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Abstract. Research on oceanic submesoscale eddies has long been limited by the spatiotemporal resolution constraints of

satellite altimeters. Relevant studies remain insufficient and have mostly focused on regional waters. Global investigations10
on submesoscale eddy detection, dataset construction, and distribution characteristic analysis based on multi-source remote

sensing data and multiple methods are still lacking. In this study, we first develop a submesoscale eddy detection method by

integrating high spatiotemporal resolution ocean color data, deep learning algorithms, and digital image processing

techniques and construct a global submesoscale eddy dataset based on chlorophyll-a observations. Furthermore, we design a

multi-scale eddy detection framework using altimeter data and establish two global datasets: a submesoscale eddy dataset15
derived from SWOT satellite altimeter measurements and a multi-scale eddy dataset generated from merged altimeter data.

Finally, we statistically compare the scale, seasonal, and geographical distribution characteristics of eddies from the three

constructed datasets and systematically analyze the strengths and limitations of different data sources and algorithms for

submesoscale eddy detection. This study effectively compensates for the scarcity of existing submesoscale eddy datasets,

provides a valid verification approach for conventional eddy products, and offers a feasible guideline for data selection in20
diverse submesoscale eddy research scenarios.

1 Introduction

Submesoscale eddies are a ubiquitous type of rotating water masses across global oceans and represent a distinctive yet

pervasive form of seawater motion. Their lifespans range from several hours to a few days, with horizontal scales varying

from hundreds of meters to tens of kilometers. Characterized by intense vertical motions, these eddies can penetrate to25
depths of over one thousand meters. Compared to mesoscale eddies, submesoscale eddies are more numerous and widely

distributed, with vertical transport rates exceeding those of mesoscale eddies by an order of magnitude, enabling the upward

delivery of nutrients from the deep ocean into the euphotic zone (McWilliams et al., 2016; Lévy et al., 2012; Hou et al.,

2024). They play a pivotal role in disrupting ocean pycnocline, establishing vertical ecological corridors, enhancing primary
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production, and regulating marine biogeochemical cycles. Therefore, the submesoscale eddy identification has become a30
critical research area in oceanography (McWilliams, 2016; Zhang et al., 2020).

Most of the existing methods for identifying mesoscale eddies can also be applied to the identification tasks of submesoscale

eddies. Traditional mesoscale eddy detection methods are primarily numerical simulation algorithms based on sea surface

height data. These approaches identify ocean eddies by applying fixed thresholds and discriminant criteria, and a variety of

relevant algorithms have been developed over the years. Representative techniques include the Okubo-Weiss parameter35
method (Chelton et al., 2007), the Winding Angle method (Chaigneau et al., 2008), the Flow Direction method (Williams et

al., 2011), the Sea Surface Topology method (Chelton et al., 2011b), and the Lagrangian coherent structure method (Haller et

al., 2015). These methods have been evolving for decades and have yielded substantial achievements in related fields

(McWilliams et al., 1990; Chelton et al., 2007; Chelton et al., 2011; Chaigneau et al., 2008; Chen et al., 2019; Xing et al.,

2023). Among them, the most representative is the sea surface topology method. The sea surface topology method leverages40
the closed topological characteristics of eddies. It takes local extrema of sea surface height (SSH) as eddy centers and defines

the outermost closed SSH contour satisfying screening criteria as eddy boundaries. It enables long-term and continuous

tracking of mesoscale eddies across the global ocean, allowing researchers to capture their full life cycles and evolutionary

patterns (Chelton et al., 2011). Some scholars have further optimized this approach. For instance, Mason replaced pixel-

based detection with isoline interpolation and imposed strict constraints on the shape of closed contours, which effectively45
improved the positioning accuracy of eddy boundaries (Mason et al. 2014). In recent years, with the advancement of

observation techniques and the improving spatial resolution of SSH data, eddy detection based on the sea surface topology

method has attracted growing attention and become a widely adopted approach. The global mesoscale eddy dataset

established by Chelton et al. using this method is now one of the most classic and frequently used references in ocean eddy

research (Chen et al., 2019; Xing et al., 2023).50
With the increase in computational power and deep learning technologies, some scholars have begun to explore the use of

deep learning algorithms and high-resolution marine ocean color data to identify submesoscale eddies. The distinctive

elliptical patches or bands formed by tracers like phytoplankton and bio-oil films on the sea surface observed in ocean color

and SAR imagery serve to outline eddy configurations (Pegau et al., 2002; Liu et al., 2015; Konik et al., 2016; Chen et al.,

2019; Ni et al., 2021). In addition, high-resolution radar systems in specific areas can also be utilized to detect submesoscale55
eddies (Liu et al., 2021). Some scholars have achieved remarkable results in the field of submesoscale eddy identification by

using a deep learning method. Li proposed a multispectral eddy detection network (MED-Net), which uses multispectral data

to detect oceanic submesoscale eddies and constructed a global coastal submesoscale eddy dataset (Li et al., 2024). Wang

used the chlorophyll data produced by the Geostationary Ocean Color Imager (GOCI) and the Yolov7x neural network

model identified abundant submesoscale eddies in the Northwest Pacific Ocean (Wang et al., 2024). Liu proposed a cross-60
domain neural network based on high-frequency radar (HFR) data to detect submesoscale eddies (Liu et al., 2021).

Although these methods have shown remarkable performance in detecting submesoscale ocean eddies, there are still some

challenges that remain to be resolved. First, for altimetry data, the identification and study of submesoscale eddies have long
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been limited by their spatial resolutions. In particular, research on the global-scale identification, dataset construction, and

characterization of submesoscale eddies at high spatiotemporal resolution remains insufficient. Although some scholars have65
identified a large number of submesoscale eddies using SSH data from SWOT with a spatial resolution of 2 km, the 21-day

temporal resolution of SWOT still cannot achieve daily global coverage. Consequently, relying solely on SWOT satellite

data presents challenges for the detailed characterization of submesoscale eddies, including tasks such as eddy tracking and

lifespan analysis. Second, for the integration of ocean color data and deep learning, existing approaches only employ

rectangular bounding boxes to mark detected eddies rather than delineating their actual contours. Since oceanic eddies70
feature irregular non-circular shapes, rectangle-based labeling cannot fully represent their unique morphological

characteristics. Therefore, it is essential to develop a method that can precisely detect global submesoscale eddies and extract

their complete contours. Third, whether it is altimeter data or ocean color data, current research on submesoscale eddies

mostly focuses on individual cases or local areas, while the identification, dataset establishment, and feature research of

global submesoscale eddies are still insufficient (Ni et al., 2021; Wang et al., 2024; Li et al., 2024; Verger-Miralles et al.,75
2025). Fourth, in an era of diverse data and methods, it is difficult for a single data source to fully characterize submesoscale

eddies. The performance of each data type and method varies in submesoscale eddy identification tasks, and their differences,

as well as respective advantages and limitations, remain unclear and require further comparative analysis.

Against this backdrop, this paper achieves, for the first time, the establishment of three distinct global submesoscale eddy

datasets based on various data sources and methodologies. The characteristics distribution of these eddies are statistically80
evaluated, compared, and interpreted. This effort not only compensates for the existing deficiencies in submesoscale eddy

datasets but also enables readers to better comprehend the specific characteristics, strengths, and weaknesses associated with

each dataset and methodological approach in the mission of submesoscale eddy identification. In this study, we defined

eddies with a radius less than 25 km as submesoscale eddies. The specific work is as follows: (1) We developed a global

method for detecting submesoscale eddies, which leverages the D0eepLabv3+ deep learning algorithm alongside chlorophyll85
data and digital image processing techniques. The findings confirm that this method is capable of reliably detecting

submesoscale eddies in chlorophyll fields—ranging from several to tens of kilometers in scale—as well as delineating their

complex boundaries, surpassing simple existence identification. (2) We developed an eddy identification method based on

SWOT and its merged altimetry data. This method references the closed-contour approach proposed by Chelton et al. and

further incorporates vorticity calculations within the closed contours as a secondary validation step, thereby enabling the90
effective global identification of submesoscale eddies. Using the proposed method, we constructed two separate eddy

datasets: one from SWOT satellite altimetry data and the other from gridded altimetry data at a spatial resolution of 0.125°.

(3) Furthermore, we conducted a comparative analysis of the global eddy datasets derived from multiple data sources and

methods. We examined the distribution characteristics of submesoscale eddies identified from different datasets and

elucidated the respective advantages and limitations of each dataset and method in submesoscale eddy identification tasks.95
This study represents the first effort to achieve global submesoscale eddy identification, dataset construction, and

comparative feature analysis using multiple data sources and methods. On the one hand, it diversifies the approaches
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available for submesoscale eddy detection and effectively addresses the current scarcity of comprehensive submesoscale

eddy datasets. On the other hand, it enhances our understanding of the distinct characteristics of different data sources and

methods in submesoscale eddy identification tasks, providing new insights for researchers to select the most appropriate data100
for their specific studies on submesoscale eddies. Collectively, this work will further advance our understanding of

submesoscale eddies.

2 Materials

2.1 Chlorophyll products

The sea surface chlorophyll data used in this study were derived from two primary sources: the Geostationary Ocean Color105
Imager (GOCI) and the Ocean and Land Color Instrument (OLCI) aboard the Sentinel-3A&B satellites. The high-resolution

Level-2 chlorophyll data from these sensors were employed for the automatic detection of submesoscale eddies using deep

learning and digital image processing techniques. The combination of two different types of data can help enhance the

robustness of deep learning models. GOCI is a geostationary Earth-orbiting satellite with a viewing center located at 130°E

and 36°N. It provides remote sensing imagery at a spatial resolution of 500 meters, covering an observational area of 2500 ×110
2500 km² (Wang et al., 2024). Owing to the adoption of a geostationary orbit, GOCI is capable of persistently observing a

fixed geographical area and delivering multiple chlorophyll images each day. This capability serves as a significant asset for

the sustained observation and tracking of submesoscale eddies and their related ecological processes. As part of the ESA's

Copernicus program, the Sentinel-3 mission includes two satellites, Sentinel-3A and Sentinel-3B, which supply high-quality

ocean color data for marine forecasting and climate research. The OLCI sensors carried by Sentinel-3A&B satellites provide115
data with a spatial resolution of 300 meters. And the cooperation of two satellites enables the acquisition of daily chlorophyll

images for all sea areas around the world, which can be widely used to extract information about submesoscale eddies in the

ocean and inland waters (Clerc et al., 2020; Sukigara et al., 2022).

We finally used three years of chlorophyll data provided by Sentinel-3A/B to identify submesoscale eddies from January 1,

2020, to December 31, 2022, and ultimately constructed a global submesoscale eddy dataset based on chlorophyll data.120
Furthermore, the chlorophyll data provided by GOCI was used to enhance the robustness of the neural network training

outcomes. The two types of chlorophyll data utilized in this study can be accessed at

https://oceandata.sci.gsfc.nasa.gov/directdataaccess/Level-2 and https://oceandata.sci.gsfc.nasa.gov/directdataaccess/Level-

2/GOCI/.

2.2 Sea surface height and temperature products125

As the anomalies of SSH and sea surface height SST serve as key characteristics of eddies. In this study, the SSH and SST

data were used as comparative references to assess the identification results of submesoscale eddies based on chlorophyll

data, and the SSH data were also used to build submesoscale eddy datasets.
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This study utilizes gridded SSH and sea surface flow field data provided by the Surface Water and Ocean Topography

(SWOT) mission to support the identification of submesoscale eddies based on satellite altimetry and to construct a130
corresponding eddy dataset. The SWOT satellite, jointly developed by the Centre National d'Études Spatiales (CNES), is

dedicated to monitoring elevation changes of global water bodies, including ocean surfaces. Its primary objective is to

enhance scientific understanding of the global water cycle, sea-level rise, extreme weather events, and climate change by

delivering high-precision elevation data for both oceanic and terrestrial water surfaces (Fu et al., 2024). The satellite operates

on a 21-day repeat orbit with a swath width of 120 km. Its Level-3 sea surface height product achieves a horizontal135
resolution of up to 2 km, endowing it with the capability to detect submesoscale oceanic eddies. SWOT data can be

accessed at https://www.aviso.altimetry.fr/en/data.html. In addition, this study utilized gridded SSH fusion data with a spatial

resolution of 0.125° × 0.125°to support global multi-scale eddy identification and to construct a global submesoscale eddy

dataset. The gridded altimetry products are generated by the Copernicus Marine Environment Monitoring Service (CMEMS)

through the fusion of data from multiple satellite altimetry missions, including SARAL/AltiKa, Cryosat-2, Jason-3, and140
Sentinel-3A & 3B (https://data.marine.copernicus.eu/products). The dataset enables daily global coverage, thereby providing

a solid data foundation for multi-scale eddy identification, dataset construction, and eddy tracking. The Level-2 SST data

employed in this study were acquired from the Moderate-Resolution Imaging Spectroradiometer (MODIS), featuring a

spatial resolution of 1 km and available at https://oceancolor.gsfc.nasa.gov/data/10.5067/COMS/GOCI/L2/OC/. Within the

temperature field, both the helical (or spiral) structures and associated thermal anomalies served as key indicators for145
identifying eddy formation. Table 1 provides a detailed overview of the data sources employed throughout this study.

Table 1. Production information used in this study.

Data Satellite or instrument Resolution Level

Chlorophyll Sentinel-3/GOCI-I 300/500 m 2

SST MODIS 1000 m 2

SSH1 SWOT 2000 m 3

SSH2 Merged Data (multiple satellites) 0.125° 4

3 Methods

3.1 Submesoscale eddy identification based on deep learning algorithm and chlorophyll data

3.1.1 Chlorophyll image processing150

For chlorophyll images provided by Sentinel-3A&B or GOCI, a single image can cover an extensive spatial area, with lateral

dimensions exceeding a thousand kilometers. Consequently, such images are highly likely to encompass both coastal and

open-ocean regions simultaneously, leading to substantial variations in observed chlorophyll concentrations within the same
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image. This situation gives rise to two major issues. First, at the local scale, submesoscale eddies typically exhibit spatial

extents on the order of kilometers to tens of kilometers, resulting in relatively small internal variations in chlorophyll155
concentration. In open ocean regions, where chlorophyll concentrations are inherently low, the chlorophyll concentration

variations within submesoscale eddies are even smaller, thereby masking the chlorophyll spiral structure signals within eddy

interiors and consequently hindering the identification of submesoscale eddies in the open oceans. Second, at the global

scale—given the broad coverage of each chlorophyll image—a single scene may concurrently capture both nearshore and

pelagic zones. As a result, adjusting the colorbar range of an image often enhances the visibility of spiral eddy structures in160
only one portion of the image, while signals in other regions remain indistinct. Moreover, the iterative process of manually

tuning colorbar ranges is labor-intensive and time-consuming, rendering it impractical for large-scale data processing tasks.

For example, the Sentinel-3 chlorophyll data used in this study comprise approximately 6,000 images per month from a

single satellite, and over 10,000 images per month from the twin-satellite configuration, with an annual data storage

requirement of about 20 TB. Therefore, to accurately detect chlorophyll spiral structures across different regions within165
countless large-scale remote sensing images, it is essential to simultaneously address two challenges: improving data

processing efficiency and enhancing local features within chlorophyll images.

In this context, we proposed an image processing method specifically designed to enhance the spiral structures of

chlorophyll in global oceans. The procedure is as follows: (a) To mitigate the influence of data noise, chlorophyll values

were first constrained within the range of 0–100 mg/m³ to remove outliers, thereby ensuring the reliability of subsequent170
analyses. (b) The chlorophyll data were then subjected to a base-10 logarithmic transformation, followed by normalization to

scale the transformed values into the 0–1 range. Logarithmic transformation does not alter the correlation structure between

data in different regions but compresses their range, reducing the impact of vast variations in chlorophyll concentration in

different regions. Normalization, while preserving the correlation between chlorophyll data, further reduces the data range

across the entire remote sensing image, preparing the data for subsequent processing. (c) Then, these normalized values were175
linearly stretched to a 0–255 scale. This step serves a dual purpose: it amplifies subtle local variations in oceanic chlorophyll

concentrations, making the spiral structures of submesoscale eddies more discernible, and it standardizes the value range

across all satellite images, eliminating the need for individual colorbar adjustments and significantly accelerating the image

processing workflow. (d) Finally, the processed image data were enhanced using Contrast-Limited Adaptive Histogram

Equalization (CLAHE) to further improve feature visibility. The CLAHE algorithm is a commonly used image enhancement180
technique in digital image processing, derived from the Adaptive Histogram Equalization (AHE) algorithm. AHE enhances

image contrast by computing the image histogram and applying nonlinear transformations to expand the intensity values,

thereby improving texture features. However, AHE has certain limitations, such as amplifying noise excessively in relatively

uniform regions of the image. CLAHE addresses these drawbacks by dividing the image into smaller, localized regions,

applying AHE to each region individually, and ultimately restricting the contrast enhancement within these areas (Vidhya et185
al., 2017; Reza et al., 2004). This approach makes local texture features more pronounced and mitigates the influence of the
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overall chlorophyll concentration distribution across the entire image. Figure 1 illustrates the process of chlorophyll image

processing.

Figure 2 illustrates the output results obtained using the traditional method of individually adjusting the colorbar value range

and the approach proposed in this study. Figure 2b shows the result processed by the traditional method, where a small190
region of the satellite image is cropped, and the colorbar is adjusted to an appropriate range to emphasize the spiral structure

of the eddy. Clearly, this method is highly inefficient when processing large-scale datasets. Additionally, the results are often

unsatisfactory. As shown in Fig.2b – 2d, despite multiple adjustments to the color bar to achieve optimal outcomes, the

image in Fig.2b remains less clear than those in Fig.2c–d, particularly in regions where chlorophyll concentration changes

are minimal. Figure 2c displays the final result of the chlorophyll data processed using the method proposed in this section,195
while Fig.2d shows its pseudocolor image. It can be observed that the output images using the proposed method have a

unified colorbar range (0–255), unaffected by regional variations in chlorophyll concentration. This greatly simplifies the

data processing procedure and produces better results, with the spiral texture of the eddy becoming more pronounced and

clearer.

200
Figure 1. Chlorophyll data processing procedure
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Figure 2. Eddy spiral structures shown in a satellite image provided by Sentinel 3B on March 17th, 2024. (a) Raw satellite image,

with the red box indicating the geographical position of Figures (b)–(d). (b) Chlorophyll data processed by the traditional method

(by refining the color bar scale for the local area in the image to display the eddy structures). (c) The final effect of chlorophyll205
data processed by the proposed method (all the images are accompanied by a unified color bar for consistent visualization). (d)

The pseudo-color visualization of (c).

3.1.2 Deep learning method

To identify the spiral structures exhibited by submesoscale eddies in chlorophyll images, several key issues must be

addressed. First, considering the size variations of submesoscale eddies, smaller eddies typically have radii on the order of210
kilometers, while larger eddies can extend to several tens of kilometers. Therefore, the task of eddy detection must account

for the impact of these size differences, and the neural network model utilized should possess the capability for multi-scale

object recognition. Second, some existing deep learning-based eddy detection methods only use rectangular bounding boxes

to annotate the eddies shown in satellite images (Li et al., 2024; Xia et al., 2022; Wang et al., 2024). These methods overlook

the irregular shape of eddies, which are typically elliptical in form. The use of square bounding boxes cannot accurately215
capture the contours of the eddies and the precise extent of their coverage. Therefore, it is necessary to delineate their

boundary contours when detecting the submesoscale eddies. Third, eddies displayed in the chlorophyll field may exhibit a

multi-layered spiral structure. If the receptive field of the neural network is too small for larger eddies, it may erroneously

identify the inner layers as a complete eddy while overlooking the outer layers, leading to incomplete recognition of the eddy

structure. On the other hand, smaller eddies face the opposite challenge. Therefore, enhancing the receptive field of the220
neural network to improve the accuracy of eddy detection is an urgent issue. Moreover, the marine environment is complex
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and diverse, and the remote sensing images of chlorophyll fields reflect the intricacy of the background environment. The

main task is to enable the model to better focus on the texture features of the eddies and accurately identify them amidst the

complex marine background.

Generally, deeper convolutional layers in a neural network progressively emphasize global semantic features, including eddy225
scale and overall morphology. In contrast, the detailed local spiral structures that represent eddy features are more readily

captured in shallower convolutional layers. Consequently, the selected neural network must be capable of effectively

capturing shallow features while preserving deeper information. Against this background, DeepLabv3+ was chosen for the

submesoscale eddy detection and segmentation mission (Chen et al., 2018). It can identify eddies in complex oceanic

settings and precisely outline their contours. Figure 3 illustrates the detailed structure of DeepLabv3+. DeepLabv3+ is an230
improved version of the DeepLabv3 neural network, incorporating a decoder module to enhance image recognition accuracy

and detail. It comprises two main modules: an encoder and a decoder. At the stage of encoding, the backbone network

extracts image information using the Atrous Spatial Pyramid Pooling (ASPP) module. By parallelizing multiple atrous

convolutions with varying dilation rates alongside global average pooling, the ASPP effectively captures multi-scale image

features. During the decoding stage, upsampling is progressively applied to the encoded features. The low-level features235
from the backbone's earlier layers are then fused with the high-level features extracted by ASPP, enabling detailed

reconstruction of image structures, particularly at boundaries, while preserving multi-scale target information. This method

simultaneously retains the superficial and deep features of the eddy image, thereby improving the accuracy of submesoscale

eddy recognition. In comparison to its counterparts, U-Net et al., DeepLabv3+ offers a more streamlined architecture while

delivering superior accuracy in target identification (Dias et al., 2025). This architecture is widely used in medical image240
segmentation, autonomous driving, and remote sensing applications.
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Figure 3. Overview of DeepLabv3+

3.1.3 Training set and implementation details

We employed three years of global chlorophyll data (from January 1, 2020, to December 31, 2022) from Sentinel-3A&B245
satellites to identify submesoscale eddies and create their dataset. The use of data with two different spatial resolutions

enhances the robustness of the training outcomes. These data were first preprocessed using the proposed data processing

method. Then, we randomly selected a subset of images from the downloaded data to form the training set for deep learning.

After excluding images devoid of chlorophyll data, a total of 782 images were ultimately retained for constructing the

training set, each containing several to dozens of eddies. Subsequently, CEs and AEs within these images were annotated250
using the LabelMe software. To balance the number of AEs and CEs samples, all remote sensing images were replicated and

mirrored, yielding 6,966 CEs and 6,966 AEs. To further enhance the robustness and generalization capability of the eddy

detection neural network and to mitigate limitations arising from insufficient diversity, image data augmentation was applied

in each training epoch. Augmentation operations included scaling, rotation, and the addition of salt-and-pepper and Gaussian

noise, enabling the model to adapt to submesoscale eddies with varying morphologies and textural characteristics. The255
dataset was randomly split into a 9:1 ratio, with 90% of the data used as the training set and the remaining 10% as the test set

for evaluating eddy detection performance.

We used PyTorch 1.7.1 as the deep learning framework in this experiment to train the neural network model Deeplabv3+.

The computational hardware consisted of an NVIDIA RTX A6000 GPU, with CUDA version 11.0 selected for acceleration.
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Given the substantial memory requirements and the need to accelerate model convergence, we adopted the Adam optimizer,260
which enables automatic adjustment of model parameters. During training, the batch size was set to 4, with an initial learning

rate of 0.0001 and a decay factor of 0.01 per epoch. A total of 200 training epochs were conducted until the loss function

stabilized and ceased to decrease. The training results show that this neural network model performs well in the eddy

detection and segmentation task. The Intersection over Union (IoU) reached 80.06%, the Precision reached 85.39%, and the

Accuracy reached 93.49%. The performance is significantly better than some of the current cutting-edge research (Xu et al.,265
2023).

3.2 Submesoscale eddy identification method based on altimeter data

The method used for the eddy identification task based on SWOT and altimeter data refers to the topological method

proposed by Chelton. (Chelton et al., 2011), and has been improved according to the requirements. By adding techniques

such as vorticity verification, the accuracy and computational efficiency of eddy identification have been enhanced. The270
specific steps of the algorithm are as follows:

First, the altimetry data provided by SWOT were subjected to high-pass filtering to mitigate the effects of large-scale signals.

Then parallel computing techniques were applied to process each data block simultaneously, further increasing

computational speed. Assuming the original SLA image is divided into L regions, and the number of threads used for

parallel computing is K, the computational complexity can be reduced from O(n²) to O (n²/(K × L²)). The second step was275
the closed contour retrieval process. The search range was set from the minimum to the maximum SLA value within the

selected region, with a height interval of 0.1 cm. This differs from the approach of Chelton et al., who used an interval of 1

cm across a range from –100 cm to 100 cm for mesoscale eddy identification (Chelton et al., 2011). Although a 1 cm interval

is sufficient for detecting mesoscale eddies, a finer step size enables higher accuracy in detecting submesoscale eddies.

Figure 4a illustrates closed contours identified in the SLA field. To highlight the diversity in the shapes and nesting280
structures of these closed contours, gridded data from the merged SLA product at a resolution of 0.125° were used for

visualization. Within some closed contours, multiple extrema exist with nested structures, and the shapes and sizes exhibit

considerable complexity and diversity. In traditional mesoscale eddy datasets, due to insufficient spatial resolution, these

subtle variations in SLA data may not be resolved, leading to the loss of submesoscale signals. Therefore, extracting

submesoscale eddy information from such complex, nested multilayer closed contours is a critically important task. The third285
step is eddy information extraction. After retrieving the closed contours, iterative processing should be performed on these

contours to identify eddy boundaries, cores, polarity, and other attributes. The most critical step is the determination of eddy

boundaries. In order to ensure the eddy identification results more accurate, the selection of closed contours must satisfy the

following criteria: (a) If a closed contour contains only one extremum point and does not enclose any other contours, it

should be retained. (b) If multiple nested closed contours share a common extremum, the outermost contour is retained. (c) If290
multiple nested closed contours contain multiple extrema, iterative processing is applied. A contour is retained if it contains

only one extremum and is the outermost contour among all contours centered on that extremum. (d) The selected closed
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contours must also pass a shape error test, with the shape error compared to the standard circle being no more than 55%.

When a closed contour satisfies all the above criteria, the region enclosed by the contour is preliminarily identified as an

eddy, and the extremum within the contour is taken as the eddy core. If the extremum point enclosed by the closed contour is295
a maximum, the eddy is classified as an AE; conversely, if it is a minimum, the eddy should be classified as a CE. The

longitude and latitude coordinates of the eddy boundary and core indicate their corresponding geographic locations. Figure

4b shows some examples of detected eddies, where the blue curves represent CEs, and the red curves represent AEs. Fourth,

in addition to distinct sea surface height anomalies, ocean eddies also exhibit important flow field characteristics. In general,

AEs exhibit convergence, whereas CEs feature divergence. In the Northern Hemisphere, currents within AEs rotate300
clockwise with negative relative vorticity, while those inside CEs rotate counterclockwise with positive relative vorticity.

The opposite pattern prevails in the Southern Hemisphere. Based on the above properties, we calculated the averaged

relative vorticity within each detected eddy. Subsequently, only eddies with consistent polarity, flow direction, and vorticity

were retained as valid submesoscale eddies, and those failing to satisfy all criteria were eliminated.

305
Figure. 4 (a) The closed contours in the SLA field, (b) the identified eddies in the SLA field.

4 Results and Discussion

4.1 Eddy identification

For chlorophyll data, we applied the trained neural network model DeepLabV3+ to detect submesoscale eddies within the

chlorophyll images. Figure 5a presents several submesoscale eddies detected by the neural network model, where the red and310
green regions represent AEs and CEs, respectively. It can be observed that the model accurately identifies eddies of varying

sizes and morphologies, demonstrating the effectiveness of this method for eddy detection. Furthermore, this eddy

identification approach not only detects the presence of eddies but also clearly characterizes their polarity, coverage area,

shape, and boundary information. As shown in Fig. 5a, each identified eddy appears as a contiguous region encompassing
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the entire eddy structure. Before these data can be utilized, further processing is required to extract key information, such as315
the geographical coordinates of eddy boundaries and the eddy cores. The contour tracing algorithm proposed by Suzuki was

employed to extract and record the pixel positions along the eddy boundaries (Suzuki et al., 1985). Since each pixel in the

satellite image contains its own geographical coordinates information, the geographical coordinates of each eddy boundary

point can be obtained by matching the eddy boundary pixel position with the corresponding pixel geographical information

of satellite images. The eddy core was defined as the centroid of the closed contour of the eddy boundary. The area and320
radius of the eddy were then calculated based on the number of pixels enclosed by the eddy boundary and the spatial

resolution of the satellite image. These eddies were classified into different polarities according to their rotation directions.

In the Northern Hemisphere, eddies rotating counterclockwise were defined as CEs, while those rotating clockwise were

defined as AEs. The opposite classification applied in the Southern Hemisphere. Figure 5b illustrates the final representation

of the eddy data derived from chlorophyll fields, where the red closed curves denote AEs, and the blue closed curves denote325
CEs. In the end, chlorophyll-a data from January 1, 2020, to December 31, 2022, were downloaded for both Sentinel-3A and

Sentinel-3B. Over 122,000 AEs and 1,282,000 CEs were identified. The submesoscale eddy information detected in each

image was saved as an individual Pickle file, including their time, radius, polarity, as well as the coordinates of the eddy

centers and boundaries. These data were organized into separate folders according to satellite platform, compressed into

RAR archives, and uploaded to the Zenodo website. Users can access the data by simply decompressing the root folder,330
thereby obtaining all eddy information contained in the subfolders without requiring further processing. This dataset is

available at the following website: https://zenodo.org/records/17483940 (Hou. 2025).

Figure 5. Oceanic eddies shown in chlorophyll fields. (a) Eddies detected in chlorophyll fields derived from Sentinel-3, with the red
areas representing AEs, while the green areas represent CEs. (b) Eddy data with geographical coordinates. The red ellipses335
represent AEs, while blue ellipses represent CEs.

Figure 6 shows some submesoscale AEs and CEs identified from SLA data. The background fields consist of SLA and

current velocity data derived from SWOT, with black arrows indicating current directions. Fig. 6a and 6b indicate a

submesoscale CE and a submesoscale AE in the Northern Hemisphere, while Fig. 6c and 6d show those in the Southern
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Hemisphere. As observed, eddies with opposite polarities rotate in reverse directions within the same hemisphere. For eddies340

of the same polarity, their rotational directions differ between the two hemispheres. The center of AEs features positive sea

level anomalies, whereas CEs are characterized by negative anomalies at their centers. Currents within CEs present an

outward divergent pattern, and those within AEs exhibit a convergent pattern. All these characteristics are consistent with

well-documented properties of ocean eddies reported in existing studies (Chen et al., 2022). Notably, the relative vorticity

inside each detected eddy was calculated throughout the identification procedure to verify the consistency between eddy345

detection results and vorticity signatures, which further improves the reliability of eddy identification. Finally, we

constructed two datasets for eddies detected from two types of altimetry data. For SWOT satellite altimeter data, eddy

information extracted from each satellite orbital dataset was stored in individual Pickle files. These files record the longitude

and latitude of eddy centers and boundaries, as well as eddy radius, polarity, vorticity and other relevant parameters. The

dataset covers a two-year period from July 26, 2023 to July 25, 2025, containing 6,045,154 AEs and 6,166,239 CEs. For350

eddies retrieved from the merged SLA data with a spatial resolution of 0.125°, daily global eddy records were archived in

NetCDF files. The corresponding eddy dataset spans from January 1, 2012 to December 31, 2023, including 21,181,891 AEs

and 22,109,575 CEs. Detailed descriptions and definitions of all parameters in the eddy datasets are available at the

following website: https://zenodo.org/records/20714411 (Hou ,2026) and https://zenodo.org/records/20718880 (Hou et al.,

2026).355

Figure.6 Some eddies identified in SLA data provided by SWOT. (a) and (b) are CEs and AEs in the Northern Hemisphere. (c)
and (d) are CEs and AEs in the Southern Hemisphere. The background field is the sea surface height data, and the black arrows
indicate the flow direction
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360

SST anomalies and SSH anomalies induced by eddies are generally considered to be indicators of oceanic eddy presence. To

evaluate the differences and similarities between the proposed submesoscale eddy identification method and the resulting

datasets, we compared chlorophyll-a data, SST data, SLA data, and the mesoscale eddy dataset provided by AVISO.

Specifically, we analyzed whether eddies identified from the three data sources exhibit temperature anomalies in the SST

field, their differences, as well as the respective advantages and limitations of each dataset. Figure 7 shows the performance365

of some eddies identified from different datasets under the same spatiotemporal conditions, with detailed information

provided in the caption. For ease of comparison, representative eddies in the figure have been numbered. For eddies

identified from chlorophyll-a data, Fig. 7a–b show that eddies detected in the chlorophyll field correspond to clear spiral

structures in the SST field at the same locations. For instance, eddy No. 4, despite having a radius of less than 10 km, still

induces a noticeable temperature anomaly. This demonstrates both the effectiveness of chlorophyll-a data in submesoscale370

eddy identification tasks and the significant impact of submesoscale eddies on the environment. On the other hand, eddies

No. 1 and No. 2 exhibit opposite polarities in both rotation direction and temperature anomaly. However, due to limitations

in spatial resolution and eddy amplitude intensity, they were identified as a single eddy in the AVISO dataset and were not

fully resolved even in the SLA data at 0.125° resolution. Thus, chlorophyll-a data, to some extent, compensate for the

shortcomings of traditional datasets and play a crucial role in correcting and complementing conventional eddy datasets. As375

shown in Fig. 7c–d, for eddies identified from SLA data at a spatial resolution of 0.125°, the identification accuracy is higher

than that of the AVISO mesoscale eddy dataset due to its improved spatial resolution. For example, in the AVISO mesoscale

eddy dataset shown in Fig. 7c, the boundaries of three independent eddies were incorrectly merged and identified as a single

large eddy. In contrast, the SLA data at 0.125° resolution in Fig. 7d clearly resolves them as separate eddies. Furthermore,

the eddies identified from the SLA data at 0.125° resolution in Fig. 7b are also closer to those identified from the chlorophyll380

data. This indicates that the accuracy of eddy identification using altimetry data is closely related to the spatial resolution of

the data. Figure 8 presents the eddy size distributions derived from the three datasets. Eddies identified from SWOT data

exhibit the smallest radii, mostly within 8 km, and those shown in Fig. 6c–d are even smaller, with radii around 3 km. By

comparing, we found that only those with relatively larger radii can also be detected in the chlorophyll data and the SLA data.

The majority of smaller eddies, however, remain undetected by the latter two datasets. Therefore, from the perspective of385

spatial scale alone, SWOT data demonstrate the best performance for submesoscale eddy identification tasks.

It is worth noting that there are certain differences between chlorophyll data and altimetry data in eddy detection tasks.

Eddies identified from chlorophyll data are not necessarily detectable by altimetry data, and conversely, eddies detected by
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altimetry data are not always identifiable in chlorophyll data. Some eddies, due to their low amplitude, may not be captured

by altimetry data; however, their presence can still be inferred from the chlorophyll signatures induced by the stirring of390

water masses. On the other hand, eddies detected by altimetry may not be visible in chlorophyll images if the corresponding

regions exhibit low chlorophyll concentrations or are obscured by cloud cover. Each type of data possesses its own

advantages and characteristics in eddy identification tasks, and these datasets can complement each other in eddy detection.

Figure 7. Oceanic eddies shown in several data sources. The background of (a) is chlorophyll fields, and the background of (b)-(d)395
are SST fields. (a) Eddies detected in chlorophyll fields derived from Sentinel-3, with the red areas representing AEs, while the
green areas represent CEs. (b) Eddies detected in SLA fields. The bigger red ellipses represent one AE produced by AVISO, while
the smaller one is an AE detected in the SLA field with a resolution of 0.125°. The blue boxes are two eddies shown in the SST field.
(c) An CE produced by AVISO. (d) Eddies detected in SLA fields with a resolution of 0.125°, with red ellipses representing AEs
and green ones representing CEs.400
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4.2 Statistical analysis of eddy characteristics

4.2.1 Scale Distributions

Scale characteristics are the most prominent features of submesoscale eddies, and the scale distribution of a submesoscale

eddy dataset best reflects the effectiveness of the chosen data in the submesoscale eddy identification task. Specifically, the405
smaller the eddies that can be identified, the greater the advantage of the chosen data for this task.

Figure 8 illustrates the distribution of eddy scales identified by the three different datasets mentioned above. Fig. 8a and 8d

display the eddy radii distribution detected using chlorophyll data provided by Sentinel-3A&B. The radii of eddies in both

the Northern and Southern Hemispheres exhibit striking similarities, with the majority concentrated within a radius of 25 km.

Both AEs and CEs tend to aggregate toward smaller scales, peaking within the 5–10 km range. The average radius of AEs410
and CEs in the Northern Hemisphere are 12.46 km and 10.54 km, respectively, while in the Southern Hemisphere, they are

12.17 km and 11.18 km, respectively. Compared to the global daily eddy dataset with a resolution of 0.25°, the chlorophyll

data allows for the identification of smaller-scale eddies while maintaining complete global coverage on a daily basis. This

results in a distinctive advantage in the identification and tracking of submesoscale eddies. Globally, the average radius of

AEs is significantly greater than that of CEs, a phenomenon that mirrors the differences in scale radii of mesoscale eddies. In415
terms of quantity, CEs are far more abundant than AEs, marking a notable distinction in the eddy identification results

between chlorophyll data and traditional altimetry data. This phenomenon will be explained when analyzing the eddies’

geographical distribution later.

Figure 8b and 8e display the eddy scale distribution detected using sea surface altimetry data from SWOT, arranged in

ascending order by radius with 2 km increments. AEs and CEs exhibit a high degree of similarity in their scale distributions,420
with a general trend indicating that smaller scales correspond to a higher number of eddies. The majority of eddy radii are

concentrated within 10 km, peaking within the 2–4 km range, with average radii of 4.57 km for AEs and 4.94 km for CEs. In

terms of both quantity and scale, AEs and CEs show little difference, demonstrating a balanced distribution that reflects the

dynamical equilibrium of the ocean. The average radius being less than 5 km indicates that the satellite altimetry data

provided by SWOT has a greater advantage in identifying submesoscale eddies compared to chlorophyll data. Figure 8c and425
8f illustrate the eddy scale distribution identified using merged altimetry data with a resolution of 0.125°, arranged in

ascending order by radius in 10 km increments. It is evident that the radii of AEs and CEs predominantly range between 10

and 70 km, peaking in the 20–30 km interval, with average radii of 40.7 km for AEs and 39.1 km for CEs. Compared to the

SWOT and chlorophyll data, the merged altimeter data are less effective in identifying submesoscale eddies; however, they

demonstrate superior performance in the identification of cross-scale eddies with radii between 25–50 km.430
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Figure. 8 The scale distribution characteristics of CEs and AEs identified using different data sources. (a) and (d) Submesoscale
CEs and AEs identified by the SWOT satellite sea surface height data. (b) and (e) Submesoscale eddies identified using chlorophyll
data and deep learning algorithms. (c) and (f) CEs and AEs identified from merged sea surface height data with a resolution of
0.125°435

4.2.2 Geographical Distribution

Geographical features are one of the critical characteristics of submesoscale eddies. Influenced by factors such as ocean

currents, topography, and formation mechanisms, the distribution of eddies varies across different regions. Furthermore, the

geographical distributions of eddies identified by different datasets are uniquely affected by satellite resolution and

meteorological environment conditions. This study, based on the three established eddy datasets, represents the first440
statistical analysis of the geographical distribution characteristics of submesoscale eddies at high temporal and spatial

resolutions on a global scale. Figure 9 illustrates the geographical distribution characteristics of submesoscale eddies as

detected using various datasets and methods, portraying the quantity of submesoscale eddies within every 2° × 2° grid cells

globally.

From Fig. 9a–b, it is evident that the quantity of submesoscale eddies detected using chlorophyll data varies significantly445
across different regions of the globe, exhibiting clear regional characteristics. The distribution of these eddies in the global

oceans is closely associated with their formation mechanisms, with a tendency to occur in areas of active ocean currents or

regions characterized by complex sea conditions and topography (Yamada et al., 2004). Examples include the coastal
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regions of Japan, the eastern coast of the Philippines, and the west coast of the United States, as well as active current

regions such as the western waters of Australia, the Kuroshio region, subtropical circulation areas, and the Gulf Stream450
region. This correlation indicates that horizontal shear induced by abrupt changes in active ocean currents promotes the

generation of submesoscale eddies (McWilliams et al., 2016; Roemmich et al., 2009). It is worth noting that the identified

submesoscale eddies are relatively scarce in high-latitude regions, particularly in polar areas, where detecting such eddies

poses significant challenges primarily due to optical conditions, climatic factors, and satellite viewing angles. Firstly, the

occurrence of polar night during winter in both the Arctic and Antarctic leads to poor illumination and extensive cloud cover,455
making it difficult for passive optical remote sensing satellites to capture ocean color information. Moreover, the extensive

ice cover in these polar regions, coupled with harsh low-temperature environments, creates unfavorable conditions for the

survival of phytoplankton at the sea surface, resulting in a limited amount of submesoscale eddy data derived from

chlorophyll measurements. Additionally, the low solar elevation angle in polar regions means that even during the summer

months when daylight is present, the sun remains at a very low angle. This situation contributes to insufficient light intensity,460
resulting in limited solar radiation energy reaching the ocean surface, which leads to extremely weak signals received by

sensors and poor signal-to-noise ratios. Furthermore, the prolonged path length of solar radiation through the atmosphere

amplifies atmospheric scattering effects, causing the signals to be nearly obscured by strong atmospheric noise.

Consequently, extracting weak marine reflection signals becomes exceedingly challenging. As a result, the geographic

distribution of eddies identified from chlorophyll data indicates a notably low number in polar regions, with some areas even465
lacking any detection of such eddies altogether. Looking forward, investigating ocean eddies through sea surface ice

detection or enhancing the signal-to-noise ratios of satellites operating under extremely low light conditions could represent

promising avenues for future research.
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Figure. 9 Geographic distribution of global eddies from different datasets. (a, b) Geographic distribution of submesoscale CEs and470
AEs with radii less than 25 km derived from chlorophyll data. (c, d) Geographic distribution of submesoscale CEs and AEs with

radii less than 25 km based on sea surface height data from SWOT. (e, f) The year averaged geographic distribution of CEs and

AEs with radii less than 100 km obtained from merged altimetry data

Figure 9c and 9d show the geographical distribution of CEs and AEs with radii within 25 km, detected from SSH data

provided by SWOT within each 2° × 2° grid. The number of submesoscale eddies varies considerably across different475
regions, exhibiting an overall trend similar to that of eddies identified from chlorophyll data. In terms of latitude,

submesoscale eddies are mostly concentrated in mid- and low- latitude latitude regions, a pattern that differs from existing

statistics of mesoscale eddy datasets, where mesoscale eddies are relatively scarce in low latitude belts. Regionally,

submesoscale eddies are predominantly found in areas characterized by complex topography and active ocean currents, such

as coastal regions and subtropical gyres. The horizontal shear ocean currents are more conducive to the generation of480
submesoscale eddies. Consequently, in mid- and low- latitude regions with active currents, although mesoscale eddies are

relatively few in number, a substantial number of submesoscale eddies are present.
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Due to the inclusion of numerous mesoscale eddies in the results identified from the merged altimeter data at a resolution of

0.125°, their distribution characteristics differ somewhat from those of eddies identified using the previous two data types.

Specifically, this distribution more closely resembles that of mesoscale eddies provided by AVISO, with higher counts in485
mid-to-high latitudes and lower counts in low-latitude regions. In contrast, the selected eddies from the SWOT altimeter and

Sentinel-3A&B chlorophyll are submesoscale eddies, resulting in markedly different geographical distribution characteristics

compared to the former. Submesoscale eddies identified from these datasets are predominantly concentrated in mid-to-low

latitudes, with fewer occurrences in high-latitude regions. This study reveals a clear discrepancy in geographical distribution

between submesoscale eddies and conventional mesoscale eddies. This discrepancy arises because submesoscale eddies are490
often capable of breaking geostrophic constraints, which accounts for the abundant presence of submesoscale eddies even in

low-latitude regions.

4.2.3 Seasonal Variations

Figure 10 illustrates the monthly average of detected submesoscale eddies in the Northern and Southern Hemispheres. Fig.

10a – b depict the seasonal variations of eddies identified from chlorophyll data, while Fig. 10c – d show the seasonal495
distribution of eddies identified from SSH data provided by SWOT. Figure 10e–f represent the eddy seasonal variations from

fused altimeter data. It is evident that the eddies identified from chlorophyll data exhibit significant seasonal variations,

whereas the seasonal differences in eddies identified from altimeter data are less pronounced.

For chlorophyll data, the total number of recognized submesoscale eddies shows a clear seasonal pattern, with a

greater abundance during winter and spring and a reduced presence in summer and fall. On the one hand, the enhanced wind500
stress during winter increases the mixed layer depth, allowing for greater potential energy storage in subsurface

submesoscale fronts. The instability of these fronts contributes to the generation of more submesoscale eddies in winter,

leading to a higher eddy count during this season. This phenomenon has been noted in several studies, although this impact

is relatively limited on a global scale (Schubert et al., 2020; Gula et al., 2022; Pan et al., 2023). The primary factor for the

significant differences in the number of eddies identified from chlorophyll data can be attributed to changes in phytoplankton505
abundance caused by climate change. During winter and spring, phytoplankton growth elevates chlorophyll concentrations,

making it easier to observe eddies, which results in a higher count of identified eddies. With the combination of oceanic

physical environment and ecological factors, there are considerable seasonal differences in submesoscale eddies. It can also

be seen that the number of CEs far exceeds that of AEs, a discrepancy that can be attributed to three main factors. First,

centrifugal instability, frontal instability, and horizontal shear can lead to the formation of cyclonic shear and spirals, which510
makes submesoscale eddies more likely to manifest as cyclonic structures (Buckingham et al., 2017; DiGiacomo et al., 2001).

A similar case has been observed in the Southern California Bight, where DiGiacomo reported that approximately 90% of

the observed eddies in this area were CEs (Shcherbina et al., 2013). Second, compared to submesoscale AEs, submesoscale

CEs exhibit greater intensity and larger Rossby numbers, resulting in more pronounced effects on ocean tracers. This

characteristic makes them easier to identify in satellite imagery (Zhang et al., 2016). Third, CEs can transport nutrient-rich515
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water from the ocean depths to the surface layers through vertical motion, providing essential nutrients for the

photosynthesis of phytoplankton in the upper mixed layer, thus promoting phytoplankton growth. Consequently, the

chlorophyll signals within CEs become more pronounced and are more easily detected by ocean optical satellites. Figure 11

presents the global distribution of the ratio of CEs to AEs, calculated as the number of CEs divided by the number of AEs

within each 2° × 2° grid cell. This value reveals the magnitude of the numerical difference between CEs and AEs across520
different regions. It can be observed that the largest difference between CEs and AEs occurs in the open ocean areas of the

mid- low latitude regions, while it is relatively smaller in other regions. Given that the vertical transport capacity of

submesoscale eddies is substantially stronger than that of mesoscale eddies, in oligotrophic oceanic regions such as

subtropical gyres, CEs can transport nutrients from the ocean interior to the surface, thereby promoting phytoplankton

growth (Levy et al., 2018; Erickson et al., 2020; Pan et al., 2023). The enhanced phytoplankton biomass makes CEs more525
easily detectable. Consequently, the numerical disparity between AEs and CEs is more pronounced in open oceans.

For eddies detected from sea surface height data, substantial differences exist compared with those identified from

chlorophyll data, both in total number and in seasonal distribution (Fig. 10c–d). In terms of quantity, CEs are slightly more

numerous than AEs, but the difference is not pronounced. Seasonally, the variation is also relatively modest, with slightly

higher counts in autumn and winter, and the overall trend remains fairly stable. Enhanced winter wind stress deepens the530
mixed layer, thereby allowing more available potential energy to be stored beneath the sea surface in submesoscale fronts.

The instability of these fronts promotes the generation of more submesoscale eddies in winter, thus increasing the number of

submesoscale CEs (Schubert et al., 2020; Gula et al., 2022; Pan et al., 2023). On the other hand, the identification of eddies

using satellite altimetry data is carried out by calculating sea surface height anomalies. As a result, the environmental

changes driven by seasonal variability do not lead to as pronounced a difference in the number of AEs and CEs as observed535
in chlorophyll data.
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540
Figure. 10 Seasonal variation of submesoscale eddies. (a) and (b) represent the seasonal variation of submesoscale eddies in the

Northern Hemisphere and the Southern Hemisphere derived from chlorophyll fields, respectively; (c) and (d) represent the year

averaged seasonal distribution of the eddies identified through SWOT analysis in the Northern Hemisphere and the Southern

Hemisphere; (e) and (f) represent the year averaged seasonal distribution of the eddies identified through merged SLA data in the

Northern Hemisphere and the Southern Hemisphere. The blue, red, and black lines respectively represent the number of CEs and545
AEs
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Figure. 11 The geographical distribution of the ratio of the quantities of CEs and AEs identified from chlorophyll field

4.3 Strengths and limitations of multi-source datasets

Nowadays, with diversified data sources and methodologies, a single data source or algorithm can hardly achieve550
satisfactory performance in ocean eddy identification. Each type of data possesses distinct strengths and limitations in eddy

detection tasks. Based on the three established eddy datasets, we analyzed the advantages of various data and methods

applied to eddy recognition, with a particular focus on submesoscale eddies that face a scarcity of available datasets. This

study enhances the understanding of eddy identification mechanisms and facilitates the rational selection of data and

algorithms for eddy research.555
From Figure 8, it can be observed that the radii of eddies identified from sea surface height data provided by SWOT are

predominantly below 10 km, with a concentration around 2–6 km. In contrast, the radii of eddies identified from chlorophyll

data are mostly below 30 km, concentrating around 5–20 km. The eddy radii from multitask fusion sea surface height data

with a resolution of 0.125° range between 10 and 70 km, with a focus on 20–50 km. Clearly, in terms of submesoscale eddy

identification tasks, SWOT satellite data and chlorophyll data exhibit greater advantages, with SWOT satellite altimetry data560
capable of identifying the smallest eddy scales, followed by chlorophyll data. The fusion of sea surface height data with a

resolution of 0.125° is more suitable for identifying cross-scale eddies with radii between 20 and 50 km, effectively bridging

the gap between the mesoscale eddy data provided by AVISO and submesoscale eddies. In terms of spatial-temporal

coverage, submesoscale eddies identified from chlorophyll data are significantly influenced by cloud cover and seasonal

variations, resulting in data gaps during adverse weather conditions or in high-latitude regions. Although SWOT altimetry565
data are not affected by weather or seasonal changes, its limitations in temporal resolution pose challenges for studies on

eddy tracking and the characterization of changes throughout their life cycle. While the chlorophyll data provides global

coverage on a daily basis, is crucial for research on eddy tracking, the evolution of eddy spiral structures and shapes, as well

as the ecological processes from formation to dissipation.
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In summary, for submesoscale eddy identification task, the altimetry data provided by the SWOT satellite and the570
chlorophyll data from Sentinel-3 yield the best results, with SWOT altimetry data being superior. However, SWOT altimetry

data faces challenges in submesoscale eddy tracking due to its temporal resolution limitations. In contrast, ocean color data

represented by Sentinel-3 and GOCI, characterized by high temporal resolution and extensive spatial coverage, not only

effectively identify submesoscale eddies but also facilitate their tracking and the study of their ecological impacts throughout

their lifecycle, despite being significantly affected by cloud cover and weather conditions. Furthermore, the fusion height575
data with a resolution of 0.125° is better suited for identifying cross-scale eddies that fall between mesoscale and

submesoscale dimensions.

5 Conclusion

This study integrates multi-source heterogeneous oceanic data, numerical computation, and artificial intelligence techniques

to investigate submesoscale eddy detection and their characteristic distributions. Based on ocean color data and artificial580
intelligence technology, we designed a submesoscale eddy identification method and established a global submesoscale eddy

dataset . Then, we developed an eddy identification method based on altimetry data, and constructed two separate eddy

datasets: one from SWOT satellite altimetry data and the other from gridded altimetry data at a spatial resolution of 0.125°.

We finally conducted statistical analyses on the eddy characteristics, including their scale, geographical distribution, and

seasonal variation across the three datasets, and discussed the strengths and limitations of different data sources and methods585
for submesoscale eddy detection tasks. The detailed procedures and major findings are presented as follows:

We first developed a submesoscale eddy detection method using deep learning and digital image processing techniques

combined with sea surface chlorophyll data, and constructed a global submesoscale eddy dataset with high spatiotemporal

resolution. The chlorophyll image enhancement approach enables clear visualization of faint spiral chlorophyll structures. It

eliminates manual color-scale tuning for individual chlorophyll images and avoids interferences induced by spatial variations590
in chlorophyll concentration across diverse regions, substantially improving eddy visualization and accelerating data

processing efficiency. Experimental results demonstrate that the presented detection algorithm can reliably identify

submesoscale eddies of diverse shapes and sizes within chlorophyll fields and delineate their outer contours simultaneously.

Geographical information such as the longitude and latitude of each eddy was determined by mapping pixel coordinates of

extracted eddy outlines onto geographic projections. This method overcomes key limitations inherent to conventional595
numerical approaches and low-resolution altimeter data, including rigid threshold selection, missing detections, and

erroneous merging of discrete individual eddies. It provides critical support for validating and supplementing existing eddy

datasets. Using this algorithm, we generate a fthree-year global submesoscale eddy dataset spanning from January 1, 2020,

to December 31, 2022.

Based on satellite altimeter data, we developed an automatic identification algorithm for global submesoscale eddies. This600
algorithm improves computational efficiency by employing data partitioning and multi-threading techniques. It addresses the
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issue of multiple extrema through iterative computation of complex closed contours and enhances the accuracy of eddy

identification by combining closed contour analysis with vorticity calculation. The method partitions sea surface height

anomaly data into blocks to reduce the number of iterations required for closed contour detection, thereby improving

efficiency. Additionally, parallel computing techniques are applied to process each data block simultaneously, further605
increasing computational speed. Assuming the original SLA image is divided into L regions, and the number of threads used

for parallel computing is K, the computational complexity is reduced from O(n²) to O (n²/(K × L²)). The algorithm first

determines eddy polarity and boundaries based on height anomalies and closed contours, and then validates the results by

calculating the relative vorticity inside the eddy, leading to more accurate and reliable identification. Results show that the

proposed eddy identification algorithm can accurately and effectively detect submesoscale eddies within the complex610
background of ocean height fields. Finally, using this method with SLA data from SWOT, we compiled submesoscale eddy

statistics over a two-year period from July 26, 2023 to July 25, 2025, identifying 6,045,154 AEs and 6,166,239 CEs.

Furthermore, based on merged altimeter data at a resolution of 0.125°, we derived eddy statistics from January 1, 2012, to

December 31, 2023, identifying 21,181,891 AEs and 22,109,575 CEs.

Based on the three types of established eddy datasets, we conducted a characteristic analysis and comparison of615
submesoscale eddies identified from chlorophyll data and altimeter data. The results indicate that submesoscale eddies

identified from sea surface chlorophyll data provided by Sentinel-3 using deep learning algorithm predominantly exhibit

radii below 30 km, with most concentrated in the range of 5–20 km, demonstrating a clear advantage in the field of

submesoscale eddy identification. Furthermore, in terms of geographical distribution, these eddies are mainly concentrated in

mid-to-low latitudes, coastal regions, and areas with active ocean currents. The number of eddies in the Northern and620
Southern Hemispheres is significantly influenced by seasonal variations, primarily due to the effects of polar nights, cloud

cover, and ice coverage in the polar regions. As the Sentinel-3A/B satellites enable global daily coverage, they exhibit a

distinct advantage in submesoscale eddy tracking tasks. Submesoscale eddies identified from SLA data provided by SWOT

predominantly exhibit radii below 10 km, with most concentrated in the range of 2–6 km. Among all datasets, these eddies

have the smallest detectable scales. Therefore, in terms of spatial scale, SWOT satellite altimeter data are the most625
advantageous for submesoscale eddy identification. Geographically, these eddies are also concentrated in mid-to-low

latitudes, coastal regions, and areas with active ocean currents. Compared with chlorophyll data, which are greatly affected

by illumination conditions, the geographical distribution of submesoscale eddies identified from SWOT altimeter data is less

influenced by seasonal variations. However, due to the satellite's 21-day repeat cycle, tracking submesoscale eddies with

short lifespans and small scales using SWOT data presents certain challenges. Eddies identified from the merged altimeter630
data at a resolution of 0.125° exhibit radii ranging from 10 to 100 km, with most concentrated between 25 and 50 km,

showing moderate performance in submesoscale eddy identification. Nevertheless, this dataset demonstrates unique

advantages in studying cross-scale eddies that bridge the submesoscale and mesoscale ranges.

This study successfully accomplished the identification, statistical analysis, and evaluation of submesoscale eddies using

multi-source data and a variety of methodologies. On the one hand, it will significantly augment, correct, and enhance the635
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existing global ocean eddy datasets, thereby providing crucial support for the investigation of submesoscale eddy

characteristics and their impacts on marine environments and fisheries. On the other hand, by analyzing the strengths and

limitations of each eddy dataset in the context of submesoscale eddy identification tasks, as well as their respective

applicability, this research fosters a deeper understanding of submesoscale eddies and offers valuable insights for data

selection in eddy studies across different tasks.640
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