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Abstract—Accurate prediction of the trajectories of mesoscale
ocean eddies is imperative for comprehending oceanic dynamic
processes and ensuring offshore engineering safety. However,
extant methodologies generally treat eddies as isolated systems,
thereby constraining their capacity to capture the intricate and
sparse interactions among multiple coexisting eddies. Moreover,
unimodal trajectory data frequently prove inadequate in fully
characterizing the nonlinear evolutionary patterns of eddies,
which are subject to modulation by their intrinsic physical
features as well as the surrounding environmental context. To
address these challenges, this paper proposes the multimodal
fusion sparse spatio-temporal graph convolutional network (MF-
STGCN). Initially, the model designs a physical encoder and
an adaptive gating fusion mechanism to dynamically adjust
the contribution weights of physical features and environmental
information. This approach effectively addresses the issues of
multivariate heterogeneous data alignment and feature enhance-
ment. Secondly, a sparse graph learning strategy is proposed
based on asymmetric convolution and zero-softmax normaliza-
tion. It enables the automatic mining of directed interactions
with physical significance while effectively eliminating redundant
noise. Finally, spatio-temporal features are aggregated in parallel
through a dual-stream spatio-temporal graph convolutional net-
work (STGCN) and a temporal convolutional network (TCN)
to achieve trajectory prediction. Evaluated on the 1993-2022
South China Sea (SCS) mesoscale eddy dataset, MF-STGCN
outperforms Transformer, ETPNet, and existing GNN baselines
across multiple metrics. Visualization analysis further confirms
the model’s remarkable robustness and superiority in handling
abrupt trajectory shifts and long-term predictions.

Index Terms—Mesoscale eddies, spatio-temporal trajectory
prediction, graph convolutional networks, sparse interaction, and
multimodal fusion.

I. INTRODUCTION

Oceanic mesoscale eddies carry approximately 90% of the
kinetic energy in the ocean, serving as the core vehicle for
global energy cascading and material transport [1], [2]. Their
dynamic behavior directly governs the ocean’s heat transport
to polar regions, influencing the global heat balance pattern
[3]. Simultaneously, through vertical pumping and horizontal
transport, eddies regulate the distribution of nutrients and
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plankton, playing a crucial role in fisheries resource manage-
ment and global carbon sink assessments [4]. Furthermore,
the intense flow fields associated with eddies pose significant
operational safety risks to deep-sea drilling, subsea pipeline
deployment, and underwater vehicle path planning [1]. Con-
sequently, accurate prediction of mesoscale eddy trajectories is
not only a core scientific issue for elucidating oceanic dynamic
processes but also an urgent requirement with substantial
application value in fields such as climate forecasting and
ocean engineering.

With the growing availability of satellite remote sensing
and reanalysis data, using deep learning to mine historical
patterns for mesoscale eddy trajectory prediction has emerged
as a promising research frontier. The research paradigm is
evolving from early single-source data-driven approaches to-
ward multimodal feature fusion, and further toward physics-
enhanced mechanisms. Early studies focused primarily on
verifying the feasibility of deep learning methods, typically
treating individual eddies as isolated time series.

Specifically, Ma et al. [S] pioneered the application of
ConvLSTM networks to this task, achieving indirect eddy
forecasting by predicting sea level anomaly (SLA) fields
combined with detection algorithms. Subsequently, Nian et al.
[6] introduced a memory-augmented network and a sched-
uled sampling strategy to achieve precise prediction of high-
order non-stationary spatiotemporal dynamics using solely
SLA data. However, relying exclusively on a single SLA
source often fails to capture the complex physical mecha-
nisms underlying eddy evolution, thereby hindering further
breakthroughs in predictive accuracy. According to the global
observational study by Chelton et al. [2], there is a significant
correlation between eddy propagation trajectories and their
multi-dimensional features. Specifically, the propagation speed
and direction are governed not only by geostrophic parameters
but also by the modulation of the eddy’s own amplitude and
spatial scale. Further research by Early et al. [7] indicates that
under quasi-stable states, the zonal and meridional propagation
velocities are closely related to the amplitude intensity. Such
highly nonlinear dependencies among multiple variables pose



severe challenges to single-trajectory modeling.

To address these challenges, the research paradigm has
begun to evolve toward the multimodal feature fusion stage,
aiming to enhance the model’s perception by incorporating
additional features and environmental information. For in-
stance, Wang et al. [8] integrated multidimensional features—
such as eddy trajectories, amplitudes, and radii—using a
framework based on LSTM and Extremely Randomized Trees,
achieving the collaborative prediction of both eddy properties
and propagation trajectories. Another study [9] proposed the
MesoGRU framework, which significantly improves prediction
accuracy by fusing SLA and flow field data. Simultaneously,
related research incorporating spatio-temporal attention mech-
anisms [10], [11] has further deepened the capability to extract
critical information from multi-source data. Building on these
advancements, the research focus over the past two years has
shifted toward enhancing the model’s physical consistency
and generalization. For instance, Ge et al. [12] proposed
ETPNet, which embeds physical laws of eddy motion as
constraints within the network architecture to achieve precise
trajectory prediction. Meanwhile, Zhang et al. [13] introduced
EddyTPNet, exploring physics-knowledge fusion and transfer
learning strategies to address prediction challenges across
diverse oceanic regions.

Despite significant progress in current physics-enhanced
methods, most remain confined to a single-eddy prediction
framework, treating eddies as isolated individuals. However,
physical oceanography research indicates that eddy motion
is not an isolated event. As illustrated in Fig. 1, in real-
world oceanic environments, eddy trajectories are collectively
modulated by the background flow field, the [-effect, and
nonlinear interactions among neighboring eddies [14]-[19].
Such interactions often exhibit pronounced asymmetry and
sparsity. Studies on dipole evolution by Long and Tang et
al. [20] demonstrate that the interaction between cyclonic
and anticyclonic eddies is often accompanied by the signif-
icant intensification of one while the other weakens or even
dissipates, reflecting the asymmetric forces between strong
and weak eddies. Furthermore, while eddy clusters exist in
localized regions such as the Luzon Strait, eddies are typically
distributed discretely across the vast open ocean. For an eddy
located in the northern South China Sea, its motion is primarily
governed by the local flow field and neighboring eddies.

Regarding the multi-eddy interaction problem, the Eddy-
SPIN model recently proposed by Tang et al. [21] represents
a pioneering effort. This work introduced a novel spatial
projection method to map 1D trajectories of multiple ed-
dies into a 2D image space, providing the first verification
that modeling eddy-eddy interactions significantly improves
prediction accuracy. However, this method relies on regular
grid convolutions, which struggle to effectively adapt to the
sparse interaction and non-uniform distribution characteristics
of eddies. Furthermore, the image projection approach cannot
explicitly characterize the dynamically evolving relationships
between individual eddies. In contrast, graph neural networks
(GNNs) can directly model interactions between discrete

objects in non-Euclidean topological spaces. Their success
in fields such as traffic flow [22] and pedestrian trajectory
[23] prediction suggests that graph structures are an ideal
paradigm for modeling such sparse interactions among discrete
individuals.

To address the two core challenges of complex multivariate
temporal dependencies and the difficulty in quantifying sparse
inter-eddy interactions, we propose a multimodal fusion-based
sparse spatio-temporal graph convolutional network (MF-
STGCN). The model first employs a physical encoder to
achieve a unified representation of eddy trajectory sequences
and multidimensional physical features. An adaptive gating
mechanism is then introduced to dynamically adjust the
contribution weights of different modalities according to the
eddy’s current evolutionary state, thereby capturing the deep
coupling between morphology and motion. Subsequently, to
model the sparse and asymmetric interactions among multiple
eddies, MF-STGCN adopts a sparse graph learning strategy
that combines asymmetric convolutions with self-attention to
construct directed interaction graphs. Finally, zero-softmax
normalization filters redundant noise connections, enabling
more precise quantitative modeling of inter-eddy relationships.
The primary contributions of this work are summarized as
follows:

+ We develop a unified end-to-end MF-STGCN framework
that synergistically models trajectory sequences, physical
features, and environmental information, thereby over-
coming the limitations of traditional unimodal prediction
methods.

e« We design a physical encoder and an adaptive gated
network to resolve the challenges of fusing heterogeneous
multivariate temporal features and physical features, en-
hancing the model’s perception of complex temporal
dependencies within eddies.

o We propose a sparse graph learning strategy based on
asymmetric convolutions that eliminates redundant noise
connections, achieving the precise quantitative modeling
of sparse and asymmetric interactions among multiple
eddies.

o Extensive experiments on the SCS dataset demonstrate
that MF-STGCN outperforms state-of-the-art methods
across multiple evaluation metrics and exhibits superior
robustness in both long-term forecasting and abrupt-turn
scenarios.

II. DATASET AND PREPROCESSING

This section details the data sources and preprocessing
methodologies employed in this study. We integrate multi-
source datasets derived from the Archiving, Validation, and
Interpretation of Satellite Oceanographic (AVISO) database
and the Copernicus Marine Environment Monitoring Service
(CMEMS), with a specific focus on the SCS. As the largest
marginal sea in the Northwest Pacific [24], the SCS pro-
vides an ideal testbed for eddy dynamics due to its complex
bathymetry and intense eddy activity [25]. By incorporating
daily-resolution data from 1993 to 2022, the model captures
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Fig. 1: Spatiotemporal evolution and multivariate dynamics of a mesoscale eddy. Its trajectory is modulated by both intrinsic
physical properties (e.g., radius, amplitude, and velocity) and the surrounding environmental field (e.g., geostrophic flow). The
annotated variables highlight the dynamic interplay between the eddy’s morphology and motion throughout its lifecycle.

eddy behaviors across diverse timescales, including intra-
seasonal and inter-annual variations.

A. Data Sources and Research Area

To enhance the representativeness of mesoscale eddy fea-
tures, this study integrates multiple datasets from AVISO and
CMEMS (1993-2022). Additionally, the geographic scope of
the SCS was expanded to cover 0°-25°N and 100°-125°E
to mitigate overfitting in trajectory prediction. The SCS is
characterized by complex bathymetry and high spatiotemporal
variability [26] in eddy generation and dissipation.

o Mesoscale Eddy Trajectory Atlas (MET): Eight core
features (e.g., longitude, latitude, amplitude, radius, and
velocity) are extracted from the AVISO database, which
is identified based on the closed contours of sea-surface
height (SSH) fields. [27].

« Environmental Fields (SLA): The background oceanic
context is characterized by gridded sea level anomaly
(SLA) and absolute geostrophic velocities at 0.25° reso-
lution, with the latter decomposed into zonal (Uges) and
meridional (Vi) components.

B. Spatiotemporal Alignment and Preprocessing

To ensure data consistency, we implemented a systematic
pipeline, as shown in Fig. 2, to align discrete trajectories with
continuous gridded fields. For each eddy center (Avgr, dmET),
a nearest-neighbor search within a neighborhood radius of
0.25° was performed to extract the corresponding SLA and
geostrophic velocity (Ugos, V;,os) values. In cases where multi-
ple grid points matched an eddy center, the nearest grid point
was selected. To mitigate scale variance across heterogeneous
variables, Z-score normalization is applied to all features to
facilitate model convergence. Furthermore, trajectories with a
life cycle shorter than 30 days were excluded to filter transient
noise and ensure dynamical stability.

III. METHODOLOGY
A. Problem Definition

We formulate the mesoscale eddy trajectory prediction
as a multivariate spatio-temporal forecasting problem on a
dynamic graph. The objective of mesoscale eddy trajectory
prediction is to forecast future spatial positions. Given an
observation sequence X = {X;,Xs,...,Xr} of N eddies
within a historical time window 7', where X, € RN*P
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Fig. 2: Preprocessing pipeline for multi-source mesoscale eddy
trajectory data. The workflow illustrates the integration of
heterogeneous data from AVISO and CMEMS.

includes the longitude and latitude coordinates, physical fea-
tures, and environmental information for each eddy across
D feature dimensions. The prediction goal is a trajectory
coordinate sequence for the next L,,..q time steps, denoted
as Y = {Yry1,Y7rq0,..., Y7y, ..} where Y; € RNV x2
represents the longitudinal and latitudinal positions of all
eddies at time ¢. The interaction is modeled as a sparse graph
G =(V,&, A), where the adjacency matrix A is dynamically
learned to characterize the directed and sparse relationships
between eddies.

B. Overall Framework

The proposed MF-STGCN framework is shown in Fig. 3,
Initially, to address the alignment and fusion of multimodal
features, the model employs a physical encoder to map physi-
cal features and environmental information into a latent space,
subsequently utilizing an adaptive gated network to dynam-
ically regulate the contribution of these physical semantics
to the motion features; this process generates spatio-temporal
representations enriched with physical semantics, providing
a robust foundation for subsequent modeling. Building upon
these representations, a sparse graph learning mechanism
is introduced to quantify dynamic eddy interactions, where
sparse adjacency matrices in both spatial and temporal di-
mensions are learned via self-attention and asymmetric convo-
lutional networks to explicitly filter redundant noise connec-
tions. These learned structures enable a dual-stream spatio-
temporal graph convolutional network to aggregate features
in parallel, capturing spatial interaction patterns and temporal
evolution laws within complex oceanic flow fields. Finally,
the aggregated features are fed into a TCN, where dilated
convolutions are leveraged to expand the receptive field for
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Fig. 3: The comprehensive architecture of the proposed MF-STGCN.

the efficient extraction of long-range temporal dependencies,
thereby completing the trajectory prediction task.

C. Multimodal feature Fusion

To resolve complex multivariate dependencies, we design a
multimodal encoding and fusion mechanism. Input features are
categorized into motion modality and physical modality.First,
the motion modality comprises the spatio-temporal position of
an eddy. Each eddy is uniquely identified by an eddy ID, and
its position at time ¢ is defined by its longitude and latitude
coordinates: pt = [lon},lat;] € R2. The historical trajectory
for eddy ¢ over a time window 7T is then denoted as P; =
{p},...,pF'}. Second, the physical modality encompasses the
physical features and environmental information of the eddy.
The physical features and environmental data of the eddy i
at time t are denoted as z! € R®, which include features
such as amplitude, effective radius, velocity, etc. The historical
sequence is represented as X; = {z},... 2T }.

Due to the significant differences in scale and semantics
between the physical and motion modalities, direct concate-
nation would lead to an imbalanced feature distribution. Con-
sequently, the model first performs a non-linear mapping of
the physical features through a physical encoder:

H,

hys = Laye,rNorm(ReLU(prf,hyS +by)) (M

Where w), and b, are the learnable weight matrix and bias
vector of the physical encoder, responsible for projecting raw
features into a unified latent space.

In strong current regions, the environmental flow field plays
a dominant role, whereas in weak current regions, internal
inertia prevails. To dynamically adjust the contributions of
physical features and environmental information across dif-
ferent motion stages, this paper introduces an adaptive gated
network:

Gt = U(Wg [anotion || H;hys] + bg) (2)
F;used = anotion + (Hzt)hys © Gt) (3)

where o represents the sigmoid function, || denotes the con-
catenation operation, and © denotes element-wise multiplica-
tion. W, and b, denote the trainable parameters of the adaptive
gated network. The gating coefficient G* € (0, 1) adaptively

controls the injection of physical features and environmental
information. This ensures that key physical driving constraints
are embedded while simultaneously preserving the original
trajectory trends.

D. Sparse Graph Learning

Mesoscale eddies in the ocean exhibit significant spatial
locality and directionality, with substantive physical responses
occurring only between a limited number of eddies. Traditional
fully connected graph methods introduce substantial noise,
making it difficult to quantify these interaction relationships.
To address this, we propose a sparse graph learning module,
as illustrated in Fig. 4, which consists of two branches: sparse
spatial graph learning and sparse temporal graph learning.

a) Sparse Spatial Graph Construction : This branch
aims to quantify the asymmetric sparse relationships between
eddies, identifying those that exhibit significant interactions.
First, a multi-head self-attention mechanism is employed to
calculate the potential correlations between eddies within
a global scope. For notation simplicity, we denote Z =
Fiysea.- The query matrix ) and key matrix K are computed
as Q = ZWq and K = ZWk, respectively. The dense
interaction scores are then computed as follows:

(ZWo)(ZWk)"
Eaense = ——F——""— (4)
Vi
where dj, is the key dimension serving as the scaling factor.
This step captures the pairwise dependencies between all
eddies; however, it introduces significant noise, specifically
from eddy pairs that lack actual physical connections.

Next, to characterize the anisotropy of interactions between
eddies and filter out noise, the model introduces an asymmetric
convolutional network. As illustrated in Fig. 4, convolution
kernels of size 3 x 1 and 1 x 3 are employed to extract
directional features from the dense interaction map Fyense:

Mspa = U(COHV1><3(Edense) + COHVSXI(Edense)) (5)

where o is the sigmoid function. This asymmetric design cap-
tures the anisotropic interaction between eddies, reflecting the
fact that the mutual interaction forces are often inherently non-
symmetric. By extracting features along source and target node
dimensions that correspond to meridional and zonal directions,
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Fig. 4: Schematic of the proposed Sparse Graph Learning architecture.

the model yields a more consistent spatial interaction intensity
map Mp,.

To precisely characterize the asymmetric sparse relation-
ships between eddies and filter out those that genuinely inter-
act, the model adopts a threshold truncation strategy combined
with zero-softmax normalization:

Mmask = H(]\4spa > f) (6)

(e~ 17

S (e — 1P te

Specifically, where x and x; denote the elements of the
masked interaction matri,( Faense © Mmask), and € is a small
constant to ensure numerical stability. Mp,q is a binary
adjacency matrix obtained by thresholding M, at § (set to
0.5 in this study). Interaction weights below & are set to 0,
thereby quantifying sparse effective interactions while filtering
out redundant noise.

b) Sparse Temporal Graph Construction: This branch
aims to quantify the motion dependencies of a single eddy
across the temporal dimension, addressing the influence of
historical states on the current moment. A self-attention
mechanism is utilized to capture long-range dependencies,
while features are aggregated through spatio-temporal fusion.
Similarly, by leveraging asymmetric convolution and the zero-
softmax mechanism, a learnable sparse temporal graph is
generated. This graph structure explicitly filters out irrelevant
historical interference and precisely quantifies the effective
motion trends of the eddies.

A = ZeroSoftmax( Egense © Miask) = Q)

E. Spatio-Temporal Feature Aggregation

With the sparse graphs established, the model aggregates
spatio-temporal information via a dual-stream architecture.
Here, Fiyseq denotes the fused node features, while Aspa and
fltmp represent the sparse spatial and temporal adjacency ma-
trices, respectively. The framework first extracts neighborhood

features through the spatial graph, followed by historical
dependency aggregation via the temporal graph:

HST = GCNlmp(GCNspa(Ffuseda Aspa)7 Almp) (8)

In the opposite sequence, the model prioritizes capturing the
inertial evolution in the temporal dimension:

HTS = GCNspa (GCNtmp(Ffuseda Atmp)a Aspa) (9)

Finally, a 1 x 1 convolution is employed to fuse the outputs
from both streams. This process yields a high-level repre-
sentation that integrates rich physical semantics with spatio-
temporal topologies.

F. Temporal Convolutional Prediction and Loss Function

a) Temporal Convolutional Network: To capture long-
range temporal dependencies while avoiding gradient vanish-
ing, the model employs a TCN. By stacking dilated convo-
lutional layers, the TCN exponentially expands the receptive
field. The operation is defined as follows:

K—1
O'=> Wy -HFD 4 p (10)
k=0

Where O denotes the output feature at time ¢, H is the input
feature from the preceding layer, and W) and b represent
the learnable filter weights and bias, respectively. The hyper-
parameters d and K signify the dilation factor and kernel size.
This multi-scale structure enables the model to simultaneously
capture short-term fluctuations and long-term inertial trends in
eddy motion.

To account for the stochastic nature of eddy motion, MF-
STGCN performs joint regression on future longitudes and
latitudes. To stabilize training and capture two-dimensional
spatial correlations, the output layer employs a Gaussian
regression head that parameterizes a bivariate Gaussian dis-
tribution. The output at time ¢ is a five-dimensional vector:

Yi)tred = [:ufon’ :ufal? Ulton’ Ultata pt] (1 1)



where pt = (ul,,pb,) and ot = (o}, ol,) represent the
predicted mean positions and standard deviations, respectively,
and pt is the correlation coefficient. During the inference stage,
the mean p! is adopted as the final deterministic prediction
coordinate, representing the most probable location within the
learned distribution.

b) Loss Function: To achieve stable joint regression
of longitude and latitude and capture their spatial coupling,
MEF-STGCN adopts a Gaussian-form negative log-likelihood
(NLL) loss. Instead of relying on a single distance metric, the
formulation leverages second-order spatial statistics, providing
the model with the capacity to dynamically adjust to prediction
errors in complex environments.

N Lprea

LO)=) > —log Py | u, 2
i=1 At=1

(12)

where O represents the set of all learnable parameters in the
model, and the covariance matrix X is constructed from the
predicted oion, 014, and p to characterize the anisotropic spatial
uncertainty. During inference, only the predicted mean p is
utilized as the final deterministic prediction, enabling robust
structured training while preserving a direct trajectory output.

IV. EXPERIMENTS
A. Experimental Setup and Evaluation Metrics

We compare MF-STGCN to three types of cutting-edge
baselines: graph-based models ASTGNN [22] and SGCN [22];
eddy trajectory models ETPNet [12] and Eddy-SPIN [13]; and
classical temporal models Transformer [28], Crossformer [29],
DLinear [30], and TimeXer [31].

The experiments utilize a mesoscale eddy trajectory dataset
covering the SCS spanning from 1993 to 2022, comprising
12,847 sequences. The dataset is split into training, validation,
and test sets with a ratio of 70%, 15%, and 15%, respectively.
MF-STGCN uses an embedding size of 64, 7 asymmetric
convolution layers, and 5 TCN layers. All models are im-
plemented in PyTorch 2.0 and trained on an RTX 4090 GPU
with a learning rate of 0.001 and a batch size of 32. To ensure
fairness, all baselines are re-implemented and tuned under the
same settings.

We evaluate MF-STGCN using mean squared error (MSE)
and mean absolute error (MAE) for deterministic coordinate
deviations. Geospatial accuracy is quantified by the mean
geodesic distance (MGD) via the Haversine formula, and long-
term stability by the final geodesic distance (FGD) at the
terminal prediction step. Additionally, we define the prediction
success rate as the proportion of trajectories with an MGD
below thresholds of 10 km, 20 km, and 30 km to evaluate the
model’s practical utility across varying precision requirements.

B. Comparative Results and Analysis

To evaluate predictive performance, we compare MF-
STGCN against baselines using input horizons of 10, 15, and
20 days. These experiments assess how varying observation
windows impact 7-day eddy trajectory forecasting accuracy.

The results for these three scenarios are detailed in Table I,
Table II, and Table III, respectively. MF-STGCN consistently
outperforms all baselines. By integrating physical flow field
information, MF-STGCN effectively reduces positional bias
during non-linear drifts compared to models like Transformer
and TimeXer. Unlike Eddy-SPIN, which relies on a spatial
projection method, our model utilizes asymmetric convolution
and the zero-softmax mechanism to construct sparse graphs.
This approach filters redundant noise and captures genuine
interactions, maintaining superior accuracy even with longer
input sequences.

TABLE I: Performance Comparison (L = 10)

Model MAE MSE FGD MGD Success Rate (%)
(km) (km) 10km  20km  30km
Transformer (2017)  0.1888  0.0661  37.48  32.36 3.90 24.00  49.50
Crossformer (2023)  0.1425  0.0411 37.94  24.68 6.20 4550 7370
DLinear (2023) 0.1098  0.0299 3504 19.18 | 2470 63.80  83.40
TimeXer (2024) 0.0982  0.0251 3193 16.85 | 3350 68.10 83.20
ETPNet (2023) 0.1964  0.0733 48.69 34.04 3.83 14.09  31.05
Eddy-SPIN (2025) 0.1239  0.0740  30.16  29.88 1144 3833 57.04
ASTGNN (2021) 0.1488  0.0489 4327 2558 3.56 17.40  36.01
SGCN (2021) 0.1313  0.0725 27.44 17.23 | 38.69 68.82  84.61
MF-STGCN (Ours) 0.0784 0.0144 15.89 13.57 | 40.54 70.21 84.65

TABLE II: Performance Comparison (L = 15)

Model MAE MSE FGD MGD Success Rate (%)
(km) (km) | 10km 20km 30km
Transformer (2017) 0.1750  0.0662  33.18  30.06 4.80 2720  51.90
Crossformer (2023)  0.1608  0.0491  37.97  27.55 0.90 35.10  67.30
DLinear (2023) 0.1293  0.0378 3834 2245 | 1730 5400 76.60
TimeXer (2024) 0.1435 0.0441 3876 24.68 | 15.60 4830 7140
ETPNet (2023) 0.2040  0.0796  46.63  35.26 4.76 2578  48.11
Eddy-SPIN (2025) 0.1546  0.1056 3436  30.62 7.04 29.56 5191
ASTGNN (2021) 0.1401  0.0441 4260 24.02 2.92 1693 3598
SGCN (2021) 0.1288  0.0698  27.01  16.87 | 41.13  70.53  85.16
MF-STGCN (Ours) 0.0797 0.0159 1729 13.81 | 41.36 71.05 85.19

TABLE III: Performance Comparison (L = 20)

Model MAE MSE FGD MGD Success Rate (%)
(km) (km) | 10km 20km  30km
Transformer (2017)  0.1418  0.0532 27.68  24.35 5.10 27.80  57.60
Crossformer (2023)  0.1237  0.0353 3559  21.53 | 19.60 5850  79.10
DLinear (2023) 0.1212  0.0341 36.52 21.08 | 19.50 58.00 80.00
TimeXer (2024) 0.1017  0.0264 3245 1748 | 31.10 68.90  79.40
ETPNet (2023) 0.1904 0.0680 43.34  33.26 6.67 27.85 5091
Eddy-SPIN (2025) 0.1409 0.0713 3197 2822 | 10.64 31.56 5285
ASTGNN (2021) 0.1421  0.0443  40.66 24.44 3.15 1851  38.89
SGCN (2021) 0.1234  0.0651 2592 16.14 | 41.75 70.64 84.61
MF-STGCN (Ours)  0.0869 0.0195 1986 15.08 | 43.62 7296 86.48

The 7-day forecast performance of MF-STGCN is evaluated
in Fig. 5. While errors naturally accumulate over time, MF-
STGCN exhibits superior robustness, with MGD increasing
only from 5.07 km to 13.57 km. Notably, it reduces the Day
7 error by approximately 58% compared to the divergent
Transformer model. This stability confirms that the sparse
graph effectively suppresses error accumulation by filtering
spatial noise.
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Fig. 5: Comparison of predictive performance across different
forecast horizons (1-7 days) with a fixed input length of 10
days.

C. Ablation Study

To verify the contribution of each core component, we
design four distinct variants of MF-STGCN in Table IV.
Specifically, w/o Gate denotes the removal of the gated
network, while w/o Sparse utilizes a dense adjacency matrix
instead of the sparse directed interaction modeling. Further-
more, w/o Bidirectional implements only unidirectional graph
convolutions, and w/o PhysEnc signifies the exclusion of the
physical encoder, relying solely on single-modal movement
data.

TABLE IV: Ablation of MF-STGCN Components

Variants MAE MSE FGD MGD Success Rate (%)
(km) (km) 10km 20km  30km
w/o Gate 0.0832 0.0166 1632 1442 | 38.16 6834 8349
w/o Sparse 0.0870  0.0167 17.26  15.08 | 30.59 62.11  79.46
w/o Bidirectional 0.0794 0.0149 1620 13.77 | 3831 68.60 83.68
w/o PhysEnc 0.0842 0.0159 1685 1458 | 33.13 6394 80.73
MF-STGCN (Ours) 0.0784 0.0144 15.89 13.57 | 38.69 68.82 84.65

The resulting performance metrics quantify these contri-
butions. Notably, the removal of the sparse graph learning
mechanism causes the most significant degradation, with the
MGD increasing to 15.08 km. This confirms that dense con-
nectivity introduces redundant noise, whereas sparse graphs
ensure focus on genuine eddy interactions. Removing the
physical encoder leads to a 6.0% increase in FGD error,
validating that intrinsic features provide critical dynamical
priors for trajectory accuracy. Furthermore, the exclusion of
the gated network results in higher errors than simple concate-
nation. This indicates that the relative importance of motion
and physical modalities evolves over time. By dynamically
modulating relevant information, the adaptive gating network
achieves seamless integration of multimodal data across dif-
ferent evolutionary stages.

D. Case Study and Trajectory Visualization

To evaluate the predictive performance of MF-STGCN in
complex marine environments, we selected two representative
scenarios for visualization: steady propagation and abrupt
trajectory deflection.

1) Steady Propagation: As shown in Fig. 6(a), while
most baseline models suffer from trajectory divergence during
steady propagation, MF-STGCN maintains close proximity to
the ground truth due to its sparse graph learning mechanism
that filters background noise.
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2) Abrupt Trajectory Deflection: Fig. 6(b) illustrates a
scenario with a sharp trajectory shift. While DLinear tends
to project the trajectory linearly based on historical momen-
tum, MF-STGCN accurately captures this sudden shift. When
positional data alone is insufficient to determine the future
path, the model dynamically incorporates physical features
and environmental information such as geostrophic velocity
and amplitude to perceive changes in environmental driving
forces.

E. Parameter Sensitivity Analysis

We conduct a sensitivity analysis over six key hyperparam-
eters to assess the robustness of MF-STGCN, as shown in
Fig. 7. The embedding dimension determines feature capacity;
MGD error reaches its minimum at 64, while larger dimen-
sions trigger overfitting. For sparsity threshold &, peak perfor-
mance occurs at 0.5; lower values introduce background noise,
while higher ones eliminate essential interactions. Regarding



multimodal fusion, 16-dimensional encoding avoids both the
information bottleneck of 4D and the redundancy of 32D
features. For temporal modeling, five TCN layers best capture
eddy evolution cycles, as fewer layers restrict the receptive
field. Asymmetric convolutions reach optimal performance at
seven layers, beyond which over-smoothing homogenizes node
features. Finally, the MGD reaches its minimum at a dropout
rate of 0.3, as this optimal value balances noise reduction
with the preservation of essential spatiotemporal features.
MF-STGCN achieves the best balance between accuracy and
efficiency under the configurations highlighted in orange.

V. CONCLUSION

This study addresses the challenges of complex multivariate
temporal dependencies and sparse interactions in mesoscale
eddy trajectory prediction by proposing the MF-STGCN. The
model integrates a gated multimodal fusion mechanism with
an asymmetric sparse graph structure, effectively quantifying
the sparse interactions among multiple eddies. Experiments
based on publicly available ocean datasets demonstrate that
MF-STGCN significantly outperforms mainstream methods in
terms of long-term prediction accuracy and robustness. Future
research will integrate additional environmental variables to
construct a more comprehensive multi-physics coupled model
to further enhance forecasting precision.
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