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Abstract—The detection of submesoscale eddies is limited by
altimeter resolution and the complex dynamics of eddy formation
and dissipation, resulting in an incomplete understanding of their
structure. The advent of multiband high-resolution satellites, such
as HiSea-II, enables more detailed observations of submesoscale
eddies. This study presents a comprehensive methodology for pa-
rameterizing eddy properties. We model eddy morphology using
a logarithmic spiral expression and employ deep learning and
partial differential equations to extract streamlines representing
the static transport state. The spiral is then fitted to parameterize
attributes such as core location, radius, and polarity. Furthermore,
a three-dimensional logarithmic spiral is introduced to characterize
the eddy vertical extent. Analysis of 21 submesoscale eddies in 9
HiSea-II images demonstrates that our proposed method surpasses
an existing deep-learning model in accuracy by about 70% for the
eddy core position. Validation using reanalysis ocean current data
and high-resolution Chlorophyll-a concentration data confirms
that these eddies have a radius of 3.7 ± 2.5 km and a mean depth of
42 m. This approach overcomes the limitations of altimeter-based
eddy observations in nearshore regions, provides a novel and pre-
cise parameterization of submesoscale eddies in optical imagery,
and enhances the utility of multiband high-resolution SmallSats
such as HiSea-II.

Index Terms—Chan-Vese model, convolution neural network,
HiSea-II SmallSat, logarithmic spiral, parameterization, sub-
mesoscale eddy.
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I. INTRODUCTION

OCEANIC eddy, analogous to storms in atmospheric space,
is an essential phenomenon that affects energy [1], cli-

mate [2], [3], and has profound impacts on energy transport, sub-
stance entrainment, and ecosystem dynamics [4], [5]. Advances
in satellite observations and extensive studies of oceanic eddies
have contributed to a better understanding of the morphology,
dynamics, and ecology of mesoscale eddies. The submesoscale
eddy is a pivotal phase in the oceanic eddy life cycle whose diam-
eter is less than Rossby’s radius of deformation and scale ranges
approximately 0.1–10 km in horizontal [6], and 0.01–1 km in
vertical scales [7], [8]. The geographical distribution of these
eddies, as observed through optical methods, is primarily near
the coast [9]. They exhibit distinct characteristics of unsteady
states and nongeostrophic motion. These eddies play significant
roles in the transport of materials offshore and contribute to var-
ious dynamical processes such as the front and upwelling [10],
[11], [12], [13].

In contrast to submesoscale eddies, current research has ex-
tensively explored mesoscale eddies in the ocean. These eddies
can be identified and their trajectories can be predicted through
deep learning models [14], [15], and their three-dimensional
structures and vertical profiles can be examined using in-situ
observational data, such as that obtained from many Argos [16],
[17], [18]. The global oceanic eddy studies typically rely on
the identification and tracking data derived from grid products
generated using altimeter measurements [19], [20], to analyze
the morphology and dynamics of mesoscale eddies by their pa-
rameters such as core position, radius, and amplitude. However,
the spatial resolution of these grid products is insufficient to
capture the more abundant submesoscale eddies, resulting in
a large underestimation of the density of eddies, where only
between 6% and 16% of the total number of eddies reported [21].
Therefore, it is crucial to identify and parameterize these unob-
served eddies by integrating additional satellite datasets along-
side various observational methodologies. In diverse oceanic
regions, researchers have employed a combination of model
simulations [22], [23], [24] and other data sources, such as HF
radar data [25], [26], drifter records, and glider observations to
explore oceanic eddies [27]. In recent years, many studies have
been carried out to characterize the topology structure of subme-
soscale eddies, which include using high-resolution simulation
data [28], [29], [30], ocean color (chlorophyll) data [31], and
reanalysis dataset [32].
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Due to the transient nature of submesoscale eddies [33],
high-resolution oceanic data is crucial for exploring their char-
acterization. Consequently, the 1/100◦ HYCOM model [34]
and 1/48◦ ECCO estimates [35] are employed to quantify the
number of submesoscale eddies and to extract their structural
characteristics. These high-resolution simulations and reanaly-
sis datasets are computed based on oceanic and climatological
physical models, which can exhibit biases compared to the actual
marine environment [36]. Moreover, the introduction of new
ocean color satellite products and enhanced algorithms have
effectively addressed the challenges associated with observing
submesoscale eddies [33]. Different measurement systems, such
as synthetic aperture radar (SAR) [37], high-frequency radar
(HFR) systems, and long-term arrays of satellite optical mea-
surements, have been used to detect submesoscale eddies [38],
[39]. Although numerous researchers have utilized various high-
resolution datasets to identify submesoscale eddies [40], [41],
[42], estimate their properties, and analyze their numbers and
impacts, there remains a scarcity of studies focused on detecting
and estimating the parameters of submesoscale eddies using
high-resolution watercolor imagery (<100 m) captured by satel-
lites.

The observation of submesoscale eddies requires high-
resolution and highly sensitive satellite measurements. The
HiSea-II satellite operated by Xiamen University, China, is a
multiband SmallSat aimed at the ecosystems of coastal marine
environments [43]. It has 6 narrow bands in the visible domain,
along with a 20 m spatial resolution and ∼270 signal-to-noise
ratio, making it effective in capturing fine-scale variation of
phytoplankton (change of watercolor) in the coastal environ-
ment. Such changes in biology reflect the dynamic nature of
coastal environments, which include the processes of currents
and submesoscale eddies. Compared numerous studies using
optical satellites such as SDGSAT-1 [9], [40] and GOCI-I [44],
SAR such as Sentinel-1 [45], [46], infrared satellites [47], and
altimeters like SWOT [48] for exploring submesoscale eddy,
HiSeaII, a 65-kg SmallSat, has high spatial resolution and SNR,
which offer a distinct advantage in observing submesoscale phe-
nomena. The utilization of HiSea-II for observing submesoscale
eddies not only demonstrates its potential for oceanographic
applications but also affirms the capability of small satellites
in capturing submesoscale phenomena. Furthermore, this study
underscores the growing significance of SmallSats, such as
HiSea-II, in addressing challenges in nearshore marine science
and advancing the frontiers of ocean observation.

The morphological information of eddies is primarily cap-
tured through the identification of gradient changes in water-
color features at their edges and the segmentation of different
regions based on watercolor. Therefore, the parameterization
of the morphological properties of submesoscale eddies can be
transformed into a scheme in image processing. Deep learning
methods [49], [50] are currently the most popular approaches
for this task such as object edge (the gradient changes) detec-
tion [51]. Furthermore, deep learning as a data-driven method
has a powerful representative learning capacity [52] and is
widely used in oceanography [53], [54], [55], geoscience [56],
[57], and climatology [58], [59].

However, the utilization of a deep learning approach for
segmenting regions requires a significant amount of labeled
data, which is currently unavailable for HiSea-II. Model-driven
methods, which are based on modeling partial differential equa-
tions, offer advantages such as not requiring large training
datasets, improved interpretability, and better performance com-
pared to data-driven approaches. Among them, the Chan-Vese
model [60] is a popular method with good performance for image
vision and high-dimensional data classification [61]. Therefore,
HiSea-II images can be used to segment different watercolor
regions that are influenced by the entrainment effect of subme-
soscale eddies.

Regarding morphological characteristics, the core and scale
of the eddy are crucial parameters. For mesoscale eddy, based
on the grided production of absolute dynamic topography, sea
level anomaly, and geostrophic flow, [62] used the center of the
best-fitting velocity circle as the eddy core position, while Tian
et al. [20] used the center of the innermost contour as the eddy
core. Although these methods are valuable for calculating pa-
rameters such as eddy core, energy, and amplitude, it is important
to note that the closed forms of eddies are not obtained based
on the watercolor features observed in the HiSea-II images.
Meanwhile, the shape of the submesoscale eddy is nonlinear
which is similar to “cat-eye” [63] and is difficult to describe
with mathematics. To calculate the location and scale of the
submesoscale eddy as accurately as possible, we transform the
submesoscale nonlinear shape into a linear logarithmic spiral
shape. It can approximate the static rotational patterns resulting
from the diffusion of matter due to the eddy’s wrapping effect.
Furthermore, we employ a robust regression method to fit the
logarithmic spirals and then estimate the optimal core and radius
of the submesoscale eddies. In order to evaluate model perfor-
mance, we adopted mean absolute error (MAE) and the mean
geodetic distance (MGD) to compute the error of the estimated
eddy core. In addition, we match the estimated parameters
with other data, such as chlorophyll-a (Chl-a) concentration
and high-resolution ocean current, to verify the rationality and
authenticity of the results derived from our methodology. The
main contributions can be summarized as follows.

1) HiSea-II, a SmallSat capable of capturing fine-resolution
images at multiple visible wavelengths, was first adopted
to observe submesoscale eddies based on their optical
characteristics.

2) A novel parameterization framework for submesoscale
eddies is designed, integrating neural networks with partial
differential equations to extract different optical features
of these eddies.

3) Based on the features extracted by the neural network and
partial differential equations, we employed the logarith-
mic spiral to describe the streamlines of submesoscale
eddies and calculate their core positions and radii.

4) We used marine data to verify the parameterization results.
The experiment demonstrates that the estimated parame-
ters from our proposed framework are reasonable.

The rest of this article is organized as follows. Section II
describes the HiSea-II image data, ocean remote sensing data,
and computer vision data. Section III presents the proposed
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Fig. 1. HiSea-II data distribution as of 2 June 2023.

methodology. Section IV presents the extensive experiment and
related analysis are presented. Finally, Section V concludes this
article.

II. DATASET

A. HiSea-II Data

HiSea-II was launched on 11 June 2021, which, as depicted
in Fig. 1, has captured nearly thirty thousand images worldwide
so far. HiSea-II has 8 bands covering the visible to near-infrared
domain, with the center wavelengths as 450, 490, 570, 625,
680, 710, 745, and 865 nm, respectively. The visible spectrum,
with 20 m spatial resolution and ∼ 270 signal-to-noise ratio, is
effective in capturing the fine structures of the coastal marine en-
vironment. For the development and evaluation of the proposed
method for submesoscale identification and characterization, we
selected 20 images where offshore eddies are present and chose
9 best-quality images for manual detection of submesoscale
eddies. These images were taken in the Black Sea, the East
China Sea, the Gulf of Mexico, and the English Channel. For
these images, pseudotrue-color images were produced with the
first three bands as blue, green, and red, respectively.

B. Marine Data

1) Chl-a Data: We validated the submesoscale eddies by
comparing them with the Chl-a datasets from the GOCI-II
and GCOM-C satellites. The GOCI-II satellite offers a spatial
resolution of 250 m with a temporal resolution of one hour.
This marks an improvement in spatial resolution compared to
its predecessor, GOCI-I. Consequently, we utilized both Chl-a
data from GOCI-II and GCOM-C to validate the submesoscale
eddies in the East China Sea as captured by HiSea-II. For
submesoscale eddies in other research regions, we employed
Chl-a concentration data from the JAXA GCOM-C satellite with
the 250 m resolution.

2) Ocean Current Data: The parameterized depth of sub-
mesoscale eddies must remain within the bounds of the actual
water depth. Consequently, we employed the ETOPO 2022
global relief model, which seamlessly integrates topographic
and bathymetric data at a 15-arc-second resolution [64] to con-
duct a preliminary verification of the depth estimation results.
Subsequently, we utilized the HYCOM-TSIS 1/100◦ Gulf of
Mexico reanalysis current data available at: https://www.hycom.

Fig. 2. Primary features of submesoscale eddy morphology observed in HiSea-
II images. False-color is only used to enhance the visualizations. (a) “Thread”
feature. (b) “Ribbon” feature.

org/data/gomb0pt01/gom-reanalysis. This dataset is boxcar-
averaged to remove small-scale variability, enabling the obser-
vation of submesoscale phenomena and depth verification.

C. Computer Vision Data

Pattern analysis, statistical modeling, and computational
learning (PASCAL) VOC 2012 and BSDS500, two well-
established public datasets, were employed to train and fine-tune
the proposed neural networks, respectively.

PASCAL VOC 2012, as described in [65], is the dataset uti-
lized in The PASCAL visual object classes challenge 2012. This
dataset has earned recognition as a benchmark dataset for tasks
related to object classification, recognition, segmentation, and
detection. The dataset comprises 5011 images for training and
4952 images for testing, encompassing 20 different categories
of objects and scenes, spanning a wide range of complex scenes,
such as individuals, vehicles, animals, and more. The dataset is
available at: http://host.robots.ox.ac.uk/pascal/VOC/voc2012/
(The PASCAL Visual Object Classes Challenge 2012).

BSDS500, in [66], is a dataset made available by the Computer
Vision Group at the University of California, Berkeley, and is pri-
marily employed for image segmentation and object edge detec-
tion tasks. This dataset is composed of 200 training images, 100
validation images, and 200 testing images, sourced from diverse
scenes, including natural landscapes, cityscapes, and interior en-
vironments. The dataset can be accessed at: https://www2.eecs.
berkeley.edu/Research/Projects/CS/vision/bsds/ (The Berkeley
Segmentation Dataset and Benchmark).

III. METHODOLOGY

A. Overall Architecture

Accurate determination of the core position, scale, and ver-
tical depth of submesoscale eddies from optical images re-
quires careful consideration of the complex ocean environment.
To address this, we categorize the subimages based on the
two main watercolor features, “Thread” and “Ribbon” such as
Fig. 2(a) and (b), presented by eddies in HiSea-II images that
predominantly contain submesoscale eddies into two groups.
We then develop two branches to extract the streamline of sub-
mesoscale eddies from these subimage categories. To estimate
the parameters, including the core position and radius of the
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Fig. 3. Pipeline of estimating the parameters of submesoscale eddy using HiSea-II image. All the false-color images are only used to enhance the visualizations.

submesoscale eddies, we employ a robust regression algorithm
that fits logarithmic spirals. Moreover, we introduce the concept
of a three-dimensional spiral to estimate the vertical extension
of the eddies. The complete parameterization method is visually
illustrated in Fig. 3, providing a comprehensive overview of our
approach.

B. “Thread” and “Ribbon” Characteristics

The morphology of eddies can undergo significant changes
depending on their developmental stage. In the submesoscale ed-
dies captured in HiSea-II images, these variations are primarily
reflected in their watercolor characteristics. Despite the intricate
influences of these eddies for watercolor, two primary types

of features are observed in submesoscale eddies from HiSea-II
images.

The first feature involves active eddies located in regions with
high concentrations of nutrients and tracers. These eddies bring
about alterations in the vertical distribution of these substances
due to convergence and dispersion effects induced by the eddies.
This leads to alternating bright and dark patterns in the water
coloration within the eddy, resulting in a distinctive watercolor
profile inside the eddy. An illustrative example of this feature
can be seen in Figs. 2(a) and 3(a).

The second key feature is observed when the eddy moves
into a low-concentration zone or the interface between high and
low-concentration regions. In such situations, the eddy induces
the dispersion of substances from areas of high concentration to
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Fig. 4. Schematic diagram for two peaks and the valley in the bimodal method.

areas of lower concentration, primarily through the entrainment
effect exerted by the eddy on these substances. This process
creates a noticeable “pulling” effect within the water color, as
demonstrated in Figs. 2(b) and 3(b).

These distinct characteristics have guided us in developing
appropriate models for a more precise parameterization of sub-
mesoscale eddies. To facilitate differentiation, we have chosen
the terms “Thread” and “Ribbon” to subjectively describe these
two distinctive features.

In order to categorize HiSea-II submesoscale eddy images
based on these features in an adaptive manner, we adopted
a bimodal method, which is an image processing method for
segmenting foreground and background. First, for each eddy
patch, we chose the three spectral bands of the HiSea-II image to
generate pseudocolor images and converted them into grayscale
to compute the grayscale histograms. According to that, the gray
level that appears most time in each image can be obtained,
which can be regarded as the first peak that is denoted p. Then,
the second peak q is calculated via the following function:

q = argmax((x− p)2 ∗ hist(x)) (1)

where x is the gray value of pixels of the patch, whose range
is [0, 255]. hist(x) in (1) is the gray level histogram computed
by x. Between these peaks, there is a minimum value which
is all less than the peak value. This characteristic results in
the fitted curve based on the histogram exhibiting a distinct
“valley” shape, as illustrated in Fig. 4. Based on the value of this
valley, the branches of “Thread” and “Ribbon” can be effectively
distinguished to implement targeted parameterization.

C. Streamline in “Thread”

Based on the analysis of these patches, the “Thread” category
exhibits significant gradient variations of watercolor near the
edge of the rotating fluid. Therefore, extracting the streamlines
in the “Thread” category aims to capture the locations where
the gradient changes the most, which can be accomplished by
employing edge detection methods. In computer vision, this is
a classical problem and there are many models with excellent
performance, such as the typical Sobel operator and the creative
transformer model. Given the complexity of this task, as well

Fig. 5. Structure of the fully convolutional neural networks for transfer learn-
ing.

as the model’s performance and parameter count, we developed
a neural network based on the U-Net [67] architecture, a type
of fully convolutional neural network [49], which outperforms
classical detection methods [68]. The U-Net model is primarily
focused on medical image detection tasks, such as vascular [69]
and road information [70]. The characteristics of streamline
detection are similar to the aforementioned task, particularly
in terms of the imbalance between edges and background, as
well as the limited amount of training data. Therefore, for
streamline extraction, the constructed model further reduced the
parameters of the neural network, with the network’s structure
schematically depicted in Fig. 5. This neural network adopted
an encoder–decoder structure. Due to the scarcity of labeled
HiSea-II images for training and the lack of eddy label infor-
mation, we employed transfer learning. We initially trained the
network on the VOC dataset, followed by fine-tuning the decoder
using the specialized edge-detection BSDS dataset. Concur-
rently, all data were converted into grayscale images to stan-
dardize the probability distributions of eigenvalues across real
and pseudocolor image samples. These grayscale images were
then input into the neural network. First, the data passes through
the encoder, which extracts texture and deep semantic features.
These extracted features are then transferred to the decoder. In
the decoder, an upsampling process is employed to gradually
convert features into final detection results. Meanwhile, the
model employs short connection operations in the decoder to
combine semantic and texture features, thereby enhancing de-
tection accuracy. The neural network’s training process is guided
by the loss function described in the following equation:

L =
1

n

n∑
i=1

−wn[yn · log σ(xn) + (1− yn) · log(1− σ(xn))].

(2)

This loss function integrates the sigmoid activation with binary
cross-entropy loss, allowing for class weighting to mitigate
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sample imbalance. The output of the neural network is shown
in Fig. 3(c). Nevertheless, it is expected that noisy information
will still be present in the processed HiSea-II images, which can
also be detected by the neural network. To prevent this noise
from affecting the subsequent fitting process, the output ϕ of
the neural network is mapped using a threshold k, which can be
adjusted based on the size of the detected edge. This threshold
is formalized by an equation as follows:

ϕ(P ) =

{
1 P ≥ k

0 otherwise
(3)

where P is the result of the last layer of neural network features
after calculation by softmax function. Then, depending on
the number of pixels contained in the connected domain, the
noise portion can be removed. Next, we adopted a thinning
model [71] to extract the main information of every connected
domain as displayed in Fig. 3(e). Based on these points, the
centroid point ξ can be computed, and the range of core of
the eddy located can be confirmed as em ∈ [ξm − δ, ξm + δ],
en ∈ [ξn − δ, ξn + δ], where δ is a relaxed value used to expand
or narrow a search, e is the index of points in range of core of
eddy, m is the horizontal axis, and n is the vertical axis. The
final result of the neural network channel is shown in Fig. 3(g).

D. Streamline in “Ribbon”

Compared with the “Thread,” the “Ribbon” has a distinct
difference in watercolor between foreground and background.
According to this characteristic, the watercolor bands pulled
out by the entrainment effect of the eddy can be segmented.
Deep learning methods have strong performance for image
semantic segmentation, however, the data size does not support
the training. Thus, we adopt the Chan-Vese model to segment the
zone of the eddy, which is a model-driven method with strong
image segmentation performance and interpretability that is
more suitable for this task. The energy function of the Chan-Vese
model is described as follows:

E(c1, c2, u) = γ

∫
Ω

|∇u(x)|dx

+ α1

∫
Ω

(f(x)− c1)
2u(x)dx

+ α2

∫
Ω

(f(x)− c2)
2(1− u(x))dx, (4)

where α1, α2, and γ are the penalty parameters, c is an arbitrary
curve, c1 is the mean gray inside of c, c2 is outside of c, x
denotes the pixels of the image, u(x), 1− u(x), and f(x) are
the function of the object, background, and the whole image,
respectively.

∫
Ω |∇u(x)|dx is the regular term, which is used to

retain the smoothness of segmentation. Equation (4) is solved
iteratively by setting parameters, updating the u(x), c1, and c2,
until getting the minimum energy function in limited steps. This
process can be formulated as follows:(

ck+1
1 , ck+1

2 , uk+1
)
= argmin

c1,c2,u∈[0,1]
E
(
ck1 , c

k
2 , u

k
)

(5)

where k ∈ K is the iteration step,uk+1 is the segmentation result
at k + 1 step. However, deriving the derivative for

∫
Ω |∇u(x)|dx

will produce a Laplace term and the solution process will be
extremely complex. Therefore, an iteration method such as the
alternating direction method of multipliers is adopted to divide
(4) into subproblems. The �w is introduced instead of ∇u, the
(4) can be transformed into the following:

E(c1, c2, u, �w) = γ

∫
Ω

�wdx

+ α1

∫
Ω

(f(x)− c1)
2u(x)dx

+ α2

∫
Ω

(f(x)− c2)
2(1− u(x))dx

+

∫
Ω

�λk · (�w −∇u)dx

+
μ

2

∫
Ω

|�w −∇u|2dx. (6)

Furthermore, c1, c2 can be calculated iteratively by

ck+1
1 =

∫
Ω f(u

k)dx∫
Ω u

kdx
, ck+1

2 =

∫
Ω f(1− uk)dx∫
Ω(1− uk)dx

(7)

where k is the step. u(x) can be computed by the following:

u(x)k+1 =

∫
Ω

α1(f − ck+1
1 )2 − α2(f − ck+1

2 )2dx

+
μ

2

∫
Ω

|�w −∇u+
λk

μ
|2dx. (8)

Then, the �w can be updated by the soft threshold

�wk+1 = max

(
|∇uk+1 − λk

μ
| − λ

μ
, 0

) ∇uk+1 − λk

μ

|∇uk+1 − λk

μ | . (9)

Finally, the Lagrange multiplier can be iterated by

λk+1 = λk + μ(�wk+1 −∇uk+1). (10)

The iterative process is terminated when the condition
Ek+1−Ek

Ek ≤ ε is met, yielding the segmentation results shown
in Fig. 3(d).

In order to accurately parameterize the eddy core and mini-
mize the spatial and temporal complexity of the model, we adopt
a selection strategy that involves choosing the largest connected
domain after deblurring like Fig. 3(f). This selected domain
exhibits the characteristic spiral line rotating inward, as depicted
in Fig. 3(h). Therefore, it can be regarded as a streamline,
from which a spiral curve can be fitted. In the spiral curve,
whether Fermat’s spiral, Archimedean spiral, or logarithmic
spiral, the point of intersection is increased with nearing the
origin as displayed in Fig. 6. Hence, the points of the streamline
are denoted as e = {em, en}CV, the extent of the core can be
determined that is [ηm1

: ηm2
, ηn1

: ηn2
].

E. Logarithmic Spiral Approximation

Despite oceanic eddies being spirals on the sea, submesoscale
eddies adhere to the conservation of the potential vorticity, and
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Fig. 6. Diagram of the logarithmic spiral curve r = aebθ with a = 1, b = 0.08. (a) Logarithmic spiral. (b) 3-D logarithmic spiral.

their shape has nonlinear features. To simplify the problem, we
approximate the shape of the submesoscale eddy to a logarithmic
spiral as

r = aebθ (11)

the ideal regular geometry in flat and three-dimensional forms is
illustrated in Fig. 6. In the expression, θ and r denote the polar
angle and radius, respectively, while the unknown parameters a
and b need to be reckoned to confirm the optimal logarithmic
spiral. In order to obtain the optimal spiral, first, a point is
tentatively designated as the eddy core (ci, cj), which is from
the following set:

D =

⎧⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎩

{
(ci, cj)

∣∣∣∣∣ci ∈ [ξm − δ, ξm + δ]

cj ∈ [ξn − δ, ξn + δ]

}
for “Thread”

{
(ci, cj)

∣∣∣∣∣ci ∈ [ηm1
, ηm2

]

cj ∈ [ηn1
, ηn2

]

}
for “Ribbon.”

(12)

The fitting dataset D is the features of the streamline extracted
by the neural network and the CV model. Due to the logarithmic
spiral being a function of polar coordinates, this D dataset needs
to transfer the coordination system from the Cartesian to the
polar via the following equations:

r =
√

(di − ci)2 − (dj − cj)2, d ∈ D (13)

θ = arctran

(
di − ci
dj − cj

)
, dj 	= cj (14)

wheredi,dj are the row and column index of points. Logarithmic
spirals not only conform to the conventional shape of the oceanic
eddy but also have the advantage of being transformed into a
linear form by taking the logarithm of both sides of the equation.
These peculiarities make the spiral fit accurate and efficient via
the significant performance of the linear regression algorithm.

The linear function is formulated as

ln(r) = bθ + ln(a) a > 0, r > 0. (15)

Second, we adopted a stronger reckless regression algorithm
along with random sample consensus (RANSAC) [72] to fit
the above function. RANSAC is an iterative algorithm that can
estimate the parameters from datasets with outliers, commonly
applied in fields such as computer vision and data mining.
Compared with other regression algorithms, it can exclude dis-
sociation points effectively, improving the accuracy of cores and
further elevating the similarity between the fitting spiral curve
and the form of the submesoscale eddy.

To confirm the optimal parameters and cores of the subme-
soscale eddies, a scoring system is employed to evaluate the fitted
spirals. Since the extracted streamline may not precisely follow
a logarithmic spiral, traditional regression scores such as MAE
and mean squared error, which compute the distance between
the dataset and the spiral curve, are not suitable for determining
the optimal logarithmic spiral. Utilizing these scores may result
in increased parameter estimation errors. Instead, a different
approach is taken: the number of intersections between the data
points and the curve is counted, and the maximum number
of intersections is considered the optimal solution. Its origin
represents the optimal core of the submesoscale eddy. Upon
analyzing the watercolor patterns in submesoscale eddies in the
HiSea-II images and the streamlines we extracted, we observed
that these eddies demonstrate a rotation period of one to two
weeks. Consequently, we computed the distance between the
endpoint of the spiral after completing a 720◦ rotation and the
eddy core to determine the radius of the submesoscale eddy. The
horizontal parameters of the submesoscale eddies are obtained,
as shown in Fig. 3(k) and (m).

At the vertical dimension, due to the nature of the rotational
fluid motion, the radius of an eddy decreases with increasing
depth. The depth of the eddy is determined by several factors,
including the surface radius, angular velocity, fluid density,
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TABLE I
ERROR OF PARAMETERIZED CORE LOCATION IN THE WHOLE AND EVERY REGION

and water pressure. However, optical images can only cap-
ture the transient state of submesoscale eddy and do not pro-
vide information on continuous dynamic parameters. Therefore,
in this article, the depth of the eddy’s rotation is estimated
based on the logarithmic spiral. Initially, we parameterized
the surface radius of the eddies. However, it is well-known
that the radius of the eddy diminishes with increasing depth.
Consequently, the problem involves defining the relationship
depth = f(radius, αradius), where αradius is the rate of decay of
radius with depth. Referring to (11), we observe that the r
is directly proportional to the θ, which enables the estimation
of depth from r by calculating the depth from θ. We convert
the dependent and independent variable of (15), which can be
derived by collapsing it into

θ =
(ln(r)− ln(a))

b
. (16)

When calculating the limit of (11), it is expressed as

lim
θ→−∞

aebθ → 0, r → 0. (17)

However, when estimating the depth of submesoscale eddies,
it is impractical to set θ = −∞. Therefore, a minimum value of
approximately 10−32 is assigned to θ, which brings r close to
0. The number of degrees required for the submesoscale eddy
to rotate to the bottom in polar coordinates can be determined.
This value is then divided by the angular velocity ω of the eddy
to calculate the time required for it to reach the bottom.

To determine angular velocity, the planetary vorticity is first
calculated using f = 2Ω sin(ϕ), where Ω represents the Earth’s
angular velocity, and ϕ denotes the latitude. The vorticity of
ocean currents relative to the Earth is then computed using the
following equation:

ξ = ∇zV =
∂v

∂x
− ∂u

∂y
. (18)

Here, V is the flow velocity vector, with u and v representing
the eastward and northward components of the flow velocity,
respectively. From ξ and f , the Rossby number Ro = ξ/f is
derived, representing the relative vorticity normalized by plan-
etary vorticity. Subsequently, using Ro as the average vorticity
ψ of the eddy, the angular velocity ω can be determined based
on Stokes’s theorem, as outlined in (19)

ψ × S =

∮
C

u · dl = 2× ω × S. (19)

The rotation time from top to bottom can be calculated using
θ/ω, where θ is the angle of rotation andω is the angular velocity.
The depth of submesoscale eddies can be estimated based on
ocean current data. We examined the currently available vertical
current data, which is accessible only up to 2018. However, due
to the small interannual variation and generally low vertical flow
velocity, approximately (1 ∼ 50)−5 cm/s, and the lack of vertical
ocean current data after 2021, we adopted the HYCOM hourly
data for horizontal current velocity to estimate the depth of
submesoscale eddies, taking the lower bound of the final result.

Finally, combined with (16) and (19), the depth of subme-
soscale eddies can be parameterized by

depth = � (ln(r))− ln(a))

ωb
×
√
u2 + v2
. (20)

IV. RESULTS

A. Implementation

1) Neural Network Channel: We initially trained the en-
coder and decoder using the VOC dataset and then fine-tuned
the decoder’s parameter gradients using the BSDS dataset to
enhance edge detection performance. The encoder consists of
four blocks, each comprising a 3× 3 convolution layer, batch
normalization layer, and max pooling layer. Similarly, the de-
coder employs four blocks for upsampling using convolution
transpose in place of max pooling, followed by a block and
a 1× 1 convolution kernel for dimension transformation. For
training, we set the learning rate as 0.001 and performed 50
epochs on the VOC dataset and 100 epochs on the BSDS dataset.
The batch size was set to 4. We employed the RMSprop and
Adam optimizers [73] to optimize neural network training on
the VOC and BSDS datasets, respectively.

2) Comparative Methods: To verify the performance of our
proposed method for estimating the coordinate of the core of
submesoscale eddies, we compared the parameterization results
with those from the deep learning model MEDNet [9], which
also focuses on optical imagery. This model was originally
trained on SDGSAT-1 data. To ensure the consistency of input
data, we adapted the model by fine-tuning it with HiSea-II data.

3) Evaluation Indicators: We adopt two kinds of evaluation
indicators to quantify the results of the experiments. Those are
MAE and mean geodesic distance (MGD) on geography.

MAE: It is a widely recognized evaluation metric for regres-
sion tasks in machine learning, commonly employed for the
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Fig. 7. Part of results of three-dimensional parameterization results for submesoscale eddies. In the false-color subplot, the black pentagram represents the eddy
core position and the length of the black line segment is the eddy radius. (a) Imaged on 8 November 2021 at 16:45:16 (UTC) in the Gulf of Mexico. (b) Imaged on
9 April 2023 at 03:02:47 (UTC) in the East China Sea. (c) Imaged on 27 March 2022 at 11:19:16 (UTC) in the English Channel.



20832 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 18, 2025

quantitative assessment of the discrepancy between predicted
values and ground truth. The process for calculating MAE is
outlined as follows:

MAE =
1

n

n∑
i=1

|yi − xi| (21)

where yi is the prediction results, xi is the truth, and n is the
number of training or testing samples.

MGD: In practical applications, accurate distance calculations
must consider the Earth’s characteristics. Therefore, we utilize
the MGD, which is determined using the great-circle distance
formula, as given by

MGD =
1

n

n∑
i=1

rΔσ̂i (22)

where

Δσ̂i=2arcsin

(√
sin2

(
Δφi
2

)
+cosφyi

cosφxi
sin2

(
Δλi

2

))
.

(23)

In (23), φy, φx, λy, and λx denote the latitude and longitude of
the prediction results yi and the truth xi, respectively. Δφ and
Δλ are the absolute value of the difference between the φy, φx
and λy, λx.

B. Results in Eddy Parameters

The core position, radius, polarity, and depth of 20 subme-
soscale eddies in 9 HiSea-II images are estimated to demonstrate
the effectiveness of the proposed methodology. To enhance the
visibility of the submesoscale eddies in the HiSea-II images,
we performed image augmentation and adjusted the color cod-
ing of the patches to emphasize the variations in watercolor.
The spiral fitting results are visualized on these images, and
the corresponding parameters including radius, depth, and core
position are presented alongside the image. For example, Fig. 7
shows partial results obtained in the Gulf of Mexico, the Black
Sea, and the English Channel. The remaining results of these
two areas and the results of other regions are included in the
supplementary material. In terms of visual perception, the log-
arithmic spiral fitted by our proposed framework depicts the
submesoscale eddy shown in the watercolor image very well.
The estimated cores are mostly located at the center of the
submesoscale eddies. To quantitatively assess and validate the
accuracy of eddy coordinate estimation, we manually labeled
the core locations of submesoscale eddies (considered as the
“ground truth”). We then calculated the MAE and MGD for the
estimated values produced by our proposed framework and by
MEDNet, as shown in Table I.

The number following the plus or minus sign in all tables
represents the standard deviation, which serves as a measure
of the dispersion or variability of the estimated parameters.
For parameterizing the core positions of submesoscale eddies,
the MAE across all eddies is 0.005± 0.004(◦), compared to
0.015± 0.004(◦) for MEDNet. In specific regions, such as the
Black Sea and the English Channel, the MAE values are 0.009◦

Fig. 8. Estimating the number distribution of radius in different intervals.

and 0.014◦, respectively, reflecting an approximate 30% reduc-
tion in error compared to MEDNet. The MAE values for the East
China Sea and the Gulf of Mexico are 0.006± 0.004(◦) and
0.002± 0.001(◦), respectively, indicating accuracy improve-
ments of 60% and 80%. These values demonstrate the robust
performance of the proposed framework in parameterizing the
core coordinates of submesoscale eddies across different re-
gions. This also confirms that the proposed method for core
coordinate estimation is superior to the existing vision-based
deep learning model. In practical marine exploration, such as
accurately deploying Argo floats and other in situ equipment
according to eddy positions, it is crucial to account for physical
distance errors on the Earth’s surface. Therefore, we calculated
the MGD error to analyze discrepancies in a real oceanic envi-
ronment. Table I shows that the mean great circle distance of our
proposed model is less than 1 km. This indicates that most of the
estimated submesoscale eddy cores are within the eddies’ range.
In contrast, MEDNet’s MGD exceeds 2 km, approximately 70%
higher than our proposed method. This further demonstrates the
accuracy and effectiveness of our proposed framework in the
2-D parameterization of submesoscale eddies.

Furthermore, the dispersion of the MAE remains consistent as
indicated by the standard deviation. Compared to the MAE, the
MGD error distribution exhibits relatively greater dispersion.
The standard deviation of MGD errors across all samples is
0.501 km. Analyzing the estimation errors by region revealed
that the estimated cores in the Black Sea and East China Sea
exhibit larger deviations from the labels (“truth”).

A submesoscale eddy is a phenomenon with a diameter
smaller than the Rossby radius of deformation, typically ranging
from approximately 0.1 to 10 km horizontally and 0.01 to 1 km
vertically. We calculated the radius distribution of the samples
used in this study, as shown in Fig. 8, to analyze the radius
information of these eddies captured by HiSea-II. The estimated
radii in this study do not exceed 10 km, with most falling
within 5 km. Although the number of samples is limited and the
parameterization framework introduces some errors, the trend
in radius distribution is consistent with that observed by the
SDG satellite [69]. The number of eddies with radii within 3 km
constitutes nearly half of the total which means the HiSea-II
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Fig. 9. Submesoscale images from the HiSea-II satellite in the Gulf of Mexico and matched current streamline of 1/100◦ of the reanalysis ocean current at
different depths. (a) Submesoscale eddy captured by the HiSea-II estimated depth of 14 m and below and to the right are current diagrams of different depths.
(b) Submesoscale eddy captured by the HiSea-II estimated depth of 8 m and below and to the right are the same as (a).

captures a higher frequency of submesoscale eddies with radii
around 3 km.

In addition to the horizontal parameters, such as core coor-
dinates and radius, we estimated the vertical parameter, specifi-
cally the depth of the submesoscale eddies, using 3-D logarith-
mic spirals to depict their 3-D structures, as shown in Fig. 9. To
verify the estimated vertical depths of the submesoscale eddies,
we first queried the water depth data (ETOPO 2022) at the
eddy locations, finding that all estimated depths were within the
water depth range. We then matched the HyCOM-TSLS 1/100◦

Gulf of Mexico reanalysis current data with the locations of

the submesoscale eddies. Fig. 9 illustrates the ocean currents at
various depths where the submesoscale eddies are located.

From Fig. 9, we can observe that the streamline images exhibit
a shape analogous to the watercolor features observed in HiSea-
II imagery. For eddy (a) in Fig. 9, it is evident that the size of this
eddy diminishes with increasing depth, and the spiral structure
dissipates at a depth of 20 m. It can be inferred that the depth
of this submesoscale eddy lies between 15 and 20 m. The depth
of this eddy, as estimated by our proposed framework, is 14 m,
within its vertical structure. The depth of eddy (b) depicted in
Fig. 9 is between 8 to 10 m, with our framework estimating it
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Fig. 10. Streamline of the submesoscale eddies processing with the Chan-Vese model. False-color is used to enhance the visualization of eddies.

TABLE II
ERROR OF PARAMETERIZED CORE LOCATION FOR CHAN-VESE METHOD AND

NEURAL NETWORK

at 8 m. To a certain extent, this current information validates
the reasonableness of the depth parameters estimated by our
proposed model.

In addition, information on the core, radius, and depth of
the submesoscale eddy, and anticyclones or cyclones are par-
ticularly crucial for the study of eddy dynamics. However, the
multispectral image displays an instantaneous watercolor state,
which belongs to the static case without kinetic parameters. The
identification of cyclonic and anticyclonic eddies is based on
the outcomes of the spiral fit and the watercolor condition. From
Fig. 7 and figures in supplementary material, the most intriguing
finding is that most logarithmic spirals are counterclockwise,
which suggests the submesoscale eddies studied here are cy-
clones. The reasons for this include the following: 1) Insufficient
number of samples. These submesoscale eddies are located on
the east coast of the mainland and are close to the coast, which
has a sample bias. 2) The general situation. Most submesoscale
eddies are cyclonic [63], [74], [75], [76].

C. Comparison of Branches

Relative to the neural network, the streamline of eddy ex-
tracted from the Chan-Vese channel is fitted to effectively de-
termine the exact location of the eddy core. Further statistical
tests are presented in Table II, revealed that the estimated results

via the Chan-Vese channel have lower MAE and MGD. By
fitting logarithmic spirals to the main streamlines, it is possible
to achieve a more precise estimate of the eddy core and radius. To
illustrate the streamline more visually, Fig. 10 displays the main
streamlines of eddies extracted by the Chan-Vese model plotted
on the multispectral image. From the figure, we can see that the
streamlines can reflect the binding effect of eddies on the marine
material and describe the rotation of eddies. This is because the
Chan-Vese model belongs to the class of models based on region
segmentation, which enables regions with different watercolor
features to be effectively delimited. Under the action of an eddy,
the material rotates and diffuses from the region of elevated
concentration to the region of low concentration, which gives the
region of elevated concentration the form of an eddy rotation,
allowing the extraction of the main streamline. It can be observed
that the streamlines in Fig. 10 begin at the center of the eddy,
this guarantees the accuracy of delimiting the region of the core
located.

D. Cross Verification With Multisource Data

To verify whether the submesoscale eddies detected from
the multispectral images exhibit consistent dynamics with those
shown in the Chl-a data, we need to find other optical satellites
that can observe these regions at similar times. Therefore, we
adopted the Chl-a concentration data from the GOCI-II and
GCOM-C satellites. The spatial resolution of these data is 250 m,
which is sufficient to observe submesoscale phenomena. In
addition, the GOCI-II data has an hourly temporal resolution,
while the GCOM-C can complete a global scan every two days.
Consequently, the GOCI-II Chl-a data is suitable for verifying
submesoscale eddies in the East China Sea, whereas eddies in the
Black Sea and Gulf of Mexico can be verified using GCOM-C.
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Fig. 11. Comparison between the watercolor features of submesoscale eddies in the East China Sea observed by HiSea-II and Chl-a data produced by GOCI-II.
(a) and (c) Submesoscale eddies featured in HiSea-II imagery. (b) and (d) Chl-a data of GOCI-II. False-color is used to enhance the visualization of eddies.

The matching results for both GOCI-II and GCOM-C in the East
China Sea are displayed in Fig. 11, and results for other regions
are shown in the supplementary material.

By comparing the water color features captured by HiSea-II
with the spiral characteristics of the Chl-a concentration from
GOCI-II and GCOM-C, we observe that the Chl-a data displays
a structure similar to the watercolor features in the HiSea-II
images. In Case 1, as shown in Fig. 11, the eddy was observed
to persist for at least 26 min. According to Fig. 11 and features
in the supplementary material, other eddies are lived for at least
10 minutes.

We attempted to obtain continuous images from GOCI-II,
but the optical satellite can be affected by cloud cover, making
it challenging to observe an eddy continuously and without
interruption. Nevertheless, these matching results demonstrate
that we successfully verified the submesoscale eddies using
high-resolution Chl-a concentration data, confirming that HiSea-
II can observe submesoscale phenomena.

Beyond the proposed model’s accuracy in estimating sub-
mesoscale eddy parameters, its computational efficiency is also
crucial. We separately analyzed time consumption for different
branches. The neural network requires an average of 12 min
due to its iterative optimization of the eddy core position within
the edge center region, with the lack of parallelization further
extending runtime. In contrast, the Chan-Vese branch is sig-
nificantly faster, completing the task in 47 s on average. This
efficiency results from its segmentation and thinning process,
which refines the extracted streamline to better resemble the
eddy shape, reducing the number of iterations required to accu-
rately compute the eddy core position and radius.

V. CONCLUSION

The proposed method efficiently tackles the issue of parame-
terizing submesoscale eddies. Different from traditional detec-
tion methods based on altimetry, our approach approximates
the submesoscale morphology using a logarithmic spiral. We
classify subimages into two categories based on watercolor char-
acteristics and adopt model-driven and data-driven methods to
achieve three-dimensional parameterization of a submesoscale
eddy. The parameterized radius corresponds well to the horizon-
tal extent of the submesoscale phenomenon. The experimental
results indicate that the eddy core locations, as parameterized
by our proposed framework, exhibit minimal errors. Further-
more, the parameterized submesoscale eddy radii and depths
fall within reasonable ranges.

The generalizability of these results is subject to certain limi-
tations. First, we manually labeled the region of interest for sub-
mesoscale eddies artificially, as opposed to training a network for
automated recognition. This approach was necessitated by the
scarcity of high-quality HiSea-II images with discernible subme-
soscale eddy water color features, which was insufficient to sup-
port model training. Consequently, this limitation has an impact
on the overall generalization capability of our approach. Second,
we approximate the problem of the submesoscale morphology as
a logarithmic spiral. This spiral can be transformed into a linear
form to simplify the problem. In future work, we need to explore
functions that are better suited for the rotational structure of sub-
mesoscale eddies, providing a more precise description of their
spiral patterns. Finally, it is important to note that the watercolor
images used in this study are static state data. Therefore, our
parameterization method focuses solely on estimating the depth,



20836 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 18, 2025

core position, and radius of the submesoscale eddies. To achieve
a more comprehensive understanding of submesoscale eddies,
future studies could investigate the incorporation of additional
parameters such as amplitude, energy, and velocity, while also
addressing the aforementioned limitations, which would provide
further insights into the dynamic nature of submesoscale eddies.
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