more
comprehensive and accurate SST products requires fusing observations from multiple
satellite sensors, which improves spatial coverage and consistency.

The Haiyang-2B (HY-2B) satellite, launched in October 2018, carries the Scanning Mi-
crowave Radiometer (SMR), which continuously measures SST, wind speed, atmospheric
water vapor, cloud liquid water, and rainfall intensity [15,16]. The addition of SMR signifi-
cantly expands the spatiotemporal coverage and timeliness of SST observations. Previous
studies have validated the accuracy of HY-2B Level-2B (L2B) SST products. Zhou et al. [17]
used NOAA iQuam in situ data to assess HY-2B SST, reporting a bias of -0.02 °C and an
RMSE of 0.80 °C. Similarly, Zhang et al. [18] reported a bias of 0.09 °C and an RMSE of
0.72 °C for these products.

Since its launch, HY-2B has been operational for over six years, far exceeding its design
life. However, no validation study has yet focused on the HY-2B L4A SST fusion product.
Compared to traditional single-sensor products, fused SST products offer substantially
improved spatial coverage, enabling near-global observations. In generating fused SST
products, different institutions may combine varied data sources (e.g., infrared SST, mi-
crowave SST, and in situ data) and processing methods to meet specific objectives. These
sources differ in format, spatial/temporal resolution, cloud detection algorithms, and
quality control procedures. Additionally, differences in fusion algorithms, initial field gen-
eration, land-sea boundary handling, and ice-masking techniques can lead to discrepancies
in the final product performance [19].

In this study, we apply extended triple collocation (ETC) and direct pairwise compari-
son methods to evaluate the operational HY-2B L4A fused SST product for the period from
1 October 2023 to 31 March 2025. Section 2 describes the data and methods. Sections 3 and 4
present the results and discussion, respectively. Section 5 concludes the study. The flowchart
of the step-by-step research is shown in Figure 1.
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Figure 1. Flowchart of the research methods.

2. Materials and Methods

This study employs multiple remote sensing SST datasets along with comparative
analyses and multi-scale validation to assess the observational performance of the HY-2B
SMR over the North Pacific. The datasets include the HY-2B L4A fused SST product, the
RSS MWIR fused SST product, NOAA iQuam in situ observations for accuracy assessment,
and ERADS reanalysis data for environmental context analysis.

2.1. Study Area

The study area covers the North Pacific (0-60°N, 120°E-100°W) (Figure 2). This
region spans from the tropics to mid and high latitudes and includes dynamic features
such as the Equatorial Warm Pool, the Kuroshio and California Currents, and the North
Pacific Subtropical High. Sea surface temperature in the North Pacific exhibits pronounced
spatio-temporal variability and strong seasonality, making it an ideal region for evaluating
satellite SST accuracy and stability across diverse climate regimes [20,21]. Moreover, a
dense network of buoys in this area provides ample collocated observations for validation.

2.2. Datasets
2.2.1. HY-2B SST

The HY-2B L4A fused sea surface temperature (SST) product used in this study is
an operational daily (24 h) fusion field produced by the National Satellite Ocean Applica-
tion Service (NSOAS) and distributed via the NSOAS Ocean Dynamics portal. The exact
product employed here is “MUL_OPER_SST_L4A_FU_01D_20250101_dps_250_10_sst”
(product level L4A). Files are provided in NetCDF-4 format with a nominal spatial reso-
lution of ~25 km; the file name convention indicates a daily aggregation (“01D”), which
we used for all collocations and analyses. The L4A fusion combines multiple satellite
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retrievals (microwave and infrared) through NSOAS’s operational fusion procedures (spa-
tiotemporal interpolation, quality control, bias correction and weighting) to produce con-
tinuous, gap-filled SST fields suitable for large-scale validation and applications. We
regridded/processed the daily HY-2B L4A fields as described in Section 2.3. to match
the temporal and spatial collocation scheme used for MWIR and iQuam. The HY-2B SST
dataset spans October 2023-March 2025.

..........................

150°E 180° 150°W 120°W
Longitude

Figure 2. HY-2B L4A SST distribution on 1 March 2025 over the North Pacific.

2.2.2. MWIR SST

The MWIR product (version 5.1) is a daily fused SST dataset provided by Remote
Sensing Systems (RSSs). It employs an optimized interpolation scheme to map daily SST es-
timates onto a 0.09° global grid, with records covering 2002 to the present. MWIR integrates
data from multiple sensors: microwave radiometers, including the GPM Microwave Imager
(GMI), TRMM Microwave Imager (TMI), Advanced Microwave Scanning Radiometer for
EOS (AMSR-E), Advanced Microwave Scanning Radiometer 2 (AMSR2), and WindSat,
and infrared (IR) radiometers, including Moderate Resolution Imaging Spectroradiometer
(MODIS), on the Aqua and Terra satellites and Visible Infrared Imaging Radiometer Suite
(VIIRS) on Suomi NPP and NOAA-20. IR sensors provide high spatial resolution but re-
quire clear-sky conditions, whereas microwave sensors can retrieve SST through clouds. In
that the MWIR dataset does not make use of HY-2B, it serves as an independent reference. A
diurnal cycle correction is applied using modeled base temperature adjustments to mitigate
daily thermal expansion/contraction effects. Although MWIR does not directly ingest in
situ data, its constituent microwave sensors are buoy-calibrated. The MWIR dataset serves
as an independent reference for cross-comparing the HY-2B fusion SST product. MWIR
data are available from the RSS data repository.

2.2.3. In Situ Observation Data

High-precision in situ SST observations are essential for satellite SST validation. The
NOAA in situ SST Quality Monitor (iQuam) dataset, developed by NOAA’s Satellite Appli-
cations and Research Center, is widely used for this purpose. The current iQuam version
(2.10) provides quality control (QC) of in situ SST measurements, online monitoring of QC-
processed data, and reformatted SST output with quality flags [22]. iQuam incorporates SST
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data from commercial vessels, drifting buoys, tropical moored buoys (T-M), coastal moored
buoys (C-M), and Argo floats, and is extensively used for satellite validation [23-25].

The iQuam QC procedures include pre-screening, plausibility checks, internal con-
sistency checks, and cross-consistency checks. Each observation is assigned a quality
level from 1 (poorest) to 5 (highest); this study uses only level 5 (highest quality) obser-
vations from ships, drifting buoys, and moored buoys. All iQuam data are provided in
NetCDF format. Xu et al. used triple collocation to estimate platform-specific observation
errors in iQuam [26]: their results (standard deviations of 0.75 K for ships, 0.21-0.22 K
for drifting buoys/Argo, 0.17 K for tropical moorings, and 0.40 K for coastal moorings)
indicate relatively low random errors across all platforms. This underscores the reliability
of high-quality iQuam data for validation.

2.2.4. ERA5 Reanalysis Data

ERAS is the fifth-generation global climate reanalysis produced by the European
Centre for Medium-Range Weather Forecasts (ECMWF) under the Copernicus Climate
Change Service (C3S), superseding ERA-Interim [27,28]. ERA5 provides hourly global fields
on a ~31 km horizontal grid with 137 vertical levels, encompassing over 30 atmospheric,
land, and oceanic variables. In this study, we employ daily-mean ERA5 single-layer data
for auxiliary environmental parameters: total column water vapor, total column cloud
liquid water, and the 10 m eastward (U) and northward (V) wind components. Notably,
ERADS assimilates a wide range of observations (over 200 data types, including satellite and
conventional upper-air measurements) but excludes HY-2B sensor data. It also directly
assimilates in situ ship and buoy observations (e.g., 10 m wind, 2 m humidity, sea surface
pressure) [28]. These ERAS5 variables are used to analyze HY-2B SST error characteristics
under varying environmental conditions.

2.3. Methods
2.3.1. Data Matching and Quality Control

To ensure comparability between the HY-2B, MWIR, and iQuam datasets, we employ
a unified spatiotemporal collocation and quality control framework. First, the MWIR SST
dataset was re-gridded to a 0.25° latitude-longitude grid using two-dimensional spatial
interpolation. For spatial collocation, each satellite grid point must lie within 25 km of
an in situ observation. Hourly in situ observations are averaged to daily means to match
the temporal resolution of the satellite products. Within each 0.25° grid cell and day; all
available observations from ships, drifting buoys, tropical moored (T-M) buoys, and coastal
moored (C-M) buoys are collocated.

All initial matchups undergo strict quality control: any records with missing values or
SST outside the 0-34 °C range are discarded, and only iQuam observations with quality
level 5 (highest quality) are retained. Figure 3 illustrates the spatial distribution of the
resulting collocated points. Finally, we tally the number of samples by platform type
to form platform-specific datasets for subsequent analysis. These collocation and QC
procedures ensure consistency and reliability across all SST data sources.

2.3.2. Comparison Methods

Comparing satellite-retrieved SST with in situ SST from ships and buoys is a standard
approach for evaluating retrieval accuracy [29-32]. Such comparisons assume that in situ
observations represent the true sea surface temperature; however, in situ measurements
contain both random and systematic errors [33,34]. Moreover, satellite sensors observe
different layers of the surface: infrared radiometers sense the near-surface “skin” tem-
perature (top few micrometers), while microwave radiometers retrieve the sub-skin SST
(roughly 1 mm depth) [35-37]. Cold-skin and diurnal warming effects can create significant
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temperature differences between the skin, sub-skin, and bulk layers [38,39]. These factors
introduce inherent biases and uncertainties in direct comparisons.

Ships (red dots)

Drifting Buoys (black dots)

00

120°E 50°E 180° 150°W 150w 120°E 150°E 180° 150°W 120°W
Coastal Moored Buoys (blue A)

Tropical M d B ed A
o : ropica ozore uoys: (r )

120°E 15{)°E 180° 150°W 12{)°W 120°E 150°E 150°W

Figure 3. Spatial distribution of all matched collocations (October 2023-March 2025). (a) Ships.
(b) Drifting buoys. (c) Tropical moored buoys (d) Coastal moored buoys.

To address these limitations, triple collocation (TC) methods have been developed to
estimate the error variances of three mutually independent datasets without assuming any
single dataset as truth [40,41]. TC has been widely applied to validate soil moisture, precipi-
tation, sea surface salinity, sea surface temperature, and sea surface wind and waves [42-48].
Building on the TC method, the extended triple collocation (ETC) method was proposed.
ETC adopts the same basic assumptions as TC but derives additional performance metrics,
including the correlation coefficient between each product and the unknown target, as well
as the scaled unbiased signal-to-noise ratio (SNRg,). Compared to standard deviation,
ETC provides a complementary perspective on product performance [49].

2.3.3. Statistical Indicators and Analysis

To quantify SST accuracy, we compute the mean bias, root mean square error (RMSE),
and Pearson correlation coefficient (R) between each satellite product and the reference
(in situ) SST. Bias is defined as the average difference between the satellite SST and the
reference SST. RMSE represents the standard deviation of these differences and is sensitive
to outliers, serving as a robust measure of overall precision. The Pearson correlation
coefficient R indicates the strength of the linear relationship between the satellite and
reference SST values. The mathematical formulas for these metrics are given by

Bias = 1

) Mz

(Si - 0)) )

N
1Y ?
RMSE = NE (Si—0;) 2)
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In the formula, N denotes the total number of matching data points between remote
sensing observations of SST and iQuam in situ SST, while S and O denote the satellite data
set and reference data set being verified, respectively.

2.3.4. Extended Triple Collocation (ETC)

ETC is a technique for estimating the noise error variance (errVar) and correlation
coefficient (rho) of three measurement systems (e.g., satellite, in situ, and model-based
products) relative to the unknown true values of the measured variables (e.g., sea surface
temperature, soil moisture, wind speed) [49]. ETC applies to both absolute and anomaly
values without requiring rescaling to a reference system.

Traditional approaches (e.g., linear regression) assume in situ data as truth, yet these
observations contain both random and systematic errors. Therefore, using extended triple
collocation (ETC) allows for independent estimation of the error variance for each mea-
surement system. ETC enables independent estimation of each system’s error variance,
avoiding reliance on a single reference dataset. Unlike traditional methods, ETC does not
assume any dataset as truth, thus providing independent error variance estimates for all
systems [50]. ETC uses the same assumptions as TC but provides an additional validation
parameter, namely the coefficient of determination (Ptz, x;) relative to the unknown “true”
value of the measured variable.

Assume that three independent measurement values are linearly related to the un-
known true value T. The affine error model between the measurement values and T can be
expressed as follows:

Xi=Xj+e = a;+Bit +¢ 4)

where X;(i € {1,2,3}) is a set of three spatially and temporally co-located datasets (X;:
system-based products; X,: model-based products; X3: in situ products), each with ad-
ditive random error ¢;; t is the unknown true value (or true state) and «; and B; are the
multiplicative bias and proportionality factor of dataset X; relative to the true value.

In this study, we adopted the covariance combination principle among the three
products without rescaling [40,49]. The covariance between different products is

COV(XI', X]) = E(X,X]) - E(XZ)E(X]) = ‘B,‘B](th + ‘B,‘COV(f, 8]) + ‘B]‘COV(f, 81') + COV(El’,Sj) (5)

0? = Var(t) (6)

The basic assumptions of ETC are that (i) the expected value of errors from indepen-
dent data sources is zero (E(e;) = 0), (ii) they are mutually independent (Cov(e;, ¢;) =
0, fori # j), and (iii) the errors of the three products are independent of each other and
unrelated to the true value t (Cov(t,¢;) = 0).

The covariance of these three products can be simplified as follows:

'Biﬁj(ftz, forz;«é]

Q;; =Cov(X;, Xj) =
v v B2o?+o2, fori=j

@)
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The error variance (781.2 = Var(g;). The error standard deviation (ESD) of the three
products can be determined from the square root of the error variance

/ Q1 — Qléz(sgls

0oy = |/ Qu — U322 ®

Q13
/ Qs — Q1(32§23

The correlation coefficient between t and X expressed in terms of covariance values is

\/@
Q11 Q3
prx = £ |sign(Q3 Qu3) % ©)

sign(Qy, Qa3) 4/ %

It is worth noting that the p; x provided by ETC has signed ambiguity; however, in
practical applications, p; x is always positive. To describe the combined effects of product
sensitivity (B;), true signal variability (0;), and measurement error variability (o), the
formula for calculating the correlation coefficient squared (the scaled unbiased signal-to-
noise ratio SNR,,) is as follows:

Qo Qi3 2

Q11 Q23

SNRuub = £ |sign(Qys Qus) 1/ 3282 (10)

sign(Qy, Qu3) /G2

where SNRg,;, represents the proportional unbiased signal-to-noise ratio. It contains in-
formation about product sensitivity and can be used to evaluate whether the noise level
of the system is suitable for detecting changes in target variables. We apply ETC to three
datasets—HY-2B, MWIR, and iQuam—across four platforms (Ship, Drifter, T-M, and C-M)
to derive their random errors (ESD) and SNRy,,;, values. To elucidate error sources, we ex-
amine the interplay between sensor characteristics and environmental conditions: infrared
(IR) sensors offer high spatial resolution but are hindered by cloud cover and atmospheric
water vapor, whereas microwave sensors provide all-weather SST retrievals at the cost of
coarser resolution and greater susceptibility to surface roughness and wind waves. The
MWIR product integrates data from two thermal-infrared sensors (MODIS, AVHRR) and
three passive microwave sensors (AMSR-E, AMSR2, WindSat) to optimize the trade-off
between observational accuracy and spatial coverage [51].

3. Results
3.1. Comparison with In Situ SST

Figure 4 shows scatter plots and bias histograms comparing the HY-2B and MWIR SST
products with the iQuam in situ observations over the period of October 2023-March 2025.
In each scatter plot, the data cluster tightly around the 1:1 line, with regression slopes very
close to unity and coefficients of determination (R?) exceeding 0.99. The bias histograms
for both products are approximately normal and centered near zero, with most differences
within £0.5 °C. These results demonstrate strong consistency between the satellite SST
products and the in situ measurements.
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Figure 4. Comparison results between HY-2B and MWIR with iQuam SST. (a) Scatter plot of HY-2B
and iQuam. (b) Scatter plot of MWIR and iQuam. (c¢) HY-2B bias histogram. (d) MWIR bias histogram.

Table 1 summarizes the comparison statistics (bias, RMSE, R?) for HY-2B and MWIR
versus iQuam, broken down by platform (All, Ship, Drifter, T-M, C-M). For HY-2B versus
iQuam (all platforms), the mean bias is —0.002 °C, RMSE is 0.279 °C, and R? is 0.9987. The
lowest RMSE values are found for drifters (0.177 °C) and tropical moored buoys (0.145 °C),
with corresponding R? values of 0.9994 and 0.9903. In contrast, ship and coastal moored
observations yield higher RMSEs (0.427 °C and 0.376 °C, respectively). For MWIR versus
iQuam, the overall bias is —0.011 °C and RMSE is 0.253 °C. MWIR also performs best on
drifters (RMSE 0.205 °C) and tropical moored buoys (0.175 °C), while ships and coastal
moorings have RMSEs of 0.337 °C and 0.350 °C, respectively. Both satellite products achieve
similar overall accuracy (R? > 0.99), performing particularly well on drifter and tropical
buoy platforms.

These results suggest that drifter and tropical moored buoys, which sample rela-
tively uniform open-ocean waters, yield the highest agreement with satellite SST (lowest
representativeness error). By contrast, ships and coastal moorings often operate in re-
gions with strong SST gradients or local disturbances, leading to larger point errors.
In those heterogeneous environments, representativeness errors increase. Notably, on
drifter and T m platforms, HY-2B exhibits the smallest random errors, whereas its er-
rors are larger for ship-based data. Overall, the HY-2B and MWIR products demon-
strate comparable accuracy (R? > 0.99), but platform-specific differences highlight distinct
observational characteristics.
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Table 1. Bias, RMSE, and R? of HY-2B and RSS MWIR SST against iQuam in situ observations
by platform.

iQuam Platforms

Match Type i
yp Indicator All Ship Drifter M cM
HY-2B Bias (°C) —0.002 —0.090 0.042 0.007 —0.063
VS RMSE (°C) 0.279 0.427 0.177 0.145 0.376
iQuam R-squared 0.9987 0.9974 0.9994 0.9903 0.9969
Number 5,686,212 535,382 3,359,875 126,826 1,663,980
MWIR Bias (°C) —0.011 —0.017 0.002 —0.057 —0.042
VS RMSE°C 0.253 0.337 0.205 0.175 0.350
iQuam R-squared 0.9989 0.9983 0.9991 0.9871 0.9970
Number 5,252,568 200,550 3,635,475 135,713 1,280,670
Figure 5 displays the spatial distribution of HY-2B SST error metrics (bias, RMSE, and
Pearson’s R) on a 2° x 2° grid (HY-2B vs. iQuam). In mid- to high-latitude open-ocean
regions, biases cluster near zero and RMSE remains below 0.25 °C, with R exceeding 0.99,
indicating excellent agreement where sea conditions are homogeneous and sampling is
dense. In contrast, coastal zones and data-sparse equatorial areas exhibit pronounced
negative biases (down to -0.1 °C), elevated RMSE (up to 0.4 °C), and slightly reduced R
(around 0.95), reflecting increased representativeness error and local disturbances. Notably,
these spatial patterns show no clear seasonal drift: overall, bias and RMSE stay low and
uniform in well-sampled open waters, whereas accuracy degrades in heterogeneous or
sparsely observed regions.
RMSE
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Figure 5. Spatial distribution of HY-2B SST versus iQuam SST on a 2° x 2° grid. (a) Mean bias,

(b) RMSE, (c) Pearson’s correlation coefficient (R), and (d) number of collocated samples.

3.2. Comparison of Fusion SST Products

Figure 6 compares the HY-2B and RSS MWIR SST fusion products directly. The
scatter density plot shows the HY-2B SST on the x-axis versus the MWIR SST on the
y-axis. The data points cluster tightly around the 1:1 reference line. A linear fit yields
y = 0.99x + 0.15 °C with R? = 0.999, indicating extremely strong agreement. The overall
mean bias (HY-2B minus MWIR) is only 0.009 °C, with an RMSE of 0.287 °C. The bias
distribution is approximately normal and centered near zero, with the majority of errors
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within £0.5 °C. In summary, HY-2B and MWIR fusion products show negligible system-

atic and random differences under large-sample conditions, confirming their exceptional

consistency and reliability.
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Figure 6. HY-2B and MWIR SST comparison. (a) Scatter density plot. (b) Bias histogram.

Figures 7 and 8 present monthly maps of the HY-2B minus MWIR bias from October

2023 to March 2025. In general, these maps reveal no systematic seasonal drift. Equatorial

regions remain near zero bias year-round, with no obvious zonal trends. Small alternating

positive/negative bias patterns appear in mid- and high-latitude seas. For example, the Sea

of Okhotsk exhibits a positive bias from January to July and a negative bias from August to

December. During boreal summer (June-August), bias hotspots emerge in the northwestern
Pacific, the Sea of Okhotsk, and the Sea of Japan—Iikely associated with the Kuroshio
Extension and other regional dynamics [52]. In boreal winter (December—February), these

regions show negative biases (HY-2B cooler than MWIR). Overall, biases are concentrated

in high-latitude and coastal areas, while open-ocean biases remain minimal and uniform.

These monthly maps confirm the absence of any significant seasonal drift: errors appear

randomly distributed, and the relatively short time span of this study precludes definitive

identification of longer-term seasonal or regional biases.
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3.3. ETC Analysis Results

Extended triple collocation (ETC) was used to evaluate the performance of the three
independent SST datasets (HY-2B, MWIR, and iQuam) on each platform. ETC separates
the random error variance of each system from representativeness error. The resulting
error standard deviation (ESD) quantifies the unbiased random error, and the sub-sampled
signal-to-noise ratio (SNRgp,) indicates the relative strength of the true signal. Table 2
lists the ETC analysis results for HY-2B, MWIR, and iQuam data across various platforms.
From this, we observe a significant difference between ETC-based ESD and conventional
RMSE, as ESD excludes the influence of representativeness errors [53,54]. At the aggregate
level (all platforms), iQuam has the smallest ESD (0.157 °C), followed by HY-2B (0.163 °C),
and MWIR has the largest (0.196 °C). The corresponding SNRg, values are very close to
1 (0.9996 for iQuam and HY-2B, 0.9993 for MWIR), indicating that all three systems have
strong detection capability for true SST variations.

Table 2. ETC analysis results of HY-2B, MWIR, and iQuam on different platforms.

Data ETC ALL Ship Drifting T-M C-M
HY-2B ESD (°C) 0.163 0.238 0.120 0.088 0.238
) SNRg b 0.9996 0.9991 0.9997 0.9962 0.9986
MWIR ESD (°C) 0.196 0.252 0.164 0.115 0.267
SNRg,b 0.9993 0.9990 0.9994 0.9933 0.9983

iQuam ESD (°C) 0.157 0.220 0.123 0.111 0.218
SNRgup 0.9996 0.9992 0.9997 0.9941 0.9988

Platform-specific results reveal that the lowest errors occur on drifter and tropical
moored buoy platforms. For drifters and tropical moorings (T-M), the ESDs are as follows:
iQuam = 0.123 °C and 0.111 °C (T-M); HY-2B = 0.120 °C and 0.088 °C; MWIR = 0.164 °C
and 0.115 °C, respectively. In contrast, ships and coastal moorings show higher ESD values
for all datasets. This pattern likely arises because drifters and T-M buoys are generally
located in the open ocean, where conditions are more stable and representativeness errors
are low. Notably, on the drifter and T-M platforms, HY-2B’s ESD is slightly lower than
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iQuam’s, indicating that HY-2B SST achieves exceptionally high precision under those
conditions. Overall, iQuam exhibits the highest accuracy (smallest ESD) as expected, while
HY-2B provides better accuracy than MWIR across all platforms.

4. Discussion

Our results indicate that the HY-2B L4A fusion SST product performs exceptionally
well. The scatter plots (Figures 4 and 6) show that both HY-2B and MWIR products are
highly consistent with each other and with in situ observations, with most errors randomly
distributed within 0.5 °C. In situ validation reveals that HY-2B has essentially zero mean
bias over the study period and a low RMSE (~0.2-0.3 °C). This represents a substantial
improvement over earlier HY-2B Level-2B products: for example, previous work reported
a bias of 0.1 °C and an RMSE of 0.87 °C for the HY-2B L2 SST [17]. Thus, the L4 fusion
processing appears to significantly reduce systematic errors and improve accuracy. Overall,
the HY-2B L4A product exhibits very small systematic errors and high correlation with in
situ SST.

Previous studies have shown that environmental parameters such as sea surface
wind speed, atmospheric water vapor, and cloud liquid water can introduce errors in
SST retrieval. As sea surface wind speed increases, sea surface roughness and foam
increase, altering microwave emission characteristics and thereby increasing SST retrieval
uncertainty. Additionally, water vapor and cloud liquid water in the atmosphere both
absorb and scatter microwave signals, increasing the complexity of atmospheric correction.
These factors can induce inter-channel crosstalk effects, significantly impacting SST retrieval
accuracy [55].

We analyzed the variation patterns of HY-2B SST error metrics (ESD, SNRyp, bias, and
RMSE) with respect to environmental variables (time, latitude, sea surface temperature,
wind speed, columnar water vapor, and columnar cloud liquid water) to comprehensively
evaluate its performance.

4.1. Time-Dependent Characteristics of SST Errors

Figure 9 shows the evolution of error metrics from October 2023 to March 2025 (10-day
averages). All products remain generally stable over time. In Figure 9a, HY-2B and iQuam
maintain low ESD (<0.2 °C) and high SNRy;, (>0.999) throughout the period, with their
curves nearly overlapping. MWIR has a slightly higher ESD and marginally lower SNRg,
but its temporal trend closely follows HY-2B. Figure 9b shows that SNRg, stays above
0.998 for all products, indicating a consistently high degree of agreement.

Figure 9¢,d indicate that the HY-2B bias relative to iQuam fluctuates around 0 °C with
no obvious trend, and RMSE fluctuates around 0.2 °C. The bias and RMSE time series for
MWIR are similarly flat. Notably, both satellite products exhibit somewhat higher ESD and
RMSE during boreal summer (June-August); MWIR in particular shows a noticeable bias
increase in that period, possibly due to stronger solar heating affecting the sensors. Over
the entire period, however, the consistency among HY-2B, MWIR, and iQuam remains high.
This suggests that both satellite products have stable time-series quality, with no significant
drift or degradation over the six-month span.

4.2. SST Error Characteristics at Different Latitudes

Figure 10 shows error metrics as a function of latitude (0-58°N). In Figure 10a, the ESD
for all three products increases with latitude from 0° up to about 35°N. Beyond 35°N, the
MWIR ESD remains roughly between 0.2 and 0.3 °C, while iQuam and HY-2B ESD gently
decline with further latitude. Figure 10b shows that SNRg,, stays above 0.99 at all latitudes,
with only small dips around 8°N and 44°N. Above 50°N, SNRg,y, fluctuates more significantly
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for all products, reflecting increased random error. These high-latitude fluctuations are likely

due to stronger winds and more variable conditions, which degrade SST accuracy.
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Figure 10c indicates that HY-2B bias (relative to iQuam) closely mirrors MWIR bias
across latitudes: slight positive biases occur in low latitudes and slight negative biases
in mid-to-high latitudes. Over 0-55°N, the difference in bias between HY-2B and MWIR
remains within £0.1 °C. Figure 10d shows that both satellite products have increasing
RMSE (and ESD) with latitude up to 35°N, then a gradual decrease. The similarity in
latitudinal error trends suggests that both products respond similarly to environmental
changes with latitude. In summary, SST errors generally grow with latitude into mid-
latitudes due to harsher conditions (higher winds, etc.) but then stabilize, and both HY-2B
and MWIR exhibit comparable error behavior as a function of latitude.

4.3. Changes in SST Error Characteristics at Different Temperatures

Figure 11 shows the changes in error characteristics within the 2 °C in situ sea surface
temperature interval, ranging from 0 to 30 °C. Since there are few data matching points
above 30 °C, these data will be excluded in this paper. The ESD changes of HY-2B and
iQuam are similar. Within the 0 to 14 °C range, the ESD of both systems increases with
rising temperature. In contrast, MWIR starts at a higher ESD value (0.3 °C). Subsequently,
the ESD of all three products decreases with increasing sea surface temperature, from
about 0.25 °C to 0.1 °C. Where HY-2B and iQuam have similar ESD values, both lower
than MWIR, it indicates that the random error of HY-2B is smaller than that of MWIR in
the low temperature range. The SNRg,;, of iQuam and HY-2B changes similarly with SST.
Within the SST range of 0 to 14 °C, SNRyy}, decreases with increasing SST, while MWIR'’s
SNRgp, slightly increases with rising SST. However, as sea surface temperature increases,
the SNRg}, of all three products gradually increases to above 0.99. As shown in Figure 11,
under extreme high-temperature conditions, the errors of all three products increase.
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Figure 11. Error characteristics as a function of iQuam SST. (a) ESD. (b) SNRgy,. (c) Bias (relative to
iQuam). (d) RMSE.

55



Remote Sens. 2025, 17, 3043

As shown in Figure 11c,d, within the range excluding extreme low and high tem-
peratures, the bias of HY-2B and MWIR relative to iQuam SST remains around 0 degrees.
Compared to HY-2B, MWIR has a higher RMSE relative to iQuam at low temperatures
(0.35 °C), but as SST increases, the two become increasingly similar. The overall perfor-
mance is similar to the ESD variation, with both showing a decreasing trend with increasing
SST after 14 °C.

4.4. Variations in SST Error Under Wind Speed Influence

Sea surface wind speed is an important environmental parameter affecting the accu-
racy of sea surface temperature measurements, largely due to the “cold skin effect” [36].
High wind speeds increase water mixing, thereby reducing temperature differences be-
tween different depths. Additionally, high sea surface wind speeds can cause white caps,
thereby increasing the uncertainty of sea temperature measurements.

Figure 12 shows error metrics as a function of surface wind speed (0-19 m/s). As wind
increases, MWIR'’s ESD begins to rise noticeably above 10 m/s, and its SNRg,, correspond-
ingly decreases (Figure 12a,b). By contrast, HY-2B and iQuam show no obvious trend in
ESD or SNRg,, with wind speed; both remain relatively stable with only small fluctuations.
Both products’ biases stay near 0 °C across wind speeds (Figure 12c). The RMSE of HY-2B
remains low and stable up to 10 m/s, with only slight increases in variability beyond that
(Figure 12d). MWIR’s RMSE, however, clearly increases with wind speeds above 10 m/s.
These observations are consistent with the cool-skin interpretation [56,57]: increasing wind
speeds enhance mixing and reduce the skin-subskin temperature difference, thereby di-
minishing the cool-skin contribution to satellite minus in situ differences. Since HY-2B
SMR retrieves a sub-skin temperature (~1 mm), the direct cool-skin contribution to HY-2B
minus typical in situ near-surface differences is small in our aggregated comparisons; nev-
ertheless, wind-driven roughness and foam remain important contributors to the increased
uncertainty at high winds.
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4.5. Variations in SST Error Under Columnar Water Vapor Conditions

The attenuation and radiation of water vapor in the atmosphere can affect the signals
received by microwave radiometers, thereby increasing the uncertainty in sea surface
temperature retrieval [58]. This study investigates the relationship between the SST error
characteristics of HY-2B and columnar water vapor (Figure 13). Since columnar water
vapor does not directly affect in situ data, the analysis in this section does not include
iQuam SST.
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Figure 13. Error characteristics as a function of columnar water vapor. (a) ESD. (b) SNRg,. (c) Bias
(relative to iQuam). (d) RMSE.

Figure 13 analyzes HY-2B and MWIR errors versus total column water vapor
(1-75 mm). Between 1 and 35 mm of vapor, both HY-2B and MWIR ESD decrease, reaching
about 0.14 °C (Figure 13a), after which the ESD remains roughly constant; minor oscilla-
tions occur at very high vapor (>60 mm). The SNRg}, for both products (Figure 13b) drops
when vapor is below 10 mm or above 40 mm (reaching minima) and then increases again
at very high vapor (>65 mm). In terms of bias, HY-2B tends to have a slight positive bias in
the mid range (11-55 mm), whereas MWIR shows a slight negative bias at very low and
very high vapor, being near zero otherwise (Figure 13c). The RMSE trends (Figure 13d)
largely mirror those of ESD: RMSE declines with increasing vapor up to 35 mm and then
fluctuates. These patterns suggest that moderate amounts of water vapor improve retrieval
(reducing random error), but extremes of low or high vapor content degrade accuracy
through increased attenuation.
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4.6. Impact of Cloud Liquid Water Content on SST Error Characteristics

Similar to water vapor, the presence of liquid water in clouds also increases the
uncertainty of microwave SST retrieval. Figure 14 shows the effect of columnar cloud
liquid water (0-1.0 mm) on HY-2B and MWIR SST errors. As liquid water content rises
from 0 to ~0.5 mm, the ESD of both HY-2B and MWIR increases substantially (Figure 14a),
with MWIR’s ESD exceeding that of HY-2B. Beyond 0.5 mm, the errors tend to saturate or
even decrease slightly. Both products maintain generally negative biases as liquid water
increases (Figure 14c), and the RMSE (Figure 14d) follows a similar upward trend. This
behavior indicates that cloud liquid water exacerbates SST retrieval errors (due to increased
microwave attenuation and scattering), although beyond a certain point the incremental
effect levels off.
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Figure 14. Error characteristics as a function of liquid water content in columnar clouds. (a) ESD.
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Our analysis indicates that HY-2B SST errors are most pronounced under extreme
conditions. For example, at high latitudes (around 60°N), we observe HY-2B biases up
to 0.13 °C and RMSE 0.36 °C. The harsher environments there (strong winds, sea ice)
contribute to higher retrieval errors. In contrast, tropical and subtropical waters have more
uniform conditions (weaker winds, less vapor variability), leading to lower and more stable
errors. Overall, HY-2B SST performs reliably under most conditions, but errors increase
under conditions of high winds, high latitudes, and heavy atmospheric moisture.

58



Remote Sens. 2025, 17, 3043

5. Conclusions

This study systematically assessed the observational performance of the HY-2B L4A
fusion SST product by comparing it with RSS MWIR satellite SST and NOAA iQuam in
situ data from October 2023 to March 2025. All datasets were collocated in time and space
for a fair comparison. The HY-2B and iQuam comparison yielded a near-zero mean bias
(-0.002 °C), an RMSE of 0.279 °C, and an R? = 0.9987, indicating negligible systematic
error and very high accuracy. Platform-specific analysis showed that HY-2B has the lowest
RMSE (0.145-0.177 °C) on drifters and tropical moored buoys, outperforming MWIR on
those platforms. Ships and coastal moorings exhibited higher RMSE (0.376-0.427 °C) for
HY-2B, as expected for these heterogeneous environments. These differences arise because
drifters and tropical moorings are located in open ocean with uniform SST, resulting in low
representativeness error, whereas ships and coastal moorings often operate in areas with
large temperature gradients or local disturbances.

In a direct comparison between the two satellite fusion products, HY-2B and MWIR
agree very closely: the average bias is 0.009 °C and the RMSE is 0.270 °C, with most
errors within +0.5 °C. This demonstrates the consistency and reliability of both prod-
ucts under broad conditions. Extended triple collocation analysis confirms these findings.
Drifter and tropical moored platforms have the lowest ESD values (e.g., HY-2B ESD of
0.088-0.120 °C), while ships and coastal moorings have higher ESD. Overall, HY-2B’s
aggregate ESD (0.163 °C) lies between iQuam (0.157 °C) and MWIR (0.196 °C). The corre-
sponding signal-to-noise ratios are nearly identical for all three products, indicating robust
detection of true SST signals. These results suggest that HY-2B has slightly better random
error control than MWIR, which contains more noise.

Finally, our analysis revealed that HY-2B SST errors increase under extreme environ-
mental conditions: high winds, high latitudes, and high water vapor or cloud content.
For instance, above 50°N, random errors and SNRg,;, fluctuations increase due to colder
sea and rougher conditions. At wind speeds above 10 m/s, HY-2B RMSE begins to rise
(the “cold skin effect”), whereas MWIR errors increase more steadily. Very high or very
low total water vapor causes a modest bias increase (0.05 °C) and higher RMSE, reflecting
increased attenuation. Similarly, columnar cloud water up to 0.5 mm raises HY-2B and
MWIR ESD and RMSE. These findings suggest that atmospheric attenuation and cloud
radiation notably affect microwave SST retrieval. Future work could incorporate environ-
mental corrections or advanced multi-source fusion to improve SST accuracy under such
challenging conditions.

Overall, the HY-2B L4A fusion SST product demonstrates high accuracy and consis-
tency across most conditions, providing a reliable resource for oceanographic applications.
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Abstract

The northern South China Sea has abundant frontal systems near coastal and island regions,
which play crucial roles in regional ocean dynamics and ecosystem. While previous
studies have established preliminary understanding of their spatial distribution, seasonal
variability, and dynamic characteristics, the atmospheric response to these frontal systems
remains poorly understood. This study integrates observations from a moored buoy
deployed on the continental shelf of the South China Sea with satellite remote sensing data
to analyze oceanic and atmospheric variations during frontal passage. The results reveal
that the ocean front can not only induce pronounced oceanic changes characterized by
significant cooling, saltiness, and surface current acceleration, but also exert substantial
influence on the overlying atmosphere, with consistent decreasing trends in air temperature,
humidity, and atmospheric pressure, all of which rapidly recovered following frontal retreat.
Notably, when the front directly traversed the buoy location, diurnal temperature cycles
were markedly suppressed, while turbulent heat flux and downfront wind-stress curl
reached peak magnitudes. These findings demonstrate that ocean fronts and associated
sea surface temperature gradients can trigger intense air-sea exchange processes at the
ocean—-atmosphere interface.

Keywords: air-sea interaction; oceanic front; South China Sea

1. Introduction

The oceanic front is defined as narrow transitional zones marking the boundaries
between distinct water masses with contrasting physical, chemical, and biological prop-
erties [1-3]. These frontal systems have spatial scales ranging from O(1) to O(1000) km
and serve as regions of intense dynamical activity where energy transfers strongly from
large-scale to small-scale motions through processes including frontal instabilities, internal
wave generation, and intense turbulent mixing [4-6]. The enhanced vertical circulation
associated with frontal dynamics facilitates the upward transport of heat and material
from ocean interior into surface layer, creating conditions that significantly enhance local
biological productivity [2,7,8].

Beyond their oceanic impacts, frontal systems can also exert considerable influence on
atmospheric boundary-layer processes through multiple mechanisms [9-13]. Based on satel-
lite observations and model simulations, ocean mesoscale fronts and eddies have been sug-
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gested to drive substantial variabilities in local surface wind [14-17], precipitation [13,18],
and cloud formation [14,19]. The impacts of these fronts are not confined to the local area
and can propagate to remote regions by forcing planetary waves [20]. The mechanisms
for this air—sea interaction typically involve changes in the atmospheric vertical mixing
or surface pressure above a strong sea surface temperature (SST) gradient in the frontal
region [9,10,16,21]. Submesoscale fronts are also associated with a strong SST gradient and
could potentially drive significant changes in the atmosphere, especially in the marine
atmospheric boundary layer (MABL) [22,23].

The South China Sea (SCS) is the largest marginal sea in the Western Pacific Ocean,
encompassing a complex oceanographic environment [24-30]. This semi-enclosed basin
serves as a critical component of the global ocean circulation system, where multiple
oceanic and atmospheric forcing mechanisms converge to create intricate patterns of water
mass distribution and frontal dynamics [31-35]. The northern region of the South China
Sea exhibits typical frontal systems that demonstrate significant spatiotemporal variability
under the influence of multiple physical processes. These include monsoon forcing, tidal
mixing, river plume dynamics, coastal upwelling, and topographic interactions [36-39]. The
interplay of these diverse mechanisms results in the formation of distinct water masses with
contrasting thermohaline properties along coastal regions and in the vicinity of islands. The
winter frontal formation is predominantly driven by the interaction between two distinct
water masses: the cooler Guangdong coastal current induced by the northeast monsoon and
the warmer waters transported shoreward through Ekman transport mechanisms [40-42].
Conversely, during the summer monsoon season, frontal activity diminishes significantly.
The southwest monsoon generates coastal upwelling along the Vietnamese coast and the
eastern side of Hainan Island, bringing cooler, nutrient-rich subsurface waters to the surface
and forming oceanic fronts [36,42].

Despite considerable advances in understanding the spatial distribution, seasonal
variability, and dynamical characteristics of these coastal frontal systems, a significant
knowledge gap remains regarding their potential impact on atmospheric processes in
marginal sea environments. Previous satellite observations and reanalysis data have
revealed statistically significant positive SST-wind correlations in the northern South China
Sea coastal region, with coupling coefficients that exceed those observed at mid-latitude
oceans but remain smaller than equatorial regions [43]. Oceanic fronts can induce baroclinic
adjustment of perturbation pressure within the marine atmospheric boundary layer, with
pressure gradient adjustments representing the dominant term in horizontal momentum
budgets over frontal zones [44]. However, the lack of high-frequency observational data
has hindered our ability to further investigate the instantaneous variations in atmospheric
responses to these fontal processes. In this study, we use observational data collected from
a moored buoy system deployed along the eastern coast of Hainan Island to investigate
the influence of oceanic frontal systems on air—sea interaction. The in situ measurements
from hydrographic instrumentation were combined with satellite remote sensing data to
successfully identify and characterize a frontal passage event. By examining atmospheric
changes occurring before and after the frontal passage, it is found that the oceanic front can
influence local atmospheric conditions and contribute to air—sea interaction processes in
complex coastal environments.

The rest of this paper is organized as follows. In Section 2, the buoy and satellite obser-
vations are introduced, including detailed descriptions of instrumentation, data processing
methodologies, and quality control procedures. In Section 3, the frontal passage process
and its significant atmospheric impacts are described. The conclusion and discussion are
presented in Section 4.
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2. Materials and Methods
2.1. Buoy Observation

On 10 April 2025, a buoy system was deployed at a water depth of ~105 m, approx-
imately 50 km east of Hainan Province, China (Figure 1). The buoy configuration was
designed to capture both atmospheric and oceanic parameters across multiple depths to
facilitate detailed analysis of air-sea interaction processes. The atmospheric measurement
suite was positioned 10 m above the sea surface and comprised sensors for temperature,
humidity, atmospheric pressure, and wind speed. The sample interval of all sensors was
set to one minute. To minimize measurement uncertainties and random noise effects, all
meteorological data were subsequently processed to hourly averages. Below the sea surface,
five Conductivity-Temperature-Depth (CTD) sensors and five single-point current meters
were positioned at depths of 5 m, 20 m, 30 m, 50 m, and 75 m with a sampling interval
of one hour. Unfortunately, several technical issues affected data availability during the
deployment period. The CTD at 30 m depth experienced an unidentified malfunction prior
to 25 April, resulting in the absence of valid measurements from this level. Additionally,
the current meter deployed at 75 m depth failed shortly after deployment. After applying
a 24 h sliding window analysis for each measured variable, all observations exceeding
3 standard deviations from the local mean within each window were flagged as anomalous
values and subsequently removed from the dataset. Finally, the remaining 65% of dataset
extended from 10 April to 10 May are used in this study.
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Figure 1. Monthly mean sea surface temperature (shading) and wind vectors (arrows) in the Northern
South China Sea for April 2025. The yellow star indicates the moored buoy location. The black line
denotes 100 m isobath.
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2.2. Satellite Observation

To clarify the regional oceanic conditions surrounding the deployment site, SST fields
from the Operational Sea Surface Temperature and Sea Ice Analysis (OSTIA) product were
incorporated here. The OSTIA dataset provides a global, daily, gap-free foundation SST
analysis at a high horizontal resolution of 0.05° on a regular grid, providing sufficient
detail to resolve small-scare oceanic features such as fronts and eddies in the vicinity of
coastal area. This level-4 (L4) product, covering the period from 1 October 1981, integrates
multiple satellite observations alongside in situ measurements. The processing chain in-
volves extracting and quality-controlling observations, applying satellite bias adjustments,
assimilating the corrected inputs along with reprocessed sea ice concentration data, and
performing an objective analysis. Each daily analysis incorporates data from a three-day
window centered on the analysis date, with reduced weighting for surrounding days,
resulting in global maps of analyzed SST and its uncertainty field. It should be noted that
the three-day temporal averaging may dampen small-scale and short-lived oceanic events,
such as frontal passages. This temporal smoothing acts as a low-pass filter, potentially
reducing the amplitude and sharpness of rapid SST changes compared to point measure-
ments from buoys or other high-frequency observations. Additionally, hourly wind-field
data from scatterometer observations and the European Centre for Medium-Range Weather
Forecasts (ECMWF) reanalysis were utilized to characterize the wind variability in the
vicinity of the buoy deployment site. The following discussion is within the domain of
17.5-21.5°N and 109.5-113.5°E.

2.3. Numerical Model Simulation

To further investigate the atmospheric response to ocean fronts, we conducted high-
resolution numerical simulations using the Weather Research and Forecasting Model
(WREF) version 3.4, developed by the National Center for Atmospheric Research. The model
domain was configured over 18.5-21.5°N and 115-118°E, with a horizontal resolution of
1 km and 30 vertical layers (Figure 2). Initial and boundary conditions were derived from
ERADS reanalysis data, temporally and spatially averaged over the corresponding study
region during April 2025. For the bottom boundary conditions, we prescribed an idealized
north—south oriented sea surface temperature (SST) front, with temperatures of 21 °C and
23 °C on the western and eastern sides, respectively. The transition zone was set to 4 km
width, corresponding to a thermal gradient intensity of 5 x 10~* °C m~!. Initial wind
conditions were specified as southerly flow. The model was integrated with hourly output
frequency, reaching steady states after approximately three days. Our analysis focuses on
the averaged results from the subsequent five-day period to ensure statistical robustness.
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Figure 2. The horizontal distribution of Sea surface temperature for numerical model experiment.
White arrows represent initial wind vectors.

3. Results
3.1. Moored Buoy and Satellite Observations of an Oceanic Front

During the one-month observation period from 10 April to 10 May, the CTD measure-
ments from the buoy reveal distinct vertical stratification and temporal variability of upper
75 m of water mass (Figure 3). Prior to 12 April, the potential temperature values remained
relatively stable around 22-25 °C across all depths, while salinity showed minimal variation
around 34.2-34.4 psu, and potential density anomaly (¢y) maintained consistent values
near 23.8-24.0 kg m 3, indicating a well-mixed condition in the whole water column. Sub-
sequently, the water temperature at 15 m progressively increased from approximately 24 °C
in mid-April to nearly 29 °C by 10 May, representing a remarkable 5 °C warming over less
than one month (Figure 3a). Concurrently, a significant freshening process occurred, with
salinity decreasing from 34.3 psu to approximately 33.0 psu (Figure 3b). In contrast, the
temperature and salinity at 50-75 m remained consistently around 22-23 °C and 34.5 psu,
respectively, until the onset of fluctuations in late April, which suggests the development
of a strong thermocline that effectively isolated the surface mixed layer from deeper waters.
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The combined effects of surface warming and freshening resulted in a pronounced decrease
in g at shallow depths, declining from approximately 23.8 kg m 2 to values approaching
21.0 kg m~3 by early May (Figure 3c). The resulting density stratification represents a
classic example of ocean stratification, transitioning from the well-mixed winter conditions
to strongly stratified summer conditions.
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Figure 3. (a) Potential temperature, (b) salinity and (c) oy measured by five CTD at multiple depth
layers. Noted that the CTD deployed at 30 m depth achieved stable operation and initiated continuous
data logging from 25 April. The black dashed line represents the timing when frontal passage causes
near-surface temperature to decrease and salinity and density to increase.

To eliminate temperature and salinity disturbances caused by vertical motions of
CTDs on the buoy, we interpolate all variables onto two reference depths (13 m and 68 m)
(Figure 4). These two depths are obtained by averaging the time-averaged pressure values
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from the upper two CTDs and lower two CTDs, respectively. This approach minimizes the
difference between the measured pressure and the chosen constant reference depths [45].
Beyond the overall warming trend and stratification processes, the temperature time series
clearly show a pronounced cooling event occurring around 25 April, characterized by
temperature decreases of approximately 2 °C at both depths within less than two days.
Accompanying the temperature anomaly, significant changes in salinity and density pat-
terns, with their values at 13 m increased by 1 psu and 1 kg m~3, respectively. At the 68 m,
salinity and density also increased, though the magnitude was considerably smaller, to
only 20-30% of the 13 m values. After 2 days, all variables at both depth levels began to
return toward their pre-event levels, implying that this abrupt and short-lived cooling
event may be not caused by a simple surface cooling process such as atmospheric heat flux
modification, but rather involved the advection or upwelling of cooler water masses from
laterally or below into the observation area.
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Figure 4. Measurements of the same values in Figure 3, but for the interpolated values at 13 m
and 68 m, respectively. The black dashed line represents the timing when frontal passage causes
near-surface temperature to decrease and salinity and density to increase.
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The current velocity measurements from the upper 50 m also show a significant flow
change that preceded the cooling event by approximately two days (Figure 5). Throughout
most of the observation period, the current magnitudes remained relatively consistent
across all depth levels, exhibiting a gradual strengthening trend with predominantly
southward flow directions. However, on 21 April, the 15 m current speed increases from
approximately 0.5 m/s to nearly 1.0 m/s within 25 h, representing an acceleration rate
that far exceeded the background trend. Noted that the flow rotates from southward to
eastward direction during the acceleration process, which provides crucial insight into
the potential source region of the anomalous water mass, suggesting that the cooler, more
saline waters originated from the continental shelf or nearshore coastal areas to the buoy
location. Similarly to the rapid return of water properties, the current velocities drop back
to the previous levels by 25 April, confirming that the entire sequence of events represents
a coherent, short-lived perturbation to the local ocean state. Only energetic mesoscale or
smaller-scale features such as oceanic fronts or eddies possess the capacity to generate such
dramatic and rapid changes in both the velocity field and water mass properties.
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Figure 5. (a) Current magnitude and (b) direction measured by four current meters at multiple depth
layers. The black dashed line represents the timing of frontal passage when current velocity increases,
which occurs two days earlier than the changes in hydrographic properties.
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An examination of satellite-derived SST data provides a broader spatial perspective on
the regional oceanographic conditions during the observation period (Figure 6). Consistent
with the CTD measurement, the SST field reveals a coherent warming trend throughout
the surrounding region over the one-month period. However, the spatial distribution of
SST exhibits a distinct north—-south gradient, with temperatures systematically decreasing
from south to north due to the presence of coastal currents that transport cooler, saltier
waters along the continental margin. When these cooler, saltier coastal waters encounter the
warmer, fresher offshore waters characteristic of the South China Sea, the resulting density
contrasts create favorable conditions for the development and intensification of frontal
systems [42,46]. On 20 April, a well-defined oceanic front oriented in a northeast-southwest
direction was formed to approximately 30 km northwest of the buoy deployment site
(Figure 6a,d). This front manifests as a sharp gradient in SST, with temperature differences
across the frontal zone reaching ~2 °C over distances of only 15-20 km. Subsequently,
the intensification of northeasterly winds drives the coastal current system to transport
increasingly larger volumes of cold water toward the Hainan Island, leading to a progres-
sive strengthening of the frontal system and its gradual offshore migration (Figure 6b,e).
By 25 April, the frontal system reaches its maximum intensity and extends to the buoy
location, spanning approximately 200 km in length with an average cross-frontal temper-
ature gradient reaching magnitudes of 2 x 10~% °C m~! (Figure 6e). Following the peak
intensity on 25 April, a shift from northeasterly to southeasterly winds leads to a retreat of
the frontal system back toward the coast, allowing the warmer offshore waters to reoccupy
the buoy location and explaining the subsequent recovery of temperature and salinity
values(Figure 6c,f). The satellite observations thus provide compelling evidence that the
rapid cooling event, current acceleration, and water mass property changes recorded at the
buoy resulted from the passage of this well-defined oceanic front, rather than from local
surface cooling or other small-scale processes.

3.2. Atmospheric Response to the Frontal Passage

Although the moored buoy system cannot directly measure the spatial structure of the
oceanic front, the satellite-derived evidence of frontal migration toward the buoy location
enables us to treat this event as a cross-frontal observation, offering valuable insights
into whether oceanic fronts can exert measurable influence on the overlying atmospheric
boundary layer. Figure 7 displays the hourly evolution of atmospheric variables from
22 to 25 April during the frontal approach and passage toward the buoy location. The
air temperature time series reveal a progressive cooling trend that closely mirrors the
underlying SST evolution (Figure 7a), demonstrating strong coupling between oceanic
and atmospheric thermal structures. Initially maintaining relatively stable values around
27 °C on 22-23 April, the air temperature begins a systematic decline as the oceanic
front approaches the observation site. Most remarkably, the typical diurnal temperature
cycle, which remained clearly visible during 22-23 April with amplitude variations of
approximately 0.5 °C, becomes virtually eliminated on 24 April, indicating that the oceanic
forcing associated with the frontal passage overwhelms the normal solar heating cycle
and creates anomalous atmospheric conditions. The air temperature reaches its minimum
value of approximately 26.2 °C at 06:00 UTC on 25 April, coinciding with the timing when
satellite observations show the oceanic front achieving maximum intensity and closest
proximity to the buoy location, thus establishing a clear temporal correlation between
oceanic and atmospheric thermal anomalies. Following this minimum, the atmospheric
temperature begins a gradual recovery that parallels the retreat of the oceanic front and the
subsequent reoccupation of warm waters.
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Figure 7. (a) Air temperature, (b) relative humidity, (c) pressure and (d) wind speed measurements at
10 m height above the sea surface.

The relative humidity and atmospheric pressure fields (Figure 7b,c) exhibit similarly
coherent responses to the frontal passage, but their minimum values occur approximately
15 h earlier than the temperature minimum, at around 15:00 UTC on 24 April. This temporal
offset suggests that humidity and pressure respond more rapidly to the initial approach
of the cooler, denser air mass associated with the oceanic front. The wind speed had a
sustained weakening trend throughout the entire observation period, with a reduction in
more than 50% (Figure 7d). Although the wind speed does not recover to its initial values
following the frontal passage, a pronounced wind speed perturbation occurs at 20:00 UTC
on 24 April. This wind speed anomaly likely represents the instantaneous atmospheric
response generated by the sharp horizontal temperature gradients associated with the
oceanic front.
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The modifications to the air-sea exchange processes across the front are further quan-
tified by the surface heat flux based on COARE 3.0 algorithm [47]. The temporal evolution
of sensible heat flux (SHF), latent heat flux (LHF), and turbulent heat flux (THF) from
22 to 25 April demonstrates that the heat exchange is predominantly governed by sensible
heat transfer (Figure 8). Before 22-23 April, the turbulent heat fluxes display characteristic
diurnal cycling patterns, with THF reaching maximum positive values of approximately
12-13 W m~2 during nighttime hours around 05:00 UTC when the air-sea temperature
differential favors upward heat transfer from the relatively warm ocean surface to the
cooler atmospheric boundary layer. The diurnal minima typically occur during daytime
hours around 14:00 UTC when solar heating elevates air temperature, resulting in sign
reversal of flux values. However, the approach and passage of the oceanic front on 24 April
fundamentally disrupts these established heat exchange patterns. The THF maintains
persistently negative values, indicating a sustained period of oceanic heat absorption from
the atmosphere. The magnitude of this thermal forcing becomes particularly evident when
examining the timing and intensity of the daily flux maximum, which undergoes both tem-
poral displacement and substantial amplification during the frontal passage. The trough
heat flux on 24 April is delayed by approximately 6 h, not reaching its minimum until
around 20:00 UTC on 24 April. This temporal shift coincides with the period of maximum
frontal intensity and closest proximity to the observation site. More remarkably, the mag-
nitude of this delayed trough reaches approximately —40 W m~2, representing nearly a
two-fold amplification compared to the typical values of 10-20 W m~2. This doubling of
heat flux intensity underscores the extraordinary efficiency of oceanic fronts in enhancing
air—sea exchange processes through their ability to maintain steep temperature gradients
and sustained thermal disequilibrium between oceanic and atmospheric boundary layers.
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Figure 8. Turbulent, sensible and latent heat flux estimated using COARE 3.0 algorithm.
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An additional complexity in the heat flux evolution appears at 19:00 UTC on 24 April,
precisely coinciding with the sudden wind speed reduction documented in the atmospheric
measurements. The wind speed perturbation at this time likely represents the atmospheric
boundary-layer response to the passage of the most intense portion of the oceanic front.
Given that the oceanic front maintained a relatively consistent northeast-southwest orien-
tation throughout its approach and passage, with satellite analyses revealing an average
frontal orientation of 30° east of north during 22-25 April, we projected the measured wind
vectors onto this front-relative coordinate system to isolate the downfront and cross-front
wind components, thereby enabling a more precise characterization of the atmospheric
response to frontal forcing (Figure 9a,b). This coordinate transformation shows that the
wind speed reduction manifests predominantly in the downfront component rather than
the cross-front component. To quantify the dynamical implications of these wind-field
modifications and assess their relationship to oceanic frontal forcing, we computed the
temporal derivatives of wind-stress components and interpreted these quantities as approx-
imations for the cross-front components of wind-stress curl and divergence, respectively
(Figure 9¢,d). The calculated curl component (Figure 9c) reveals a dramatic intensification
between 18:00 and 22:00 on 24 April, with magnitude increases of approximately three times
of magnitude compared to pre-frontal conditions. Although the values oscillate between
positive and negative extremes reflects the limitation of calculating only one component
of the wind-stress curl, it is somewhat indicative of a positive correlation between the
cross-front SST gradient intensity and curl magnitude, consist with the previous satellite
observation studies [17,43,48].
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Figure 9. (a) Downfront wind speed, (b) cross-front wind speed, and temporal change rate of
(c) downfront wind stress and (d) cross-front wind stress.
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The simulation results provide compelling evidence for the atmospheric response to
ocean fronts. Figure 10 shows the cross-frontal SST and atmospheric variations. The air
temperature and THF exhibit a sharp transition coinciding with the SST front at x = 0 km,
demonstrating the strong coupling between oceanic and atmospheric thermal structures.
Although the magnitude of LHF is only half of the observed values, the THF increase is still
primarily contributed by LHF rather than SHF. The LHF shows a dramatic peak near the
frontal position, reaching approximately —15 W m~2, while the SHF contribution remains
relatively modest throughout the cross-frontal section. Furthermore, the wind-stress curl
intensity indeed shows significant amplification at the frontal location, consistent with our
observational findings. The downfront wind-stress gradient in the cross-front direction
(—01x/dy) dominates the wind-stress curl magnitude. This enhanced wind-stress curl
generation is attributed to the differential surface roughness and stability conditions across
the thermal front. Therefore, these results substantiate that the observed atmospheric
anomalies can be attributed to the presence and dynamics of oceanic fronts.

20"
23.5 .

_ (b) g ¢
O BN |7 R s 10 =
ry \ =
23 £ "
= 5
© O
) -4 5
5 2
225 e
t _gTHFax-aT i =
& :'. »- SR BTjBx e ] _8 -E
g E -aTxfay ;

' 22 ' ~10
-10 0 10 -10 0 10
km km

Figure 10. The distribution of (a) sea surface temperature and air temperature; (b) surface heat flux
and wind-stress curl along the cross-frontal transect (green line in Figure 2).

4. Conclusions and Discussion

This study presents a comprehensive analysis of oceanic frontal impacts on air-sea in-
terface processes in the northern South China Sea using in situ buoy observations combined
with satellite-derived data. Through a one-month deployment period, we successfully
captured and characterized the passage of a well-defined oceanic front and its subsequent
effects on both water properties and atmospheric boundary-layer conditions. The main
conclusions are summarized as follows:

(@) The buoy recorded a distinct cooling and saltiness event characterized by rapid
temperature decreases of approximately 2 °C and salinity increases of 1 psu at 13 m depth.
The current velocity measurements revealed a significant flow enhancement occurring two
days prior to the cooling event, with speeds accelerating from 0.5 m/s to nearly 1.0 m/s,
accompanied by a directional shift from southward to eastward flow. This temporal
sequence indicates that oceanic dynamical processes, rather than atmosphere forcing,
dominated the change in water mass properties.

(b) Satellite-derived SST fields confirmed that the observed anomalies resulted from
the passage of an oceanic front. The frontal system, driven by northeasterly winds, trans-
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ported cooler, saltier coastal waters offshore, reaching maximum intensity on 25 April with
cross-frontal temperature gradients of 2 x 10~* °C-m~! spanning approximately 200 km.
The subsequent wind direction changes to southeasterly caused frontal retreat and the
restoration of pre-frontal conditions.

(c) The oceanic front exerted measurable influence on the overlying atmospheric
boundary layer, manifesting through significant decreases in air temperature, humidity,
and atmospheric pressure that closely tracked the underlying SST evolution. Most notably,
the passage of the frontal system completely suppressed the normal diurnal cycle of air
temperature on 24 April, indicating that oceanic forcing overwhelmed solar heating effects.
The enhancement of turbulent heat flux and downfront wind stress curl collectively demon-
strates the capacity of oceanic fronts to significantly modify air-sea exchange processes.

While our single-point moored buoy observations detected the temporal evolution
of frontal passage, the inherently limited spatial coverage constrains our ability to fully
characterize the three-dimensional structure and cross-frontal gradients of the oceanic
front. The observed atmospheric responses also represent point measurements that may
not accurately reflect the spatial heterogeneity of air-sea exchange processes across the
frontal zone. Future investigations would benefit from spatially distributed observational
arrays or cross-frontal transects to better resolve the horizontal scale dependence of frontal
impacts on atmospheric boundary-layer dynamics. In addition, the observed frontal event
occurred during the spring-to-summer transition period, when the South China Sea expe-
riences significant changes in monsoon patterns and thermal stratification [40,42,43]. The
relationship between frontal intensity and seasonal atmospheric forcing remains unclear
from our limited temporal dataset.
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Abstract

Mesoscale coastal eddies are key components of ocean circulation, mediating the transport
of heat, nutrients, and marine debris. The Surface Water and Ocean Topography (SWOT)
mission provides high-resolution sea surface height data, offering a novel opportunity
to improve the observation and characterization of these features, especially in coastal
regions where conventional altimetry is limited. In this study, we investigate a mesoscale
anticyclonic coastal eddy observed southwest of Mallorca Island, in the Balearic Sea, to
assess the impact of SWOT-enhanced altimetry in resolving its structure and dynamics.
Initial eddy identification is performed using satellite ocean color imagery, followed by
a qualitative and quantitative comparison of multiple altimetric datasets, ranging from
conventional nadir altimetry to wide-swath products derived from SWOT. We analyze
multiple altimetric variables—Sea Level Anomaly, Absolute Dynamic Topography, Velocity
Magnitude, Eddy Kinetic Energy, and Relative Vorticity—highlighting substantial differ-
ences in spatial detail and intensity. Our results show that SWOT-enhanced observations
significantly improve the spatial characterization and dynamical depiction of the eddy.
Furthermore, Lagrangian transport simulations reveal how altimetric resolution influences
modeled transport pathways and retention patterns. These findings underline the critical
role of SWOT in advancing the monitoring of coastal mesoscale processes and improving
our ability to model oceanic transport mechanisms.

Keywords: mesoscale eddy; ocean dynamics; satellite altimetry; Surface Water and Ocean
Topography (SWOT); Lagrangian simulations

1. Introduction

Mesoscale and submesoscale oceanic structures—such as eddies, fronts, and filaments—
play a crucial role in transporting heat, salt, and biogeochemical properties between coastal
regions and the open ocean [1-11]. These dynamic features account for a significant portion
of the ocean’s kinetic energy, and they contribute to the redistribution of tracers, such as nu-
trients, heat, and carbon, across different spatial and temporal scales [12-17]. Beyond their
role in physical circulation, eddies play a significant part in ecological and environmental
processes by facilitating the transport and retention of pollutants [18], plankton [19-21],
and marine larvae [22-24]. Moreover, eddies influence the behavior and migration patterns
of marine animals, including turtles [25], sharks [26], and birds [27-29].

Remote Sens. 2025, 17, 2552 https://doi.org/10.3390/rs17152552
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Eddies are commonly detected using satellite altimetry data, which provides valuable
observations of Sea Surface Height (SSH) at a global scale. Altimetric data has proven
highly effective in tracking large-scale oceanic eddies and other mesoscale features [1,30].
In addition to SSH, satellite-derived sea surface temperature and ocean color imagery offer
useful visual cues for identifying eddies. However, these surface signatures often provide
only qualitative insights into the underlying dynamics [31,32]. While these observations
help identify eddy structures, further quantitative analyses are needed to understand the
dynamics of the associated currents and subsurface features.

Despite the advantages of altimetry, conventional nadir altimetric products are often
limited by spatial resolution, particularly in coastal and regional areas where mesoscale
features are more pronounced [33]. The lower resolution of these datasets can result in the
underrepresentation of small-scale structures such as coastal eddies, which are critical for
understanding local ocean dynamics [34]. To mitigate this issue, the integration of data
from multiple altimetry missions has proven to be an effective strategy for enhancing the
resolution and accuracy of sea level measurements. Studies in the Mediterranean Sea, for
instance, have shown that merging multi-mission altimetric data significantly improves the
detection and characterization of mesoscale features [35,36].

The SWOT (Surface Water and Ocean Topography) mission represents a major tech-
nological advancement, offering unprecedented spatial resolution capable of resolving
mesoscale and submesoscale ocean structures, including coastal zones [37,38]. Previ-
ous efforts, including the FaSt-SWOT project, have validated SWOT data in the western
Mediterranean Sea, demonstrating its ability to capture fine-scale coastal dynamics with
high accuracy through combined observational and numerical approaches [39-43].

In light of these advances, the present study focuses on the Balearic Sea, a region
characterized by a variety of mesoscale oceanic structures, including anticyclonic eddies
previously identified in the literature [44—49]. This study specifically examines a coastal
eddy southwest of Mallorca Island, utilizing the high-resolution capabilities of the SWOT
mission. By uniquely combining high-resolution SWOT altimetry with cloud-free ocean
color imagery over a focused 5-day period, we investigate the dynamics of this well-defined
coastal eddy. Integrating these complementary datasets allows us to provide novel insights
into fine-scale variability and demonstrate SWOT’s added value compared to traditional
altimetric products in this region. The 5-day period from 23 June 2023 to 27 June 2023 was
carefully selected to ensure uninterrupted satellite coverage, essential for a consistent and
meaningful comparison between altimetric and optical data. The eddy under investigation
is clearly visible in the ocean color imagery throughout this period, justifying its selection
for detailed analysis.

While the core analysis focuses on these five days, the eddy was detectable in altimetric
velocity fields as early as 11 June and remained coherent until around 1 July, with signs
of weakening thereafter. The selected period corresponds to its mature phase, during
which the structure and trapping behavior were most clearly expressed. The aim is to
demonstrate the added value of SWOT observations over traditional altimetric products in
resolving small-scale ocean features [50,51]. The aim is to demonstrate the added value
of SWOT observations over traditional altimetric products in resolving small-scale ocean
features [50,51].

The paper is organized as follows: First, we present the characteristics of the study
area. Second, we describe the data and methods used, including satellite ocean color
images, altimetric data, and Lagrangian simulations. Third, we present the results of our
analysis, focusing on the identification and dynamics of the coastal eddy southwest of
Mallorca. Finally, we discuss the implications of these results and the advantages and limi-
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tations of the different altimetric products in resolving coastal eddies and their associated
transport dynamics.

2. Study Area

The Balearic Sea (Figure 1la) is a sub-basin of the western Mediterranean, located
between the Iberian Peninsula, the Gulf of Lion, and the Balearic Islands (Ibiza, Mallorca,
and Menorca). This region was selected for the present SWOT-based study because it hosts
a range of mesoscale and submesoscale oceanic structures, including a well-defined coastal
eddy southwest of Mallorca that exhibits clear surface signatures in both altimetric and
ocean color data. The dynamic complexity of this coastal area, shaped by interactions
between ocean currents and bathymetry, makes it a challenging environment for traditional
altimetric products and thus ideal to highlight SWOT’s enhanced spatial resolution and
ability to resolve fine-scale coastal features.
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Figure 1. (a) Study area. (b) Main fronts and sea surface currents in the Balearic Sea. (c) Bathymetry
of a zoomed-in area within the study region.
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To the north, it is bounded by the Liguro-Provencal Basin, an area influenced by
strong atmospheric forcings, while to the south, it is bounded by the Algerian Basin, which
is dominated by intense mesoscale eddies and their interactions with the unstable Algerian
current [46-48,52]. Consequently, the Balearic Basin can be considered a transitional region
between the northern (Gulf of Lion) and southern (Algerian Sea) sections of the Western
Basin’s cyclonic [52-54].

The general surface circulation of the Balearic Sea is mainly controlled by two perma-
nent density fronts: the Catalan front, over the Iberian Peninsula slope, and the Balearic
front, located over the insular slope (Figure 1b). The Catalan Front is a shelf/slope front
that separates old Atlantic Water (AW) in the central Balearic subbasin from the less dense
water transported by the Northern Current (NC), which, while also consisting of old AW,
is influenced by the influx of continental freshwater from the Gulf of Lion and the Cata-
lan shelves. The NC is a density-driven coastal current that flows southwestward from
the Ligurian Sea into the Balearic Sea, where it either exits through the Ibiza Channel
or retroflects cyclonically over the insular slope, forming the Balearic Current (BC). This
current flows southward along the continental slope and is further fed by warm, fresh,
recently modified AW from the Algerian Basin, entering through the Mallorca and Ibiza
channels. The Balearic Front is a slope front formed by the recently modified AW entering
the basin through the southern channels [55], separating older AW in the central basin from
the less dense waters transported by the Balearic Current.

Beyond the general circulation at the basin scale, the Balearic subbasin is characterized
by distinct frontal dynamics near the slope regions, particularly between the BC and the
NC. These dynamics include the formation of mesoscale eddies [56-58], filaments, and
changes in shelf-slope flows [55,59]. Such processes are known to influence not only local
dynamics, leading to significant vertical motions [60], but also broader circulation patterns,
as demonstrated by Pascual et al. [48] in their study of the blocking effect caused by a
large anti-cyclonic eddy. Smaller-scale coastal eddies, such as the one analyzed in this
study, often originate from instabilities in these frontal zones or interactions with complex
bathymetry along the insular and continental slopes. These features are short-lived and
spatially confined, yet they can play a disproportionate role in shaping local transport
and mixing. Their detection and analysis require high-resolution observations, as their
dynamics are often missed or smoothed out in conventional altimetric products.

3. Materials and Methods
3.1. Satellite Ocean Color

The approach of this study began with a qualitative analysis using ocean color
data, particularly chlorophyll-a (Chla) concentration, to observe the presence of ed-
dies. This analysis was based on a multi-modal satellite dataset from the Coperni-
cus Marine Environment Monitoring Service (CMEMS, marine.copernicus.eu), specif-
ically the Mediterranean Sea, Bio-Geo-Chemical, L3, daily Satellite Observations product
(OCEANCOLOUR_MED_BGC_L3_MY_009_143), which provides biogeochemical data
at a Level 3 (L3) processing level [60]. The dataset, characterized by daily images at a
1 km spatial resolution, integrates observations from several widely used satellites, in-
cluding Sea-Viewing Wide Field-of-View Sensor (SeaWiFS); Moderate-Resolution Imaging
Spectroradiometer (MODIS); Medium-Resolution Imaging Spectrometer (MERIS); Visible
Infrared Imaging Radiometer Suite-Suomi National Polar-orbiting Partnership (VIIRS-
SNPP); Joint Polar Satellite System-1 (JPSS1); and Ocean and Land Colour Instrument—
Sentinel-3A and Sentinel-3B (OLCI-S3A and S3B). The product is available through
DOI: https:/ /doi.org/10.48670 / moi-00299.
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3.2. Satellite Altimetry

Satellite altimetry data were used to derive the mean surface geostrophic circulation

and analyze mesoscale features using a combination of conventional and SWOT-enhanced

datasets. The study utilized multiple Level 3 and Level 4 products, including along-track

and gridded datasets, encompassing near-real-time and experimental data incorporating
SWOT’s Ka-band Radar Interferometer (KaRIn) wide-swath observations.

The conventional product used is the CMEMS product European Seas Gridded L4 Sea
Surface Heights and Derived Variables NRT (SEALEVEL_EUR_PHY_L4_NRT_008_060,
DOIL: https:/ /doi.org/10.48670/moi-00142), processed by the DUACS (Data Unifica-
tion and Altimeter Combination System) multimission altimeter data processing sys-
tem. This product provides daily gridded Level-4 (L4) Sea Level Anomaly (SLA) maps
for European Seas at 1/8° x 1/8° spatial resolution, computed relative to a 20-year
reference period (1993-2012). The processing methodology is based on Optimal In-
terpolation, integrating measurements from 10 altimeter missions (TOPEX/Poseidon,
Jason series, ERS, ENVISAT, GFO, CryoSat-2, Saral/ AltiKa, Haiyang-2A) as detailed
in Pujol et al. [61].

The Experimental multimission gridded L4 sea level heights and velocities with SWOT is a
gridded product derived from the along-track (or Level-3) SEA LEVEL products (DOI:
doi.org/10.48670/mo0i-00147) provided by CMEMS for the satellites SARAL / AltiKa,
CryoSat-2, HaiYang-2B, Jason-3, Copernicus Sentinel-3A & 3B, Sentinel-6A, SWOT
nadir, and SWOT Level-3 KaRIn sea level products (DOI: https://doi.org/10.24400/5
27896/ A01-2023.018). The product is processed by SSALTO/DUACS and distributed
by AVISO (https:/ /www.aviso.altimetry.fr, accessed on 20 November 2024), supported
by CNES (version 1.0.0) (DOI: https:/ /doi.org/10.24400/527896/ A01-2024.007). This
dataset has daily temporal resolution and a spatial resolution of 1/10° x 1/10°. It uses
the MIOST (Multiscale Interpolation Ocean Science Topography) approach [62,63],
which models various modes of ocean surface topography variability to improve the
representation of mesoscale ocean variability [64].

Additionally, the study used European Seas Along Track L3 Sea Surface Heights Reprocessed
1993-Ongoing Tailored For Data Assimilation (SEALEVEL_EUR_PHY_L3_MY_008_061,
DOIL: https:/ /doi.org/10.48670/moi-00139), processed by the DUACS multimission
altimeter data processing system. This product provides along-track, Level-3 (L3)
sea surface height (SSH) observations reprocessed for consistency and optimized for
data assimilation applications. It processes data from all altimeter missions available
(e.g., TOPEX/Poseidon, Jason-1/2/3, Sentinel-3A /B, HaiYang-2A /B, etc.) and covers
the European Seas from 1993 to the present. This dataset includes SWOT-nadir
Calibration/Validation (CalVal) data used to validate SWOT KaRIn measurements
and support mesoscale structure interpretation.

Finally, the SWOT Expert Level 3 Low-Rate Sea Surface Height (L3_LR_SSH_Expert)
product (DOI: https:/ /doi.org/10.24400/527896 / A01-2023.018) is a gridded ocean
topography dataset derived from Level-2 KaRIn and nadir altimetry observations
collected by the SWOT satellite. This expert-level product includes a variety of key vari-
ables for oceanographic and geodetic research, such as Sea Surface Height Anomaly
(SSHA), Mean Dynamic Topography (MDT), geostrophic currents (both absolute and
anomalies), backscatter coefficient (sigma0), and the Mean Sea Surface (MSS). Addi-
tionally, it integrates quality flags, altimetric corrections, and external model outputs
as separate layers, ensuring data accuracy and flexibility. The data are mapped onto
a regular grid with a spatial resolution of approximately 0.05° (~5 km), covering the
KaRIn swath. This product is derived from the L2 SWOT KaRIn low-rate ocean data
products (NASA/JPL and CNES) and is produced and made freely available by the
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AVISO and DUACS teams as part of the DESMOS Science Team project. It is designed
to offer high-resolution global ocean surface topography measurements, which are
particularly useful for studying mesoscale ocean variability.

For clarity and consistency throughout this study, the four satellite altimetry datasets
will be referred to as follows: DUACS CMEMS for the near-real-time gridded L4 product
(SEALEVEL_EUR_PHY_L4 NRT_008_060); MIOST AVISO+SWOT for the experimental
gridded L4 product incorporating SWOT KaRIn data; Along-Track SWOT L3 for the repro-
cessed along-track L3 product; and SWOT L3 for the SWOT Level 3 Ocean Products. For a
detailed summary of the datasets used in this study, see Table 1.

Table 1. Summary of satellite altimetry datasets used in this study. See text for further details.

Abbreviation Full Product Name Processing Temporal Spatial Source/Processor
Level Resolution Resolution
DUACS CMEMS  European Seas Gridded L4 L4 Daily 1/8° x1/8°  CMEMS/DUACS
Sea Surface Heights and
Derived Variables (NRT)
MIOST Experimental multimission L4 Daily 1/10° x 1/10° CMEMS, AVISO,
AVISO+SWOT gridded L4 sea level SSALTO/DUACS,
heights and velocities CNES
with SWOT
Along-Track European Seas Along Track L3 Along-track Along-track CMEMS,
SWOT L3 L3 Sea Surface Heights (varies by (varies by DUACS, AVISO,
Reprocessed—Tailored for altimeter) altimeter) CNES
Data Assimilation
SWOT L3 SWOT Level3 L3 Daily 2km x 2km,  AVISO, DUACS,
experimental products covering the NASA/JPL,
KaRIn swath CNES

3.3. Altimetric Data Coverage and Uncertainty

To better illustrate the spatial coverage and quality of the altimetric data used in this
study, Figure 2 provides an overview of the observations available in the Balearic Sea during
the study period (23-26 June 2023). The first panel (Figure 2a) shows the distribution of
altimetric tracks from the four satellites active in the region at that time—SWOT, HaiYang-
2B, Sentinel-3B, and Sentinel-6A. The color of each point represents the Sea Level Anomaly
(SLA) value recorded along the satellite ground tracks. This visualization highlights the
dense spatial sampling achieved during the observation window, particularly due to the
contribution of SWOT’s wide-swath coverage. Notably, the presence of SWOT enhances
the resolution near coastal areas, where traditional altimetry often struggles with sparse
sampling and land contamination.

The observations from these satellites directly contribute to the gridded SLA field
from the DUACS CMEMS product shown in the second panel (Figure 2b), which represents
the midpoint of the analysis period (25 June 2023). This multi-mission product combines
data from all available satellite tracks to generate a continuous representation of sea level
anomalies. While the overall circulation patterns are coherent, the product offers a relatively
smooth representation of mesoscale features. Fine-scale gradients and eddy structures,
particularly in the vicinity of the coast, appear less distinct compared to the along-track
data, suggesting some limitations in the gridded product’s ability to resolve submesoscale
variability. The third panel (Figure 2c) displays the corresponding gridded error field
for the DUACS CMEMS product. Here, increased uncertainty is evident along coastal
zones and dynamically active regions, confirming the known limitations of conventional
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altimetry in areas with complex topography and proximity to land. These spatial patterns
of observational uncertainty further reinforce the need for higher-resolution observations,
such as those provided by SWOT, in order to improve the detection and analysis of coastal
eddy dynamics.
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Figure 2. (a) Sea Level Anomaly (SLA) from 4 nadir altimeter missions from 23 to 27 June. (b) Gridded
SLA at 1/8° resolution from DUACS CMEMS product. (c) Gridded SLA error at 1/8° resolution from
DUACS CMEMS product.
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3.4. Lagrangian Simulator for Particle Tracking

Particle tracking was performed using OceanParcels (Probably A Really Computation-
ally Efficient Lagrangian Simulator), a Python toolbox specifically designed for tracking
particles using output from ocean general circulation models [65]. This tool can simulate
the tracking of both passive particles, such as water and plastic, and active particles, like
plankton and fish.

OceanParcels v3.1.1 [66] was employed to simulate surface particle trajectories in the
northwestern Mediterranean Sea, between 2.0°E and 3.0°E and between 38.5°N and 39.7°N.
Particles were released once on 23 June 2023 at 00:00 UTC and advected forward in time
until 27 June 2023 at 00:00 UTC, for a total of 5 days.

Particles were initialized randomly across the sea surface, with 10 particles per sea-
grid cell, resulting in a total of 10,180 particles. Sea-cells were defined using a custom
sea-mask based on Absolute Dynamic Topography (ADT) to exclude land-influenced areas.
The velocity field used in the simulation was derived from ADT altimetry data, and the
simulation was restricted to the surface layer (2D simulation).

The simulation proceeded by using the advection-only method without incorporating
any diffusion terms. Particles were advected with a timestep (At) of 1 min, meaning each
particle’s position was updated every 60 s based on the velocity fields. The particles were
advected according to the Eulerian velocity field, and their displacement was calculated us-
ing the fourth-order Runge—Kutta (RK4) method [67], which ensures accurate interpolation
of the velocity fields and smooth particle tracking. The advection equation is defined as

t+At
x(t+ Af) = x(¥) —|—/t v(x(t),T)dT 1)

where x(t) represents the position of the particle at time t and v is the velocity field (u,
v, w) interpolated from the ocean data. This equation is solved using the RK4 advection
scheme as implemented in OceanParcels [66]. The simulation setup does not include
explicit diffusion terms; thus, particle motion is solely governed by advection from the
geostrophic velocity field derived from altimetry. However, subgrid-scale dispersion is
implicitly represented through the particle release strategy by releasing 10 particles per
grid cell. Particles reaching land were halted and remained stationary. It is important to
note that OceanParcels was used primarily to illustrate the trapping behavior of particles
within the mesoscale eddy. The simulations were limited to the surface layer (2D) and
involved passive particles without vertical mixing, diffusion, or active behaviors. These
simplifications may underestimate actual dispersion, particularly in coastal zones affected
by turbulence and vertical processes. Moreover, the particle trajectories strongly depend on
the quality of the underlying geostrophic velocity fields derived from ADT. For mesoscale
eddies with Ro > 0.1, cyclostrophic corrections can reach 0.5 m/s and significantly improve
velocity estimates [68], indicating a potential source of error in our trajectory simulation.

Non-geostrophic components such as wind-driven Ekman flows, tidal currents, and
unbalanced motions (e.g., cyclostrophic flows or submesoscale dynamics) were not in-
cluded due to data limitations. Such processes may influence near-surface transport,
particularly in coastal and submesoscale regimes [69,70], and their exclusion represents a
potential source of uncertainty in particle trajectory estimates [71].

While these processes may influence transport in the study region, especially near the
coast or in shallow areas, their omission does not compromise the main objective of the
Lagrangian analysis, which was to illustrate the eddy’s retention capability.
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4. Results
4.1. Comparison Between Altimetric Products

Several eddies were observed in the Balearic Sea using Chla ocean color imagery
from 23 to 27 June 2023. Further analyses were performed using two satellite altimetry
products (DUACS CMEMS and MIOST AVISO+SWOT) to investigate a mesoscale anticy-
clonic coastal eddy located southwest of Mallorca Island. In this section, we compare the
performance of both products in capturing fine-scale oceanic features by examining key
dynamic parameters: Velocity Magnitude, Eddy Kinetic Energy (EKE), relative vorticity,
and Absolute Dynamic Topography (ADT) gradient. This comparison assesses the capabil-
ity of each product to represent mesoscale and submesoscale dynamics, with a particular
focus on the observed coastal eddy. Although the full analysis spans five days (23-27 June),
we present results for two representative dates (23 and 26 June) to highlight the eddy’s
temporal evolution. In addition to differences in magnitude and resolution, differences in
the direction of geostrophic velocity vectors are also evident between the two products,
particularly at the eddy boundaries and in coastal regions, further supporting the added
value of higher-resolution datasets. Chla imagery for the entire study period (Figure S1) is
provided in the Supplementary Material.

4.1.1. Absolute Dynamic Topography (ADT)

The comparison between MIOST AVISO+SWOT and DUACS CMEMS data reveals
significant differences in the geostrophic Velocity Magnitude pattern. Further comparison
with chlorophyll-a concentrations from ocean color imagery (Figure 3a,b) shows spatial
coherence between the presence of the eddy and surface chlorophyll distribution, support-
ing the hypothesis that MIOST AVISO+SWOT is more effective in detecting coastal eddies,
where ocean dynamics interact with coastal topography. Specifically, MIOST AVISO+SWOT
shows a higher presence of coastal eddies, likely due to its superior spatial resolution, which
enables the detection of smaller-scale oceanic structures. This is particularly evident in a
well-defined eddy near the southwestern coastal area of Mallorca, visible in the MIOST
AVISO+SWOT product but almost absent in the DUACS CMEMS data (Figure 3c,d). In the
area around the coastal eddy, the average geostrophic Velocity Magnitude from the MIOST
AVISO+SWOT product is 10 cm/s, which is higher than the 6 cm/s recorded by DUACS
CMEMS. This difference represents an increase of 4 cm/s, or approximately 72.4%.

This suggests that DUACS CMEMS, with its lower resolution, may not fully capture
small-scale oceanic features or may have limited capability to detect fine-scale dynamic
details. In terms of Velocity Magnitude, the MIOST AVISO+SWOT data exhibit more pro-
nounced velocity gradients, indicating a higher sensitivity in detecting current variations.
The DUACS CMEMS product, on the other hand, shows a less detailed velocity field, with
weaker gradients and less-defined structures. While the main eddies are visible in DUACS
CMEMS, their intensity and size appear less distinct. In contrast, MIOST AVISO+SWOT
provides a more detailed representation, with well-defined contours of ADT anomalies
associated with vortical structures and sharper velocity gradients. High-velocity areas
(>0.3 m/s) are clearer and better localized in the MIOST AVISO+SWOT maps.

Temporal analysis of the coastal eddy identified in the MIOST AVISO+SWOT data
shows spatial stability over several days, suggesting that it is a dynamically relevant
structure. These results suggest that MIOST AVISO+SWOT excels in capturing small-scale
oceanic variability, particularly in coastal regions. Complete daily maps for the entire study
period (Figure S2) are provided in the Supplementary Material.
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Figure 3. (a,b) Daily chlorophyll-a concentrations from ocean color imagery on 23 and 26 June 2023
in the Balearic Sea. (c,d) ADT fields from DUACS CMEMS and MIOST AVISO+SWOT altimetric
products for the corresponding dates. (e) Time series of the mean ADT within the eddy region (red
rectangle) comparing the two altimetric products. The MIOST AVISO+SWOT data show a marked
increase in ADT values from 23 June to 27 June, consistent with the presence of an anticyclonic eddy,
in contrast to the DUACS CMEMS product, which shows lower and more stable ADT values.
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These spatial observations are further supported by the temporal evolution of ADT
values within the eddy region, as shown in the time series plot in Figure 3e. Additional
analysis of the mean ADT values within the red-boxed eddy region (shown in Figure 3a,b)
highlights further discrepancies between the two altimetric products (Figure 3e).

Quantitatively, over the full month of June, the ADT values from the MIOST
AVISO+SWOT product within the eddy region ranged from 0.03 to 0.13 cm, with a mean
of 0.09 cm and a standard deviation of 0.03 cm. The maximum daily increase recorded
was approximately 0.07 cm/day, indicating short-term dynamic variability consistent with
the development and evolution of mesoscale features. In contrast, DUACS CMEMS ADT
values remained lower and more stable, fluctuating between —0.01 and 0.04 cm, with a mean
of 0.02 cm and a standard deviation of 0.02 cm. These numerical descriptors strengthen the
visual evidence of enhanced detection capabilities in the MIOST AVISO+SWOT product
for coastal and mesoscale dynamics. Between 23 June and 27 June, when the signature of
an anticyclonic eddy was clearest, the MIOST AVISO+SWOT product showed the most
pronounced ADT increase, reinforcing the spatial evidence of a well-defined eddy structure
(Figure 3c,d). On the other hand, the DUACS CMEMS data maintained low and relatively
flat ADT throughout this period, reflecting a limited capability to resolve finer eddy signals,
likely due to its lower spatial resolution.

4.1.2. Eddy Kinetic Energy

The EKE maps (Figure 4) provide quantitative information on the dynamics of the
currents in the study domain. The maps representing the distribution of EKE reveal
significant differences in both intensity and spatial details. The comparative analysis shows
that MIOST AVISO+SWOT offers higher spatial resolution compared to DUACS CMEMS,
capturing with greater detail the energy structures associated with eddies, particularly
along the southern coast, around ~2°E-39.5°N, and southwest of Mallorca, where the
coastal eddy studied in this article is clearly visible. The coastal eddy visible southwest of
Mallorca represents an interesting element for comparing the performance of the DUACS
CMEMS and MIOST AVISO+SWOT products. This is especially relevant in the study
area, where land proximity modulates eddy dynamics. As previously mentioned, coastal
interactions play a crucial role in the observed differences between the two datasets,
especially in regions where the proximity to the coastline affects the eddy’s structure and
energy distribution. The land—sea interface can introduce additional complexities that
are better captured by MIOST AVISO+SWOT, which has higher spatial resolution and is
more sensitive to such local variations, while DUACS CMEMS, with its coarser resolution,
tends to smooth out these effects. From the maps, it is evident that the eddy is detected
differently by the two datasets. In the MIOST AVISO+SWOT product, the eddy is depicted
with a well-defined spatial structure, characterized by sharp gradients and higher EKE
values. Thanks to its higher resolution, MIOST AVISO+SWOT captures sub-mesoscale
details, including spatial variations in energy and eddy asymmetry. In contrast, DUACS
CMEMS presents a more diffuse representation of the eddy, with lower EKE values and
less defined contours. This difference is likely due to a stronger spatial filtering effect in the
DUACS CMEMS product, which tends to remove smaller spatial scales and, consequently,
reduces sensitivity to sub-mesoscale dynamics and local variations near the coast. While
DUACS CMEMS can capture the general location and stability of the eddy, it provides
a less detailed view of the energy dynamics, which may be more suitable for large-scale
studies. On the other hand, MIOST AVISO+SWOT is better suited for studies requiring the
precise monitoring of local energy dynamics, such as those focusing on coastal interactions.
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Figure 4. Eddy Kinetic Energy (EKE) maps from 23 June 2023 to 27 June 2023 from DUACS CMEMS
and MIOST AVISO+SWOT altimetric products. The white area near the coast corresponds to regions
where data are unavailable due to the altimetric product’s lower spatial resolution in coastal zones.

In the area southwest of Mallorca Island, around the coastal eddy, the average Eddy
Kinetic Energy (EKE) from the MIOST AVISO+SWOT product is 0.87 cm?/s?, which is
higher than the 0.75 cm? /s? recorded by DUACS CMEMS. This difference corresponds to an
increase of 0.12 cm?/s?, or approximately 16%. The enhanced spatial resolution of MIOST
AVISO+SWOT allows for a more detailed representation of local energy structures, reveal-
ing stronger eddy dynamics. This finding further reinforces the conclusion that MIOST
AVISO+SWOT is more sensitive to sub-mesoscale features compared to DUACS CMEMS.
The improved detection of local variations in energy intensity in MIOST AVISO+SWOT is
particularly valuable for studies focused on coastal interactions, where fine-scale dynamics
are critical. Conversely, DUACS CMEMS provides a more generalized depiction of the
eddy, with lower EKE values and less detailed spatial features. Complete daily maps for
the entire study period (Figure S3) are available in the Supplementary Material.

4.1.3. Relative Vorticity

Relative vorticity is a key parameter for diagnosing the rotational properties of ocean
flows and for identifying mesoscale and submesoscale structures such as eddies and fil-
aments [1]. The comparison of relative vorticity fields from the two altimetry products
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(Figure 5) highlights substantial differences in the representation of ocean dynamics. The
relative vorticity field from DUACS CMEMS exhibits a more homogeneous and less struc-
tured distribution, with smoother transitions between regions of positive and negative
vorticity. In contrast, the MIOST AVISO+SWOT product captures greater spatial variability,
with more defined vorticity structures and enhanced contrasts, and exhibits more pro-
nounced extreme values of vorticity compared to DUACS CMEMS, indicating a greater
sensitivity to local variations in the geostrophic velocity field. DUACS CMEMS, while
effective at providing a more uniform vorticity field, is less detailed, with smoother tran-
sitions that limit its ability to resolve small-scale vorticity structures. This suggests that
MIOST AVISO+SWOT is better suited for studies requiring high-resolution data to analyze
fine-scale oceanic dynamics. Another notable difference is observed in coastal regions and
around Mallorca Island. MIOST AVISO SWOT highlights more distinct and detailed vortic-
ity structures, suggesting a superior capability in detecting mesoscale and sub-mesoscale
phenomena, potentially related to current-topography interactions. Conversely, DUACS
CMEMS presents more gradual transitions, offering a less detailed representation of these
dynamic features. Complete daily maps for the entire study period (Figure S4) are provided
in the Supplementary Material.
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Figure 5. Relative Vorticity maps on 23 and 26 June 2023 from the DUACS CMEMS and MIOST
AVISO+SWOT altimetric products. The white area near the coast corresponds to regions where data
are unavailable due to the altimetric product’s lower spatial resolution in coastal zones.
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4.2. Comparison Between Gridded and Along-Track SWOT Data

Given the interesting performance of the MIOST AVISO+SWOT gridded (L4) product
in resolving coastal structures, an additional comparison was conducted with the SWOT
nadir CalVal along-track product (L3). This analysis aims to investigate the consistency
between gridded and along-track datasets and to explore the potential of native-resolution
SWOT observations in capturing fine-scale coastal dynamics.

The maps in Figure 6 illustrate two moments of the daily evolution of the ADT, derived
from the MIOST AVISO+SWOT product, along with orthogonal geostrophic velocity fields
obtained from the Along-Track L3 SWOT data over the period from 23 to 27 June 2023.
The continuous background shading represents the gridded ADT contours, while the
along-track data from the SWOT nadir CalVal product show both the along-track ADT
anomalies and their associated orthogonal geostrophic velocities.
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Figure 6. Evolution of the ADT, derived from the MIOST AVISO+SWOT product, along with
orthogonal geostrophic velocity (purple arrows) and ADT fields obtained from the Along-Track
L3 SWOT data for 23 and 26 June 2023. A mesoscale anticyclonic eddy is consistently identified
southwest of Mallorca Island, with a well-defined structure (red rectangle).
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The data reveal the presence of a coastal anticyclonic eddy southwest of Mallorca,
which was consistently identified throughout the observed period. In particular, the 27 June
dataset exhibits the most pronounced and coherent eddy structure, with a positive ADT
centered around 2.5°E and 39°N and a velocity pattern indicative of clockwise rotation,
consistent with an anticyclonic eddy in the Northern Hemisphere. Earlier days show
progressively weaker but coherent signals, indicating a developing or translating eddy. This
visual comparison between gridded and along-track datasets allows for an evaluation of the
consistency between the two data representations and highlights the capability of SWOT’s
native-resolution observations to resolve sub-mesoscale features in coastal environments.
The combined analysis underlines not only the high spatial detail provided by the along-
track dataset but also its potential contribution to a more accurate characterization of coastal
eddy dynamics and associated transport processes. Complete daily maps for the entire
study period (Figure S5) are provided in the Supplementary Material.

4.3. Comparison Between SWOT L3 Product and Ocean Color Imagery

Figure 7 presents the Velocity Magnitude and Sea Surface Height Anomaly (SSHA)
derived from the SWOT L3 product, used to assess the presence of the anticyclonic coastal
eddy southwest of Mallorca. The analysis compares altimetric data with ocean color
imagery. The analysis focuses on 23 and 26 June, with additional analyses for other days
available in the Supplementary Material (see Figures S6-S8).

In the SSHA maps (Figure 7b), a well-defined positive anomaly appears near 2.5°E
and 39°N, a typical signature of anticyclonic eddies. This anomaly is spatially consistent
with the Velocity Magnitude patterns (Figure 7a), which exhibit a circular flow structure
consistent with eddy dynamics.

Interestingly, the ocean color map (Figure 3a,b) reveals a localized patch of elevated
chlorophyll-a concentration within the eddy core. While anticyclonic eddies are typically
associated with downwelling and reduced surface productivity, enhanced chlorophyll
concentrations can occasionally be observed in their center, particularly in coastal or shelf
regions. This may result from eddy trapping of nutrient-rich coastal water, interactions
with bathymetric features, or transient upwelling events [1,4].

In support of this, several physical-biogeochemical mechanisms have been proposed
to explain such anomalies in productivity. One prominent process is eddy trapping, where
the eddy isolates and retains coastal or shelf waters rich in nutrients and phytoplankton,
allowing biological activity to persist or intensify over time [13,72]. Additionally, when
eddies interact with complex bathymetry, they may induce localized upwelling—even in
anticyclonic systems—by perturbing isopycnal surfaces and generating vertical motions [11,
73]. Another possible factor is the presence of submesoscale frontal instabilities along the
eddy periphery, which enhances vertical nutrient fluxes toward the interior, potentially
sustaining elevated chlorophyll concentrations [12]. These mechanisms are particularly
relevant in semi-enclosed coastal basins like the Balearic Sea, where lateral stirring, shelf-
edge interactions, and water mass contrasts are intensified.

The spatial concurrence between chlorophyll enhancement, positive SSHA, and rota-
tional velocity patterns strongly supports the presence of a mesoscale anticyclonic eddy.
Despite being an experimental product, SWOT L3 demonstrates a notable capacity to
resolve fine-scale coastal features, consistent with independent satellite ocean color obser-
vations. This alignment further supports the utility of SWOT L3 data in studying mesoscale
and sub-mesoscale coastal processes.
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Figure 7. (a) Surface Velocity Magnitude [m/s] and (b) Sea Surface Height Anomaly (SSHA) [m]
derived from the SWOT L3 product on 23 June 2023. (c) Surface Velocity Magnitude [m/s] and (d) Sea
Surface Height Anomaly (SSHA) [m] derived from the SWOT L3 product on 26 June 2023.
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4.4. Lagrangian Simulations and Eddy Dynamics

To assess the influence of altimetric resolution on coastal transport dynamics, La-
grangian simulations were performed using OceanParcels with two different geostrophic
velocity fields: one derived from the ADT of the conventional DUACS CMEMS dataset
and the other from the MIOST AVISO+SWOT product.

The simulation using DUACS CMEMS data (Figure 8) resulted in a less organized
particle motion pattern. Although a general anticyclonic circulation was discernible, the
eddy appeared more diffuse, with less-defined streamlines and weaker rotational trapping.
The spatial distribution of beached particles (Figure 8c) was more scattered, with a broader
and less coherent probability (Figure 8b) footprint along the Mallorca coast. The reduced
resolution of the conventional altimetric product limited its ability to resolve the fine-scale
eddy structure and its associated transport effects.
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Figure 8. (a) Particle simulation trajectory with ADT pattern from the DUACS CMEMS product;
(b) probability of particle beaching; (c) position of beached particles.

In contrast, in the MIOST AVISO+SWOT configuration (Figure 9), the particle tra-
jectories clearly reflected the presence of a well-defined anticyclonic eddy southwest of
Mallorca Island. Between 23 and 27 June 2023, the high-resolution ADT fields captured a
compact, circular structure with tight streamlines and strong rotational flow. This coherent
eddy structure effectively trapped particles within its core, indicating strong retention
capabilities typical of mesoscale features. The beached particle probability map (Figure 9b)
revealed concentrated stranding zones along the northern Mallorca coast, and particle
landings were spatially clustered (Figure 9c), highlighting the improved predictability and
spatial accuracy afforded by SWOT-derived fields.

The comparison between the two simulations underscores the critical influence of
altimetric resolution on Lagrangian transport modeling in coastal settings, as evidenced by
the distinct differences in transport behavior revealed by each dataset.

The analysis of particle travel distances from the Lagrangian simulations further
highlights these differences quantitatively. The SWOT-enhanced product yields an average
particle travel distance of 29.57 km, approximately 7.8% greater than the 27.44 km found in
the DUACS simulation. Similarly, the maximum distance traveled is higher with SWOT
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data, reflecting the enhanced spatial resolution and ability to capture finer-scale ocean
dynamics. These factors contribute to a more realistic representation of particle dispersion
and transport pathways.
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Figure 9. (a) Particle simulation trajectory with ADT pattern from the MIOST AVISO+SWOT product;
(b) probability of particle beaching; (c) position of beached particles.

The inclusion of SWOT data significantly enhances the representation of mesoscale
and sub-mesoscale features, which in turn affects the trapping efficiency and transport
pathways of passive tracers. In coastal zones, where traditional altimetry suffers from lower
accuracy due to land contamination [74,75] and sparse data coverage, the SWOT-enhanced
product provides a more realistic dynamical background for particle tracking applications.

These results clearly demonstrate that the improved altimetric resolution provided
by SWOT data leads to significantly different—and more realistic—Lagrangian transport
patterns compared to conventional altimetric products. This improvement has critical
implications for operational applications: the enhanced representation of mesoscale and
sub-mesoscale eddy dynamics translates directly into more accurate predictions of particle
pathways, trapping efficiency, and coastal deposition patterns. Consequently, Lagrangian
transport modeling benefits greatly from SWOT-derived data, improving operational
applications such as pollutant dispersion forecasting, biological connectivity studies, and
search-and-rescue missions. In this sense, the differences in altimetric resolution are
not merely academic but have a tangible impact on the quality and reliability of coastal
transport predictions.

5. Discussion

A deeper understanding of eddy formation, evolution, and dissipation is essential for
evaluating the ocean’s role in the Earth’s climate system. The analysis focuses on a 5-day
period (23-27 June 2023) selected for optimal satellite data availability, ensuring continuous
cloud-free coverage essential for integrating altimetric and ocean color imagery. While this
timeframe limits the observation to the eddy’s short-term behavior, it enables a robust and
consistent comparison between datasets.
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This study highlights the critical role of high-resolution satellite altimetry in observing
and understanding coastal mesoscale and sub-mesoscale ocean dynamics. By leverag-
ing ocean color imagery and comparing two altimetric products—conventional DUACS
CMEMS and SWOT-enhanced MIOST AVISO+SWOT—we identified and characterized a
mesoscale anticyclonic eddy southwest of Mallorca Island. The SWOT-enhanced dataset
consistently outperformed DUACS CMEMS in resolving small-scale features across multi-
ple dynamic variables, including Velocity Magnitude, eddy kinetic energy, relative vorticity,
and Absolute Dynamic Topography gradients.

The enhanced spatial resolution of MIOST AVISO+SWOT allowed for a more detailed
and accurate depiction of eddy structures, especially near the coast, where conventional
altimetry often suffers from reduced reliability. These findings were supported by ocean
color imagery and further reinforced through the comparison with SWOT L3 data, which
revealed a strong spatial coherence between physical and biogeochemical signals—such
as chlorophyll-a concentrations—further supporting the presence and persistence of the
identified eddy.

Lagrangian particle simulations highlighted the strong dependence of transport mod-
eling outcomes on the accuracy of the underlying velocity fields derived from altimetry.
The MIOST AVISO+SWOT-based simulations reproduced more coherent and physically
consistent particle trajectories, with well-defined trapping within the eddy core and local-
ized beaching patterns along the Mallorca coast. In contrast, simulations using DUACS
CMEMS resulted in more dispersed and less predictable transport behavior, underscoring
the limitations of lower-resolution products for modeling coastal dispersion processes.

The Lagrangian simulations conducted with OceanParcels served primarily to demon-
strate the trapping of particles within the eddy structure. While effective in illustrating
retention, these simulations were restricted to surface-layer passive advection without
specific diffusion or vertical processes, which may lead to an underestimation of dispersion
in complex coastal environments. Nonetheless, the modeled particle trajectories coherently
reflect the altimetric fields and capture the main dynamical features of the eddy. Future
studies should include vertical mixing, diffusion, and other dynamical processes, such as
wave effects, to better represent full coastal transport mechanisms.

It is also important to acknowledge that particle trajectories are highly sensitive to the
quality of the velocity fields, as these directly drive the Lagrangian simulations. In this
study, the focus was on geostrophic currents and on assessing the improvements brought
by SWOT and KaRIn data. Non-geostrophic components—such as wind-driven Ekman
flows, tidal currents, and unbalanced motions (e.g., cyclostrophic flows or submesoscale
dynamics)—were not included due to data limitations. While these processes may con-
tribute to coastal transport in the study region, especially near the coast, their omission does
not compromise the main objective of our Lagrangian analysis, which is to demonstrate the
eddy’s capacity for particle retention during its mature stage. Future research should aim
to incorporate these additional forcings to provide a more comprehensive representation of
coastal transport and enhance predictive capabilities.

However, it is important to recognize the practical challenges associated with oper-
ationalizing SWOT data in near-real-time applications. These include limited data avail-
ability due to satellite revisit intervals and inherent data latency, the need for rigorous
filtering and quality control to reduce noise and measurement errors, and seasonal varia-
tions that may influence observation frequency and reliability [36,43,76]. Overcoming these
limitations is essential to fully leverage SWOT’s capabilities for timely coastal monitoring
and management.

Furthermore, although this study focuses on the Balearic Sea, the advantages demon-
strated here for high-resolution altimetry in resolving mesoscale and sub-mesoscale coastal
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processes have broader implications. These findings can inform coastal monitoring and
management strategies globally, especially in regions with complex coastal dynamics where
conventional altimetry faces limitations [51,76-78].

Future efforts integrating SWOT data with complementary observations and models
are expected to enhance global coastal oceanographic applications [79-81].

Our findings confirm that SWOT-enhanced altimetry markedly improves the detection
and characterization of coastal dynamics, offering clear benefits for operational applications
such as pollutant dispersion modelling and marine spatial planning.

In summary, this study demonstrates that high-resolution altimetry, particularly from
SWOT-enhanced products, significantly improves the detection and understanding of
coastal mesoscale dynamics. While limitations remain due to modeling assumptions and
data constraints, these results lay a robust foundation for advancing coastal oceanographic
research and operational monitoring in complex coastal regions.

Future research should aim to extend this analysis to broader spatial and temporal
domains, integrate additional observational datasets, and develop hybrid methodologies
that combine high-resolution altimetry with ocean color and in situ measurements to
advance coastal oceanography.

6. Conclusions

SWOT-enhanced altimetry markedly improves the detection and analysis of coastal
dynamics. By enabling more accurate velocity fields and supporting the identification of
physical-biogeochemical coupling, this approach proves to be a valuable asset for coastal
oceanography. Our results underscore the importance of integrating next-generation satel-
lite altimetry into both research and operational ocean monitoring frameworks. Specifically,
SWOT data have great potential in several applications. One is oil spill modeling, where
precise current information is crucial for predicting pollutant dispersion. Another is the
monitoring of coastal storm surges and flooding, which benefits from better characterization
of nearshore circulation and sea level changes. SWOT data can also support the manage-
ment and conservation of marine protected areas by detecting environmental changes that
affect biodiversity. Finally, they can improve the prediction of nutrient or contaminant dis-
persion, helping safeguard water quality and ecosystem health. These examples highlight
how SWOT-based altimetry can enhance decision-making and environmental management
in coastal regions.

Supplementary Materials: The following supporting information can be downloaded at
https:/ /www.mdpi.com/article/10.3390/rs17152552/s1. Figure S1: Daily chlorophyll-a concentra-
tion derived from ocean color images from 23 June 2023 to 27 June 2023 in the Balearic Sea. The red
rectangle highlights the mesoscale anticyclonic coastal eddy located southwest of Mallorca Island;
Figure S2: Daily chlorophyll-a concentration derived from ocean color imagery from 23 June 2023
to 27 June 2023 in the Balearic Sea (left panels). ADT maps from the two altimetric products (right
panels); Figure S3: Eddy Kinetic Energy (EKE) maps from 23 June 2023 to 27 June 2023; Figure S4:
Relative Vorticity maps from 23 June 2023 to 27 June 2023; Figure S5: Daily evolution of the ADT,
derived from the MIOST AVISO+SWOT product, along with orthogonal geostrophic velocity and
ADT fields obtained from the Along-Track L3 SWOT data from June 23 to 27, 2023. A mesoscale
anticyclonic eddy is consistently identified southwest of Mallorca Island, with a well-defined struc-
ture on 27 June (red rectangle); Figure S6: (a) Surface velocity magnitude [m/s] and (b) Sea Surface
Height Anomaly (SSHA) [m] derived from the SWOT L3 product on 24 June 2023. (c) Chlorophyll-a
concentration [log(mg/ m?)] derived from ocean color imagery on 24 June 2023; Figure S7: (a) Surface
velocity magnitude [m/s] and (b) Sea Surface Height Anomaly (SSHA) [m] derived from the SWOT
L3 product on 25 June 2023. (c) Chlorophyll-a concentration [log(mg/m3)] derived from ocean
color imagery on 25 June 2023; Figure S8: (a) Surface velocity magnitude [m/s] and (b) Sea Surface
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Height Anomaly (SSHA) [m] derived from the SWOT L3 product on 27 June 2023. (c) Chlorophyll-a
concentration [log(mg/ m?)] derived from ocean color imagery on 27 June 2023.
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Abstract

The remote sensing inversion of internal solitary waves (ISWs) enables the retrieval of ISW
parameters and facilitates the analysis of their spatial variability. In this study, we utilize
continuous optical imagery from the FY-4B satellite to extract real-time ISW propagation
speeds throughout their evolution from generation to shoaling. ISW parameters are re-
trieved in the northern South China Sea based on the quantitative relationship between
sea surface current divergence and ISW surface features in optical imagery. The inversion
method employs a fully nonlinear equation with continuous stratification to account for
the strongly nonlinear nature of ISWs and uses the propagation speed extracted from
continuous imagery as a constraint to determine a unique solution. The results show
that as ISWs propagate from deep to shallow waters in the northern South China Sea,
their statistically averaged amplitude initially increases and then decreases, while their
propagation speed continuously decreases with decreasing depth. The inversion results
are consistent with previous in situ observations. Furthermore, a three-day consecutive
remote sensing tracking analysis of the same ISW revealed that the spatial variation in its
parameters aligned well with the abovementioned statistical results. The findings provide
an effective inversion approach and supporting datasets for extensive ISW monitoring.

Keywords: internal solitary waves; remote sensing inversion; continuous optical imagery;
fully nonlinear equation; Northern South China Sea

1. Introduction

Internal solitary waves (ISWs) are isolated nonlinear dispersive waves that are widely
present throughout the global ocean [1]. They typically exhibit large amplitudes [2,3],
strong nonlinearity [4,5], long-range propagation [6,7], and stable waveforms [8]. As
ISWs propagate, they are associated with significant vertical displacements [9,10] and
horizontal shear [11,12], which, together, contribute to enhanced ocean mixing [13,14], the
cross-isopycnal transport of momentum and tracers [15-18], and modifications to local
acoustic environments and hydrodynamic loads on submerged maritime structures [19-24].
Therefore, accurately retrieving ISW parameters, such as the amplitude and propagation
speed, is crucial for understanding their generation mechanisms, propagation dynamics,
and dissipation processes.
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In situ observation is one of the most effective approaches for measuring ISW parameters.
The South China Sea (as shown in Figure 1) is an area of frequent ISW activity due to its strong
stratification and the presence of steep bathymetric features. In the northern South China
Sea, internal tides generated by the interaction between barotropic tides and the ridges of the
Luzon Strait propagate westward and subsequently evolve into ISWs through instability or
steepening [25]. These ISWs traverse the deep basin, then enter the continental slope, where
their propagation paths diverge near Dongsha Island. One branch, influenced by topographic
refraction, turns northwestward, while the other continues westward before gradually veering
northwestward along the seafloor gradient. These waves propagate over 500 km and persist
for more than four days before ultimately dissipating on the continental shelf [26].
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Figure 1. Geographical Map of the South China Sea.

In the northern South China Sea, a significant amount of research has been conducted,
systematically measuring ISW parameters. Ramp et al. [27] conducted combined moored
and shipboard observations near the continental shelf break between the southern tip of
Taiwan and Dongsha Island. They observed ISWs with amplitudes ranging from 29 to 142 m
and propagation speeds between 0.83 and 1.84 m/s. Yang et al. [28] deployed thermistor
chain moorings on the continental slope northeast of Dongsha Island and reported ISWs with
an average amplitude of 90 £ 15 m and an average propagation speed of 1.52 & 0.04 m/s,
estimated using the Korteweg—de Vries (KdV) equation. Klymak et al. [2], using sonar and a
fast conductivity—temperature—depth (CTD) profiler, observed an ISW with an amplitude of
170 m and a propagation speed of 2.9 + 0.1 m/s in the deep basin west of the Luzon Strait.
Ramp et al. [29] deployed four oceanographic moorings along a transect from the Batanes
Province, Philippines, in the Luzon Strait to just north of Dongsha Island on the Chinese
continental slope. They observed ISWs with amplitudes ranging from 20 to 200 m and average
propagation speeds of 3.23 & 0.31 m/s in the deep basin and 2.22 £ 0.18 m/s over the conti-
nental slope. Lien et al. [30] observed five large-amplitude ISWs on the Dongsha slope during
a spring tide using both shipboard and moored acoustic Doppler current profiler and CTD
instruments. They reported amplitudes ranging from 106 to 173 m and propagation speeds
between 1.6 and 1.72 m/s. Chen et al. [31] conducted year-long mooring observations west of
Dongsha Island on the northern shelf slope, observing ISWs with an average amplitude of
43 + 17 m and a propagation speed estimated by KdV of 1.38 & 0.14 m/s. Chang et al. [32]
deployed two mooring systems east of Dongsha Island and recorded ISWs with amplitudes
ranging from 76 to 125 m and propagation speeds between 1 and 1.5 m/s. Ramp et al. [33]
deployed an array of oceanographic moorings and a distributed temperature-sensing cable
over the eastern slope of Dongsha Island, observing ISWs with amplitudes ranging from 20 to
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180 m and propagation speeds between 1.1 and 2.6 m/s. In summary, in situ observations
provide accurate measurements of ISW parameters. However, due to the high cost of de-
ployment and maintenance, achieving extensive, continuous acquisition of ISW parameters
remains challenging, thereby limiting the analysis of their spatial variability.

Recent advances in satellite remote sensing, particularly regarding spatial coverage,
revisit frequency, and resolution, have enabled the systematic observation of ISWs over
broad oceanic regions. Although remote sensing cannot directly measure ISW parameters
such as amplitude and wavelength, relationships between surface features and wave pa-
rameters can be established through physical models, thereby enabling parameter retrieval
through remote sensing inversion.

Zheng et al. [34] derived a theoretical model of ISW radar imagery based on the two-layer
KdV equation and used synthetic aperture radar (SAR) imagery to retrieve the amplitudes
of five ISWs over the Portuguese continental shelf and in the South China Sea. The retrieval
results were consistent with the in situ measurements. Chen et al. [35] extended the KdV
equation to the Benjamin—-Ono (BO) equation and retrieved the amplitude of an ISW in the
deep-water region of the northern South China Sea using optical imagery. The retrieved ampli-
tude value was in reasonable agreement with historical in situ isotherm profile measurements.
Huang and Zhao [36] applied a continuously stratified KdV model to retrieve ISW parameters
from optical imagery in the deep-water region of the northern South China Sea, achieving
good consistency with moored in situ observations. Zhang et al. [37] combined optical and
SAR imagery with a corrected two-layer nonlinear Schrodinger (NLS) equation to retrieve the
amplitudes of four ISWs in the Wenchang area, east of Hainan Island. The retrieved values
closely matched the observed amplitudes. Jia et al. [38] utilized two consecutive SAR images
and the extended KdV (eKdV) equation for a two-layer fluid to retrieve the amplitude of an
ISW in shallow waters southeast of Hainan Island. The result was in close agreement with
values derived using the classic KdV model under continuous stratification. Xie et al. [39]
used both the KdV and NLS equations for a two-layer fluid, together with optical imagery, to
retrieve the amplitudes of seven ISWs near Dongsha Island. The results aligned well with
concurrent mooring observations. Chen et al. [40] applied the KdV, eKdV, and BO models
for a two-layer fluid to SAR imagery to retrieve the amplitude of an ISW in the deep-water
region of the northeastern South China Sea, yielding results consistent with historical mooring
observations and with those from the continuously stratified KdV model.

Current remote sensing inversion studies of ISWs in the South China Sea have primar-
ily focused on demonstrating the applicability of parameter retrieval methods in localized
regions, with only a few case studies available. Systematic investigations into extensive
ISW parameter retrieval and the spatial variability of these parameters remain lacking. In
addition, most studies employ internal wave models based on two-layer fluid assumptions,
without fully accounting for the continuous stratification commonly present in real ocean
environments. By contrast, continuously stratified models better represent actual oceanic
conditions [40] and yield more accurate inversion results than two-layer models [38]. More-
over, most existing inversion studies concentrate on retrieving the ISW amplitude, whereas
propagation speed retrieval remains understudied, thereby limiting comprehensive in-
sights into ISW dynamics. Most theoretical models used in remote sensing inversions are
based on the weakly nonlinear assumption, which assumes that the ISW amplitude is small
compared with their intrinsic vertical scale [41,42]. However, models based on the weakly
nonlinear assumption are inadequate to describe strongly nonlinear ISWs [4,43], which
account for a large proportion of ISWs in in situ oceanic observations [44-47]. Therefore,
theoretical models with strong nonlinearity are needed when retrieving the parameters of
large-amplitude ISWs from remote sensing imagery.
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The Dubreil-Jacotin-Long (DJL) equation is a fully nonlinear model that makes no
assumptions about wavelength or amplitude. Its applicability to strongly nonlinear ISWs has
been validated in laboratory experiments and it has been successfully applied to retrieve ISW
parameters [48]. In this study, the DJL equation under continuous stratification is employed
in combination with continuous optical remote sensing imagery to retrieve ISW parameters
over a broad region of the northern South China Sea. This study facilitates the analysis of the
spatial variability of ISW parameters and reveals their distribution patterns in the northern
South China Sea, thereby facilitating a more comprehensive understanding of ISW dynamics
and providing essential data support for future investigations in the region.

The remainder of this study is organized as follows: In Section 2, we introduce the
satellite remote sensing data, the theoretical equations of ISWs, and the methods used to
extract ISW parameters. In Section 3, we present the inversion results and spatial variation
characteristics of ISW parameters in the northern South China Sea. In Section 4, we discuss
the comparison between the inversion results and in situ observations and analyze a case
of propagation and evolution of a particular ISW. In Section 5, we summarize the main
conclusions.

2. Data and Methods
2.1. Satellite Remote Sensing Data and ISW Parameter Extraction

The satellite imagery used in this study was obtained from the FY-4B Geo High-speed
Imager (GHI), with a spatial resolution of 250 m and a swath width of 2000 km. FY-4B is
the first operational satellite in China’s new generation of geostationary meteorological
satellites under the Fengyun-4 series. It was launched on 3 June 2021 and successfully
positioned at 133°E on 11 April 2022. Operational data and application services began
on 1 June 2022. Between 1 February and 5 March 2024, the satellite drifted from 133°E
to 105°E, where it replaced FY-4A as the primary operational platform. Since March 5,
FY-4B has resumed operational services at 105°E. The satellite’s advanced GHI instrument
captures imagery over a 2000 x 2000 km? area with spatial resolutions ranging from 250 to
2000 m and a temporal resolution of up to 1 min, enabling ISW propagation and evolution
to be monitored in the northern South China Sea.

Figure 2a displays a 250 m resolution image from FY-4B GHI, captured at 04:02 UTC
on 19 June 2023, following radiometric calibration, geometric correction, and cropping.
The image clearly reveals the presence of an ISW. By analyzing the image intensity along
the ISW crest line and its surroundings, the brightest points (indicated by the cyan dots in
Figure 2a) are identified. A grayscale profile is then extracted perpendicular to the ISW crest
(represented by the cyan oblique line in Figure 2a), as shown in the upper-left inset. In this
profile, bright and dark stripes correspond to positive and negative peaks, respectively. The
distance between these peaks, referred to as the peak-to-peak (PP) distance (Dp-p), can be
measured from the grayscale profile. The PP distance is closely related to the characteristic
half-width of ISWs [34] and serves as a key parameter for the retrieval of ISWs [49].

Since the observation locations of FY-4B GHI vary daily, a total of 46 days between
June 2022 and July 2024 were selected, during which ISWs in the northern South China Sea
were clearly observed, as listed in Table 1. The daily observation time of ISWs was mainly
concentrated between 00:00 and 09:00 UTC. The northern South China Sea is divided into
grids with a resolution of 0.25°, consistent with the grid structure of the 0.25° temperature
and salinity fields in the World Ocean Atlas 2023 (WOA23) dataset [50]. Figure 2b shows
the propagation and evolution of ISWs over a continuous 3 h period. The PP distance of
the ISWs in each grid is defined as the average value of the PP distances extracted from
multiple ISW crest lines within that grid (as indicated by the red and cyan dots in Figure 2b).
Figure 2c shows the positions of the ISW crest lines on the left and right sides of a single
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grid cell. The ISW propagation speed in each grid is defined as the average speed of all
of the brightest points propagating from the right to the left side within that grid. The
retrieval of ISW parameters is based on the PP distances and the temperature and salinity
data from the WOA23 within each grid.
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Figure 2. FY-4B GHI imagery of the northern South China Sea. (a,b) Images captured at 04:02:00
UTC on 19 June 2023; (c) images captured at 03:42:00 UTC on the same day. In (a), cyan dots
mark the brightest points of the ISW, and the cyan oblique line indicates the profile extraction path,
perpendicular to the crest and opposite to the propagation direction. The lower-right inset enlarges
the dashed rectangle, while the upper-left inset shows the grayscale profile with black dashed lines
marking the horizontal positions of the maximum and minimum gray values. In (b), red dots show
where PP distances are extracted; cyan dots correspond to those in (a). Yellow, purple, and green lines
indicate ISW crests at 04:02, 05:02, and 06:02 UTC, respectively. In (c), the red line shows the crest at
03:42 UTC, the blue line shows its position at 06:42 UTC, and the green line shows the propagation
path. Red dashed boxes denote 0.25° x 0.25° WOA grid cells.

Table 1. Summary of remote sensing imagery for ISW observations in the northern South China Sea.

Index Observation Period ISW Packets  Index Observation Period ISW Packets
1 2 June 2022 03:01:00-09:01:00 5 24 19 June 2023 02:02:00-09:02:00 5
2 5 June 2022 02:01:00-09:01:00 4 25 20 June 2023 03:01:00-09:41:00 5
3 18 June 2022 02:01:00-06:31:00 5 26 21 June 2023 01:01:00-09:01:00 5
4 19 June 2022 02:01:00-05:01:00 3 27 22 June 2023 02:31:00-09:01:00 3
5 3 July 2022 03:02:00-09:02:00 3 28 24 June 2023 06:31:00-07:31:00 1
6 4 July 2022 05:31:00-08:31:00 1 29 25 June 2023 04:37:00-08:37:00 2
7 26 August 2022 03:01:00-09:01:00 2 30 26 June 2023 04:01:00-08:01:00 2
8 27 August 2022 01:12:00-08:02:00 1 31 20 July 2023 03:01:00-06:51:00 7
9 3 September 2022 00:01:00-08:01:00 4 32 22 July 2023 04:01:00-08:01:00 4

10 4 September 2022 02:31:00-06:31:00 3 33 23 July 2023 05:01:00-08:01:00 4
11 5 September 2022 03:01:00-08:01:00 3 34 24 July 2023 04:01:00-09:01:00 1
12 13 September 2022 01:01:00-09:01:00 5 35 15 August 2023 02:01:00-05:01:00 1
13 14 September 2022 03:01:00-06:01:00 4 36 16 August 2023 05:01:00-09:01:00 2
14 4 May 2023 03:01:00-08:01:00 2 37 17 August 2023 04:31:00-05:31:00 1
15 5 May 2023 03:01:00-08:01:00 5 38 22 August 2023 02:01:00-09:01:00 6
16 6 May 2023 03:01:00-09:01:00 2 39 20 September 2023 04:01:00-08:01:00 1
17 7 May 2023 03:01:00-07:01:00 2 40 30 April 2024 00:01:00-08:01:00 2
18 31 May 2023 03:01:00-08:01:00 1 41 1 June 2024 02:01:00-05:01:00 1
19 6 June 2023 05:01:00-07:01:00 1 42 10 June 2024 02:01:00-05:01:00 1
20 7 June 2023 03:01:00-08:01:00 5 43 21 June 2024 00:01:00-05:01:00 3
21 8 June 2023 00:31:00-08:31:00 4 44 9 July 2024 03:31:00-05:31:00 4
22 9 June 2023 00:01:00-09:01:00 5 45 10 July 2024 01:01:00-07:01:00 4
23 18 June 2023 01:01:00-09:01:00 2 46 11 July 2024 02:01:00-05:01:00 5
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2.2. ISW Theoretical Equations and Parameter Extraction

Without making any assumptions about wavelength or amplitude, the DJL equa-
tion [51,52] was established and is expressed as follows:

N2%(z —
v217 + (Cz 7/)’7 =0, (1)

where 7 represents the isopycnal displacement and c is the propagation speed of ISWs. The
Laplacian operator is defined as V2 = (92 + 92), and x and z denote the zonal and vertical
coordinates, respectively. In this study, the ISW amplitude (7jp) retrieved using the DJL
equation refers to the maximum isopycnal displacement, defined as follows:

Mo = max([5(x, 2)])- €

N in Equation (1) is the buoyancy frequency, given by the following:

2 8 dp(2)
N (Z) - PO dZ 4 (3)

where g is the gravitational acceleration, p(z) is the density profile, and py is the reference
density. The density profiles were derived from WOA23 temperature and salinity profiles
using the equation of state proposed by Millero and Poisson [53]. The temperature and
salinity inputs used here are the monthly and seasonal averages of seven decadal means
(1955-2022), with a spatial resolution of 0.25° x 0.25°. Seasonal data are applied at depths
greater than 1500 m, while monthly data are used for depths less than 1500 m. It should be
noted that the DJL equation does not have explicit solutions, which can only be solved by
the numerical method [52,54].

When retrieving ISW parameters from optical imagery, it is important to account for
the relationship between sea surface current divergence and the surface features of ISWs.
Lu et al. [55] investigated the relationship using both satellite remote sensing and laboratory
experiments. By statistically analyzing the ISW PP distances in optical imagery and the PP
distances of the surface current divergence for the same ISW, and performing linear fitting,
they found that the PP distance of the sea surface current divergence is 0.83 times that of the
optical imagery. The experimental and remote sensing results are consistent. Furthermore,
the uncertainty of this relationship is derived as 0.03. Since the maximum PP distance
extracted from remote sensing imagery in this study is 3207 m, the error introduced by this
relationship is 96 m, which is smaller than the image resolution. The error in the inversion
amplitude due to the PP distance is 1 m, and the error in propagation speed is 0.004 m/s.
Therefore, the error in this relationship has no significant impact on the inversion results.

The PP distance of the sea surface current divergence is defined as follows:

Dp—p = x\mm(%) — x‘max(%) . (4)

Therefore, the relationship between the ISW PP distance extracted from optical imagery
((Dp_p) Opt) and the PP distance of the sea surface current divergence derived from the DJL

theory ((Dp-p) 4,,) can be given by the following:

div
(Dpp) gy = (DP_P)opt x 0.83 ®)

3. Results

In this study, a total of 2067 ISW PP distances were extracted from 46 days of FY-4B GHI
imagery that clearly captured ISWs in the northern South China Sea. The extraction locations
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are shown in Figure 3. The study area was divided into deep-water, transitional, and shallow-
water regions based on the 500 m and 2000 m isobaths. Using the continuously stratified DJL
equation and the extracted PP distances, ISW parameters in the northern South China Sea
were retrieved, and their spatial variation characteristics were subsequently analyzed.
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Figure 3. Spatial distribution of ISW PP distance extraction locations in the northern South China
Sea. Red asterisks mark the extraction points. Based on the 500 m and 2000 m isobaths, the region is
divided into deep-water, transitional, and shallow-water regions.

3.1. Retrieval of ISW Parameters in the Deep-Water Region

In the deep-water region, ISW parameters were retrieved using the continuously stratified
DJL equation, driven by seasonal temperature and salinity data from WOAZ23. Figure 4a,b
illustrate the relationships between the PP distance and amplitude and between the PP
distance and propagation speed of ISWs, respectively, as derived from the DJL equation under
different depth conditions. As shown, the relationship between the wave parameters and PP
distance is no longer monotonic, and significant differences are exhibited when the amplitudes
become large. Its typical feature is the existence of a turning point, which means that one PP
distance will correspond to two parameters, that is, double solutions exist. Since it is difficult to
distinguish between the two solutions using only the PP distance as a variable, Xue et al. [56]
determined the double solutions based on the properties of wave packets in which the
leading wave reaches the maximum amplitude. Instead, this study uses the ISW propagation
speed estimated from continuous remote sensing imagery to more clearly determine whether
to select the solution above or below the turning point. Once the propagation speed is
determined, the corresponding amplitude is also fixed. By considering both the propagation
speed and PP distance, the double solutions can be eliminated. Additionally, the selection of
the double solutions can also be determined based on the historical measured data from the
region. According to in situ observations by Huang et al. [57] in the deep-water region, the
average ISW amplitude is typically less than 100 m. The turning point amplitude of the DJL
solution in this region is always greater than 125 m. During their three-month continuous
observations, a total of 177 ISWs were measured, of which only 4.5% had amplitudes exceeding
125 m. Therefore, the amplitudes below the turning point were selected, and the corresponding
propagation speeds below the turning point were also chosen.

As shown in Figure 4a, the DJL model curves for the PP distance and amplitude exhibit
distinct differences between the depth ranges of 2800-3400 m and 2200-2600 m. The ISWs
in deeper waters (2800-3400 m) correspond to larger extracted PP distances than those in
shallower waters (2200-2600 m). However, differences in the curves across the two depth
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ranges lead to only minor variations in the retrieved ISW amplitudes, despite the substantial
differences in the PP distance. Figure 4b shows that the relationship between the PP distance
and propagation speed displays only minor differences across different depths. Figure 4c
compares the ISW propagation speed estimated from continuous satellite imagery with that
retrieved using the DJL equation corresponding to solutions below the turning point. The
results indicate that the remotely sensed propagation speed is generally greater than that
retrieved from the DJL model. This discrepancy is similar to the in situ observations by
Huang et al. [57], who found that the measured ISW propagation speeds in deep water were
generally greater than the theoretical propagation speeds. This difference may be attributed
to the proximity of the deep-water region to ISW generation sites. The surrounding area is an
active region for background processes such as local tidal currents, internal tides, mesoscale
eddies [47,57], and the Kuroshio [58]. As a result, ISWs in the deep-water region are more likely
to be influenced by these processes. These background processes not only generate strong
currents but also alter stratification, leading to deviations from the WOA climate mean profile.
This study simulated the impact of stratification changes caused by an anticyclonic eddy with
a 100 m amplitude on the ISW propagation speed retrieved using the DJL equation. The results
showed that the stratification changes led to a 0.96 m/s increase in ISW propagation speed
at a PP distance of 2500 m. The combined effects of background currents and stratification
changes result in the difference between the ISW propagation speeds estimated from remote
sensing and the theoretical propagation speeds in the deep-water region.
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Figure 4. (a,b) Relationships between ISW PP distance and amplitude (a) and between PP distance
and propagation speed (b), as derived from the DJL equation under different depth conditions in the
deep-water region. In (a,b), the red, orange, yellow, green, cyan, blue, and purple lines correspond
to DJL solutions at depths of 2200, 2400, 2600, 2800, 3000, 3200, and 3400 m (H represents the total
depth), respectively. The dashed lines in corresponding colors indicate the ISW PP distances extracted
and the amplitudes and propagation speeds retrieved at their respective depths. (c) Variation in
ISW propagation speed with amplitude in the deep-water region. Red circles indicate propagation
speeds estimated from continuous satellite remote sensing imagery, and blue diamonds represent
those retrieved using the DJL equation.

In the deep-water region (depths ranging from 2200 to 3400 m), a total of 555 ISW PP
distances were extracted from continuous optical imagery, and the corresponding amplitudes
and propagation speeds were retrieved using the continuously stratified DJL equation. The
spatial distribution characteristics of the PP distance, amplitude, and propagation speed
of ISWs are presented in Figure 5a—c. As shown in Figure 5a, the PP distance of ISWs,
extracted from consecutive optical imagery, ranges from 1440 to 3087 m. From east (120°E) to
west (117°E), the PP distances gradually decrease with decreasing depth. Figure 5b shows
that the ISW amplitude ranges from 89 to 121 m, increasing gradually from east to west.
Figure 5c indicates that the ISW propagation speeds range from 2.6 to 3.7 m/s. Influenced
by background currents, these speeds are unevenly distributed, with slightly greater values
observed in the southern portion of the study area.

112



Remote Sens. 2025, 17,2159

(a) Dp-p (m) (b) Amplitude (m) (C) Speed (m/s)
23°N 23 N———— 7 23°N o
‘ 120
3000 ‘ v
2°N : “@/\r’q‘;@\h 22°N ! w’\’ﬁ&,\ 115 22°N l M"K/\
% 2600 1 % E 5.4
5 . ‘ g ! 110 g
21°N S 21°N s 21°N
vqi : g‘ \)Qi ’ﬁ 32
2200 | &9 105 = B
20°N i’. 20°N g5~ 20°N if. .; 5
= g ffﬂ 2l | | g 3
19°N 7 1300 19°N| 7 95 19°N 7 28
; §/_>J | ; gjﬂ ; é{;\t
i Al ‘al

2.6

oigl L LT LTI 1] o (
1400 I8N7E 118°E 119°E 120°E 121°E BNPE 118°E 119°E 120°E 121°E

BN7E 118°E 119°E 120°E 121°E

Figure 5. (a) Spatial distribution of ISW PP distances extracted from optical imagery, (b) ISW
amplitudes retrieved using the DJL theory, and (c) ISW propagation speeds estimated from continuous
remote sensing imagery, all in the deep-water region. The grid resolution for (a—c) is 0.25°.

3.2. Retrieval of ISW Parameters in the Transitional Region

In the transitional region, the monthly and seasonal WOA23 temperature and salinity
profiles were used to derive the continuously stratified DJL equation, from which the
relationships between the ISW PP distance and amplitude (Figure 6a) and between the
PP distance and propagation speed (Figure 6b) were derived at different depths. Based
on the ISW propagation speed estimated from continuous remote sensing imagery, the
DJL solution above or below the turning point corresponding to the same PP distance was
selected. The results indicated that most of the DJL solutions corresponded to parameters
above the turning point. For a few cases in which parameters were initially matched below
the turning point, resulting in unrealistic amplitude outliers, the solution above the turning
point was instead selected to ensure physical consistency.
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Figure 6. (a,b) Relationships between ISW PP distance and amplitude (a) and between PP distance
and propagation speed (b), as derived from the DJL equation at different depths in the transitional
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region. In (a,b), the red, orange, yellow, green, cyan, blue, and purple lines correspond to DJL
solutions at depths of 2200, 2400, 2600, 2800, 3000, 3200, and 3400 m (H represents the total depth),
respectively. The dashed lines in corresponding colors indicate the ISW PP distances extracted and
the amplitudes and propagation speeds retrieved at their respective depths. (¢) Comparison between
ISW propagation speeds estimated from satellite remote sensing imagery and those retrieved using
the DJL equation in the transitional region. RMSE denotes the root mean square error, and the solid
black line represents the 1:1 reference. (d) Variations in ISW propagation speed with amplitude in
the transitional region. Red circles indicate propagation speeds estimated from continuous satellite
remote sensing imagery, and blue diamonds represent those retrieved using the DJL equation.

Figure 6a shows that the relationship between the ISW PP distance and amplitude, as
derived from the DJL equation, exhibits significant variations at different depths. Although
the PP distance of ISWs changes only slightly across this region, the retrieved amplitudes
vary considerably. Figure 6b indicates that the curve of the propagation speed versus the
PP distance derived from the DJL equation decreases as the depth becomes shallower.
Given the relatively small variation in the PP distance, the propagation speed of ISWs
progressively decreases as the water becomes shallower. As shown in Figure 6¢, the ISW
propagation speeds estimated from the continuous satellite remote sensing imagery closely
match those retrieved from the DJL equation, with a root mean square error of 0.22 m/s.
Figure 6d presents the variation in the ISW propagation speed with amplitude. The lack
of a clear correlation suggests that depth may be the dominant factor influencing the ISW
propagation speed in the transitional region.

In the transitional region, where depths range from 500 to 1850 m, a total of 486 ISW PP
distances were extracted from continuous optical imagery. Using the continuously stratified
DJL equation, the corresponding amplitudes and propagation speeds were retrieved,
and the spatial distributions of the PP distance, amplitude, and propagation speed were
further analyzed (Figure 7a—c). Figure 7a shows that the ISW PP distances range from
1182 to 1697 m, with less variability compared to those in the deep-water region. As
shown in Figure 7b, the ISW amplitudes retrieved using the DJL model range from 120 to
210 m, exceeding those retrieved in the deep-water region. These amplitudes are strongly
influenced by depth and density, leading to significant variations. Figure 7c indicates that
the propagation speeds retrieved using the DJL equation range from 2.0 to 3.1 m/s, and
thus are lower than those in the deep-water region. Overall, ISWs in the transitional region
exhibit shorter PP distances, greater amplitudes, and lower propagation speeds compared
to those in the deep-water region.
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Figure 7. (a) Spatial distribution of ISW PP distances extracted from optical imagery, (b) ISW
amplitudes retrieved using the DJL theory, and (c) ISW propagation speeds retrieved using the DJL
theory, all in the transitional region. The grid resolution for (a—c) is 0.25°.
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3.3. Retrieval of ISW Parameters in the Shallow-Water Region

In the shallow-water region, the DJL equation was solved using monthly WOA23 tem-
perature and salinity profiles. Figure 8a,b illustrate the relationships between the ISW PP
distance and amplitude, and between the PP distance and propagation speed, respectively,
as obtained from the DJL equation under varying depth conditions. The DJL solutions
were likewise selected based on the propagation speeds estimated using the continuous
remote sensing imagery. Similarly to the transitional region, most cases corresponded to
parameters above the turning point. For the few cases with initial mismatches, appropriate
corrections were applied to ensure physical consistency.
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Figure 8. (a,b) Relationships between ISW PP distance and amplitude (a) between and PP distance
and propagation speed (b), as derived from the DJL equation under different depth conditions in the
shallow-water region. In (a,b), the red, orange, yellow, green, cyan, blue, and purple lines correspond
to DJL solutions at depths of 2200, 2400, 2600, 2800, 3000, 3200, and 3400 m (H represents the total
depth), respectively. The dashed lines in corresponding colors indicate the ISW PP distances extracted
and the amplitudes and propagation speeds retrieved at their respective depths. (c¢) Comparison
between ISW propagation speeds estimated from satellite remote sensing imagery and those retrieved
using the DJL equation in the shallow-water region. RMSE denotes the root mean square error, and the
solid black line represents the 1:1 reference. (d) Variation in ISW propagation speed with amplitude
in the shallow-water region. Red circles indicate propagation speeds estimated using continuous
satellite remote sensing imagery, and blue diamonds represent those retrieved using the DJL equation.

Figure 8a,b show that, as the depth gradually decreases, both the relationship between
the PP distance and amplitude and that between the PP distance and propagation speed, as
retrieved using the DJL equation, exhibit a decreasing trend. Although the ISW PP distances
vary under different depth conditions, the retrieved amplitudes and propagation speeds
generally decrease as the depth becomes shallower. This suggests that in the shallow-water
region, the ISW amplitude and propagation speed are strongly influenced by depth, with
both parameters tending to decline as the depth decreases. Figure 8c presents a comparison
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between the ISW propagation speeds estimated using the continuous satellite imagery and
those retrieved using the DJL equation, showing a good overall agreement, with a root mean
square error of 0.16 m/s. Figure 8d illustrates that the ISW propagation speed increases with
amplitude, indicating a positive correlation between the two in shallow waters.

In the shallow-water region (depth range: 95425 m), a total of 1026 ISW PP distances
were extracted from the continuous optical imagery, and the corresponding amplitudes
and propagation speeds were retrieved using the continuously stratified DJL equation.
Figure 9a—c illustrate the spatial distributions of the ISW PP distance, amplitude, and
propagation speed. As shown in Figure 9a, the ISW PP distances range from 876 to 1561 m,
with only minor differences compared to those in the transitional region. Figure 9b shows
that the ISW amplitudes, retrieved using the DJL model, range from 14 to 142 m, indicating
a reduction relative to the transitional region. Figure 9c reveals that the ISW propagation
speeds retrieved with the DJL equation range from 0.6 to 1.9 m/s, being lower than those
in the transitional region. Overall, both the ISW amplitude and propagation speed decrease
with decreasing depth, and all of the wave parameters are reduced compared to those in
the transitional region.
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Figure 9. (a) Spatial distribution of ISW PP distances extracted from optical imagery, (b) ISW
amplitudes retrieved using the DJL theory, and (c) ISW propagation speeds retrieved using the DJL
theory, all in the shallow-water region. The grid resolution for (a—c) is 0.25°.

3.4. Spatial Variability of ISW Parameters in the Northern South China Sea

Using the continuously stratified DJL equation and continuous optical remote sensing
imagery, the spatial distribution of ISW parameters across a depth range of 95-3400 m in
the northern South China Sea was retrieved, as shown in Figure 10. Figure 10a illustrates
that the ISW PP distances range from 876 to 3087 m, with the largest values observed in
the deep-water region, where the average is 2134 m. As ISWs propagate westward, the PP
distances decrease, averaging 1287 m. In the transitional and shallow-water regions, the
PP distances show minimal variation. Figure 10b shows that the ISW amplitudes range
from 14 to 210 m. In the deep-water region, the amplitudes remain relatively constant,
averaging 102 m. As ISWs propagate westward into the transitional region, the intensified
nonlinear effects lead to a notable increase in the amplitude. In the shallow-water region,
the amplitudes gradually decrease with decreasing depth. Figure 10c indicates that the
ISW propagation speeds range from 0.6 to 3.7 m/s, with the highest overall speeds in the
deep-water region, where the average speed is 3.1 m/s. As ISWs propagate westward and
the depth decreases, the propagation speeds decrease to an average of 2.3 m/s, and further
reduce to 1.3 m/s in the shallow-water region.
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Figure 10. Spatial distributions of (a) ISW PP distances, (b) ISW amplitudes, and (c) ISW propagation
speeds in the northern South China Sea, respectively. The grid resolution for (a—c) is 0.25°.

4. Discussion
4.1. Impact of Seasonal Stratification Variations on the Retrieval of ISW Parameters

This study examines the impact of seasonal stratification variations on the retrieval of
ISW parameters based on the DJL equation. In the deep-water region, for ISW PP distances
between 2500 and 3500, the retrieval amplitude was smallest in summer and largest in winter,
with the difference between winter and summer being approximately 20.5%. The retrieval
propagation speed was lowest in spring and highest in summer, with the difference between
spring and summer being approximately 6.5%. In the transition region, for ISW PP distances
between 1500 and 2500, the retrieval amplitude was smallest in winter and largest in spring,
with the difference between spring and winter ranging from 20% to 34%. The retrieval
propagation speed was lowest in winter and highest in summer, with the difference between
summer and winter being approximately 25.5%. In the shallow-water region, for ISW PP
distances between 1500 and 2500, the seasonal variations in the retrieved wave parameters
were similar to those in the transition region. The difference between spring and winter in
the retrieval amplitude ranged from 37% to 50%, and the difference in retrieval propagation
speed between summer and winter was approximately 27.5%. In summary, the impact of
seasonal stratification variations on the retrieval of ISW parameters was significant, with the
seasonal effect increasing as the depth decreased.

4.2. Comparison Between Retrieved ISW Parameters and In Situ Observations

The ISW parameters in the northern South China Sea were retrieved by combining
continuous optical remote sensing imagery with the continuously stratified DJL equation,
and the results were compared with in situ observations. In the deep-water region, Huang
et al. [57] reported average in situ ISW amplitudes below 100 m and propagation speeds
ranging from 2.8 to 3.7 m/s. In comparison, the retrieval using the DJL equation produced
an average amplitude of 102 m, and the propagation speeds estimated from the remote
sensing imagery ranged from 2.6 to 3.7 m/s.

In the transitional region, Lien et al. [30] conducted mooring observations at a depth of
525 m (117.28°E, 21.07°N), reporting ISW amplitudes of 106-173 m and propagation speeds
of 1.61-1.98 m/s. At the same location, the ISW amplitudes retrieved using the DJL equation
ranged from 130 to 204 m, with propagation speeds between 1.97 and 2.27 m/s. Similarly,
Ramp et al. [33] measured an ISW amplitude of 100 m and a propagation speed of 1.8 m/s at
a depth of 505 m (117.08°E, 20.7°N), while the results retrieved from the DJL equation at the
same site ranged from 109 to 176 m in amplitude and from 1.84 to 2.13 m/s in speed.

In the shallow-water region, Yang et al. [28] reported ISW amplitudes of 90 &+ 15 m
and propagation speeds of 1.52 + 0.04 m/s, estimated using the KdV equation, at a depth
of 426 m (117.22°E, 21.05°N). At a nearby location, Lien et al. [30] measured amplitudes of
106-173 m and speeds of 1.61-1.9 m/s. The amplitudes retrieved using the DJL equation
at the same site ranged from 120 to 146 m, with propagation speeds of 1.63-1.84 m/s.
Additionally, Chen et al. [31] observed amplitudes ranging from 10 to 100 m and estimated
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propagation speeds using the KdV equation as being between 0.74 and 1.88 m/s at a depth
of 397 m (115.5°E, 20.52°N), while the DJL equation retrieved amplitudes of 89 to 112 m
and speeds of 1.58 to 1.61 m/s.

Overall, the retrieved ISW parameters using the DJL model showed good agreement
with in situ observations across various regions, supporting the applicability and reliability
of the DJL equation for ISW parameter retrieval in the northern South China Sea.

4.3. An Example of the Propagation and Evolution of a Particular ISW in the Northern South
China Sea

During the study period, the optical FY-4B GHI imagery featured the same ISW
over three consecutive days. Using the continuously stratified DJL equation, the ISW’s
parameters were retrieved from different regions, facilitating a systematic analysis of its
propagation and evolution, as shown in Figure 11 At 04:51 UTC on 18 June 2023, the ISW
was observed in the deep-water region at 119.37°E, 20.63°N (point Al in Figure 11a), with a
depth of 2900 m. The extracted ISW PP distance was 3053 m, with a maximum amplitude of
88 m and a propagation speed of 2.8 m/s, as retrieved using the DJL equation (Figure 11c).
Along its northwestward propagation path (shown by the black diagonal line in Figure 11a),
the ISW propagated into progressively shallower waters (Figure 11e). At 04:52 UTC on
19 June 2023, the ISW was observed at the junction of the transitional and shallow-water
regions (117.21°E, 21.12°N; point A2 in Figure 11a). The depth was 400 m, with a PP
distance of 1450 m, a maximum amplitude of 148 m, and a propagation speed of 1.8 m/s.
Compared to the ISW at point A1, the ISW at point A2 was located in shallower water and
exhibited a shorter PP distance, larger amplitude, and lower propagation speed, consistent
with parameter variations observed from the deep-water to the transitional region. From
Al to A2, the ISW propagated for 232 km, yielding an average speed of 2.7 m/s, in good
agreement with the mean propagation speed (2.7 m/s) of ISWs along the black solid line
between the two points.

On the second day, as the ISW propagated and encountered Dongsha Island, it un-
derwent refraction and split into two branches (indicated by the green diagonal lines in
Figure 11a,b). One branch propagated through the shallow waters above the Dongsha Is-
land and was observed at location A3 (116.12°E, 21.38°N) at 04:51 UTC on 20 June 2023. At
this site, the depth was 200 m, the extracted ISW PP distance was 1188 m, and the retrieved
maximum amplitude and propagation speed were 60 m and 1.1 m/s, respectively. At A3,
the ISW was located in shallower water than at A2, with the PP distance, amplitude, and
propagation speed all decreasing with decreasing depth, in agreement with the parameter
variation trend observed in shallow-water regions. The ISW propagated 116 km from A2
to A3 at an average speed of 1.3 m/s, which closely matched the mean propagation speed
(1.3 m/s) along the black solid line between A2 and A3 in the shallow-water region.

Another ISW propagated beneath Dongsha Island. On the second day, it was observed
at location B2 (116.89°E, 20.38°N), where the depth was 500 m. The extracted PP distance
was 1669 m, the maximum amplitude was 181 m, and the propagation speed was 2.2 m/s.
Although B2 and A2 correspond to the same ISW, differences in the local depth and density
structure resulted in variations in the PP distance, amplitude, and propagation speed. On
the third day, the ISW was observed at B3 (115.56°E, 20.88°N), where the depth was 225 m.
The extracted PP distance was 1108 m, and the maximum amplitude and propagation speed
retrieved using the DJL equation were 70 m and 1.2 m/s, respectively. At B3, compared to
B2, the ISW was located in shallower water, with a decrease in the PP distance, propagation
speed, and amplitude, consistent with the trend observed from the transitional to shallow-
water regions. From B2 to B3, the ISW propagated 149 km at an average speed of 1.7 m/s,
closely matching the mean speed (1.8 m/s) along the black solid line between B2 and B3.
Although the travel time from A2 to A3 and from B2 to B3 was the same, the ISW from B2
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to B3 covered a 33 km longer distance, resulting in a higher average propagation speed.
This difference was attributed to a greater average depth along the B2-B3 path compared to
A2-A3 (as shown in Figure 11e,f), since shallower depths correspond to slower ISW speeds.
Although A3 and B3 are located in different regions, the ISW parameters differed little due
to the similar depths, supporting the conclusion that depth is the primary factor influencing
ISW parameters in shallow-water regions. In summary, variations in the parameters of
the same ISW across different regions were consistent with the spatial variation trends
analyzed in Section 3.
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Figure 11. (a,b): Propagation of the same ISW in the northern South China Sea. The background
shows the bathymetry, with yellow, blue, and green lines representing wave crests extracted at
three different times: 04:51:00 UTC on 18 June 2023 (yellow), 04:52:00 UTC on 19 June 2023 (blue),
and 04:51:00 UTC on 20 June 2023 (green), respectively. Black diagonal lines represent the ISW
propagation directions, and red pentagrams mark the intersection points between black lines and the
wave crests. Red dashed boxes denote 0.25° x 0.25° areas corresponding to grid cells in the WOA23
dataset. (c,d): Isopycnal displacements calculated using the DJL equation. Background shading
represents density variation. Black contours indicate the displacements of isopycnals with densities
of 1022, 1024, and 1025.5 kg-m 3. (e,f): Bathymetric profiles along the propagation paths indicated
by the black lines in panels (a,b), respectively. The blue line denotes the sea surface (0 m), and red
pentagrams correspond to the same locations as in panels (a,b).

The ISW propagated from deep water (A1) to shallow water (A3), with its amplitude
initially increasing and then decreasing, which aligned with the in situ observations of
Alford et al. [6]. Lamb and Warn-Varnas [59], using a two-dimensional non-hydrostatic
primitive equation model, also found that as the depth decreases from 3000 m, the ISW
amplitude increases significantly, reaching a maximum between 300 and 600 m, after
which it rapidly decreases. In the deep-water region, the ISW was generated through
the nonlinear steepening of internal tides in the Luzon Strait. As the ISW propagated
westward, the nonlinear effects intensified. In the transitional region, influenced by the
seafloor topography, the ISW shoaled and underwent steepening deformation, resulting in
an increase in amplitude. As the ISW propagated into the shallow-water region, its energy
dissipated due to shear, instability, and breaking, resulting in a decrease in amplitude.

The ISW propagation speed decreased as the depth decreased (Al to A3), consistent
with the in situ observations of Alford et al. [6], who showed that the ISW propagation
speed decreased from deep water (3668 m) to shallow water (320 m). According to the ISW
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theory equation [60], the ISW propagation speed consists of two components: nonlinear
and linear phase speeds. The nonlinear phase speed is primarily influenced by the wave
amplitude, while the linear phase speed dominates and is mainly determined by depth,
with higher speeds in deeper water. Therefore, as the ISW propagated from deep to shallow
water, its propagation speed decreased with the reduction in depth. In the shallow-water
region, where the linear phase speed was lower, the relative contribution of nonlinear
effects on wave speed became more prominent.

5. Conclusions

In this study, ISW parameters in the northern South China Sea were retrieved by inte-
grating continuous optical FY-4B GHI imagery using the DJL equation under continuous
stratification. The retrieved parameters were used to characterize spatial variations in ISWs
across deep-water, transitional, and shallow-water regions. The results showed that in the
deep-water region, ISWs exhibited the greatest PP distances and propagation speeds among
all regions, with mean values of 2134 m and 3.1 m/s, respectively, while the amplitudes
showed only limited variability, with an average of 102 m. As ISWs propagated westward
into the transitional region, the depth decreased and nonlinearity intensified. As a result,
the PP distance and propagation speed decreased to average values of 1389 m and 2.3 m/s,
respectively, while the amplitude increased, ranging from 120 to 210 m. In the shallow-water
region, ISWs propagated northwestward. As the depth continued to decrease, the PP distance
remained relatively constant (averaging 1227 m), while both the amplitude (ranging from
14 to 142 m) and propagation speed (averaging 1.3 m/s) gradually decreased with depth.
Overall, in the northern South China Sea, the ISW PP distances ranged from 876 to 3087 m,
exhibiting a decreasing trend from east to west. The amplitudes ranged from 14 to 210 m,
increasing initially and then decreasing as ISWs propagated westward. The propagation
speeds ranged from 0.6 to 3.7 m/s and declined progressively with decreasing depth.

In the inversion process, selecting appropriate DJL solutions is critical. Appropriate
DJL solutions for each area, except for the deep-water region, can be determined from an
analysis of the ISW propagation speeds estimated from continuous remote sensing imagery.
In both transitional and shallow-water regions, most of the DJL solutions corresponded to
parameters above the turning point. Comparisons with in situ measurements confirmed
that the retrieved amplitudes and speeds were consistent with the field observations.
This supports the validity and applicability of the proposed inversion framework when
it is applied in the northern South China Sea. Furthermore, a three-day consecutive
remote sensing tracking analysis of the same ISW revealed that the spatial variation in its
parameters was consistent with the statistical results presented earlier. This study provides
essential data support for understanding the spatial variability and dynamic characteristics
of ISWs in the northern South China Sea and offers an effective remote sensing inversion
method for future extensive ISW research and monitoring.
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Abstract: Eddy identification and tracking are essential for understanding ocean dynamics.
This study employed the elliptical Gaussian function (EGF) simulations and the py-eddy-
tracker (PET) algorithm, validated by Surface Velocity Program (SVP) drifter data, to
track eddies in the western North Pacific Ocean. The PET method effectively identified
large- and mesoscale eddies but struggled with submesoscale features, indicating areas
for improvement. Simulated satellite altimetry by EGF, mirroring Surface Water and
Ocean Topography (SWOT)’s high-resolution observations, confirmed PET’s capability
in processing fine-scale data, though accuracy declined for submesoscale eddies. Over
22 years, 1,188,649 eddies were identified, mainly concentrated east of Taiwan. Temporal
analysis showed interannual variability, more cyclonic than anticyclonic eddies, and a
seasonal peak in spring, likely influenced by marine conditions. Short-lived eddies were
uniformly distributed, while long-lived ones followed major currents, validating PET’s
robustness with SVP drifters. The launch of the SWOT satellite in 2022 has enhanced fine-
scale ocean studies, enabling the detection of submesoscale eddies previously unresolved by
conventional altimetry. SWOT observations reveal intricate eddy structures, including small
cyclonic features in the northwestern Pacific, demonstrating its potential for improving
eddy tracking. Future work should refine the PET algorithm for SWOT’s swath altimetry,
addressing data gaps and unclosed contours. Integrating SWOT with in situ drifters,
numerical models, and machine learning will further enhance eddy classification, benefiting
ocean circulation studies and climate modeling.

Keywords: drifter; Kuroshio current; ocean eddy; Py_Eddy_Tracking algorithm; satellite
altimetry; surface water and ocean topography (SWOT)

1. Introduction

Oceanic eddies, rotating fluid structures prevalent in the ocean’s dynamic system,
exhibit considerable variation across a broad spectrum of spatial and temporal scales. The
spatial scales of the mesoscale eddies and submesoscale eddies are usually bounded by
the Rossby deformation radius. The oceanic mesoscale can be characterized as consisting
of variability with radius scales of 10-500 km [1]. Mesoscale eddies are primarily driven
by geostrophic balance, significantly influencing large-scale ocean circulation and nutrient
transport [2,3]. In contrast, submesoscale eddies are smaller (less than 10 km), transient
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(lasting days to weeks), and driven by frontal dynamics and mixed-layer instabilities,
playing a crucial role in vertical exchanges of heat, momentum, and biogeochemical
properties [3,4]. To more clearly delineate the scale range of eddies identified and tracked
in this study, we classify oceanic eddies into three categories: large-scale eddies, with
dimensions up to 100 km; mesoscale eddies, measuring between 10 and 100 km; and
submesoscale or small-scale eddies, characterized by diameters less than 10 km. The
small-scale eddies referred to in this study differ from those described by [1,2], whose work
focused exclusively on mesoscale eddies with radii greater than approximately 40 km. The
term “small-scale eddies’ in [1] refers to mesoscale eddies at the lower end of the mesoscale
range, which still fall within the mesoscale regime. The temporal presence of these eddies
can vary significantly, lasting from several days to multiple months, illustrating their
dynamic nature [5,6].

The advent and subsequent advancement of satellite altimeter technology has made
high-resolution altimeter satellites essential for studying ocean eddies. These satellites
provide critical data on key oceanic parameters, such as sea level anomaly (SLA), absolute
dynamic topography (ADT), and geostrophic currents, which are essential for robust
identification, detection, and analysis of eddies. The formation and evolution of eddies
have a substantial impact on ocean circulation, climate variability, marine biology, and other
interconnected fields, underscoring the importance of their study [7-12]. The integration of
data from multiple altimeter satellites for the identification and analysis of large-scale and
mesoscale eddies has become a focal point in modern oceanographic research.

Despite these technological strides, the current literature reveals limitations in the
comprehensive tracking and analysis of oceanic eddies, especially concerning mesoscale,
submesoscale, and small-scaled formations. Early methods for using satellite altimeter
data for eddy identification included manual visual analysis, which required researchers
to identify oceanic eddies by visually analyzing SLA fields. This approach was inefficient
and subjective, leading to inconsistent eddy identification and significant errors. The
first automated procedure for detection and tracking of eddies in altimeter data were
developed by [13], building upon techniques developed previously for turbulence studies
from numerical model simulations [14-16]. The Okubo-Weiss threshold method often used
simple thresholds to identify eddies, such as considering local maxima or minima on SLA
images as eddy centers, requiring careful sensitivity analysis to avoid over-identification or
under-identification of eddies [1]. Subsequent studies have fine-tuned the methodology
to address various shortcomings [2,17,18]. The procedures for identifying eddies relate to
geostrophic current velocity analysis [13,17-19], involving data smoothing and requiring
the computation of SLA derivatives, which could reduce the resolution of the flow field
and amplify any noise that is present in the SLA field [1,20]. These methods are mainly
used for identifying large and mesoscale eddies.

The capacity to accurately detect and analyze submesoscale eddies remains a
formidable challenge due to limitations in spatial resolution and the sensitivity of method-
ologies to inherent noise within satellite altimeter data. The nuanced dynamics of these
submesoscale eddies are crucial for explaining the finer details and transient processes of
ocean dynamics, especially in terms of vertical material exchange in the ocean [21,22],
yet they are frequently underrepresented or insufficiently captured in existing stud-
ies [1,6,23]. Recent advancements, particularly the launch of the SWOT satellite in De-
cember 2022, have significantly enhanced the study of fine-scale oceanic features. SWOT
offers new insights into ocean dynamics and the role of submesoscale eddies in climate pro-
cesses (https:/ /cnes.fr/en/press-releases/two-years-launch-exceptionally-precise-swot-
data-reap-rewards-30-years-progress, accessed on 5 May 2025), providing an opportunity
to overcome previous limitations in identifying submesoscale eddies [24]. For instance,
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SWOT has successfully captured submesoscale cyclonic eddies in the northwestern Pacific,
providing unprecedented detail on these dynamic structures [25].

In response to these challenges and opportunities, this paper aims to address the
identified limitations in existing methodologies for eddy detection and analysis, with
particular emphasis on identifying and tracking eddies across varying scales. By employing
the Py_Eddy_Tracking (PET) algorithm developed by [26-28] based on the theoretical
framework in [1], this study attempts to reconstruct the 22-year spatiotemporal variability
of mesoscale eddies in the northwest Pacific and to evaluate the robustness of eddy tracking
methodologies. Additionally, this research explores the potential of Surface Water and
Ocean Topography (SWOT) sea level measurements in detecting ocean eddies. Launched
on 16 December 2022, SWOT represents a breakthrough in identifying fine-scaled variations
in ocean surface water [29]. Through the improvement of eddy tracking methodologies
and validation using in situ data, this paper seeks to contribute to the oceanographic
community’s capacity to study and interpret the intricate and dynamic nature of oceanic
eddies. We report on the short-term and long-term spatiotemporal evolution of ocean
eddies in the northwest Pacific Ocean, validated by drifter data. For the first time, we
demonstrate how SWOT altimeter data can be used in studying submesoscale eddies in
the northwest Pacific Ocean and highlight SWOT’s current limitations.

2. Study Area

The study area (Figure 1) is situated in the northwest Pacific Ocean, primarily south of
Japan, encompassing the South China Sea (SCS), the waters off Taiwan, and the region east
of Taiwan within the North Pacific subtropical countercurrent (STCC) zone. This region is
characterized by dynamic oceanic conditions and complex circulatory patterns that play a
critical role in the formation and behavior of ocean eddies.

The oceanography of this area is influenced by several major currents, most notably the
Kuroshio Current, which flows northward along the eastern coast of Taiwan before turning
eastward at the latitude of Japan. The interaction between the Kuroshio Current and the
STCC creates a unique marine environment conducive to the generation of mesoscale and
submesoscale eddies [30-32]. These eddies significantly influence heat, nutrient transport,
and biological productivity across vast areas of the Pacific [7,33,34].

Furthermore, the Luzon Strait, situated south of Taiwan, acts as a key gateway for
the exchange of water masses between the SCS and the Pacific Ocean. This strait is a
region of intense eddy activity, influenced by the variable bathymetry and the interaction
of the Kuroshio Current with local water masses [35,36]. The presence of these eddies
contributes to complex circulation patterns that have significant implications for regional
climate and marine ecosystems [37,38]. Recent studies highlight the prolific eddy activity
in offshore eastern Taiwan, west of the STCC zone, where the convergence of different
water masses and the influence of monsoonal winds exacerbate the conditions for eddy for-
mation [39,40]. These eddies typically follow a west-northwestward trajectory, interacting
with the Kuroshio and playing a crucial role in the lateral mixing of ocean waters and the
distribution of biological and chemical constituents [12].

This study area was chosen due to its dynamic nature, providing an ideal setting
for evaluating the capabilities of conventional nadir-looking altimeters and the wide-
swath SWOT altimeter. The high-resolution data from these instruments enable a more
detailed examination of mesoscale and submesoscale eddies, enhancing our understanding
of their formation, evolution, and impacts on oceanic and atmospheric processes. The
application of the PET algorithm and SWOT data in this region aims to address the current
limitations in eddy detection and tracking, offering new insights into the intricate dynamics
of ocean eddies.
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Figure 1. Seafloor and topographic map of the study area. The high-eddy-production area covers the
North Pacific subtropical countercurrent (STCC). The bathymetric data from Generic Mapping Tools
Version 6 @earth_relief are integrated from Shuttle Radar Topography Mission and other datasets.

3. Satellite Altimeter and In Situ Data
3.1. Altimeter Data

We use the daily global gridded SLA provided by the Copernicus Marine Environment
Monitoring Service (CMEMS, marine.copernicus.eu), covering the period from 2000 to 2023.
The SLA grids have a resolution of 0.25° x 0.25° and integrate observations from multiple
altimetry satellites, including ERS-1/2, TOPEX/Poseidon (T/P), Jason-1/2/3, Cryosat-2,
Saral/AltiKa, HY-2, and among others. SLA is calculated from the sea surface height (SSH)
measured by satellite altimetry by subtracting the mean sea surface, which is the average
SSH from 1993 to 2012 used in this study, and applying corrections for tides, atmospheric
pressure, and electromagnetic biases. CMEMS datasets also provide geostrophic velocity
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components in eastward and northward directions, which are directly used in our tracking
algorithm. In this paper, such SLA grids refer to grids from conventional altimetry.

The SWOT mission employs Ka-band Radar Interferometer (KaRIn), which makes
measurements over a swath of 120 km (with a 20 km nadir gap that is sampled with
coarse resolution along the centerline by a conventional altimeter), providing the first direct
observations of ocean topography and land surface water in two dimensions [29]. One of
its objectives is to measure SSH and terrestrial water heights. The KaRIn measurement
technique reveals the cascading of ocean circulation processes from large scale to subme-
soscale, down to ~5 km in wavelength, using two synthetic aperture radar (SAR) antennas
separated by a 10 m mast for interferometry in orbit [29]. We have used Level 3 expert
products (L3_LR_SSH_Expert) from the SWOT mission, both in the CalVal orbit (pass 21
in the 1-day repeat/fast sampling orbit) from 29 March 2023 to 9 July 2023, and in the
science orbit (21-day repeat; 4 cycles are used in this study) within the study area, from
7 September 2023, to 21 November 2023. The Level 3 products have employed a series
of corrections (ocean tide from the FES22 model, solid earth tide, coherent internal tide,
pole tide, and dynamic atmospheric corrections, removing spurious pixels) and mitigated
random errors using an Al-based algorithm [41,42].

3.2. Drifter Data

To verify the eddy tracking results, we use drifter data from the Surface Velocity
Program (SVP) [43]. A SVP drifter is a Lagrangian current-following device designed to
track water currents at a depth of 15 m beneath the ocean surface. It is equipped with
a buoy at the surface and a steel cable extending below, which holds multiple sensors.
This setup allows the SVP drifter to collect data on ocean surface velocity by tracking
the movement of the buoy and to gather temperature data via sensors on the cable. The
collected information is transmitted to the surface buoy. This design allows effective
measurement of the ocean’s surface velocity and temperature over extended periods and
across wide areas. We used SVP drifter data from 1 January 2004 to 1 January 2005, and
from 1 January 2018 to 1 January 2019. The drifter data were obtained from the Global
Drifter Program website (https:/ /www.aoml.noaa.gov/phod/gdp/index.php, accessed
on 5 May 2025).

4. Methods for Automatic Identification and Tracking of Eddies
4.1. Automated Identification and Tracking

We identified and tracked eddies by analyzing local extremum values in SLA and
the velocity vectors of the eddies (geostrophic velocity) using an automated algorithm,
PET (https://py-eddy-tracker.readthedocs.io/en/stable/, accessed on 5 May 2025), as
described by [1,25]. Figure 2 shows the workflow for eddy identification. The process
starts by applying a high-pass filter with a radius of 300-500 km to the daily SLA maps to
emphasize significant SLA signals. These filtered SLA maps are then analyzed to find closed
contours (isopleths) ranging from —100 to 100 cm, with a minimum separation of 0.4 cm
between them. Isopleths that are not closed are disregarded. The algorithm then evaluates
the containment relationships among polygons formed by closed isopleths. Polygons not
enclosed by others are identified as eddy boundaries, while those not enclosing others
are marked as eddy centers. Based on five closed-contour constraints [26] (Appendix A),
eddies are classified as anticyclonic (center point higher than surroundings) or cyclonic
(center point lower than surroundings).
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Figure 2. Workflow for eddy identification with PET.

Eddy tracking maps the movement of an eddy’s center from formation to dissipation,
conducted separately for anticyclonic and cyclonic types. The method identifies eddies
that intersect across consecutive time steps. An eddy with no intersection is considered
dissipated. If exactly two eddies intersect, they are treated as the same eddy. When more
than two intersect, indicating potential merging or splitting, a cost function from [44] is
applied to ensure continuity. Further details are provided in [26,44]. The five PET algorithm
constraints for closed contours were also applied to higher-resolution altimeter datasets,
such as SWOT SLA data. A minimum area of 8 pixels allows detection of the smallest
submesoscale eddies, which typically exhibit SLA amplitudes of a few to several tens
of centimeters. We use 0.4 cm contour intervals to meets the resolution needs for their
identification. Details of the constraints are provided in Appendix A.

4.2. Validating PET Identification Using Simulated Eddies at Various Scales

Here, we validate eddy identification by the PET method using simulated eddies
and explain the radii associated with eddy boundaries. We employ the elliptical Gaussian
function (EGF) to simulate ocean eddies at the large, meso-, and sub-mesoscales to see
how eddy sizes are related to identification errors. The expression for EGF is detailed in
Appendix B. Ref. [45] noted that the most typical shape of an ocean eddy closely resembles
that of a Gaussian curve. In this study, we simulated eddies on various spatial scales. The
SLA values for these eddies are given on a 0.018° x 0.018° grid within the study area
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(Figure 1) to match the spatial resolution of SWOT. Table 1 shows the EGF parameters
(Appendix B) for the simulated eddies.

Table 1. EGF parameters for the simulated eddies (see also Appendix B).

Semi-Major Semi-Minor . .
Eddy Scale Eddy Center Axis (km) Axis (km) Amplitude (m) Rotation Angle
Large-scale eddy (125°E, 23.5°N) 125 93.75 1.0 30°
Mesoscale eddy (124°E, 24°N) 50 37.5 0.3 45°
Submesoscale eddy  (123.5°E, 25°N) 5 3.75 0.1 60°

Figure 3 illustrates the simulated SLA and the corresponding closed contours of differ-
ent scales. The results identified using the PET algorithm by inputting these simulated SLA
data are shown in Figure 4. The identification of anticyclonic eddies is clearly demonstrated
in all three examples, as indicated by the red contours in Figure 4, which correspond to
the size and position settings in Figure 3. The red dashed line represents the identified
eddies with the Effective Radius (ER) of the eddy, while the solid red line indicates the
eddies with the Speed-based Radius (SR). ER represents the spatial extent or the average
radius of an eddy, serving as a measure of the eddy’s overall size. A larger effective radius
suggests that an eddy can affect a more extensive area, potentially impacting a greater
volume of water. Traditionally, the spatial extent of an eddy is determined by setting an
SLA threshold, such as 2 mm [46]. In the PET algorithm, this could be adjusted based on the
maximum pixel value. High-pass filtering tends to increase the area of the identified eddy.
In our simulation, we assigned smaller maximum pixel values for eddies of various scales
to reduce the size errors caused by filtering. The SR refers to the radius of a circle with the
same area as that within the closed contours of the SLA, where the average geostrophic
speed is maximized. SR helps in understanding the intensity and rotational dynamics of
the eddy. Eddies with larger speed radii typically exhibit stronger rotational forces over
a more extensive area. In the following sections, the closed contours corresponding to
ER and SR are used to represent the shape and size of the identified eddy. We note from
Figure 4c and Table 2 that for submesoscale eddies, the relative difference between ER and
SR tends to decrease due to their compact structure and limited radial velocity gradient.

Table 2 shows the statistics for the parameters of identified eddies across various
scales, including the ER, SR, the fitted circle radius (FCR, the squared root of the product
of the set semi-major and semi-minor axes), and their associated errors. For eddies of all
scales, the ER exceeds the FCR, a discrepancy attributed to high-pass filtering that enlarges
the range of the eddies. With the spatial filtering applied in the objective analysis used to
produce SLA gridded maps [1] (Appendix A), eddies having an amplitude weaker than
~1-2 cm or a radius smaller than ~40 km should probably be considered as noisy artifact
structures on the daily SLA maps based on conventional altimeter data [44]. For large and
mesoscale eddies, the ER closely matches the radii established in the simulated data, with
relative errors for FCR of 5.2% and 10.2%, respectively; SR is only half of the ER. Ref. [26]
pointed out that, compared to the CSS11 eddies datasets [1], where SR is about 70% of ER,
the speed radius identified by the PET method is smaller. For submesoscale eddies, the
relative error between ER and FCR significantly increases to 39%, and ER is the same size
as SR. The results presented in Table 2 suggest that while the PET algorithm is effective,
it can be further refined to improve the detection and characterization of submesoscale
eddies.
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Table 2. Parameters of eddy identification at various scales.

Relative Errors

ER (iam) SR (ikam) FCR (lem) Between ER and FCR
Large-scale eddy 113.89 50.63 108.25 5.2%
Mesoscale eddy 47.73 27.57 43.30 10.2%
Submesoscale eddy 6.02 6.02 4.33 39.0%

5. Results and Discussions

5.1. Eddies from Conventional Altimeter Data
5.1.1. Snapshot of Ocean Eddies: A Case Study from 1 May 2023

As we transition into the results of our study, this section offers an analysis of the
ocean eddies identified on a representative day in spring 2023. This initial exploration
is important for understanding the complicated behaviors and characteristics of eddies
within one day and for showing the capabilities of the PET algorithm in discerning subtle
yet significant oceanic features for subsequent analyses.

We chose 1 May 2023 as the date for illustration. Figure 5a shows the spatial distribu-
tion of SLA following the application of a 500 km high-pass filter. Here, red denotes areas
with higher SLA values, and blue signifies regions with lower SLA values, effectively high-
lighting large- to meso-scale sea surface height anomalies. The application of a high-pass
filter helps to remove large-scale variability and emphasize mesoscale structures such as
eddies. This method is particularly effective in regions with strong currents and complex
topography [1]. Figure 5a shows noticeable eddy-like structures, particularly around the

20°N latitude.
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Figure 5. (a) SLA on 1 May 2023 by applying a 500 km high-pass filter; unit is m. (b) Identified CE
(blue) and AE (red) obtained based on the contours extracted from Figure 5a and screened using the
five contour constraints. The solid line and the dashed line represent the speed-based contour and
the effective contour of the eddy, respectively.

Figure 5b shows that a total of 67 cyclonic and 70 anticyclonic eddies were identified
from the analysis in Figure 5a and further refined through the PET algorithm using five
contour constraints (Appendix A). The solid and dashed lines within Figure 5b delineate
the effective and speed-related contours of these eddies, respectively. In the eastern region
of Taiwan, there is a significant presence of highly active eddies originating from the distant
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Pacific Ocean, which are pivotal in influencing the Kuroshio Current east of Taiwan. PET
identification in the area east of Taiwan shows three adjacent anticyclonic eddies, consistent
with the ocean current patterns associated with the Kuroshio Current east of Taiwan. In this
vicinity, the ocean currents on both the east and west flanks of the Kuroshio’s main stream
are characterized by southward counterflows [37]. Furthermore, a considerable number
of eddies are detected in the region spanning 15°S to 25°N and 105°E to 135°E, especially
in the region east of the Luzon Strait. This area is known for its dynamic eddy activity,
influenced by the interaction between the Kuroshio Current and the North Equatorial
Current [47].

The interplay between eddy size, strength, and kinetic energy is vital for understand-
ing ocean dynamics. Larger eddies with high eddy kinetic energy (EKE) can transport
more energy and materials across long distances, influencing the ocean’s thermohaline
circulation and impacting weather and climate patterns. EKE is the quadratic sum of two
geostrophic velocity components, which can depict the intensity of the flow, rotational
patterns, fluid diffusion, and convergence, as well as the deformation behavior of the fluid
under various mechanical effects [48]. Figure 6a,b display the ERs and SRs of the identified
eddies, respectively. It is observed that both ERs and SRs correlate strongly with the eddies’
size. In the region spanning 15°S to 20°N and 105°E to 130°E, particularly in the eastern
part of Luzon Island, the area influenced by the eastward-flowing Kuroshio to the east of
Japan, eddies exhibit larger ERs and VRs. The Kuroshio Current region is characterized
by fast flow velocities and large flow rates, leading to an increase in energy. Under these
conditions, larger eddies may be generated [49]. Eddies located near the coast are typically
smaller, possibly because in the shallow waters near the coast, eddies cannot fully develop,
resulting in smaller radii [11]. In Figure 6a,b, the ER of many eddies is observed to be
much larger than the SR, consistent with our results in Section 4.2. The core of an eddy has
high rotational speeds, represented by the SR, while the outer regions have lower speeds,
contributing to a larger ER. Underwater topography, like continental shelves and ridges,
can affect an eddy’s size and intensity. For instance, an eddy encountering a slope might
spread out horizontally, increasing the ER, but still maintain a high-speed core, as indicated
by the SR [50].

Figure 6¢,d present the EKE and mean EKE within each identified eddy contour
calculated from SLA data. Regions characterized by large and dense eddy formations
exhibit higher EKE levels, especially on the east side of Taiwan Island and Japan. This
is linked to the Kuroshio Extension. Ref. [51] pointed out that the Kuroshio leaves the
east coast of Japan, forming an eastward unstable jet, making the Kuroshio Extension the
most active eddy region and the peak area of eddy kinetic energy in the North Pacific.
A higher mean EKE does not always correspond to a larger ER. For instance, an eddy
located east of Taiwan shows a relatively small ER but has a high mean EKE, as indicated
by the darker color within the eddy contour in Figure 6d. Both the underwater topography
and different stages of the eddy’s lifespan could cause this situation. Notably, due to the
Rossby parameter nearing zero in the region of 5°5~5°N, which results in an infinitely
large geostrophic flow speed, the EKE values in this area should not be considered for
reference because the equatorial region’s dynamics are dominated by other forces, such
as wind-driven currents and equatorial waves, which are not accurately represented by
geostrophic calculations [52].
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Figure 6. (a) ER, (b) SR, (c) EKE, and (d) EKE mean of identified eddies on 1 May 2023. The EKE
mean refers to the filling of EKE within each identified eddy contour.

5.1.2. Long-Term Spatiotemporal Characteristics of the Detected Eddies

After examining the detailed characteristics of ocean eddies on a single spring day in
2023, we now situate these observations within longer-term trends. This section presents
an analysis of the spatiotemporal patterns of eddy occurrences from 2000 to 2022, spanning
more than two decades. Over the study period, the total occurrences of eddies identified
using the PET method were aggregated. In our study area, a total of 1,188,649 eddies were
identified during these 22 years, consisting of 600,398 cyclonic eddies and 588,251 anticy-
clonic eddies. This extensive dataset allows for a comprehensive analysis of eddy dynamics,
providing insights into their spatial distribution and temporal variability, which are crucial
for understanding oceanic processes and their impacts on climate and marine ecosystems.

Figure 7a shows the spatial distribution of all identified cyclonic eddies between 1
January 2000 and 31 December 2022 on a 1° x 1° grid. The occurrences of cyclonic and
anticyclonic eddies have similar spatial distributions. Significant peaks in eddy occurrences
are noted in the northern SCS, the northeastern region of Taiwan adjacent to the Kuroshio.
These regions are known for their high eddy activity due to the interaction of various
ocean currents and the complex topography [53,54]. The highest number of cyclonic and
anticyclonic eddies in a single grid (1° x 1°) reached 2188 and 2380, respectively. To explore
a detailed understanding of the distribution patterns and identify regions with significant
eddy activity, we conducted a statistical analysis of cyclonic and anticyclonic eddy counts
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along both longitude and latitude, compiling counts at 0.5° intervals. The results are shown
with line charts in Figure 7a,b.
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Figure 7. (a) The spatial distribution of identified cyclonic eddies by the PET method from 1 January
2000 to 31 December 2022 on a 1° x 1° grid. The curves on the right and bottom represent the eddy
counts along longitude and latitude, respectively. (b) Same as (a) but for anticyclonic eddies.

The meridional analysis highlights a significant peak in eddy occurrences in the
eastern region of Taiwan Island (123°E-130°E). Eddies in the ocean generally propagate
westward due to the influence of the Coriolis force [55]. In the northwest Pacific, westward-
propagating eddies are blocked by the Kuroshio, leading to the accumulation of eddy
signals in the area east of Taiwan. This is reflected in Figure 7, where the number of eddies
in this region is significantly greater than at other longitudes. The zonal eddies count
statistics plot shows a notably higher count within the latitude range of approximately
15°N to 25°N compared to other latitude regions. This finding is consistent with the
research by [7] which identified 18°N-25°N as a frequent eddy occurrence zone, and with
the strong EKE observed in the 18°N-25°N, 125°E-140°E region in the 8-year satellite
altimetry reanalysis by [56]. The higher eddy count in this latitude range can be attributed
to the dynamic interactions between the North Equatorial Current, the Kuroshio, and
the regional wind patterns, which create favorable conditions for eddy formation and
propagation [49].

Figure 8 shows the mean amplitudes (peak SLA) of eddies within 1° x 1° grid cells
during the period from 1 January 2000 to 31 December 2022. The amplitude of an eddy is
a crucial parameter as it reflects the strength of the sea level anomaly associated with the
eddy, which in turn indicates the eddy’s potential impact on oceanic mixing and nutrient
transport [1]. Regions with higher amplitudes still appear in the northeastern waters of
Taiwan and the northern region of the SCS, consistent with statistics on effective radius
and velocity radius, indicating that larger eddies experience stronger amplitude variations
in SLA. This consistency suggests a robust relationship between the size of the eddy and its
amplitude, which can influence the energy transfer processes within the ocean [10].
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Figure 8. The spatial distribution of amplitudes of cyclonic (a) and anticyclonic (b) eddy was
identified from 1 January 2000 to 31 December 2022 on a 1° x 1° grid.

The maximum amplitudes of cyclonic and anticyclonic eddies reach 0.036 m and
0.022 m, respectively. Cyclonic eddies, characterized by their counterclockwise rotation
in the northern hemisphere, typically show higher amplitudes due to the upwelling of
deeper, colder water to the surface, leading to greater sea level anomalies [57]. Compared
to anticyclonic eddies, regions with higher amplitudes of cyclonic eddies show a wider
range and relatively larger values. The broader range of cyclonic eddies may be attributed
to the more dynamic and variable nature of these features, allowing them to propagate over
larger distances and interact with various oceanic currents and topographical features [58].
Eddies with high amplitudes are generated southeast of Japan. In the spatial distribution
of EKE on the same day, as shown in Figure 6c also exhibits extreme values in this area,
indicating a correlation between the amplitude of eddy and locally oceanic hydrodynamics.

Figure 9a illustrates the interannual variations in the number of cyclonic and anticy-
clonic eddies from 2000 to 2022, indicating that the number of both cyclonic and anticyclonic
eddies exhibits significant interannual variability without a clear long-term increasing or
decreasing trend. The occurrence of eddies in this region is influenced by a combination of
factors, including oceanic currents, wind patterns, and possibly climate phenomena such
as El Nifio and La Nifia [1]. As shown in Figure 9a, among the nine moderate-to-strong
La Nifia events, seven corresponded to peaks in eddy counts, especially for anticyclonic
eddies. Conversely, during the three moderate-to-strong El Nifio events, the counts of both
cyclonic and anticyclonic eddies reached their lowest values. This finding is consistent
with the analysis by [59], who investigated the influence of El Nifio-Southern Oscillation
(ENSO) on eddy variability in the northwest Pacific Ocean and found that the total number
of eddies tends to decrease during El Nifio and increase during La Nifia events. Ref. [60]
investigated the variability of EKE in the South China Sea and found that the EKE levels
were lower than normal during El Nifio events but higher during La Nifia events. They
suggested that El Nifio (La Nifia) events induce anomalous anticyclonic (cyclonic) wind
stress curl over the South China Sea, which weakens (strengthens) the background cyclonic
circulation and consequently leads to suppressed (enhanced) eddy activity during EI Nifio
(La Nifia) periods. The number of cyclonic and anticyclonic eddies in the region exhibits
similar interannual variability, but the peak number of cyclonic eddies surpasses that of
anticyclonic eddies. This is consistent with the global statistics reported by [61] and the
finding of [62] in the Southwestern Taiwan Strait.
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Figure 9. (a) Statistical analysis of cyclonic and anticyclonic eddy counts for each month in the
northwest Pacific Ocean, south of Japan, with a three-month moving average. ENSO events are
highlighted whenever the ONILv5 exceeds a threshold of 1 (moderate to strong El Nifio, red) or —1
(moderate to strong La Nifia, blue). (b) The climatologically monthly mean of the number of cyclonic
and anticyclonic eddies during 2000-2022.

Figure 9b shows a 22-year statistical analysis of cyclonic and anticyclonic eddy counts
for each month, revealing a similar change pattern for both types of eddies. Both cyclonic
and anticyclonic eddy counts peak around February and June, with a subpeak for cyclonic
eddies occurring in August. The seasonal variation suggests that certain periods of the year
are more conducive to eddy formation, possibly due to seasonal changes in wind patterns,
ocean stratification, and the strength of the Kuroshio Current [49]. The sharp increase in
eddy numbers from February to March can be attributed to seasonal variations in oceanic
conditions, which is consistent with the findings of [63], who reported a notable peak in
the number of cyclonic eddies between January and April in this region, such as changes
in wind patterns and ocean currents, which significantly influence eddy formation and
intensity [1,7,64]. The identified eddies show a relative decrease in their number during
the second half of the year, particularly in October and November. This decrease could
be linked to more stable oceanic conditions and dynamics that are less favorable for eddy
formation during these months.

5.1.3. Eddy Validation Using SVP Drifters

We employed the PET method to track eddies within our study area. Figure 10 shows
eddy trajectories with lifespans exceeding 8, 16, 32, and 48 weeks from 1 January 2000
to 5 June 2023, respectively. Figure 10a shows a total of 3875 trajectories, with roughly
equal numbers of cyclones and anticyclones. Eddies with lifespans exceeding 8 weeks are
widely distributed across the study area, displaying high density and complex, interwoven
tracks. The region also exhibits frequent short-lived eddies, suggesting that shorter-lived
eddies can form and dissipate in a variety of environments. This reflects the dynamic
and variable nature of mesoscale oceanic processes [1]. Additionally, high-density eddy
trajectories can be observed east and north of Taiwan and in the northern SCS regions,
showing spatial characteristics consistent with the distribution of major ocean currents.
Figure 10b shows the eddy trajectories exceeding 16 weeks, which are significantly fewer
compared to those in Figure 10a. The number of trajectories shows that eddies with
lifespans between 8 and 16 weeks account for 80% of eddies lasting longer than 8 weeks.
The number of cyclonic trajectories slightly exceeds that of anticyclonic ones. Ref. [16]
found that cyclones with lifespans greater than 16 weeks outnumber anticyclones by 6%
globally. Tracks of eddies with lifespans over 16 weeks cover a wide area, with particularly
high density in the Kuroshio region and the northern SCS. In contrast, there are almost no
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eddy trajectories along the coast and in enclosed sea areas formed by islands, suggesting
that few eddies survive beyond 16 weeks in these regions. This is consistent with [11], who
noted that eddies cannot fully develop in the shallow waters near the coast, resulting in
shorter lifespans.
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Figure 10. (a) Eddy trajectories with a lifespan greater than 8 (a), 16 (b), 32 (c), and 48 (d) weeks
tracked from 1 January 2000 to 5 June 2023. Here, the eddy lifetime refers to the duration of the eddy
trajectories within the study area.

Figure 10c,d show the eddy trajectories with a lifespan longer than 32 weeks and
48 weeks tracked from 1 January 2000 to 5 June 2023, respectively. Only 35 anticyclonic
and 22 cyclonic eddies exhibit lifespans longer than 32 weeks, indicating that while many
eddies are generated, only a few persist for extended periods. This is consistent with [16],
who found that globally, the eddies with the longest lifetimes and longest propagation
distances are predominantly anticyclonic. It can be observed that eddies with lifespans
exceeding 32 weeks are mainly concentrated in the northeastern waters of Taiwan and the
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northern part of the SCS, showing certain regularities and following major current systems
closely in their movement. Around 25°N, eddies form within the shear zone between
the eastward Subtropical Countercurrent (18-25°N) and the westward North Equatorial
Current [7]. They propagate westward at several centimeters per second, evolve during
transit, and eventually dissipate upon encountering the Kuroshio Current [64]. In the
northern South China Sea, eddies typically form near strait exits and dissipate in shallow
coastal waters. This concentration highlights the significant role of major current systems
and regional topography in sustaining long-lived eddies [10]. Only five eddies exceed the
lifespan of 48 weeks. Although their number is very small, they have a significant impact
on SSH. According to [16], SSH is typically influenced by four to six eddies per year within
eddy-rich regions.

These long-lived eddies can be categorized into two types of eddy trajectories based on
their propagation paths. The first type propagates westward along the Kuroshio Current,
reaching the eastern waters of Taiwan and dissipating after encountering the Ryukyu
Islands of Japan. The second type originates near the northern Philippines in the Luzon
Strait, extends into the SCS, and further stretches towards Hainan Island. This classification
is consistent with the study by [65], who tracked eddy trajectories in southern and eastern
Taiwan using ECCO2-SSEDG data from 2008 to 2015. The former trajectory type accounts
for 96% of the total tracked trajectories, indicating a dominant pattern influenced by the
strong, persistent flow of the Kuroshio Current.

Figure 11 shows the percentages of cyclonic eddies and anticyclonic eddies with
various speed radii and amplitudes, categorized by the lifespan of the eddies from 1 January
2000 to 5 June 2023. The distribution patterns for both cyclonic eddies and anticyclonic
eddies are similar, suggesting that the processes governing the formation, growth, and
dissipation of these eddies are comparable. The majority of the total number of cyclonic
eddies and anticyclonic eddies have lifespans ranging from 3 to 48 weeks, which are critical
for mesoscale ocean dynamics and play a substantial role in energy transfer and material
transport within the ocean [17].

Figure 11a,c show the percentage distribution of anticyclonic and cyclonic eddies
by speed radius, grouped by different lifespans. Eddies with shorter lifespans (less than
3 weeks) tend to have smaller speed radii, indicating that these eddies are generally less
stable and dissipate more quickly. In contrast, eddies with longer lifespans (over 48 weeks)
exhibit a broader range of speed radii, suggesting that larger eddies are more stable and
can persist for extended periods. This pattern corresponds with the understanding that
larger eddies possess more energy and structural coherence, allowing them to maintain
their integrity over longer durations [1].

Figure 11b,d show the percentage distribution of anticyclonic and cyclonic eddies by
amplitude, categorized by different lifespans. Similarly to the speed radius distribution,
shorter-lived eddies typically have lower amplitudes, reflecting their weaker intensity and
shorter persistence. Longer-lived eddies, however, can have a wide range of amplitudes,
with many showing higher values. Short-lived eddies are likely influenced by transient
atmospheric conditions and local topographic features, while long-lived eddies are more
affected by large-scale oceanic currents and climatic patterns [49].

For our analysis, we selected three distinct regions—offshore eastern Taiwan, the area
encompassing southern Taiwan and the Luzon Strait, and the northern SCS region—to
use SVP float data for validating the eddy trajectories identified in this study. Figure 12a
presents the validation of an eddy trajectory in the eastern region of Taiwan using SVP
float data from 2018 to 2019, specifically selecting the SVP float with ID 63995470. The
blue contours in Figure 12 shows the closed contours of this eddy at 10-day intervals. By
comparing the eddy trajectories with the float data based on their temporal and spatial
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alignment, we identified a cyclonic eddy characterized by clockwise rotation. The SVP
floats’ trajectories closely follow the eddy contours, demonstrating a coincident path
between the observed drifter paths and the identified eddy movements. This indicates the
effectiveness of the eddy tracking method.
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Figure 11. (a,b) are statistics on the percentage of anticyclonic eddies by speed radius and amplitude,
grouped by different lifespans; (c,d) are same as (a,b) but for cyclonic eddies.

Figure 12b,d validate two eddy trajectories in the region south of Taiwan for the period
2004-2005, using SVP float trajectories with IDs 41489 and 41482. The ocean currents in
this region are significantly influenced by monsoons, resulting in pronounced seasonal
variations. During the winter, the northeast monsoon alters the flow dynamics, causing the
main stream of the Kuroshio Current to split at the southernmost tip of Taiwan’s Hengchun
Peninsula, forming a branch. This branch partly intrudes into the northern SCS and partly
merges with cyclonic eddies southwest of Taiwan, aiding in the formation of the Loop
Current [37]. The distinct differences between the two trajectories in the southern region, as
shown in Figure 12b,c, are influenced by the Kuroshio Current, its branches, and the loop
currents south of Taiwan [66]. This complex interaction highlights the dynamic nature of
the region, where monsoonal winds and major ocean currents create varying eddy patterns
and behaviors [49]. The consistency between the SVP float and the eddy contours indicates
that the PET method can capture the complex movements of eddies in regions with strong
currents and undulating topography.
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Figure 12. Spatial overlay verification of cyclonic eddy trajectories (in red) and SVP floats (in orange).
The blue contours represent the closed contours of the eddy with a 10-day interval. (a) Eastern region
of Taiwan; (b,d) southern region of Taiwan; (c) SCS region. The arrows indicate the travel direction of
the eddies. The dates are shown in the text.

The SCS region, as validated in Figure 12¢, is known for its complex circulation
patterns influenced by both the monsoon system and regional currents. Using the SVP
float trajectory with ID 132617, we validated the eddy trajectories identified across all four
regions. These trajectories are consistent with the motion of the SVP floats, providing
evidence for the accuracy of our eddy tracking method. The consistency between the SVP
drifters and the eddy contours over time shows the robustness of the PET method for
tracking eddies.

5.2. A Preliminary Assessment of SWOT Observations for Eddy Detection

Building on the results of mesoscale eddy detection and tracking using conventional
altimeter data in Section 5.1, we further explore the potential of high-resolution satellite
observations for identifying smaller-scale features. Given the limitations of traditional
altimetry in resolving submesoscale dynamics, the newly available SWOT data provide an
opportunity to examine submesoscale eddies with unprecedented spatial detail. The fol-
lowing section presents a preliminary investigation into the identification of submesoscale
eddies based on SWOT observations.

5.2.1. “Eddy’ Detection Using Observations from SWOT’s One-Day Orbit

Since early 2023, we have joined the SWOT CalVal team to collect sea surface height
measurements by Global Navigation Satellite System (GNSS) on a research vessel from
Taiwan in June 2023. This effort aims to validate the measurements of SWOT under Pass 21
of SWOT’s one-day repeat mission in the region shown in Figure 13. The GNSS validation
result is still under investigation.

Figure 13 displays the SLA on 1 May 2023, obtained from conventional altimeter
satellites and the SWOT satellite, both demonstrating the basic characteristics of an anticy-
clonic eddy. A comparison between SWOT and conventional AVISO altimeter observations
indicates that SWOT and conventional altimeter data generally agree on the position and
magnitudes of this anticyclonic eddy. Additionally, SWOT exhibits the capability to discern
the frontal regions of eddies, as also noted by [29]. The detailed observation capabilities of
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SWOT, as shown in Figure 13, highlight its potential for revolutionizing our understanding
of ocean surface topography. By providing higher spatial resolution data, SWOT may
reveal the structure and dynamics of eddies with unprecedented clarity, which is essential
for studying their role in ocean mixing, heat transport, and biogeochemical cycles [26,67].
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Figure 13. (a) SLA observations from conventional altimetry and (b) SWOT’s one-day orbit on 1
May 2023.

Figure 14 compares the cyclonic and anticyclonic eddies identified using the PET
method from conventional altimeter and small structures identified from SWOT data. It is
noted that the PET algorithm did not identify the largest anticyclonic eddy with the SWOT
data, which is shown in Figure 14a, with an effective radius of approximately 83 km. Instead,
the algorithm detected dozens of submesoscale features in Figure 14b. It is observed that
such features primarily occur within and around the peripheries of two large-scale eddies,
labeled as 3 and 4. This suggests a complex interplay between mesoscale and submesoscale
processes that could be influenced by the dynamics of larger eddies [6]. The edges of
large-scale and mesoscale eddies intensify gradients at submesoscale, leading to mesoscale
strain-induced frontogenesis. These fronts, with km-scale gradients, generate smaller-
scale instabilities [68] (SWOT Science Team Meeting, 2024). These fine-scale features are
recognized as a key structuring regime for biogeochemistry and ecology [69]. We cannot
confirm whether the submesoscale features identified in Figure 14b around the large-
and mesoscale eddies are submesoscale eddies, nor can we confirm their key structure
and role in the dynamics. Further repeated measurements by SWOT may improve this
understanding.
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Figure 14. (a) Cyclonic and anticyclonic submesoscale eddies detected from conventional altime-
try, and (b) from SWOT’s one-day orbit on 1 May 2023. See the text for the numbers in the
dashed rectangles.

Figure 15 shows the submesoscale structures identified from three consecutive days
of SWOT satellite observations in regions labeled 3 and 4 in Figure 14. We observed
that these structures identified at the same location for two or three consecutive days
are considered the same submesoscale features. The emergence and dissipation of these
small-scale structures within the three-day period are apparent. Few structures persist for
the entire duration of three days, except for the three eddies depicted in Figure 15a, which
is located within the edge of the large-scale eddy labeled 1 in Figure 14a. It is hypothesized
that the lifespan of these small-scale structures is correlated with their positions within
large-scale eddies. Large-scale eddies can influence the formation and stability of smaller
eddies, providing a favorable environment for their persistence [6]. Statistical analysis
in Figure 15d reveals that the SRs and ERs of the identified submesoscale features fall
within the range of 2 to 8 km. We also provided the SRs and ERs of large and mesoscale
eddies identified in Figure 15c for comparison. The discrepancy between SR and ER in
Figure 15c suggests that large-scale and mesoscale eddies have more pronounced structural
differences. Compared to large and mesoscale eddies, the ERs and SRs of submesoscale
features lie closer to the line of equality. This observation is consistent with our simulation
result of the submesoscale eddies in Section 4.2. This highlights the capability of SWOT to
capture finer details in smaller structures.

5.2.2. Eddy Detection Using Observations from SWOT’s 21-Day Orbit

Figure 16 compares the SLA values from conventional altimeter data and SWOT’s
21-day orbit data from 7 September 2023 to 21 September 2023, as well as the identified
eddies over the study area. The SWOT 21-day orbit basically covers the entire study area,
despite small gaps due to the inherent gap problem in the 21-day orbit data. Due to
SWOT’s orbital revolution, the eddies observed in different swaths have shifted over time.
However, large-scale eddies have lifespans of several months while undergoing slight
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changes in shapes and positions within two weeks. Therefore, in comparison with the SLA
observed from conventional altimeter data, we found that SWOT can effectively capture
large-scale and mesoscale eddies. The sizes and positions of these eddies from SWOT data
are generally consistent with those from conventional altimeter observations, as shown
in Figure 16a,b. Besides detailing the frontal edges of eddies, SWOT also reveals intricate
details in non-eddy areas, which are regions where submesoscale eddies are generated.
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Figure 15. (a,b) Submesoscale features identified from three-day observations of SWOT satellites in
two sub-regions labeled 3 and 4 in Figure 14. (c,d) SRs and ERs based on data from conventional
altimeter data (Figure 5b) and SWOT data (pass 21) on 1 May 2023.

Using the PET method, we also identified submesoscale features in SWOT’s 21-day
data; the large-scale eddies cannot be identified solely through SWOT data because the
boundaries of the swaths disrupt closed contour lines. The spatial distribution of these
submesoscale features is widespread throughout the study area, with a higher density near
large and medium-scale eddies and in the enclosed sea areas formed by numerous islands.
The causes and spatial distribution of submesoscale eddies have not been fully studied
yet. Ref. [70] noted that eddies smaller than 50 km in scale can be generated by several
processes, such as interactions between large-scale ocean currents and bottom topography,
islands, or headlands, atmospheric forcing, and barotropic or baroclinic instabilities in
currents and fronts. Ref. [71] analyzed submesoscale eddy activity in the Baltic, Black,
and Caspian Seas during 20092010, using over 2000 radar images from European Remote
Satellites ERS-1, and ERS-2, and Envisat. This analysis identified more than 14,000 eddy
structures with diameters ranging from 1 to 75 km, of which 95% were between 1 and
15 km. This indicates a widespread presence of submesoscale eddies, under 15 km, in
these regions.

Figure 17 presents the SLA observations over the study area, obtained from two cycles
of SWOT’s 21-day repeat orbit, effectively covering the entire marine region depicted in
Figure 5. The SLA data reveals detailed spatial patterns, including prominent ripple-like
features in the SCS region west of the Luzon Strait, which are shown in greater detail
in Figure 18. These features suggest the presence of internal waves, which are typically
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undetectable by conventional altimetry. Internal waves, which oscillate within the ocean’s
interior rather than on the surface, play a significant role in ocean mixing and energy
transfer processes. Detecting these features is crucial for an improved understanding of
ocean dynamics [72]. The study of internal waves is beyond the scope of this paper.
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Figure 16. (a) SLA from conventional altimetry, (b) from SWOT (one cycle of 21-day science orbit),
(c) eddies identified from the SLA in (a), and (d) eddies identified the SLA in (b). In (d), only eddy
centers (circles) are shown without contours like in (c).

Figure 19 illustrates the temporal evolution of two large-scale eddies shown in
Figure 16a. These datasets, obtained through the combination of conventional altime-
try and SWOT’s KaRIn data, cover the period from 7 September to 8 October in 2023. Due
to the temporal discontinuity of SWOT data, only snapshots of the SWOT orbit passing
through this area are shown in the subfigures of Figure 19. The combination of data from
conventional altimeters and the SWOT altimeter provides a more complete picture of these
eddies’ formation, maturation, and dissipation, revealing the complex interactions between
cyclonic and anticyclonic eddies.
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Figure 17. (a,b) SLA observations from two cycles of ascending and descending SWOT’s 21-day orbit.
The dates of the cycles are shown in the figures.
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Figure 18. (a,b) Ripple-like SLA features from one cycle of SWOT’s 21-day ascending and descending
orbit on the west side of the Luzon Strait. The dates are shown in the figures.
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Figure 19. Evolutions of two large-scale eddies shown in Figure 16a obtained by the combination of
the radar altimeters and KaRIn in the days that SWOT orbit during the period from 7 September to 8
October 2023.

6. Discussion
6.1. Errors Induced by High-Pass Filter

High-pass filtering introduces potential errors in eddy identification, as it tends to
increase the detected size of eddies. As discussed in Section 4.2, applying a high-pass
filter at different radii (20-300 km) resulted in significant variations in eddy count and
spatial distribution. Ref. [28] pointed out that using ADT instead of SLA maps as input
can improve eddy identification in regions with strong sea surface height (SSH) gradients.
However, larger filter radii may cause signal leakage in strong gradient regions, leading
to the loss of physical content after filtering. Therefore, we ultimately chose SLA maps as
input and applied a 300 km high-pass filter. Comparing our results with the Mesoscale
Eddy Trajectory Atlas Product (META3.1, [28]) from 1 January 2000 to 31 December 2020,
METAS3.1 identified 448,912 cyclonic and 441,442 anticyclonic eddies in the study area,
while our results show 516,747 and 505,112, respectively, surpassing META3.1 by over
100,000 eddies. The use of a deep learning-based approach, such as that proposed by [73,74],
may optimize the choice of filter length. Other detection algorithms, such as TOEddies, do
not require spatial filtering and operate directly on the ADT field. In global eddy tracking
statistics, this approach yields approximately 2% more eddies compared to META3.2 [75].

6.2. Limitations of PET in Identifying Submesoscale Eddies

Submesoscale eddies may not strictly adhere to geostrophic balance [67] and may not
always form closed structures [76]. As a result, it remains uncertain whether the small-
scale features identified using SWOT data genuinely represent submesoscale eddies or
are merely artifacts caused by data noise. Further verification is required to confirm the
validity of these detected structures. Moreover, in our efforts to identify Submesoscale
eddies, we utilized SLA data input while applying a smaller filtering radius and lower
pixel threshold. This methodological choice, although intended to enhance the detection
of finer-scale features, may have inadvertently introduced additional errors. Specifically,
the reduced filtering radius can exaggerate noise, making it difficult to distinguish actual
submesoscale eddies from transient fluctuations in the SLA field. Similarly, the lower pixel
threshold may contribute to the over-identification of weak or short-lived eddies, many of
which could be spurious.
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Addressing these issues requires further refinement of the PET algorithm, particularly
in terms of optimizing filter settings to strike a balance between detecting genuine subme-
soscale eddies and minimizing false detections. Incorporating complementary datasets,
such as in situ drifter measurements and high-resolution ocean model outputs, may pro-
vide an additional means of verifying the existence and properties of these small-scale
features. Future studies should focus on refining detection criteria and testing alternative
filtering techniques to improve the reliability of submesoscale eddy identification.

7. Conclusions

In this study, we employed EGF simulations and the PET algorithm, validated by SVP
drifter data, to identify and track eddies in the northwest Pacific Ocean. The PET method
demonstrated high accuracy in detecting large- and mesoscale eddies, with the long-lived
eddies associated with major currents, notably abundant around 20°N latitude, with peaks
in EKE, eddy radius, and amplitude along the Kuroshio Current and northern South China
Sea. Over 22 years, we identified 1,188,649 eddies, with a seasonal increase in spring linked
to marine environmental factors. Simulated satellite altimetry data, mirroring SWOT’s high-
resolution capabilities, confirmed the PET method’s effectiveness in processing detailed
datasets, and revealed eddies as small as a few km in diameter, despite a noted decline
in accuracy for submesoscale eddies. Future work should enhance the PET algorithm for
SWOT’s swath altimetry, addressing data fragmentation and unclosed contours. Integrating
SWOT with in situ drifters and models will refine eddy tracking, while machine learning
can further improve classification, benefiting ocean circulation and climate studies.
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Appendix A. Five Constraints for Closed Polygons

The five constraints on the closed contours of eddies used in this study considered the
recommendations of Mason et al., (2014) [26], but we also made some improvements. First,
whereas the SLA interval used in their article was 1 cm, this study has adjusted it to 0.4 cm,
meaning there is a contour for every 0.4 cm interval of SLA. This change was made because
this study aims to capture small-scale oceanic dynamical phenomena more accurately.
Second, this study has increased the shape error from the original 55% to 70%. The shape
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error is the difference in area between the outermost closed contour of the original eddy
and its best-fit circle, as a proportion of the best-fit circle’s area. The reason for loosening
the restriction to 70% is to ensure detection of elongated eddies, which are often seen in
dynamically active regions [28]. The other constraints follow the recommendation of PET
as follows:

1. Aneddy’s closed contour includes only one eddy center SLA extremum, with anticy-
clonic eddies containing only one SLA maximum value and cyclonic eddies containing
only one SLA minimum value, differing from the constraint of [1].

2. The area of the region enclosed by the closed SLA isopleth lines is between 8 pixels
and 1000 pixels. For submesoscale eddies, which are generally smaller than 10 km in
radius, an excessive number of pixels may fail to accurately capture their compact
structure and can lead to an overestimation of their ER during detection. Therefore,
we set the maximum pixel value to 150 pixels.

3.  The eddy amplitude (Amplitude, A) is between 1 cm and 150 cm. A = |SLA_center—
SLA_contour |, where SLA_center is the SLA at the center of the eddy within the closed
SLA isopleth, and SLA_contour is the average SLA on that closed isopleth.

4. For anticyclonic eddies, the formed eddy area only includes those pixels where the SLA
value is greater than the current set SLA interval value; for cyclonic eddies, the formed
eddy area only includes those pixels where the SLA value is less than the current set SLA
interval value, with the interval value set at 0.4 cm in this study.

5. Passing the shape test with Error_Shape < 70%, where Error_Shape = Area_deviation/
Area_(p_eff), with Area_(p_eff) being the area of the green best-fit circle shown in
Figures 3 and 4, which has the same area as the red closed contour, and Area_deviation
being the area enclosed outside the green best-fit circle and within the red closed contour.

Appendix B. Elliptical Gaussian Functions for Simulated Eddies

This paper uses the elliptical Gaussian function (EGF) to simulate the SLA values
across an ocean eddy. With a simulated eddy, the SLA value is expressed as proposed by
Nobach and Honkanen (https:/ /en.wikipedia.org/wiki/Gaussian_function, accessed on 5
May 2025):

fx,y) =A exp(—(a(x — x0)? +2b(x — x0)(y — yo) +c(y — yp)?)) (Al

where 5 )
0 in-o
. cos2 n sm2 (A2)
207 207,
b _sin226 sin220 (A3)
40z 4oy,

sin*0  cos*0
~ 2 o .
where f(x,y) is SLA at a location (x,y) and (x, o) is the eddy center of the EGF with
the maximum or minimum SLA value. 0y, 0y, are the standard deviations along the x-axis
(east) and y-axis (north), respectively, which determine the spread of the Gaussian function
along these axes. A is the amplitude of the eddy, i.e., the height difference between the
eddy center and the eddy edge. 0 is the rotation angle of the ellipse relative to the x-axis,

149



Remote Sens. 2025, 17, 1665

which indicates how the major and minor axes of the ellipse are oriented. In this paper, the
semi-major axis and semi-minor axis of an EGF are related to oy, 0, as

R .

o m\/ugr (A5)
R, :

o,y — minor (A6)

V2
Equations (A5) and (A6) imply that the spread of SLA within an eddy is smoother for
larger major and minor axes compared to eddies with smaller axes. The choice in Equations
(A5) and (A6) are realistic but not mandatory.
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Abstract: This study introduces two distinct post-processing strategies to address sys-
tematic biases in sea surface temperature (SST) numerical forecasts, thereby enhancing
SST predictive accuracy. The first strategy implements a spatiotemporal four-dimensional
multi-grid analysis (4D-MGA) scheme within a three-dimensional variational (3D-Var)
data assimilation framework. The second strategy establishes a hybrid deep learning
architecture integrating empirical orthogonal function (EOF) analysis, empirical mode
decomposition (EMD), and a backpropagation (BP) neural network (designated as EE-BP).
The 4D-MGA strategy dynamically corrects systematic biases through a temporally coher-
ent extrapolation of analysis increments, leveraging its inherent capability to characterize
intrinsic temporal correlations in model error evolution. In contrast, the EE-BP strategy
develops a bias correction model by learning the systematic biases of the SST numerical
forecasts. Utilizing a satellite fusion SST dataset, this study conducted bias correction
experiments that specifically addressed the daily SST numerical forecasts with 7-day lead
times in the Kuroshio region south of Japan during 2017, systematically quantifying the re-
spective error reduction potentials of both strategies. Quantitative verification reveals that
EE-BP delivers enhanced predictive skill across all forecast horizons, achieving 18.1-22.7%
root-mean-square error reduction compared to 1.2-9.1% attained by 4D-MGA. This demon-
strates deep learning’s unique advantage in capturing nonlinear bias evolution patterns.

Keywords: bias correction; SST numerical forecasts; 4D-MGA; EOF; EMD; BP neural
network

1. Introduction

Sea surface temperature (SST) plays a significant role in both climate and weather
systems, as well as within ecosystems. The accurate prediction of SST provides a key
source of information for various applications. Current SST forecasting methods primar-
ily encompass three approaches: a numerical model, empirical statistics, and machine
learning [1]. Numerical model methods simulate ocean dynamics by solving coupled
hydrodynamic-thermodynamic equations to forecast SST [2]. Empirical statistical methods
leverage historical data to build predictive relationships but often fail to resolve complex
nonlinear processes [3]. Machine learning, particularly deep learning, offers advantages
in capturing complex spatiotemporal patterns directly from the data [4]. As of now,
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SST forecasting remains predominantly reliant on numerical methods in the operational
oceanography community. However, SST forecasts generated through numerical modeling
frequently demonstrate systematic deviations, primarily stemming from three fundamental
limitations: structural deficiencies inherent in computational frameworks, inadequately
specified initial conditions, and errors in physical parameterization schemes [5]. Biases in
SST forecasts can lead to significant inaccuracies in weather predictions, climate projections,
and oceanographic studies. Therefore, bias correction is essential to improve the reliability
and accuracy of SST numerical forecasts.

Statistical post-processing methods have become a mainstream solution for mitigating
systematic errors in numerical weather prediction, primarily due to their operational afford-
ability and demonstrated skill in refining forecast precision [6]. The emergence of machine
learning techniques, however, is reshaping this paradigm by introducing data-driven post-
processing frameworks capable of addressing inherent biases in both weather forecasts
and climate projection models [7,8]. Researchers have also pioneered machine learning
explorations for SST forecast bias correction in recent studies. For instance, Han et al.
proposed a hybrid algorithm integrating empirical orthogonal function (EOF) analysis with
a backpropagation (BP) neural network, achieving a 64% reduction in root-mean-square
error (RMSE) for 1-day lead SST forecasts in the South China Sea [9]. Similarly, Fei et al.
employed a convolutional long short-term memory (ConvLSTM) network enhanced with
multi-attention mechanisms, reducing the RMSE for 1-day lead SST forecasts by 41% in the
same region, but their approach overlooked the modulation effects of seasonal variations
on bias characteristics [10]. For another sea area, Liu et al. utilized a LSTM neural network
to decrease the mean absolute error of SST forecasts by 70%, yet their single-point training
paradigm disregarded spatial correlations, necessitating point-wise modeling for regional
applications and compromising computational efficiency [11]. Yuan et al. focused on
global marine regions using a generative adversarial network (GAN)-based integrated
model, which reduced forecast mean squared error (MSE) by 90.3% [12]. However, their
monthly-averaged data framework is inadequate for operational rapid-response require-
ments. These studies reveal two limitations: (1) the existing methods mostly focus on bias
correction for 1-day lead time forecasts, and there is a lack of research and discussion on
the bias correction for multi-day continuous forecasts; (2) despite the achievements in the
application of Al-based methods for SST bias correction, the requirements of bias correction
in operational forecasting have not been considered. Additionally, the performance of
neural network methods in handling different scales, such as interannual, seasonal, and
daily scales, has not been systematically diagnosed.

In this study, we propose two distinct post-processing strategies to address systematic
biases in SST numerical forecasts: (1) a data assimilation-based strategy implementing the
spatiotemporal four-dimensional multi-grid analysis scheme, denoted as 4D-MGA [13], and
(2) a hybrid deep learning-based strategy integrating EOF analysis, empirical mode decom-
position (EMD), and a BP neural network, formally designated as EE-BP [14]. Specifically,
the 4D-MGA framework is fundamentally grounded in a three-dimensional variational
(3D-Var) assimilation scheme [15], with explicit temporal dimension integration. This
spatiotemporal formulation establishes the methodology as a cost-effective post-processing
mechanism for numerical forecast bias mitigation. It is worth noting that this critical
distinction sets 4D-MGA apart from conventional data assimilation approaches, which are
primarily designed for computationally expensive online bias correction systems [5]. By
leveraging satellite fusion SST data, bias correction experiments are conducted targeting
daily 7-day SST forecasts in 2017 in the Kuroshio region south of Japan, followed by sys-
tematic validation and comparative analysis to evaluate the efficacy of these two strategies.
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The remainder of this paper is organized as follows. In Section 2, the data and methods
used in this study are introduced. In Section 3, we present and analyze the results of the
bias correction experiments. Finally, conclusions are given in Section 4.

2. Materials and Methods
2.1. Data

This study comparatively evaluates these two novel post-processing strategies for bias
correction in SST forecasts. The target area is the dynamically complex Kuroshio region in
the south of Japan (28-36°N, 128-142°E; Figure 1). As the most powerful western boundary
current in the North Pacific, the Kuroshio region exhibits strong nonlinear dynamics that
generate pronounced SST variability through intense air—sea interactions [16,17]. This
establishes the study area as an ideal validation testbed for assessing bias correction
methodologies under challenging forecasting conditions.

36°N

32°N

30°N

28°N

129°E 132°E 135°E 138°E 141°E

Figure 1. Maps of annual mean SST (°C) from the OISST in 2017 in the Kuroshio region in the south
of Japan (28-36°N, 128-142°E).

The 7-day daily SST numerical forecasts used are generated by an ocean model
custom-developed to simulate the 2017 Kuroshio large meander event [18]. The modeling
framework utilizes the Princeton Ocean Model based on a generalized coordinate system
(POMgcs) [19], driven by the ERAS reanalysis data [20]. The initialization protocol employs
a hybrid adaptive approach, synergistically integrating the ensemble adjustment Kalman
filter with multi-grid variational analysis [21]. This ensures the effective assimilation
of multi-source observations, including in situ temperature/salinity profiles, satellite-
retrieved SSTs, and altimeter sea surface height anomalies. The configured model produced
three-dimensional daily mean ocean state forecasts at 1/24° spatial resolution from 2016 to
2017, establishing a high-fidelity baseline for subsequent bias correction analysis.

For bias correction validation and performance evaluation, we employ the daily
Optimum Interpolation SST (OISST, https://www.ncei.noaa.gov/products/optimum-
interpolation-sst, accessed on 5 January 2025) v2.1 from the National Oceanic and Atmo-
spheric Administration (NOAA) as the reference data [22]. The OISST dataset employs
Advanced Very High-Resolution Radiometer (AVHRR) satellite data as its primary input,
complemented by in situ measurements (ships, buoys, and Argo floats), with a horizon-

155



Remote Sens. 2025, 17, 1602

tal resolution of 1/4° x 1/4°. Validation studies show that the RMSE of OISST in the
Northwest Pacific is about 0.3-0.8 °C compared to independent buoy measurements [23].
Forecast biases are computed as the difference between the SST numerical forecasts
and the OISST data. To ensure consistency in spatial resolution, the SST numerical forecasts
are gridded to match the OISST grid resolution (1/4° x 1/4°) through spatial averaging.

2.2. Data Assimilation-Based Strategy for Bias Correction

The data assimilation-based strategy for bias correction leverages the temporal corre-
lation property of 4D-MGA, which enables it to fit historical bias trends. By extrapolating
the trends to the forecast period, the bias correction of the SST forecasts can be achieved.

2.2.1. Principle of 4D-MGA Method

The 4D-MGA method introduces the temporal and spatial correlations of the incre-
ments of the background fields due to the observations (called analysis increments) by
incorporating the Laplace operator. The method employs a dichotomy-based multi-grid
analysis (MGA) [24,25], enabling variational analysis from coarse to fine grids (from large
scales to small scales). The 4D-MGA uses bilinear interpolation to calculate observation
increments (biases). This interpolation scheme is applied to grids of different levels. On
coarser grids, the interpolation spans larger spatial scales, capturing broad-scale error
trends. On finer grids, the interpolation resolves localized biases with higher precision.
This hierarchical mechanism ensures the robust spatiotemporal extrapolation of analysis
increments. For the n'" level of the grid, the number of nodes formed via dichotomy is
2(n=1) 41 for each individual dimension (3D spatial + 1D temporal), and the cost function
for 4D-MGA is:

- ~(n)  ~(n)
To™ l[H(n)X -Y |(n=1,---N),

~(n) ~mT () ~(n)  ~(n)
Jm(x )y =Ax  six +%[H(”)X —Y

~(1)
where N is the last level of the grid; X  is the analysis increment at the nth level, that is,
~(n)

the bias correction; Y  is the increment of the observation relative to the background field
(called observation increment) at the n'" level; H denotes the linear interpolation operator
from the background field to the observation point; O is the observation error covariance

~(n) ~(n)
matrix; S denotes the Laplace operator; AX sMX s the smoothing term controlling
the smoothing scale of the analysis field [25]; and A is the smoothing coefficient governing

the weight of the smoothing term.
~(n)
Equation (1) is solved iteratively by the minimization algorithm to obtain X . The

final results of 4D-MGA can be obtained by the superposition of the results from each level:

~(n)
b N
XT=X"+) X, @)

where X* is the analysis results and X is the background field used in the analysis—in our
case, the SST numerical forecasts of POMgcs.

We utilize the analysis increments of the analysis period (where observations are
present) to extrapolate the bias trend via the smoothing term. For a one-dimensional grid
with M uniformly distributed grid points, the smoothing term can be described as:

T M-1(3 ~ o~ \?
AX SX =AY ", (xi_1 —2-xi+xi+1) . 3)
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Here, the Laplace operator serves to define the smoothness, or the spatiotemporal cor-

relation of X. When a grid point, such as Xl, is adjusted under the influence of observations,
all the other analysis increments will be constrained by the Laplace operator and adjusted

following the variation trend of )N(i.

In this study, the 4D-MGA strategy employs the Laplace operator to enforce smooth-
ness constraints, allowing for the linear extrapolation of bias trends from the analysis period
(with observations) to the forecast period (without observations). During the analysis phase,
increments are computed to minimize mismatches between forecasts and observations;
these increments are then extended into the future under the assumption of gradual tempo-
ral evolution. Thereby, we can obtain the bias corrections for the forecast period.

2.2.2. Workflow of 4D-MGA

The spatiotemporal scale of MGA mainly depends on the smoothing coefficient and
the space-time grid resolution. Through trial and error, the smoothing coefficient A is set to
200. A large smoothing coefficient can better filter out the random errors and instantaneous
signals in the analysis increments, thus retaining the large-scale temporal signals and
enabling their effective extrapolation. In order to achieve better performance and lower
computational cost, again, via trial-based calibration, the grid levels of the three dimensions
used in this study are 7, 6, and 7 (longitude, latitude, and time dimensions), respectively.
The finest grid comprises 65 x 33 x 65 nodes, with a horizontal resolution of 0.22° x 0.25°
and a temporal grid step of 1 day.

The 4D-MGA primarily estimates bias by fitting temporal trends, including the fol-
lowing four steps:

1.  Background field generation: The background fields for each day within the time
window (65 days) are set as Xll’ e Xl6’5. Taking the forecast start time (day 59) as the
splitting point, days 1 to 58 are the analysis period, and days 59 to 65 are the forecast
period. The background fields for the analysis period (X} - - - Xi) are derived from the
day 1 output of the 7-day SST forecasts, while the background fields for the forecast
period (XY - - - XY5) are the 7-day SST forecasts corresponding to XJ.

2. Observation increment calculation: For the analysis period, the observation in-

crements (?1 ?58) are calculated as the difference between the OISST data
(Y$P - Y2 and the background fields (X} - --XY) for the corresponding dates.
These observation increments are equal to the negative of the SST forecast biases.

3. Data assimilation: Based on the smoothing term, 4D-MGA fits the observation in-

crements (?1 . -§5g) to generate smoothed analysis increments ()N(l - -)N(58) for the

forecast period, which are extrapolated to obtain the analysis increments (;(59 e )N(65)

for the analysis period.

4.  Bias correction: Add the analysis increments ()N(59 e )N(65) for the forecast period to
the corresponding background fields (ng e Xl6’5), producing the bias-corrected SST
analysis fields (X5g - - - Xg5)-

It is worth noting that the 4D-MGA bias correction strategy (the same as the following
EE-BP strategy) is applied as a post-processing step to the SST numerical forecasts. Cor-
rected outputs do not feed back into the subsequent forecast cycles, ensuring computational
tractability and methodological isolation.
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2.3. Deep Learning-Based Strategy for Bias Correction

The deep learning-based strategy (named EE-BP) constructs SST bias forecast models
through learning systematic biases between the numerical model outputs and the OISST
data. By integrating the spatiotemporal decomposition capability of EOF analysis, the
multi-scale signal-processing capability of EMD, and the nonlinear learning capability of
BP neural networks, the hybrid method becomes adept at capturing nonlinear signals (see
Section 3).

2.3.1. Principle of EE-BP Method

The EOF analysis decomposes a data matrix into spatial modes (called EOFs) and
their corresponding time series (called principal components, PCs) [26]. These EOFs and
PCs capture the spatial distribution and temporal evolution characteristics of the data,
respectively. The proportion of explained variance for each mode reflects the concentration
of information, allowing for data simplification by selecting EOFs and PCs with high
variance contributions. In this study, EOF analysis is applied to the SST forecast bias data.
To balance information preservation and computational efficiency, we retain EOFs and PCs
explaining 99.9% cumulative variance. This threshold is validated through comparative
experiments (see Table S1 in the Supplementary Material). When the threshold rises,
the increase in the correction effect diminishes, and the computational cost increases
significantly. During the training of the bias correction model, the PCs are taken as the
predicted values. With the predicted PCs, the SST biases can be reconstructed by combining
them with the EOFs. The decomposition strategy reduces the computational complexity
of neural network training by focusing on the temporal dimension. Compared with
single-point neural network prediction, combining EOF analysis with the neural network
improves the training efficiency while preserving the spatial correlations.

The EMD method is an effective signal-processing technique [27] that has been widely
used in marine data processing and forecasting [28-32]. It adaptively decomposes complex
and non-stationary signals into a series of intrinsic mode functions (IMFs) and a residual
component. This decomposition smooths the signal and reduces its nonlinearity for further
analysis. In this study, EMD is applied to each PC derived from EOF analysis, decomposing
them into multiple IMFs. These IMFs represent different frequency components within the
PCs, providing finer input features for neural network training. By trial and error, each
PC is decomposed into three IMFs and one residual component, capturing the primary
frequency components while avoiding over-decomposition and information redundancy.

The BP neural network, a multi-layer feedforward network trained via error back-
propagation, excels in modeling nonlinear relationships through iterative weight optimiza-
tion [4,33,34]. Its capability to approximate complex mappings between input-output
variables proves advantageous for marine data characterized by strong nonlinearity, such
as SST. Through extensive training, the BP network learns the weight relationships between
input and output data, enabling accurate predictions even for new input data. Therefore,
it is an ideal tool for bias correction and forecast accuracy improvement. In this study,
we build three-layer (input-hidden—-output) BP deep neural network models to conduct
bias correction experiments for SST forecasts. The model performance is optimized by
minimizing the RMSE between the predicted values and the ground truth values, using
gradient descent. Predictions are generated through forward propagation, and weights
are adjusted via backward error propagation to reduce errors iteratively. Additionally, the
adaptive moment estimation (Adam) optimizer is employed to solve sparse gradients and
noise problems. The rectified linear unit (ReLU) activation function is chosen to prevent
the gradient vanishing problem and improve computational efficiency.
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In this study, EOF analysis first decomposes the SST biases of the training set into
EOFs and PCs, reducing dimensionality while preserving spatiotemporal correlations.
EMD further decomposes each PC into multi-scale components (IMFs), isolating nonlinear
and non-stationary signals. A BP neural network model is then trained on these IMFs.
Leveraging the model, we can predict the future IMFs of the test set by inputting IMFs in
the past few days. By reconstructing predicted IMFs into PCs and combining them with
precomputed EOFs, EE-BP generates bias-corrected SST forecasts.

2.3.2. Workflow of EE-BP

The EE-BP combines EOF analysis, EMD analysis, and BP neural networks to build
seven bias correction models for each forecast lead time. Figure 2 shows the flowchart of
the EE-BP on day m (m = 1,2 - - - 7), which includes the following five steps:

1. EOF analysis: The 2016 SST forecast bias data are decomposed by EOF analysis to
obtain EOFs and PCs. EOFs and PCs accounting for 99.90% of the cumulative variance
are selected. The 2017 SST forecast bias data are projected onto the 2016 EOFs to
derive the corresponding time series, called pseudo-PCs.

2. EMD analysis: Each PC is decomposed into three IMFs and one residual component
(called derived PCs) using EMD analysis. For each derived PC, the 2016 data are used
as the training set, and the 2017 data are used as the test set.

3. Model training: The BP neural network is constructed and trained on the training set.
The size of the time window used to predict the derived PCs is set to m, which means
that we use the preceding m-day-derived PC data to predict m-step-derived PCs.

4. Model validation: based on the trained BP neural network, we predict the derived
PCs in 2017, which are compared with the test set to evaluate model accuracy.

5. Bias correction: The predicted derived PCs are reconstructed into PCs, which are then
combined with EOFs to generate SST bias forecasts. By combining the biases and SST
forecasts, the corrected SST can be obtained.

2.4. Evaluation Metrics

To evaluate the performance of the two bias correction strategies, we employ time-
averaged and space-averaged bias, RMSE, and the spatial anomaly correlation coefficient
(ACC) as the evaluation criteria. These calculation formulas are defined as follows:

. 1
blﬂSi = NZiI‘il (xf?t —xgt), (4:)
. 1
1 2
RMSE; = N\/Ei\]_l (xft - xgt) ’ ©

Ef\il (yft - yf) (%‘Tt - ytT)

i \/2%1 (yzl‘?t - yf)z (ygt - ytT)z

where x”, and x], are the predictive and true SST of the i'" grid point on the " day,

ACC , (7)

respectively; M is the number of spatial grid points; and N is the number of days of testing
data. Bias; is the mean error of the i*" grid point and bias; is the mean error on the " day.

Their joint use ensures a balanced evaluation of correction performance across temporal
bt ci
and y!, = xI, — ¢; are the predictive and satellite SST anomalies (SSTA) of the i'" grid point

and spatial scales. RMSE; is the root-mean-square error of the i grid point. yh=x

on the " day, respectively; c; is the climatological SST of the OISST during from 1991 to
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2020 of the i*" grid point; and ¥¥ = ﬁylp , and yl = ﬁya are mean values of SSTA from
prediction and satellite on the ! day, respectively. In this study, all evaluation metrics
calculations use the OISST dataset as ground truth.
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forecasts on day m
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Figure 2. Flowchart of the EE-BP on day m.

3. Results
3.1. Overall Performance Evaluation

In this section, the SST forecast results in 2017 are analyzed to assess the overall perfor-
mance of the two bias correction strategies (4D-MGA and EE-BP). Specifically, the means of
RMSEs and spatial ACCs are calculated and compared in Figure 3. As shown in Figure 3b,
the uncorrected 7-day forecasts exhibit ACC values consistently exceeding 0.6, confirming
the reliability of the SST numerical forecasts [35]. Compared to the uncorrected forecasts
(blue bars), both 4D-MGA (orange bars) and EE-BP (red bars) strategies demonstrate mea-
surable improvements. 4D-MGA shows enhanced performance during days 1-3, reducing
RMSEs by 4.5-9.1% while improving ACC values. However, its corrective effectiveness
progressively declines with an increasing forecast horizon. In terms of RMSE, improvement
in the forecast accuracy at day 7 is only 1.2%. Such results reflect the inherent defects of
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the 4D-MGA strategy—the bias correction of 4D-MGA is based on linear extrapolation.
Therefore, the 4D-MGA strategy naturally lacks the capability to properly capture non-
linear signals. Moreover, to eliminate the random errors and instantaneous signals in the
analysis increments, 4D-MGA has to employ a relatively large smoothing coefficient. This
also leads to the fact that 4D-MGA is unable to capture the complex changes in temporal
trends, which is also reflected in the discussion about the seasonal biases after correction
in Section 3.2.3. Consequently, its performance in the aspect of bias correction for a long
lead time is unsatisfactory. In contrast, the EE-BP maintains stable corrective performance
across all seven forecast lead times. After bias correction by the EE-BP, the RMSEs decrease
from 0.44-0.83°C to 0.34-0.6 8°C (18.1-22.7% reduction), with ACC values improving to
above 0.79. These results indicate that while both strategies enhance SST forecast accuracy,
EE-BP exhibits superior correction magnitude and temporal robustness throughout the
7-day lead times.
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I Before correction (a) (b)
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[ EE-BP r
0.8 - 1
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Figure 3. Means of RMSEs (a) and spatial ACCs (b) for the SST forecasts before (blue bars) and after
bias correction by 4D-MGA (orange bars) and EE-BP (red bars).

3.2. Skill Comparison of Two Strategies

To comprehensively compare the correction skills of 4D-MGA and EE-BP, we conduct
a systematic evaluation from the perspective of multiple temporal scales: annual, seasonal,
monthly, and daily.

3.2.1. Annual Mean Bias Correction

Figure 4 illustrates the spatial distribution of annual mean SST forecast biases before
and after correction. Previous studies show that satellite fusion SST data in the East Asian
marginal seas exhibit errors ranging from 0.5 °C to 0.7 °C [36-38], which is consistent with
the error of OISST in the Northwest Pacific. Therefore, we define £0.50 °C as the threshold
for assessing the validity of bias correction (black contours in Figure 4). It is a clear standard
to judge the correction effect in different regions by analyzing the spatial distribution of SST
biases. As shown in Figure 4a, the spatial distribution of SST forecast biases before correc-
tion reveals a clear trend of increasing biases with forecast horizon. Additionally, significant
warm and cold biases exceeding £0.5 °C initially appear near Shikoku Island and the Kii
Peninsula during days 1-2, then expand spatially and intensify from day 3 onward. This
trend reflects the error accumulation in SST numerical forecasts, which amplifies with lead
time. Notably, regions with large biases are predominantly concentrated along and around
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the Kuroshio axis. This is attributed to the highly nonlinear spatiotemporal evolution of
SST driven by the multiscale dynamical processes related to the Kuroshio. Numerical
models face limitations in accurately forecasting such complex dynamics, particularly in
strong mixing zones, resulting in relatively large forecast biases [39,40].
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Figure 4. Maps of annual mean biases (°C) of SST forecasts before (a) and after bias correction by
4D-MGA (b) and EE-BP (c). The black contours indicate the error range of £0.50 °C.
To quantitatively evaluate the bias correction performance of 4D-MGA and EE-BP, we
calculate the RMSEs and biases at all model grid points within the study region before and
after the bias correction, respectively. Subsequently, the proportions of grid points with
improved bias or RMSE for the 7-day SST forecast correction are calculated and presented
in Table 1.
Table 1. Proportions (%) of improved grid points for bias correction in SST forecasts.
Metric Method Day 1 Day 2 Day 3 Day 4 Day 5 Day 6 Day 7
RMSE 4D-MGA 85.51 59.82 49.62 43.10 39.11 36.20 35.20
EE-BP 100.00 98.01 97.16 94.71 93.10 86.89 82.36
Bi 4D-MGA 69.56 55.75 46.78 41.87 38.80 37.19 37.04
1as EE-BP 99.62 96.32 94.71 91.95 91.72 85.12 79.22

The results show that the annual mean SST forecast bias corrected by 4D-MGA
(Figure 4b) is significantly reduced during days 1-2, with biases effectively constrained
within £0.50 °C. On day 1, the proportions of improved grid points for 4D-MGA reach
85.5% for RMSE and 69.6% for bias. However, its correction performance diminishes with
increasing forecast horizon, particularly in regions with extensive and intense warm or
cold biases. In contrast, EE-BP (Figure 4c) demonstrates more stable correction perfor-
mance, maintaining annual mean SST forecast biases within £0.50 °C throughout the 7-day
forecast horizons. In terms of improved grid points (Table 1), EE-BP consistently achieves
proportions above 82.4% for RMSE and 79.2% for bias across all forecast horizons. Notably,
while EE-BP outperforms 4D-MGA in the proportions of improved grid points on day 1,
the annual mean biases corrected by 4D-MGA are generally lower in most regions. This
discrepancy arises from the offsetting effects of positive and negative biases in the an-
nual mean calculation. 4D-MGA, which primarily captures large-scale bias characteristics,
benefits from this offsetting effect.

In summary, the 4D-MGA method demonstrates effective bias correction capabili-
ties only during short forecast lead times, whereas EE-BP delivers stable and significant
corrections across the entire 7-day forecast horizons. The performance divergence stems
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from fundamental methodological differences underlying the two strategies. 4D-MGA
relies on linear extrapolation, providing accurate short-term alignment but progressively
diverging from reality as nonlinear dynamics dominate long lead-time forecasts. Con-
versely, EE-BP leverages its strong nonlinear learning capabilities to effectively address the
nonlinear signals of SST forecast biases in the Kuroshio region, providing consistent and
robust corrections.

It is worth noting that the EE-BP method can more effectively extract long-term SST
bias signals because of the capability of fitting the nonlinear bias changes in the training
data. In contrast, the 4D-MGA method conducts a real-time linear fitting of the large-scale
time-varying characteristics of the bias based on the smoothing term. Under the constraint
of the Laplace operator, biases with closer time distances have a greater correlation with
each other, and the characteristics of biases with larger time distances are unlikely to have
a significant impact on the forecast period.

3.2.2. Seasonal Bias Correction

Figure 5 presents the proportions of improved grid points (with reduced RMSE)
for 4D-MGA and EE-BP across four seasons, with blue and orange lines representing
their respective daily trends during days 1-7. Both strategies exhibit consistent seasonal
performance: summer achieves the highest correction efficacy, followed by spring, while
autumn and winter demonstrate relatively weaker improvements. Except for a slight
increase for 4D-MGA during days 3-7 in summer, the correction efficacy of both strategies
generally declines with increasing forecast horizon and peaks on day 1. For 4D-MGA, the
proportions of improved grid points range from 29.1% to 60.7%. Except in summer, 4D-
MGA maintains >50% improved grid points only during days 1-3, reflecting its instability
of correction performance. In contrast, EE-BP outperforms 4D-MGA across all seasons,
with improved grid points ranging from 50.2% to 96.8%. Although its performance also
declines marginally with increasing forecast horizon, EE-BP sustains 50% effectiveness
even on day 7. In summary, both strategies effectively correct seasonal SST forecast biases,
with optimal performance in summer. However, EE-BP exhibits greater stability across all
seasons, particularly for forecasts exceeding a 3-day lead time.
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Figure 5. Maps of the proportions (%) of improved grid points (with reduced RMSE) after bias
correction by 4D-MGA and EE-BP in four seasons.
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To further explore the spatial scale bias correction effects of the two strategies in
four seasons, we plotted the maps of seasonal SST forecast bias distributions before and
after correction (Figures 6-9). As revealed in Figures 6a, 7a, 8a and 9a, the uncorrected
SST forecast biases exhibit distinct seasonal characteristics: significant warm and cold
biases dominate in spring and winter, warm biases prevail in summer, and autumn shows
relatively smaller biases compared to other seasons. Additionally, all four seasons exhibit
large biases in the northern part of the study area, closely aligned with the Kuroshio axis,
consistent with the annual mean bias distribution described in Section 3.2.1.
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Figure 6. Maps of the spring biases (°C) of SST forecasts before (a) and after bias correction by
4D-MGA (b) and EE-BP (c). The black contours indicate the error range of £0.50 °C. The pink dashed
boxes delineate regions where bias growth direction reverses during the forecast period.
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Figure 7. Maps of the summer biases (°C) of SST forecasts before (a) and after bias correction by
4D-MGA (b) and EE-BP (c). The black contours indicate the error range of £0.50 °C.
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Figure 9. Maps of the winter biases (°C) of SST forecasts before (a) and after bias correction by
4D-MGA (b) and EE-BP (c). The black contours indicate the error range of £0.50 °C.

By comparing with Figure 4, we find that the performance of 4D-MGA
(Figures 6b, 7b, 8b and 9b) and EE-BP (Figures 6¢, 7c, 8c and 9c) for seasonal bias correction
aligns with the annual mean bias correction results. Specifically, 4D-MGA demonstrates

significant correction efficacy on the first forecast day across all seasons but its performance

degrades as the forecast horizon increases. 4D-MGA predicts the trend of bias changes

based on the analysis increments in the analysis period, and therefore, the error accumu-

lation of the 7-day SST forecasts is ignored. As the lead time increases, the accumulated

forecasting errors gradually dominate the SST biases. As a result, the forecasting errors

corrected by 4D-MGA will continuously increase and finally resemble those before correc-

tion in all seasons. This also explains the significant seasonal characteristics of the spatial

bias distribution in Figures 6b, 7b, 8b and 9b: the numerical model’s overly conservative

dynamic interpolation leads to significant warm biases in summer and cold biases in winter.

In contrast, while EE-BP is affected by seasonal biases, it consistently provides significant

seasonal bias corrections and is less influenced by seasonal variations and error accumula-

tions (Figures 6c¢, 7c, 8c and 9c¢). By generating bias correction models independently, EE-BP

can consider the model error of each forecast lead time, which leads to robust correction

performance across all forecast horizons.
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Figure 8. Maps of the autumn biases (°C) of SST forecasts before (a) and after bias correction by
4D-MGA (b) and EE-BP (c). The black contours indicate the error range of £0.50 °C.
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Despite relatively large seasonal biases, 4D-MGA exhibits the best and most stable
improvement ratios of the proportions of improved grid points in summer (Figure 5). As
shown in Figure 7a, the biases are warm biases that grow unidirectionally throughout the
forecast horizons in most areas. While 4D-MGA can smoothly extrapolate the unidirectional
growth trend from the analysis increments, for regions where the bias growth direction
changes during the forecast period (as shown by the pink dashed boxes in Figure 6), it is
difficult to make inferences relying on linear extrapolation. In fact, this may even lead to
an increase in biases. On the other hand, EE-BP can better perceive the complex temporal
trends of biases. As shown in Figures 6¢, 7c, 8c and 9¢, the bias trend corrected by EE-BP
has no obvious correspondence with that before correction.

In summary, although both bias correction strategies are influenced by seasonal bi-
ases in numerical forecasts, the extent of this influence varies significantly. For 7-day SST
forecasts, EE-BP demonstrates a clear advantage, effectively addressing model error accu-
mulation and accurately capturing the impact of seasonal forecast biases, outperforming
4D-MGA in seasonal bias correction capability.

3.2.3. Monthly and Daily Mean Bias Correction

In this section, we compare their correction performance at monthly and daily mean
time scales to further investigate the sensitivity of the two strategies to seasonal biases.
Figure 10 presents histograms of daily mean biases and line graphs of monthly mean biases
for SST forecasts before and after correction. As shown in Figure 10a, the biases in the 2016
SST forecasts reveal seasonal variation patterns similar to those observed in 2017, with both
years showing pronounced warm biases from April to August. As the forecast horizon
increases, the seasonal biases become more pronounced, reaching 1 °C on day 7, reflecting
the model error accumulation. It is critically important to emphasize that this inherent
similarity in systematic biases exhibited by the 2016 and 2017 annual cycles enables the EE-
BP model, trained solely on the 2016 SST forecast bias sequence, to effectively correct the
2017 SST forecast biases. The seasonal biases and error accumulation remain apparent after
being corrected by 4D-MGA. The residual seasonal signals on day 3 are nearly identical
to those before correction. In contrast, EE-BP effectively mitigates (and in some cases
eliminates) seasonal biases in SST forecasts (Figure 10b). Its bias correction performance
remains largely unaffected by seasonal biases across the 7-day forecast horizons, exhibiting
more stable characteristics on monthly and daily scales.

The trends of daily mean biases from day 1 to day 7 further show that the limitations of
4D-MGA are manifested in two ways. Firstly, 4D-MGA struggles to identify the alteration
of the bias growth direction. At the inflections of the monthly mean biases (represented
by the black curve), the extrapolation direction of 4D-MGA deviates from the real bias
evolution, resulting in the increase of biases. As aforementioned, 4D-MGA only extracts
large-scale linear signals. Throughout the entire forecast horizon, the bias correction
amount increases linearly following the trend of the analysis periods. The deficiency of
linear extrapolation mechanisms renders 4D-MGA incapable of identifying the nonlinear
bias signals. 4D-MGA achieves better correction efficacy in spring and summer (from
March to August) where biases exhibit temporally stable and unidirectional trends but
performs less effectively in autumn and winter (from September to February) due to
frequent bias sign reversals and nonlinear variability. This seasonal contrast (also seen in
Figure 5) is consistent with its linear extrapolation mechanism. Secondly, as the forecast
horizon extends, the cumulative model errors keep growing, and the correction efficacy of
4D-MGA gradually deteriorates. Consequently, residual seasonal biases persist in 4D-MGA
corrections, particularly manifesting pronounced biases during days 3-7.
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Figure 10. Monthly mean (black curve) and daily mean (red and blue bars) time series of the biases
in SST forecasts before (a) and after bias correction by 4D-MGA (b) and EE-BP (c).

In comparison, EE-BP shows better identification of bias inflections and superior
stability throughout the entire forecast horizon. The daily mean biases display minimal
seasonal characteristics. Due to its strong nonlinear learning capability, EE-BP can precisely
understand the consistent bias variation trends inherent in the training data, allowing it to
effectively capture and correct significant seasonal signals. Additionally, the independent
modeling strategy ensures that EE-BP can focus on the bias changes of individual forecast
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days, avoiding the impact of model error accumulation. As a result, it becomes more robust
in handling seasonal biases and improves the accuracy of SST forecasts.

Figure 11 presents the daily ACC distributions for 7-day lead-time SST forecasts in
2017, where the blank areas indicate that the effective threshold of forecast skill is not
reached (ACC < 0.6) [35]. The uncorrected forecasts (Figure 11a) exhibit substantial skill-
deficient areas (blank areas) accounting for 1.9%, while the 7-day sustained effective forecast
rate, with all 7-day ACCs > 0.6, is only 94.0%. Notably, there are more forecast days in June
and October when the threshold is not reached, which corroborates the systematic peaks of
biases in Figure 10a. After applying 4D-MGA (Figure 11b), the percentage of skill-deficient
areas increases to 2.1%, although the horizon of the high-skill areas (ACC > 0.9, red areas)
is extended. The 7-day sustained effective forecast rate only improves by 0.3 percentage
points to 94.3%, which indicates that 4D-MGA has a limited ability to extend the effective
lead time of the forecast. Conversely, EE-BP (Figure 11c) achieves remarkable progress:
the percentage of skill-deficient areas plunges from 1.9% to 0.1%, with only a very small
number of skill-deficient areas remaining, mainly in the summer. Notably, the 7-day
sustained effective forecast rate improves by 5.7 percentage points to 99.7%, accompanied
by systematic ACC enhancement, as evidenced by the expansion of red coverage (high-skill
region expansion). In conclusion, EE-BP is effective in both extending the effective forecast
lead time and expanding the horizon of the high-skill areas, further confirming the accuracy
and stability of EE-BP in 7-day SST forecasts.

Oct Nov

Figure 11. Daily ACCs of the SST forecasts before (a) and after bias correction by 4D-MGA (b) and
EE-BP (c) at 1-7 day lead times in 2017. The blank areas indicate ACCs smaller than the threshold
of 0.6.

4. Discussion

In this study, two bias correction strategies, 4D-MGA and EE-BP, are proposed for
the bias correction in 7-day SST forecasts. Their performance and skills are systematically
assessed across multiple temporal scales (annual, seasonal, monthly, and daily). The results
show that both strategies can improve the accuracy of SST numerical forecasts, and EE-BP
exhibits superior performance in correcting long-term forecast biases and handling complex
seasonal biases. Specifically, 4D-MGA excels in short forecast lead times (particularly on day
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1), improving forecast accuracy (RMSE) by approximately 9.1%. However, its correction
efficacy diminishes with increasing forecast horizon, showing limited effectiveness in
regions with high-intensity warm or cold biases and pronounced seasonal variations.
These limitations stem from the model error accumulation and inherent challenges of 4D-
MGA in addressing the complex nonlinear dynamics in the Kuroshio region. In contrast,
the EE-BP strategy delivers stable and significant corrections throughout the 7-day forecast
horizons with consistently improving forecast accuracy (RMSE) by over 18.1%. As a robust
nonlinear deep learning method, EE-BP effectively captures nonlinear features in SST
forecast biases, providing consistent and reliable corrections for 7-day forecasts. EE-BP
outperforms 4D-MGA across all temporal scales, particularly in mitigating seasonal biases,
demonstrating strong robustness.

While the EE-BP strategy demonstrates superior bias correction performance, its
practical implementation faces two interrelated limitations. Firstly, the method’s reliance
on a large amount of historical data introduces scalability challenges. Although one year of
SST training data achieves satisfactory results in this study, its data demand for training
escalates significantly when applied to scenarios with more predicted variables, such as
three-dimensional corrections. Secondly, EE-BP requires significant preprocessing and
model training time. For example, it takes approximately 56 h on a portable workstation for
the training process and the SST correction for the year 2017, whereas 4D-MGA (without
training process) completes the correction in 1.5 h. 4D-MGA provides a lightweight
alternative, requiring only 58-day historical data and minimal processing time, making it
ideal for real-time applications with limited infrastructure.

5. Conclusions

In conclusion, 4D-MGA is particularly advantageous for short-term forecasts, espe-
cially when model biases exhibit regular, linear trends. Its low application cost and lack
of reliance on model training make it suitable for rapid, short-term ocean model forecasts.
Conversely, the EE-BP strategy offers higher correction accuracy and longer effective correc-
tion horizons. Its ability to handle complex nonlinear problems ensures robust performance
in correcting 7-day forecast biases, particularly in addressing seasonal biases. Furthermore,
there remains room for improvement in its short-term forecast bias correction capabilities.
Future research could explore enhanced neural network training schemes to address this
limitation. Additionally, a synergistic application of both strategies could be developed,
leveraging their complementary strengths to create customized bias correction models
tailored to specific regional and seasonal characteristics. Such advancements would further
enhance the accuracy of SST numerical forecasts.
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Table S2: RMSEs (°C) and ACCs for the SST forecasts before and after bias correction by EOF-BP
and EE-BP.
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Abstract: Sea surface currents (55Cs) play a pivotal role in material transport, energy
exchange, and ecosystem dynamics in coastal marine environments. While traditional
methods to obtain wide-range SSCs, such as satellite altimetry, often struggle with lim-
ited performance in coastal regions due to waveform contamination, deriving SSCs from
sequential ocean color data using maximum cross-correlation (MCC) has emerged as a
promising approach. In this study, we proposed a novel SSC estimation method, called
tide-restricted maximum cross-correlation (TRMCC), and implemented it on hourly ocean
color data obtained from the Geostationary Ocean Color Imager II (GOCI-II) and the global
tide model FES2014 to derive SSCs in coastal seas and turbid estuaries. Cross-comparison
over three years with buoy data, high-frequency radar, and numerical model products
shows that TRMCC is capable of obtaining high-resolution SSCs with good accuracy in
coastal and estuarine areas. Both large-scale ocean circulation patterns in seas and fine-scale
surface current structures in estuaries can be effectively captured. The deriving accuracy,
especially in coastal and estuarine areas, can be significantly improved by integrating tidal
current data into the MCC workflow, and the influence of invalid data can be minimized
by using a flexible reference window size and normalized cross-correlation in the Fourier
domain technique. Seasonal SSC structure in the Bohai Sea and diurnal SSC variation in
the Yangtze River Estuary were depicted via the satellite method, for the first time. Our
study highlights the vast potential of TRMCC to improve the understanding of current
dynamics in complex coastal regions.

Keywords: sea surface current; coastal waters; Yangtze River Estuary; ocean color; GOCI-II

1. Introduction

As a medium of material transportation, sea surface currents (SSCs) serve as vital
conduits for materials exchange within marine ecosystems [1]. They mediate the transfer
of heat and moisture between the ocean and the atmosphere, thereby influencing weather
patterns [2]. SSCs also play a critical role in coastal areas by shaping coastal landscapes [3],
influencing larval dispersion [4] and pollutant distribution [5], and affecting maritime
activities, such as shipping and human engineering [6], etc. Accurately deriving SSCs
is crucial, both for better understanding global climate change and optimizing coastal
management strategies.

Although traditional methods, such as the use of surface drifters [7] and acoustic
Doppler current profilers (ADCPs) [8], provide reliable SSC measurements, their obser-
vation range is often limited. High-frequency (HF) radars can effectively monitor coastal
SSCs by measuring backscattered radar signals [9,10]; a global HF radar network was
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established to improve coastal management [11], but its mapping area is still inadequate
to monitor the global coastline, since its deployment and maintenance can be difficult in
remote and extreme environments [12]. Satellite altimetry has also been widely utilized
to calculate wide-range ocean currents based on geostrophic balance [13,14]; however,
it can only retrieve geostrophic currents [15], while realistic ocean surface currents are
also affected by tidal currents, wind-driven currents (Ekman current), Stokes drift, and
other ageostrophic components. Moreover, currents retrieved from an altimeter are rather
unreliable due to the distortion and contamination inherent in altimeter waveforms in
coastal regions [15-17].

The movement of ocean surface features such as chlorophyll a (Chl-a), total suspended
matter (TSM), and sea surface temperature (SST) can effectively indicate the SSC struc-
ture [18], making feature tracking an effective method to retrieve SSCs using sequential
thermal or ocean color images. From the time that Emery et al. [19] first applied the maxi-
mum cross-correlation (MCC) approach, which is commonly used in image registration
and cloud motion detection, to the advent of advanced, very high-resolution radiometer
(AVHRR) images and extracted SSCs in the coastal ocean of Colombia, MCC has been
widely used to retrieve SSCs in various sea areas using different satellite images. Taniguchi
et al. [20] derived the surface velocity in the Lombok Strait using hourly Himawari-8 SST
data. Liu et al. [12] investigated SSCs along the California coast by merging MCC results
from different surface tracers, including SST, Chl-a concentration, and remote sensing
reflectance (R;s). Yang et al. [21] derived SSC in the U.S. East and Gulf coasts by utilizing
the overlapping area of a visible infrared imaging radiometer (VIIRS) and compared SSC
products generated by different tracer images. Ren et al. [22] applied MCC to X-band
synthetic aperture radar (SAR) images to derive high resolution tidal currents in Hangzhou
Bay and around Amrum Island. Apart from MCC, various other approaches have been
implemented on sequential satellite images to obtain SSCs, including optical flow [23,24],
Doppler shift [25,26], inter-band time-lag [27], displaced frame central difference equa-
tion [28], etc.

During the process of feature tracking, inconsistencies in spatial resolution and band
settings is inevitable for multi-sensor images. However, a geostationary satellite can avoid
these issues and stably generate consecutive images. The Korean Geostationary Ocean
Color Imager (GOCI) provides hourly images in the time range of UTC 0:00-7:00, making
it one of the most commonly used sensors in SSC extraction. Yang et al. [29] analyzed
the diurnal variation in SSCs and the eddy structures on the west coast and East Sea of
Korea, using GOCI-derived TSM and Chl-a as tracers for the MCC technique. Based on
GOCI images, Jiang et al. [30] comprehensively tested different parameters to determine
the best performance of MCC in the Bohai Sea, validated with ADCP, and HF radar and
the numerical model both showed good results. Hu et al. [31] tested the particle image
velocimetry (PIV) method on GOClI-derived TSM and Chl-a to derive SSCs in the East
China Sea and the Sea of Japan, achieving solid performance, especially in eddy areas
with strong rotation and deformation. Using five years of GOCI Level-2 (L2) products and
optimal interpolation, Liu et al. [32] extracted SSCs in the entire GOCI observation range
and analyzed annual and seasonal mean flows.

The aforementioned studies mainly focus on sea areas where surface tracers display a
distinct gradient and stable structure. In shallow nearshore areas, such as the Yangtze River
Estuary (YRE) and the Korean Coastal Sea (KCS), land boundaries are much more intricate;
horizontal transport and vertical mixing are jointly influenced by river discharge, tidal
current, and wind, leading to a more complex and dynamic current structure and surface
tracers [33,34], causing obstacles to precise high-resolution SSC estimation. However, due
the tide-dominance characteristic in these areas [35], surface total current direction can be
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highly consistent with tidal current during the flooding and ebbing phases, when the tidal
current magnitude is large [30,36].

The objective of our study is to fill the gaps in SSC estimation in coastal and estuary
areas. An improved MCC workflow, called tide restricted maximum cross-correlation
(TRMCC), is developed by integrating the FES2014 tide model and applying it to GOCI-
II ocean color data from 2021 to 2023. Cross-comparisons are performed between SSC
estimation results, buoy data, HF radar, and a numerical model. High-resolution SSC
structures in multiple regions are revealed. Our study provides new insight into SSC
estimation in coastal areas via ocean color remote sensing.

The structure of this article is organized as follows: Section 2 introduces the data used
in this study. Section 3 explains the methodology of our research. Section 4 presents the
SSC estimation performance in both the long and short term, with cross-comparisons with
SSC data obtained from the GOCI-II L2 product, a numerical model product, HF radar, and
a buoy. TRMCC’s ability to reveal high-resolution SSC structures in turbid coastal areas at
different time scales is also tested. Finally, discussions and conclusions are presented in
Section 5.

2. Materials and Methods

2.1. Materials
2.1.1. GOCI-II Data

Sequential images, with both high spatial resolution and short time intervals, are
the cornerstone of retrieving SSCs from ocean color data. The GOCI-II (Geostationary
Ocean Color Imager II) was mounted on Korean satellite GEO-KOMPSAT-2B, launched
in February 2020; it has a spatial resolution of 250 m, with 12 bands in the visible and
near-infrared range, covering most of the sea areas of Korea, Japan, and China. It is capable
of conducting 10 observations per day, from UTC 23:30 to 8:30, with an interval of 1 h,
perfect for the extraction of SSCs. GOCI-II data can be obtained from the Korea Ocean
Satellite Center (KOSC) website (https://kosc.kiost.ac.kr/, accessed on 6 January 2024).
Since a full scene of GOCI-II image consists of 12 sub-images obtained by the step and stare
method, data from two different slots were used in this study: Slot S007, which covers the
Korean Sea, and Slot S010, covering the East China Sea (Figure 1a).

For the case in the Korean Sea, previous studies have proved that Chl-a can be a
suitable tracer in sea areas with relatively low turbidity, such as along the California Coast
and in the Korean Sea [29,31,37,38]. Therefore, the GOCI-II L2 Chl-a product of slot S007
(green square in Figure 1a) was selected as the tracer data to derive SSCs in the sea area of
the Korean Peninsula. This product is generated based on the L2 atmospheric corrected Ry
product using the ocean color index (OCI) algorithm [39]. Full data from 2021 to 2023 were
used, adding up to a total of 10,407 scenes.

For the case in the East China Sea, due to the shallow topography and abundant ter-
restrial sediment input from the Yangtze River and the Yellow River, the optical properties
in the East China Sea are strongly influenced by suspended sediment, creating obstacles for
accurately deriving Chl-a [40,41]. Therefore, in these area, TSM has been widely used in
SSC estimation [31,42-44]. However, in extremely turbid nearshore and estuary areas such
as the YRE, the GOCI-II official atmospheric correction method performs poorly, resulting
in large blank area in the ocean color product of slot S010. Therefore, the high-quality
Level 1B top-of-atmosphere radiance product of slot S010 (orange square in Figure 1a)
from 2021 to 2023 was manually filtered (Figure 1b), adding up to a total of 5445 scenes in
573 days. Rayleigh correction was performed with an atmospheric vector radiative transfer
model [45,46]. Cloud areas were then masked, based on an improved cloud masking
method [47]. Atmospheric correction was performed with XGB-CW [48], a new atmo-
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spheric correction algorithm especially designed for highly turbid waters which combines
a coupled ocean-atmosphere model with the eXtreme Gradient Boosting (XGBoost). After
Rys was obtained, TSM was derived via a semi-empirical radiative transfer model [49] and
was selected as tracer data to derive SSCs in the East China Sea areas.
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Figure 1. (a) Area of interest (AOI) of this study. Orange and green squares represent the observation
range of GOCI- II data in two different slots (named by S010 and S007). The white dashed line shows
the isobath in the AOI. The stars and red-dashed border represent the location of buoys and HF
radar. (b) Valid data time range of ocean color data (blue), Korean buoy (green), and Chinese buoy
(orange). (c) Underwater bottom topography of the YRE; black solid line represents the location of
the Deep-Water Channel Project.

Moreover, GOCI-II official L2 SSC data products for slot S007 and S010 from 2021 to
2023 were also downloaded for cross-comparison. These SSC data were developed by using
the L2 Chl-a product as the tracer image, along with a primitive MCC algorithm based on
the work of Barton et al. [50] and Emery et al. [19]. This product has been subjected to a
quality control process using global mean ocean surface velocities calculated from 30 years
of satellite-tracked surface drifter data.

2.1.2. Buoy Data

In order to exam the accuracy of retrieved SSC, hourly SSC data of 14 buoys from
2021 to 2023 was collected to be used as ground truth (GT), 8 of which are located in
KCS (as shown in Figure 1a) and 6 of which are located in the YRE, China (as shown
in Figure 1c). Korean buoy data, which includes surface current speed and direction,
were downloaded from the Korea Hydrographic and Oceanographic Agency website
(http:/ /www.khoa.go.kr/, accessed on 10 February 2024); four of the buoys were located
in the outer sea (KG_0021, KG0024, KG0025, KG0028), and four of them were located in
the coastal sea, with lower water depth and more intricate land boundaries (TW_0069,
TW_0079, TW_0080, TW_0081). Moreover, six buoys were deployed in the YRE, located
in the North Channel, North Passage, and South Passage (as shown in Figure 1c), capable
of providing the current speed and the direction of the vertical water column. In order to
reduce noise, the current data from the depth of 0 to 2 m were averaged and used as SSCs.
The available time range of 14 buoys can be seen in Figure 1b.
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2.1.3. High Frequency Radar Data

The data from four high frequency (HF) radar sites (as shown in Figure la) were
also downloaded from the Korea Hydrographic and Oceanographic Agency website (http:
/ /www.khoa.go.kr/, accessed on 12 February 2024) to perform an accuracy verification of
the retrieved SSCs. These HF radar sites are located in different geographical environments
(e.g., shallow coast, water bay, deep sea), with resolutions ranging from 0.75 to 3 km,
an operating frequency ranging from 13 to 25 MHz, and band width ranging from 50 to
200 kHz [51]. Additionally, buoy KG_0024 is located in the observation range of HF radar
site HF_0041, which makes it possible to make a cross-comparison between SSCs retrieved
by different methods.

2.1.4. Numerical Model Data

CMEMS (Copernicus Marine Environment Monitoring Service) products have been
widely used to study coastal ocean dynamics [52,53]. In this study, SSC data from
the CMEMS product “GLOBAL_ANALYSISFORECAST_PHY_001_024" was used for
crosscomparison. The product is based on version 3.6 of the NEMO (Nucleus for Eu-
ropean Modelling of the Ocean) ocean model, coupled with new data assimilation
method and observation data [54], and is capable of providing hourly SSCs, with a
resolution of 1/12°. This product is available at the Copernicus Marine Data Store
(https:/ /data.marine.copernicus.eu/products, accessed on 6 February 2024).

2.1.5. Tide Model

In this study, a finite element solution (FES) tide model was utilized to simulate the
surface tidal current and tidal height. As the latest version of FES tide model, FES2014 has
a higher horizontal resolution of 1/16°, a more accurate bathymetry and shoreline grid in
shallow water areas, an expanded altimetry and tidal gauges assimilation database, and a
more advanced data assimilation method [55]. The FES2014 tide model can be downloaded
from the Archiving, Validation, and Interpretation of Satellite Oceanographic Satellite Data
(Aviso) website (https:/ /www.aviso.altimetry.fr/en/data/products/auxiliary-products/
global-tide-fes.html, accessed on 4 December 2023). Previous studies have pointed out
that FES2014 provides a more reliable result than other ocean tide models in both the East
China Sea [56,57] and the coastal sea of the Korean Peninsula [58].

2.2. Methods

Considering the above mentioned obstacles in SSC estimation and the notable contribu-
tion of tidal currents in coastal seas, we proposed an improved MCC workflow, called tide
restricted maximum cross-correlation (TRMCC). It is capable of producing high-resolution
and high-accuracy SSC results, especially in coastal sea areas. The workflow diagram
of the TRMCC can be seen in Figure 2, and its main improvements are described in the
following section.

2.2.1. Normalized Cross-Correlation in Fourier Domain

Invalid data in the data window can greatly influence the SSC-deriving result. In
order to minimize the influence caused by land or cloud cover, a masked normalized cross-
correlation (NCC) technique [59] was adopted to evaluate the cross-correlation between
the reference window and the suspected target window. This is an image registration
method originally developed for medical imaging. By introducing a masked area into the
Fourier-Merlin algorithm, it can effectively avoid the influence of the masked area, which
in our case, is invalid data caused by land and cloud cover. The NCC can be calculated
as follows:
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where NCC denotes the normalized cross-correlation; f and f~! denote the Fourier and
inverse Fourier transform, respectively; W; and W, are the two image windows; F; and F,
are the Fourier transformed image windows; and M; and M, are the Fourier transformed
masks of the two images. More details can be found in Ref. [59].
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Figure 2. Workflow diagram of TRMCC. Former and latter images represent an image pair, with
a time interval. the blue area represents the process of tide-restriction. The red area shows the
circulation used to determine the reference window size (rw) and the search window size (sw)
by evaluating the feature in the reference window. The green area shows the masked normalized
cross-correlation technique.

2.2.2. Restricted Angular Search Range

In coastal seas, the tidal current, rather than geostrophic current, the wind-driven
current, etc., can be the dominant current component. The genuine current’s direction
can be significantly affected by the tidal current. As shown in the density plot (Figure 3)
of over 630,000 data pairs between the simulated tidal current and the genuine current
observed by buoys, a clear pattern between the tidal current magnitude (V};z.) and the

7

angular difference of genuine current and tidal current (’Qbuoy — Gtide‘) can be concluded.

The larger the V};;,, the smaller the angular difference between the genuine current and the
tidal current. A total of 63.3% of V}4, distributes in the range of 5 to 75 cm/s, while the
angular difference distributes in the range of 0 to 30. Therefore, in this study, we defined
a variable ¢, which stands for the angular difference between the simulated tidal current
direction and the genuine current direction, and assume that ¢ has a functional relationship
with Vj;4, that can be expressed as a linear combination of exponential functions, as follows:

p=a- eV Viide 4 ¢ . o Viide )

where ¢ is the angular difference; V};;, is the tidal current magnitude; and 4, b, ¢, and d are
undetermined coefficients.

177



Remote Sens. 2025, 17, 874

180

N=638931
Coverage=99.1%

N
S

|6buoy - thde[ ©)
8
Density

30

0 50 100 150
Vtide (cm/s)

Figure 3. Scatter density plot showing the tidal current magnitude and the angular difference between
the genuine current and the tidal current. The red line indicates the curve of ¢ = f(V}iz.)-

Based on a vast number of data pairs between the simulated tidal current and the
genuine current, four coefficients in Equation (2) were obtained using Gaussian kernel
density estimation (GKDE) to model the distribution of ¢ and V};;,, and an optimization
algorithm was employed to ensure that the resulting function can cover at least 99% of the
data pairs, while minimizing the angular difference. Finally, the functional relationship
between ¢ and V4, can be expressed as follows:

¢ = 9036.18 - ¢~ 019 Viite 1 168.24 . ¢~ 0014 Viice 3)

where ¢ is the angular difference, and V};;, is the tidal current magnitude.

During the workflow of the TRMCC (as shown in Figure 4), the tidal current magnitude
(Viige) and direction (6y;4,) between the time range of two sequential images was generated
using tide model; the mean value (V;;;, and 0i4e) Will be seen as the tidal current vector
corresponding to the estimation time. ¢ was determined by V};4,, based on Equation (3), and
the angular restriction range can be defined as [ 0;;5. — ¢ , 6440 + ¢|. As shown in Figure 4,
taking two Chl-a images from 8:30 to 9:30 (UTC + 9) on 25 April 2021 as an example, the
suspected vector (gray arrow) that is outside the restriction range was discarded, even
though it has a higher NCC.

Restricted Unrestricted
NCC=0.8159 NCC=0.8347
AE=28.1258 AE=122.6997

ME=0.2425 ME=0.6844

Search result
> (unrestricted)

Search result

(restricted)

—> Buoy vector
— Tide vector

L _ | Restriction range

Figure 4. Schematic illustration of angular restriction range, taking Chl-az images from 8:30 to 9:30
(UTC + 9) on 25 April 2021 as an example. The vector and window borders in green and gray
represent the search result after and before tide-restriction.
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2.2.3. Adaptive Reference Window Size

In the workflow of the conventional MCC approach, the size of the reference window
(rw) significantly influences the accuracy of SSC estimation and can vary depending on
the research area. For example, in a previous study that applied MCC on GOCI data to
derive SSCs, rw varied from 10 to 22 km [29,32,38,44,60]. However, in coastal sea area such
as the YRE, SSCs show a much finer structure and can be dissimilar, even in an area of
10 x 10 km, not to mention in the inner estuary, where the width of the river channel can
be less than 6 km. When implementing MCC in different areas, rw should be decided based
on the feature scale and signal abundance of the surface tracer, since an excessively large
window size cannot reflect the fine structure of SSCs [22].

Therefore, we brought the coefficient of variation (cv) into the workflow (as shown in
Figure 2) to evaluate the signal abundance. The cv of an image window can be computed
as follows: <D

v = VN x 100% (4)
where SD and MN are the standard deviation and mean value of a window.

With an initial 7w of 15 pixels (3.75 km), if cv is less than a threshold of 15% and the
invalid data percentage is less than 20%, rw will be expanded for 2 pixels, and this process
will be repeated until cv reaches the threshold or rw exceeds 61 pixels (15.25 km). After
this cycle, an optimal rw can be determined, ensuring a suitable tracer signal amount,
while assuring an acceptable invalid data percentage. Then, the search window size (sw)
can be determined based on velocity limit, which is set to 2 m/s, according to the in situ
observation of the buoys.

2.2.4. Accuracy Evaluation Metrics

Following the methods of previous research [28,61,62], average angular error (AAE)
and average magnitude error (AME) were used to evaluate the performance of SSC estima-
tion. AAE, AE, AME, and ME can be calculated as follows:

{AAE, AME} = {AE,ME} = {AQ,A‘Y} _ ;}Z{amos( an ) v Vgt\} -

ij V1| Vgt |Vt |

where V is the current vector being evaluated, and Vy; is the ground truth (buoy) vector.

3. Results
3.1. Validation Using Buoy Data

To thoroughly verify TRMCCs in different sea areas, SSCs in 14 buoy locations from
2021 to 2023 were derived, based on GOCI-II data. In order to demonstrate the effect of
tide-restriction, a reference data group, without undergoing the process of tide-restriction,
is also generated. The performance of tide-restricted method (TRMCC), the unrestricted
method, and the GOCI-II official method are shown in Table 1 (eight Korean buoys) and
Table 2 (six Chinese buoys).

In the offshore area of the Korean Sea, although the accuracy of the official SSC
product is only slightly lower than that of our method, it yields only about one-third
the amount of valid data. Considering that all three results were based on the same L2
Chl-a data, it is possible that the production process of the SSC product cannot deal with
invalid data caused by cloud cover. The difference between tide-restricted method and
unrestricted method is very small, since V};4, in the offshore area is relatively smaller than
in the nearshore area. According to Equation (3), Vj;4, needs to be greater than 26.1 cm/s,
or the ¢ will be over 180°; under this circumstance, the angular search range is still [0, 360],
which means that the tide-restriction did not take effect.
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Table 1. Comparison of different SSC results in the Korean Coastal Sea from 2021 to 2023.

Tide-Restricted Unrestricted Official SSC Product
Type Buoy ID
AME AAE(°) Count AME AAE(°) Count AME AAE(°) Count
KG_0021 0.481 35.472 340 0.48 35.605 340 0.584 38.937 146
KG_0024 0.429 39.562 1326 0.429 39.353 1329 0.528 55.835 361
Offshore KG_0025 0.46 34.45 1340 0.46 34.512 1340 0.519 55.747 334
KG_0028 0.571 33.56 960 0.573 34.764 964 0.504 53.879 396
Mean/Sum 0.48525  35.761 3966 0.4855  36.0585 3973 0.53375 51.0995 1237
TW_0069 0.546 29.375 819 0.554 38.126 842 0.835 80.53 41
TW_0079 0.394 26.072 1132 0.396 28.543 1144 0.806 75.479 37
Nearshore TW_0080 0.544 33.447 1056 0.534 40.52 1078 0.868 101.846 36
TW_0081 0.409 33.347 1226 0.412 35.144 1235 0.795 101.245 54
Mean/Sum 0.47325 30.5603 4233 0.474 35.5833 4299 0.826 89.775 168
Table 2. Comparison of different SSC results in the YRE from 2021 to 2023.
Tide-Restricted Unrestricted
Buoy ID
AME AAE (°) Count AME AAE (°) Count
ECNU_01 0.612 41.801 134 0.646 44.105 134
ECNU_02 0.647 23.607 562 0.746 39.458 743
ECNU_03 0.563 34.114 578 0.857 79.771 710
ECNU_04 0.528 35.473 464 0.587 78.665 547
ECNU_05 0.651 22.195 307 0.695 67.113 513
ECNU_06 0.437 33.672 477 0.858 89.789 566
Mean/Sum 0.573 31.810333 2522 0.7315 66.4835 3213

However, in the nearshore area, the advantages of our method began to take shape.
While the official SSC product shows poor accuracy and few valid data counts, the un-
restricted results, which utilize an adaptive reference window size and a masked NCC
technique, achieved valid observations numbering 4299, with a good accuracy of 35.6°
in regards to angular error and a relative magnitude error of 0.47. The AAE was further
improved by 14.1%, on average, under the effect of tide-restriction; this improvement varies
depending on the location of the buoy, with the greatest improvement of 23.0% at TW_0069,
and the least improvement of 5.1% at TW_0081. However, the improvement in AME is
relatively small.

As shown in Table 2, in the YRE, where water is much shallower than that in the
KCS, tide-restriction yielded huge improvements in both AME and AEE. On average, AME
improved by 21.7%, and AAE improved by 52.2%. This improvement is most obvious in
ECNU_03 and ECNU_06, as each are improved by 34.3% and 49.1% for AME and 57.2%
and 62.5% for AAE, respectively. However, the valid vector count dropped by 21.5% on
average, indicating a failure in finding a target vector that matches the correlation limit,
while staying in the angular restriction range. Moreover, comparisons between the official
SSC product and the buoy data are not presented, as the official SSC product provided
nearly no valid data in the YRE, since the official atmospheric correction method scarcely
works in the highly turbid water of the YRE, and the official SSC extraction method is
unable to deal with the invalid data caused by land boundaries.

3.2. Cross-Comparison of SSC Derived from Satellite, Numerical Model, and HF Radar

To further investigate the SSC pattern in a larger spatial scale, the mean SSC of the
CMEMS product and the TRMCC results from 2021 to 2023 can be seen in Figure 5. Overall,
both results show a similar current structure. After the Kuroshio Current (black arrow)
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arrived at the Jeju Island, it was divided into the Yellow Sea Warm Current (YSWC, yellow
arrow) and the East Korea Warm Current (EKWC, red arrow). The EKWC was bifurcated
by the Korean Strait (KS), flowing into the Sea of Japan. However, differences exist in the
distribution of SSC magnitude. The CMEMS product shows a higher magnitude in the
EKWC than in the TRMCC results, while in the YSWC and the area of the Changjiang
(Yangtze) Diluted Water (CDW), the TRMCC results show a higher magnitude.
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Figure 5. Mean SCC obtained by CMEMS product (a) and TRMCC (b) from 2021 to 2023 in the sea
area of the Korean Peninsula, overlayed with the average current magnitude. Arrows with black,
red, blue, and yellow borders represents the Kuroshio, East Korea Warm Current, Korean Coastal
Current, and Yellow Sea Warm Current. KS: Korean Strait. JI: Jeju Island. CDW: Changjiang (Yangtze)
Diluted Water.

In order to examine the differences between the CMEMS product and the TRMCC
results, three representative buoys were selected, and their magnitude differences and the
direction distribution can be seen in Figure 6. For buoy KG_0021 (115 m in depth), located
in the outer sea, as shown in Figure 6a,d, both results match the actual situation, where the
SSC mainly flows to the north and northwest, while the TRMCC results yields a relatively
higher accuracy in regards to magnitude. For buoy TW_0079 (25 m in depth), located on
the west coast of Korea, as shown in Figure 6a,e, the SSC mainly flows to the southwest;
both results slightly overestimated the flow in the northeast, but the TRMCC results still
show a higher accuracy in regards to magnitude. However, for ECNU_05 (5 m in depth),
located in the shallow YRE, as shown in Figure 6¢,f, the CMEMS product shows a rather
poor performance in regards to both magnitude and direction. The SSCs in the YRE were
confined by the river channel and were highly influenced by runoff and tidal currents,
resulting in a reciprocal flow pattern in a west and east direction. The TRMCC results
correspond well with the buoy data, while preserving a relatively good accuracy in regards
to magnitude.

Furthermore, data from three HF radar sites located in different water depths were
selected to demonstrate TRMCC's performance in the costal sea and the influence caused by
invalid data in sequential images. The TRMCC results were resampled into a corresponding
resolution of HF radar, and the results are presented in Figure 7. It can be seen that the
TRMCC results generally agree well with the SSCs observed by HF radar in regard to both
direction and velocity. However, the extremely fine scale structure of SSCs in coastal areas
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can be neglected, for example, in the northwest part of HF_0065 (Figure 7c) and the west
part of HF_0070 (Figure 7e), where HF radar depicts a more detailed current structure.
Moreover, since the GOCI-II L2 Chl-a product was used as a tracer image, invalid data
exist in the L2 product due to the failure of atmospheric correction in turbid water (e.g.,
Type 1 in Figure 7a,b and Type 3 in Figure 7e,f) and cloud cover (e.g., Type 2 in Figure 7c,d).
Although the TRMCC is able to ignore a certain amount of invalid data using the masked
NCC technique, information loss caused by a huge blank area can still inevitably lead to
failure in the TRMCC process.
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Figure 6. (a—c) Distribution of magnitude differences between TRMCC results, CMEMS product, and
buoy data. (d—f) Distribution of velocity direction between TRMCC results, CMEMS product, and
buoy data.

To thoroughly investigate the performance of different SSC results, data from a buoy
located in the Korean Strait were regard as the ground truth. SSCs from HF radar, the
CMEMS product, and TRMCC results were resampled into the same grid, with a resolution
of 4 km; the daily average SSC from different data can be seen in Figure 8a. In the northwest
part, where water depth is around 50 m, three SSC data correspond well in regards to
direction, with the CMEMS product overestimating the velocity magnitude. However, in
the south part and the area with high water depth, the TRMCC results agree well with the
CMEMS product, showing that the SSC mainly flows in a northeasterly direction, while HF
radar depicts a completely opposite direction. Furthermore, the eastward and northward
component of the flow vector from 9:00 to 16:00 (UTC + 9) in three different datasets was
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compared with the buoy data. It can be seen in Figure 8b that although the vector direction
from the CMEMS product agrees well with the ground truth, with an AAE of 30.431°, it
overestimated the velocity, resulting in an AME of 1.6. The vector derived by HF radar
and TRMCC, on the other hand, shows a better accuracy, in regards to both velocity and
direction, with an AME of 0.326 and an AAE of 22.229° for HF radar, exhibiting even better
results for TRMCC, with the AME and AEE being 0.151 and 17.878°, respectively.
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Figure 7. SSC derived by HF radar (a,c,e) and TRMCC (b,d,f) at 9:00 (UTC+9) on 24 Oct 2022,
overlayed with the GOCI-II Chl-a product at 8:30 (left) and 9:30 (right). (a) HF_0063. (c¢) HF_0065.
(e) HF_0070. Blue stars represent the location of radar sites. SCC derived by TRMCC outside the
observation range of HF radar were removed for better visualization. Type 1, 2 and 3 denote in-valid
data area caused by various reasons (e.g., atmospheric correction, cloud cover, etc.).
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Figure 8. (a) Average SSC in Korean Strait from 9:00 to 16:00 (UTC + 9) on 5 May 2022. Green,
black, blue, and red vectors represents currents derived by buoys, HF radar, TRMCC, and CMEMS,
respectively. SCCs derived by TRMCC and CMEMS that are outside the observation range of HF
radar were removed for better visualization. (b) Comparison between HF radar (black), TRMCC
(blue), CMEMS (red), and ground truth (buoy). Solid triangle represents an eastward component (u),
and hollow triangle represents a northward component (v).

3.3. Fine-Scale SSC Seasonal Variation in Bohai Sea

As one of the biggest shelf seas in the world, the East China Sea is known for its
shallow water depth and abundant terrestrial sediment input, making it hard for altimeter
and numerical models to retrieve SSCs. However, sediment floating on the sea surface can
also be a perfect tracer, facilitating the extraction of SSC by feature tracking.

Taking the Bohai Sea (BS) as an example, the seasonal mean SSC was derived by the
TRMCC, based on TSM images from 2021 to 2023, and the results can be seen in Figure 9.
Due to the dominant southeast and northwest winds in the summer and winter, it can be
seen that in the Bohai Strait, the SSC flows from the Yellow Sea (YS) to the BS in summer
and the opposite in winter, with a mean velocity of around 30 cm/s. SSCs around the
Yellow River Estuary show a consistent outward diffusion pattern in every season due to
the runoff of the Yellow River and its convergence into the Laizhou Bay in autumn, under
the influence of the north wind. The number of valid vectors reach up to around 500 for
each season in the inner Bohai Sea, where the water is rich in sediment. But the number is
generally lower in summer due to a higher rate of cloud cover.
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Figure 9. Seasonal mean SSC from 2021 to 2023 in the Bohai Sea, derived from TSM images, overlayed
with valid vector data count. (a) Spring. (b) Summer. (c¢) Autumn. (d) Winter.

3.4. Fine-Scale SSC Diurnal Variation in Yangtze River Estuary

Another example of TRMCC'’s ability to retrieve high-resolution SSCs is given in
Figure 10. The hydrological condition in the YRE is very complex under the joint influence
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of runoff, tidal current, wind and human activities [34], making it hard to accurately
retrieve SSCs. Since in situ measurement methods, such as buoys and ADCP, have a
limited observation range, previous research that studies SSCs in the YRE generally utilize
a numerical model that requires reliable boundary conditions and initial fields [63,64].
Therefore, by applying the TRMCC to GOCI-II TSM images, we retrieved the SSC in the
YRE via satellite images, for the first time. Since the nature of the TRMCC is feature-
tracking, surface flow trajectories can be observed in the Lagrange method rather than
using a fixed-point observation, such as fixed-buoy, as in the Euler method. Firstly, the
tidal height in the YRE was simulated by a tide model and compared with the tidal height
observed by three tide-gauge stations; the result can be seen in Figure 10b. The simulated
tidal height agrees well with the observed data, and based on these, the trajectories consist
of nine consequential vectors in various locations of the YRE, as shown in Figure 10a. Each
vector was colored in red (flood period) and blue (ebb period), according to local tidal
phase, and the SSC characteristics in the YRE can be vividly depicted.
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Figure 10. (a) SSC trajectories in YRE from 8:00 to 17:00 (UTC + 8) on 6 June 2021. The color of the
trajectories represents the concurrent tidal phase: red and blue represent the flood and ebb periods,
respectively. Stars represents the location of tide-gauge stations. (b) Tidal height in the YRE on 6 June
2021. The black line represents average tidal height simulated by tide model; blue, red, and green
lines represent tidal height measured by the Sheshan, Chongming, and Zhongjun tide-gauge stations.
Red and blue backgrounds represent the flood and ebb period determined by simulated tidal height.

It is indicated in Figure 10a that the SSCs have shown a rotational flow style, with an
elliptical trajectory in the outer estuary, gradually transforming into a reciprocal flow style.
Moreover, since the observation time of GOCI-II encompassed half of a tide period in the
YRE, the responding mechanism between SSCs and the tide can also be interpreted based
on these trajectories. In the inner estuary, from 8:00 to 11:00, the northwesterly current
that flows into the YRE slowly decelerates and turns to the southeast, flowing to the outer
sea; although the tidal current already began ebbing at 9:00, it takes 2 h for the actual SSC
to change its direction. From 11:00 to 15:00, a southeasterly current gradually accelerates
during the ebb phase and keeps accelerating from 15:00 to 17:00, when the tide begins to
rise. Overall, the current in the estuary that is strongly influenced by runoff often stalls in
response to the variation in the tidal current, while in the outer estuary, where the water is
deeper, tidal variation mostly influences the current direction instead of its velocity. Over
the whole observation period, the current direction gradually changes from northwest
to southeast.
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4. Discussion

In this study, an improved MCC workflow, called TRMCC, is proposed. By assim-
ilating tidal current data, adaptive reference window size, and the masked normalized
cross-correlation technique, TRMCC is able to retrieve high-resolution SSCs in the coastal
sea area with a good accuracy, providing a new insight for SSC estimation in coastal areas.
The performance of TRMCC was thoroughly examined by cross-comparison with SSC data
obtained by multiple methods in various spatial and temporal scales. On a long timescale,
TRMCC retains a high accuracy in a total of 10,721 data-pairs from 14 buoys located in the
Korean seas and the YRE, with an average AME of 0.51 and AAE of 32.58°, on average
(Tables 1 and 2). Surface current systems such as the Kuroshio Current, the East Korea Warm
Current, and the Korean Coastal Current can be depicted with a higher accuracy than that of
the CMEMS product (Figures 5 and 6), and the seasonal pattern of SSCs were analyzed in the
Bohai Sea (Figure 9). On a short timescale, TRMCC is capable of revealing SSC trajectories
in a shallow estuary like the YRE during GOCI-II's observation time (Figure 10), The SSCs’
response to tidal currents can also be analyzed by combining SSC results and simulated tidal
height. In general, TRMCC exhibits a promising result for SSC estimation in coastal seas and
estuaries, but room for improvement still exists in various aspects.

This study utilized multiple SSC data to investigate the accuracy of TRMCC in various
spatial-temporal scales; however, the discrepancy between various SSC data can potentially
influence the cross-comparison results. For example, different SSC measurements represent
currents at different depths. Buoys measure currents at the ocean surface; SSCs from
different numerical datasets may differ in depth, e.g., 0-30 m for OSCAR (Ocean Surface
Current Analysis Real-Time), 5 m for SODA (Simple Ocean Data Assimilation), and 0.5 m
for the CMEMS product used in this study. The equivalent integration depth of HF radar
depends on the wavelength, according to the Bragg scattering theory [65], but the HF radar
data in this study mainly represent currents within 0.44-1.44 m. Ocean color data can
only reflect current information from the surface to the optical depth [38], which depends
on the optical properties of the water, including absorption and scattering. Moreover, in
order to quantitatively compare different SSC data, we resampled them into the same
spatial resolution (as shown in Figure 8), despite the huge differences among them. Other
influencing factors, such as wind, ocean waves, attenuation of radar signals, etc., are not
considered in this study.

In the process of tide-restriction, the equation to calculate the angular difference ¢
using the tidal current magnitude was determined by statistical analysis, ensuring that 99%
of the genuine current can be covered in the angular restriction range. The results show
that tide-restriction significantly improves the accuracy of SSC estimation in coastal seas,
especially in the tide-dominated YRE, where AME was improved by 21.7% and AAE by
52.2%, on average. Tidal current data were independently pre-generated by the FES2014
tide model, facilitating the process of the TRMCC workflow. However, although FES2014
has a proven accuracy in coastal seas due to its high horizontal resolution and fine shoreline
grid, for estuaries with more complex land boundaries, errors still exist in simulated tidal
currents. Therefore, in these areas, the regional tidal models which can produce more
accurate tide data can be considered to replace FES2014 in the TRMCC workflow.

From SSC estimation methods, previous studies have shown that erroneous vectors
exist in the SSCs derived, which can be identified and eliminated by applying additional
filter methods such as the reciprocal filter [50] and the nearest neighbor filter [12,66]. More-
over, the performance of derived SSCs can be further improved by applying optimization
method such as optimal interpolation (OI) [32,67]. Since our research mainly focus on
exploiting the potential of integrating tidal currents into the process of SSC estimation,
these filtering and reconstructing methods are not considered in this study.

186



Remote Sens. 2025, 17, 874

When it comes to the selection of tracer images, GOCI-II can be the perfect candidate
due to its temporal resolution time of one hour, its spatial resolution of 250 m, and its
capability to acquire 10 images per day. But apart from GOCI-II, TRMCC'’s application for
other satellite images is not yet tested. Satellites with a better temporal resolution, such
as Himawari-8 (20 min) and GF-4 (up to 20 s), can further reduce the influence caused by
the vertical exchange and mixing of surface tracers, thus providing a better SSC estimation.
Moreover, as a sensor running in the geostationary orbit, GOCI-II's observation range is
limited to the western Pacific. In other regions, as long as two images have a short time
interval, such as MODIS and VIIRS [12], Landsat 8 and Sentinel 2 [23], two different bands
of Sentinel-2 that have an inter-band time lag [27], can also be selected as tracer images.
Furthermore, tracer images are not limited to ocean color data, which can be influenced
by cloud cover. As Liu et al. [32] pointed out, the valid data percentage of the ocean color
product obtained by GOCl is only around 15~40%; this deficiency in data volume caused
by cloud cover may compromise the authenticity of long-term SSC observation results.
Therefore, applying TRMCC on other tracer data that is not affected by cloud cover, such
as SAR images [68], model simulated sea surface temperature data [67], etc., can be a
potential solution.

The SSC is an important physical property for understanding material exchange,
biogeochemical processes, and ocean—atmosphere interactions in estuaries and coastal areas.
Conventional methods for deriving coastal SSCs have their own limitations, such as in situ
observation methods, e.g., fixed-buoy and ADCP have limited observation ranges, satellite
altimeters are unreliable due to waveform contamination, and numerical models require
complex boundary conditions and initial fields. Deriving SSCs from sequential ocean color
images offers a new approach that offers lower computational costs and higher timeliness.
Previous studies that utilized ocean color images, such as Chl-a, TSM, and R;s obtained by
GOCI, VIIRS, and AVHRR, to derive SSCs rarely involved estuary and coastal areas, due to
obstacles posed by intricate land boundaries and complex dynamic environments.

5. Conclusions

In this study, we propose a novel SSC estimation method, called TRMCC, that can
overcome the aforementioned obstacles and implemented it on ocean color data obtained
from GOCI-IL. Validation using in situ current data obtained from 14 buoys located in
different water areas from 2021 to 2023 showed that TRMCC is capable of deriving high-
accuracy SSCs, even in turbid coastal areas, with an average AME of 0.51 and an AAE of
32.58°. Additionally, it was shown that estimation accuracy can be significantly improved
by integrating tidal current data into the MCC process. Cross-comparisons were made
between TRMCC results, HF radar observations, CMEMS numerical model products, and
buoy observations, showing that both large-scale surface circulation patterns and fine-scale
current structures can be extracted by TRMCC. Seasonal SSC structures in the Bohai Sea
and diurnal SSC variation in the YRE were depicted via satellite methods, for the first time.
By combining hourly ocean color data from GOCI-II, TRMCC can provide new insights into
studying sea surface currents in highly turbid water areas with intricate land boundaries,
expanding our understanding of complex physical processes in these regions.
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Abstract: Since 2007, Ulva prolifera (U. prolifera) originating in northern Jiangsu (N]J) has consistently
expanded to the southern coast of the Shandong Peninsula. However, the underlying reasons for
the 2007 sudden bloom of U. prolifera on a large scale remain unknown. This study uses remote
sensing data from MODIS/AQUA spanning the period 2003-2022 to investigate the sea surface
temperature (SST) structure changes in the southern Yellow Sea (SYS) over the past 20 years. The
results demonstrate the following. (1) Since 2007, the NJ northward current and the Yangtze estuary
warm current have exhibited higher temperatures, earlier northward intrusions, and larger influence
areas, leading to a faster warming rate in NJ before mid-May. This rapid increase in SST to a level
suitable for early U. prolifera growth triggers large-scale blooms. (2) The change in temperature
structure is primarily induced by a prolonged and intense La Nifa event in 2007-2008. However,
since 2016, under stable global climate conditions, the temperature structure of the SYS has returned
to the pre-2007 state, corresponding to a decrease in the scale of U. prolifera blooms.

Keywords: Ulva prolifera; sea surface temperature; Northern Jiangsu northward current; warm
current across the Yangtze River Estuary; MODIS/ AQUA

1. Introduction

The green tide has emerged as a significant marine disaster impacting coastal regions
worldwide. Investigating the underlying mechanisms contributing to its onset holds
crucial practical implications for predicting and mitigating large-scale disasters. Since
2007, the proliferation of Enteromorpha in the western region of the southern Yellow Sea
(SYS) has resulted in large-scale blooms. This phenomenon has had severe impacts on
coastal fisheries and tourism in Jiangsu and Shandong provinces, making it one of the
most severe marine disasters in China. The tongue-shaped topography (Figure 1, yellow
dashed square) off the coast of northern Jiangsu (N]) is characterized by extensive shallow
waters (particularly the NJ shallow, with depths of less than 20 m), located between the
abandoned Yellow River Estuary and the Yangtze Estuary where radial sand ridges spread,
creating a significant breeding base for Porphyra yezoensis. Previous studies using remote
sensing monitoring and homology analysis have indicated that Enteromorpha blooms in
the SYS predominantly originate along the Porphyra aquaculture rafts coast of Jiangsu
province [1-3]. Morphological and molecular analyses have revealed five to seven species
of attached algae from Enteromorpha, including Ulva Prolifera (U. Prolifera), Ulva linza, Ulva
compressa, Ulva intestinalis, Ulva flexuosa, and Ulva clathrata [4,5]. The dominant species
responsible for these blooms is U. prolifera [6,7].
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The occurrence of green tide events closely relates to multiple factors [8] including
sea surface temperature (SST), nutrient concentrations, and light intensity. In previous
research, the primary focus has been the overall oceanographic conditions and their impact
on U. prolifera within a single year or a relatively short timescale in the SYS [9-14]. Despite
the eutrophication status of the SYS, the nutrient concentration remains sufficient for
U. prolifera to bloom, despite reduced nutrient levels in springtime [15-17]. Analysis of
local aquaculture and environmental data strongly suggests that the U. prolifera in both the
SYS and East China Sea, including massive blooms in the summers of 2008 and 2009, is
unlikely to be solely caused by coastal eutrophication [3,15,18]. Therefore, a suitable SST
has emerged as the critical factor in the large-scale bloom of U. prolifera, with temperatures
of 15-25 °C being most favorable for its growth [19]. Laboratory studies have demonstrated
that the early growth of U. prolifera is more substantial than in other species when the SST
reaches 10-20 °C [20]. As for chlorophyll-a concentration, this has a negative correlation
with the occurrence of U. prolifera in the SYS [21]. Furthermore, the prevailing southeast
summer monsoon in the SYS acts as the primary driving force for the northward drift and
diffusion of U. prolifera [3,22,23]. Hu et al. established a robust relationship to link biomass
per area to the reflectance-based floating algae index (FAI) [24]. Since 2007, U. prolifera has
originated near the NJ shallow from April to May each year, drifting northward to reach
its maximum coverage and distribution area in June. Subsequently, the bloom gradually
diminishes from July to August along the southern coast of the Shandong Peninsula.

Existing studies have overlooked the relationship between long-term changes in SST
structure and the occurrence of U. prolifera blooms. Although U. prolifera was observed
almost every year from 2000-2009, the extent of its coverage before 2008 was considerably
smaller than in 2008 and 2009 [18], and there are notable interannual variations in its
occurrence. The reasons for the 2007 sudden large-scale blooms have not been thoroughly
investigated. Therefore, investigating the underlying mechanisms contributing to its onset
holds crucial practical implications for predicting and mitigating large-scale disasters. Our
research suggests that, since 2007, U. prolifera has originated in NJ during April and May,
leading to widespread northward dispersion driven by wind drift and the increasing SST
in the SYS [25]. To further explore these changes, remote sensing data from MODIS/AQUA
spanning the period from 2003-2022 are used to compare the SST structure before and
since 2007. By conducting correlation analyses between SST and the coverage area of
U. prolifera, this study investigates the effects of temperature structure changes influenced
by the current system on the sudden bloom of U. prolifera and its intensity.

2. Geological Setting

The study area (Figure 1) is a typical plain siltation coast. In the central and northern
expanses of the SYS, the sea plain is wide and shallow, producing a gently contoured
sector. This zone is a stable accumulation landform, marked by sediments of a notably fine
granularity [26]. The central and southern sectors of the western coastline of the SYS are
distinguished by an array of emanating tidal sand ridges, colloquially referred to as the NJ
shallow, which extend across an aggregate area of roughly 35,000 square kilometers.
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Figure 1. Schematic map of the study area. The black single-arrow dashed curves depict the primary
flow paths, as primarily determined by previous studies [27-29] and the temperature structure
in Chapter 4.2. The red and blue squares indicate the characteristic regions associated with each
respective current. The yellow dashed square is the tongue-shaped topography area where Ulva
prolifera (U. prolifera) originates. The visual representation is rendered using the Surfer16 software.

In the western region of the SYS, where U. prolifera blooms occur, there is a marked
coastal current. Traditionally, it was believed that the Yellow Sea coastal current (YSCC)
originated near Haizhou Bay and flowed southward to the north of the Yangtze River
Estuary. The YSCC is formed by the runoff from the Guan River and Sheyang River in NJ,
which mixes with coastal seawater. The SST in this region is approximately 28 °C, and the
salinity ranges from 28-29 psu [30,31]. However, recent studies based on Argo data and
numerical simulations suggest that the YSCC exhibits a northward flow during the summer
months, specifically along the NJ northward current (NJNC) region. This northward current
aligns with the drift path of U. prolifera from the NJ shallow to the southern coast of the
Shandong Peninsula [32,33]. Furthermore, preliminary research indicates that the warm
current across the Yangtze River Estuary (YEWC), of which the Taiwan warm current is the
main component, influences the SST of the SYS during summer [25].

3. Materials and Methods
3.1. Materials

The remote sensing data used in this research consist of SST Level 2 data obtained
from the MODIS/AQUA satellite. These data were acquired through NASA’s Ocean-
Color Web platform (https:/ /oceancolor.gsfc.nasa.gov/, Accessed on 17 October 2022) and
were made available with the support of the Ocean Biology Processing Group (OBPG)
at NASA’s Goddard Space Flight Center. The SST data exhibit a temporal resolution
of 1 day and a spatial resolution of 1 km. To assess the reliability and accuracy of the
measurements, each pixel in the data was assigned a numeric quality level: 0-BEST,
1-GOOD, 2-QUESTIONABLE, 3-BAD, and 4-NOT PROCESSED.

The nutrient concentrations were taken from the Global Ocean Biogeochemistry Anal-
ysis and Forecast (GOBAF) dataset, provided by the EU Copernicus Marine Service In-
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formation (https:/ /doi.org/10.48670/moi-00015, Accessed on 15 September 2023). This
dataset has a temporal resolution of 1 day and a spatial resolution of 0.25°.

The in-situ SST data used in this study were obtained from multiple sources and
were collected using conductivity—temperature—depth measurements with Sea-bird911
instruments. These measurements were taken at depths ranging from 0-5 m. Specifically,
a total of 677 in-situ data points were obtained in the SYS region from 2006-2019, as
illustrated in Figure 2a.

The supplementary data pertaining to the impacts of U. prolifera in this paper were
sourced from the Bulletin of China Marine Disaster (BCMD) [9,34,35]. The BCMD is an official
publication issued annually by the Ministry of Natural Resources of the People’s Republic
of China, typically released in March or April each year. It provides comprehensive and
detailed records of various aspects related to U. prolifera blooms, including the earliest
discovery location, maximum distribution date and area (MDA), maximum coverage date
and area (MCA), and other relevant parameters. Prior to 2021, the MDA and MCA metrics
were identified and monitored using satellite imagery with a resolution of 250 meters.
From 2021 onwards, these parameters have been tracked using satellite imagery with
an enhanced resolution of 50 meters. These records have been consistently documented
since 2009. Additionally, this study references pertinent information from the Green Tide
Remote Sensing Monitoring Bulletin, published by the National Satellite Marine Application
Centre [36].
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Figure 2. (a) Distribution of in-situ data survey stations. (b) Correlation analysis between the sea
surface temperature (SST) derived from MODIS/AQUA satellite imagery and in-situ data. (c) Corre-
lation analysis between the suspended sediment concentration (SSC) derived from MODIS/AQUA
satellite imagery and in-situ data. (d) Standardized calculation for the classification of the U. prolifera.
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3.2. Methods

The MODIS/AQUA remote sensing data used in this study were subjected to a
series of preprocessing and inversion procedures, involving both data formatting and the
utilization of in-situ data for calibration. Poor quality data points (indicated by a quality
level greater than 2) were excluded. The inversion process primarily relies on establishing
a correlation between the values obtained from in-situ data and the corresponding remote
sensing data. By comparing the time, longitude, and latitude of the survey stations, this
study identified matching points in the remote sensing data that align with the same time
and location, allowing for the retrieval of the corresponding values. This study collected
data from a total of 677 in-situ data stations spanning the period from 2006-2019. Among
these, 222 stations were successfully matched to the remote sensing data, resulting in the
acquisition of 540 valid remote sensing values. When identifying matching points, the
observed remote sensing data for the day were used within a circular area with a 1 km
radius around the corresponding in-situ station. The high coefficient of the SST inversion
formula (Table 1, Equation (1)) determination (R?) of 0.9722, as shown in Figure 2b, signifies
a strong correlation between the in-situ data and the MODIS/AQUA data.

Table 1. Methods and formulas.

Datasets Methods Formulas Parameters Remarks
Obtained the spatial
Inversion SST = 0.942 « SSTp10p1s + 0.7508 patterq of SST during
1) U. prolifera
bloom events.
X is the SST of a
specific pixel in Obtained the speed
Warming rate WR = (XTX) “lxry different time of SST changes over
& (WR) ) periods; t is the different
<@ different time time periods.
periods.
MODIS/AQUA data
Inversion of the Highlighted the
- difference in SST
suspended WRA = WRmid—May to late—June changes between the
sediment 7WRearly7April to mid—May oriein and outbreak
concentration 3) stage of the U
(550) prolifera event.
Obtained the SSC
The monthly mean 1094+ ( Rroass Rrsygg and Rrssss are value and its spatial
i SSC =252%10%° %xe *(R'5555) .
value of nutrient - 488 nm and 555 nm pattern during U.
concentrations (4) [37,38] bands, respectively. prolifera
bloom events.
Obtained nutrient
concentrations
including the mole
The monthly mean concentrations of
GOBAF dataset value of nutrient / K
concentrations nitrate (NO),
phosphate (POy), and
silicate (Si)
in seawater.
S represents the
standardized value;
. X represents the
Standardized
Bulletin of China Marine calculation for the S=X-X g/éiﬁd? ' Ie\/;liir:/;l%e
Disaster (BCMD) classification of the (5) y }’1
U. prolifera represents the mean
P value of the MCA or
MDA from
2008-2022.

195



Remote Sens. 2024, 16, 4407

Table 1. Cont.

Datasets Methods Parameters Remarks
Xis the SST of a Obtained the spatial
specific pixel and pattern of the
: . PPMCC between SST

time period, but from

Pearson different years; Y is and the coverage area

- Y xiyi— (S %) (S, vi ! . j
/ product-moment ny vy (0 ) (S vi) the coverage area of of U. prolifera and

correlation coefficient
(PPMCCQ)

) v (T i)
©)

U. prolifera for the
same time period, but
from different years
(within 2010-2019)

assessed the extent to
which SST impacts U.
prolifera in different
periods

and locations.

To obtain the spatial pattern of SST during U. prolifera bloom events (from April to
August), the inverted SST data were processed using a 10-day average. However, for
months containing 31 days, the average for the 11th day was used as the late average for
that month. This approach allows for the characterization of the SST spatial patterns in the
early, middle, and late periods of each month.

Additionally, the SST for different time series was calculated using the least-squares
method to analyze the SST warming rate (WR) (Table 1, Equation (2)). To further ana-
lyze the WR difference between different time periods, the WR anomaly (WRA) (Table 1,
Equation (3)) was computed by subtracting the WR of the early April to mid-May period
(the origin stage of the U. prolifera event) from the WR of the mid-May to late June period
(the outbreak stage of the U. prolifera event). To assess the extent to which the SST impacts
U. prolifera in different periods and locations, the spatial pattern of the Pearson product-
moment correlation coefficient (PPMCC) (Table 1, Equation (5)) between the SST and the
coverage area of U. prolifera was derived using MODIS/AQUA data and the coverage area
data from 2010-2019 [36].

In addition, previous studies [37,38] have demonstrated that the suspended sediment
concentration (SSC) can be estimated using the 488 nm (Rrssgg) and 555 nm (Rrsss5) bands
of MODIS/AQUA satellite data. This study collected data from a total of 289 in-situ data
stations spanning the period from 2006-2019. Among these, 46 stations were successfully
matched to the remote sensing data, resulting in the acquisition of 77 valid remote sensing
values. The R? of the SSC inversion formula reaches 0.7250, as shown in Figure 2c. The
nutrient concentrations considered in this study include the mole concentrations of nitrate
(NO3), phosphate (POy), and silicate (Si) in seawater. The data span the period 2003-2020,
and the monthly mean values for the study area were calculated. The processing of all
nutrient concentration datasets was conducted using MATLAB/2023a.

4. Results
4.1. Impact Factors: Nutrient Concentration, SSC, and SST
4.1.1. Nutrient Concentration and SSC

By processing the GOBAF dataset and inverting the SSC, the monthly spatial averages
for the study area were derived (Figure 3). From April to June, the nutrient concentrations
remain relatively consistent both before and since the years 2007-2008. The mean and
standard deviation (x =+ s) before and since 2007 are presented in Table 2. There are only
minor changes in nutrient concentrations during these years (Figure 3, blue box). The most
substantial alteration pertains to the concentration of POy in the month of June, which
increases by 45.28%. Following this increase, the PPMCC between the concentration of POy
and the MCA of U. prolifera reaches a value of 0.19.

Turbidity refers to the degree of cloudiness or haziness in water caused by suspended
particles, which directly influences the availability of light to U. prolifera and subsequently
impacts its growth [25]. In the study area, the average SSC values for June in the years
2007-2008 are lower than in other periods (Figure 3). However, there is an increasing
trend in SSC both before and since 2007-2008. This enhanced turbidity could potentially
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attenuate the sunlight intensity, thereby limiting the growth of U. prolifera. The PPMCC
values between the SSC for April, May, and June and the MCA of U. prolifera in different
years are —0.05, —0.16, and —0.05, respectively.

Table 2. Statistics of nutrient concentration.

NOj3 * POy * Si*
(mmol/m3) (mmol/m3) (mmol/m3)
April 2003-2006 5.73 +£0.31 0.0093 4 0.0023 12.43 +0.58
p 2007-2020 5.64 +0.48 0.0093 4 0.0024 12.91 +0.63
Ma 2003-2006 7.63 +0.72 0.0059 4 0.0009 12.61 +0.61
y 2007-2020 757 +0.71 0.0058 4= 0.0014 13.22 +0.76
Jun 2003-2006 9.73 £0.57 0.0053 4+ 0.0012 13.20 +0.42
une 2007-2020 9.53 + 0.95 0.0077 +0.0018 13.50 + 0.86

* (x = 5): x represents the mean value and s represents the standard deviation.

NO, PO,
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Figure 3. Diagram illustrating nutrient concentration and Suspended Sediment Concentration (SSC)
from different months. Blue box indicates the period of the sudden large-scale bloom of U. prolifera in
2007-2008. (a) April. (b) May. (c) June.

4.1.2. SST

Following the processing of MODIS/AQUA data, the inversion of the SST, and the
computation of PPMCC values, the spatial patterns of PPMCC between SST and U. prolifera
in different time periods were derived (Figure 4). Prior to early May, U. prolifera occurrences
are sporadic, making it challenging to calculate its coverage area accurately. By mid-May,
the scale of U. prolifera starts to become more pronounced, although the PPMCC values
for its coverage area are consistently negative. However, a certain positive correlation is
observed in the area influenced by the YEWC. In late May, the PPMCC values increase
markedly, particularly in the western SYS, reaching 0.5 in most areas. Coastal regions in
NJ and the NJNC area, where U. prolifera originates, exhibit PPMCC values exceeding
0.75. By early June, there is a positive correlation between SST and the coverage area of
U. prolifera throughout the SYS. However, from mid-June to late June, when U. prolifera
generally reaches its MCA, the overall PPMCC values drop below 0.5. The maximum
PPMCC value in the central SYS during this period is 0.618. In July, U. prolifera gradually
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disappears from the southern coast of the Shandong Peninsula, resulting in a predominantly
negative correlation with SST. Therefore, from mid-May to late May, the YEWC and the
NJNC contribute to the warming of the source area of U. prolifera, creating favorable SST
conditions for its early growth.
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Figure 4. Spatial pattern of the Pearson product-moment correlation coefficient (PPMCC) between
SST and the coverage area of U. prolifera from mid-May to late July.

4.2. SST Structure Derived from MODIS/AQUA
4.2.1. SST Structure Changes Before and Since 2007

Based on the processing of MODIS/AQUA data and the inversion of the SST, it is
possible to derive the spatial pattern of the mean SST structure for different time periods
(Figure 5), specifically 2003-2006 and 2007-2022. The main current systems in the SYS (black
single-arrow dashed curves in Figure 1) were primarily determined based on previous
studies [27-29] and the temperature structure (Figure 5). This study does not consider the
SST in August as it exceeds the suitable temperature range for the growth of U. prolifera in
the entire SYS region.

Figure 5 indicates that the SST structure in the SYS is primarily influenced by the
YEWC, NJNC, YSCC, and Yellow Sea warm current (YSWC). From 2003-2006, the mid-
dle region of the SYS is strongly influenced by the YSCC, which hinders the northward
extension of the YEWC and the NJNC from early April to early May. However, from
mid-May onward, as the YSCC and YSWC weaken, the southeast extension of the YSCC
retreats toward the coastline. Consequently, the influence of the YEWC and NJNC increases
markedly, leading to a rapid warming of the overall SYS, with temperatures exceeding
15 °C. During this period, the YEWC mainly extends northwestward in the northern region
of the Yangtze River Estuary. Additionally, the north-east branch (NEB) of the YEWC
emerges following the intensification of the Yangtze River Plume in summer [39]. By early
June, the YSCC has dissipated, and the SST in the SYS is primarily governed by the NJNC
and YEWC. Notably, the influence area of the NJNC gradually extends northward, reaching
36°N by mid-July.

In the period from 2007-2022, the SST during all periods is higher than in the period
2003-2006 (Figure 5). NJNC experiences a notable enhancement in this period, reaching as
far north as 36°N in early April. The retraction of the YSWC and YSCC toward the shore
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occurs earlier, specifically in early May, weakening their blocking effect on the northward
intrusion of YEWC and allowing for its enhanced northwestward extension. From June to
July, the YSCC disappears, and the SST in the SYS is primarily influenced by the NJNC and
YEWGC, similar to the conditions observed during the 2003-2006 period. Additionally, there
has been a notable change in the path of the YSCC since 2007, with the main axis shifting
eastward. This corresponds to the strengthening of the NJNC, further influencing the SST
distribution in April.
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Figure 5. Spatial pattern of SST structure in the Southern Yellow Sea (SYS) from April-July. The
black single-arrow dashed curves represent the primary current paths within the SST structure
spatial pattern.

The results demonstrate the differences in the SST structure of the SYS from 2003-2006
and from 2007-2022. Following 2007, the increased YEWC and NJNC, characterized by
an earlier northward invasion and larger impact area, contribute to a rapid expansion of
the U. prolifera source area in NJ before mid-May. This region experiences suitable SST
conditions for the early development and rapid growth of U. prolifera, acting as the key
trigger for its large-scale bloom.

4.2.2. Changes in Different U. prolifera Bloom Cases

Initially, both the MCA and MDA were subjected to standardized calculations, fol-
lowed by the application of quadrant segmentation to the functions derived from the MCA
and MDA (Figure 2c). The standardized value was calculated using Equation (5) in Table 1.

The U. prolifera event exhibits notable interannual variations in bloom time and scale,
which can be attributed to environmental changes and human interventions [40]. Thus, it is
imperative to classify the intensity of the U. prolifera blooms. It is evident that 2009 and 2021
fall within the first quadrant, characterized by substantial-scale blooms. Correspondingly,
in the fourth quadrant, two points with the maximum distance from the two points in the
first quadrant, i.e., the points exhibiting the highest dissimilarity, can be identified, i.e., 2012
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and 2020 are characterized by minor-scale blooms. Therefore, three typical bloom cases are
delineated (Table 3), including the years devoid of U. prolifera occurrences from 2003-2006.

Table 3. Typical bloom cases of U. prolifera.

Case 1: Case 2: Minor-Scale Case 3: Substantial-Scale
No UL proli fera (MDA TIs Less Than 20,000 km? (MDA Is Greater Than 50,000 km?
P and MCA Is Less Than 500 km?)  and MCA Is Greater Than 1500 km?)
2003-2006 2012, 2020 2009, 2021

Based on the average values during the same time periods across years within the
same case, the spatial patterns of WR from early April to mid-May and from mid-May to
late June of different U. prolifera bloom cases are obtained (Figure 6). During the early April
to mid-May period, the WRs of the three typical bloom cases exhibit higher values near
the coast than in the open sea, primarily influenced by the YSCC. The YEWC and NJNC
also display high WR values. However, from mid-May to late June, the WR near the coast
becomes lower than that in the open sea.
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Figure 6. Spatial pattern of SST structure characteristics. Case 1: Period from 2003-2006, characterized
by the absence of U. prolifera blooms. Case 2: The years of 2012 and 2020, characterized by small-scale
blooms of U. prolifera. Case 3: The years of 2009 and 2021, characterized by large-scale blooms of
U. prolifera. The warming rate anomaly (WRA) is calculated by subtracting the warming rate (WR)
index from early April to mid-May from that of mid-May to late June for each respective case.

Notably, there is a difference in WR before and after mid-May when comparing Case 1
with Case 2 and Case 3. Therefore, the WRA is calculated in the different areas. Affected by
the YEWC and NJNC, Case 1 exhibits a small positive anomaly. In contrast, Case 2 and
Case 3 display clear negative anomalies, particularly Case 2, where the anomaly exceeds
—0.5°C/10 d at the Yangtze River estuary and the NJ shallow.

However, when calculating the SST WR, the initial SST (in early April) influences the
results. For Case 2, despite having a smaller scale U. prolifera bloom than Case 3, the WR is
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higher before mid-May. Moreover, the area over which WR exceeds 1.5 °C/10 d extends
northward to the southern coast of the Shandong Peninsula, rather than being limited
to the NJ shallow. Previous studies have shown that early development of U. prolifera is
initiated when SST reaches 10 °C and large-scale reproduction occurs when SST reaches
15 °C [19]. From the spatial patterns of the time when SST reaches 10 °C and 15 °C for each
case (Figure 6), it is evident that SST reaches 10 °C notably earlier in Case 3 than in Case 1
and Case 2. At the time when SST reaches 10 °C, both the YSCC and YSWC play marked
roles. For Case 1, in particular, the influence area of the YSCC is between 35°N and 36°N,
closer to the shore than in Case 2 and Case 3, resulting in a stronger effect. In contrast, the
NJNC only exhibits a noticeable influence area in Case 2 and Case 3. The SST reaches 15 °C
at similar times in Case 2 and Case 3, and is notably earlier than in Case 1.

4.2.3. Multi-Year SST Along the Main Current Systems

To investigate the timing and causes of these SST structure changes, square areas
with a spatial resolution of 0.5° x 0.5° were selected along the main axes of YEWC, NEB,
NJNC, and YSCC (Figures 1 and 5, and Table 4). This study investigated the annual
distribution of SST structures and the influence extents of current systems since 2003. This
was undertaken to ensure that the selected regions effectively encapsulate the distinctive
variations characterizing each current system. By calculating the WRA from early April
to mid-May and from mid-May to late June, we obtained a measure of the WR difference
during these two time intervals (Figure 7).
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Figure 7. Black curve represents the continuous change in the three-month moving average of
the NINO3.4 index from 2003-2022, which is an indicator of El Nifio-Southern Oscillation (ENSO)
activity.
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Green curve represents the maximum coverage area (MCA) of U. prolifera, indicating the extent of U.
prolifera blooms. Other curves represent the WRA from early April to mid-May and from mid-May
to late June of each year, respectively, as calculated using (3). Blue box indicates an El Nifio event, red
box indicates a La Nina event.

Table 4. Square area of the main axis of the current system.

Current System Latitude Range (°N)  Longitude Range (°E)
Warm current across the Yangtze River
estuary (YEWC) 30.5-31 123-123.5
Northeast branch (NEB) of YEWC 32.5-33 123-123.5
Northern Jiangsu northward current (NJNC) 33.5-34 121-121.5
Yellow Sea coastal current (YSCC) 33-33.5 122.2-122.7

According to the curves in Figure 7, the WRA values for all current systems undergo a
transition from positive to negative during 2007-2008 (gray box in Figure 7). The WRA of
the YEWC exhibits a marked change around 2007-2008. Prior to 2008, the SST warms up
faster from mid-May to late June (indicating a higher WR). However, after 2008, there is a
shift, and the SST starts warming faster from early April to mid-May. This change suggests
that, since 2008, the YEWC has contributed to an overall earlier increase in SST in the SYS
region. The WRA of the NEB also changes from positive to negative in 2008, indicating
a shift in the WR. After 2008, the WR becomes higher from early April to mid-May. This
suggests that, although the spatial appearance of NEB is influenced by the intensification
of the Yangtze River Plume in June [39], its SST structure is still primarily influenced by the
main body of the YEWC. In summary, the changes observed in both the YEWC and NEB
indicate that the SST structure in these regions is mainly influenced by the YEWC, with a
notable shift occurring around 2007-2008. Additionally, starting from 2007, the WRA of
the NJNC from early April to mid-May surpasses that from mid-May to late June. This
characteristic remains consistent throughout the period 2007-2018. Both the YEWC and
its NEB experience a resurgence in 2015. Furthermore, the influence area of the NJNC
corresponds to the source region of U. prolifera, directly affecting its early growth. The
WRA changes in the NJNC exhibit a closer correspondence to the MCA than the other
currents. In terms of the YSCC, this generally indicates a higher WR from mid-May to
late June. However, there is a decrease in WRA to a low value in 2008, suggesting that
the YSCC plays a stronger role in slowing WR before mid-May than after mid-May. From
June onward, the YSCC gradually weakens and eventually disappears, making it difficult
to impede the northward intrusion of the YEWC and NJNC. As a result, the overall SYS
experiences a rapid warming in SST.

5. Discussion

While the occurrence of green tide events closely relates to multiple factors [8], previ-
ous studies [15-17] and the results presented above indicate that nutrient concentration
and SSC exhibit a minor variation around 2007-2008 and their correlations with U. prolifera
are negligible in the SYS. Moreover, the significant increase in PO, levels in June primarily
observed since 2010 further supports the conclusion that it was not the cause of the 2007
sudden large-scale bloom of U. prolifera.

Conversely, the intensity of U. prolifera blooms is highly correlated with SST, espe-
cially marked by a discernible shift in 2007-2008. Therefore, in this Chapter, we focus on
discussing the impact of SST on the 2007 sudden large-scale bloom of U. prolifera.

5.1. Response of UL prolifera to SST Variations in the SYS Under Global Changes

Previous studies have indicated that the western Pacific Ocean is particularly suscepti-
ble to La Nifia events, during which the region experiences elevated temperatures [41,42].
In consideration of the potential influence of global warming on the observed upward
trend in SST within the current systems of the SYS over the past two decades, the NINO3.4
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index provides a standardized measure to characterize global changes [43]. The NINO3.4
index represents the regional mean SST anomaly within the NINO3.4 region (170-120°W,
5°5-5°N). Its mean value was calculated based on data collected from 1981-2010. To
identify El Nifio and La Nifia events, the Identification method for El Nino/La Nina events
(GB/T33666-2017, https:/ /openstd.samr.gov.cn/bzgk/gb/index, Accessed on 25 February
2023) was employed [44,45]. According to this method, an El Nifio event is determined
when the 3-month moving average of the NINO3.4 index exceeds 0.5 °C for a minimum
duration of five months. Conversely, a La Nifia event is identified when the 3-month
moving average falls below —0.5 °C. Analyzing the frequency of El Nifio/La Nifa events
since 1982 (Table 5), it is evident that the occurrence of La Nifia events increases sharply
from 0.32 to 0.44 between the years 2007 and 2022.

Table 5. Statistics of El Nifio/La Nina events.

No Events El Nifio La Nifia
(Frequency) (Frequency) (Frequency)
7 10 8
1982-2006 (0.28) (0.40) (0.32)
4 5 7
2007-2022 (0.25) (0.31) (0.44)

On a larger timescale, the two notable temperature structure variations that occurred
after 2007 are closely associated with El Nifio/La Nifia events, specifically during the
periods 2007-2011 and 2015-2016 (Figure 7). In the 2007-2011 period, the NINO3.4 index
exhibits substantial fluctuations, with a notably high occurrence of strong events, leading
to prolonged global climate impacts [44]. In particular, the occurrence of the exceptional
La Nifa event in 2008 corresponds to changes in the SST structure within the SYS during
2007-2008. This event corresponds to the rapid warming stage of each current system
shifting from after mid-May to before mid-May. Between 2012 and 2014, no El Nifio/La
Nifa events were observed, resulting in a renewed elevation of WRA in the NJNC. During
the super El Nifio event in 2015, the WRA of the YEWC and its NEB experienced a
renewed elevation.

Following 2016, the NINO3.4 index exhibits a notable decrease in volatility, and the
frequency of El Nifio/La Nifia events returns to a more typical pattern. Concurrently,
the WRAs within each current system demonstrate an upward trend, resembling the
conditions observed prior to 2007. This trend is particularly evident for the YEWC, its
NEB, and the NJNC. Hence, both the MCA and MDA of U. prolifera display a declining
trend; the exception is the extensive U. prolifera bloom in 2021, which was triggered by a
typhoon in May that led to a large influx of breeding rafts into the open sea [46]. The MCA
notably decreases to less than 510 km?, in contrast to the 2100 km? observed in 2009. This
observation further underscores the impact and role of global changes in U. prolifera events.

5.2. Impact Factors of the 2007 Sudden Bloom of U. prolifera

The cultivation of Porphyra yezoensis along the NJ shallow dates back to the 1990s, with
a sharp increase in its area observed since 2003. This increase creates favorable conditions
for the attachment of U. prolifera to Porphyra yezoensis rafts [7]. However, there were no
notable blooms or large-scale spread observed before 2007. Since its initial discovery in the
waters of the SYS in 2007, U. prolifera has bloomed consecutively for 16 years [8]. The char-
acteristic area parameter known as MCA (Figure 7, green curve), demonstrates substantial
peaks in bloom intensity in the years 2009 and 2021, each exceeding 1000 km?. Notably,
since 2010, the MCA has exhibited a certain periodicity with a cycle of 34 years. While the
U. prolifera biomass has been taken into account [24], it presents some differences from the
bloom intensity as represented by the MCA. However, the available data in this paper are
currently insufficient to facilitate a comprehensive discussion on these discrepancies.
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Nevertheless, the reasons behind the 2007 sudden bloom and subsequent large-scale
blooms in 2008 were previously unexplained. Based on the results and discussion above, the
occurrence of U. prolifera events can be attributed to changes in the temperature structure
within the SYS region under the influence of global climate change. The WRA values
for all current systems undergo a transition from positive to negative during 2007-2008
(gray box in Figure 7). When there are sharp fluctuations in the global climate, particularly
with a high frequency of strong El Nifio/La Nifia events, the SST structure within the SYS
undergoes changes [3,47]. This leads to the early appearance of the YEWC and NJNC,
occurring before mid-May and impacting a wider area. Consequently, the WR accelerates
from early April to mid-May, surpassing the temperature rise observed from mid-May to
late June (Figure 6). These conditions provide a more favorable SST environment for the
initiation and early growth of U. prolifera and are the key factor in the 2007 sudden bloom
of U. prolifera and its subsequent large-scale blooming since 2008.

The intense and prolonged La Nifia event in 2007-2008 obviously influenced the
temperature structure changes [48]. Conversely, when the global climate is relatively stable,
the temperature structure within the SYS tends to return to its pre-2007 state (Figure 7). The
northward intrusion of YEWC and NJNC strengthens after mid-May, which has a negative
impact on the scale of U. prolifera blooms. Both the 2009 and 2021 U. prolifera bloom events
in Case 3 occurred after La Nifia events. Even the strongest El Nifio event in 2015 had
only a minor correlation to the scale of the U. prolifera event. This suggests that large-scale
blooms of U. prolifera are more influenced by La Nifia events, which increase the likelihood
of such blooms occurring. Since the end of 2021, the global climate has been affected by a
prolonged La Nifa event, although its intensity is not as strong as that of the 2007-2008
event (Figure 7). It has triggered large-scale U. prolifera blooms in 2023, with the MCA
of 998 km?, which is the great evidence of the correlation between U. prolifera and global
climate change.

6. Conclusions

Using MODIS/AQUA data and the GOBAF dataset covering the timeframe from
2003-2022, this study has analyzed the impact of SST, nutrient concentration, and SSC
on U. prolifera. By integrating the influence of global changes, an investigation into the
reasons behind the 2007 sudden bloom has been undertaken. The following conclusions
can be drawn.

(1) Nutrient concentration and light intensity have only a minor correlation with U.
prolifera in the SYS, with the maximum PPMCC values being 0.19 and —0.16, respectively.
Instead, the occurrence and intensity of U. prolifera events in the SYS are primarily deter-
mined by the SST structure, as influenced by the current systems. Coastal regions in NJ
and the NJNC area, where U. prolifera originates, exhibit PPMCC values exceeding 0.75.
Due to the limited availability of in-situ data, further studies may require more extensive
discussion of these factors.

(2) Changes in the SST structure serve as a pivotal trigger for the subsequent large-
scale bloom of U. prolifera after 2007. Notable differences in the SST structure in the SYS
exist between the periods 2003-2006 and 2007-2022. During the latter period, there is a
marked increase in the intensity of the YEWC and NJNC. These current systems exhibit
greater magnitudes and earlier northward invasion times, and cover larger areas. As a
result, the WR in the U. prolifera source area accelerates before mid-May, particularly in NJ,
where the SST becomes conducive to the early development and rapid growth of U. prolifera.
Since 2008, the time at which the SST reaches 10 °C, a temperature suitable for U. prolifera
to bloom, has emerged as a critical factor influencing the final scale of U. prolifera events.
The earlier the SST reaches this threshold, the larger the eventual scale of the U. prolifera
bloom tends to be.

(3) Since 2007, the changes in the SST structure in the SYS (where U. prolifera originates)
can be attributed to the impact of global climate change. During the period 20072011,
there were obvious fluctuations in the global climate, characterized by a high frequency of
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intense El Nifio/La Nifia events. In particular, the intense and prolonged La Nifia event
from 2007-2008 resulted in alterations in the SST structure in the SYS. In this context, the
NJNC directly influenced the U. prolifera source area, and its earlier northward intrusion
contributed to the occurrence of U. prolifera events in 2007-2008. Subsequently, from 2016
onwards, the global climate exhibited a trend towards stabilization, and the temperature
structure in the SYS gradually returned to the state observed before 2007. Consequently, the
scale of U. prolifera events decreased during this period. Since the end of 2021, the global
climate has been influenced by a prolonged La Nifa event. Although its intensity is not
as strong as that observed in 2007-2008, it is still triggered large-scale U. prolifera blooms
in 2023, with the MCA of 998 km?2, which is the great evidence of the correlation between
U. prolifera and global climate change.

Author Contributions: Y.P. and P.L. contributed to conception and design of the study. L.X., D.Y. and
Q.F. organized the database. Y.P. and ].S. performed the statistical analysis. Y.P. wrote the first draft of
the manuscript. PL., J.S. and S.L. wrote sections of the manuscript. All authors have read and agreed
to the published version of the manuscript.

Funding: This research was financially supported by the National Natural Science Foundation of
China (grant numbers 42121005) and the Taishan Scholars Project (GXLI). We are also grateful to the
editor and anonymous reviewers for their comments and suggestions that have helped us improve
the final manuscript.

Data Availability Statement: The raw data supporting the conclusions of this article will be made
available by the authors on request.

Acknowledgments: This research was supported by Ocean University of China and First Institute of
Oceanography, MNR. We are also grateful to the editor and anonymous reviewers for their comments
and suggestions that have helped us improve the final manuscript.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1.

10.

11.

12.

Keesing, ] K,; Liu, D.; Fearns, P.; Garcia, R. Inter- and intra-annual patterns of Ulva prolifera green tides in the Yellow Sea during
2007-2009, their origin and relationship to the expansion of coastal seaweed aquaculture in China. Mar. Pollut. Bull. 2011, 62,
1169-1182. [CrossRef] [PubMed]

Li, Y;; Song, W.; Xiao, J.; Wang, Z.; Fu, M.; Zhu, M.; Li, R.; Zhang, X.; Wang, X. Tempo-spatial distribution and species diversity of
green algae micro-propagules in the Yellow Sea during the large-scale green tide development. Harmful Algae 2014, 39, 40-47.
[CrossRef]

Liu, D.; Keesing, ] K.; Xing, Q.; Shi, P. World’s largest macroalgal bloom caused by expansion of seaweed aquaculture in China.
Mar. Pollut. Bull. 2009, 58, 888-895. [CrossRef] [PubMed]

Duan, W.; Guo, L,; Sun, D.; Zhu, S.; Chen, X.; Zhu, W.; Xu, T.; Chen, C. Morphological and molecular characterization of
free-floating and attached green macroalgae Ulva spp. in the Yellow Sea of China. J. Appl. Phycol. 2012, 24, 97-108. [CrossRef]
Fan, S.; Fu, M.; Wang, Z.; Zhang, X.; Song, W.; Li, Y.; Liu, G.; Shi, X.; Wang, X.; Zhu, M. Temporal variation of green macroalgal
assemblage on Porphyra aquaculture rafts in the Subei Shoal, China. Estuar. Coast. Shelf Sci. 2015, 163, 23-28. [CrossRef]

Cui, J.; Zhang, J.; Huo, Y.; Zhou, L.; Wu, Q.; Chen, L.; Yu, K,; He, P. Adaptability of free-floating green tide algae in the Yellow Sea
to variable temperature and light intensity. Mar. Pollut. Bull. 2015, 101, 660-666. [CrossRef]

Han, H,; Li, Y.; Ma, X.; Song, W.; Wang, Z.; Fu, M.; Zhang, X. Population differentiation in the dominant species (Ulva prolifera) of
green tide in coastal waters of China. Acta Oceanol. Sin. 2022, 41, 108-114. [CrossRef]

Qi, L.; Hu, C.; Barnes, B.B.; Lapointe, B.E.; Chen, Y.; Xie, Y.; Wang, M. Climate and Anthropogenic Controls of Seaweed Expansions
in the East China Sea and Yellow Sea. Geophys. Res. Lett. 2022, 49, e2022GL098185. [CrossRef]

Li, M.; Zhang, R.; Hong, M. Marine disaster assessment and management based on weighted Bayesian network. Ocean Dev.
Manag. 2018, 35, 52-59.

Xiao, Y.; Zhang, J.; Cui, T. High-precision extraction of nearshore green tides using satellite remote sensing data of the Yellow Sea,
China. Int. J. Remote Sens. 2017, 38, 1626-1641. [CrossRef]

Song, D. Temporal-Spatial Distribution and Countermeasures Study of Algae Disaster in the Bohai and Yellow Sea Based on
Multi-Source Data. Ph.D. Thesis, University of Chinese Academy of Sciences (Yantai Institute of Coastal Zone Research, Chinese
Academy of Sciences), Yantai, China, 2019.

Sun, X. Spatial and Temporal Variations and Response Mechanism of Green Tide and Chlorophyll-a Concentration. Master’s
Thesis, Ludong University, Yantai, China, 2018.

205



Remote Sens. 2024, 16, 4407

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.
27.

28.

29.

30.

31.
32.

33.
34.

35.

36.

37.

38.

39.

40.

41.

42.

Zhang, G.; Wu, M,; Sun, X.; Zhao, D.; Xing, Q.; Liang, F. The inter-annual drift and driven force of Ulva prolifera bloom in the
southern Yellow Sea. Oceanol. Limnol. Sin. 2018, 49, 1084-1093. [CrossRef]

Zhang, Z. Obsearvation and Analysis of the Coastal Current and Its Adjacent Current System in the China Offshore Waters. Ph.D.
Thesis, Ocean University of China, Qingdao, China, 2016.

Shi, X.; Qi, M.; Tang, H.; Han, X. Spatial and temporal nutrient variations in the Yellow Sea and their effects on Ulva prolifera
blooms. Estuar. Coast. Shelf Sci. 2015, 163 Pt A, 36-43. [CrossRef]

Wang, C.; Chen, C.; Su, R.; Luo, Z.; Mao, L.; Zhang, Y. Mechanism for the marked increase of Ulva prolifera in the south Yellow
Sea: Light intensity, nitrogen, phosphorus, or co-limitations? Mar. Ecol.-Prog. Ser. 2021, 671, 97-110. [CrossRef]

Bai, Y.; Zhao, L.; Liu, ]J. The role of ecological factors in the progress of the green tide in the Yellow Sea. Haiyang Xuebao 2019, 41,
97-105. [CrossRef]

Hu, C; Li, D.; Chen, C; Ge, J.; Muller-Karger, FE.; Liu, J.; Yu, F; He, M.-X. On the recurrent Ulva prolifera blooms in the Yellow
Sea and East China Sea. J. Geophys. Res.-Ocean. 2010, 115, C05017. [CrossRef]

Yu, Y; Lin, J; Jiang, J.; Hu, S.; Kang, C.-K; Xu, N.; Li, Y. Environmental history affects the growth and photosynthesis of a
green-tide macroalgae Ulva prolifera. Aquac. Res. 2022, 53, 2509-2517. [CrossRef]

Song, W.; Peng, K.; Xiao, J.; Li, Y.; Wang, Z.; Liu, X,; Fu, M.; Fan, S.; Zhu, M.; Li, R. Effects of temperature on the germination of
green algae micro-propagules in coastal waters of the Subei Shoal, China. Estuar. Coast. Shelf Sci. 2015, 163 Pt A, 63—-68. [CrossRef]
Sun, X.; Wu, M.; Xing, Q.; Song, X.; Zhao, D.; Han, Q.; Zhang, G. Spatio-temporal patterns of Ulva prolifera blooms and the
corresponding influence on chlorophyll-a concentration in the Southern Yellow Sea, China. Sci. Total Environ. 2018, 640—-641,
807-820. [CrossRef]

Bao, M.; Guan, W.; Yang, Y.; Cao, Z.; Chen, Q. Drifting trajectories of green algae in the western Yellow Sea during the spring and
summer of 2012. Estuar. Coast. Shelf Sci. 2015, 163 Pt A, 9-16. [CrossRef]

Son, Y.B.; Choi, B.; Kim, Y.H.; Park, Y. Tracing floating green algae blooms in the Yellow Sea and the East China Sea using GOCI
satellite data and Lagrangian transport simulations. Remote Sens. Environ. 2015, 156, 21-33. [CrossRef]

Hu, L.; Hu, C.; Ming-Xia, H.E. Remote estimation of biomass of Ulva prolifera macroalgae in the Yellow Sea. Remote Sens. Environ.
2017, 192, 217-227. [CrossRef]

Pan, Y;; Ding, D.; Li, G; Liu, X.; Liang, J.; Wang, X; Liu, S.; Shi, J. Potential Temporal and Spatial Trends of Oceanographic
Conditions with the Bloom of Ulva prolifera in the West of the Southern Yellow Sea. Remote Sens. 2021, 13, 4406. [CrossRef]
Zhang, X.; Zhang, Z.; Lan, X.; Li, R. Nan Huang Hai Qu Yu Di Zhi; China Ocean Press: Beijing, China, 2013.

Li, G; Qiao, L.; Dong, P.; Ma, Y; Xu, J.; Liu, S.; Liu, Y,; Li, J.; Li, P; Ding, D.; et al. Hydrodynamic condition and suspended
sediment diffusion in the Yellow Sea and East China Sea. J. Geophys. Res. Ocean. 2016, 121, 6204—6222. [CrossRef]

Luo, Z.; Zhu, J.; Wu, H,; Li, X. Dynamics of the Sediment Plume Over the Yangtze Bank in the Yellow and East China Seas.
J. Geophys. Res.-Ocean 2017, 122, 10073-10090. [CrossRef]

Liu, Z,; Gan, J.; Hu, J.; Wu, H.; Deng, Y. Progress on circulation dynamics in the East China Sea and southern Yellow Sea:
Origination, pathways, and destinations of shelf currents. Prog. Oceanogr. 2021, 193, 102553. [CrossRef]

Zhu, P.; Wu, H. Origins and transports of the low-salinity coastal water in the southwestern Yellow Sea. Acta Oceanol. Sin. 2018,
37,1-11. [CrossRef]

Sun, X. Zhong Guo Jin Hai Qu Yu Hai Yang; China Ocean Press: Beijing, China, 2006.

Qiao, F; Wang, G.; Lii, X.; Dai, D. Drift characteristics of green macroalgae in the Yellow Sea in 2008 and 2010. Chin. Sci. Bull.
2011, 56, 2236-2242. [CrossRef]

Li, Y. Structure and Dynamics of Ocean Circulation off the East Coast of China; Chinese Academy of Sciences: Beijing, China, 2010.
Wen, S.; Song, X.; Tian, Y.; Zhang, Q.; Chen, C.; Gao, S.; Zhao, D. Technology and method for economic losses assessment of red
tide disasters. J. Catastrophol. 2015, 30, 25-28. [CrossRef]

Xie, X.; Tao, A.; Zhang, Y.; Zeng, Y.; Zheng, ]. The temporal and spatial distribution characteristics of typical marine disasters in
Fujian Province. Trans. Oceanol. Limnol. 2018, 4, 21-30. [CrossRef]

He, E.; Ji, X.; Huang, H.; Wang, D.; Guo, M.; Gao, S.; Yang, J. The spatial and temporal distribution of Ulva prolifera in the Yellow
Sea in recent 10 years. Mar. Forecast. 2021, 38, 1-11. [CrossRef]

Zhang, M.; Tang, J.; Dong, Q.; Song, Q.T.; Ding, J. Retrieval of total suspended matter concentration in the Yellow and East China
Seas from MODIS imagery. Remote Sens. Environ. 2010, 114, 392-403. [CrossRef]

Zhang, L.; Qiao, L.; Zhong, Y.; Li, G.; Liu, Y. Alternating patterns of cross-shelf suspended sediment transport in the northern
East China Sea in winter. Mar. Geol. 2023, 463, 107114. [CrossRef]

Zhang, Z.; Chen, Y.; Luo, F. Temporal and spatial distribution characteristics of Enteromorpha prolifera in the South Yellow Sea
based on remote sensing data of 2014. |. Huaihai Inst. Technol. 2016, 25, 80-85. [CrossRef]

Xia, Z.; Yuan, H.; Liu, J.; Sun, Y; Tong, Y.; Zhao, S.; Xia, J.; Li, S.; Hu, M.; Cao, J.; et al. A review of physical, chemical, and
biological green tide prevention methods in the Southern Yellow Sea. Mar. Pollut. Bull. 2022, 180, 113772. [CrossRef] [PubMed]
Huang, Z.; Du, Y.; Wu, Y,; Xu, H. Asymmetric Response of the South China Sea SST to El Nifio and La Nifia. J. Ocean Univ. China
2013, 12, 272-278. [CrossRef]

Lin, H. Long-lead ENSO control of the boreal summer intraseasonal oscillation in the East Asian-western North Pacific region.
npj Clim. Atmos. Sci. 2019, 2, 31. [CrossRef]

206



Remote Sens. 2024, 16, 4407

43.

44.

45.

46.

47.

48.

Buchmann, P; DelSole, T. Week 3—4 Prediction of Wintertime CONUS Temperature Using Machine Learning Techniques. Front.
Clim. 2021, 3, 697423. [CrossRef]

Hong, X.; Zhang, K,; Li, J.; Xu, Y.; Sun, M,; Jiang, J.; Xu, S.; Cai, Y.; Qiu, Y.; Chen, Z. Impacts of climate events on life history
parameters of major commercial fishes in the Beibu Gulf, South China Sea in the last 15 years. Front. Mar. Sci. 2023, 10, 1234772.
[CrossRef]

Fan, J.; Wei, S.; Liu, D.; Qin, T,; Xu, E; Wu, C,; Liu, G.; Cheng, Y. Impact of ENSO events on meteorological drought in the Weihe
River basin, China. Front. Earth Sci. 2023, 11, 1093632. [CrossRef]

Qi, L.; Wang, M.; Hu, C. Uncertainties in MODIS-Derived Ulva prolifera Amounts in the Yellow Sea: A Systematic Evaluation
Using Sentinel-2 /MSI Observations. IEEE Geosci. Remote Sens. Lett. 2023, 20, 1-5. [CrossRef]

Li, Y,; Feng, J.; Yang, X.; Zhang, S.; Chao, G.; Zhao, L.; Fu, H. Analysis of sea level variability and its contributions in the Bohai,
Yellow Sea, and East China Sea. Front. Mar. Sci. 2024, 11, 1381187. [CrossRef]

Luo, J.; Behera, S.K.; Masumoto, Y.; Yamagata, T. Impact of Global Ocean Surface Warming on Seasonal-to-Interannual Climate
Prediction. J. Clim. 2011, 24, 1626-1646. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

207



o Z
a remote sensing ml\l)\Py

Article
Behavior and Energy of the M2 Internal Tide in the
Madagascar-Mascarene Region

Qian Wu !, Jing Meng *, Xu Chen 2 and Yulin Guo !

Frontiers Science Center for Deep Ocean Multispheres and Earth System and Key Laboratory of Physical
Oceanography, Ocean University of China, Qingdao 266100, China; wq9212@stu.ouc.edu.cn (Q.W.);
chenxu00l@ouc.edu.cn (X.C.); guoyulin@stu.ouc.edu.cn (Y.G.)

2 Laoshan Laboratory, Qingdao 266100, China

Correspondence: mengjing@ouc.edu.cn; Tel.: +86-135-7325-7403

Abstract: Internal tides serve as essential intermediate steps in the cascading of oceanic energy,
playing a crucial role in oceanic mixing. M2 internal tides are the dominant tidal constituent in many
oceanic regions, significantly influencing ocean dynamics. The Madagascar-Mascarene Region has
high-energy internal tides, but due to a lack of observational studies, their propagation remains
underexplored and warrants further investigation. In this study, we used satellite altimetry data to
capture the sea surface manifestation of the first-mode M2 internal tides in the region. The results
show that the Mascarene Plateau plays a key role in shaping the region’s uneven internal tide
distribution. The Mascarene Strait is the most intense generation area, with an east-west energy flux
of 1.42 GW. Using the internal tidal energy concentration index, we decomposed the internal tidal
beams, finding the primary beam oriented at 148°. These beams propagate outward for over 800
km, with a maximum distance exceeding 1000 km. Geostrophic currents intensify the northward
refraction of westward-propagating internal tides in the Mascarene Basin, particularly between 15°S
and 20°S.

Keywords: M2 internal tides; satellite altimetry; Madagascar-Mascarene; interference; refraction

1. Introduction

Internal tides are internal waves at tidal frequencies, generated by barotropic tide
driving stratified seawater flowing over abrupt sloping topographies [1]. The global
meridional overturning circulation represents a crucial process for mixing across densities,
predominantly fueled by the movement of fluid parcels as they traverse density interfaces [2,3],
playing an important role in the distribution of water nutrients and components such as
dissolved oxygen [4]. With their extensive presence across the world’s oceans and numerous
generation locations, internal tides contribute to almost half of the energy necessary for
maintaining the global meridional overturning circulation [5]. Concurrently, internal tides
act as a pivotal link in the ocean’s energy transfer process, supplying the kinetic energy
needed for small-scale turbulence both in the deep ocean and at the ocean’s surface [6,7].

M2 internal tides are the dominant tidal constituent in many oceanic regions, sig-
nificantly influencing ocean dynamics [8-10]. A study utilizing satellite altimetry data
demonstrated that M2 internal tides have strengthened by approximately 6% in energy
over the past three decades, with notable increases observed in the Madagascar-Mascarene
Region [11]. This spatially inhomogeneous strengthening indicates that M2 internal tides
play a critical role in local marine dynamics and energy distribution in these waters.

The Madagascar—-Mascarene Region in the southwestern Indian Ocean is one of the
most intense areas for internal tides, as indicated by global-scale numerical simulations
showing widespread high-energy internal tides near the Madagascar Sea with significant
seasonal variability in internal tide strength [12,13]. The steep topography on the eastern
side of Madagascar, adjacent to the Mascarene Basin with depths of 4000-5000 m, forms a
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deep-sea basin environment. Two flat-topped seamounts, about 500 m in depth, create the
Mascarene Strait. This complex topography, combined with strong semidiurnal tides, is
conducive to internal tide generation, making it one of the most intense tidal dissipation
areas in the global ocean [14].

Numerous studies, both numerically modeled and observed through in situ measure-
ments, have been conducted to investigate the internal tidal field within the Madagascar
Region. MITgem simulations show that the primary generation points for the semidiurnal
internal tides are located in the northern and southern parts of Madagascar, with a total
conversion rate reaching 19.9 GW [15]. Moored data from the eastern side of the Mascarene
Strait indicate semidiurnal internal tides with wavelengths ranging between 140-150 km,
propagating at an angle of 110° relative to the ridges on either side [16]. Satellite SAR
images show the presence of large-amplitude internal solitary waves on both the eastern
and western sides of the Mascarene Strait, with the spacing of leading waves similar to the
first-mode semidiurnal internal tide peak [17,18]. Due to the lack of observational data,
the internal tide phenomena in this region have not been well studied. A more detailed
description of their distribution and propagation is needed. The various observed propa-
gation patterns likely reflect different mechanisms of energy redistribution. Additionally,
the complexities of refraction, reflection, and interference during the propagation of these
waves require further investigation and clarification.

The sparse distribution of measurement values obtained from traditional in situ
observations limits a thorough understanding of the internal tidal field. Satellite altimetry
provides a practical method for large-scale observations. With an increasing number
of satellites, techniques combining long-term altimetry data from multiple satellites for
internal tidal fitting, such as radial basis function interpolation [19] and two-dimensional
plane wave fitting [20], have been successful. Due to lower group velocities and higher
shear, high-mode internal tides tend to dissipate near their generation region, while low-
mode internal tides can propagate hundreds to thousands of kilometers [21,22]. Satellite
altimetry is capable of capturing the phase-locked aspects of internal tides. Although
the altimeter-derived signals might not fully capture the total energy of these tides, they
nonetheless provide precise information on the genesis, propagation paths, and phase
velocities of internal tides [23].

Satellite altimeters cover a wide area, and global maps of several major internal tides
are now available. The diverse phenomena associated with the propagation of internal
tides have been subjected to extensive research and analysis. The refraction and reflection
of the M2 internal tides generated at the Macquarie Ridge during propagation have been
investigated based on a clear distinction of propagation direction [24]. Using directional
Fourier filtering, altimeter-derived data effectively capture the signature of internal tide
standing waves to the west of the Luzon Strait [25]. The propagation and energy of the first-
mode M2 internal tides in the Arabian Sea have been studied using satellite altimetry [26].

Limited observations have been conducted in the Mascarene Basin, capturing only a
subset of the internal tide characteristics in specific directions. The advancement of satellite
altimetry has enabled the systematic investigation of internal tide propagation within
this region. This research focuses on the first-mode M2 internal tides in the deep waters
of the Madagascar—-Mascarene Region, excluding areas shallower than 500 m (Figure 1),
utilizing a combination of satellite altimetry. The primary focus of our investigation is the
examination of the propagation features of the M2 internal tides. The following sections
are organized as follows. Section 2 presents the data and methods. Section 3 gives our
results. In Section 4, discussions are carried out on some refraction, interference, and other
propagation phenomena of internal tides in the study area. Section 5 summarizes the key
conclusions concisely.
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Figure 1. Bathymetric topography of the Madagascar-Mascarene Region, delineating two isobaths at
500 m and 3000 m to illustrate the underwater terrain.

2. Materials and Methods

Our study area ranges from 2°5-27°S and 48°E-75°E, and the bathymetric topography
is shown in Figure 1. The two isobaths are 500 m and 3000 m, and the terrain shallower
than 500 m is not our focus. The bathymetric data used for mapping in this article come
from ETOPO2022 via https://doi.org/10.25921/£d45-gt74 (accessed on 7 September 2023).

The dataset utilized in this research comprises a collection of sea surface height
measurements derived from both exact-repeat and non-repeat orbit satellite altimeters,
spanning from 2012 to 2022. The along-track altimeter data used are available in Copernicus
Marine Environment Monitoring Service (CMEMS) via https://doi.org/10.48670/moi-00
146 (accessed on 14 February 2023). The specific satellite names and duration of the dataset
are detailed in Figure 2. All satellite data have been processed with standard corrections
for atmospheric effects, sea state bias, and geophysical effects [27].

Year 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022
jlg Geodetic orbit of j1
i2 Jason-2
2n Interleaved orbit of j2
3 Jason-3
j3n Interleaved orbit of j3
s3a Sentinel-3A
s3b Sentinel-3B
s6a Sentinel-6A
h2a HaiYang-2A.
h2ag Geodetic orbit of H2a
h2b HaiYang-2B
Non-Repeat  al Saral/AltiKa
alg Geodetic orbit of al
c2 Cryosat-2
c2n New orbit of ¢2.

Exact-Repeat

Figure 2. A diagrammatic representation of the satellite data’s temporal span, which is not detailed
to the monthly level.

Two-dimensional plane wave fitting [20,28,29], the method we used, assumes that the
wave field within each small fitting window is uniform, an assumption that clearly does
not hold at the ocean—land boundary. Therefore, this study does not include internal tide
information from locations with water depths less than 500 m, nor does it utilize satellite
altimetry values from shallow water areas [23]. This is also the reason why the bathymetric
map exhibits blurred topography in the shallow water regions (white areas in Figure 1),
which are not the focus of our study.

The harmonic analysis conducted at discrete points along the satellite’s ground track
is capable of capturing the internal tides that are along with the satellite’s orbit, and the
signal between the tracks is missing. Since internal tides in the actual ocean propagate in
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areas other than satellite tracks, 2D plane wave fitting has been introduced to provide a
more comprehensive analysis [30].

A key feature of 2D plane wave fitting is its use of surrounding data within a square
window to determine the internal tide signal at a specific location. The most suitable fitting
window size for the first-mode M2 internal tides is 160 x 160 km, with the fitting location
at the center of the window [31], and each window contains up to 47,000 data points in this
study. The center of the window is oriented with the east as the x-axis positive direction
and the north as the y-axis positive direction. The downloaded satellite data includes
both sea surface height and the corresponding timestamp and location. Each datum in the
window can be viewed as a function of position and time SSH(x, y, t), and each set of data
is fitted to a least-squares fit according to the following equation:

5
SSH(x,y,t) = A cos(kx cos 0y, + ky sin 0y, — wt — ¢y (1)
Y Y

m=1

where 6, is the direction chosen for the fit. x, y, and f represent the position information
in the horizontal direction and the time information, respectively. k is the wavenumber
of the internal tides. In this paper, the theoretical wavelength is obtained by solving the
Sturm-Liouville equation. A, and ¢, are the amplitude and phase of the internal tides of
this centroid in the direction of 0,,, respectively.

Two-dimensional plane wave fitting method applied in this paper is Zhao’s original
approach [31,32], which extracts five different directional wave components iteratively at
each location. As illustrated in Figure 3, the method is demonstrated at a specific location
(11.5°S, 56.5°E), represented by the gray square in Figure 3a, covering a 160 km square
region. To obtain the internal tide information at this location, all altimetry data within the
gray square are used.
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Figure 3. Iterative two-dimensional plane wave fitting process diagram. (a) The case study location
is positioned at 11.5°S, 56.5°E, with the fitting window set to a 160 km square. (b—f) represent the
amplitude and direction of the 1st to 5th wave components, respectively.

Generally speaking, the method extracts five tidal-related fluctuation components
at each position through five iterations of fitting. The fitting process is performed at 1°
intervals to determine the amplitude and phase of the wave in each direction. After the
first iteration, the direction with the maximum amplitude (149°) is identified as the first
wave component (Figure 3b). To isolate subsequent wave components, the first wave’s
data are subtracted before the next fitting iteration. This procedure is repeated up to the
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fifth wave component, with each new wave extracted after subtracting the data from the
previous wave.

It has been proved that the iterative two-dimensional plane wave fitting method can
effectively enhance the resolution of the propagation direction of internal tides [33].

The structure of the internal tide in the ocean is determined by the buoyancy frequency
N(z) and water depth. The ocean stratification data are from the World Ocean Atlas 2018
(WOA2018). The modal structure of the vertical displacements is described by the Sturm-—
Liouville equation [34-36] as follows:

dﬁb@)*_NQQ)
dz? C2

P(z) =0 2

subject to the boundary conditions ®(0) = ®(—H) = 0, where ®(z) denotes the vertical
eigenfunction, and C denotes the eigenspeed of the internal wave. The relationship between
the horizontal structure and vertical structure is given by

dd(z)
[(z) = poCi— = ©)

where I'l(z) represents the horizontal structure, and Cj, is the eigenspeed of the internal tide
in the nth mode, referring to the phase velocity of the internal wave in a nonrotating fluid.
Our study focuses only on the first mode, so 1 is 1. pg is the reference seawater density.
Under the influence of the Earth’s rotation, the internal wave dispersion relation is

w® = K*C* + f (4)

where w is the tidal frequency; f is the inertial frequency; and k is the wavenumber.
Therefore; the phase speed can be expressed as
w w

CP = E = (w2 _f2)1/2c ®)

The vertical integral energy flux of internal tide can be expressed as follows [37]:
1 ky
F—-A2 |:p0g w / HZdZ:l (6)

where A is the sea surface amplitude of the internal tide, and g is the gravitational acceleration.

3. Results

In this paper, we obtained a gridded first-mode M2 internal tide map with a resolution
of 0.1° using along-track satellite altimetry data (Figure 4a). All the results presented in
this study are based on the internal tide field that we have derived. To verify the accuracy
of our results, we compared our map with the ZHAO model [29], depicted in Figure 4b.
The ZHAO model is a globally recognized internal tide model based on multi-year satellite
altimetry data, overcoming the limitations of traditional methods to generate a gridded
internal tide field. The comparison reveals a similarity in the overall distribution, with
high-energy internal tidal beams radiating outward on both sides of the Mascarene Strait.

Due to the interference of internal tides from different generation areas, distinct
interference patterns are observed on both sides of the Mascarene Strait. The phenomenon
of internal tide interference occurs when two or more internal tide waves interact under
certain conditions, leading to the superposition of their oscillations and the formation of
new wave patterns. During interference, the isophase lines exhibit noticeable curvature
and deformation. In Figure 4a, a distinct white isophase line can be observed between the
blue and red areas, showing significant undulations across most of the region. This clearly
indicates the widespread presence of internal tide interference.
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Figure 4. (a) Sea surface height (SSH) of the M2 internal tides in this study. (b) SSH of the M2 internal
tides from ZHAO. (c) Directional wavenumber spectrums.

The wavenumber spectrum (Figure 4c) indicates that our result is also closely aligned
with the ZHAO model in terms of energy. The along-track altimetry data used in this study
have been filtered for mesoscale sea level anomalies [38], resulting in minor differences in
the overall distribution and energy of the internal tides.

Figure 4a illustrates the SSH field of internal tides, showing a nonuniform spatial
distribution. Pronounced interference patterns of internal tides are observable on the
eastern and western flanks of the Mascarene Strait, within the Mascarene Basin. These
phenomena indicate the presence of numerous internal tide-generation areas within this
oceanic region. Internal tides originating from various source areas disperse along distinct
pathways, with their interactions culminating in interference phenomena. The degree of
multiwave interference R;, (Figure 5) is useful for further quantifying the interactions of
internal tides [39] and is expressed as follows:

Rin = [Y Ful /Y |Ful, )

where F,, (m =1, 2, 3, 4, 5) represents the energy flux of the five wave components.
The range of R;, varies from 0 to 1, with 0 indicating complete standing waves and 1
indicating complete progressive waves. The presence of a full progressive wave in the
region indicates a prevailing internal tide, while the occurrence of a complete standing
wave signifies the interference of two or more internal tides. The internal tides on both
sides of the Mascarene Strait and the north and south sides of the Rodrigues Ridge are
close to complete progressive waves. A distinct standing wave pattern, extending over
1600 km, is observed in the central Mascarene Basin (Figure 5).
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Figure 5. The degree of multiwave interference R;,, with 0 indicating the presence of complete
standing waves and 1 denoting the presence of complete progressive wave.

To further elucidate the source regions, the barotropic tidal body force (Figure 6) is
used to represent the generation source region of internal tides, expressed as [40,41]:

VH [0
Fody = %? /_ | Nz, @®)

where H represents the water depth, VH is the bathymetric slope calculated based on
ETOPO2022, Q is the barotropic tidal volume transport from TPXO7 [42], and w is the
M2 tidal frequency. N? is the square of the buoyancy frequency calculated based on the
WOAZ2018 temperature and salinity data.
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Figure 6. Barotropic tidal body force Fy,g, illustrating the conversion rate, with the enlargement of
the black boxes (A-C).

Figure 6 shows the most significant source regions including the Mascarene Strait,
northern Mascarene Plateau, Nazareth Bank, northern Madagascar, and Rodrigues Ridge.
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The combination of Figures 5 and 6 indicates that near the majority of source regions,
internal tides manifest as progressive waves. These waves progressively interact with
those emanating from other source regions, leading to the formation of standing waves
at locations removed from the generation points. The first four source regions create a
semi-enclosed configuration, characterized by the prevalence of progressive waves near
the generation locales and the emergence of standing waves in the middle of the basin.

Figure 7a,b illustrate the sea surface amplitude and energy flux distribution of the M2
internal tides. The maximum coherent internal tide energy is observed at the entrance of the
Mascarene Strait, where peak surface amplitudes reach up to 50 mm. In the comprehensive
field of internal tides with all propagation directions, the internal tidal energy radiated
from the Mascarene Strait is 0.84 GW to the west and 0.58 GW to the east (integrated along
the green lines in Figure 7b).
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Figure 7. (a) M2 internal tide sea surface amplitude (b) M2 internal tide vertically integrated energy
flux, where color indicates magnitude and arrows indicate direction. The energy is integrated along
the green line.

The distribution of internal tides exhibits significant differences on either side of the
Mascarene Plateau. The internal tides generated on the east side propagate westward across
the basin, encountering and interfering with internal tides from the opposite side, resulting
in the formation of standing wave structures characterized by numerous wave crests and
troughs in the amplitude distribution. In contrast, on the west side of the Mascarene
Plateau, the amplitude predominantly displays beam structures.

4. Discussion
4.1. Internal Tidal Beams from the Mascarene Strait

An individual source region can generate internal tides in multiple directions, and a
single area can also contain a multitude of internal tides with varying propagation direc-
tions. Taking the Mascarene Strait as an example, to ascertain the propagation directions of
the internal tides generated within the strait, it is necessary to separate the superimposed
components. We introduce an internal tidal energy concentration index (Figure 8c), which
can indicate the direction of concentrated energy. This index is derived from the spectral
energy flux near the generation area (black box in Figure 8a, 11-14°S, 60-62°E). The amount
of the same direction in the five wave components is summed and normalized by the sum
energy in the small region, which is the energy share of that direction, and the formula is
as follows:
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5
Y. Fm(direction = 0)
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where F,, (m =1, 2, 3, 4, 5) represents the flux of the mth wave component. ¢y can
respond well to the direction of the internal tidal beams generated from the Mascarene
Strait. Referring to Figure 8c, we identified three directional sectors: 0-60°, 300-360°, and
100-170°, which correspond to the internal tidal beams labeled as 1, 2, and 3 in Figure 8a,b,d,
respectively. The internal tidal beam energy is minimal in the southwest, as shown in
Figure 8c, and due to the incomplete structure, it is not presented here.
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Figure 8. (a,b,d) The SSH of internal tides propagating in the directions of 100-170°, 0-60°, and
300-360°, with the green line representing the integral line of energy and the blue line illustrating
the representative paths of tidal beams. The black line box in (a) is the region used to calculate
the direction of the energy concentration. (c) Internal tidal energy concentration index, where the
eastward orientation is set at 0° and rotation in a counterclockwise direction is considered positive.

The internal tides generated from the Mascarene Strait radiate eastward and westward,
and the propagation directions of the internal tidal beams correspond well with the energy
concentration direction. The principal axes of beams 1, 2, and 3 are 17°, 322°, and 150°,
respectively. The propagation distances (up to the point where the amplitude has attenuated
to 1% of its value in the generation area) and energy magnitudes of the three internal tidal
beams (integrated along the green line in Figure 8) are explicitly provided in Table 1, with
all three beams able to propagate more than 800 km outward. The most energetic beam is
beam 3, which travels northwestward, with an energy flux of up to 0.43 GW. Next, beam
2 propagates in the opposite direction, with an energy flux of 0.19 GW. The blue lines
in Figure 8a,b,d represent the representative paths based on the phase gradients. The
curvatures of these blue lines indicate that the propagation directions of the three beams
change with increasing propagation distance due to refraction during propagation. Beams
1 and 3 propagate toward lower latitudes, tending towards being perpendicular to the
equator, while beam 2 propagates towards higher latitudes, tending toward being parallel
to the equator.
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Table 1. Internal tidal beams from the Mascarene Strait.

Beam Direction (°) Flux (GW) Distance (km)
1 17 0.11 869
2 322 0.19 1089
3 150 0.43 823

4.2. The B Effect

For a quantitative analysis of propagation dynamics, we assessed the changes in
propagation direction along the representative paths, as shown in Figure 9a. The orange
line represents phase changes, and the blue line indicates the propagation direction. The
periodic increments observed in the phases of beam 2 confirm the appropriateness of the
selected representative path.
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Figure 9. (a) The variation of the propagation direction (blue line, left y-axis) and phase (orange line,
right y-axis) of beam 2, with the black arrow signifying the direction of the increasing phase. (b) The
variation in the phase velocity of beam 2, where C indicates the observed phase velocity (gradient of
the phase), C;, is the eigenspeed, and C, is the theoretical velocity from Formula (5).

The observed velocity of the internal tide along the representative path can be derived
from the gradient of the phase. Figure 9b compares the observed velocity (red line, C),
eigenspeed (black line, C;;), and theoretical velocity (blue line, Cp) along the representative
path. Beam 2 propagates 1089 km for 8 cycles, with an approximate 20° deviation from
its intended propagation direction. If we consider only the eigenspeed C,, and disregard
the influence of the Earth’s rotation, the beam would be expected to cover a distance of
only 1004 km over the same number of cycles, which is notably less than the observed
distance. This discrepancy indicates that while variations in oceanic conditions along the
path can affect the velocity of the internal tide, focusing solely on changes in eigenspeed is
inadequate to account for the observed directional deviation.

The phase speed of internal tide varies with latitude, and, considering the (3 effect,
yields a theoretical phase speed of C,. With the (3 effect accounted for, the theoretical
propagation distance for eight cycles is revised to approximately 1047 km, which more
accurately matches the actual observed distance. The 3 effect enables the internal tides to
achieve the refraction angle indicated by the SSH patterns.

4.3. Multiwave Interference

Two distinct internal tidal beams, originating from the east side of the Mascarene Strait,
were observed to propagate into the Indian Ocean. A comprehensive characterization of
their propagation dynamics is provided in the preceding section. A notable feature of the
eastern of the Mascarene Strait is the multiple interference among three internal tidal beams.
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In addition to the two internal tidal beams from the Mascarene Strait (Figure 10b), the
Rodrigues Ridge serves as another strong source of internal tides in the region, generating
two internal tidal beams to the north and south. The northward-advancing internal tides,
as depicted in Figure 10c, intersect with the internal tides emanating from the Mascarene
Strait at approximately 16°S.
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Figure 10. (a-c) The SSH of internal tides in the 300-120°, 300-60°, and 60-120° directions, respec-
tively. (d—f) are corresponding sea surface amplitudes for (a), (b), and (c), respectively, where the
arrows depict the direction of energy flux and the lengths of the arrows are proportional to the
magnitude of the energy flux.

At the intersection, internal tides traveling in divergent directions engage in dynamic
interactions, which can result in either constructive interference or destructive interfer-
ence (Figure 10a). This interaction gives rise to a multiplicity of beam-like structures, as
visualized in the amplitude distribution map presented in Figure 10d. The presence of
beam structures within the distribution of the internal tides is indicative of the interference
phenomena occurring between internal tides that originate from distinct sources [43,44].

The phenomenon of mutual interference was more distinctly observable in the Mada-
gascar Basin. The southward propagating internal tides generated from the Rodrigues
Ridge (Figure 11b) interact with the southeastward propagating internal tides from the
eastern coast of Madagascar (Figure 11c) in the Madagascar Basin, where the combined in-
ternal tides with different directions are shown in Figure 11a. The amplitude map after the
interference shows clear beam structures with a southeastward shift. The southeastward-
propagating internal tides exert a discernible influence on the amplitude distribution, which
transitions from an orientation that is nearly aligned with the due south direction to one that
is modulated with a southeastward inclination. As the southeastward propagating internal
tides reach the Madagascar Basin, their energy significantly decreases due to long-distance
propagation, resulting in a minor impact on the overall propagation direction.
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Figure 11. (a—c) The SSH of internal tides in the 210-60°, 300-60°, and 210-300° directions, respec-
tively. (d—f) are corresponding sea surface amplitudes for (a), (b), and (c), respectively, where the
arrows depict the direction of energy flux and the lengths of the arrows are proportional to the
magnitude of the energy flux.

4.4. An Internal Tide Triangle

Two distinct internal tidal beams, originating from the east side of the Mascarene
Strait, were observed to propagate into the Indian Ocean. A comprehensive characterization
of their propagation dynamics is provided in the preceding section. In this section, we
concentrate on the area within the Mascarene Basin bounded by 15°S and 22°S, where a
distinct triangular pattern of internal tides is observed near 18°S along the eastern shelf of
Madagascar (Figure 12a). To more clearly illustrate this triangular structure, we present
internal tides with different propagation directions in various colors in Figure 12b. The flux
directionality indicates that internal tides generated at Nazareth Bank propagate westward
approximately 850 km to the east coast of Madagascar (indicated by red arrows). There are
internal tides propagating from the east coast of Madagascar back towards the Mascarene
Basin (indicated by blue arrows). Réunion Island also constitutes a relatively weaker
generation region, yielding internal tidal beams that propagate northward (indicated by
black arrows).

We can distinguish internal tides with different propagation directions in this region
with the energy concentration proposed in this paper (Figure 13d). There are four wave
propagation directions in this region, and we focus on internal tidal beams propagating in
directions of 120-210° (Figure 13a), 60-120° (Figure 13b), and 270-60° (270-360° and 0-60°,
Figure 13c). The internal tidal beam emanating westward from the Nazareth Bank is the
most expansive and potent, with an energy magnitude of 0.29 GW around its generation
zone and a width of approximately 400 km. Locally generated internal tides cross the
Mascarene Basin to reach the east coast of Madagascar.
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Figure 12. (a) Sea surface amplitude of internal tides in the 270-210° direction (excluding waves
within the 210-270°), where arrows depict the energy flux directions, and the lengths of the arrows are
proportional to the energy flux magnitudes. (b) The topographic critical parameter, with 7y exceeding
1 indicating regions that are supercritical and prone to wave reflection. The arrows represent the
directions of energy flux, with arrow colors distinguishing the propagation directions.
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Figure 13. (a) The SSH of internal tides in the 120-210° direction, where arrows indicate the energy
flux directions, and the lengths of the arrows are proportional to the energy flux magnitudes. Green
lines signify energy integration lines. (b) The SSH of internal tides in the 60-120° direction. (c) The
SSH of internal tides in the 270-60° direction. (d) Internal tidal energy concentration index.

Continental shelves often cause internal tide reflection. The M2 internal tides are
known to reflect off the Tasmanian slope [24], and the K1 internal tides exhibit reflective
behavior on the northern continental shelf of the South China Sea [45]. The topographic
critical parameter of M2 internal tide helps us further confirm that internal tides could be
reflected by the east coast of Madagascar. The formula is as follows [46,47]:
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_ VH
7= [w2—f2'
NZ—w?

where VH represents the topography gradient, w represents the tide frequency, f rep-
resents the Coriolis parameter, and N represents the buoyancy frequency. We used the
average values of the topography within £300 m. The < value exceeding 1 indicates
supercritical topography, which can cause internal tide reflection, while the opposite results
indicate transmission.

As shown in Figure 12b, the east coast of Madagascar near 17°S is supercritical,
indicating that westward propagating internal tides may reflect there. However, the energy
of the westward propagating internal tides reaches the coast with an energy of only 0.03 GW,
while the eastward propagating internal tides have an energy of 0.04 GW near the shelf,
which suggests that the eastern coast of Madagascar presents an environment conducive
to both the genesis and reflection of M2 internal tides. To distinguish the contributions of
reflection at the shelf and the generation of internal wave energy, further observational
data or numerical modeling studies will be required.

Figure 14a clearly illustrates the pronounced refraction of internal tides. The wave crest
lines are observed to progressively deviate from a nearly meridional alignment, curving
northward. To demonstrate the refraction more clearly, we selected two propagation
pathways in the northern and southern parts of the region, as indicated by the blue line for
the northern path and the yellow line for the southern path in Figure 14a.
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Figure 14. (a) The SSH of internal tides in the direction of 120-210°, where the direction of the
arrows indicates the direction of the geostrophic flow, and the length of the arrows indicates the
magnitude of the geostrophic flow. (b) The propagation directions of internal tides, with blue
representing the northern part and yellow lines representing the southern part. (d) Phase velocities.
The solid line represents the theoretical phase speed, and the dashed line represents the phase speed
after geostrophic current correction, with colors corresponding to those in (b). (c,e) Schemas of the
westward internal tidal propagation directions before and after geostrophic flow correction.

Along the representative paths, the direction in the southern part deflects 17° north-
ward, while in the northern part, it remains relatively unchanged (Figure 14b). A compar-
ison of the theoretical phase velocities between the two regions revealed that the phase
speed of the southern part is on average 0.07 m/s greater than that of the northern part
(Figure 14d). The horizontal axes of Figure 14b,d represent time, commencing from the
first cycle of the selected propagation pathway. Figure 14c illustrates the internal tide
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propagation directions in this region as a triangle analogy, where a speed difference of
0.07 m/s over 5.5 tidal cycles can lead to a deflection of only 11°.

Figure 14a demonstrates the spatial distribution of geostrophic currents averaged over
multiple years in the region, which is uneven, as shown by the arrows. The geostrophic cur-
rent data are downloaded from CMEMS via https://doi.org/10.48670/moi-00148 (accessed
on 19 July 2023). The geostrophic current speeds in the southern part are significantly
greater than those in the northern part. To illustrate the impact of geostrophic flows on
internal tide velocities, we project and superimpose the geostrophic velocity vectors onto
the theoretical internal tide velocities, with the results depicted as the dashed lines in
Figure 14d. Following the correction, the velocities on both the northern and southern
sides increase, resulting in an average differential of 0.12 m/s. Figure 14d illustrates the
corrected propagation schema, indicating that the deflection angle can extend up to 14°.
The impact of currents on internal tides is primarily manifested in the nonlinearity they
induce [48]. Although we have only performed a simple superposition comparison, it is
still evident that within regions with stronger currents, the phase velocity of the internal
tides is significantly modulated.

Near the generating area, the crest line of the internal tide is basically along the merid-
ional direction. The phase velocity of the southern part is greater than the northern part,
resulting in greater distances traveled by internal tides in the south over the same period,
leading to a northward deviation. The topographical constriction between the Nazareth
Bank and Cargados Carajos Bank leads to a marked increase in geostrophic current veloci-
ties within this locale. This irregular distribution of ambient flow patterns accentuates the
velocity disparities between the northern and southern sectors, consequently amplifying
the refraction of internal tides.

5. Conclusions

In this study, a suite of satellite altimetry data was used to investigate the propa-
gation characteristics and energy distribution of the first-mode M2 internal tide within
the Madagascar—-Mascarene Region, revealing a special internal tide image for this sea
area. This paper proposed an energy concentration index to assess the distribution and
concentration trends of internal tidal energy, enabling clear distinction between internal
tides with different propagation directions. The three main conclusions of this study are
as follows:

a. The Mascarene Plateau and its surrounding regions exhibit massive standing wave
structures, showing the complex interplay of internal tide. The western slope of the
Mascarene Plateau radiates the M2 internal tides toward the Mascarene Basin. The
combination of multiple internal tide source regions on the plateau and the source
regions on the northern side and eastern coast of Madagascar form a semi-enclosed
topography, resulting in a continuous standing wave structure spanning the entire
basin for a distance of 1600 km. The eastern side of the Mascarene Strait experiences
interference of internal tides in three directions, leading to significant beam structures
due to multiwave interference effects.

b.  The Mascarene Strait emerges as a potent generation area for the M2 internal tides,
with a total energy flux of 1.42 GW (0.84 GW westward and 0.58 GW eastward). The
internal tidal beams exhibit a cross-shaped distribution, with the northwestward
and southeastward directions having the strongest energy fluxes of 0.43 GW and
0.19 GW, respectively. The internal tides propagated from the Mascarene Strait can
reach distances of more than 800 km, with the southeastern internal tide capable of
propagating up to 1000 km. The 3 effect enhances refraction during the long-distance,
cross-latitude propagation of internal tides.

c.  In the Mascarene Basin (15°5-20°S), a triangular configuration of internal tides arises
from three generation regions. Westward-propagating internal tides from Nazareth
Bank show a 17° northward refraction. The theoretical phase velocity difference
(Sturm-Liouville equation) between the northern and southern parts of the internal
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tides would only result in an 11° refraction. The geostrophic current speed varies
significantly along the path, and considering these currents, the propagation distance
difference over 5.5 cycles between the north part and the south part increases from
13 km to 22 km, with the large velocity between Nazareth Bank and Cargados Carajos
Bank enhancing the refraction.

This study improves understanding of incoherent internal tide propagation in the
Madagascar—-Mascarene Region. It provides a solid foundation for future in situ observa-
tions and enhanced numerical simulations in this region. The supertidal kinetic energy
is highest near low-latitude internal tide generation regions, such as the Bay of Bengal
and Mascarene Ridge [49]. With the continued operation of the SWOT satellite and a clear
understanding of steady internal tides, future studies can better assess incoherent internal
tide energy and its effects on ocean mixing and climate.
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Abstract: Spaceborne photon-counting LiDAR holds significant potential for shallow-water bathymetry.
However, the received photon data often contain substantial noise, complicating the extraction
of elevation information. Currently, a denoising algorithm named ordering points to identify the
clustering structure (OPTICS) draws people’s attention because of its strong performance under high
background noise. However, this algorithm’s fixed input variables can lead to inaccurate photon
distribution parameters in areas near the water bottom, which results in inadequate denoising in
these areas, affecting bathymetric accuracy. To address this issue, an Adaptive Variable OPTICS
(AV-OPTICS) model is proposed in this paper. Unlike the traditional OPTICS model with fixed input
variables, the proposed model dynamically adjusts input variables based on point cloud distribution.
This adjustment ensures accurate measurement of photon distribution parameters near the water
bottom, thereby enhancing denoising effects in these areas and improving bathymetric accuracy.
The findings indicate that, compared to traditional OPTICS methods, AV-OPTICS achieves higher
F1-values and lower cohesions, demonstrating better denoising performance near the water bottom.
Furthermore, this method achieves an average MAE of 0.28 m and RMSE of 0.31 m, indicating better
bathymetric accuracy than traditional OPTICS methods. This study provides a promising solution
for shallow-water bathymetry based on photon-counting LiDAR data.

Keywords: ICESat-2/ ATLAS; photon-counting LiDAR; adaptive variable OPTICS; bathymetric method

1. Introduction

Shallow water refers to aquatic environments where water surface waves are signif-
icantly influenced by the water bottom topography, including inland lakes, reservoirs,
coastal shallow waters, and remote islands in deep seas [1]. These shallow water resources
provide essential physical environments for ecosystem sustainability and biodiversity
and are crucial for supporting human necessities such as food, shelter, and transporta-
tion [2,3]. Bathymetry in shallow-water areas is fundamental to water resource exploration
and is indispensable for environmental protection, sustainable development of fisheries
and tourism resources, coastal safety, disaster reduction, marine engineering construction,
and marine scientific research. Accurate measurements of water depth in shallow-water
regions support environmental conservation measures, optimize resource utilization strate-
gies, enhance public safety, and deepen our understanding of marine natural phenomena
and geological history. Thus, bathymetry serves as a bridge connecting marine science,
environmental protection, and socioeconomic development.

Currently, methods for the bathymetry of shallow water are categorized based on
the carrier used, including shipborne, airborne, and spaceborne methods [4]. Shipborne
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bathymetry uses devices such as sounding poles, lead lines, sonar, and Doppler sounders [5,6],
offering the advantages of simplicity and high accuracy. However, this method involves
risks such as capsizing and grounding, inefficiency, and significant human and material
resource consumption. Additionally, data updates are slow, leaving large areas unmapped
and limiting long-term monitoring needs [7], particularly in offshore unmanned islands and
reefs that lack systematic terrain and morphological data. Airborne bathymetry primarily
employs airborne LiDAR bathymetry systems [8,9], which balance accuracy and efficiency.
However, operational constraints, including climate, airspace management, and geographic
location, limit its coverage capability. Unlike the aforementioned methods, satellite sensors
periodically acquire optical information over large areas, providing a broader and more
consistent means of data collection for shallow-water bathymetry. Various satellite remote
sensing datasets have been applied to shallow-water bathymetry, including hyperspectral
and multispectral images, as well as synthetic aperture radar data [10,11]. However,
resulting from empirical formulas and calibration points, these techniques have limitations
regarding water depth accuracy.

Spaceborne photon-counting LiDAR, a new active detection method, offers unique
advantages in bathymetry [12,13]. By measuring the flight time of photons, it determines
the elevation information of Earth’s surface with high precision, a wide measurement range,
high resolution, and real-time capabilities, making it highly promising for shallow-water
bathymetry [14]. For instance, the ICESat-2 (Ice, Cloud, and Land Elevation Satellite-2)
satellite, launched by NASA in September 2018, is equipped with the Advanced Topo-
graphic Laser Altimeter System (ATLAS). This system emits laser pulses with a wavelength
of 532 nm to penetrate waterbodies and a pulse width of 1.5 ns at a frequency of 10 kHz.
Along its orbit, ATLAS creates overlapping footprints approximately 0.7 m apart, each
with a diameter of 17 m [15]. To enhance detection efficiency, the ATLAS laser transmitter
divides each pulse into six beams arranged in three pairs. These beams are aligned par-
allel in the along-track direction, consisting of one strong and one weak signal per pair,
maintaining an energy ratio of 4:1 between them. The distance along-track between pairs
is approximately 3.3 km, with a separation within pairs of approximately 90 m [16,17].
Each pulse emission emits roughly 2 trillion photons, with the number of returned photons
varying based on differences in Earth’s surface reflectivity. Each returned photon generates
a time-stamped location, resulting in a dense photon point cloud [18]. Processing of these
photon point-cloud images enables the extraction of water-depth data.

In recent years, spaceborne photon-counting LiDAR detection technology has ad-
vanced significantly. However, the processing of photon point cloud data remains a focal
point of research. Photon point cloud data are heavily affected by factors such as solar
background, system characteristics, atmospheric scattering, water column scatter and
absorption, as well as wind and wave effects, resulting in significant noise points that
complicate the extraction of accurate elevation information. To address this challenge,
researchers have developed various denoising algorithms based on traditional techniques
to improve the extraction of elevation data. Initially, researchers transformed photon point
cloud profiles into two-dimensional raster images and employed image-processing meth-
ods such as canny edge detection and median filtering for noise reduction [17,19]. Although
these methods effectively reduce photon noise to a certain extent, they also lead to the loss
of useful information during the conversion of photon point clouds into raster images,
thereby affecting denoising accuracy [20]. Subsequently, methods based on the dense distri-
bution of signal photons and sparse distribution of noise photons separated these two types
using point-cloud density calculations and parameter thresholds, often named after the
shapes of their filters, such as circular, elliptical, or rectangular filtering [21-23]. Density-
based methods are straightforward and computationally efficient in low-noise conditions
but struggle with high-density clustered noise scenarios. Clustering algorithms were then
employed to classify photon points into signal and noise categories using density clustering
techniques such as Bayesian, DBSCAN, and OPTICS [24-26]. Among these, Bayesian
decision theory-based denoising algorithms excel in complex terrain but necessitate prior
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estimation of the signal-to-noise ratio of the original photon data [27]. DBSCAN-based
algorithms generally achieve satisfactory denoising results overall but encounter challenges
in complex terrain areas [28]. In contrast, the OPTICS algorithm [29-31] comprehensively
considers the density and distance distribution characteristics of photon point cloud data,
demonstrating good denoising performance, particularly under intense background noise
and in complex terrains. As a result, it finds widespread application in processing photon
point cloud data in shallow water regions [26,32]. However, this algorithm’s fixed input
variables can lead to inaccurate photon distribution parameters near the water bottom,
influenced by water bottom photons. Consequently, this results in suboptimal denoising in
areas near the water bottom, affecting bathymetric accuracy.

To address the challenge of inadequate denoising near the water bottom in OPTICS
methods, an Adaptive Variable OPTICS (AV-OPTICS) model is proposed in this paper.
Unlike the conventional OPTICS algorithm with fixed input variables, this method dy-
namically adjusts input variables based on the point cloud distribution. This adaptive
approach ensures precise measurement of photon distribution parameters near the water
bottom, thereby enhancing denoising effectiveness in these critical areas and improving
overall bathymetric accuracy. To validate the reliability and efficacy of the AV-OPTICS
model, experiments were conducted using ATL03 data from the Culebra area in Puerto Rico.
Evaluation indices such as F1-value, cohesion, root mean square error (RMSE), and mean
absolute error (M AE) were computed. Comparative analysis with the traditional OPTICS
model was performed to highlight the advantages of the AV-OPTICS model in terms of
denoising effects and bathymetric accuracy. Furthermore, this study includes a detailed
discussion of the input variables specific to AV-OPTICS, the distribution of bathymetric
errors, and other factors influencing bathymetry.

2. Materials and Methods
2.1. Study Area and Data
2.1.1. Study Area

The Commonwealth of Puerto Rico is situated in the eastern part of the Greater Antilles
in the Caribbean Sea, encompassing the islands of Puerto Rico, Vieques, and Culebra. This
study specifically focuses on the Culebra region, which spans from approximately 18.25°N
to 18.36°N latitude and 65.15°W to 65.35°W longitude. Figure 1 illustrates images of
Culebra and its location, labeled by a red circle.

65°210"W 65°18'0"W 65°15'0"W
20190119gt31 20200721gt2l -
,20201016gt21  ==-----— 20181024gt3r 5
‘\~1’0¢h00717gt31 201904205:21 b=
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£
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- —

Figure 1. Study area and the detection tracks of ATLAS represented by six different colors of
dashed lines.
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2.1.2. ICESat-2 ATL03 Data

The study utilized ATLO3 data from the study area to validate the proposed bathy-
metric method and assess its capability. ATL03 data consists of photon point clouds with
precise geographic coordinates, capturing geospatial information from signal photons
reflected by both the sea surface and seafloor, enabling the reconstruction of ocean profiles
and bathymetry.

An ATLO3 file comprises six groups of data corresponding to six tracks (gt1l, gtlr, gt2l,
gt2r, gt3l, and gt3r, where “1” and represent left and right, respectively). Due to the
signal intensity and geographic coordinates, not all groups of data contain distinct signal
points of the water bottom. For validation purposes, six ATL03 data with distinct signal
points of water bottom were selected from the study area. as depicted in Figure 1, where
dashed lines of different colors represent the various ATLO3 data tracks. Table 1 presents
detailed information on the six ATL03 data used in this study, including acquisition dates,
tracks, geographic coordinates, and the number of LiDAR points.

“"_rr
r

Table 1. Detailed information of six ATL03 data.

Data Name Date Geographic Coordinates Range Track Number of LiDAR Points
20190119gt31 20190119 18.2885°N, 65.2767°W~18.2936°N, 65.2773°W gt3l 3475
20181024 gt3r 20181024 18.3234°N, 65.2391°W~18.3192°N, 65.2395°W gt3r 4442
20200717gt31 20200717 18.2965°N, 65.2485°W~18.3001°N, 65.2488°W gt3l 2450
20200721gt21 20200721 18.2969°N, 65.2504°W~18.2949°N, 65.2506°W gt2] 892
20201016gt21 20201016 18.3290°N, 65.3147°W~18.3316°N, 65.3150°W gt2] 2063
20190420gt21 20190420 18.3010°N, 65.3118°W~18.3039°N, 65.3121°W gt2l 1391

2.1.3. ALB In Situ Data

In this study, we utilized airborne LiDAR bathymetry data provided by NOAA'’s
Office of Coastal Management as in situ data for validating the bathymetric accuracy of
the ICESat-2 data in our study area. The in situ water depth data were collected on 11 July
2018 by Leading Edge Geomatics using a Riegl VQ-880-G II LiDAR system, as depicted in
Figure 2.
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Figure 2. Water depth results of study area for ALB reference data.

2.2. Method
2.2.1. Photon-Counting Bathymetric Method

The ATL03 data obtained from Culebra contain thousands of photon points. Due to
the influence of sunlight, water scattering, suspended solids, and other factors, these data
include a large number of noise photons in addition to those from the sea surface and
seafloor. This noise presents significant challenges for water depth extraction. Therefore,
after obtaining the original ATL03 data, the AV-OPTICS model was employed to isolate
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pure signal photons, including those from the sea surface and seafloor. Subsequently, water
depth was extracted based on the coordinates of the signal photons. During this extraction
process, it is essential to consider the effects of refraction and tides on the coordinates of
the signal photons. Tidal effects cause the sea level to change over time, and the refraction
of seawater biases the position of underwater photons. Hence, the influence of both effects
on bathymetry must be eliminated to extract the true water depth, which can then be
compared with in situ data.

2.2.2. AV-OPTICS Denoising Algorithm

To handle the numerous noise photons in the ATL03 data, the AV-OPTICS model
employs an elliptical filter and density threshold to define the distance parameters for each
photon. It then screens out noise photons based on the size of these distance parameters.
To achieve accurate and automatic denoising, the size of the elliptical filter is adjusted
according to the distribution characteristics of the point cloud in different data. The
proposed model is divided into three steps to realize this aim, as follows:

(a) Draw the elevation histogram, perform Gaussian curve fitting, and classify water
surface photons and underwater photons based on the confidence interval.

(b) Calculate the size of the elliptical filter according to the distribution characteristics of
underwater photons.

(c) Use the AV-OPTICS denoising algorithm to extract water bottom photons from under-
water photons.

Finally, we integrated the water surface photons obtained in Step (a) with the water
bottom photons obtained in Step (c). This enabled the denoising of different ATLO3 data
and the successful extraction of signal photons.

(a) Based on the elevation distribution of the original photon point cloud data, we
obtained a height distribution histogram, as depicted in Figure 3. Two Gaussian peaks were
identified by fitting the elevation distribution histogram to a double Gaussian distribution
function. According to the characteristics of the ATL03 data, these two peaks correspond
to the intervals where the water surface photons and water bottom photons are located.
We preliminarily determined the elevation interval with the red profile in Figure 3 corre-
sponding to the water surface photons based on the understanding that the elevation of
the water surface is higher than that at the water bottom. We extracted the photons within
the 99% confidence interval as water surface photons, while the remaining photons below
the intersection of the two Gaussian functions were considered underwater photons.
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Figure 3. The elevation distribution histogram of ATL0O3 photon data.

(b) After obtaining the water surface photons, it is necessary to acquire the water
bottom photons from the underwater photons. Owing to the absorption by the water
column, signals reflected through the water bottom are much weaker compared to those
from the water surface, making extraction more difficult [33]. To accurately extract water
bottom photons, [32] applied the OPTICS clustering algorithm to remove noise from
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underwater photons. The OPTICS algorithm uses an elliptical filter of a certain size to
define distribution parameters such as core distance and reach distance for each point,
then calculates a reach/distance threshold based on all points in the data. By comparing
the reach distance of each point with the reach/distance threshold, it determines whether
the point is a signal or a noise point. A detailed introduction to the OPTICS algorithm
is in Step (c). However, in the study by [32], the distribution parameters were obtained
using a fixed size of the elliptical filter in the OPTICS algorithm, which does not accurately
reflect the distribution characteristics of different water bottom terrains in different ATL03
data, resulting in inadequate denoising of photons near the water bottom. To address this
limitation, we propose an Adaptive Variable OPTICS (AV-OPTICS) model. This model
can calculate more suitable input variables based on the distribution characteristics of the
water bottom photons, thereby achieving precise denoising near the bottom of the water.

The input variables of the AV-OPTICS model include the semi-minor axis b and the
semi-major axis a of the elliptical filter. The value of b is related to the vertical width of the
water bottom contour, whereas the value of a needs to be calculated using the K-means
nearest neighbor method.

For different photon cloud data, the photon clouds were concentrated near the water
bottom contour, possessing a certain width in the vertical direction, as shown in Figure 4.
We measure the vertical width /1 of the underwater contour and take //2 as the value of b.
The reason for this is explained in Section 4.1. For relatively flat water bottom terrains, as
shown in Figure 4a, the vertical width & of the water bottom contour can be obtained by
fitting the elevation distribution histogram with a Gaussian function and then calculating
the width of the confidence interval. However, for more complex water bottom terrains,
as shown in Figure 4b, where the elevations of the left and right sides are not equal, the
elevation distribution histogram may show a bimodal phenomenon, making it difficult to
measure the vertical width h. To solve this problem, we divided the point cloud data into #
segments along the horizontal direction. In this paper, n was set to 11. Each segment’s data
could be fitted with a Gaussian function, and the width of the 95% confidence interval was
chosen as the value of & for that segment.
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Figure 4. The contours of the water bottom terrain under different scenarios. (a) relatively flat water
bottom terrains; (b) complex water bottom terrains.

To exclude outliers that may be obtained in some segments, the median of the results
obtained from multiple segments was taken as the width & of the water bottom contour,
and /1/2 was taken as the value of b.

The OPTICS algorithm typically has three input variables: semi-minor axis b, semi-
major axis 4, and density threshold Ny, pss. The density threshold Ny, pss can be derived
from the semi-minor axis b and semi-major axis 4, as shown in Equation (1); therefore, it
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can be considered that the OPTICS algorithm has two input variables: a semi-minor axis b
and a semi-major axis 4.

_ mabNy
S51= Tl
_ ﬂﬂsz
52= Ryl @
Nos: — ceil[-251=%2
MinPts = C€l []n(251/52)]

where S; denotes the total number of photons within the elliptical filter, N; represents
the total number of photons for a given sample, /1 and [ are the maximum differences in
the vertical and along-track distances in the photon cloud of the sample, respectively; S»
denotes the number of noise photons within the elliptical filter and N, is the number of
photons within a 5 m range upward from the deepest point and 5, is the height of this
range, set to 5 m; ceil() represents the ceiling function [34].

From Equation (1), we observe that when b remains constant, the value of Ny, pss is a
positive integer that correlates positively with a. As the value of the semi-minor axis b is
already known, the optimal density threshold Ny, pss can be determined first, and then
b and Njginpts can be used to calculate the value of 4 via backward induction. Compared
with 4, the density threshold Njyj,pts is one of the parameters that directly influences the
denoising effects. An extremely small value of Ny, pss results in the retention of more noise
points, whereas an excessively large value leads to over-denoising. Regarding the selection
of Nptinpts, research has been conducted indicating that Ny, pss are typically fixed at 4 [35].
Therefore, we set the density threshold Ny, pts to 4 and then attempted to obtain the value
of the semi-major axis a using the known values of the semi-minor axis b and Ny, pys-

Given the known values of b and Ny, pts, the K-mean nearest neighbor method [36]
was employed to obtain the value of a. For data with #n points, the K-mean nearest neighbor
method involves three steps: (1) compute the distance distribution matrix D,,;,, where D,
is an n x n symmetric matrix, and D, (i, j) represents the distance from the i th point to
the j th point; (2) sort each row of the distance distribution matrix in ascending order to
obtain D,,,; (3) calculate the average values of each column of Dy, to obtain the list D,.
The list D,s obtained from the K-nearest neighbor method represents the sorted distances
from a certain point p to other points. This study modifies Step (1) to compute a horizontal
distance distribution matrix. Consequently, D.s obtained after these three steps represents
the sorted horizontal distances from a particular point p with the other points. We take
these transformed lists D, as the semi-major axis parameter list D, for a, where we choose
one as the final value of a. Along with the known value of b, each value in D, is substituted
into Equation (1) to obtain a density threshold parameter list D;, for Ny, pts- Based on Dy,
and D,, we obtained the value of a based on the value of Ny, pi. However, because of the
rounding of Ny, pss values in Equation (1), Dy, and D, may include cases where multiple
a values correspond to a single Ny, pts value. In such instances, the a value corresponding
to Npjinpts closest to 4 was selected. In other words, the minimum a value when Npy;;,pts 1S
equal to 4 in D, lists is the final value chosen for the semi-major axis a.

In summary, for different underwater scenarios, this study selected half of the vertical
width h of the water bottom contour as the value of the semi-minor axis of b. Then,
employing the K-mean nearest neighbors method, the minimum a value when Nyjinpts
was equal to 4, was identified as the value of 4, achieving automated determination of the
input variables.

(c) After obtaining the input variables b and 4, they were incorporated into the OPTICS
algorithm to achieve denoising of underwater photons. Unlike traditional distance metrics,
the OPTICS algorithm, based on an elliptical filtering kernel, defines the distance between
any two points p and ¢, as shown in Equation (2). In this formula, x, and x, represent the
along-track distances of points p and g; y, and y,; denote the elevation values of points p
and g.

v — 12 Y
d(p,q) = \/( 4 q) I (yp b2]/q) @)
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Under this definition, the distance of the two points is quite different. As shown in
Figure 5, point o is the center of the elliptical filter with a semi-minor axis b and a semi-major
axis a; wl, w2, and w3 are three points near the point p. In these points, w1 is on the elliptical
filter, so the distance between w1l and o0 is 1. w2 is inside the filter, and the distance ow?2 is
smaller than 1. Similarly, the distance ow3 is greater than 1. Comparing the distance of o
and w with 1, we can determine whether a point w is inside the elliptical filter of o0 or not.

L 3 y

w3

Figure 5. The distance of point 0 and w under the definition of OPTICS algorithm.

Based on the definition and parameters, the OPTICS algorithm defines two concepts:
core distance and reach distance. Within an elliptical filter centered on photon point p,
if the number of photon points is greater than or equal to the density threshold Ny, pts,
photon point p is identified as the core point. If p is a core point, the minimum distance that
makes p a core point is referred to as the core distance of p, denoted as d.(p). d, represents
the reach distance. If p is a core point, d,(p, q) is defined as the maximum distance d(p, q)
between sample point g and core point p or p’s core distance d.(p). When p was not a core
point, d,(p, q) were inexistent. The formulas for calculating the core and reach distance
are shown in Equations (3) and (4), where N,;,(p) denotes the number of points within an
elliptic filter centered on p, a2 and b are the semi-major and semi-minor axes, respectively. x
represents a point within the elliptical filter centered on p which is the Ny, psth nearest

to p.
undefined, Nah(P) < NMinPts
d(p) = 3
<(p) { 4(p,x), Nup(p) > Nytinpi @)
undefined/ Nab(p) < NMinpts
dr 7 = 4
(p.4) { max(de(p), d(p, ), Nap(p) > Natinpis @

For the photon cloud data, each photon point corresponds to a reach distance d,. A
larger d, indicates a greater distance from other points, whereas a smaller d; indicates closer
proximity to other points. Based on the characteristics of the d, list, the values of d, less
than 1 were selected and subjected to the OTSU method [37] to obtain the reach/distance
threshold d, 4,. If the reach distance d, for sample point p is smaller than d, ;,, then the
sample point p is classified as a signal point; otherwise, it is classified as a noise point. This
approach effectively separates the signal photon points from the noise photon points based
on the reach/distance threshold d, .

2.2.3. Water Depth Extraction

Based on the aforementioned method, we can obtain pure water surface and bottom
signal photons, enabling the extraction of water depth based on these signal photons.
However, during the propagation of water bottom photons, both their speed and direction
change when they cross the air/water interface. According to Snell’s law, the coordinates
of the water bottom photons are shifted due to refraction, which affects the accuracy of
water depth extraction. Therefore, it is necessary to perform refraction correction of the
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water bottom photons during water depth extraction. Simultaneously, sea level periodically
changes under the influence of tidal forces from the sun and moon, known as tidal effects.
To mitigate the impact of tidal effects on water depth extraction, it is essential to calculate
the difference between the instantaneous water level and the reference water level and then
obtain water depth values based on the reference water level.

To mitigate these two effects on water depth extraction, we first perform refraction
correction to obtain the water depth under instantaneous water level. In this study, we
adopted the refraction correction method outlined by [38], which considers the influence of
laser incidence angles and water surface fluctuations. Unlike other refraction correction
methods, they initially calculate the laser incidence angle 6 using parameters ref_elev pro-
vided by the ATLO03 data, as shown in Equation (5). To characterize sea surface fluctuations,
a fifth Fourier series was employed to fit the water surface photons. Subsequently, the
derivative of the fitted fifth Fourier series is computed to obtain the slope angle ¢ of each
position on the sea surface, as illustrated in Equation (6). Given the known angles 6 and
@, three conditions are considered, as depicted in Figure 6. By applying Snell’s law and
relevant trigonometric principles, the actual positions of the water bottom photons under
these three conditions can be determined. Detailed methods for each case are available in
the aforementioned paper.

0= g —ref_elev (5)

f(x) =ap+ ké (ay cos(kwx) + by sin(kwx))

(6)

o(x) = i (—aywx sin(kwx) + brwx cos(kwx))
k=1

¢(x) = arctan(p(x))
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Figure 6. The spatial geometric relationships of refraction correction under different slope angles ¢.
The green and red vectors correspond to the original coordinate and corrected coordinate of water
bottom photons, respectively [38].

After refraction correction, we obtained the water depth at the instantaneous water
levels. However, owing to tidal effects, the water level varies constantly. Therefore, it was
necessary to perform tidal correction to derive the water depth based on the reference
water level. This study employed the S-TIDE model [39] for the tidal analysis of the study
area to determine the difference between instantaneous and reference water levels. Initially,
the equilibrium tide function from the S-TIDE model was used to obtain the height of the
equilibrium tide at the detection time, which served as the instantaneous water level in the
study area. Simultaneously, mean lower low water (MLLW) was selected as the reference
water level for the study area [40]. Centered on the detection time, we utilized the model
to predict the equilibrium tide height over a week and then calculated the MLLW during
this time, establishing it as the reference water level. After obtaining the instantaneous
and reference water levels, the difference Al between them was calculated. Furthermore,
by subtracting Ah from the water depth under instantaneous water level, the water depth
based on the reference water level can be obtained. The computational process is detailed in
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Equations (7)-(9), where Djs¢0,¢ and Dy,q, represent the water depth under instantaneous
water level and reference water level, respectively; Hyr face_instants Hsur faceys,, a0d Hseafloor
represent the elevation of instantaneous water surface, reference water surface, and seafloor,
respectively. In ATL03 data, the water surface photons can be moved downward by Ah to
characterize the reference water level.

Dinstant = Hsurface_instant - Hseafloor (7)
Ah = Hsurface_instant - Hsurface_base (8)
Dypase = Hsurface_base - Hseafloor = Dinstant — Oh )

After applying refraction and tide corrections, we employed a fifth-order Fourier
series to model the water surface elevation from the photon data. The average value of this
series was then taken as the relative elevation of the water surface. For deriving the water
bottom profile, we utilized a B-spline to fit the photon data from the water bottom. Finally,
we extracted water depths according to the height difference between the water surface
and water bottom and validated these bathymetric values by comparing them with in situ
data.

3. Results
3.1. Evaluation Methodology

To validate the accuracy of the AV-OPTICS model, six sets of point cloud data were
extracted from the ATLO3 data, as described in Section 2.1.2. The experiments evaluated the
model’s performance in terms of denoising and bathymetric accuracy. The denoising effect
of the model was assessed using the F1 value and cohesion C,j;, whereas the bathymetric
accuracy was evaluated using the mean absolute error (M AE) and root mean square error
(RMSE).

To assess the denoising effectiveness of the AV-OPTICS model, we employed two met-
rics: the F1 score to gauge overall performance and cohesion C,, for a detailed assessment.

The F1 score, widely utilized in point-cloud classification, is derived from the weighted
harmonic average of Recall R and Precision P, as illustrated in Equation (10). Ntp denotes
the number of correctly classified signal photons, Ny is the number of incorrectly classified
signal photons and Nrp is the number of incorrectly classified noise photons. A higher F1
value indicates better overall denoising performance of the model.

__ 2xXPxR
F1= P+R
_ __Npp
P= Nrp+Npp (10)
Ntp

R= Nrp+Nrn

Cohesion C,, reflects the extent of point-cloud dispersion within a certain region and
measures the denoising effect. A smaller cohesion value indicated fewer discrete noise
points within this region. The formula for cohesion is shown in Equation (11), where C,,
represents the value of cohesion, » denotes the number of photon points within a specific
region, x; indicates the photon points within the region, c refers to the centroid within
the region, and proximity() denotes the proximity formula used to compute the proximity
between the two points.

r
Con = )_ proximity(x;, c) (11)
i=1

Typically, the proximity formula is based on the squared Euclidean distance. However,
considering that the noise points are vertically distributed near the water bottom contour,
the vertical distance is more relevant to the denoising effect. Therefore, this study adopted
the squared vertical distance as the formula for proximity, with the centroid position being

the average vertical distance of all points within the region.
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To evaluate the bathymetric accuracy of the AV-OPTICS model, this study employed
two evaluation indexes: MAE and RMSE. MAE is the mean absolute error between
bathymetric and in situ data, providing an intuitive observation of the error. MAE can be
used to evaluate the overall bathymetric accuracy of the model. RMSE is the root mean
square error between the bathymetric and in situ data, which is more sensitive to outliers
in bathymetry data compared to MAE, making it a more effective metric for discerning
subtle differences between different models. As such, we utilized RMSE to compare the
performance of various bathymetry models. The formulae for MAE and RMSE calculations
are shown in Equations (12) and (13). In the two Equations, y; represents the value of
bathymetric data obtained by the model, ij; denotes the value of in situ data, # indicates
the number of data points.

1¢ .
MAE = ) |yi = §il (12)
i=1
1¢ 2
RMSE = Ex(yi—]/i) (13)

3.2. Denoising Results and Comparison

The AV-OPTICS model automatically calculates input variables based on photon
distribution characteristics to denoise raw photons and extract water surface and bottom
photons precisely. In this study, we selected six ATLO03 data from the Culebra region; among
them, three data are illustrated in Figure 7a,d,g. Denoising results using the AV-OPTICS
model are presented in Figure 7b,e,h, where the water surface, bottom, and noise photons
are annotated with blue, red, and grey points, respectively. Figure 7b,e,h demonstrate the
AV-OPTICS model’s effectiveness in denoising and extracting water surface and bottom
photons from the raw photons.

To demonstrate the advantages of the AV-OPTICS model, we conducted a comparative
experiment using the traditional OPTICS algorithm, which employs fixed input variables
determined via trial and error [32]. The denoising results of the traditional OPTICS model
are shown in Figure 7c,f,i. Both methods exhibit effective denoising in regions distant from
the water bottom, as depicted in Figure 7. However, near the water bottom, the AV-OPTICS
model shows fewer noise photon points compared to the traditional OPTICS algorithm.
To quantitatively compare the two methods, the F1 value and C,;, were computed for
each method.

Based on the manually annotated signal photons, the F1 values for the different ATL03
data were calculated using Equation (10), and the results are listed in Table 2. Table 2
shows six sets of F1 values corresponding to the denoising outcomes. The average F1 value
achieved by our AV-OPTICS algorithm is 97.53%, while the average F1 value obtained
by the traditional OPTICS algorithm is 96.89%. This comparison indicates that the AV-
OPTICS model offers an improvement in denoising accuracy compared to the traditional
OPTICS model.

Table 2. F1-score, P, and R of our method and traditional OPTICS.

Data N Our Method Traditional OPTICS
ataName 1y geore P R F1-Score P R
20190119gt31 0.9704 0.9559 0.9854 0.9635 0.9310 0.9983
20181024gt3r 0.9885 0.9901 0.9870 0.9850 0.9781 0.9921
20200717gt31 0.9631 0.9888 0.9388 0.9594 0.9203 1.0000
20200721gt21 0.9722 0.9633 0.9813 0.9664 0.9328 1.0000
20201016gt21 0.9740 0.9717 0.9779 0.9652 0.9476 0.9833
20190420gt21 0.9837 0.9809 0.9865 0.9740 0.9545 0.9944
Average value 0.9753 0.9751 0.9762 0.9689 0.9441 0.9947
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Figure 7. Denoising effects of our method and traditional OPTICS in different scenes.

(a) 20190119gt31—Raw data; (b) 20190119gt3l—Our method; (c) 20190119gt3l—Traditional OPTICS;
(d) 20181024gt3r—Raw data; (e) 20181024gt3r—Our method; (f) 20181024gt3r—Traditional OPTICS;
(g) 20200717gt3l—Raw data; (h) 20200717gt3l—Our method; (i) 20200717gt3l—Traditional OPTICS.

Combined with the observations in the previous paragraph, the AV-OPTICS model
notably improves denoising accuracy, especially in areas near the water bottom.

To further emphasize the advantages of AV-OPTICS in the vicinity of water bottoms, it
is crucial to magnify the contours of the water bottoms and conduct a detailed comparison
between the two models. Specifically, we examined the data named 20181024gt3r and
20190420gt2l. The enlarged water bottom contours are depicted in Figure 8, highlighting
that our algorithm produces fewer noise points near the water bottom in both experimental
scenarios. To quantitatively reflect this observation, we applied Equation (11) to com-
pute the cohesion of photons within the black boxes shown in Figure 8. The results are
summarized in Table 3.

According to Table 3, in the vicinity of the water bottom, our method achieved an
average cohesion of 24.80 m?, whereas the traditional OPTICS algorithm recorded an
average cohesion of 39.40 m?. These findings indicate that our method achieves lower

average cohesion and fewer noise points near the water bottom compared to the traditional
OPTICS method.
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Figure 8. Comparison of denoising details of the two methods in different scenarios.
(a) 20181024gt3r—Our method; (b) 20181024gt3r—Traditional OPTICS; (c) 20190420gt2l—Our
method; (d) 20190420gt2l—Traditional OPTICS.
Table 3. Cohesion values of our method and traditional OPTICS within the selected region.
Selected Region Cohesion
Data Name e
x [m] y [m] Our Method Traditional OPTICS
20190119gt31 2.03308 x 10°~2.03315 x 10° —50~—46 63.31 87.74
20181024gt3r 1.80346 x 107~1.80347 x 107 —50~—46 19.52 28.60
20200717gt31 2.03345 x 10°~2.03355 x 10° —49~-43 17.86 41.39
20200721gt21 1.80376 x 107~1.80377 x 107 —48~—43 5.81 13.87
20201016gt21 2.03760 x 10°~2.03765 x 10° —52~—45 36.52 50.90
20190420gt21 2.03455 x 10°~2.03466 x 10° —54~—49 5.77 13.87
Average value 24.80 39.40

3.3. Bathymetric Accuracy and Comparison

To enhance bathymetric accuracy, it is crucial to perform coordinate correction of
photons during water depth extraction to mitigate the effects of refraction and tides. Using
20190119gt31 and 20181024gt3r as examples, coordinate correction was conducted following
the methodology outlined in Section 2.2.3, and the results are illustrated in Figure 9.
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Figure 9. Coordinate correction and fitting profiles of the signal photons. (a) 20190119gt3]—
Coordinate correction; (b) 20190119gt3l—Fitting profiles; (c) 20181024gt3r—Coordinate correction;
(d) 20181024 gt3r—TFitting profiles.

In Figure 9, the original coordinates of the surface and bottom photons are denoted by
blue and red dots, respectively. Corrected coordinates after photon correction for surface
and bottom photons are indicated by purple and green dots, respectively. Figure 9a,c
demonstrate that the actual positions of water bottom photons are higher than their original
positions due to the refraction of the seawater. Furthermore, the deeper the water, the
greater the deviation between actual and original positions. Conversely, as shown in
Figure 9a,c, the corrected positions of water surface photons were lower than their original
positions. This adjustment aligns with the study area’s reference water level, which is
typically MLLW (Mean Lower Low Water); hence, instantaneous water levels are typically
higher than this reference. Therefore, water surface photons were adjusted downward to
the relative position of the reference water level to derive water depth data based on this
standard. Following refraction and tidal corrections, a fitting procedure was employed
to extract depth information from both water surface and bottom photons, as depicted
in Figure 9b,d, respectively. Profiles of the water bottom and reference water surface are
represented by black and blue lines, respectively, with detailed fitting methods explained
in Section 2.2.3.

Using the aforementioned method, we successfully extracted bathymetric data from
the ATLO3 data. To validate their bathymetric accuracy, we utilized ALB data introduced
in Section 2.1.3 as in situ data for verifying the bathymetric results obtained via photon-
counting LiDAR. Taking data 20190119gt31 and 20190420gt2] as examples, a comparison
between bathymetric data and in situ data is illustrated in Figure 10a,c, where the red and
black points represent bathymetric and in situ data, respectively. From Figure 10a,c, it is
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evident that the water bottom profiles derived from the bathymetric data closely match
the in situ data profiles. Concurrently, comparative experiments were conducted using
the traditional OPTICS algorithm, as shown in Figure 10b,d. Comparing Figure 10a,c with
10b,d, it is observable that the water bottom profiles obtained using the traditional OPTICS
method exhibit deviations from the in situ data in certain areas, primarily due to noise
points near the water bottom. To further elucidate this observation, we quantitatively
compared the bathymetric accuracy of both methods using MAE and RMSE. The results
of this comparison are presented in Table 4.
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Figure 10. Bathymetric accuracy validation and comparison of our method and traditional OPTICS.
(a,b) on the first row correspond to 20190119gt31, while (c,d) on the second row correspond to
20190420gt2]. The red and black points represent the bathymetric results of the corresponding
method and in situ data, respectively. (a) 20190119gt3l—Our method; (b) 20190119gt3l—Traditional
OPTICS; (c) 20190420gt21—Our method; (d) 20190420gt2l—Traditional OPTICS.

Table 4. MAE and RMSE of our method and traditional OPTICS.

Our Method Traditional OPTICS
Data Name
MAE RMSE MAE RMSE

20190119gt31 0.17 0.24 0.27 0.41
20181024gt3r 0.10 0.13 0.11 0.15
20200717gt31 0.28 0.33 0.31 0.41
20200721gt21 0.49 0.51 0.55 0.56
20201016gt21 0.29 0.33 0.34 0.42
20190420gt21 0.32 0.34 0.38 0.43
Average value 0.28 0.31 0.33 0.40
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Using the ALB data from Section 2.1.3 as the in situ reference in Table 4, the MAE of
the bathymetric data obtained by our method ranges between 0.10 m and 0.49 m, averaging
0.28 m, while the RMSE ranges from 0.13 m to 0.51 m, averaging 0.31 m. From the six ATL03
data, 20181024gt3r has the lowest MAE and RMSE while 20181024gt3r has the highest.
That is probably related to the LIDAR point number of the data. Combining with Table 1,
we can find the ATLO3 data with more photon points has lower MAE and RMSE in most
cases, which also means the data with stronger signal intensity are more likely to have a
better bathymetric result. In comparison, the MAE ranges from 0.11 m to 0.55 m, averaging
0.33 m, with RMSE values of the bathymetric data obtained by traditional OPTICS model
ranging from 0.15 m to 0.56 m and averaging 0.40 m. Our method achieves lower MAE
and RMSE values compared to the traditional OPTICS model. Specifically, our method
reduces the average MAE by 0.05 m and the average RMSE by 0.09 m. This demonstrates
that our method provides bathymetric data with smaller errors relative to the in situ data,
indicating higher accuracy compared to the traditional OPTICS model.

4. Discussion
4.1. The Parameters of AV-OPTICS

In Section 3.2, it was established that the AV-OPTICS model outperformed the tradi-
tional OPTICS model in denoising near the water bottom. This section aims to explore the
underlying reasons by analyzing two key input variables: the semi-minor axis b and the
semi-major axis a of the elliptical filter. Under ideal conditions, a specific contour of water
bottom photons can be approximated as a rectangle. When considering the elliptical filter
without horizontal dimension consideration, it resembles a vertical line segment of length
2b, as illustrated in Figure 11.
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Figure 11. Idealized model of elliptic filter in vertical direction. The water bottom contour within the
black block is regarded as a gray rectangle. The yellow, red, blue, and green lines are the idealized
elliptical filters with different lengths of semi-minor axis, respectively.

In Figure 11, if the vertical width of the water bottom contour is denoted as /, the
points outside this range are considered as noise points. Identified point p1 as a noise
point, when the semi-minor axis b > h, the number of points within the idealized elliptical
filter centered on p1 is approximately equal to the number of points within the idealized
elliptical filter centered on g1, which is the central point of the water bottom contour. This
implies that the distribution densities of points p1 and g1 are similar, making p1 less likely
to be removed as a noise point. To effectively remove p1, it is necessary to reduce the value
of b. When the semi-minor axis b decreases to /1, the number of points within the idealized
elliptical filter centered on edge point p2 of the water bottom contour is approximately
equal to the number of points within the ideal elliptical filter centered on 42, which is the
central point of the water bottom contour. However, given the elevation distribution of
the water bottom contour, which resembles a Gaussian distribution, it is unreasonable to
assume identical density distributions between the edge and central points. According to
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Equation (1), when b is too small, the density threshold Ny, pts becomes extremely low,
leaving many discrete noise points that do not satisfy the requirements. From the above
analysis, it can be concluded that the value of the semi-minor axis b should be in the range
of 0 to h. However, the values at the extremes of this range are not suitable. Therefore, a
compromise was achieved by setting b = h/2.

Similar to the analysis of the semi-minor axis, considering the detailed parts of the
water bottom contour as a rectangle and neglecting the vertical distance of the elliptical
filter, the ellipse can be simplified as a horizontal line segment of length 2a. The horizontal
direction of the idealized model is depicted in Figure 12.
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Figure 12. Idealized model of elliptic filter in horizontal direction. The water bottom contour within
the black block is regarded as a gray rectangle. The yellow and red lines are the idealized elliptical
filters with different lengths of semi-major axis, respectively.

Based on the above analysis, if point 41 is a noise point and the length of the yellow
segment equals to 24, the distribution densities of points 41 and central points 42 are similar,
and both g1 and the central point 42 are treated as noise points and removed, resulting in
the disappearance of the water bottom details on both sides. Conversely, if point 43 is a
noise point and 2a is shortened to the length of the red segment, the neighborhood density
around noise point 43 and detail center g4 will differ, allowing g4 to be preserved while
g3 is removed. However, when the value of a is too low, it causes Ny, ps to be extremely
small, resulting in the retention of more discrete noise points. From this analysis, it is
evident that maintaining the semi-minor axis b a constant and increasing the semi-major
axis a leads to fewer discrete noise points but may sacrifice some water bottom details on
both sides. Conversely, decreasing a preserves the water bottom details on both sides but
allows more discrete noise points to persist. Therefore, the selection of a should balance the
preservation of terrain details on both sides and minimize discrete noise points. Based on
the theoretical basis of Section 2.2.2, the minimum value of 2 when Nj;,pis = 4 is chosen
as the semi-major axis to minimize discrete noise points while preserving water bottom
details on both sides as far as possible.

Based on this analysis, we can elucidate the denoising effects of the AV-OPTICS model
compared to the traditional OPTICS algorithm. In various experimental scenarios, the
semi-minor b in the traditional OPTICS algorithm was approximately or more than twice
the value obtained automatically using our method. As discussed, an excessively large
value of b can result in noise photons near the water bottom having similar distribution
densities to the water bottom signal photons at the contour’s center, posing challenges
for differentiation. This adversely impacts the denoising efficacy in the vicinity of the
water bottom. Overall, compromised denoising near the water bottom affects precision P,
resulting in decreased F1 values and impacting overall denoising accuracy.

4.2. Error Analysis of Bathymetry

To further demonstrate the enhanced bathymetry performance of our method, in
this section, we use two data, 20190119gt31 and 20201016gt2l, as examples and assess the
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errors between the bathymetric data points obtained by both methods and the in situ data
points by plotting error distribution histograms, as depicted in Figure 13. In these figures,
the x-axis represents the error values between the bathymetric data and in situ data with
an interval of 0.5 m, while the y-axis denotes the percentage of points corresponding to
each error value. Figure 13a,c show the error statistics for the AV-OPTICS model, whereas
Figure 13b,d indicate those for the traditional OPTICS method. From the graphs, it is
evident that our method yields depth errors predominantly within the range of —1 m to
1 m, with approximately 90% of errors having an absolute value within 0.5 m. In contrast,
the traditional OPTICS method shows a wider distribution range of depth errors, with
fewer errors having an absolute value within 0.5 m compared to the AV-OPTICS model.
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Figure 13. Deviation percentage between ICESat-2 results and ALB in situ data, with an interval of
0.5 m for each histogram column. (a,b) on the first row correspond to 20190119gt31, while (c,d) on the
second row correspond to 20201016gt21. (a) 20190119gt3l—Our method; (b) 20190119gt3l—Traditional
OPTICS; (c) 20201016gt21—Our method; (d) 20201016gt2l—Traditional OPTICS.

To better evaluate the error distribution, we calculated the percentages of depth errors
within the intervals [-1 m, 1 m] and [—0.5 m, 0.5 m] for six data under each method,
summarized in Table 5. According to Table 5, our method shows that nearly all errors fall
within the [-1 m, 1 m] range, with an average percentage of 99.81%. Within the narrower
range of [-0.5 m, 0.5 m], the average percentage is 83.48%. In contrast, the traditional
OPTICS algorithm averages 98.35% of errors within the [-1 m, 1 m] range and 76.75%
within the [-0.5 m, 0.5 m] range. These percentages are lower compared to our method.
This indicates that our method offers improved detection performance and bathymetric
accuracy relative to the traditional OPTICS algorithm. This improvement stems from
the AV-OPTICS model’s effective denoising near the water bottom, which reduces the
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impact of nearby noise photons on the water bottom profile, thereby concentrating the
error distribution and minimizing depth measurement deviations.

Table 5. Proportion of error distribution of our method and traditional OPTICS.

Our Method Traditional OPTICS
Data Name
Proportion of [-1, 1] Proportion of [—0.5, 0.5] Proportion of [-1, 1] Proportion of [—0.5, 0.5]

20190119gt31 0.9974 0.9420 0.9574 0.8308
20181024gt3r 1.0000 0.9995 1.0000 0.9952
20200717gt31 0.9923 0.8866 0.9829 0.8504
20200721gt21 0.9991 0.4004 0.9951 0.3507
20201016gt21 1.0000 0.8915 0.9786 0.7791
20190420gt21 1.0000 0.8885 0.9867 0.7987
Average value 0.9981 0.8348 0.9835 0.7675

4.3. Influence of Other Factors on Bathymetry

Throughout the bathymetry process, in addition to the AV-OPTICS model, two crit-
ical processes were employed: refraction correction and tidal correction. This section
investigates their impact on bathymetric accuracy using 20190119gt31 and 20181024gt3r
as examples. Firstly, without refraction correction, the bathymetric data are illustrated in
Figure 14b,e. These figures reveal a significant decrease in bathymetric accuracy compared
to the complete process, particularly with larger deviations as water depth increases. Simi-
larly, omitting tidal correction throughout the process yields results shown in Figure 14c,f.
Here, the absence of tidal correction causes a slight downward shift in the water bottom
profile compared to the complete process, leading to decreased bathymetric accuracy. The
detailed evaluation indices are listed in Table 6.

Table 6. MAE and RMSE of our method compared with the work without coordinate correction.

Our Method Our Method Our Method
Data without Refraction Correction without Tide Correction
N
ame MAE  RMSE MAE RMSE MAE RMSE
20190119gt31  0.17 0.24 0.85 1.05 0.39 0.45
20181024gt3r  0.10 0.13 1.46 1.63 0.25 0.28
20200717gt31  0.28 0.33 0.43 0.54 0.29 0.34
20200721gt21  0.49 0.51 1.19 1.21 0.50 0.52
20201016gt21  0.29 0.33 1.68 1.83 0.33 0.38
20190420gt21  0.32 0.34 2.19 2.20 0.32 0.34
Average 0.28 0.31 1.30 141 0.35 0.39
value

The observations from Figure 14 and the evaluation indices in Table 6 indicate that both
refraction correction and tidal correction influence the bathymetric accuracy. Among them,
refraction correction had a greater impact, with deviations increasing as the water depth
increased. To determine the reasons for this, we observed the magnitudes of the depth
variations induced by each process. According to calculations from the S-TIDE model, tidal
correction results in depth variations of approximately 0.2 m across the six data. Conversely,
refraction correction, governed by Snell’s law, leads to depth variations roughly 0.25 times
the original water depth, increasing proportionally with depth. For data with mean depths
approximately equal to 4 m, the influence of refraction correction on MAE and RMSE
values of bathymetric data is on the order of 10° m, whereas tidal correction impacts MAE
and RMSE values on the order of 10~! m. Therefore, the magnitude of depth variations
caused by these correction processes significantly affects bathymetric accuracy.
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Figure 14. Bathymetric accuracy comparison of our method and that without coordinate correc-
tion. (a—c) on the first row correspond to 20190119gt31, while (d—f) on the second row correspond
to 20181024¢gt3r. The red and black lines represent the bathymetric results of the corresponding
method and in situ data, respectively. (a) 20190119gt3r—Our method; (b) Without refraction correc-
tion; (c) Without tidal correction; (d) 20181024gt3r—Our method; (e) Without refraction correction;
(f) Without tide correction.

5. Conclusions

This study presents a photon-counting LiDAR bathymetry method based on the
Adaptive Variable OPTICS (AV-OPTICS) model. Unlike traditional OPTICS methods with
fixed input variables, this approach automatically calculates the input variables based
on point cloud distribution. This adjustment ensures precise measurement of photon
distribution parameters near the water bottom, thereby enhancing denoising effects in
these areas and improving bathymetric accuracy. Experimental validation using ATL03
photon data from Culebra Island, Puerto Rico, demonstrates better denoising performance
compared to traditional OPTICS methods, reflected in higher F1-values and lower cohesion.
Using ALB data as in situ reference, our method achieves an average MAE of 0.28 m
and RMSE of 0.31 m, indicating better bathymetric accuracy than traditional OPTICS
methods. This study establishes a robust framework for shallow-water bathymetry based
on photon-counting LiDAR. Future research will integrate our AV-OPTICS method with
satellite remote sensing images for comprehensive 3D mapping of underwater landscapes.
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Abstract: Sea ice is a crucial component of the global climate system. The China-French Ocean Satel-
lite Scatterometer (CFOSAT /SCAT, CSCAT) employs an innovative rotating fan beam system. This
study applied principal component analysis (PCA) to extract classification features and developed
an ensemble machine learning approach for sea ice detection. PCA identified key features from
CSCAT’s backscatter information, representing outer and sweet swath observations. The ensemble
model’s performances (OA and Kappa) for the Northern and Southern Hemispheres were 0.930,
0.899, and 0.844, 0.747, respectively. CSCAT achieved an accuracy of over 0.9 for close ice and open
water but less than 0.3 for open ice, with misclassification of open ice as closed ice. The sea ice
extent discrepancy between CSCAT and the National Snow and Ice Data Center (NSIDC) was —0.06
+ 0.36 million km? in the Northern Hemisphere and —0.03 + 0.48 million km? in the Southern
Hemisphere. CSCAT’s sea ice closely matched synthetic aperture radar (SAR) imagery, indicating
effective sea ice and open water differentiation. CSCAT accurately distinguished sea ice from open
water but struggled with open ice classification, with misclassifications in the Arctic’s Greenland Sea
and Hudson Bay, and the Antarctic’s sea ice-water boundary.

Keywords: sea ice; CFOSAT /SCAT; PCA; ensemble machine learning

1. Introduction

Sea ice is a mixture of ice crystals, air bubbles, and brine formed in seawater. It covers
approximately 7-15% of the world’s oceans and is one of the most important components of
the cryosphere. Sea ice influences the global ocean radiative flux balance [1], thermohaline
circulation [2], biogeochemical cycles [3], and polar navigation and operations [4], as one
of the global cold sources. The increase in global temperature in recent decades has led to
significant changes in polar sea ice. Satellite records suggest that the extent of Arctic sea ice
has repeatedly reached record lows [5], while the extent of Antarctic sea ice varies greatly,
experiencing periods of positive trends and maxima of sea ice extent [6-8]. However, it
has also reached record lows in recent years [9]. This change in sea ice triggers several
global impacts, such as changes in marine ecosystems, atmospheric circulation, and Arctic
warming [10]. Therefore, it is important to monitor the distribution of sea ice in the
polar regions.

Microwave remote sensing is widely used due to its capabilities for weather-independence,
all-day observation, long-term monitoring, and comprehensive coverage [11]. In particular,
satellite scatterometers have attracted attention as an active microwave remote sensing
system that operates without imaging capabilities. These systems are crucial for providing
real-time, accurate parameters of sea ice by emitting microwave pulses towards the Earth’s
surface and analyzing the backscattered signals to infer surface properties. Table 1 provides
a comprehensive compilation of various microwave scatterometer systems along with
relevant bibliographic references, demonstrating their application in sea ice monitoring by
several international agencies. It is noteworthy that these scatterometers predominantly
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work in the C-band (5.3 GHz) and Ku-band (13.5 GHz) frequencies. Based on their beam
system, they are further classified into fixed fan beam, rotating pencil beam, and rotating
fan beam scatterometers. Based on polarization, these systems are differentiated into
vertical polarization (VV) and horizontal polarization (HH). The European Space Agency
(ESA) is leading the advancement of C-band single polarized scatterometers with fixed fan
beam, particularly through the development of instruments such as the Active Microwave
Instrument-Scatterometer (AMI-SCAT) and Advanced Scatterometer (ASCAT). On the
other hand, the National Aeronautics and Space Administration (NASA) focused more
on Ku-band dual-polarization scatterometers. This technology has evolved significantly,
moving from early fixed fan beam scatterometers (such as SeaSat-A Scatterometer System,
SASS, and the NASA Scatterometer Satellite, NSCAT) to advanced rotating pencil beam
scatterometers (such as SeaWinds and RapidScat). In addition to ESA and NASA, India
and China have also made commendable progress in this field through the independent
development of the Oceansat Scatterometer (OSCAT) and HY-2 Scatterometer (HSCAT).
These systems are comparable to NASA’s SeaWinds in terms of frequency, polarization,
and beam system. A notable milestone was reached in 2021 with the launch of the Chinese—
French Oceanography Satellite (CFOSAT), a collaborative project between China and
France that carries the innovative Chinese-French Ocean Satellite Scatterometer (CSCAT)—
a Ku-band dual polarization rotating fan beam scatterometer. To further expand this
range of instruments, China’s FY-3E satellite was deployed in 2022, equipped with Wind
Radar (WindRad), which uses dual-frequency and dual-polarization. This deployment is
particularly notable, as it marks the first use of horizontal C-band polarization in Earth
observation [12], signifying a new chapter in the microwave remote sensing of sea ice.

Satellite scatterometers can provide daily observations of polar regions and are com-
monly used to map the extent of sea ice. Table 1 lists retrieval algorithms used for sea ice
detection related to satellite scatterometers, which are broadly divided into two groups.
The first group is called the Remund/Long-NSCAT (RL-N) algorithm, which uses linear
discriminant analysis to classify ice and water by constructing features such as polarization
ratio and frequency ratio [13]. The versatility of the RL-N algorithm is evident in its ap-
plication to data from a variety of scatterometers, including OSCAT, HSCAT, and CSCAT,
among others. These results show good consistency with sea ice concentration. However,
the method has certain limitations; the accuracy of the RL-N algorithm can be significantly
affected by wind-induced surface roughness and summer ice melt [14]. These effects need
to be mitigated in the post-classification process by employing binary image processing
techniques and sea ice growth/retreat constraint methods [15,16]. The second group refers
to the Royal Netherlands Meteorological Institute (KNMI) algorithm proposed by the Royal
Netherlands Meteorological Institute. This algorithm is designed for the analysis of sea
ice using AMI-SCAT data and introduces geophysical model functions (GMFs) for sea ice
detection. It contains Bayesian classifiers that are used to determine sea ice, as described by
de Haan and Stoffelen [17] and Verspeek [18]. This approach has been successfully applied
to satellite data from SeaWinds, ASCAT, HSCAT, and CSCAT. These GMFs for different
sensors exhibit unique characteristics. AMI-SCAT’s GMF describes sea ice probability using
an ice cone line in the three-dimensional 00 space, assuming isotropic backscattering [17,18].
ASCAT’s GMF is based on a linear relationship between the forward, mid, and aft beams,
with sea ice backscatter characteristics changing with incidence angle [19]. SeaWinds” GMF
represents sea ice properties through a linear relationship between vertically and horizon-
tally polarized signals [20]. CSCAT, on the other hand, uses a look-up table to define the
GMF due to the complex observation model [21]. This validation indicates that the method
provides more accurate information for characterizing sea ice during the melting season.
The GMFs have strong dependency on specific types of remote sensors, which can impose
significant limitations when adapting to data from other sensor types or platforms.

It is worth noting that the introduction of new rotating fan beam systems such as
CSCAT and WindRad introduces variability in incidence and azimuth angles, which has
a significant impact on backscatter from OW and sea ice surfaces [22]. To deal with the
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complexity that arises from multiple angles of incidence and azimuth, the RL-N and KNMI
algorithms have also been adapted for use with the CSCAT. Zhai et al. [23] addressed
this problem by calculating the polarization ratio using the average of the horizontal and
vertical polarization CSCAT backscatter coefficients over angles of incidence and azimuth.
However, directly calculating the polarization ratio may reduce the detection accuracy
because sea ice and seawater have different sensitivities to incidence and azimuth angles.
At the same time, the CSCAT GMF model was first introduced in CSCAT by Liu et al. [24],
which simplified the problem of mixed geometry observations by selecting backscatter
observations near a 40° incidence angle to build a geophysical model of sea ice. The method
of selecting a 40° incidence angle reduces the rotating fan beam system to a rotating pencil
bean system. Li et al. [21] proposed a method of creating an incidence angle lookup table
to construct a GMF to solve the problem of mixing incidence and azimuth observations.
They observed a large standard deviation between the lowest and highest incidence angles
when constructing a look-up table model, and therefore truncated the observations at
both incidence angles. Moreover, the linear relationship between the incidence angle
and the backscatter coefficient has also been used to correct this effect [13,25]. In essence,
polarization ratio, frequency ratio, and normalization coefficients are still unable to fully
mitigate the errors caused by wind-induced sea surface roughness. For CSCAT, with
its multi-angle observations, the construction of GMFs is significantly more complex
than traditional three-dimensional spatial distributions. It can no longer be expressed
using a simple three-dimensional mathematical formula and instead requires a lookup
table for implementation. Principal component analysis (PCA), traditionally viewed as
a downscaling method, serves a dual role: It reduces the dimensionality of the feature
space and highlights uncorrelated features [26,27]. Previous studies used PCA in sea ice
retrieval by combining passive microwave radiometers and scatterometers [28] and have
showed that it is effective in reducing the complexity of feature space and improving sea
ice classification efficiency. However, the application of PCA to scatterometer observations
for classification feature extraction has not been studied. This represents an opportunity
for novel research that could potentially affect the accuracy of sea ice detection using
scatterometer data.

The study aims to (1) extract classification features from CSCAT observations using
PCA, (2) build an ensemble machine learning model to detect sea ice in both the Northern
and Southern Hemispheres, and (3) validate the results of CSCAT sea ice detection by
comparing with similar types of sea ice products and assessing the validity and feasibility
of the developed model. As such, this paper not only eliminates the dependency on specific
functions through the use of PCA, but also presents an automated algorithmic framework
that requires no empirical parameters or manual identification, making it versatile enough
to be applied across various scatterometer platforms.

Table 1. Representative microwave scatterometer system and related references for sea ice application
from various agencies in different countries (modified based on Long [29]).

Sensor Agency Frequency Polarization Reference Mission Dates
SASS NASA Ku 2VV#*2 2HH*2 Yueh et al. [30] SeaSat 1978.06-1978.10
Verspeek [18] 2 ERS-1 1991.07-1996.07
AMI-SCAT ESA C 3Vv de Haan and Stoffelen [17] 2 ERS-2 1995.04-2001.01
NSCAT NASA Ku 3VV*2 THH*2 Remund and Long [13] 1 ADEOS 1996.09-1997.06
SeaWinds NASA Ku gfll_-ci)?l?:; Bel;l;)frf:leeiié%sj gnd A]?EOS-Z 2002.12-2003.10
QuikSCAT 1999.06-2009.11
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Table 1. Cont.

Sensor Agency Frequency Polarization Reference Mission Dates
Metop-A 2006.10-2021.11
Belmonte Rivas et al. [19] 2 etop
" Breivik et al. [31] 2 Metop-B 2012.09-
ASCAT ESA c 3VVi2 Lindell and Long [32] 2
Aaboe et al. [33] 2 Metop-C 2018.11-
HH-inner . 1 OceanSat-2 2009.09-2014.02
OSCAT ISRO Ku VV-outer Hill and Long [34] ScatSAT-1 2016.09-2021.02
HY-2A 2011.08-2022.04
i Xuetal. [35] ! HY-2B 2018.10-
HSCAT ~ NSOAS Ku e Lietal. [16] ! '
-outer Zou etal. [36] ! HY-2C 2020.09-
HY-2D 2021.05-
RapidScat NASA Ku VV HH Singh et al. [28] ! ISS RapidScat ~ 2014.09-2016.08
Liu et al. [24] 2
Zhai et al. [23] 1
CSCAT CNSA Ku VV HH Lietal. [21]2 CFOSAT 2018.10-2023.01
Liu et al. [37] 2
Xu et al. [38] 1
. VV#*2 . 1
WindRAD CMA C/Ku HH*2 Zhai et al. [39] FY-3E 2021.05—

1 Algorithm belonging to RL-N. 2 Algorithm belonging to KNMIL

2. Materials and Methods
2.1. Materials
2.1.1. Input Data

The CSCAT Level 2A (L2A) products used here were maintained by the National
Satellite Ocean Application Service, can be derived from https://osdds.nsoas.org.cn, ac-
cessed on 21 January 2023, and cover the period 2019-2022. CSCAT on-board CFOSAT is a
real aperture radar operating in the Ku band (13.256 GHz) and collects vertical (VV) and
horizontal (HH) polarization backscatter coefficient from two rotating fan beam antennas
(Figure 1). The CSCAT covers a 1050 km swath divided into 25 km and 12.5 km regular
grid wind vector cells (WVCs), with incidence angles ranging from 25° to 48° for fan
beams. For the objectives of this study, the 25 km resolution provides sufficient detail and
accuracy, while also demonstrating good quality and stability in our study area, making
it the most suitable choice for this research. WVCs for cross-track orbit near ~43°S are
shown in Figure 1lc. According to Li et al. [40], the WVCs can be classified into three
groups: outer swath WVCs (number 1-5, number 38-42); sweet swath WVCs (number
6-12, number 31-37); and nadir swath WVCs (number 13-30). CSCAT provides multiple
views in the Ku band 0¥, and ¢, per WVC, with a smaller number of views and less
azimuth diversity in the outer and nadir swath and a larger number of views and more
azimuth diversity in the sweet swath [41]. The incidence angle of WVCs exhibits axisym-
metric properties relative to the nadir point and shows a large range of variability as the
nadir point is approached. The azimuth angle shows central symmetry with respect to
the nadir point. This characteristic distribution is displayed in Figure 1b and was a direct
consequence of the rotating fan beam system of the CSCAT. It represented the forward-
or backward-looking wind. The design of CSCAT cleverly combined the features of fixed
fan beam and rotating pencil beam scatterometers. This combination not only expanded
the swath, but also significantly increased the diversity of observation geometries within a
specific swath.
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Figure 1. (a) Observation geometry of CSCAT adapted from Zhang et al. [42]. (b) Incidence
and azimuth angles versus the cross-track wind vector cell (WVC) number for a row at a lati-
tude of ~43°S from orbit observed on 1 January 2019 at 07:56:26, showcasing WVC views in color
and U"O/V and O'%H using symbolic circles and forks, respectively. (c) The average number of views at
WVC across the swath.

2.1.2. Auxiliary Data

Auxiliary data were needed for three different purposes, as outlined in Table 2. First,
it was necessary for prior reference information. Second, it was required for validating the
detection results. Finally, a static dataset was needed that was relevant to the polar grid
projection and controlled the quality of the detection results.

Table 2. Data used for research and model construction.

Data Set Time Coverage Spatial Coverage SpatlotemP oral Data Source
Resolution
.  0n°_0n° https://doi.org/10.48670
Global reprocessed seaice o746 10 95 5022 12,31 90°-90°N Daily /25 km /moi-00136, accessed on 21
concentration —180°-180°E
January 2023
—90°-90°N https:/ /osi-saf.eumetsat.

ASCAT sea ice edge 2019.1.1-2022.12.31 o o Daily /10 km int/products/osi-402-d,
—180°-180°E .
accessed on 10 April 2023
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Table 2. Cont.

Data Set Time Coverage Spatial Coverage Spatlotemp oral Data Source
Resolution
Sea Ice Concentrations .
from Nimbus-7 SMMR and ~90°-90°N }E;fic/()/(;;slljflézgléjs /te11/
DMSP SSM/I-SSMIS 2019.1.1-2022.12.31 o o Daily/25 km ’
. . —180°-180°E accessed on 21 January
Passive Microwave Data,
. 2023
Version 1
https:/ /vertex.daac.asf.
Sentinel-1 SAR 2019.6.19/2019.6.18/ Not Specified Not Specified alaska.edu/#, accessed on 1
2019.3.8
March 2023
https:/ /nsidc.org/data/
Polar stereographic cell . —90°-90°N . nsidc-0771/versions/1,
area Not Specified —180°-180°E Not Specified /25 km accessed on 10 February
2023
—90°-90°N ftp:/ /osisaf.met.no/docs/
Imask_stere_100 Not Specified o o Not Specified /25 km tools, accessed on 10
—180°-180°E
February 2023
https:/ /nsidc.org/data/
Dy 39.5°-90°N nsidc-0622/versions/1,
Valid ice masks 1972.1.1-2007.12.31 _180°-180°E Monthly /25 km accessed on 20 February

2023

1.  Prior reference datasets

Scatterometer-based sea ice detection is essentially a supervised classification problem.
The process relies on a high-quality reference dataset to train and validate the performance
of the model. According to Ivanova et al. [43] and Kern et al. [44], hybrid algorithms pro-
vided the most reliable estimates of sea ice concentration for climate monitoring purposes.
In this study, we used from the CMEMS Ocean and Sea Ice Thematic Assembly Centre (OSI
TAC) global reprocessed sea ice concentration product as prior reference dataset, which
is a redistribution of the European Organization for the Exploitation of Meteorological
Satellites (EUMETSAT) OSISAF Climate Data Record (CDR), labelled OSI-450, and the
Interim Climate Data Record (ICDR), labelled OSI-430-a. This dataset was derived from
Scanning Multichannel Microwave Radiometer (SMMR), Special Sensor Microwave-Imager
(S5M/1), and Special Sensor Microwave-Imager/Sounder (SSMIS) data and uses a hybrid,
adaptive, and self-optimizing sea ice concentration algorithm, which is an extension and
improvement of the bootstrap algorithm [45] and the Bristol algorithm [46]. The algorithm
utilized three channels (~19 GHz for vertical polarization and ~37 GHz for horizontal and
vertical polarization) to provide optimal accuracy in both open water and consolidated ice
conditions. It was characterized by quantifiability, temporal consistency, and sustainability
and was therefore suitable as a prior reference dataset compared to independent estimates
of sea ice concentration in regions with extremely high and low ice concentrations [47].
To match the time series of CSCAT observations, we obtained records of daily sea ice
concentration for the period from 1 January 2019 to 31 December 2022. The data were
projected as Equal-Area Scalable Earth 2.0 Grids (EASE-Grid 2.0) with a spatial resolution
of 25 km.

2. Comparison datasets

To ensure an independent evaluation beyond OSISAF sea ice concentration, we intro-
duced two additional datasets for third-party comparison, which allowed us to compare
scatterometer and microwave radiometer sea ice cover results. Two similar sea ice products
were used for spatial comparisons at a given time. As one of the comparison data sets, the
study used the near real-time sea ice edge products from OSISAF of the EUMETSAT. These
sea ice edge was derived from atmospherically corrected SSMIS brightness temperatures
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and ASCAT backscatter values through a Bayesian detection approach, which classified the
data into open water (OW), open ice (OI), and close ice (CI) [31]. In addition, to validate
the accuracy of the CSCAT sea ice extent detection results, sea ice concentrations from
Nimbus-7 SMMR and DMSP SSM /I-SSMIS Passive Microwave Data Version 1 (hereinafter
referred to as NSIDC sea ice concentration) [48] serves as an independent comparison
dataset. This NSIDC dataset, generated from SSMIS brightness temperature data, used
the established NASA Team (NT) algorithm developed by the Oceans and Ice Branch at
NASA’s Goddard Space Flight Center (GSFC) [49]. The dataset provided a 25-km daily sea
ice concentration for both polar regions from 26 October 1978 to 31 May 2022.
High-resolution images from Sentinel-1, part of European Space Agency (ESA) Coper-
nicus program, were used for local visual validation. The Sentinel-1 constellation, consist-
ing of Sentinel-1A and 1B, carries C-band Synthetic Aperture Radar (SAR) sensors, which
provide reliable all-weather, day-and-night Earth observations. SAR images, known for
their high resolution, have been widely utilized to validate scatterometer-based sea ice
detection [50]. The analysis used Sentinel-1A /1B SAR Level-1, extra wide (EW) swath
images in ground range-detected (GRD) mode with an approximate spatial resolution of
20 m x 40 m [51], to verify the CSCAT results over main areas of the Arctic and Antarctic.

3.  Static datasets

The static dataset used in this study consists of polar grid area information [52] and a
land-sea mask, that provides arrays of the area in millions, as well as a land-sea mask for
the 25 km grid for the Northern and Southern Hemispheres, respectively.

To improve the accuracy of sea ice detection, the retrieval results here are quality
controlled using effective ice mask data. Valid sea ice is defined as the likely presence of ice
where it has existed in the past based on a 35-year climatology report. Among other things,
the Arctic ice mask data was obtained from the US Ice Centre [53], which is a dataset based
on Arctic sea ice charts and sea ice concentration data provided by the US National Ice
Centre. It contains 12 files covering the maximum sea ice extent from 1972 to 2007, with
each file representing each month of the year. The Antarctic-specific study determined the
maximum monthly effective sea ice extent in Antarctica by analyzing daily climatological
OSI-450 sea ice concentration data from 1978 to 2020 and counting pixels with sea ice
concentrations greater than 0 over a period of 42 years.

2.2. Methods

This study used PCA and ensemble machine learning model to automate the detection
of sea ice using Level-2A CSCAT data from 2019 to 2022. The sea ice detected using this
technique was compared with sea ice concentrations derived from passive microwave
data, the sea ice edge determined by passive microwave and active scatterometer data,
and SAR data for specific regions. Figure 2 illustrates the workflow for sea ice detection.
The first step involved preprocessing the Level 2A CSCAT time series data. This included
checking the pixel quality of the land and rain flag, reprojection, regrinding from orbit to
polar stereographic grid, and calculating the polarization ratio. The result was 8 views
of 09y, 0¥, and 0¥y, /0Py, (Figure 2a). PCA was then applied to those three scatterometer
parameters. The main component that most closely suggested ice and water was chosen as
the distinguishing feature (Figure 2b). Regions of interest around the Arctic and Antarctic
were selected, where different ice/ocean classes’ characteristics are expected. Correspond-
ing prior information on sea ice concentration data were spatially and temporally matched
with CSCAT using nearest neighbor interpolation (Figure 2c). At the same time, the period
length was compared and determined for statistical analysis. This was followed by sam-
ple selection, from which single and ensemble machine learning classifiers were used to
distinguish sea ice, with 80% of the data trained and validated with the remaining 20%. A
preliminary sea ice map was then created based on an ensemble model. In the final phase,
the map was refined by applying valid ice masks to reduce misdetection noise (Figure 2d).

254



Remote Sens. 2024, 16, 3148

| (a) CSCAT time series images | | (b) Features Construction | (¢) Sample selection

............... R,

I [
: @ Target areas :
i i
. 1

Quality filter

B 20 days 01 11 21 31

| (d) Ensemble model for sea ice detection | 1

Single model prediction +——  Single model training <«—— Training 80%Test 20%

—

Gnb Log ~ Rl Land, lake, ocean, coast, valid ice

00 o0 000 000 0600 classifcation mask

= P B : #§ — Seaiceedge
5 & ® R R T
Ensemble model Quality Checking

Figure 2. Workflow of this study.

2.2.1. Features Construction

The satellite orbit data were projected to the Northern and Southern Hemispheres.
This was process was conducted in order to minimize deformation and keep the poles at
the center of the image when studying the polar regions. For this purpose, the NSIDC
projection program was used (https:/ /nsidc.org/data/user-resources/help-center/guide-
nsidcs-polar-stereographic-projection, accessed on 30 January 2023). The CSCAT L2A data
we used were derived from WVC’s orbit resampled data, recorded as backscattering ¢” (dB).
During the polar projection process, we filtered out pixels that were labeled as land and
affected by precipitation. The precipitation information used for this filtering came from
the quality indicators in the L2B wind field retrieval data, specifically the rain_fail and
rain_detect flags in the wvc_quality dataset. We then divided the data into the Northern
and Southern Hemispheres based on latitude and longitude and excluded pixels within
which the number of WVC views was zero. The CSCAT L2A orbit data were projected
onto the poles, and then the projected data was interpolated using the radial interpolation
function of the SciPy library in Python to ensure consistency of the orbital centers and
sides with the observed number of views in the sweet swath and to produce the projected
backscattered observation dataset:

0 0 0 ;
Ureproj = {UVV,i’UHH,i}/l € [178} (1)

where i represents the WVC, 0V,,, . represents the backscattering in vertical polarization
for the WVC i, and 0¥, . represents the backscattering in horizontal polarization for the

WVCi.
The polarization ratio o, /n; Was calculated according to WVC with the following
equation:
Ty
oVmi= g i€ L8] @)
UHH,i

A polar backscatter observation dataset (72
equation:

olar Was then constructed using the following

o _fo 0 0 ,
Tpolar = {va,z‘r ‘THH,ir‘TV/H,i}Il € [1,8] 3)
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This study selected the singular value decomposition method based on the Scikit-
Learn library in Python [54]. PCA was then performed on the observations of datasets Ugv,if

0 0 ; nci 0 .
Oy, Ovy ;o to obtain the principal components of 0 4:

0o _J,0 0 0 ;
Upca = {UVV,PCj/UHH,PCj/UI\g,pC/}f] (18] @)

where j represents the number of principal components, 0, pc. refers to the principal
)
component j of the vertical polarization, 0¥, PC; refers to the principal component j of
the horizontal polarization, and o), /u.pc; represents the principal component j of the
A

polarization ratio.

2.2.2. Dynamic Sampling

With the aim of obtaining representative samples of sea ice and seawater, training
samples are crucial for sea ice detection. Microwave radiometric observations have revealed
dynamic reference brightness temperatures of open water and sea ice (tie points) [55],
demonstrating seasonal and interannual variability differences [56]. However, the seasonal
and interannual variation of microwave scatter from open water and sea ice are not well
understood. Currently, many methods for detecting sea ice using satellite scatterometers
use a dynamic sample selection strategy or periodic model updates [34]. Liu et al. [57]
collected 10 days of backscatter observations to build a lookup table for a dynamic sea ice
geophysical model. The probability distribution function of open water and sea ice from
OSI SAF was originally based on statistics from a fixed reference year (2007.3-2008.2) [31].
The probability density function’s update frequency has gradually increased from monthly
to 15 days [33]. Zhai et al. [23] also examined the effect of the length of the training sample
period on the effectiveness of the model and found that the accuracy did not improve
when the period of training sets exceeded 7 days. The length of the sampling period
depends on the availability and accessibility of the referenced sea ice information. This
information is typically obtained through various methods such as satellite remote sensing,
buoy observations, and sensor measurements. Data can only be collected at specific time
intervals, such as daily, weekly, or monthly. The choice of sampling period depends on the
study methodology, data availability, and the need for reliable statistics. Therefore, it is
necessary to analyze and determine the appropriate period length.

We used the daily CMEMS sea ice concentration climate dataset as prior reference.
First, the daily CMEMS sea ice concentration climate dataset was converted to a projection
plane consistent with CSCAT preprocessing in order to eliminate the impact of errors
that may result from different projection systems and to ensure that the data remained
consistent with the study area. For the Northern Hemisphere (Southern Hemisphere), the
projections were converted from epsg6931 (epsg6932) to epsg3411 (epsg3412). According
to the spatiotemporal matching principle, the eigenvalues of the principal component
eigenvalues and the sea ice concentration were extracted from the regions of interest in the
Northern and Southern Hemisphere, respectively (Figure 3, yellow blocks), to obtain the
scattering properties and spatial distribution information of sea ice. In order to effectively
detect sea ice, sea ice concentration was divided into less than 30% open water, 30%-70%
open ice, or more than 70% close ice. Such a division clarified the different sea ice conditions
and provided effective training examples O'g ample for model training:

0 _ 0 0 0

OSample = {‘TVV,Pck/ OHH,PC, OV /H,PC,r SIE}, ke[1,8] ®)
where k represented the number of principal components selected, 0’8-‘// pc, Was the selected
principal component of vertical polarization, 0% pc, Was the selected principal component

of horizontal polarization, (7‘0, JH,pC, Was the selected principal component of the polariza-
tion ratio, and SIE was the sample label determined by CMEMS, i.e., open water, open ice,
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or close ice. Microwave scattering from open water and sea ice exhibited different variation
characteristics at seasonal and interannual scales, and these characteristics determined the
selection of the sampling period in this study. For each specific day, we collected sea ice
and open water samples from the last 5, 7, 10, 15, and 20 days (including the current day) to
ensure a balanced and representative dataset. We combined five sample periods of 5, 7, 10,
15, and 20 days and analyzed the sample characteristics and model effects by constructing
characteristic time series of open water, open ice, and close ice for the period 2019-2022,
which were used for determination of the last sampling period.
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Figure 3. Location map over (a) the Northern Hemisphere and (b) the Southern Hemisphere for the
regions (marked in yellow colors) used in sample selection overlaid on the CAFF Boundary [58],
Antarctic Circumpolar Current (https://data.aad.gov.au/dataset/4892/download, accessed on
20 March 2023) and sea ice median extent [59].

2.2.3. Single and Ensemble Model Construction

Ensemble methods combine the predictions of several base estimators built with a
given learning algorithm in order to improve generalizability /robustness over a single
estimator. More generally, ensemble models can be applied to any base learner for the
purposes of averaging methods such as bagging methods, model stacking, or voting, or
boosting methods, such as in AdaBoost. We chose the average voting classifier as the
ensemble model. The average voting ensemble model is a machine learning technique that
combines multiple base estimators. Specifically, it computes the predicted probabilities
for each class from each base estimator and then averages these probabilities. The final
class prediction is made based on the class with the highest average probability. Such a
classifier can be useful for a set of equally well-performing models in order to balance out
their individual weaknesses.

In this study, we selected five base estimators: Gaussian naive Bayes (Gnb), logistic
regression (Log), K-nearest neighbors (Knn), decision tree (Dt), and random forest classifier
(Rfc) to build an ensemble learning model for sea ice detection in the Northern and Southern
Hemispheres. The training process of the ensemble model (Figure 4) was as follows: (1)
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The training and testing datasets were calculated based on the period length determined
in the previous section. To ensure unbiased estimates, we divided the dataset into an 80%
training set and a 20% testing set. (2) During model training, careful parameter tuning
was performed to optimize the performance of each model. RandomizedSearchCV from
the sklearn library was used to optimize the hyperparameters for each model. A 10-fold
cross-validation approach assessed model performance, with 50 random hyperparameter
combinations being sampled in order to identify the best configuration. The scoring
= ‘f1’” metric was chosen to provide a comprehensive evaluation by considering both
precision and recall. (3) After training, the probabilities predicted by each estimator were
calculated for each class. That is, Gnb, Log, Knn, Dt, and Rfc generated probability maps
for open water, open ice, and close ice, respectively. Specifically, the Gnb model computed
the posterior probability by multiplying the conditional probability with the class prior
probability. The Log model derived the class probability distribution through maximum
likelihood estimation. The Knn model determined the classification probability based
on the proportion of the nearest neighbors’ classes. The Dt model calculated the class
probability at the leaf node based on the proportion of samples in each class. Finally, the
Rfc averaged the predicted probabilities across multiple decision trees to produce the final
class probabilities. After obtaining the probabilities for open water, open ice, and close ice,
the class with the highest probability was selected as the final classification for that pixel.
(4) Then, the predicted probabilities of all classifiers were averaged to obtain the probability
maps for open water, open ice, and close ice. The final prediction was based on the class
with the highest probability.

s=s mteres‘-t r 10 fold cross validation \ Training data D Validation data
K-fold=1 K-fold=2 K-fold=3 K-fold=9 K-fold=10 — Probability map
Fold 1 Fold 1 Fold 1 Fold 1 Fold 1
Sea icalBiBE Fold 2 Fold 2 Fold 2 Fold 2 Fold 2
s Fold 3 Fold 3 Fold 3 Fold 3 Fold 3
Fold 9 Fold 9 Fold 9 Fold 9 Fold 9
Fold 10 Fold 10 Fold 10 Fold 10 Fold 10
]Labelling Single models @
. R
Gaussian Naive Logistic K-neighborhood Decision Tree Random Forest ||
Bayes(Gnb) Regression(Log) (Knn) (Dt) Classifier(Rfc)
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Figure 4. Model structure of the soft voting ensemble learning and training process.

2.2.4. Accuracy Assessment

To verify accuracy of models, we used 20% of the test samples to construct a confusion
matrix. This yielded various validation parameters, such as user accuracy (UA), producer
accuracy (PA), overall accuracy (OA), the F1 score (F1), and the kappa coefficient (Kappa).
3. Results

After reviewing the L2 orbit data and daily projected data, there were a total of
116 days where CSCAT data was unusable. Specifically, 50 days of Level 2A orbital obser-
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vations were missing, and 66 days were eliminated due to quality control measures (e.g.,
removal of invalid values, rain-affected pixels, and land pixels). Additionally, since we
needed to collect samples from the past 5 consecutive days, a total of 22 days were affected
due to insufficient sample sizes. The specific relevant data and reasons for deletion are
listed in the Table 3. No sea ice forecasts were made in the study for these 138 data days.
The number of days used for statistical analysis was 90%.

Table 3. The list of invalid dates and reason for removal from statistical analysis from 1 January 2019
to 31 December 2022.

Invalid Date Invalid Reason and Removed Quantity

2019/6/1,2019/6/3,2020/12/29,2021/11/10,
2022/7/10
2019/7/15-2019/7/16
2019/12/21-2019/12/28
2019/12/30-2020/1/13
2022/8/10-2022/8/29

2019/6/4,2019/12/6,2019/12/20,2019/12/29,
2020/1/14,
2020/9/3,2021/6/16,2022/8/30,2022/11/9
2020/3/10-2020/3/11
2022/8/8-2022/8/9 Quality control elimination (66 days)

2022/9/8-2022/9/19
2022/9/24-2022/9/26

2022/10/12-2022/10/18

2022/12/1-2022/12/31

2019/1/1-2019/1/4
2020/1/15-2020/1/17
2021/2/20,2021/2/24,2022/11/13
2022/8/31-2022/9/2 Insufficient sample sizes (22 days)
2022/9/20-2022/9/23
2022/9/28-2022/9/30
2022/10/19-2022/10/20

No CSCAT Level 2A data (50 days)

3.1. Characteristics of CSCAT Features

The CSCAT data included eight VV polarization (¢V),,), eight HH polarization (¢%,),
and eight polarization ratios ((7‘0, /11)- There were obvious correlations between the proper-
ties of these observations. Figure 5a,b show the Pearson’s correlation for these observations
in the Northern and Southern Hemisphere, respectively. As can be seen from the figures,
there was not only a high correlation between adjacent 0, (or ¢f;,;), but also a correlation
between the set of 0¥, and 0¥, for each WVC. We applied PCA to the CSCAT polar
backscatter observation dataset (72 o1y and assigned it to fewer principal components. With
the bivariate plots of the principal component analysis (Figure 5¢,d), we found that among
the eight WVCs, the contributions of WVCs in views 3, 4, and 8 were more significant
in 0¥, and ¢y;;. In comparison, the results of view 8 showed a significant deviation from
the results of views 3 and 4. Views 3 and 4 primarily occupied the outer swath and nadir
swath, respectively. The WVCs of the nadir swath were characterized by azimuth angles of
0/360 or 180 degrees, corresponding to the forward and backward perspectives, accom-
panied by a wide range of incidence angles. Conversely, the WVCs in the outer swath
were defined by azimuth angles of approximately 90 or 270 degrees, indicating lateral
viewing angles, again with a wide range of incidence angles. View 8 was consistently
located in the region designated the sweet swath, characterized by significant variabil-
ity in the antenna’s azimuth angle. According to Li et al. [40], the WVCs in the sweet
swath were the optimal area for measuring sea surface wind. Likewise, the WVCs of the
sweet swath in the principal component analysis occupied a larger amount of information.
Therefore, the first two principal components of 0¥, and oy, effectively characterized the
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observed information in the outer swath, nadir swath, and sweet swath. In contrast, the
bivariate plot of oy, /1 shows that the first two principal components could only represent
the outer swath, suggesting that the amount of information gathered using only the first
two principal components accounted for almost 50% of the total observations. Spatial
distribution analyses of the first four (out of eight) principal components conducted on 10
January 2019 for both the Northern and Southern Hemispheres (as shown in Figure 6a,b),
revealed that the importance of ¢, and ¢, was mainly concentrated within the first two
components. Meanwhile, the significance of the VH polarization was evenly distributed
across all four components.
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Figure 5. Pearson’s correlation coefficients in the (a) Northern Hemisphere and (b) Southern Hemi-
sphere and related principal component analysis (PCA) bioplots of CSCAT backscatter observations
over the (c¢) Northern and (d) Southern Hemispheres on 10 January 2019.

Figure 7 shows the daily variation curves for the contributions of the first two principal
components of 09, and 0¥}, and the first four principal components of a?, /p- These results
suggested that the choice of the first two principal components for ¢, (%) polarization
accounted for over 80% of the total variance explained, while the choice of the first four
principal components for o) /p explained more than 65% of the total variance.
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3.2. Period Choice for Dynamic Sampling

Figure 8 presents the statistical averages of the first principal component of ¢, in
both the Northern and Southern Hemispheres using different sampling periods of 5, 7, 10,
15, and 20 days. The analysis shows that shorter sample periods result in significant noise
in the first principal component of the VV polarization, thereby enhancing contrast during
seasonal variations. Conversely, extending the sampling period results in a smoother curve
for the first principal component feature of VV polarization, suggesting a diminishing
emphasis on seasonal variations. Subsequent comparisons of the detection performance of
the random forest model were performed for the Northern and Southern Hemispheres in
January-March and June-August, respectively, over the same range of sampling periods
(5,7, 10, 15, and 20 days). Table 4 presents the F1 scores for five different models across
various sampling periods It highlights which sampling period (e.g., 5 days, 7 days, etc.)
resulted in the highest F1 scores for each model. The table summarizes a total of 10
statistical scenarios, with 8 scenarios showing that the 5-day sampling period consistently
achieved the highest F1 score.

Table 4. Period with the highest average F1 scores for each model (Dt, Gnb, Knn, Log, and Rfc) in the
Northern and Southern Hemispheres.

Polar Model Accuracy F1 Score Period
Dt 0.857 0.872 5 days

Gnb 0.874 0.875 5 days

N Knn 0.938 0.931 5 days
Log 0.805 0.850 5 days

Rfc 0.939 0.927 5 days

Dt 0.834 0.850 20 days

Gnb 0.882 0.866 5 days

S Knn 0.950 0.941 5 days
Log 0.810 0.831 20 days

Rfc 0.948 0.933 5 days

After comprehensive evaluation, a sample period of 5 days was chosen for the dynamic
sample statistics. Taking into account the possibility of incomplete sampling periods due
to missing observations on certain dates, a forward search was performed to find available
data no longer than 5 days. If the forward search exceeded 20 days, then dynamic sample
data were considered missing on that date, and no modeling or sea ice detection was
performed for that day.
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Figure 8. Time series of U‘(}V pcy With different period lengths in the (a) Northern Hemisphere and
(b) Southern Hemisphere for close ice, open ice, and open water.

3.3. Assessment for Single and Ensemble Models

In this study, five individual models were modelled: Gnb, Log, Knn, Dt, and Rfc.
The variable importance of these models was assessed during the model building process,
and cross-validation of F1 scores was performed to provide insight into the performance
of the models and the relative importance of each feature. Variable importance is an
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important measure of how strongly features influence the predictive power of a model.
We assessed feature importance using different metrics tailored to each model. For Dt
and Rfc, Gini importance was used, which reflects the reduction in contamination by each
feature. For Log and Gnb, feature weights from regression coefficients were used, with
the magnitude of the coefficients indicating feature influence, and although Knn does not
directly indicate feature importance, it can be assessed indirectly via model performance or
weighted configurations.

Figure 9a shows the feature importance of these five models for the Northern and
Southern Hemispheres. There are some differences in how different models rank for feature
importance. Different models assigned different levels of importance to features. The
most important feature was the first principal component of HH polarization. The ranking
of 0'8‘,, pcp and o) /1,pc1 Varied between the models: They took second and third place in
Log-ranked third and second in others The situation in the Southern Hemisphere was more
complex, as there were significant differences in the order of feature importance among
models. In the Dt, Knn, and Rfc models, (721 H,pc1 Was the most important feature, while
in the Gnb model, ‘TXO/V,PC1 was the most important, and in the Log model, 0"0/ /H,pC1 Was
the most important. This reflected the geographical differences between the Northern and
Southern Hemispheres and the different responses to polarization features. Consequently,
the models also showed variations in the ranking of radar polarization features for different
regions. Figure 9b summarizes the distribution of F1 scores across the models during a
10-fold cross-validation period from 1 January 2019 to 31 December 2022. The F1 scores,
which ranged from 0.660 to 0.750 for both hemispheres, indicated a commendable balance
of precision and recall achieved by the models over the past four years. The Log model in
the Southern Hemisphere showed the largest standard deviation (0.088), indicating greater
variability in performance across different subsets compared to the other models. The
standard deviations of the other models were between 0.028 and 0.069. Figure 9c shows the
time series of F1 values obtained by 10-fold cross-validation for different machine learning
models from 1 January 2019 to 31 December 2022. The Knn, Rfc, and ensemble models
consistently showed relatively stable and high F1 values throughout both the Northern
and Southern Hemispheres, indicating strong and sustained forecast performance in these
regions. In contrast, Log showed larger fluctuations in F1 results and generally lower
values, suggesting weaker and more unstable generalization abilities, especially in the
Northern Hemisphere. For all models, there was no obvious temporal trend showing
significant improvements or declines in F1 score over the analyzed period, suggesting
stable model performance without noticeable deterioration or improvement. However,
the different models showed differences in performance over the course of the season.
Notably, in the Northern Hemisphere, the F1 score for all models increased continuously
from July to September, and similarly, in the Southern Hemisphere, F1 scores were higher
from January to March compared to other months. This pattern, observed continuously
from 2019 to 2022, indicates that Ku-band CSCAT is particularly effective in identifying
the melting status of sea ice during the summer months. On the other hand, the Log
model outperformed Dt and Gnb in both hemispheres from January to March, but in
the Southern Hemisphere, its F1 values were significantly lower than those of Dt and
Gnb from July to September. The consistent performance of these models highlights their
robustness and reliability in analyzing sea ice dynamics using radar polarization features,
despite the inherent variability in environmental conditions between the Northern and
Southern Hemispheres.

To evaluate the models, we summarized confusion matrices for individual and inte-
grated models (Table 5). In both the Northern and Southern Hemispheres, the performance
of the five individual models varied in different classification scenarios. For open water
and close ice, Knn and Rfc achieved F1 values above 0.9, while the other three models also
achieved values around 0.8. However, all five models had very low F1 values of less than
0.4 on open ice. Among them, Knn performed the best with an F1 value above 0.3, followed
by Rfc in the Northern Hemisphere and Dt in the Southern Hemisphere. Among the results
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of five single models between 2019 and 2022, Knn and Rfc showed strong performance
in the Northern Hemisphere, with F1 and OA values above 0.9 and kappa coefficients
above 0.8, indicating high data consistency. In contrast, Dt, Gnb, and Log showed F1
and OA values between 0.7 and 0.9, with kappa coefficients ranging between 0.569 and
0.6887, reflecting moderate consistency. While Dt and Log had OA values around 0.7 in the
Southern Hemisphere, Knn, Rfc, and Gnb reached OA values between 0.8 and 0.9. Only
Knn and Rfc had kappa values above 0.7, indicating high model consistency, while Dt, Gnb,
and Log had Kappa values below 0.6, indicating medium consistency. Overall, Knn and
Rfc performed better than the other single models in terms of detection accuracy.
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Figure 9. (a) Feature importance for single models on 10 January 2019 in the Northern Hemisphere
(Ieft) and the Southern Hemisphere (right). (b) Statistical results of 10-fold cross-validation F1 scores
for different machine learning models from 1 January 2019 to 31 December 2022. (c) Time series of
10-fold cross-validation F1 scores for different machine learning models from 1 January 2019 to 31
December 2022.

In the Northern Hemisphere, the ensemble models slightly outperformed the best two
individual models, Rfc and Knn, in terms of OA and Kappa values. Additionally, while
the F1 score for open ice improved compared to Rfc, it still remained lower than that of
Knn. A similar trend was observed in the Southern Hemisphere. The ensemble models
showed a slight advantage over the best individual models in terms of OA and Kappa
values. For open ice, the F1 score was higher than that of Rfc but still lower than Knn.
Based on these observations, the ensemble models can be considered the preferred choice.
Their overall performance, demonstrated by the improved OA and Kappa values, indicates
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their effectiveness in achieving better consistency and reliability across different scenarios.
While KNN still outperforms the ensemble models in terms of F1 scores for open ice, the
ensemble models’ superior overall performance suggests that they offer a more balanced
and reliable solution across various classification tasks.

Table 5. Summary of averaged detection accuracies through confusion matrix of sea ice edge
classification in the Northern and Southern Hemisphere from 1 January 2019 to 31 December 2022.

Hemisphere Model Classtype UA PA F1 Score OA Kappa

Close Ice 0.858 0.785 0.814

Dt Open Ice 0.209 0.618 0.295 0.799 0.625
Open Water 0.968 0.819 0.886
Close Ice 0.783 0.896 0.833

Gnb Open Ice 0.259 0.172 0.183 0.861 0.702
Open Water 0.926 0.876 0.899
Close Ice 0.880 0.933 0.905

Knn Open Ice 0.519 0.289 0.356 0.928 0.841
Northern Open Water 0.962 0.966 0.964
Close Ice 0.811 0.753 0.774

Log Open Ice 0.177 0.552 0.256 0.773 0.578
Open Water 0.957 0.804 0.872
Close Ice 0.886 0.932 0.907

Rfc Open Ice 0.615 0.221 0.288 0.924 0.842
Open Water 0.954 0.975 0.964
Close Ice 0.883 0.933 0.911

Ensemble Open Ice 0.580 0.319 0.364 0.930 0.844
Open Water 0.965 0.956 0.965
Close Ice 0.881 0.731 0.792

Dt Open Ice 0.217 0.562 0.287 0.748 0.502
Open Water 0.850 0.833 0.837
Close Ice 0.804 0.899 0.843

Gnb Open Ice 0.250 0.141 0.166 0.825 0.530
Open Water 0.822 0.713 0.756
Close Ice 0.872 0.936 0.902

Knn Open Ice 0.510 0.235 0.308 0.897 0.750
Southern Open Water 0.928 0.927 0.927
Close Ice 0.862 0.679 0.753

Log Open Ice 0.197 0.532 0.268 0.711 0.451
Open Water 0.781 0.812 0.786
Close Ice 0.865 0.947 0.902

Rfc Open Ice 0.640 0.167 0.229 0.892 0.734
Open Water 0.926 0.908 0.916
Close Ice 0.868 0.952 0.907

Ensemble Open Ice 0.460 0.232 0.294 0.899 0.747
Open Water 0.927 0.922 0.924

Figure 10 illustrates the time series of assessment parameters from 1 January 2019 to 31
December 2022. The overall classification metrics (OA and Kappa) had more similar daily
trends to the UA, PA, and F1 values for close ice. However, these values were significantly
lower from July to October in the Northern Hemisphere and from January to April in the
Southern Hemisphere. UA, PA, and F1 values were generally higher in open water, with
less seasonal variation and relatively low values, mainly in the Northern Hemisphere from
January to April and in the Southern Hemisphere from April to October. The UA, PA,
and F1 values for close ice and open water were higher than those for open ice. Figure 11
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presents an error analysis based on the model classification confusion matrix, with the
y-axis representing the misclassification rates for each class. Specifically, these rates were
calculated by determining the number of pixels for each class (e.g., “Close Ice”, “Open Ice”,
and “Open Water”) that were incorrectly classified as other classes and then dividing these
misclassified pixel counts by the total number of pixels for that class. Error analysis showed
that close ice was frequently mistakenly classified as open ice from July to October in the
Northern Hemisphere and from January to April in the Southern Hemisphere, resulting in
decreased classification accuracy. On the other hand, open water was frequently mistakenly
identified as close ice from April to October in the Southern Hemisphere and January to
April in the Northern Hemisphere, which also affected the accuracy of the classification.
Furthermore, a significant portion of open ice was incorrectly identified as close ice, which
helps to explain why close ice classification accuracy was typically lower.
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Figure 10. The time series of the evaluation parameters for (1) overall, (2) close ice, (3) open ice, and
(4) open water in the sea ice monitoring ensemble training model in the (a) Northern Hemisphere
and (b) Southern Hemisphere from 1 January 2019 to 31 December 2022, respectively.
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Figure 11. Daily error analysis for (1) close ice, (2) open ice, and (3) open water in the sea ice
monitoring ensemble training model in the (a) Northern Hemisphere and (b) Southern Hemisphere
from 1 January 2019 to 31 December 2022, respectively.

3.4. Single and Ensemble Model-Based Sea Ice Mapping

This study used five single models and an averaged ensemble model for sea ice
detection. The Northern and Southern Hemisphere sea ice detection results for 10 December
2019 and 10 June 2019 are shown in Figure 12. Each column represents origin reference
SIC, classified reference SIC, and different models, namely Dt, Gnb, Knn, Log, and Rfc,
from left to right. The reference map provided the observed sea ice distribution, serving
as a comparison baseline. It is evident that the amount of sea ice was similar in both
the Northern and Southern Hemispheres. There were differences between the models in
terms of sea ice detection. The Knn and Rfc models overall performed better than the
other models in classifying sea ice in both the Northern and Southern Hemispheres. The
Knn model detected sea ice by calculating the distance between samples, while the Rfc
model classified it by constructing a decision tree integration. These models might be
better suited to the capture the spatiotemporal correlation of sea ice and dealing with
its nonlinear features. Compared to the original reference maps, the Knn and Rfc single
models tended to misclassify open ice as close ice at the sea ice boundary, whereas Dt
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and Log were more prone to misclassifying close ice as open ice. These differences were
likely due to variations in the algorithmic principles and feature extraction functions. The
advantage of Rfc and Knn lay in their overall robustness and stability for close ice, while
Dt and Log demonstrated certain advantages in handling complex boundaries, particularly
in distinguishing open ice from close ice.
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Figure 12. Sea ice detection in the (a) Northern Hemisphere on 10 December 2019 and (b)
Southern Hemisphere on 10 June 2019 derived from the Dt, Gnb, Knn, Log, Rfc, and ensemble
models, respectively.
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By averaging the results of those five models, a sea ice map of the Northern and
Southern Hemispheres was created. However, when comparing these with the ensemble
model results, it was clear that the significant misclassifications in single models were
effectively mitigated in the ensemble model. The ensemble model not only retained
the correct classification of close ice from Knn and Rfc, but it also gained the accurate
classification of open ice from the other three single models. Ensemble models reduce
errors that may occur with single models by combining predictions from multiple models.
Therefore, they are expected to improve the accuracy of sea ice detection to some extent.

4. Discussion

In this section, we focus on discussing the performance of the ensemble model across
different time periods and spatial ranges in order to comprehensively assess its applicability
and accuracy. We achieve this by using the sea ice extent derived from other sea ice
concentration to validate the CSCAT sea ice classification results and by conducting detailed
evaluations using metrics such as R? and RMSE. Additionally, we compare the CSCAT
sea ice classification with similar sea ice edge and concentration products as well as with
Sentinel 1 SAR images.

4.1. Comparison with Daily Sea Ice Extent

Sea ice extent (SIE) is usually defined as the sum of the area of ocean grid cells with a
sea ice concentration greater than 15%. A SIC threshold of 15% is not applied regularly [60].
This parameter represents the maximum sea ice cover and is crucial for assessing climate
change. However, because our model classifies sea ice using a 30%/70% SIC threshold,
we adjusted our analysis to use a 30% SIC threshold to calculate sea ice extent in order to
ensure a fair comparison: SIE = ) Agjc>30%. For CSCAT, sea ice extent was calculated by
summing the area of pixels classified as close ice and open ice.

To assess the temporal accuracy of our sea ice detection, we conducted a daily com-
parison with the daily sea ice area data released by the NSIDC and OSISAF from 2019
to 2022. Despite significant daily fluctuations, the sea ice extent derived from CSCAT
showed a high level of agreement with the officially published daily data. Figure 13b1,b2
show the time series of sea ice extent differences between CSCAT, OSISAF, and NSIDC
across different hemispheres, respectively. In the Northern Hemisphere, CSCAT underes-
timated sea ice extent by —0.06 + 0.36 million km? compared to NSIDC, while OSISAF
underestimated it by —0.12 & 0.09 million km?. In the Southern Hemisphere, CSCAT un-
derestimated sea ice extent by —0.03 & 0.48 million km?, and OSISAF underestimated it by
—0.11 4 0.09 million km?. The comparison results showed that CSCAT generally estimated
lower sea ice extent than NSIDC. Zhai et al. [23] used a random forest approach to estimate
the CSCAT distribution and compared the differences to OSISAF sea ice extent. Their
results suggested a lower estimate for the Northern Hemisphere, consistent with our study,
but a higher estimate for the Southern Hemisphere, contradicting our results. According
to the model error analysis, open ice was misclassified as close ice in most months in the
Southern Hemisphere, with many open ice areas misclassified as open water from January
to April (Figure 11b (2)). This likely led to the overall lower sea ice extent in the Southern
Hemisphere observed in our study.

To better present the results, we have graphically displayed the daily sea ice extent
on a monthly basis. The visualization showed that sea ice extent from CSCAT matched
NSIDC in January, February, May, June, July, and August. However, the results were
slightly overestimated in March and April and slightly underestimated from September
to December. In the Southern Hemisphere, the sea ice extent in February, August, and
September corresponded closely, yet we observed an underestimation from March to July
and an overestimation from November to January of the following year. These variations
indicated that while the model performed well under specific conditions, such as during
months with relatively stable sea ice conditions, its applicability under other conditions,
particularly during seasonal transitions, was challenged. The observed underestimations
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or overestimations were likely associated with dynamic environmental factors that signifi-
cantly impacted sea ice formation and melting during these transitional periods. This is
in stark contrast to the discrepancies found between QuikSCAT and ASCAT compared to
AMBSR-E, particularly during sea ice melt months, as reported by Belmonte Rivas et al. [19].
It is noteworthy that active scatterometers and passive microwave radiometers showed
significant differences during periods of rapid sea ice change. Furthermore, linear regres-
sion analysis of the CSCAT and NSIDC sea ice extent data yielded R-squared values of
0.991 and 0.993 with corresponding RMSE values of 0.340 and 0.485 million km?. These
results confirm that our method for estimating sea ice extent provided consistent results
over longer time periods compared to other accepted data sources.
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Figure 13. Daily sea ice extent from 2019 to 2022 in the (al) Northern Hemisphere and (a2) Southern
Hemisphere for CSCAT, OSISAF (30% SIC), and NSIDC (30% SIC). Daily sea ice extent difference
from 2019 to 2022 in the (b1) Northern Hemisphere and (b2) Southern Hemisphere for CSCAT vs.
NSIDC and OSISAF vs. NSIDC. Monthly sea ice extent from 2019 to 2022 over the (c1) Northern
Hemisphere and (c2) Southern Hemisphere for CSCAT, OSISAF (30% SIC), and NSIDC (30% SIC).
Scatter plot of sea ice extent between CSCAT and NSIDC over the (d1) Northern Hemisphere and
(d2) Southern Hemisphere. The pairs are colored by month, and the blue line represents a trend line
fitted to the data.

4.2. Comparison with Sea Ice Concentration and Sea Ice Edge Datasets

ASCAT, SSMIS, and AMSR?2 are the three other sources of sea ice cover data. ASCAT
is a C-band HH-polarized scatterometer that provides sea ice detection similar to CSCAT.
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SSMIS and AMSR? are the two dominant microwave radiometric instruments commonly
used to determine sea ice concentration and provide more reliable sea ice distributions. To
compare the spatial differences between the CSCAT sea ice edge and other sea ice cover
products, we selected the sea ice edge from ASCAT and sea ice concentration from NSIDC.
The comparison involved contrasting the CSCAT and ASCAT sea ice edges with the SSMIS
sea ice concentration. This comparison employed a statistical method similar to a confusion
matrix (Equation (6)). First, the NSIDC sea ice concentration was divided into three classes
based on thresholds: less than 30% was open water (OW), 30-70% was open ice (OI), and
more than 70% was close ice (CI). The CSCAT and ASCAT sea ice edge results also included
these three types. Monthly mode statistics were calculated for each pixel compared to the
NSIDC sea ice edge, resulting in the monthly average differences for sea ice edge between
CSCAT, ASCAT, and NSIDC. The consistency of CI OI, and OW can be calculated using

Equation (7).
CI.CI CI.OI CI_.OW
confusion matrix = | OI_CI OI_OI OI_OW (6)
OW_CI OW_OI OW_OW
Y Pixel}

Consisitency = S Pixel ,x € (CI,OI, OW) (7)
C

[ + Pixel; + Pixel}y,,

For this study, we compared sea ice detection in the Northern Hemisphere on 10
January 2019 and in the Southern Hemisphere on 10 June 2019 from threedifferent sources:
CSCAT, ASCAT, and NSIDC (Figure 14). The results of each data source were represented
by a color-coded scale indicating the sea ice concentration and sea ice edge results. For
NSIDC SIC, the scale ranges from dark red (0%, open water) to deep purple (100%, close
ice). For sea ice edge products, the scale ranges from dark blue (open water) to light
blue (open ice) to white (close ice). The comparison results indicate that the sea ice edge
obtained by CSCAT was consistent with the sea ice acquired by ASCAT and NSIDC, but
there were also some deviations. In the Northern Hemisphere, CSCAT detected open ice in
the Greenland Sea, Baffin Bay, and Hudson Bay, while in the Southern Hemisphere, open
ice was detected at the ice edge regions of the Ross Sea. Compared to ASCAT, this open
ice tended to be less, which can also be observed in the sea ice distribution detected by Li
et al. [21] using GMFs.
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Figure 14. Sea ice mapping in the (a) Northern Hemisphere on 18 June 2019 and (b) Southern
Hemisphere on 18 June 2019 derived from CSCAT, ASCAT, NSIDC sea ice edge (SIE), and NSIDC sea
ice concentration (SIC), respectively.
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From the consistency time series for sea ice edge (Figure 15), it was observed that, in
both the Southern and Northern Hemispheres, the consistency of close ice observed by
CSCAT with that observed by NSIDC (0.903, 0.931) was slightly better than that of ASCAT
(0.898, 0.922), while ASCAT (0.998, 0.997) showed slightly better performance for open
water compared to CSCAT (0.988, 0.988). For open ice, CSCAT performed worse overall
than ASCAT, although with slight differences in the different hemispheres. In the Northern
Hemisphere, CSCAT showed lower consistency with NSIDC compared to ASCAT in most
months. In the Southern Hemisphere, the differences between ASCAT and CSCAT in
terms of open ice exhibited a seasonal symmetry: in the months when the consistency of
ASCAT was poor (January to April), CSCAT performed well, and in the months when
the consistency of CSCAT was poor (May to December), ASCAT performed well. This
seasonal symmetry for the consistency of open ice in the Southern Hemisphere was also
observed in Zhai et al. [23]. This suggested that CSCAT had a better ability to identify
open ice compared to ASCAT from January to April. These differences were mainly due to
the different frequencies of the two sensors. CSCAT operates in the Ku band, which has a
shorter wavelength than the C-band ASCAT. The shorter wavelength is more sensitive to
the rough surface of multiyear ice but has a weaker response to thin ice edges.
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Figure 15. Daily consistency compared to NSIDC for (1) close ice, (2) open ice, and (3) open water
over the (a) Northern Hemisphere and (b) Southern Hemisphere from 1 January 2019 to 31 December
2022, respectively.
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In the Northern Hemisphere, CSCAT showed lower consistency for open ice from
January to April and lower consistency for close ice from May to August (Figure 15a (1),(2)).
The spatial distribution of sea ice cover differences between CSCAT, ASCAT, and NSIDC in
February and May revealed that the misclassification of sea ice by CSCAT in the Northern
Hemisphere was mainly concentrated along the ice edges in the Barents Sea and the
Greenland Sea, where close ice was incorrectly classified as open ice, which was less
common in the spatial differences observed with ASCAT (Figure 16a,c). In August, CSCAT
misclassified open ice as close ice, especially in the northern sea areas of Canada, while
ASCAT showed less misclassification in these areas. In the Southern Hemisphere, CSCAT
showed lower consistency for open ice from April to December but higher consistency
from January to March. Misclassification still occurred at the ice edge, with open ice being
mostly classified as close ice in August and November (Figure 16b,d). In March, mutual
misclassification between close and open ice occurred at the sea ice edge of East Antarctica.

(a) North CSCAT (b) South CSCAT
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Figure 16. Monthly mode statistics for CSCAT over the (a) Northern Hemisphere and (b) Southern
Hemisphere and for ASCAT over the (c) Northern Hemisphere and (d) Southern Hemisphere,
showing sea ice cover differences compared to NSIDC.

The comparison between CSCAT and ASCAT revealed that CSCAT had slightly better
consistency with NSIDC for close ice in both hemispheres, while ASCAT performed better
for open water. CSCAT generally underperformed compared to ASCAT for open ice,
especially in the Northern Hemisphere. However, in the Southern Hemisphere, CSCAT
outperformed ASCAT from January to April, whereas ASCAT performed better from May
to December. Misclassifications were primarily observed along the ice edges in the Barents
Sea and Greenland Sea, where CSCAT often misclassified close ice as open ice, unlike
ASCAT. In August, CSCAT also misclassified open ice as close ice in central sea areas, while
ASCAT’s misclassifications occurred mainly at the boundary between open and close ice.
In the Southern Hemisphere, CSCAT showed lower consistency in detecting open ice from
April to December but higher consistency from January to March, with misclassifications
mostly occurring along the ice edges.

4.3. Comparison with High Resolution SAR Imagery

To confirm the regional detection of sea ice, a comparison with Sentinel-1 SAR data
was performed. For the validation process, a section of the Northern Hemisphere on 19
June and 8 March 2019 and a section of the Southern Hemisphere on 19 June 2019 were
selected and verified using the map data. During the process, we performed various
data processing procedures using the SNAP 8.0.0 software, namely orbital corrections,
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radiometric calibrations, dB conversions, and latitude/longitude projections. We then
created a geo-mosaic using ArcGIS 10.7 software, which allowed us to create SAR images
covering many parts of the polar regions. In addition, we used ArcGIS software to extract
the peripheral sea ice boundary from the sea ice results and overlay it on the corresponding
SAR image.

Figure 17a depicts the expanse of open ice in the Greenland Sea as captured by the
Sentinel-1 SAR imagery. The open ice appears as a lighter shade of gray in contrast to
the deep gray of the seawater. The features observed were consistent with the sea ice
boundaries extracted by CSCAT. Moreover, the Sentinel-1 SAR image dated 8 March
2019, facilitated the clear identification of sea ice and open water in Baffin Bay. This
identification closely aligned with our extracted sea ice boundary positions, as illustrated
in Figure 17b. Similar outcomes were demonstrated over two regions in the Southern
Hemisphere above the Indian Ocean. The sea ice boundaries extracted by CSCAT showed
superior performance in delineating sea ice from open waters (Figure 17c). Near the
Antarctic Peninsula, CSCAT’s detection of sea ice boundaries differed from the SAR images
and incorrectly marked some open water as sea ice. Despite this, CSCAT had accurately
identified a distinct, isolated region of sea ice. Our detection results showed similarity in
the shape and position of sea ice compared to Sentinel-1 SAR imagery while also capturing
the variations and structural features at the sea ice edge.
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Figure 17. Comparative analysis of sea ice detection and high-resolution synthetic aperture radar
(SAR) images. Comparison between CSCAT-derived sea ice detection results and Sentinel-1 SAR
images in the Northern Hemisphere taken on (a) 18 June 2019 and (b) 8 March 2019 and in the
Southern Hemisphere on (c) 19 June 2019. The thick red line represents the CSCAT-derived sea ice
detection results.

5. Conclusions

The aim of this study was to automatically extract feature information from CSCAT
using PCA to retrieve sea ice data in the Northern and Southern Hemispheres and to use an
ensemble machine learning algorithm to obtain reliable daily sea ice distributions from 2019
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to 2022. PCA effectively extracted principal component features representing outer swath,
zones, and close ice. We trained ensemble models based on Knn, Log, Dt, Gnb, and Rfc.
Rfc/Knn exhibited high error rates in detecting open ice, often misclassifying it as close ice,
particularly at the sea ice boundary. In contrast, Dt/Log/Gnb performed more effectively
in identifying open ice at the sea ice boundary. By combining these models, we improved
overall classification accuracy both for open ice and close ice. The sea ice edge detected
by CSCAT was also independently validated against NSIDC’s sea ice concentration and
ASCAT’s sea ice edge, showing high correlation in sea ice extent and temporal-spatial
consistency as well as good alignment with SAR imagery at the sea ice-water boundary.
The PCA extraction method significantly enhances the feature extraction capabilities of
scatterometers with fan-beam and rotating-beam configurations. It complements traditional
sea ice detection approaches and allows for the precise and reliable classification of sea ice
and open water. Although CSCAT performed well in distinguishing between sea ice and
open water, it was prone to confusion between different types of sea ice, with especially
limited capability to identify open ice. In the Arctic, such misclassifications were most
notable in the Greenland Sea in February and May and in parts of the central region in
August; in the Antarctic, they were primarily observed across the entire Antarctic sea
ice-water boundary in August and November and along the Antarctic coastline and sea
water boundary in May. Open ice is typically associated with the marginal ice zone (MIZ),
which is more important than the central region (close ice) for shipping route development,
fishery resources, ecosystems, and climate responses. So, good performance on open
ice is more important. Future work should focus on further optimizing the algorithm
to improve open ice recognition and extending its application to other radar systems,
incorporating additional data from ship-based observations, optical imagery, and SAR to
enhance detection performance.
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Abstract: The Surface Waves Investigation and Monitoring instrument (SWIM) provides the direc-
tional wave spectrum within the wavelength range of 23-500 m, corresponding to a frequency range
of 0.056-0.26 Hz in deep water. This frequency range is narrower than the 0.02-0.485 Hz frequency
range of buoys used to validate the SWIM nadir Significant Wave Height (SWH). The modulation
transfer function used in the current version of the SWIM data product normalizes the energy of the
wave spectrum using the nadir SWH. A discrepancy in the cut-off frequency/wavelength ranges
between the nadir and off-nadir beams can lead to an overestimation of off-nadir cut-off SWHs and,
consequently, the spectral densities of SWIM wave spectra. This study investigates such errors in
SWHs due to the wavelength cut-off effect using buoy data. Results show that this wavelength cut-off
error of SWH is small in general thanks to the high-frequency extension of the resolved frequency
range. The corresponding high-frequency cut-off errors are systematic errors amenable to statistical
correction, and the low-frequency cut-off error can be significant under swell-dominated conditions.
By leveraging the properties of these errors, we successfully corrected the high-frequency cut-off
SWH error using an artificial neural network and mitigated the low-frequency cut-off SWH error
with the help of a numerical wave hindcast. These corrections significantly reduced the error in the
estimated cut-off SWH, improving the bias, root-mean-square error, and correlation coefficient from
0.086 m, 0.111 m, and 0.9976 to 0 m, 0.039 m, and 0.9994, respectively.

Keywords: surface waves investigation and monitoring; China—France oceanography satellite; wave
spectrum; significant wave height; modulation transfer function

1. Introduction

Wind-generated sea surface gravity waves (hereafter, referred to simply as waves)
are one of the most common dynamic phenomena on the ocean surface. Observation
of the waves plays a very important role across various domains including ocean en-
gineering, marine disaster prevention and mitigation, and offshore structural design.
Currently, operational wave observation relies primarily on two data sources—wave
buoys and satellite remote sensing. For wave remote sensing, the two most commonly
used types of remote sensors are satellite altimeters and Synthetic Aperture Radars
(SARs), each with its own advantages and disadvantages. Altimeters can provide ac-
curate observations of Significant Wave Height (SWH) [1-3] but are unable to capture
wave spectra; SARs can obtain parts of the directional wave spectrum, but the so-called
“azimuth cut-off” effect caused by the nonlinear imaging mechanism leads to the loss
of high-frequency wave information in the wave spectrum [4]. The launching of the
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China-France Oceanography SATellite (CFOSAT) in October 2018 opened new prospects
for the observation of ocean waves.

The Surface Waves Investigation and Monitoring instrument (SWIM) onboard the
CFOSAT is the world’s first space-borne ‘wave spectrometer’. SWIM is a six-beam rotating
radar with small incidence angles (0-10°) operating at 13.575 GHz [5]. Its main task is to
measure directional wave spectra in global open oceans. SWIM not only obtains wind
speed and SWH information from the nadir beam like an altimeter but also obtains wave
spectrum information from off-nadir beams with incidence angles of 6°~10°. At these low
incidence angles, the normalized radar cross-section is sensitive to local slopes associated
with long-wave tilts and is insensitive to wind-induced small-scale roughness as well as
hydrodynamic modulations caused by the interaction between short and long waves. As a
result, SWIM avoids the “azimuth cut-off” associated with SARs during wave spectrum
measurements. It is capable of resolving waves with wavelengths of 70-500 m in the field-
of-view direction [5]; however, according to the actual data files, the range of resolvable
wavelengths is about 23-500 m. By combining unidirectional wave spectra from different
directions through sensor rotation, SWIM produces a complete wave directional spectrum.

For retrieving wave spectral densities, the Modulation Transfer Function (MTF) cur-
rently used in the official SWIM data product is MTF3. This method directly normalizes
the energy of the wave spectrum by using the energy derived from the nadir SWH as the
total energy of the wave spectrum. Although MTE3 is more accurate in estimating the
total energy of the wave spectrum compared to its predecessor, MTF1 [5], it introduces a
potential wavelength cut-off error in the obtained wave spectrum. The wave spectrum
measured by CFOSAT-SWIM has a wavelength range of 23-500 m, corresponding to a fre-
quency range of 0.056-0.26 Hz in deep water. In contrast, the nadir SWH is an integral part
of the spectral densities over a wider frequency range. The nadir SWH is often validated
by in situ observations, such as the buoy data from the National Data Buoy Center (NDBC,
e.g., [1-3]), and most NDBC buoys have a frequency range of 0.02-0.485 Hz. Therefore, the
SWH corresponding to the SWIM spectrum should be considered as a cut-off SWH, and
normalizing the energy of the cut-off wave spectrum with the SWH without the cut-off
may result in an overestimation of the cut-off SWH and hence the spectral densities of the
SWIM wave spectrum. This study aims to investigate the impact of SWIM’s wavelength
cut-off on wave spectral density using NDBC buoy data and to mitigate this impact to
some extent.

2. Materials and Methods
2.1. NDBC Buoy Data

NDBC has a coastal-marine automated network comprising more than 100 buoys that
measure wave spectra. Although these buoys can provide the first five Fourier coefficients
of waves using their translational and pitch—roll data, only the energy spectra (i.e., the first
Fourier coefficients) are used in this study because directional information is not considered.
The data are available from the NDBC website (https:/ /www.ndbc.noaa.gov/, accessed
on 19 July 2024). We selected the data during the period from April 2019 to March 2023,
applying the following criteria for buoy selection: (1) The buoys should have the data of
the energy spectra covering the frequency range of 0.02-0.485 Hz; (2) The buoys should
be more than 150 km from the coastlines, and the corresponding water depth should be
more than 200 m so that the SWIM cut-off wavelengths can be easily converted to cut-off
frequencies (0.056-0.26 Hz) using deep water dispersion relation. Following this screening
process, 35 buoys meeting the criteria were retained, as depicted in Figure 1.

280



Remote Sens. 2024, 16, 3092

545N [t LI U R Aathios s> PR

- .ﬁ‘e-:? k ’; 2
]
36°N .
:—\5' .
- LN N ] " . .
18°N b \N G?.“%_-,.; ok

) Yyl

180° 150°W 120°wW 90°W 60°W

Figure 1. The location of the NDBC buoys used in this study.

2.2. Numerical Wave Model Hindcast

The wave spectrum data from the Integrated Ocean Waves for Geophysical and other
Applications (IOWAGA) dataset are used as the axillary data to study the correction of
the wavelength cut-off error in SWH. IOWAGA is a global hindcast wave field dataset
generated using the WAVEWATCH III® model (version 6.07) [6] based on the source term
package of ST4 [7] and forced by the global 10 m wind from the ERA5 dataset, surface
currents from the CMEMS-Globcurrent, and ice concentrations from the IFREMER SSMI-
derived daily product. Although the numerical wave model does not assimilate any
observations, IOWAGA data show good agreement with both the in situ and altimeter
observations [8]. The directional wave spectrum in this wave model is uniformly spaced
across 24 directions and exponentially spaced across 36 frequencies ranging from 0.034 to
0.95 Hz with a 1.1 increment factor. The IOWAGA hindcast is run at a resolution of
0.5° x 3 h, but a nested grid with a higher spatial resolution of 1/6° is used in coastal
regions. Full directional wave spectra and frequency spectra are available at more than
10,000 points along coastlines worldwide and at the locations of many moored buoys
including those shown in Figure 1. More details of the dataset and the numerical wave
model to generate this dataset can be found in [8].

2.3. Cut-Off SWH

Two types of SWHSs are computed from the buoy wave spectra, the total SWH and the
cut-off SWH. They are both computed using the following equations:

SWH = 4/mg 1)
Jup
my= [ fE(H) df @
Jan

where f is the frequency, m,, is the nth moment of the spectral density function E(f), and
fup and fg, are the high-frequency and low-frequency cut-offs of the measuring devices,
respectively. For the total SWH, f,,, and f;,, are set to 0.02 and 0.485 Hz, respectively, which
are the cut-off frequencies for buoys. For the cut-off SWH, f,,, and f4,, are set to 0.056 and
0.26 Hz, respectively, which are the cut-off frequencies for SWIM. The difference between
the total and cut-off SWHs is then the wavelength cut-off error of SWH, which is equivalent
to the error of spectral density due to wavelength cut-off when the spectral density is
normalized by the total SWH. Hereafter, this wavelength/frequency cut-off error of SWH
will be referred to simply as the cut-off SWH error, or cut-off error.

To test whether the cut-off error comes from the high-frequency or low-frequency
part of the wave spectrum, we also compute the corresponding high-frequency and low-
frequency cut-off SWHs where the integral frequency ranges are set to 0.02-0.26 Hz and
0.056-0.485 Hz, respectively. The high-frequency and low-frequency cut-off SWH errors
are defined as the differences between the total SWH and the high-frequency and low-
frequency cut-off SWHs, respectively.
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2.4. Artificial Neural Network

An Artificial Neural Network (ANN) is used to correct the high-frequency cut-off
SWH errors. An ANN can be thought of as a network of “neurons” organized into layers,
including an input layer, one or more hidden layers, and an output layer. Upon receiving
input and output data, the ANN establishes weighted connections between the input and
output nodes through interconnected computing elements known as “neurons” situated in
the hidden layers. The main advantage of an ANN is its theoretical ability to approximate
any function with any number of input parameters, provided there are enough neurons
and layers, making it a powerful non-linear fitting tool.

In Section 3, we demonstrate the nonlinear correlations of high-frequency cut-off
errors with both wind speeds and SWHs, suggesting that the ANN might be well-suited
for predicting the high-frequency cut-off error using wind speed and SWH as inputs. The
buoy data are randomly divided into two groups, one for the training (10%) and the other
for the validation (90%). Using only 10% of the data for training ensures the robustness of
the statistical correction model. The ANN used here has an input layer with two neurons
(wind speed and SWH), two hidden layers with 32 neurons each, and an output layer
with one neuron. The activation function between different layers is the rectified linear
unit (ReLU). The ANN is trained to minimize the Mean-Square Error (MSE) between the
outputs and the targets (high-frequency cut-off SWH errors) using the Adam optimizer
with a batch size of 512. The learning rate (initially set to 0.0002) decreased by 50% if the
MSE of the training set did not decrease for two epochs, and the training process stopped
when the MSE of the validation set did not decrease for ten epochs. It is also shown that
having more hidden layers and hidden neurons does not significantly impact the model’s
performance.

3. Results
3.1. Evaluation of SWH Cut-Off Errors

Comparisons between the total and the three different cut-off SWHs, integrating
over 0.056-0.26 Hz, 0.02-0.26 Hz, and 0.056-0.485 Hz, at all the buoys used in this study
are shown as scatter plots in Figure 2a, Figure 2b, and Figure 2c, respectively. To eval-
uate the impact of the wavelength cut-off effect on the estimation of SWH, three error
metrics are employed—bias, root-mean-square error (RMSE), and correlation coefficient
(CC)—as follows:

n

Bias = 3 (i — x) ©

i=1

n

RMSE = |23 (i — ) @)

ni=
R= i(yi e —x)/[ ilm —yw i(xi —x>2| )

where x and y denote the cut-off (including the high-frequency and low-frequency cut-off)
SWHs and total SWHs, respectively, and the bars over them denote their mean values.
From Figure 2a, the first conclusion that can be drawn is that the wavelength cut-off
does not significantly impact SWH estimation. The majority of the data closely align
with the y = x line, with the bias, RMSE, and CC values of 0.086 m, 0.111 m, and 0.9976,
respectively. Such a low value of RMSE is comparable with the SWH random noise
observed by the NDBC buoys and altimeters [2], suggesting that the frequency /wavelength
cut-off effect is not a major error source in SWIM'’s retrieval of wave spectra. This is probably
one of the most important conclusions of this study, as it indicates that the cut-off effect will
not significantly impact most applications of SWIM's wave spectral data. However, it is also
noted that a large portion of the error comes from the systematic bias that can be corrected
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Figure 2. The scatter plot between the SWHs integrated from full buoy wave spectra (0.02-0.485 Hz) and
from cut-off buoy wave spectra. The integral frequency range for the cut-off SWH is (a) 0.056-0.26 Hz,
(b) 0.02-0.26 Hz (high-frequency cut-off SWH), and (c) 0.056-0.485 Hz.

A closer examination of the high-frequency and low-frequency cut-off SWHs reveals an
interesting pattern, where most of the errors stem from the cut-off of the high-frequency tails
of the spectra (Figure 2b), while the few cases with large errors are due to the low-frequency
cut-off (Figure 2c). Although both the bias and RMSE in Figure 2b are significantly larger
than those in Figure 2c, and the CC is lower in Figure 2b than in Figure 2¢, the scatter plot in
Figure 2b appears to show better agreement than Figure 2¢, as it is much less scattered. This
suggests that a large proportion of the errors in Figure 2b originates from the correctable
systematic bias between the total and cut-off SWHs. Despite the more scattered appearance
of Figure 2c, it is important to highlight that these “outliers” represent a very small fraction
of the dataset and have only a minimal impact on the overall error metrics, where only 1.2%
of the data has residual >0.1 m in Figure 2c, and this value decreases to 0.5% for residual
exceeding 0.25 m.

To further investigate the dependence of these errors on other variables, the cut-off
errors of SWH as functions of total SWH and wind speed are shown in Figure 3. A weak
yet statistically significant correlation (CC ~ 0.22) is found between the low-frequency
cut-off errors and SWHs, but no clear pattern is found in Figure 3a. Similarly, in Figure 3b,
the correlation between the low-frequency cut-off errors and wind speeds is not statistically
significant. In contrast, the high-frequency cut-off errors exhibit stronger correlations with
both wind speeds and SWHs, with CCs of 0.33 and —0.33, respectively. Although the CCs
of +0.33 are still low (but statistically significant and higher than the CC in Figure 3a), clear
patterns can be observed in Figure 3c,d, where high-frequency cut-off errors increase with
the increase in wind speed and with the decrease in SWH. These dependencies might be
helpful for the correction of high-frequency cut-off errors.

2

Iy
-y
-
-
Q.
)
Iy
I

r=-0.011 r=20.33 r=-0.327

I
N

=
N
=
N

-
=)
-
o
-
=)

o B
o ®

<
e &
o ®
¢ o~
> o ®

I
IS
o

Low-frequency Cut-off Error (m) E

o
N
o
N

High-frequency Cut-off Error (m)
High-frequency Cut-off Error (m)

<
(=]

Figure 3. Wavelength cut-off error of SWH as functions of total SWH and wind speed. (a,b) Low-
frequency cut-off errors as a function of SWH and wind speed, respectively. (c,d) The same as
subplots a and b but for high-frequency cut-off errors.

283




Remote Sens. 2024, 16, 3092

3.2. Correction of High-Frequency Cut-Off Errors of SWH

The high-frequency cut-off errors appear to be systematic, with their magnitudes
significantly correlated to both wind speeds and SWHs, as shown in Figure 3c,d. From
a physical point of view, previous studies have shown that these high-frequency tails of
the wave spectrum, known as the “equilibrium range”, respond rapidly to local wind,
especially in the open ocean [9]. Additionally, it has been shown that the shape of the
“equilibrium range” can be utilized to estimate wind speed [10,11]. These correlations
suggest that the correction of high-frequency cut-off errors is promising.

Since wind speed is available, the high-frequency tail can be computed using the f ~*
relation (the impact of the saturation range f > on the SWH is small):

_ 4Blusg 4
E(f) = 2n)° (6)

where S is an empirical constant, and I was introduced to allow for enhanced tail energy
levels for different directional spread. If one assumes that I is constant and the wind profile
is known (e.g., the log profile), then the cut-off energy can be estimated using Equation (6).
However, this semi-analytical method might involve relatively large errors, as shown by
previous attempts to estimate wind speed using wave spectra [10,11].

Given the availability of wind speed and total SWH data from SWIM, a model was
developed to correct high-frequency cut-off SWH errors, employing wind speed and SWH
as inputs. As depicted in Figure 3c,d, the correlations of high-frequency cut-off errors with
both wind speed and SWHs are nonlinear. Therefore, we try to use an ANN to conduct this
correction simply because ANN can handle the problem of multivariate nonlinear fitting
well and is widely used in the statistical correction of systematic errors in wave remote
sensing (e.g., [2,12]).

After applying the ANN-based correction, on which more information is available in
Section 2.4, the comparison between the corrected high-frequency cut-off SWHs and the
buoy-derived high-frequency cut-off SWHs (for the validation set) is shown in Figure 4a.
Compared to the results in Figure 2b, the bias is eliminated, the RMSE decreases from
0.099 m to 0.035 m, and the CC increases from 0.9985 to 0.9994, showing that this statistical
method can effectively correct the high-frequency cut-off error. After the correction, the
most significant errors (although they are small) are observed under conditions of low
SWHs, primarily because even a very small error in spectral density can result in a relatively
large error in SWH when SWHs are low.

14 14
= a 10¢  E :
En H EP) e H
z BIAS = 1e-04 m o z g
% 10] RMSE = 00340 m I’ B &g '
e r=0.9994 /| [BF10° 5 & >
S / |z 2 3
*E-J' 8 g ’3 81 g
> 1029 3 a
o 6 8 O 61 ©
= c 4+
S © @ ©
e o 3 [a
g TR
< z
5 2 3 2
0 10° 0
0 2 4 6 8 10 12 14 0 2 4 6 8 10 12 14
Predicted High-frequency Cut-off SWH (m) Predicted Low-frequency Cut-off SWH (m)

Figure 4. (a) Comparison between the high-frequency cut-off SWHs (0.02-0.26 Hz) from ANN
correction and from the original buoy data. (b) The same as (a) but for low-frequency cut-off SWHs
(0.056-0.485 Hz).

3.3. Correction of Low-Frequency Cut-Off Errors of SWH

Compared to the high-frequency errors that are correlated to local winds and SWHs,
the correction of low-frequency errors is more challenging. As previously discussed, the
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low-frequency cut-off error of SWH comes from long swells generated by the westerlies
and propagated into the buoy locations. These long swells are not directly correlated to
any local variables from a physical standpoint because they are simply remote signals
passing through the given area. Consequently, correcting the low-frequency cut-off error
of SWH through statistical methods is unlikely to be effective. We attempted to apply
the aforementioned ANN for this correction, but the results in Figure 4b aligned with our
expectations—the statistical correction was ineffective for correcting the low-frequency cut-
off error. The ANN marginally reduced the RMSE from 0.045 m to 0.042 m and increased
the CC from 0.9990 to 0.9991, but the scattering of data in Figure 4b remained almost
unchanged compared to Figure 2c.

Given the ineffectiveness of statistical methods in correcting low-frequency cut-off
errors, such an error might only be corrected using the dynamic way; i.e., with the help of a
numerical wave model forecast or hindcast.

For spectral densities at frequencies lower than 0.056 Hz, the difference between
the results from wave forecasts and hindcasts is small because the energy at such low
frequencies is dependent only on the historical and remote wind field [13]. In this study,
we tried to use the omnidirectional wave spectra from the IOWAGA dataset to correct the
low-frequency cut-off errors. Although the lowest frequency resolved by the IOWAGA
dataset is 0.034 Hz, which is higher than that which has been resolved by the buoy (0.02 Hz),
it can be seen from Figure 2b that there is almost no wave energy for frequencies lower
than 0.034 Hz in the buoy data, even for swell-dominated cases. Therefore, the cut-off
frequency of the model is not an issue for the energy correction. Although contemporary
numerical models still face challenges in accurately modeling swells that propagate over
large distances [4,14,15], we believe that they can at least reflect a part of the cut-off low-
frequency error.

Figure 5a shows the comparison of the low-frequency cut-off errors computed from
the buoy data and the corresponding model data. Although the agreement between these
two sets of data might not seem satisfactory at first glance, it is noted that the CC between
the two error values exceeds 0.8, which can be regarded as a high value. This means
that the low-frequency cut-off error can be, at least, partly reflected and corrected using
a numerical wave model. The error correction process is carried out as follows: First,
the modeled proportions of cut-off energy (energy below 0.056 Hz) are linearly regressed
against the buoy-observed proportions of cut-off energy to reduce the systematic error of
energy between the model and buoy in low frequencies. Then, the low-frequency cut-off

error J; r is estimated as follows:
O = \/SWH2 x p 7)

where p is the modeled proportions of cut-off energy after the correction in the first step.
This correction method yields slightly better results than a direct correction using the
model-estimated low-frequency cut-off error (also adjusted by linear regression). Figure 5b
shows the comparison between the high-frequency cut-off SWHs (0.056-0.45 Hz) after this
correction and from the original buoy data. Compared to the results in Figure 4b, most
outliers with large errors are effectively eliminated, the RMSE decreases from 0.042 m to
0.020 m, and the CC increases from 0.9991 to 0.9998. Finally, combining the corrections
for both high-frequency and low-frequency cut-off errors, the comparison between the
predicted and buoy-measured cut-off SWH is shown in Figure 5c. It is evident that the
potential wavelength cut-off error of SWH is significantly reduced, and it will be more
reasonable for the MTF of SWIM to use the estimated cut-off SWH to normalize the
wave spectra.
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method presented in this study.

4. Discussion

To better understand the cut-off error of SWH, Figure 6a shows four mean buoy spectra
for different SWHs. The figure shows that a small portion of wave energy is cut off at both
high and low frequencies. When SWHs are high (e.g., the red curve), the cut-off energy
is only a very small proportion of the total energy, especially in the high-frequency range,
resulting in a small error in SWH estimation. However, when the SWHs are low (e.g., the
orange curve), the proportion of high-frequency cut-off energy becomes large, resulting in
SWHs which are in agreement with Figures 2b and 3d, where the high-frequency cut-off
errors are negatively correlated to SWH. This can also be regarded as the physical basis for
using the total SWH as the input of ANN for correcting high-frequency cut-off errors.
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Figure 6. (a) Mean buoy spectra for the entire sample (blue) and for different SWH ranges (other

colors) with vertical dashed line indicates the cut-off frequencies. (b) Buoy spectra for cases with

cut-off errors exceed 0.5 m, where the red curve indicates their mean spectrum. (c) The same as

Figure 2a, but using the nominal cut-off range of SWIM, 70 to 500 m.

For SWH < 3 m, the low-frequency cut-off energy remains lower than the high-
frequency cut-off energy, and its contribution to the total energy diminishes as SWH
increases. This explains why the low-frequency cut-off effect is negligible in most cases,
regardless of whether the SWH is low or high.

Another noteworthy feature in Figure 6a is that the wavelength cut-off error of SWH,
particularly the high-frequency cut-off error, would be significant if the resolved wave-
length ranged only from 70 to 500 m (0.0565 to 0.15 Hz). This is because spectral densities at
frequencies of above 0.15 Hz contribute significantly to the total energy in cases with SWHs
at below 3 m. The comparison between the total and cut-off SWHs using the nominal
cut-off range of SWIM (70 to 500 m), as shown in Figure 6c, supports the above inference.
Both the bias and RMSE are about four times greater than those in Figure 2a, with errors
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being particularly significant in low-SWH cases. However, thanks to the extension of the
resolved frequency range, the impact of high-frequency cut-off error is greatly reduced.

Figure 6b shows the mean spectrum for instances with cut-off errors exceeding 0.5 m
(this threshold is arbitrarily selected, yet it was checked that varying it from 0.2 to 0.8 m
has negligible impact on the result). For the cases of large cut-off error, the mean spectrum
exhibits a distinct profile, characterized by the peak frequency being lower than the cut-off
frequency, indicating that all significant cut-off errors originate from the cut-off in low
frequencies. In these instances, the spectra are dominated by long swells that probably
cannot be fully resolved by SWIM, and this will lead to a significant overestimation of the
SWIM spectral density by MTE3.

Further examination of cases with low-frequency cut-off errors in excess of 0.2 m
revealed that more than 95% of them have a peak frequency lower than 0.07 Hz (equivalent
to a peak period of ~14 s). Most waves with such low peak frequencies are swells generated
by remote wind (especially extra-tropical storms in the westerlies). Although cases of
relatively large low-frequency cut-off errors in SWHs make up only a small fraction of
the buoy dataset, this cut-off error has a large impact on the observation and study of
long ocean swells propagating across the ocean. When using SWIM data to track very
long swells, it is important to account for this low-frequency cut-off effect, as the spectral
densities in the current version of the data product might be significantly overestimated for
such long swell events.

5. Conclusions

The SWIM is capable of resolving the directional wave spectrum within a wavelength
range of 23-500 m, which corresponds to a frequency range of 0.056-0.26 Hz in deep
water. Meanwhile, the SWHSs obtained by the nadir beam of SWIM, which are used to
normalize the off-nadir SWIM wave spectra in MTEF3, are validated using the buoy-observed
SWHs calculated from the spectral energy within a broader frequency range of 0.02 Hz to
0.485 Hz. This mismatch in frequency ranges can potentially lead to an overestimation of
the SWIM spectral densities. This study investigated this frequency/wavelength cut-off
error using the wave spectra from buoys. The comparison of SWHSs before and after the
frequency cut-off revealed that the wavelength cut-off error is generally small. However,
the high-frequency cut-off can cause a systematic bias in SWH of nearly 0.1 m, while the
low-frequency cut-off can lead to significant errors under conditions of long swells. These
cut-off errors in wave energy will be proportionally distributed across the SWIM wave
spectra, leading to a proportional overestimation of the energy in each wave spectrum.

Understanding the nature of these errors, it was found that the high-frequency cut-off
error can be statistically corrected using wind speed and SWH information. This is because
the high-frequency cut-off error arises from the tails of the wave spectra that respond
rapidly to local wind, and a proportion of the tail energy within the entire spectrum
decreases with increasing SWH. An ANN, using wind speed and SWH as inputs, was
employed and successfully corrected the high-frequency cut-off error.

In contrast, the low-frequency cut-off error, which comes from swells generated
elsewhere, could not be effectively corrected using statistical methods. Fortunately, con-
temporary numerical wave models can provide some information on these long swells.
Thus, the low-frequency cut-off error of SWH is partially corrected with the help of the
output of a numerical wave model. Although it is understood that access to modeled wave
spectra is not universally available across the global ocean, we failed to figure out a better
way to correct low-frequency cut-off errors. Thus, it is also recommended that the future
SWIM data product incorporates the along-track modeled wave spectra.

Following these corrections, the error in the estimated cut-off SWH was substantially
reduced. The bias, RMSE, and CC improved from 0.086 m, 0.111 m, and 0.9976 to 0 m,
0.039 m, and 0.9994, respectively. Although this wavelength/frequency cut-off error may be
considered second-order compared to other known error sources such as speckle noise and
parasitic peaks, its significance should not be overlooked, particularly in cases involving
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low SWHs and long swells. Given that this error can be substantially corrected using
our method, we hope that future versions of the SWIM data product will incorporate this
correction or simply further extend the frequency range of the spectrum.
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