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Abstract

Given the central importance of maritime logistics to global trade, accurate and efficient
vessel motion forecasting is essential for strengthening supply chain resilience and im-
proving operational efficiency. However, traditional physical and statistical models often
fail to effectively capture the multivariate, noisy, and strongly coupled nature of maritime
dynamics. In this manuscript, we adapt the DSformer architecture for ship motion forecast-
ing, leveraging its dual sampling and dual-attention design to address the multi-scale and
cross-variable dependencies inherent in maritime data. Across three real-world datasets,
the adapted DSformer reduces prediction error by 23% and training time by 70% compared
with 13 state-of-the-art (SOTA) baselines. Moreover, we identify a consistent relationship
between sampling strategies and sea states, where dense sampling performs best under
stable conditions, whereas moderately sparse sampling with multi-head attention improves
robustness under turbulent environments. These results apply the algorithm’s new ca-
pabilities to the daily management of maritime logistics. By adapting the architecture to
real-world operational settings and optimizing its key parameters, the approach enables
efficient, real-time vessel forecasting and decision support across global supply chains.

Keywords: ship motion prediction; DSformer; multi-scale temporal analysis; deep learning;
maritime safety

1. Introduction
With the continued acceleration of economic globalization, cross-border trade has

become increasingly interconnected, time-sensitive, and complex. Modern supply chains
span continents, linking production facilities, distribution hubs, and consumer markets
into vast networks whose stability depends on the seamless flow of logistics. Maritime
transport underpins the global trading system, with international shipping accounting
for more than 80% of world trade by volume [1], making the stability of international
commerce and the broader global economy critically dependent on maritime logistics. From
containerized consumer goods to essential bulk commodities such as energy resources and
agricultural products, maritime operations play a decisive role in shaping the resilience
and competitiveness of global supply chains.

At the same time, this central role exposes maritime transport to increased vulnerability
under dynamic ocean conditions. Excessive rolling or pitching can destabilize cargo, forcing
vessels to reduce speed or alter routes, thereby disrupting shipping schedules [2]. Severe
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vessel motions, such as excessive roll, pitch, and heave induced by waves and wind,
may lead to container displacement, higher insurance claims, and increased operating
costs. Here, roll refers to the rotational motion about the longitudinal axis that can cause
lateral cargo instability, pitch denotes the rotational motion about the transverse axis
affecting longitudinal load balance, and heave represents the vertical oscillatory motion
that increases dynamic loading on cargo securing systems. Persistent oscillations further
elevate fuel consumption and complicate berthing operations, triggering port congestion
and demurrage. For perishable or high-value cargoes, including food, pharmaceuticals,
and energy products, such uncertainties result in significant financial losses and may even
pose humanitarian risks. Consequently, effective global logistics management requires not
only addressing the technical challenges of vessel motion prediction but also recognizing
its strategic importance in ensuring resilient, efficient, and reliable supply chains.

Despite its importance, ship motion forecasting remains a formidable challenge. Ac-
curately modeling complex maritime environments while satisfying the high precision
requirements of modern logistics continues to be difficult for existing approaches.

Existing studies on ship motion forecasting can be broadly categorized into physics-
based, statistical, and data-driven methods. Physics-based models provide physically
interpretable insights into vessel motion and maneuvering behaviors. For instance, Perera
and Soares integrated an extended Kalman filter with a physics-based ship maneuvering
model to estimate and predict vessel motion states, demonstrating the effectiveness of com-
bining physical dynamics with statistical filtering for capturing nonlinear ship behavior [3].
However, such physics-based or physics-informed approaches often rely on computation-
ally intensive simulations and detailed environmental inputs, which limits their scalability
and practicality for real-time deployment in complex maritime environments. Statistical
and traditional machine learning methods offer computational efficiency and interpretabil-
ity. For example, Ma et al. investigated the application of ARIMA models for ship trajectory
prediction, demonstrating the effectiveness of classical statistical approaches in capturing
short-term trends and local dynamic patterns in vessel motion [4]. In addition, Zheng
et al. proposed a support vector machine (SVM)-based collision risk assessment method for
maritime traffic, illustrating the practicality of conventional machine learning techniques
in safety-related decision-making tasks [5]. However, these methods typically rely on
linear assumptions or shallow model structures, which restricts their ability to capture
complex nonlinear dynamics and cross-variable interactions in highly coupled maritime
environments. More recently, deep learning approaches, particularly recurrent architectures
such as RNNs, LSTMs, and GRUs, have improved temporal modeling performance and
become common baselines for ship motion prediction. For example, Murray and Perera
proposed a data-driven framework that leverages historical AIS data to predict future vessel
behavior, demonstrating the capability of recurrent neural networks to model sequential
dependencies in maritime traffic patterns [6]. Similarly, Wang et al. developed single-input
single-output (SISO) and multi-input single-output (MISO) deep learning models for ship
roll motion prediction, highlighting the effectiveness of recurrent architectures in learn-
ing temporal dynamics from multivariate ship motion signals [7]. Nevertheless, these
recurrent models are prone to error accumulation and gradient vanishing when applied
to long prediction horizons, which undermines their effectiveness in capturing long-term
temporal dependencies.

To address these limitations, we propose DSformer [8], a non-recurrent, data-driven
framework for ship motion prediction. By integrating a dual-sampling mechanism that
captures both global trends and local fluctuations with a time-varying variable attention
module, DSformer explicitly models long-range temporal dependencies and cross-variable
interactions in multivariate ship motion time series.
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Specifically, DSformer represents the first ship motion prediction framework that
completely abandons recurrent architectures, thereby avoiding error accumulation and
vanishing gradient issues commonly observed in existing deep learning models. In ad-
dition, its data-driven dual-attention mechanism is designed to jointly capture temporal
autocorrelation and cross-variable dependencies. Furthermore, the proposed framework is
validated using real-world datasets encompassing real sea states rather than relying solely
on simulated environments, demonstrating robust predictive performance under realistic
operating conditions.

The proposed framework is designed to support ship motion forecasting across differ-
ent temporal horizons, thereby enabling a wide range of practical maritime applications.

For short-term forecasting tasks that demand high precision, such as those observed
in electricity load balancing, traffic flow monitoring, and short-horizon weather prediction,
accurate modeling requires sensitivity to rapid temporal fluctuations and abrupt dynamic
changes. This requirement is addressed through its local sampling mechanism and time-
focused attention, which emphasize short-term temporal dependencies and capture high-
frequency variations present in these benchmark datasets [8].

For long-term forecasting tasks in domains such as taxation analysis, energy demand
forecasting, and disease monitoring, reliable prediction depends on capturing global trends,
periodic patterns, and accumulated temporal effects over extended horizons. The global
sampling strategy and channel-focused attention of the proposed model enable the model
to learn long-range temporal dependencies and cross-variable interactions, providing
stable and consistent forecasts that are essential for long-term planning and policy-oriented
decision making [8].

By jointly modeling short-term dynamics and long-term temporal structures within
a unified non-recurrent framework, the proposed approach offers a flexible and scalable
solution that bridges operational safety requirements and strategic logistics optimization in
maritime transportation.

Compared with existing machine learning models, the proposed model offers a more
reliable and scalable solution for maritime applications by enabling stable long-horizon
prediction under real sea conditions, which is critical for operational decision-making in
shipping and logistics.

In summary, while this study primarily addresses the technical challenges of ship
motion forecasting through advanced machine intelligence, it offers a vital perspective
on operational efficiency and safety. By providing high-precision predictions, our model
establishes a technical foundation for critical maritime scenarios. Specifically, it has the
potential to identify safe operational windows for helicopter landings and offshore wind
farm maintenance, assist harbor pilots during complex berthing maneuvers, and mitigate
risks of cargo damage due to parametric rolling. This work illustrates that accurate vessel
motion prediction is not merely a theoretical pursuit but a key enabler for smarter, safer,
and more efficient maritime logistics.

2. Materials and Methods
2.1. DSformer

Accurate ship motion prediction demands models that can simultaneously capture
both long-term trajectory trends and fine-scale short-term dynamics, while leveraging
correlations across multi-sensor streams under uncertain marine environments. To address
this challenge, we propose DSformer, a dual-structured architecture that integrates a Dual
Sampling Module and a Dual-Focus Module for hierarchical feature extraction and fusion.

As shown in Figure 1, the Dual Sampling Module simultaneously encodes global
and local motion patterns through down-sampling and segment sampling. The former
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emphasizes low-frequency signals to capture global voyage trends, while the latter pre-
serves high-frequency signatures linked to short-term maneuvers. Within the Dual-Focus
Module, temporal attention integrates these complementary representations to uncover
latent temporal dependencies, while variable attention captures cross-sensor correlations
(e.g., between speed, heading, and wind). This dual-attention mechanism enables robust
state representation across varying sea conditions.
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Figure 1. DSformer Framework.

The fused features are first aggregated through normalization and residual operations,
and subsequently decoded by a multilayer perceptron (MLP) to produce final predictions.
The hierarchical and parallel architecture not only enhances predictive accuracy and stabil-
ity but also improves scalability and facilitates optimization on real-world ship datasets.

2.2. Dual Sampling Module

The primary function of this module is to transform the original multivariate time-

series data X =


x11 x12 · · · x1D

x21 x22 · · · x2D
...

...
. . .

...
xV1 xV2 · · · xVD

 ∈ RV×D, where V represents the number of

variables and D denotes the number of time steps, into two three-dimensional feature
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tensors Xrs ∈ RV×N× D
N and Xps ∈ RV×N× D

N (Here, the subscripts “rs” and “ps” denote
Reduction Sampling and Partitioned Sampling, respectively.), each with a distinct emphases,
where N is the number of transformed subsequences. In ship motion prediction, Xrs is more
suitable for capturing the macro trends of overall ship movement, while Xps highlights
local maneuver details. Figure 2 illustrates the two sampling methods.

 

（a）Reduction Sampling （b）Partitioned Sampling

Figure 2. Dual Sampling Module: (a) Reduction Sampling aggregates information across the temporal
dimension, resulting in a smoother representation of the input sequence. (b) Partitioned Sampling
processes segmented subsequences independently, preserving local temporal variations. The bottom
panels show example time-series snippets obtained from the same original signal after applying
Reduction Sampling and Partitioned Sampling, respectively, illustrating their different effects on
trend preservation and high-frequency variation retention.

Reduction Sampling: As shown in Figure 2a, for the i-th variable, i ∈ {1, 2, 3, · · · , V},
the raw sequence with an initial length of D is processed using Reduction Sampling to
obtain N one-dimensional subsequences, each of length D

N . This operation yields a set
of subsequences that span extended temporal intervals. To mitigate the information loss
introduced by Reduction Sampling, these N subsequences are concatenated to form a
feature matrix Xrs

i ∈ RN× D
N . Finally, stacking the feature matrices from V variables yield

the three-dimensional feature tensor Xrs ∈ RV×N× D
N . These subsequences are evenly

distributed over time, emphasizing long-term trends and mitigating the interference of
local noise. Each subsequence characterizes the ship’s motion pattern over an extended
temporal scale. For the j-th subsequence, its main composition is defined as follows:

Xrs
ij =

[
xij, xi(j+C), xi(j+2C), · · · , xi(j+(D/N−1)C)

]
(1)

Partitioned Sampling: As shown in Figure 2b, Partitioned Sampling divides the origi-
nal sequence into N segments based on temporal continuity, with each segment containing
a consecutive data length of D

N . For the i-th variable, i ∈ {1, 2, 3, · · · , V}, these N segments

are concatenated to form a feature matrix Xps
i ∈ RN× D

N , to avoid potential information
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loss. This process is critical for capturing the fine-grained maneuvers and short-term
environmental disturbances of the ship. By combining the feature matrices Xps

i ∈ RN× D
N

from V variables, the final tensor is denoted as Xps ∈ RV×N× D
N . During this process, each

segment preserves its local continuity, enabling a comprehensive representation of local
features. For the j-th subsequence, its main composition is summarized as follows:

Xps
ij =

[
xi(1+(j−1)×D/N), xi(2+(j−1)×D/N), xi(3+(j−1)×D/N), · · · , xi(j×D/N)

]
(2)

In summary, the Dual Sampling Module effectively extracts global trend information
while preserving local detailed features, thereby providing rich and complementary input
for the subsequent exploration by the Dual-Focus Module.

2.3. Dual-Focus Module

Ship motion data exhibit pronounced temporal autocorrelation and cross-variable
dependencies, offering inherent structural priors that can be used in model design. For
example, the sustained positive autocorrelation over hundreds of time steps in Figure 3
motivates modeling long-range temporal dependencies, while the strong positive and
negative correlations among motion and velocity variables in Figure 4 motivate explicit
cross-variable interaction modeling.

Figure 3 illustrates the autocorrelation structure across key ship motion variables,
revealing clear periodicity and long-range dependencies over time. This indicates that
temporal dynamics are not random fluctuations but rather coherent patterns driven by
vessel motion and environmental forces.

Figure 4 further shows the cross-variable correlation matrix highlights strong couplings
among different physical quantities (e.g., yaw, pitch, roll angles and velocities). Such
correlations reflect the intrinsic coupling among different degrees of freedom in ship
dynamics and the environmental conditions that govern them. Since the dataset contains
long continuous time series, even weak correlations tend to be statistically significant.
Therefore, we focus on the magnitude and sign of the correlation coefficients to highlight
practically meaningful inter-variable dependencies rather than reporting p-values.

Building on these data-driven observations, the Dual-Focus Module incorporates
two complementary attention mechanisms: the Time-Focused Path, which learns long-
range dependencies along the time axis, and the Channel-Focused Path, which captures
cross-variable interactions.

This dual-attention design enables the model to effectively leverage the intrinsic
structure of maritime time-series data, capturing both the dynamic evolution of vessel
motion over time and the inter-variable coupling that arises under complex sea conditions.

The Dual-Focus Module comprises two parallel components, the Time-Focused Path
and the Channel-Focused Path, which work together to model temporal dynamics and inter-
variable interactions. The Time-Focused Path captures contextual dependencies along the
temporal axis, revealing periodic patterns and long-term trends in navigation trajectories.
In parallel, the Channel-Focused Path models intrinsic relationships among variables and
extracts key interaction signals that are essential for accurate ship state estimation from
heterogeneous sensor streams. The outputs of both paths are subsequently fused and
normalized before being projected into a two-dimensional tensor for MLP-based decoding.

Time-Focused Path: The tensors Xrs ∈ RV×N× D
N and Xps ∈ RV×N× D

N generated by the
Dual Sampling Module are used as inputs. For clarity, the computation is illustrated using
Xrs; the same procedure is applied to Xps, to obtain Xrs

TA and Xps
TA. In the Time-Focused

Path, the three-dimensional input is linearly transformed to generate the query, key, and
value matrices. A multi-head temporal attention mechanism then computes the similarity
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between the query and key matrices and applies weighted aggregation over the value to
produce an initial temporal representation:

Q = FC(Xrs) (3)

K = FC(Xrs) (4)

V = FC(Xrs) (5)

AttentionTime = softmax
(

QKT/
√

dk

)
V (6)

Here, FC(.) represents a fully connected layer, and softmax(.) denotes the normalized
exponential function.

Figure 3. Autocorrelation Coefficient for Variables: All variables exhibit strong positive autocorrela-
tion at small lags, indicating pronounced temporal dependence. Significant correlations persist up to
several hundred-time steps, followed by negative correlations at intermediate lags (approximately
200–300), which reflects oscillatory motion patterns. The re-emergence of positive correlation at larger
lags suggests quasi-periodic dynamics commonly observed in ship motion responses.

Residual connections and layer normalization are applied to further refine this repre-
sentation:

Xrs
TA = LayerNorm(Xrs+AttentionTime(Q, K, V)) ∈ RV×N× D

N (7)

https://doi.org/10.3390/jmse14030244
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This helps maintain stable gradients and consistent feature distributions across sam-
ples. By capturing long-range temporal dependencies, the Time-Focused Path encodes
navigation periodicity, environmental fluctuations, and dynamic ship responses.

Figure 4. Cross-Variable Dependencies: The color scale represents the Pearson correlation coefficient,
ranging from −1 (strong negative correlation) to +1 (strong positive correlation). The numerical
values in each cell indicate the corresponding correlation coefficients. The correlations are computed
over the entire dataset to illustrate global inter-variable relationships.

Channel-Focused Path: The tensors Xrs ∈ RV×N× D
N and Xps ∈ RV×N× D

N from the
Dual Sampling Module serve as inputs. For clarity, the computation is illustrated using
Xrs; the same procedure is applied to Xps, yielding Xrs

VA and Xps
VA. The Channel-Focused

Path extracts inter-variable dependencies across sensor streams by treating the variable
dimension as a sequence for attention computation. Since raw sensor data are stored in
a fixed order that is unsuitable for attention operations, we first reorder the variable di-
mension, enabling each sensor representation to participate independently in the attention
process. This transformation ensures accurate similarity estimation among variables and
prevents information entanglement due to improper data arrangement.

To make the reordering operation mathematically explicit, the reduction-sampled
tensor Xrs ∈ RV×N× D

N is permuted by moving the variable dimension to the last axis. After
this permutation, X̃rs is represented as a tensor of shape D

N × N × V. In this representation,
each variable corresponds to one attention token, while the subsequence and temporal
dimensions jointly form the feature embedding associated with each token.

Given the reordered input X̃rs ∈ R
D
N ×N×V , we apply a linear projection to produce.

Q = FC
(

X̃rs

)
(8)

K = FC
(

X̃rs

)
(9)
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V = FC
(

X̃rs

)
(10)

and compute multi-head attention along the variable dimension:

AttentionVariable = softmax
(

QKT/
√

dk

)
V (11)

Unlike the Time-Focused Path, this component employs only the attention layer
to reduce computational complexity while capturing latent correlations among sensor
channels. The resulting representation emphasizes inter-variable interactions, such as those
between roll and pitch, that are crucial for accurate ship state estimation.

Based on Xrs
TA ∈ RV×N× D

N , Xrs
VA ∈ RV×N× D

N , Xps
TA ∈ RV×N× D

N , and Xps
VA ∈

RV×N× D
N , the fused features are then obtained using the following formulas, respectively:

XF
rs = FC

(
LayerNorm

(
XTA

rs+XVA
rs

))
(12)

XF
ps = FC

(
LayerNorm

(
XVA

ps+XTA
ps

))
(13)

Information Flow: The outputs XF
rs ∈ RV× D

N and XF
ps ∈ RV× D

N from the Dual-Focus
Module are first fused through layer normalization, producing a two-dimensional tensor XF

that encodes both global and local temporal structures, as well as cross-variable relationships:

XF = LayerNorm
(

XF
rs + XF

ps

)
(14)

This integration allows the subsequent prediction to directly utilize the refined high-
level representations for accurate forecasting. Specifically, an MLP decoder maps the
refined high-level features to the future ship state:

Ŷ = MLP(XF
)

(15)

2.4. Loss Function

To improve convergence and robustness, a hybrid loss combining L1 and L2 objectives
is used during training. The L1 term emphasizes absolute deviations, which increases
resistance to outliers and allows the model to capture abrupt state transitions in ship
dynamics [9]. In contrast, the L2 term minimizes the mean squared error, encouraging
smooth and stable long-horizon forecasts [10]. The joint loss function is defined as:

L = λL1 + (1 − λ)L2 (16)

where λ controls the trade-off between local robustness and global stability.
In this study, the weighting factor λ is treated as a fixed hyperparameter that balances

robustness and smoothness. Unless otherwise specified, λ is set to 0.5 for all experiments,
assigning equal importance to the L1 and L2 components. This choice follows common
practice in hybrid loss design for time-series forecasting and robust regression, where
equal weighting provides a stable and reliable trade-off between sensitivity to transient
disturbances and overall prediction smoothness.

We further verified that the proposed model is not highly sensitive to moderate
variations of λ. Preliminary experiments with λ values ranging from 0.3 to 0.7 exhibited
similar convergence behavior and prediction accuracy across all three datasets. As a result,
a fixed λ is adopted for all datasets to ensure experimental consistency and to avoid dataset-
specific tuning, which could otherwise obscure the evaluation of the proposed model.
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3. Results
All experiments were implemented using the open-source time-series forecasting

framework BasicTS (https://github.com/GestaltCogTeam/BasicTS (accessed on 15 Novem-
ber 2025)), with customized model configurations and extensions to support multivariate
ship motion data. The efficacy of the proposed method has been verified under testing
conditions distributionally similar to the training phase, ensuring reliable performance
within the intended operational domain.

3.1. Experimental Setup

Dataset. To rigorously evaluate the performance of DSformer, we conducted com-
parative experiments on three real-world ship motion datasets, denoted as Env01, Env02,
and Env03 (see Table 1). All datasets were collected from the same vessel to ensure con-
sistent platform characteristics while exposing the model to diverse environmental and
operational conditions.

Table 1. Statistics of the three datasets.

Datasets Variates Length Granularity

Env01 9 394,933 0.01 s
Env02 9 632,765 0.01 s
Env03 9 609,805 0.01 s

The data were acquired from a 20-ton class vessel with a length of 17 m and a beam of
3 m. A medium-precision fiber-optic inertial navigation system (INS) was installed near the
vessel’s center of mass to measure six-degree-of-freedom (6-DOF) motion responses. The
INS was a commercially available, factory-calibrated system, and all sensor outputs were
recorded using a dedicated onboard data acquisition computer at a sampling frequency of
100 Hz.

All motion quantities were expressed in a body-fixed coordinate frame, where the
origin is located at the vessel’s center of mass. The X-axis points forward along the vessel’s
longitudinal direction, the Y-axis points to starboard along the transverse direction, and the
Z-axis points upward along the vertical direction. The measured motion variables include:
(1) roll, pitch, and yaw angles; (2) roll, pitch, and yaw angular rates; (3) surge, sway, and
heave velocities. These nine variables jointly characterize the vessel’s translational and
rotational motion dynamics.

The three datasets correspond to different environmental conditions and sea states. A
summary of the environmental parameters, including wind speed, wind direction, water
speed, temperature, humidity and sea conditions, is provided in Table 2. Each dataset was
segmented into training, validation, and test subsets using an 8:1:1 ratio.

Table 2. Environmental parameters of datasets.

Datasets Wind Speed Wind
Direction Water Speed Temperature Humidity Sea

Conditions

Env01 2.9 m/s 190◦ 0.56 m/s 18 ◦C 55% 3
Env02 3.0 m/s 59◦ 0.16 m/s 17.2 ◦C 51% 1
Env03 8.2 m/s 20◦ 0.015 m/s 15.8 ◦C 91.7% 3

Table 2 summarizes the average environmental conditions of the three datasets. Com-
pared to Env01 and Env02, Env03 experiences substantially higher wind speeds, elevated
humidity levels, and minimal current velocities. Such conditions amplify nonlinearly

https://doi.org/10.3390/jmse14030244
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coupled and high-intensity vessel responses [11], increasing the complexity of modeling
and prediction. In contrast, Env01 and Env02 were collected under more moderate and
balanced conditions, resulting in smoother temporal dynamics [12].

Beyond average environmental levels, dataset complexity in this study is primarily
defined in terms of the dynamic variability and non-stationarity of ship motion responses,
which directly determine the difficulty of motion forecasting. To quantitatively assess this
aspect, we analyze the short-term variation intensity of key motion variables by examining
the distributions of the absolute first-order differences in pitch rate and roll rate.

As illustrated in Figure 5, Env03 exhibits significantly broader distributions and
heavier tails in both |∆Pitch Rate| and |∆Roll Rate| compared with Env01 and Env02, in-
dicating more abrupt temporal changes and stronger non-stationary dynamics. Such
behavior reflects more irregular and volatile motion responses induced by complex
environmental forcing.

Figure 5. Dynamic complexity comparison across datasets: Distributions of the absolute first-order
differences in pitch rate (left) and roll rate (right) for Env01, Env02, and Env03. The magnitude of
|∆x| reflects short-term variation intensity and non-stationarity in motion responses. Env03 exhibits
noticeably broader distributions and heavier tails, indicating stronger temporal variability and more
abrupt motion changes. These characteristics suggest higher dynamic complexity and increased
forecasting difficulty compared with Env01 and Env02.

Taken together, the harsher environmental conditions summarized in Table 2 and the
elevated dynamic variability observed in Figure 5 jointly demonstrate that Env03 represents
the most dynamically complex dataset in this study. Consequently, Env03 is treated as a
more challenging benchmark for evaluating the robustness and effectiveness of ship motion
forecasting models.

Summary statistics, including the mean and standard deviation (Table 3), further
highlight these contrasts. The pronounced variability in both environmental and motion
characteristics makes this dataset suite particular suitable for evaluating the robustness
and generalization of ship motion forecasting models.

Baselines. To demonstrate the efficiency of DSformer, we selected 13 SOTA mod-
els, recognized for their strong performance in time series forecasting, as benchmarks.
These include PatchTST [13], LightTS [14], Nlinear [15], Dlinear [15], CycleNet [16], Cross-
former [17], iTransformer [18], SOFTS [19], Autoformer [20], Informer [21], Fredformer [22],
ETSformer [23], and Pyraformer [24].

Hyperparameters. The primary hyperparameter values for DSformer are shown in
Table 4. All models were implemented in PyTorch 2.0.1 and trained for a fixed number
of epochs (e.g., 100), with the best-performing checkpoint selected based on validation
loss. The optimizer and remaining model hyperparameters retained their default values as
defined in the PyTorch and BasicTS frameworks.
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Table 3. The statistical characteristics of the three datasets.

Variates
Mean Std. Deviation

Env01 Env02 Env03 Env01 Env02 Env03

Yaw Angle 165.223 184.683 160.783 95.843 90.148 90.311
Pitch Angle 1.240 2.301 0.997 2.102 2.297 2.106
Roll Angle 0.41 0.498 0.968 2.359 1.014 2.355
Yaw Rate −0.051 0.058 0.001 2.379 1.075 2.293
Pitch Rate 0.004 0.001 0.004 3.477 0.953 3.464
Roll Rate −0.006 −0.001 −0.009 4.402 1.960 4.087

Heave Velocity −0.111 −0.287 −0.056 0.444 0.411 0.347
Sway Velocity 0.13 0.082 0.117 0.828 0.214 0.412
Surge Velocity 3.445 4.196 2.423 2.545 3.243 1.953

Table 4. Hyperparameters.

Configuration Values

Optimizer Adam
Learning rate 0.001, 0.002, 0.003
Weight decay 0.0001

Batch size 64
Learning rate schedule MultiStepLR

Sampling interval 3, 5, 6
Prediction length 1000
Historical length 3000

Evaluation. Evaluation metrics are vital for assessing model performance. To provide
a more comprehensive validation of DSformer, we adopted five metrics in our experiments:
MAE, MSE, MAPE, RMSE, and WAPE.

MAE = (1/n)
n

∑
i=1

|yi − ŷi| (17)

MSE = (1/n)
n

∑
i=1

(yi − ŷi)
2 (18)

MAPE = (100%/n)
n

∑
i=1

|(yi − ŷi)/yi| (19)

RMSE =

√
(1/n)

n

∑
i=1

(yi − ŷi)
2 (20)

WAPE =
n

∑
i=1

|yi − ŷi|/
n

∑
i=1

|yi| (21)

3.2. Prediction Performance

Tables 5–7 summarize the predictive performance of DSformer and 13 baselines models
on the Env01, Env02, and Env03 datasets, with the best scores highlighted in red. Figure 6
visualizes the results via a logarithmic radar chart. Several key observations can be made:

Consistent superiority: DSformer achieves the lowest error across all metrics on both
Env01 and Env03, demonstrating its superior accuracy advantage.

Global–local balance: Models such as PatchTST and LightTS perform competitively
in capturing global trends but still fall short of DSformer in overall predictive accurancy.
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Architectural limitations: CycleNet, Crossformer, and iTransformer show higher
errors, likely resulting from insufficient integration of local and global information.

Dual-path strength: DSformer’s dual sampling and dual-focus design enables effec-
tive extraction of multi-scale temporal and cross-variable dependencies, highlighting its
superior performance in long-horizon.

Robust stability: On Env02, although Crossformer approaches DSformer on certain
metrics, DSformer maintains more balanced and stable performance.

Resilience under complexity: On Env03, Fredformer slightly outperforms DSformer
in MAPE; however, DSformer matches or exceeds its performance on other metrics, demon-
strating greater robustness under Complex conditions.

Overall advantage: Despite close competition on certain metrics, DSformer consis-
tently delivers the most balanced and effective feature integration, highlighting its strength
in complex multivariate long-sequence prediction tasks.

Figure 6. Distribution of Pitch Rate Data.

Table 5. Prediction performance on Env01.

Env01 MAE MSE MAPE RMSE WAPE

DSformer 0.5712 0.8751 1.5178 0.9355 0.6573
PatchTST 0.5937 0.9335 1.7214 0.9662 0.6872
LightTS 0.6024 0.9353 1.5632 0.9671 0.6969
Nlinear 0.6083 0.9502 1.6175 0.9748 0.6961
Dlinear 0.6162 0.955 1.5982 0.9773 0.7008

CycleNet 0.6252 1.0043 1.9935 1.0021 0.7174
Corssformer 0.6429 0.9976 2.2827 0.9988 0.7614
iTransformer 0.6644 1.099 2.626 1.048 0.77

SOFTS 0.6842 1.1587 2.6227 1.0764 0.7934
Autoformer 0.7101 1.1528 2.099 1.0737 0.8216

Informer 0.7363 1.0798 2.8752 1.0391 0.9094
Fredformer 0.5893 0.8971 1.6562 0.9472 0.6793
ETSformer 0.72 1.08 2.0487 1.0393 0.8394
Pyraformer 0.8047 1.166 3.2966 1.0798 0.9984
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Table 6. Prediction performance on Env02.

Env02 MAE MSE MAPE RMSE WAPE

DSformer 0.3426 0.4391 1.8727 0.6749 0.5513
PatchTST 0.3661 0.4766 2.0233 0.6956 0.5849
LightTS 0.3731 0.455 2.163 0.6745 0.6386
Nlinear 0.37 0.4737 2.1607 0.6883 0.6474
Dlinear 0.3654 0.4643 2.1526 0.6814 0.6363

CycleNet 0.3813 0.5155 2.8094 0.718 0.707
Corssformer 0.3625 0.4404 1.8532 0.6641 0.6062
iTransformer 0.3793 0.5452 2.4577 0.7384 0.6766

SOFTS 0.396 0.562 2.5957 0.7496 0.7054
Autoformer 0.5344 0.5703 0.8011 0.6513 0.6078

Informer 0.56 0.5602 0.703 2.3371 0.8385
Fredformer 0.3489 0.4597 1.8166 0.6479 0.5943
ETSformer 0.5042 0.5871 2.6267 0.7662 0.8281
Pyraformer 0.8493 1.2922 3.6268 1.1368 1.5451

Table 7. Prediction performance on Env03.

Env03 MAE MSE MAPE RMSE WAPE

DSformer 0.2384 0.2263 1.7644 0.4757 0.6475
PatchTST 0.2564 0.2454 1.7863 0.4863 0.6657
LightTS 0.2695 0.248 1.8067 0.4987 0.6831
Nlinear 0.2593 0.2561 1.8371 0.5061 0.6812
Dlinear 0.2662 0.2516 1.7695 0.5016 0.6756

CycleNet 0.2656 0.2861 2.1653 0.5349 0.6939
Corssformer 0.2706 0.2405 1.7652 0.4811 0.6798
iTransformer 0.2692 0.2717 2.2705 0.5212 0.7234

SOFTS 0.2777 0.2904 2.4102 0.5389 0.7415
Autoformer 0.3612 0.2965 2.4312 0.5549 0.8763

Informer 0.3544 0.2988 2.4428 0.5466 0.8647
Fredformer 0.2409 0.2282 1.6816 0.4789 0.6386
ETSformer 0.72 1.08 2.0487 1.0393 0.8394
Pyraformer 0.5946 0.6345 3.3879 0.7966 2.0851

3.3. Sampling Interval

The sampling interval is a key hyperparameter in DSformer, controlling the trade-off
between capturing dynamic information and suppressing noise. By setting the temporal
resolution of the input data, it directly influences the model’s sensitivity to high-frequency
details and random disturbances. We analyze its impact on prediction performance, mea-
sured by MAPE, across different environmental conditions.

Mild environmental conditions (Env01 & Env02). Under stable conditions with low
wind speeds (2.9–3.0 m/s), vessel motion exhibits regular, low-noise dynamics. Dense
sampling (interval = 3) effectively captures fine-scale fluctuations, improving predictive
accuracy without introducing disruptive noise. As reported in Kwon [25], benign weather
conditions minimize external disturbances, making high-frequency sampling advantageous
for preserving subtle vessel behaviors. Both Env01 and Env02 exhibit reduced prediction
errors at dense sampling intervals, with only marginal fluctuations at longer intervals (5–6).

Complex environmental conditions (Env03). In contrast, the Env03 dataset, charac-
terized by strong winds (8.2 m/s) and high humidity, exhibits substantial high-frequency
random fluctuations. While dense sampling preserves fine-grained temporal variations,
it also increases the model’s sensitivity to irrelevant perturbations, which can obscure
underlying motion patterns. Previous studies [26,27] have shown that harsh environmental
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conditions significantly increase system uncertainty and measurement noise. A moderately
sparse sampling interval (interval = 5) effectively reduces sensitivity to high-frequency
disturbances while retaining dominant motion trends, thereby enhancing model robust-
ness and improving prediction accuracy. However, excessively sparse sampling (e.g.,
interval = 6) begins to remove informative short-term variations, resulting in degraded
predictive performance.

The sampling interval is a critical hyperparameter in DSformer, as it directly deter-
mines the temporal resolution of the input sequence and governs the trade-off between
disturbance suppression and information preservation. To systematically assess its influ-
ence, we conduct an extended ablation study with sampling intervals ranging from 3 to 8
under diverse environmental conditions (see Figure 7).

Figure 7. Impact of Sampling Interval.

The experimental results exhibit a clear unimodal performance pattern. When the
sampling interval is small (e.g., 3 or 4), the model operates at high temporal resolution but
remains highly sensitive to high-frequency fluctuations and measurement noise, which
adversely affects long-horizon prediction stability. As the sampling interval increases, the
impact of stochastic disturbances is progressively reduced, leading to improved forecasting
accuracy and reaching an optimum at interval = 5.

Beyond this point, further enlarging the sampling interval (interval ≥ 6) causes a
noticeable decline in performance. Excessively large intervals overly coarsen the temporal
representation, resulting in the loss of informative short-term dynamics that are essential
for accurately modeling ship motion responses under rapidly changing sea states. This
loss of temporal detail becomes particularly pronounced in complex environments, where
abrupt maneuvers and environmental disturbances play a critical role.

Overall, interval = 5 achieves a favorable balance between reducing sensitivity to
high-frequency disturbances and preserving meaningful temporal information. This be-
havior reflects an empirically observed regularization effect induced by temporal sparsifi-
cation and explains the consistently superior performance achieved at this interval across
different datasets.

3.4. Efficiency

This section evaluates the operational efficiency of DSformer relative to a set of repre-
sentative baseline models including PatchTST, Crossformer, Autoformer, Informer, Fred-
former, ETSformer, and Pyraformer. All experiments were performed under identical
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conditions on an NVIDIA RTX 4090D (24 GB) GPU. We measured the average training time
per epoch across the three datasets (Table 8) and integrated multiple error metrics (MAE,
MSE, MAPE, and WAPE) to assess overall performance (Figure 8).

Table 8. The mean training time of each epoch.

Model Speed (s/epoch) Parameters

DSformer 32.97 2,246,688
PatchTST 126.94 48,448,616

CorssFormer 82.22 13,859,632
Autoformer 131.68 466,826

Informer 85.37 1,115,658
Fredformer 68.74 2,210,536
ETSformer 241.31 5,292,154
Pyraformer 36.68 27,049,728

 

Figure 8. Comparison of Runtime for Different Models.

The results show that DSformer consistently achieves lower prediction errors while
exhibiting the shortest training time per epoch among the compared models. However,
training time alone does not fully characterize computational efficiency without considering
model complexity. Therefore, we further examine the number of trainable parameters
reported in Table 8.

Despite having a comparable or even larger parameter count than several baseline
models, DSformer maintains the fastest training speed per epoch. This indicates that the
efficiency advantage of DSformer does not arise from aggressive parameter reduction,
but rather from a more efficient architectural design that enables effective utilization of
model capacity.

The high efficiency primarily stems from the Dual Sampling Module, which, un-
like Transformer variants that rely on complex embedding structures and thereby
increase computational cost. DSformer reduces the input sequence length through
two complementary strategies:

Reduction Sampling: enlarges the sampling interval to extract essential global trends
while substantially reducing sequence length and computational load.
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Partitioned Sampling: divides the sequence into consecutive subsequences to pre-
serve fine-grained local dynamics while improving computational efficiency through
parallel processing.

This dual module reduces redundant information, preserves critical multi-scale features,
and allows downstream attention modules to operate on more compact and information-rich
sequences, thereby improving computational speed and memory efficiency.

Beyond raw speed, DSformer offers practical advantages for maritime deployment:
Low latency and real-time adaptability: Rapid inference capability enables low-

latency forecasting under dynamically changing sea states, supporting timely operational
decision-making in practical maritime scenarios.

Low resource demand and onboard feasibility: Reduced computational overhead
makes DSformer suitable for deployment on compact and resource-constrained maritime
systems, which are typically required to operate under harsh, humid, and saline environ-
mental conditions.

3.5. Qualitative Time-Series Prediction Analysis

While aggregated metrics such as MAE and RMSE provide an overall measure of
prediction accuracy, they do not fully reflect a model’s ability to capture temporal dynamics
and physically meaningful motion patterns. To further assess the practical reliability of the
proposed method, we present a time-domain comparison between measured ship motion
signals and model predictions in Figure 9.

 

Figure 9. Time-domain comparison between measured ship motion signals (black dashed line)
and predictions produced by different baseline models and DSformer over a representative test
segment. The horizontal axis denotes time steps (sampling interval: 0.01 s), while the vertical axis
represents the corresponding motion variable. Compared with other models, DSformer achieves
closer phase alignment and amplitude consistency with the measured signal, particularly during
rapid motion transitions and oscillatory regimes. This qualitative comparison complements the
aggregated error metrics by illustrating the temporal fidelity and physical plausibility of the predicted
motion trajectories.
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As shown in Figure 9, DSformer produces predictions that closely follow the measured
trajectories in both amplitude and phase, particularly during rapid oscillations and transi-
tion regions. In contrast, several baseline models exhibit noticeable phase lag, amplitude
attenuation, or over-smoothing effects. These discrepancies, although sometimes masked
in averaged error metrics, may accumulate over time and adversely affect real-world
applications such as motion compensation, route planning, and control systems.

4. Conclusions
Maritime transportation remains an essential component of global logistics, yet exist-

ing physical and statistical approaches continue to struggle with capturing the complexity
of multivariate, long-horizon time series under real-world sea conditions. These limitations
hinder precise real-time monitoring and adaptive decision-making, both of which are
critical for supply chain resilience and operational efficiency. To address this, we introduce
DSformer, a ship motion forecasting architecture that combines dual sampling of global and
local dynamics with temporal–variable attention to achieve deep multi-source information
fusion. By effectively suppressing noise and capturing complex inter-variable couplings,
this architecture contributes to advancing intelligent maritime logistics systems.

Extensive experiments conducted on real-world datasets confirm DSformer’s superior
performance in prediction accuracy, noise suppression, and trend modeling across both
moderate and complex sea states. Sensitivity analysis indicates that dense sampling en-
hances accuracy in low-noise conditions, while moderate sampling improves robustness in
harsh environments, providing practical guidance for operational deployment in logistics.

Beyond predictive accuracy, DSformer demonstrates outstanding runtime efficiency,
enabling near-real-time predictions and early warnings. With its low computational re-
quirements, DSformer can be integrated into onboard systems, making it well suited for
time-sensitive logistics operations, such as dynamic route adjustments, schedule optimiza-
tion, and accident prevention under volatile sea states.

Future work, applying DSformer across different vessel types, routes, and environ-
mental conditions will further increase its utility for smart shipping and global supply
chain management. A systematic exploration of hyperparameter-performance interac-
tions will inform more precise and adaptive deployment strategies, enabling low-latency,
high-efficiency forecasting at scale.

In essence, DSformer not only advances multivariate long-sequence forecasting but
also applies its algorithmic innovation to maritime logistics management, offering a scal-
able solution to enhance supply chain resilience, safety, and efficiency in the context of
globalized trade.
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