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Highlights

What are the main findings?

e By introducing a wind-speed-dependent parameterization scheme for the transition
wavenumber between the equilibrium and saturation ranges, as well as a cutoff
wavenumber to supplement the high-frequency tail of the CFOSAT wave spectrum,
the estimated Stokes drift shows a significant improvement.

e  The contribution of high-frequency waves to Stokes drift exhibits pronounced spatial
heterogeneity, exceeding 80% in equatorial low-wind regions while dropping below
10% in the high-wind Southern Ocean due to enhanced breaking dissipation.

What are the implications of the main findings?

e  The high-frequency supplementation method proposed in this study outperforms the
widely used ERA5 reanalysis, providing a more reliable data source for estimating
global Stokes drift from satellite wave spectra; this can enhance applications such as
trajectory prediction for floating marine debris.

e  The findings reveal the global distribution and seasonal variability characteristics
of Stokes drift and its high-frequency contribution, which can help improve the
parameterization of upper-ocean mixing processes in climate models and advance the
simulation of air-sea interactions and oceanic material transport.

Abstract

Stokes drift is the net displacement of ocean surface water particles caused by nonlinear
surface waves. Its estimation typically relies on sea surface wave spectra, and truncation of
the high-frequency spectral tail can significantly affect accuracy. This study uses directional
wave spectrum data from the SWIM instrument onboard CFOSAT. By introducing a wind-
speed-dependent parameterization scheme for the transition wavenumber (k;) between the

equilibrium and saturation ranges, as well as a cutoff wavenumber (kp,), we constructed a
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model to supplement the high-frequency tail of the wave spectrum combined with mask
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1. Introduction

When surface gravity waves propagate in water, water particles do not merely execute
closed orbital motions but experience a small net displacement in the direction of wave
propagation. This long-term cumulative average displacement is known as Stokes drift.
Stokes drift is defined as the difference between the mean Lagrangian particle motion
in the wave field and the phase-averaged Eulerian velocity [1]. In practical applications,
the calculation of Stokes drift is typically based on the lowest-order approximation of the
Taylor-expanded Lagrangian trajectory.

Stokes drift plays a crucial role in the marine environment. Studies show that it
accounts for approximately two-thirds of the wind-driven surface layer drift [2] and exhibits
strong vertical shear [3,4]. This mechanism is widely applied in predicting the trajectories
of floating objects (e.g., marine debris [5], microplastics [6], pollutant aggregation [7],
and aircraft wreckage tracing [8]). Furthermore, Stokes drift significantly influences the
transport of plankton eggs, larvae, and dissolved substances [9,10] and ecological isolation
assessments [11]. In coastal zones, mass flux conservation induced by Stokes drift leads to
offshore-directed bottom currents [12,13] and interacts with momentum input from wave
breaking [14]. Simultaneously, Stokes drift modulates submesoscale fronts and filamentary
structures [15,16].

The shear interaction between Stokes drift and the Eulerian mean current generates
the Craik-Leibovich vortex force [17], driving Langmuir turbulence. This turbulence is a
dominant mechanism for mixing and transport in the ocean surface boundary layer [18,19].
Additionally, the Coriolis effect associated with surface wave phase velocity produces
the Stokes—Coriolis force [20,21], altering momentum distribution in the upper ocean
(e.g., modifying the Ekman profile) and impacting hydrodynamic processes in both open
and coastal regions [22,23]. In recent years, with the increasing application of artificial
intelligence in ocean forecasting, the estimation of Stokes drift has also been incorporated
into data-driven correction models. For instance, Garcia-Leon et al. [24] proposed a sub-
inertial surface current correction method based on artificial neural networks, in which
Stokes drift serves as one of the key covariates, significantly enhancing the accuracy of
flow field forecasting. Furthermore, this study also utilized Sentinel-1 SAR data to correct
coastal wind fields, facilitating a more precise distinction between wind waves and swells,
thereby further optimizing the division of wave spectra. These advancements indicate that
high-precision Stokes drift and wind field data are not only crucial for traditional physical
models but also provide essential inputs for data assimilation and machine-learning-driven
ocean forecasting. Therefore, developing reliable, observation-based Stokes drift estimation
methods holds direct significance for enhancing the performance of wave spectrum analysis,
drift prediction, and coupled forecasting systems.

Currently, the primary methods for obtaining wave spectra to compute Stokes drift can
be categorized into three types: empirical wave spectra, wave spectra derived from remote
sensing observations, and wave spectra simulated by numerical wave models. Each of
these approaches has its own advantages and inherent limitations. The first method utilizes
empirical wave spectra (e.g., the Pierson-Moskowitz or JONSWAP spectra), which are
constructed based on a limited set of parameters such as wind speed. While computationally
efficient and widely used in large-scale climate models, these parameterized spectra often
oversimplify the complex reality of the sea state. They typically lack detailed directional
information and fail to accurately represent the high-frequency tail of the spectrum, leading
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to significant uncertainties in Stokes drift estimates, particularly in complex wind-sea-swell
mixed conditions [3,4]. The second method leverages remote sensing observations from
satellites, such as altimeters and synthetic aperture radars (SAR). Instruments like the SWIM
scatterometer on CFOSAT provide valuable two-dimensional wave spectrum data with
global coverage. However, these spaceborne sensors are often limited in their ability to
resolve high-frequency waves due to instrumental constraints like spatial resolution and
signal-to-noise ratio. The inevitable truncation of the wave spectrum at higher wavenumbers
results in an underestimation of Stokes drift, as high-frequency waves, despite their small
amplitudes, contribute substantially to the net drift due to their large numbers [25]. The
third method relies on numerical wave models (e.g., WAVEWATCH III), which assimilate
various observations to simulate the evolution of the wave field. These models can provide
spatially and temporally continuous wave spectra. Nevertheless, the accuracy of their Stokes
drift products is contingent upon the model’s physical parameterizations, especially for
the high-frequency spectral tail and wind input/dissipation sources, so deviations in the
modeled spectra will lead to deviations in Stokes drift.

In recent years, scholars have realized that the contribution of high-frequency waves to
the Stokes drift is not negligible [26] and that by neglecting the high-frequency contribution,
the prediction of surface Stokes drift may be underestimated by more than 50% [25].
Therefore, all current methods face a key challenge in Stokes drift estimation, which is
accurate measurement of the high-frequency part of the directional spectrum [27].

Advancements in remote sensing and in situ observation techniques have significantly
enhanced the spatial and temporal resolution of waves in recent years. For instance, studies
based on airborne lidar data have revealed the power-law characteristics of wavenumber
spectra in the equilibrium and saturation ranges [28,29]. Phillips’ model predicts a (k~5/2)
slope for the equilibrium range of the omnidirectional wavenumber spectrum. Beyond the
equilibrium range, spatial and temporal observations of the saturation range show a power-
law transition of wavenumber from k=°/2 to k=3 slope [28,30-32]. If it is the frequency
spectrum of deep-water waves, the slope in the equilibrium range domain is f # and the
slope in the saturation range domain is f ~>. However, accurately capturing high-frequency
wave spectra, particularly the transition segment between the equilibrium and saturation
ranges, remains challenging. Lenain and Pizzo [25] characterized the properties of the
surface wave field across these ranges and provided a simple parameterization model for
the transition, which can easily be implemented in numerical wave models.

The accuracy of Stokes drift estimation is not only crucial for its own characterization
but also serves as a key input for numerous marine and coastal applications. In coastal
forecasting systems, Stokes drift is utilized to predict the transport trajectories of floating
debris, assess coastal erosion risks, and simulate flood inundation during storm surges.
However, the reliability of these applications fundamentally relies on the precision of input
data for wind and wave fields. Studies have shown that under conditions of steep wind
field gradients or extreme weather, even relatively small errors in wind and wave input
data can be amplified in subsequent high-resolution coastal hydrodynamic-geomorphic
dynamic simulations, leading to significant prediction biases [33]. Therefore, developing
a more accurate Stokes drift estimation method based on direct observations is of great
value in reducing source errors in such operational forecasting chains and enhancing their
overall reliability. This study aims to utilize CFOSAT satellite observations to provide a
more reliable observational benchmark for global Stokes drift estimation by improving
the high-frequency part of its spectrum. The Surface Waves Investigation and Monitoring
(SWIM) instrument onboard the China—France Oceanography Satellite (CFOSAT) provides
wave spectra using its off-nadir beams. The instrument emits one vertical (0°) and five low-
incidence-angle beams (2°, 4°, 6°, 8°, and 10°) and employs a rotating scanning method
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to acquire sea surface reflection and quasi-specular scattering information at different
incidence angles [34]. Based on the modulation information of the scattering coefficient by
multi-azimuth wave slopes, the directional wave spectrum can be retrieved, yielding wave
parameters such as significant wave height (SWH) [35-37]. Although CFOSAT provides
abundant observed wave spectra, its limited sensitivity to high-frequency waves hinders
precise Stokes drift computation. Therefore, augmenting CFOSAT’s high-frequency spectral
data is essential for improving drift predictions.

Therefore, to address the key issue of high-frequency spectral truncation in satellite
observations, this study developed a wind-speed-dependent parameterization scheme
based on CFOSAT spectral data to reconstruct the high-frequency spectral tail, thereby
optimizing the estimation of global Stokes drift. The structure of this paper is organized
as follows. Section 1 has introduced the phenomenon of Stokes drift, its oceanographic
significance, and current estimation methodologies. Section 2 describes the datasets used,
including CFOSAT, NDBC buoys, ERA5, and ETOPO2 bathymetry. Section 3 details
the methodology, including mask filtering, spectral conversion and calibration, the high-
frequency tail supplementation scheme, and Stokes drift calculations. Section 4 presents
comparison results with buoys and ERA5 and analyzes the global distribution and seasonal
variability in surface Stokes drift, Stokes transport and their high-frequency contributions.
Finally, Section 5 summarizes the main conclusions and discusses the implications of
our findings.

2. Materials and Methods
2.1. China—France Oceanography Satellite (CFOSAT)

The China—France Oceanography Satellite (CFOSAT) was jointly developed by the
French National Centre for Space Studies (CNES, 18 Avenue Edouard Belin, 31400 Toulouse,
France) and the China National Space Administration (CNSA, Beijing, China). Launched in
October 2018, CFOSAT operates in a sun-synchronous orbit at an altitude of approximately
500 km, achieving global coverage every 13 days, with a maximum latitude reach of 82.56°.
The distance between adjacent tracks is 200 km. Its mission is to deepen understanding of
air-sea interactions through synchronous monitoring of global sea surface wind fields and
wave fields [36]. The satellite carries two Ku-band (13.2-13.6 GHz) instruments: the SCAT-
terometer (SCAT) and the Surface Wave Investigation and Monitoring (SWIM) instruments.
The SCAT instrument was developed by the China Academy of Space Technology (CAST,
Beijing, China). SWIM was developed by Thales Alenia Space (Cannes, France) in collabo-
ration with the French National Centre for Space Studies (CNES, Toulouse, France). SCAT
is used to retrieve wind vectors [38], while SWIM, as the first spaceborne real-aperture
wave scatterometer, acquires two-dimensional wave spectrum data, supporting spectral
analysis of wind waves, swells, and mixed seas [39].

SWIM continuously observes the sea surface using six incidence angles: 0°, 2°, 4°,
6°, 8°, and 10°. The nadir (0°) beam estimates significant wave height (SWH) using the
radar altimeter principle. The 2° and 4° beams primarily supplement normalized radar
cross-section information. The 6°, 8°, and 10° beams are responsible for retrieving the
two-dimensional ocean wave spectrum, decomposed into 12 directional bins (0-180°, 15°
interval) and 32 non-uniform wavenumber bins (k = 0.0126 rad/m to k. = 0.2789 rad /m),
corresponding to wavelengths of 70-500 m. The retrieved spectrum has a horizontal res-
olution of 70 x 90 km and is archived in the SWIM Level 2 product. This study selected
spectral data from the SWIM 10° beam for Stokes drift estimation, based on recent sys-
tematic evaluations of SWIM L2 products and consistency analysis with other observation
methods. Liang et al. [40] found that among all the beams (6°, 8°, 10°) in SWIM, the 10°
beam showed the most stable inversion accuracy in terms of significant wave height and
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main wave direction, especially after the data processing algorithm update in June 2020,
where its data consistency was further improved. In addition, Hao et al. [41] systematically
evaluated the consistency of spectral parameters at different incident angles by comparing
SWIM spectra with SWAN numerical simulation results and high-resolution SAR inversion
spectra. Their research clearly indicates that the 10 ° beam exhibits the best comprehensive
performance in multiple key parameters such as effective wave height, peak wavelength,
and peak period: compared with SWAN simulation, its effective wave height has the lowest
root mean square error (1.02 m) and the highest correlation coefficient (0.79); compared
with SAR inversion spectra, the spectral shape and energy distribution of the 10° beam
are closest to the SAR results, the correlation coefficient of which is 0.77. All studies have
shown that the spectral inversion performance of the 10° beam is superior to these studies
of the 6° and 8° beams [38,42]. Therefore, selecting the 10° beam with the best data quality
for analysis can minimize the Stokes drift estimation bias caused by errors in the original
spectrum, ensuring the reliability of the high-frequency supplementary method proposed
in this study and the global drift analysis results.

For this study, we analyze directional slope spectrum data acquired by SWIM from
1 December 2022 to 1 December 2023. The relevant data are publicly available via [43].

2.2. NDBC Buoys

Buoy observation data are widely regarded as a relatively accurate reference standard
for wave measurements and serve as crucial validation data for satellite remote sensing
products. The buoy data used in this study are from the National Data Buoy Center (NDBC)
in the Stennis Space Center, MS, United States, which operates the world’s largest network
of wave buoys and provides open datasets, and some of these buoys directly provide
observed wave frequency spectra. According to NDBC technical reports, wave frequency
spectra are estimated by measuring the vertical displacement or heave acceleration of the
buoy hull during wave sampling. Raw measurement data are converted from the time
domain to the frequency domain using Fast Fourier Transform (FFT). The distortion caused
by hull dynamics and electronic noise is then corrected using the Response Amplitude
Operator (RAO), yielding the calibrated wave frequency spectrum [44].

The wave spectrum data provided by NDBC are hourly observations, containing
key spectral analysis parameters such as omnidirectional spectral density, dominant wave
direction, and mean wave direction. The frequency coverage ranges from 0.020 to 0.485 Hz,
with 47 frequency bins at intervals of approximately 0.01 Hz [45]. The relevant data can be
publicly accessed via the NDBC official website [46]. The buoy numbers, locations, and
water depth characteristics selected in this article are shown in Table 1. The 10 NDBC buoys
selected in this study have systematic representative significance in spatial distribution,
water depth environment, and sea state types. These buoys cover the main basins of the Pa-
cific, Atlantic, and Indian Oceans and can reflect different climate and wind wave systems
from the equatorial low-wind zone to the mid- to high-latitude westerly belt. In terms of
water depth types, it includes deep-water buoys such as 46,035 and 51,001, located in open
oceans, whose spectra are less affected by seabed topography and are suitable for testing
the observation performance of satellites in pure sea conditions. It also includes buoys such
as 41,013 and 44,011 located in shallow waters, which have complex spectral structures due
to nearshore topography, wave reflection and refraction, and can be used to evaluate the ro-
bustness of CFOSAT spectral processing technology in complex sea conditions. The selected
buoys also cover various wave systems such as wind-wave-dominant, swell-dominant,
and mixed sea conditions, which helps to comprehensively verify the applicability of the
wind-speed-dependent high-frequency supplementary parameterization scheme proposed
in this study in different geographical distributions and dynamic environments.
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Table 1. The buoy-related information used in this article.
Number Latitude Longitude Water Depth Characteristics
41,010 28.878N 78.467W shallow water
41,013 33.441N 77.764W shallow water
41,040 14.536N 53.136 W deep water
41,049 27.505N 62.271W deep water
42,002 25.950N 93.78W deep water
42,060 16.434N 63.329W deep water
44,011 41.088N 66.546W shallow water
46,035 57.034N 177 .468W deep water
46,073 55.008N 172.012W deep water
51,001 24.475N 162.03W deep water
2.3. ERA5

ERAS is the fifth-generation global atmospheric reanalysis dataset released by the
European Centre for Medium-Range Weather Forecasts (ECMWEF, Shinfield Park, Reading,
RG29AX, UK). It provides hourly historical and near-real-time data from 1950 to the present,
with a time resolution of 1 h and a spatial resolution of 31 km, covering key atmospheric
and ocean wave parameters. Its wind field data are obtained via the Climate Data Store,
with the highest spatial resolution being 0.25° x 0.25°. It includes Ujp: 10 m height
wind speed (eastward (u) and northward (v) horizontal wind vectors), and qwind: wind
direction. In this study, the u and v components from 1 December 2022 to 1 December 2023
are used to calculate the hourly wind speed vector at the grid point corresponding to the
observation location.

The ERAS5 wave spectrum dataset employs 24 discrete directional resolution bins,
each with a 15° interval. Following oceanographic convention, the directional coordinate
starts at 7.5° (propagating north) and increases clockwise to 352.5°, where 90° corresponds
to waves propagating east. Spectral energy density is stored logarithmically (base 10) in
units of m? /(Hz-rad), requiring exponentiation for physical interpretation. The frequency
domain contains 30 nonlinearly spaced bins, with the first frequency being 0.03453 Hz, and
subsequent frequencies increasing geometrically: f(n) = 0.03453 x 1.1~V Hz (n = 1 — 30),
up to 0.5478 Hz. However, the directional and frequency bins are simply given as indices
1 to 24 and 1 to 30, respectively. Therefore, special attention is required when reconstructing
the directional coordinate from the bin index and converting the logarithmic spectral density
to linear space. The complete dataset can be downloaded via [47].

2.4. ETOPO2

The ETOPO2 Global Relief Model (Earth Topography) is a comprehensive global dataset
of topographic and bathymetric elevations. ETOPO2 Global Relief Model is distributed by the
National Centers for Environmental Information (NCEI), National Oceanic and Atmospheric
Administration (NOAA) (Asheville, NC 28801, USA). It integrates terrain, bathymetry, and
coastline data from multiple regional and global datasets to provide a high-resolution, holistic
representation of the Earth’s surface relief features. This study utilizes the ETOPO2 dataset
at a 30-arc-second resolution (approximately 1 km), accessible via [48].

2.5. Mask Filtering

CFOSAT uses mask filtering technology to partition the wave spectrum. Although
this method effectively suppresses parasitic peaks in the low-frequency band, the high-
frequency wind sea portion itself is less affected by low-frequency noise, and mask filtering
may mistakenly delete valid high-frequency signals, leading to reduced spectral shape
accuracy (e.g., the correlation coefficient R decreasing from 0.82 to 0.78) [34]. Therefore,
based on the research of Li et al. [49], this study introduces a wind-speed-dependent
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separation criterion, defining the partition frequency £ as the threshold between wind sea
and swell:
fs = a * 0.13 g/Uyy, 1)

where Uy is the sea surface 10 m wind speed, g = 9.81 m/s? is the gravitational acceleration,
and « = 1.2 is a calibrated empirical coefficient. Li et al. [49] conducted a systematic
evaluation of the impact of different « values on the separation effect of wind waves and
swells based on a comparative analysis of CFOSAT and global NDBC buoy data. They
found that o« = 1.2 was the most effective in distinguishing between the two types of
wave systems under most sea conditions, especially exhibiting stability in open seas. This
study focuses on the estimation of global-scale Stokes drift, with the main data sourced
from the open seas covered by CFOSAT. Therefore, it adopts « = 1.2, which is reasonably
representative. In special environments such as the periglacial zone, the presence of sea
ice significantly alters the dynamic processes of the sea surface, limiting the development
of wind waves. In such cases, this coefficient may need to be adjusted. However, this
study does not involve high-latitude ice zones and therefore does not perform regionalized
correction on this coefficient. If the method is extended to polar regions or complex ice-sea
interaction areas in the future, « can be locally calibrated based on measured data. The part
of the spectrum with frequencies lower than fs corresponds to swell, while the part with
frequencies higher than f; corresponds to wind sea. This method facilitates the protection
of the wind wave portion’s spectral integrity during subsequent swell filtering.

The SWIM Level 2 product provides three mask matrices (m1, mp, m3) with a value of
0 or 1 for separating different wave systems (e.g., wind sea, swell, and mixed states). For
each observation grid, the filtered spectrum is obtained by element-wise multiplication of
the masks with the original spectrum and summation:

Dy(k,0) =Y 7 ®(k,0)m;(k,0), )

where ®(k, 0) is the slope directional wavenumber spectrum provided by SWIM, and
m; (k, 0) is the mask matrix corresponding to partition i. When m;(k, 8) = 1, it indicates
that the spectral bin corresponding to wavenumber k and direction 6 belongs to partition i.
This step suppresses spurious peaks while retaining dominant wave components.

In deep water or regions with simple wave systems, mask filtering significantly
suppresses low-frequency noise in swell (correlation coefficient R > 0.7). However, in
nearshore areas with complex topography (e.g., Southeast Asia), due to wave reflection,
refraction, and the coexistence of multiple systems, masks may fail to distinguish noise from
valid signals, leading to a significant reduction in spectral shape correlation coefficients
(R <0.3) and poor filtering performance [34]. CFOSAT provides signal-to-noise ratio (SNR)
data to characterizing the ratio between the maximum of spectral energy associated with
ocean waves and the spectral energy of the background speckle noise, and filtering is
typically effective when SNR > 3. Statistically, regions with SNR < 3 show no significant
seasonal variation. These regions are primarily concentrated in nearshore complex terrain
areas (e.g., the Southeast Asian archipelago), consistent with spectral contamination caused
by wave reflection, refraction, and multi-wave system coexistence. Li suggested using the
significant wave height data provided by CFOSAT for drift estimation or data assimilation
in nearshore areas with poor filtering performance rather than relying on the complete wave
spectrum [34]. Future work will explore coupling high-resolution terrain data with wave
refraction models to develop dynamic mask generation algorithms suitable for complex
nearshore wave systems.
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2.6. Spectral Conversion

The omnidirectional slope spectrum ®(k) is calculated as the integral over kd6 of the
directional slope spectrum ®(k, 0):

27t
D(K) = /O ®(k, 0)kde., 3)

This conversion facilitates subsequent energy analysis and high-frequency supple-
mentation. Since the directional resolution of the directional slope spectrum provided by
CFOSAT is discrete into 12 bins (15° interval), the directional integral is approximated as
a summation:

(k) =) 2,0(k,6) - k- Ao, (4)

where AO = 15°. This discretization retains the satellite’s angular sampling characteristics.
The omnidirectional wavenumber spectrum F(k) characterizes the energy distribution
in the wavenumber domain and is calculated from the omnidirectional slope spectrum:

F(k) = : ()

The omnidirectional wavenumber spectrum F(k) is converted to the frequency spec-
trum 5(f), ensuring energy conservation:

w? = gktanh(kh), (6)

w = 27tf, @)

ktanh(kh) = 4“:2, (8)

S(f)df = F(k)dk, 9)

S(f) = G (), 10)

g tanh(kh) + kh(1  tanh?(kh) ) |

where h is water depth. Note that under deep-water conditions, tanh(kh) ~ 1.

Since the operation period of CFOSAT is 13 days, after interpolating the CFOSAT
orbits, two measurement buoys deployed in shallow and deep water were selected to
match data for each of the 12 months, resulting in 12 sets of NDBC spectral data. In the
nearshore region, due to spectral overlap between noise and valid signals, the observed
wave spectrum shape and filtering effectiveness are relatively poorer (Figure 1). In contrast,
CFOSAT exhibits stronger observational capability in deep water; parasitic peaks are easily
identifiable, and the mask filtering method significantly suppresses low-frequency parasitic
peaks (Figure 2). These results reflect the effectiveness of mask filtering for simple wave
systems in deep water but highlight its limitations in complex nearshore environments.

2.7. Energy Calibration

After spectral conversion, energy calibration is necessary to balance the impact of
mask filtering on total energy. According to Li et al. [45], the unmasked 10° beam data
(Speamy,) provides optimal energy, while the masked data (Sbeamlgm) retains a finer spectral
structure. The calibrated spectrum Spew (f) is obtained by:

f Sbeamm (f) df

Shew (f) = Sbeamlom (f) ’ m’

(11)
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Spectral Wave Density (m?/Hz)

This ensures the total energy matches Speam,, while preserving the spectral resolution
of Sbeamlom [45].
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Figure 1. CFOSAT wave spectra before and after filtering compared with buoy-measured wave
spectrum (Buoy 41013, 33.441N, 77.764W in shallow water). The wave spectra are respectively taken
from the first measurement spectrum of each month. The blue line represents the nomasked wave

spectrum, while the red line represents the masked wave spectrum.
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Figure 2. CFOSAT wave spectra before and after filtering compared with buoy-measured wave
spectrum (Buoy 51004, 17.538N, 152.23W in deep water). The wave spectra are respectively taken
from the first measurement spectrum of each month. The blue line represents the nomasked wave

spectrum, while the red line represents the masked wave spectrum.

Wind waves may be misclassified as swells due to the presence of low-frequency

parasitic peaks. We validate the filtering rationality using the distribution of swells and
wind sea. When the wave age 3 > 1.2, it is classified as a swell; when 3 < 0.8, it is classified

as a wind sea; and when 0.8 < 3 < 1.2, it is considered a transitional state between wind sea

and swell. Wave age {3 is calculated as:

g

- 2717pr10/

(12)
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where f}, is the spectral peak frequency.

After introducing the wind-speed-dependent partition criterion and applying low-
frequency filtering, the wave age calculated from the filtered and unfiltered CFOSAT wave
spectrum was compared to the ERA5 wave age. The results showed that the proportion of
wind waves with a wave age below 1.2 before filtration was 36%, while after filtration, it
was 28% in January 2023, which is closer to the ERA5 results (Table 2).

Table 2. The difference in wave age before and after filtering compared to ERA5 in January 2023.

B <12 B >12
Before filtering 36% 54%
After filtering 28% 72%
ERA5 19.8% 80.2%

2.8. High-Frequency Tail Spectrum Supplementation

Due to the limited observation of high-frequency waves (k > 0.2789 rad/m) by the
satellite sensor, it is necessary to utilize the consistent power-law behavior of the omnidirec-
tional wavenumber spectrum for high-frequency supplementation within the equilibrium
and saturation ranges. The fixed slope of this spectral tail is typically represented as
k~3, where k is the wavenumber. It describes the wave spectrum shape above the cutoff
frequency and can be used to supplement the missing high-frequency part of the wave
spectrum in CFOSAT data. This expression typically takes the following form:

Cik™%?, ke <k<kn
Rl = {Czk_3, kn < k < k' 13)
where C; = F(k.) - kg/ Zand G, = Cq- k}/ 2 are the coefficients calculated from the omni-
directional wavenumber spectrum at the observed cutoff wavenumber k. and transition
wavenumber k.
Referring to Phillips [29], the transition wavenumber k, between the equilibrium
range and the saturation range is defined as:

ko = gr/ui, (14)

wherer=9.7 x 1073,

The maximum frequency of the high-frequency tail is defined as the cutoff wavenum-
ber ki, above which the directional wave spectrum is assumed to be isotropic. The cutoff
wavenumber follows Lenain and Melville [28]:

b = (87 ) expl(m/2 — 80) /7], (15)

where 6y = 2.835, y = 0.48, and u* = /Cq x Uy is the friction velocity. The drag coefficient
Cq is calculated using the piecewise function from Large and Pond [50] (1981):

Cq = 0.0012, [Upo| < 11m/s
Cq = 0.00049 + 0.000065 x [Uyg, 11m/s < [Up| <19m/s , (16)
Cgq = 0.001364 +2.34 x 1075 x |Ujg| —2.3 x 1077 x 1 Uy |2 19m/s < [Upg| <100 m/s

To ensure the comparability between satellite observations, ERA5 reanalysis data, and
on-site buoy data, this study established strict spatiotemporal matching criteria. Temporally,
based on the observation time of the buoys, CFOSAT transit data within a matching time
difference of +30 min were selected, and ERA5 reanalysis data at the same time were
extracted. Spatially, for CFOSAT’s irregular observation points, the nearest neighbor
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matching method was adopted, retaining only the closest observation points with a distance
of no more than 50 km from the buoys; for ERA5’s regular grid, the nearest grid point
method was used, retaining only matching data where the distance between the grid center
and the buoy was no more than 0.2° (approximately 22 km). Matching points exceeding
the above spatial threshold were eliminated to ensure that all analyses were conducted
within an effective spatial scale.

Figure 3 compares the measured wave spectrum at Buoy 41013 (33.441N, 77.764W)
in shallow water with the CFOSAT wave spectrum before and after high-frequency sup-
plementation. Figure 4 shows the same comparison at Buoy 51004 (17.538N, 152.23W)
in deep water. From Figure 3, it can be seen that the spectral shape after high-frequency
supplementation (red solid line) is consistent with the trend observed by the buoy (black
solid line) in the range of 0.263-0.485 Hz, with an increase in energy. However, the sup-
plemented spectrum is still slightly lower than that observed by the buoy. This may be
due to the significant influence of seabed topography on shallow-water spectra, strong
wave breaking and dissipation, and seabed friction causing the saturation zone spectrum
to deviate slightly from the deep-water theoretical model, resulting in a slight deviation
in the supplementation effect. From Figure 4, it can be seen that the frequency spectrum
after high-frequency supplementation in the deep-water area matches well with the buoy
observation results throughout the entire high-frequency range, and the energy trend is
consistent. This indicates that the supplementary model based on Phillips’ saturation range
theory has higher reliability in deep-water environments.

01-Jan-2023 09-Feb-2023

100f 10°}

0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
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0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
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0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
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Figure 3. CFOSAT wave spectra after high-frequency supplementation compared with buoy-
measured wave spectrum (Buoy 41013, 33.441N, 77.764W in shallow water). The black line represents
the buoy data, and the red line represents the CFOSAT data after the high-frequency supplementation.
The blue dashed line represents the cutoff frequency of CFOSAT, and the green dashed line represents
the cutoff frequency of the buoy.
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Figure 4. CFOSAT wave spectrum after high-frequency supplementation compared with buoy-
measured wave spectrum (Buoy 51004, 17.538N, 152.23W in the deep water). The black line represents
the buoy data, and the red line represents the CFOSAT data after the high-frequency supplementation.
The blue dashed line represents the cutoff frequency of CFOSAT, and the green dashed line represents
the cutoff frequency of the buoy in the deep-water area.

2.9. Stokes Drift Calculation

Stokes drift is calculated from the directional spectrum F(k) according to [25]:

z) =2 [[ F(k) - [w(k)

where k = |k, w(k) = y/gk tanh(kh), and h is the water depth. The Stokes drift magni-
tude Us(z) based on the omnidirectional wave spectrum F(k) can be estimated as:

_cosh[2k(z + h)]

2sinh?(kh) dks {17

2) =2 /k "R [w(k) L cosh2k(z )] |y gy (18)

2sinh?(kh)

Under deep-water conditions, since lim cosh2k(z+h)] ez v/ gk, the above

khsco 2sinh®(kh)
equation simplifies to:

.y / Jgke?kdk, (19)

where kj, is the spectral peak wavenumber of the wave spectrum, z is the depth, and
F(k) is the omnidirectional wave spectrum. The low-frequency drift U°" is obtained by
integrating the spectrum from the peak wavenumber kj, to the satellite observation cutoff
wavenumber k¢: Ul°¥(z) = 2 fk “F(k)/gke?*kdk. To quantify the contribution of high-
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frequency waves to Stokes drift, high-frequency contribution is defined as the proportion
of high-frequency Stokes drift to the total drift volume:

b 00 12F) i) 20)
contribution = X ,
Us(z)

Therefore, the spectral shape of surface waves directly influences Stokes drift. Note
that because low-frequency waves are not steep, we neglect the contribution of very low
wavenumbers to Stokes drift. As shown in Table 3, low freq represents low frequency
waves, and their contribution to the total drift is very small, averaging only about 1.7%.

Table 3. Contribution of low-frequency part of wave spectrum to surface Stokes drift.

Season Spring Summer Autumn Winter

global seasonal mean Stokes (m/s) considering low freq 0.0412 0.0393 0.0408 0.0415
global seasonal mean Stokes (m/s) ignoring low freq 0.0404 0.0386 0.0401 0.0408
low-freq contribution (%) 1.8608 1.6978 1.7143 1.7671

The transport of water particles caused by Stokes drift is termed Stokes transport,
playing an important role in mass and energy exchange in the upper ocean. Stokes drift is
vertically integrated over the depth to compute Stokes transport as below:

T, — /_ Ods Us(2)dz, 1)

where Ts and Us(z) are Stokes transport and Stokes drift, respectively; ds is the Stokes
influence depth, defined as the maximum depth at which Stokes drift has not a significant
vertical influence. If the water depth exceeds this depth, Stokes drift and its effects are
negligible. ds can be calculated by ds = 5, where k is the wavenumber, k = 2%, and A is
the wavelength.

3. Results
3.1. Filtering

To evaluate the impact of filtering on Stokes drift estimation, we compared the global
sea-surface Stokes drift calculated from CFOSAT wave spectra before and after mask
filtering. The results show that the filtering process, while suppressing low-frequency
parasitic peaks, exerts a systematic influence on the estimated Stokes drift.

As shown in Figure 5, the effect of filtering on Stokes drift is more pronounced in
high-latitude wind-dominated regions, such as the Southern Ocean and the winter wind
zones of the North Pacific. Before filtering, the average sea-surface Stokes drift in the
circumpolar Southern Ocean region based on the original SWIM spectra reached up to 0.06
m/s, whereas after filtering, this value decreased to 0.04 m/s. Although the filtering may
attenuate some valid high-frequency information, it plays a positive role in suppressing
low-frequency noise and improving the structural rationality of the wave spectrum, thereby
enhancing the accuracy of Stokes drift calculations to a certain extent. This offers valuable
insights for further improving the applicability of CFOSAT wave spectra under complex
sea states.

https:/ /doi.org/10.3390/rs18040574


https://doi.org/10.3390/rs18040574

Remote Sens. 2026, 18, 574

14 of 27

Autumn Summer Spring

Winter

Stokes with nomask Stokes with mask an zonal average

a.e8

— S0k with nomask
Stokes with mask

a.a7

latitude(?)

90°E 180° 90°W 0° 0° 90°E 180° 90°W 0°

0 0.02 0.04 0.06
90 —@.06

e Slokes with nomask
Stokes with mask

45

latitude(®)
o

-45

|
©
o

0 002 004 006,

[{e]
o

— S0k with nomask
Stokes with mask

N
(&3]

latitude(®)
o

|
B
a

|
©
o

Stokes with nomask
Stokes with mask

latitude(®)

]

0°

90°E 180° 90°W 0° 0° 90°E 180° 90°W 0°

0 0.02 0.04 0.06

Figure 5. Stokes surface drift and latitudinal averages for each season from December 2022 to
December 2023 (before filtering in the left column, after filtering in the second column from the left,
and latitudinal averages in the right column).

3.2. Maximum Cutoff Frequency

Statistics of the ki calculation results are presented in Table 4. For wave spectra ob-
served by CFOSAT where the spectral peak k;, is less than the observed cutoff wavenumber
k¢, meaning the spectral peaks of the wave spectra appear normally and maintain the basic
complete spectral shape, we classify them as “supplementable” wave spectra, and these
account for over 99% in all four seasons. The spectra where the observed maximum cutoff
wavenumber k. is less than the theoretical maximum cutoff wavenumber k,, are classified
as “requiring supplementation” wave spectra, and these also account for over 99% in all
seasons. Therefore, supplementing the high-frequency part of CFOSAT-observed wave
spectra is necessary.

Table 4. Seasonal proportion of wave spectra that are supplementable and require supplementation.

Season Spring Summer Autumn Winter
Supplementable 99.3238% 99.4679% 99.5274% 99.5098%
Requiring Sup- 99.7740% 99.9185% 99.9915% 99.9254%
plementation

Comparing the seasonal distribution of ki, with sea surface wind speed (Figures 6 and 7),
km exhibits distinct spatial characteristics. In equatorial low-wind regions (average wind
speed as low as 1 m/s), km peaks can reach 10 rad/m or higher. In contrast, in the Southern
Ocean high-wind band (average wind speed exceeding 10 m/s), ki, shows a pronounced
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low-value zone, dropping to as low as 1 rad/m. A distinct low-value zone of ki, appears in
the North Pacific in winter and in the Indian Ocean in summer. This is because a significant
high-wind zone appears in the mid-high latitudes of the North Pacific in winter (average
wind speed 10-15 m/s), while large-scale low-wind zones (average wind speed often below
4-6 m/s) occur in the tropical North Indian Ocean (especially the northern Arabian Sea,
Bay of Bengal, and equatorial Indian Ocean) in summer. This inverse correlation between
km and wind speed is consistent with Phillips [29], where strong winds enhance breaking
dissipation, maintaining the saturated shape of the high-frequency spectrum and suppressing
its excessive development.
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Figure 6. Global spatiotemporal distribution of ky, (the left subplots) and global spatiotemporal
distribution of sea surface wind speed (the right subplots) from 1 December 2022 to 1 December 2023.
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Figure 7. Zonal distribution of ky, (the left subplots) and zonal distribution of wind speed (the right
subplots) from 1 December 2022 to 1 December 2023.

3.3. Comparison with Buoys

Due to the operational period of CFOSAT being 13 days, after interpolating the satellite
tracks, this study selected 240 matched datasets (10 buoys x 24 time phases) based on
10 measured buoy locations, obtaining 240 NDBC-measured wave spectra, and the sea
surface Stokes drift was calculated from these measured wave spectra. Please note that since
the theoretical maximum cutoff frequency after supplementation is usually higher, when
compared with buoy data, the cutoff frequency of the supplemented CFOSAT spectrum
must be set to be the same as the buoy’s cutoff frequency, which is 0.485 Hz (0.945 rad/m).

To evaluate the effectiveness of high-frequency supplementation in the system, we
divided the data into three groups based on wave age (3): wind-wave-dominant (3 < 0.8),
transitional (0.8 < 3 < 1.2), and swell-dominant (8 > 1.2), and we conducted comparative
analysis for each group. Overall, high-frequency supplementation effectively improved
estimation accuracy. Figures 8 and 9 show that in the wind-wave-dominant region (3 < 0.8),
the bias improved from —0.0706 m/s to —0.0653 m/s, the root mean square deviation
RMSD decreased from 0.0755 m/s to 0.0699 m/s, and the correlation coefficient R in-
creased from 0.977 to 0.989, indicating that the high consistency between the spectral shape
and the actual situation is maintained under wind and sea conditions. In the transition
zone (0.8 < p < 1.2), RMSD significantly reduced from 0.0493 m/s to 0.0423 m/s and the
correlation coefficient R significantly increased from 0.602 to 0.788, indicating good adapt-
ability of the supplementary method to mixed sea conditions. In the region dominated by
swells ( > 1.2), bias decreased from —0.0187 m/s to —0.0179 m/s, RMSD decreased from
0.0326 m/s to 0.0303 m/s, and the correlation coefficient R increased from 0.466 to 0.627.
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Figure 8. The first column compares the Stokes drift before CFOSAT high-frequency supplementation
with the Stokes drift calculated by the buoy. The second column compares the Stokes drift after
CFOSAT high-frequency supplementation with the Stokes drift calculated by buoy. Blue dots indicate
B < 0.8, green dots indicate 0.8 < 3 < 1.2, red dots indicate 3 > 1.2, and black dots represent
indistinguishable wave age. In the third column, blue represents the comparison between the Stokes
drift with CFOSAT high-frequency supplementation and the Stokes drift calculated by the buoy,
while purple represents the comparison between the Stokes drift with ERA5 and the Stokes drift
calculated by the buoy.

Stokes(km=0.945rad/m)(m/s) Stokes(m/s) high-frequency contribution(%)

a 8.85 a.1 5] .85 9.1 -] 28 48 68 B8

Figure 9. Stokes spatial and seasonal distributions when setting different cutoff frequencies. The
first column on the left shows the surface Stokes drift velocity when the cutoff frequency is set to
0.4875 Hz, the middle column shows the surface Stokes drift velocity when the cutoff frequency is
set to the theoretical maximum cutoff frequency, and the last column shows the spatial and seasonal
distributions of high-frequency contributions when the cutoff frequency is set to 0.4875 Hz.
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To further verify the reliability of this method, the CFOSAT Stokes drift after high-
frequency supplementation and the Stokes drift from ERA5 reanalysis data were each
compared with buoy observations. Figure 10 shows that the RMSD between the CFOSAT-
supplemented results and the buoy was 0.0321 m/s, with a correlation coefficient of 0.699;
the RMSD between ERA5 and the buoy is 0.07348 m/s, with a correlation coefficient of 0.613.
Obviously, the Stokes drift obtained by the method in this article is superior to the widely used
ERADS reanalysis data in terms of bias and correlation. This indicates that based on CFOSAT
spectroscopy and supplemented by the high-frequency supplement scheme proposed in this
study, a more reliable and accurate global sea surface Stokes drift product can be obtained,
which can be used for the analysis of its large-scale spatiotemporal evolution characteristics.

Stokes: ERA5(m/s)

108°E 168°W 68°W

0° 100°E 16@°W 60°W

5] 8.05 8.1 .15 5] @8.e05 8.1 8.15 a .85 8.1 @.15

Figure 10. Spatial distribution of Stokes drift before and after high-frequency supplementation
compared with ERA5-provided Stokes drift. The first column on the left shows the surface Stokes
drift velocity before the high-frequency supplementation, the middle column shows the surface
Stokes drift velocity when the cutoff frequency is set at 0.5478 Hz, and the third column shows the
surface Stokes drift velocity calculated by ERAS.

Figure 9 and Table 5 further confirm the contribution of high frequencies to Stokes drift,
and HF in Table 5 represents high frequency. Setting the wave spectrum cutoff frequency to
0.485 Hz and with the theoretical maximum cutoff frequency, the average high-frequency
contributions above 0.485 Hz across the four seasons were 17.7%, 17.1%, 18.1%, and 17.2%
of the total Stokes drift, respectively, with maxima reaching 58%. This aligns with the
conclusion of Lenain and Pizzo [25] that “neglecting high frequencies underestimates Us
by over 50%.” Since the contribution of high frequencies is obvious, we proceed to discuss
its impact on Stokes drift.
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Table 5. Stokes drift magnitude at different cutoff frequencies. Herein, Max denotes the maximum
value, and Ave denotes the average value.

Season Spring Summer  Autumn Winter Spring Summer  Autumn Winter

(Max) (Max) (Max) (Max) (Avg) (Avg) (Avg) (Avg)

Surface Stokes (m/s) at cutoff freq 0.485 Hz 1.5216 1.9023 2.7163 3.2853 0.0406 0.0383 0.0403 0.0413
Surface Stokes (m/s) at max cutoff freq 3.2 4.6578 5.9250 7.8619 0.0493 0.0462 0.0492 0.0499
HF contribution (%) 52.45 59.1588 54.1553 58.2139 17.6741 17.0996 18.0894 17.2345

3.4. Comparison with ERAS5

Figure 10 shows the distribution characteristics of the seasonal average sea surface
Stokes drift velocity calculated using different wave spectra. Note that when comparing
with ERA5 data, the cutoff frequency of the supplemented CFOSAT wave spectrum must
be set to match ERA5’s cutoff frequency of 0.5478 Hz (1.2074 rad /m) because the theoretical
maximum cutoff frequency is higher. We found that different datasets exhibit consistent
spatial distribution characteristics. The maximum sea surface Stokes drift velocity occurs in
the Antarctic Circumpolar Current region in all seasons, with a smaller peak around 60°N.
Except for winter, all seasons show a significant distribution pattern of being stronger in
the south and weaker in the north. As shown in Table 6, where pre-HF supp in Table 6
represents before high-frequency supplementation and post-HF supp represents after
high-frequency supplementation, supplementing the high-frequency part of the wave
spectrum reduces the bias between CFOSAT and ERAS5 data. Before supplementation,
although Stokes drift showed significant peaks in the Antarctic Circumpolar Current
region, other areas showed little variation, with seasonal Stokes drift averages around
0.03 m/s. After supplementation, Stokes drift showed clear differences in the Northern
Hemisphere, particularly in the North Pacific and North Atlantic regions across seasons,
with seasonal averages around 0.04 m/s. The absolute bias between CFOSAT and ERA5
decreased from 0.0134 m/s (spring), 0.0132 m/s (summer), 0.01303 m/s (autumn), and
0.0141 m/s (winter) before supplementation to 0.0038 m/s (spring), 0.0029 m/s (summer),
0.00323 m/s (autumn), and 0.0036 m/s (winter) after supplementation. As shown in Table 7,
where Bias pre-supp in Table 7 represents the bias before high-frequency supplementation
and Bias post-supp represents the bias after high-frequency supplementation, the relative
bias between Stokes drift calculated before and after supplementation and ERA5 data
decreased from 31.08%, 31.96%, 30.78%, and 31.98% to 8.78%, 7.02%, 7.66%, and 8.14%
respectively, improving accuracy by over 20%. Both absolute and relative deviations have
been reduced, indicating that our proposed new method is reliable and can be used to
analyze the spatiotemporal evolution characteristics of global Stokes drift.

Table 6. Comparison of average Stokes drift before/after HF supplementation and ERA5.

Season Spring (m/s) Summer (m/s) Autumn (m/s) Winter (m/s)
CFOSAT Stokes pre-HF supp 0.0299 0.0281 0.0292 0.0301
CFOSAT Stokes post-HF supp 0.0471 0.0442 0.0323 0.0478
ERADS Stokes (m/s) 0.0433 0.0413 0.04223 0.0442

Table 7. Bias (%) of Stokes drift relative to ERA5 before/after HF supplementation.

Season Spring Summer Autumn Winter
Bias pre-supp (%) 31.0769 31.9613 30.7814 31.9759
Bias post-supp (%) 8.7760 7.0218 7.66 8.1448
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3.5. Stokes Drift
3.5.1. High-Frequency Contribution Distribution

Emphasizing the contribution of high-frequency waves to surface Stokes drift is increas-
ingly recognized as important. Lenain and Pizzo [25] pointed out that ignoring waves with
frequencies above 0.5 Hz may lead to an underestimation of surface Stokes drift by more
than 50%. Based on this, we describe specific spatial heterogeneity. We find that the high-
frequency contribution is not uniformly large but is strongly modulated by the local wind
speed. Using the theoretical maximum cutoff frequency ky, from Equation (15) to calculate
Stokes drift, the high-frequency contribution was further derived. As shown in Figure 11,
the high-frequency contribution exhibits significant zonal characteristics consistent with the
km, distribution in Figure 6. The minimum values occur in the high-wind band of the South-
ern Ocean (Uyg > 10 m/s) across all seasons. This is because strong winds enhance wave
breaking dissipation [29], suppressing the development of the high-frequency spectrum. The
high-frequency contribution reaches its maximum near the equator, averaging close to 80%,
especially exceeding 80% in the Indian Ocean and eastern Pacific. As shown by Equation (15),
the maximum cutoff frequency kn, is inversely proportional to wind speed. Therefore, the
distribution of the wind field inevitably modulates the distribution of ky,, thereby influencing
the distribution of the high-frequency contribution to the Stokes drift. This indicates that the
variation characteristics of the high-frequency contribution to Stokes drift are closely linked to
the global sea surface wind field. This wind-modulated zonal asymmetry, quantified globally
here, was not previously captured in existing studies.
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Figure 11. Spatial (the left subplots) and zonal (the right subplots) distribution of high-fre-
quency contribution.

3.5.2. Sea Surface Stokes Drift Distribution

Figures 12 and 13 show the distribution characteristics of the seasonal and annual
average sea surface Stokes drift velocity, which is generally consistent with previous
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studies based on numerical models or scatterometer data [49,50]. Common features across
all seasons are evident: a banded distribution of the maximum Stokes drift magnitude
occurs across the vast Southern Ocean region between 40~60°S. The seasonal variation in
the Southern Hemisphere is also quite significant, being weakest in winter (average Stokes
drift is 0.05 m/s), gradually strengthening from spring, and reaching its maximum in
summer (exceeding 0.12 m/s). This is related to the annual cycle of westerly wind intensity.
In the Northern Hemisphere, modulated by storm track migration, the maximum Stokes
drift is located in the eastern boundary regions of the North Pacific and North Atlantic.
Its seasonal pattern is opposite to that of the Southern Hemisphere: maximum in winter
(exceeding 0.12 m/s) and minimum in summer (mostly < 0.05 m/s in the North Atlantic
with little variation). Furthermore, among the major oceans, the North Atlantic exhibits
the most pronounced seasonal variation amplitude, followed by the North Pacific, and the
Indian Ocean shows the smallest variation. The overall distribution shows a pattern of
stronger in the south and weaker in the north annually. The maximum value occurs in the
Antarctic Circumpolar Current, exceeding 0.12 m/s (average > 0.073 m/s). Smaller peaks
reaching 0.08 m/s appear in the North Pacific and Northwest Atlantic. The minimum
values occur near the equator and the poles.
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Figure 12. Seasonal spatial (the left column) and zonal (the right column) distribution of surface
Stokes drift.
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Figure 13. Annual spatial (left) and zonal (right) distribution of surface Stokes drift.
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3.5.3. Stokes Transport

Using Equation (21) and the Stokes drift calculated by the supplemented wave spec-
trum, the global distribution of Stokes transport can be calculated and analyzed. Figure 14
shows the characteristics of the seasonal average global Stokes transport distribution. Over-
all, except in winter, the pattern shows larger values in the Southern Hemisphere than in
the Northern Hemisphere and larger values in high-latitude seas than in low-latitude seas.
In the Northern Hemisphere, Stokes transport reaches its maximum in the North Pacific
and North Atlantic westerly wind regions in winter, exceeding 1 m?/s, and the latitudinal
average can reach 0.5 m?/s, which is the largest Stokes transportation among the four
seasons; it reaches its minimum in summer, dropping below 0.2 m? /s in the North Pacific,
and the latitudinal average decreases to 0.14 m?2/s. Conversely, Southern Ocean Stokes
transport reaches its maximum in summer, exceeding 1 m?2/s; it reaches its minimum in
winter, around 0.5 m?/s.

Stokes transportation(m 2ls) o0 Stokes transportation(m 2/s)
- E
o o45
g o
2
T 45
-90
S9°E {1807  9OW  BP 0 0.1 02 03 04 05
90
o4
3 0
2
T -45
-90
0.1 0.2 0.3 0.4 0.5
90
o 45
L 0
=
T 45
=90
0 0.1 0.2 0.3 0.4 0.5
90
o o45
g o
2
T 45
-90
0.1 0.2 0.3 0.4 0.5
0.8 90
80°N E-;—; i T
:tlzw"w s SR I e ®
g 0° k- 0.4 S o0
549"5 A— i 2
‘ 0.2 T 45
80°S &g =
° 00°E 186° 90°W tla" ¢ =%
0.1 0.2 0.3 0.4 0.5

Figure 14. The first to fourth rows show the seasonal spatial distribution (left sub block) and
latitudinal distribution (right sub block) of Stokes transport. The fifth row shows the annual spatial
(left) and latitudinal (right) distribution of Stokes transport.

Figure 14 shows the annual average Stokes transport distribution. The annual average
Stokes transport largely shares the same overall characteristics as the seasonal averages:
larger in the Southern Hemisphere than in the Northern Hemisphere, and larger in high-
latitude seas than in low-latitude seas. In the Northern Hemisphere, the annual average
maximum Stokes transport is located in the North Atlantic between 50°~60°N, exceeding
0.6 m?/s. In the high-latitude North Pacific, the maximum Stokes transport exceeds
0.5 m?/s. Over most of the Southern Ocean, the maximum Stokes transport reaches
0.7 m? /s, located around 50°S between 60°~120°E. In low-latitude regions near the equator,
Stokes transport shows a banded distribution, with an average minimum below 0.12 m?/s.
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4. Discussion

By comparing the high-frequency supplemented CFOSAT spectra with buoy and
ERADJ reanalysis data from multiple angles, the estimation results of this study were vali-
dated and revealed a series of phenomena worth further exploration and their underlying
physical mechanisms.

Firstly, although the high-frequency supplementation scheme has comprehensively
improved the estimation accuracy of Stokes drift, its performance varies under different
sea conditions, and the improvement is relatively limited in sea conditions dominated by
swells. This is mainly due to two reasons: firstly, the energy of the swell is concentrated
in the low frequency, and the contribution of the high-frequency part itself is relatively
small. Therefore, even if the high-frequency tail spectrum is supplemented, the overall im-
provement in the total Stokes drift is limited; secondly, the current wind-speed-dependent
parametric model is mainly based on the wind-sea relationship and does not fully consider
the possible effects of long wave modulation or nonlinear wave—wave interactions on the
high-frequency part under the background of surging waves. In addition, swells often
occur outside the wind zone, and the development of their high-frequency saturation
range may be constrained by more complex energy dissipation mechanisms. Therefore,
there is still room for improvement in the ability of the current model to capture the fine
structure of high-frequency spectra under the dominant sea conditions of surging waves.
Future research can explore the introduction of parameters such as wave age and peak
period of swell, establish a high-frequency tail spectrum model dependent on swell, or
combine direction constraints provided by SAR inversion spectra to further improve the
estimation accuracy of Stokes drift under mixed sea conditions. when wave age was not
distinguished, overall, Bias decreased from —0.0238 m/s to —0.0173 m/s, RMSD decreased
from 0.0381 m/s to 0.0321 m/s, and the correlation coefficient R increased from 0.555 to
0.699, proving the overall effectiveness of this scheme.

When comparing the products of this method with reanalysis data, we found that
there are still some systematic differences between the estimated results based on CFOSAT
SWIM spectra and ERA5 data. This difference is partly due to the different ways in
which the two handle high-frequency wave spectra. Our parameterization scheme, by
introducing a wind-speed-dependent cutoff wavenumber, better characterizes the breaking
and dissipation suppression effect under high-wind conditions. This echoes the viewpoint
of Sanchez-Arcilla et al. [33] that input field errors can be amplified in coastal forecasting:
in the strong wind field of the Southern Ocean, even subtle differences in the shape of the
high-frequency tail of the wave spectrum (such as the slope of the saturation region and the
cutoff frequency) can be amplified through the Stokes drift calculation formula, leading to
different final drift fields. Therefore, the method proposed in this paper not only provides
an improved Stokes drift product, but more importantly, it provides a powerful tool for
us to understand the physical mechanisms behind the differences between different wave
data sources.

We further explored the modulation factors that affect the high-frequency contribution
of Stokes drift. This study suggests that although sea surface wind speed modulates
the Stokes high-frequency contribution, it is difficult to accurately fit all data points at a
global scale using a simple univariate function, as high-frequency contributions may be
significantly influenced by other ocean dynamic factors in addition to wind speed. We
analyze that wave age may be a key common modulation factor. At the same wind speed,
developing waves and fully developed waves have different spectral shapes, which affects
the energy of the high-frequency part. In addition, the spatial variability in wave breaking
dissipation, the degree of mixing between swell and wind waves, and the vertical shear
of the upper ocean may introduce additional complexity. In the future, it is necessary to
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construct a multivariate empirical model to achieve high-precision parameterization of
high-frequency contributions.

Compared with some studies based on numerical models or scatterometer inversion,
our estimation based on CFOSAT SWIM spectra shows a lower performance. For instance,
the model-based results of Zhang et al. [51] show extensive areas in the Southern Ocean
with Stokes drift exceeding 0.1 m/s, while Liu et al. [52] report a global average of 0.09 m/s
from scatterometer retrievals. In contrast, our estimates based on CFOSAT SWIM spectra
yield a global annual mean of approximately 0.05 m/s. This systematic underestimation
can be primarily attributed to the residual effects of high-frequency spectral truncation
and the influence of a mixed sea state. Although a parameterization scheme was used to
supplement the high-frequency tail, the Stokes drift was often calculated using a cutoff
frequency matched to the validation data rather than the higher theoretical maximum,
which conservatively limits the contribution from the very high frequencies that are most
significant for the drift. Furthermore, the potential incomplete separation of wind seas and
swells in complex sea states might result in the spectra retaining more low-frequency swell
energy, which contributes less to the net drift, thereby lowering the overall averaged value
compared to methods that more directly isolate the dominant wind sea component. At
present, precise global quantification of this underestimation level faces fundamental chal-
lenges, as there is a lack of an independent, complete, and fully covered global dataset of
measured values as a calibration benchmark, and there are complex nonlinear interactions
between various error sources. Therefore, the core objective of this study is to propose an
improved high-frequency supplementation method and evaluate its superiority over exist-
ing data sources such as ERA5, as well as to reveal the global distribution characteristics of
Stokes drift and high-frequency contributions. We have demonstrated through detailed
comparative analysis that our method outperforms ERAS reanalysis data in terms of corre-
lation, bias, and spatial consistency, providing a solid data foundation for understanding
the macroscopic dynamic structure of global Stokes drift. In the future, more extensive
high-frequency field observation data will be utilized to construct robust error models for
accurate global quantification and correction of systematic underestimation. Consequently,
this study provides a conservative yet physically based estimate of global Stokes drift
derived directly from satellite wave spectra, highlighting the systematic underestimation
inherent when relying on the current spectral observing capabilities and underscoring the
critical importance of addressing the high-frequency truncation issue.

5. Conclusions

This study utilizes CFOSAT satellite observations, buoy validation, and ERA5 reanaly-
sis data, reveals the critical impact of the high-frequency wave spectrum on Stokes drift
calculation and analyzes its global distribution characteristics and dynamic mechanisms.
The main results are as follows.

The absence of high-frequency wave spectra is the core source of bias in Stokes
drift estimation from CFOSAT. While mask filtering based on SWIM directional spectra
effectively suppresses low-frequency parasitic peaks, its limited wavenumber coverage
(kmax = 0.2789 rad /m) causes high-frequency energy truncation. By introducing the wind-
speed-modulated transition wavenumber k;,, and high-frequency tail spectrum model,
supplementing the high frequencies in CFOSAT data significantly improved Stokes drift
accuracy. Compared with the buoy data, the results after high-frequency supplementation
and before high-frequency supplementation were improved from R = 0.555 to R = 0.699. At
the same time, comparing the high-frequency supplemented results and ERA5 reanalysis
data with the buoy data, it was found that the accuracy of the results obtained by this
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method (R = 0.699) was superior to the widely used ERA5 reanalysis data (R = 0.613), which
clarified the advantages of this method in obtaining reliable Stokes drift data.

Based on this reliable method, we have described the high-frequency contribution
distribution characteristics of global Stokes drift. Our results indicate that the latitudinal
differences in high-frequency contributions are controlled by sea surface wind speeds,
exceeding 80% in low-wind equatorial regions (Ujy < 4 m/s), which validates Lenain
and Pizzo’s [25] assertion that “ignoring high-frequency will underestimate Stokes drift
by more than 50%.” Additionally, we found that in the Southern Ocean high-wind band
(Ujp > 10 m/s), due to enhanced fragmentation dissipation suppressing the development
of saturation range, high-frequency contributions will decrease to below 10%. Furthermore,
we have revealed the temporal and spatial characteristics of global Stokes drift. The global
surface Stokes drift field exhibits significant hemisphere asymmetry and seasonal evolution,
with high values maintained throughout the Antarctic Circumpolar Current region and
peak values observed in the Northern Hemisphere wind zone during winter.

Accurate characterization of the high-frequency contribution through this study can
optimize predictions of drifting object trajectories (e.g., plastic transport), parameterization
of Langmuir turbulence mixing, and air-sea flux estimation. It holds application value for
improving the simulation of upper-ocean processes in climate models. Future research will
optimize the separation and high-frequency supplementation methods of spectra under
complex sea conditions and combine more on-site observation data to construct error
models to correct system biases.
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