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Abstract— Accurate, real-time Sea State Estimation (SSE) is
crucial for the safety and operational efficiency of Autonomous
Surface Vessels (ASVs). However, existing deep learning meth-
ods for this task commonly face three major challenges:
the inherent class imbalance of marine environments, the
ambiguous boundaries between discrete sea state levels, and
the difficulty of extracting multi-scale temporal features from
vessel motion. To address these challenges, this paper proposes a
novel framework named the Class-guided Rare-boosted Multi-
Scale Net (CRUISE). The framework is built upon a multi-scale
encoder-decoder architecture and integrates two key innova-
tions: a Rare-Boosted Class Embedding (RBCE) module at the
network’s bottleneck and a class-guided decoding mechanism.
The RBCE module first generates a preliminary class prediction
and then dynamically enhances the representation of rare sea
state classes to create a class-balanced conditional vector. This
vector subsequently provides top-down guidance to the decoder,
injecting class-aware information by modulating the feature
reconstruction process. This synergistic design fundamentally
addresses the data imbalance problem at the feature level
and effectively sharpens the decision boundaries between easily
confused transitional sea states. Extensive experiments on
multiple public benchmarks, simulated ship motion, and real-
world datasets demonstrate that CRUISE significantly outper-
forms existing state-of-the-art methods, showing a pronounced
advantage in improving the recognition accuracy of rare and
high-risk sea states. Furthermore, real-time inference tests on
a physical model vessel validate the model’s performance on
edge computing devices, further confirming its feasibility and
robustness for deployment in real-world marine environments.

I. INTRODUCTION

Autonomous Surface Vessels (ASVs) are increasingly de-
ployed in critical missions spanning scientific exploration,
commercial logistics, and maritime security. Their safety
and operational efficiency in dynamic ocean environments
hinge on precise, real-time environmental perception. Central
to this capability is Sea State Estimation (SSE), which
provides essential a priori information for high-level planners
to optimize motion planning, mitigate risks, and improve
energy efficiency. Consequently, an advanced SSE system
is a cornerstone for developing robust and environment-
adaptive maritime autonomous systems.

Traditional SSE methods, relying on wave buoys or remote
sensing, are often ill-suited for modern maritime operations
due to high deployment costs and inherent data latency.
These limitations hinder real-time tasks like dynamic route
planning. A more practical approach treats the vessel itself
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Fig. 1: t-SNE Visualization of the Learned Feature Space.

as a mobile sensor—a large wave buoy. However, existing
model-driven methods within this paradigm suffer from
substantial computational overhead and a strong dependence
on precise hydrodynamic models. This reliance on a priori
knowledge restricts their adaptability and robustness in un-
familiar marine conditions.

Data-driven deep learning methods offer a promising al-
ternative, capable of learning the complex mapping between
vessel motion and sea state directly from onboard sensor
data. This end-to-end paradigm circumvents the need for
explicit physical models and shows great potential for real-
time inference. Despite this promise, the effective application
of deep learning to SSE faces three fundamental challenges:

• Class Imbalance. The distribution of sea states is
highly skewed, with calm and moderate conditions
far more frequent than extreme ones. This imbalance
biases models toward majority classes, making rare
but safety-critical states difficult to detect, which is
particularly concerning for risk-aware decision-making
in autonomous vessels.

• Class Boundary Ambiguity. Sea state is a continu-
ous physical process discretized into categorical levels,
where transitional samples between adjacent classes
exhibit high similarity. As shown in Fig. 1, this inherent
ambiguity blurs decision boundaries and undermines the
system’s ability to recognize critical transitions essential
for robust autonomy.

• Multi-Scale Features. Sea state signals are composed
of features at multiple time scales, from low-frequency
wave energy trends to high-frequency wind-wave dis-
turbances. Capturing this full spectrum is crucial for
accurate classification, yet conventional networks often
focus on a single feature scale.

To address the aforementioned challenges, this paper pro-
poses the Class-Guided Rare-Class Boosting MUltI-ScalE
Network (CRUISE), a robust SSE solution for Autonomous
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Surface Vehicles ASVs. Centered on a multi-scale encoder-
decoder architecture, the model integrates two key innova-
tions: Rare-Class Boosting Embedding (RBCE) and Class-
Guided Decoding. These mechanisms effectively mitigate
data imbalance, sharpen ambiguous class boundaries, and
efficiently capture multi-scale features within vessel motion.
CRUISE not only achieves high-precision classification but
also bridges the gap between sensor data and autonomous
decision-making, significantly enhancing the perception ca-
pabilities and safety of ASVs in complex maritime environ-
ments.

In summary, the main contributions of this paper are as
follows:

• This paper proposes CRUISE, a novel model that en-
hances a multi-scale encoder-decoder architecture with
a dynamic, class-aware bottleneck, offering a solution
specifically tailored for robust SSE from complex time-
series data.

• A unique class-guidance mechanism centered on the
RBCE module is introduced. This mechanism provides
a structural solution to data imbalance, operating in-
dependently of loss function weighting, to adaptively
enhance minority class features and sharpen ambiguous
decision boundaries.

• Extensive experiments on multiple public benchmarks
and two real-world ship motion datasets demonstrate
that the proposed model consistently outperforms state-
of-the-art methods. It shows significant advantages in
both overall performance and, critically, in the recogni-
tion of rare sea state classes.

II. RELATED WORK

A. Model-based Methods
Given the reliance of traditional methods on dedicated,

often costly and stationary, equipment, they struggle to meet
the modern demands for real-time, cost-effective, and flexible
SSE. To overcome these limitations, the Wave Buoy Anal-
ogy (WBA) method was proposed. Model-based methods,
grounded in the WBA, treat sensor-equipped vessels as
mobile wave observation platforms [1]. Using the Response
Amplitude Operator (RAO), they map vessel motion to wave
spectra for buoy-free SSE [2].

In frequency-domain approaches, the RAO functions as
a wave–motion transfer operator to reconstruct directional
spectra; Zhang and Ren introduced an RAO invertibility
index and a fusion strategy based on the restricted isometry
property to improve heave and pitch reconstruction [3],
though these methods require long observations and are
sensitive to RAO errors. Time-domain approaches instead
apply state-space modeling with Kalman filtering [4]. These
support minute-scale, non-stationary seas but remain con-
strained by system identification and model assumptions.
However, purely model-driven methods are often limited
by their significant computational overhead and reliance on
precise hydrodynamic models. This strong dependence on
prior knowledge makes it difficult for them to adapt to
changing marine environments.

B. Data-driven Methods

With the advancement of computational technologies,
data-driven methods have achieved significant progress in
SSE. Early research primarily relied on classical algorithms
such as Artificial Neural Networks (ANNs) [5] and Support
Vector Machines (SVMs) [6] to classify or regress ship
motion data for estimating wave parameters. Han et al. pro-
posed a nearshore estimation method combining statistical
analysis with wavelet analysis [7]. However, such methods
are constrained by the limited representational capacity of
traditional machine learning, resulting in insufficient ac-
curacy and generalization performance under complex sea
conditions.

The emergence of Deep Learning (DL) has greatly en-
hanced the accuracy and robustness of SSE. In recent years,
SeaStateNet, proposed by Cheng et al., integrated LSTM,
CNN, and FFT, and was later developed into the more robust
SSENet [8]. They also introduced ImbalanceSSE [9], which
combines multi-scale features with a prototype classifier
to address data imbalance.And ASK-ProtoNet from Xu et
al. combined an adaptive selective kernel with prototype
learning, achieving superior performance in few-shot sce-
narios [10]. However, existing methods for handling class
imbalance largely rely on loss re-weighting or resampling.
While these strategies can partially improve performance,
they neither fundamentally correct the distributional bias of
the feature space nor effectively address the issue of indis-
tinct class boundaries, leaving notable limitations unresolved.

III. METHOD

A. SSE Problem Statement

SSE seeks to find the prevailing wave conditions at a
specific location and time on the open sea [11]. The SSE
problem is modeled as a time-series classification task. The
input is a multivariate time series X ∈ RN×C , where N
is the time series length, and C represents ship motion
parameters. The goal is to learn a model g : X → Y,
mapping motion data X to a finite set of sea state labels
Y = {y1, y2, . . . , yK}. Each sea state yk is associated with
a significant wave height range Hs ∈ [hmin(yk), hmax(yk)].

B. Model Overview

The proposed CRUISE, built upon a multi-scale encoder-
decoder architecture (Fig. 2), is engineered to overcome three
primary challenges in sea state classification: inadequate
multi-scale feature extraction, indistinct class boundaries,
and imbalanced class distributions. The end-to-end pipeline
integrates data preprocessing, feature encoding, and a novel
class-guided and rare-class boosted decoding mechanism,
culminating in a final classification stage.

The raw multivariate time series were preprocessed prior
to training: outliers were corrected to reduce noise; Pearson
correlation analysis was used to detect redundant features
to guide subsequent processing; Z-score normalization was
applied; and a sliding-window strategy (window size: 128,
stride: 64) was employed to generate uniformly structured
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Fig. 2: Architecture of the proposed model.

training samples. Subsequently, a 1D convolutional layer
embeds the processed sequences into a high-dimensional
feature space for input to the encoder. This encoder hi-
erarchically abstracts features via successive convolution
and downsampling operations, adeptly capturing both global
dynamics and local fluctuations. At the architectural bot-
tleneck, our RBCE module dynamically recalibrates feature
representations based on a class probability distribution from
a preliminary classifier. This process strategically amplifies
features of rare classes and generates a class conditional vec-
tor that guides the subsequent decoding phase. The decoder
then synergistically fuses multi-scale features under this
class-prior guidance, progressively recovering fine-grained
discriminative details and thereby sharpening the boundaries
between adjacent classes. This process is designed to pro-
gressively recover and refine features into a highly separable
latent space, thereby sharpening the boundaries between
adjacent classes. A final convolutional layer integrates these
refined features before they are passed to the classifier, which
maps them to the prediction space to yield the final sea state
classification.

Through its synergistic design of multi-scale modeling and
targeted class enhancement, CRUISE delivers robust sea state
identification in complex marine environments, exhibiting a
pronounced superiority in the discrimination of rare classes.

C. Encoder

The encoder aims to extract comprehensive temporal fea-
tures from the pre-processed sequence X ∈ RB×Cin×L. A
1D convolutional layer first embeds the input into a high-
dimensional feature space, preparing it for deep feature
abstraction. The sequence is then processed by N stacked
encoding modules, each progressively compressing temporal
information into a refined latent representation. This hierar-
chical design captures both long-term global dynamics and
short-term local perturbations, enabling robust modeling of
complex motion patterns.

Within the n-th module (n = 1, . . . , N), the input fea-
tures are passed through a standard block (1D convolution,
GroupNorm, GELU). The intermediate output F̃ (n) is split
into S groups along the channel dimension, {F̃ (n)

i }Si=1,
each processed by a convolution with kernel size ki. The
resulting features are concatenated to form the multi-scale
representation:

F (n)
ms = Concat

(
{Convki

(F̃
(n)
i )}Si=1

)
. (1)

This representation is then downsampled, yielding F (n),
which serves both as input to the next module and as a skip
connection h(n) for the decoder.

After N modules, the final feature F (N) constitutes
the bottleneck representation Fb. Through this progressive,
multi-scale abstraction, the encoder systematically extracts
both global semantics and fine-grained local cues essential
for discriminative sea state classification.

D. Rare-Boosted Class Embedding Module

In multi-class classification tasks, rare categories often
suffer from insufficient representation due to class imbalance.
When the decoder operates without category awareness,
it performs unconditional reconstruction in a latent space
dominated by frequent classes, causing rare class features to
be overwhelmed and resulting in blurred decision boundaries.
To address this bottleneck, we propose the RBCE module,
which explicitly injects class priors between the encoder and
decoder, transforming the latent space from class-agnostic
to class-sensitive. This operation enhances the visibility and
separability of rare classes, directly mitigating the adverse
effects of imbalance.

Formally, the encoder first outputs preliminary logits
zprelim ∈ RB×C , where B denotes the batch size and C
is the total number of classes. These logits are converted to
initial class probabilities using a temperature-scaled softmax:

pprelim(b) = softmax
(zprelim(b)

τ

)
, b = 1, . . . , B, (2)
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where τ > 0 is the temperature coefficient controlling
distribution sharpness. Due to class imbalance, rare classes
naturally receive low probabilities in pprelim, resulting in
weak representations in the latent space.

To actively alleviate this imbalance, RBCE introduces a
class weight vector ω ∈ RC to boost rare class probabilities:

pboost(b, i) =
ωi pprelim(b, i)∑C

j=1 ωj pprelim(b, j)
, i = 1, . . . , C, (3)

where ωi = α > 1 for i ∈ R (the set of rare classes) and
ωi = 1 otherwise. R is a predefined set of indices corre-
sponding to rare classes, supplied as a model hyperparameter.
This operation not only increases the influence of rare classes
but also actively reshapes the geometry of the latent space,
creating more distinct and well-separated regions for rare
class representations, thereby mitigating bias introduced by
imbalanced training data.

The reweighted distribution is then mapped back to logits:

zboost(b) = τ · log pboost(b), (4)

and further projected to a class-conditional vector(CCV )
using a learnable function Φ(·):

CCV = Φ(zboost), CCV ∈ Rd, (5)

where d is the embedding dimension. The function Φ is
implemented as a two-layer MLP with a GELU activation.
The vector CCV serves as an explicit prior guiding the
decoder’s feature synthesis. By continuously aligning the
reconstructed features with this class prior, the decoder is
forced to emphasize rare classes and maintain balanced,
separable representations across all categories. As a result,
RBCE not only mitigates class imbalance but also equips
the network with structured, category-aware discriminative
capability, improving robustness in challenging multi-class
scenarios.

E. Class-Guided Decoder

In conventional multi-class classification, the standard
paradigm maps the encoder output directly to a classifier,
while decoders are primarily used for reconstruction or
generation. Sea state classification, however, differs: its con-
tinuous spectrum and ambiguous boundaries make a single
compressed feature insufficient to encode discriminative in-
formation. To address this, we redefine the decoder as a class
guided mechanism, transforming feature reconstruction into
a conditional discriminative task that constructs independent
and separable subspaces for each sea state.

At the n-th decoder layer, the output from the previous
layer x(n+1) ∈ RB×C×L, where B is the batch size, C
the number of channels, and L the temporal length, is
fused with encoder features h(n) ∈ RB×C×Ln via a fusion
operator Φ(n)(·, ·) that includes upsampling and channel
concatenation to align cross-scale contextual information:

x
(n)
cat = Φ(n)(x(n+1), h(n)), (6)

The RBCE module generates a class-conditional embed-
ding vector CCV ∈ Rd (with d the embedding dimen-
sion), which encodes category-sensitive priors that guide
the decoder. This vector is projected via a layer-specific
function f

(n)
θ (·) into scale γ(n)(CCV ) and shift β(n)(CCV )

parameters:

f
(n)
θ (CCV ) = [γ(n)(CCV ), β(n)(CCV )]

= W (n) σ
(
U (n)CCV + b(n)

)
, (7)

where W (n) and U (n) are learnable projection matrices, b(n)

is the bias vector, and σ(·) is a non-linear activation function
such as GELU.

The fused feature cat is then modulated via class-
conditional normalization, a technique also known as a
Feature-wise Linear Modulation (FiLM) layer:

x(n) = γ(n)(CCV )⊙Norm(x
(n)
cat ) + β(n)(CCV ), (8)

where ⊙ denotes element-wise multiplication, and Norm(·)
is a standard normalization operator (e.g., LayerNorm). This
process effectively applies a class-dependent projection Πc :
Rd → Hc, mapping the fused feature into a conditional
subspace Hc defined by the class prior CCV .

Theoretically, the class-conditional injection is designed
to align the decoder’s features with the Fisher discriminant
criterion, which aims to maximize feature separability:

max
tr(SB)

tr(SW )
, (9)

where SB and SW denote the between-class and within-
class scatter matrices. Maximizing tr(SB)/tr(SW ) enhances
the separability of rare classes, making decision boundaries
sharper and improving robustness in ambiguous sea states.

Unlike conventional encoder–classifier paradigms, our ap-
proach elevates classification to a hierarchical reasoning
process of encode–fuse–condition–discriminate, where the
decoder is explicitly guided by class priors. This structurally
enforces discriminative representations and improves gener-
alization in complex environments.

IV. EXPERIMENTS

A. Experimental Settings

1) Implementation settings: The model was developed
using the PyTorch framework (v2.4.1), and all experiments
were conducted on a system equipped with a single NVIDIA
GeForce RTX 4090 GPU featuring 24 GB of dedicated
memory. The channel dimension for all convolutional layers
in the network was set to 128. The model was trained for 500
epochs using a learning rate of 1e-4. To ensure the reliability
of the results, each experiment was repeated five times.

2) Datasets:
a) Public datasets: For performance evaluation, we

selected the publicly available UEA time series classification
archive [12]. This archive encompasses a diverse range of
domains, including human activity recognition, EEG/ECG
classification, and numerical recognition. The datasets within
it exhibit significant variations in data dimensionality and
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class distribution, providing a robust benchmark for effec-
tively evaluating the model’s generalization capabilities.

b) Ship motion dataset: The ship motion dataset was
generated using the Marine Systems Simulator (MSS) tool-
box [13], covering seven sea state levels, with the first three
merged due to their similarity. Sample sizes were assigned
according to historical occurrence probabilities, yielding
more samples for common states (e.g., 3 and 4) and fewer for
rare ones such as state 6. Two datasets, Worldwide and North
Atlantic, were then constructed. Each sample contains four
input features: heave velocity, pitch angle, pitch velocity, and
yaw angle [8]. The data was finally partitioned into training,
validation, and test sets with a 70%, 10%, and 20% split.

3) Evaluation metrics: For the public datasets, Accuracy
was used as most are class-balanced. For the ship motion
dataset, which is class imbalanced, Precision (P) Recall (R)
and F1-score (F1) were employed.

B. Performance Comparison on Public Dataset

To rigorously evaluate the performance of the proposed
approach, we benchmark it against eleven representative time
series classification methods drawn from recent literature,
namely: EDI [12], [14], DTWI [14], DTWD [14], MLSTM-
FCNs (MF) [15], WEASEL + MUSE (WM) [16], Negative
Sampling (NS) [17], TapNet (TN) [18], ShapeNet (SN)
[19], ImbalanceSSE (ISSE) [9], ASK-ProtoNet (ASK) [10]
and KATN [20]. TABLE I Performance comparison results
directly reported from ASK-ProtoNet [10] under the same
experimental protocol.

As shown in Table I, CRUISE achieves an average accu-
racy of 76.4% on the UEA archive, outperforming the next-
best method, KATN, by 1.1%. It attains the best or joint-best
performance on 17 datasets. The model demonstrates partic-
ularly pronounced gains on specific datasets, such as LSST,
MotorImagery, and Heartbeat, with significant improvements
of 4.0%, 3.0%, and 3.0%, respectively. These results under-
score its broad application potential in domains like speech
and medicine. This advantage is primarily attributed to the
synergistic effect of its multi-scale temporal modeling and
class-enhancement guidance mechanism.It should be noted,
however, that the model’s superiority is not universal across
all scenarios. For instance, it ranks only fourth on the
InsectWingbeat dataset and lags significantly behind the top-
performing method on the ERing dataset. This suggests that
there is still room for improvement, particularly in handling
high-frequency sampled data and in certain specialized ap-
plication tasks.

C. Comparison with Baseline Methods on Ship Motion
Datasets

To assess the effectiveness of the proposed model for
SSE, we compare it against ten advanced methods, including
classical time series classifiers and recent deep learning-
based SSE models: MLP [21], CNN [22], LSTM-FCNs [15],
TapNet [18], SeaStateNet [23], SSENET [8], SpectralSeaNet
[24], a data-driven Hybrid model [25], ImbalanceSSE [9] and
ASK-ProtoNet [10].

As shown in TABLE II, CRUISE achieves the best perfor-
mance on both the Worldwide and North Atlantic datasets. It
surpasses the runner-up ASK-ProtoNet with relative F1-score
gains of 2.12% and 3.03% over ASK-ProtoNet, and also
attains the highest recall, demonstrating strong capability in
recognizing all sea state categories, especially rare ones. The
performance gap among models reflects their architectural
differences. MLP and CNN fall short due to limited fea-
ture learning, while ASK-ProtoNet benefits from multi-scale
fusion and prototype updating but remains constrained by
static similarity measures, leading to reduced sensitivity to
rare or ambiguous classes. In contrast, CRUISE introduces
two key innovations: the RBCE module, which recalibrates
class distributions to strengthen minority representations,
and the class-guided decoder, which preserves class in-
formation during hierarchical feature restoration. Together,
these mechanisms sharpen decision boundaries and enhance
robustness, explaining CRUISE’s consistent superiority over
ASK-ProtoNet.

D. Comparison with Class-imbalanced Methods on Ship
Motion Dataset.

To rigorously assess our model’s efficacy in tackling class
imbalance, we benchmarked it against six methodologies
on two ship motion datasets, including ClassBalancedLoss
(CBLoss) [26], WeightedCE, LDAMLoss [27], FocalLoss
[28], PFLoss and Balanced softmax loss (BFLoss)[29]. For
the purpose of a fair and controlled experiment, a consistent
model architecture and hyperparameter configuration were
maintained across all methods. Crucially, this ablation study
involved removing our proposed Rarity Boosting module
components and solely substituting the loss function for each
baseline.

The results, presented in Table III, unequivocally demon-
strate the marked advantage of our proposed method in
managing class imbalance. CRUISE attained the highest F1-
scores on both the World Wide and North Atlantic datasets,
decisively outperforming all competing approaches. While
certain loss functions, such as PFLoss, occasionally yielded
higher recall, this was typically achieved by compromising
precision. In contrast, CRUISE not only secured the highest
precision across both datasets but also achieved the optimal
trade-off between precision and recall, underscoring its ro-
bust and well-rounded performance.

This superior outcome reveals a fundamental limitation of
conventional approaches: methods that depend exclusively on
manipulating loss weights or sample contributions are subject
to an intrinsic performance cap. The excellence of CRUISE
originates from its strategy of resolving the imbalance issue
at the more foundational feature representation level. By
leveraging its RBCE module and class-guided decoder, the
model proactively reinforces the features of minority classes
and guides the network to focus on hard-to-distinguish class
boundaries prior to the final prediction. This ablation study
confirms that such a synergistic architectural design is a more
fundamental and potent solution than merely applying an
advanced loss function, significantly elevating the model’s
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TABLE I: Performance comparison with baseline methods on UEA archive (%)

Dataset EDI DTWI DTWD MF WM NS TN SN ASK ISSE KATN Ours
ArticularyWordRecognition 97 98 98.7 97.3 99 98.7 98.7 98.7 99 99.3 99.3 99.3

AtrialFibrillation 26.7 26.7 22 26.7 33.3 13.3 33.3 40 46.7 66.7 53.3 66.7
BasicMotions 67.6 100 97.5 95 100 100 100 100 100 100 100 100

CharacterTrajectories 96.4 96.9 98.9 98.5 99 99.4 99.7 98 99.2 99.7 99.3 99.2
Cricket 94.4 98.6 100 91.7 100 98.6 95.8 98.6 100 100 100 100

DuckDuckGeese 27.5 55 60 67.5 57.5 67.5 57.5 72.5 70 40 66 70
EigenWorms 54.9 N/A 61.8 50.4 89 87.8 48.9 87.8 58 93.1 73.3 87.8

Epilepsy 66.6 97.8 96.4 76.1 100 95.7 97.1 98.7 100 98.6 91.3 99.3
ERing 13.3 13.3 13.3 13.3 13.3 13.3 13.3 20 30 30 95.6 40

EthanolConcentration 29.3 30.4 32.3 37.3 43 23.6 32.3 31.2 38.8 33.1 39.9 39.2
FaceDetection 51.9 N/A 52.9 54.5 54.5 52.8 55.6 60.2 57.5 58.9 66.4 67.5

FingerMovements 55 52 53 58 49 54 53 58 60 67 62 68
HandMovementDirection 27.8 30.6 23.1 36.5 36.5 27 37.8 33.8 40.5 46 68.8 52.7

Handwriting 20 31.6 28.6 28.6 60.5 53.3 35.7 45.1 60.5 62.4 32 63.2
Heartbeat 61.9 65.8 71.7 66.3 72.7 73.7 75.1 75.6 76.1 78.5 76.20 81.5

InsectWingbeat 12.8 N/A N/A 16.7 N/A 16 20.8 25 16.2 17.9 51.5 18.6
JapaneseVowels 92.4 95.9 94.9 97.6 97.3 98.9 96.5 98.4 99.5 98.7 96.8 99.2

Libras 83.3 89.4 87 85.6 87.8 86.7 85 85.6 91.7 93.9 83.9 95.6
LSST 45.6 57.5 55.1 37.3 59 55.8 56.8 59 64.4 63.5 40.7 68.6

MotorImagery 51 N/A 50 51 50 54 59 61 63 64 62 67
NATOPS 85 85 88.3 88.9 87 94.4 93.9 88.3 96.1 98.8 88.9 98.9
PEMS-SF 70.5 73.4 71.1 69.9 N/A 68.8 75.1 75.1 86.7 87.3 95.3 89
PenDigits 97.3 93.9 97.7 97.8 94.8 98.3 98 97.7 99.2 99.2 98.2 99.2
Phoneme 10.4 15.1 15.1 11 19 24.6 17.5 29.8 23.3 31.6 36.6 20.6

RacketSports 86.8 84.2 80.3 80.3 93.4 86.2 86.8 88.2 88.1 91.5 87.5 89.5
SelfRegulationSCP1 77.1 76.5 77.5 87.4 71 84.6 65.2 78.2 88.7 90.1 90.8 91.5
SelfRegulationSCP2 48.3 53.3 53.9 47.2 46 55.6 55 57.8 58.9 61.1 60 63.3
SpokenArabicDigits 96.7 95.9 96.3 99 98.2 95.6 98.3 97.5 99.4 99.6 98.3 99.1

StandWalkJump 20 33.3 20 6.7 33.3 40 40 53.3 66.7 66.7 60 66.7
UWaveGestureLibrary 88.1 86.8 90.3 89.1 91.6 88.4 89.4 90.6 90.9 91.9 88.1 92.2

Average accuracy 58.5 66.8 65.1 62.1 69.1 66.9 65.7 69.9 72 74.3 75.4 76.5
Wins/Ties 0 1 1 0 5 1 2 2 6 9 8 17

TABLE II: Performance evaluation with baseline methods on
two SSE datasets (%).

World Wide North Atlantic
P R F1 P R F1

MLP 66.18 58.01 59.43 68.95 58.97 60.87
CNN 72.05 55.85 57.94 71.72 55.72 59.77

LSTM-FCNs 80.16 71.98 74.31 75.66 75.47 75.09
TapNet 72.48 62.14 64.31 73.76 63.25 65.13

SpectralSeaNet 73.46 63.76 67.89 73.58 64.93 66.45
Hybrid 75.13 65.12 68.91 75.57 63.87 69.32

SeaStateNet 77.13 68.97 71.57 76.23 70.12 72.43
SSENET 79.02 70.14 75.75 77.46 70.74 73.03

ImbalanceSSE 78.68 78.22 78.38 77.01 74.46 75.46
ASK-ProtoNet 84.57 77.06 79.82 80.05 76.67 77.92

Ours 83.59 80.06 81.51 82.19 78.73 80.28

TABLE III: Performance comparison with state-of-the-art
methods of imbalanced learning on ship motion datasets (%)

World Wide North Atlantic
P R F1 P R F1

CBLoss 81.82 79.81 80.15 80.44 79.04 79.49
WeightedCE 81.37 79.84 80.48 80.47 79.84 80.12
LDAMLoss 82.60 79.19 80.5 81.21 79.69 80.23
FocalLoss 81.00 74.97 80.03 78.18 80.17 79.07

PFLoss 78.76 80.47 79.48 78.57 80.44 79.41
BSLoss 80.75 78.64 79.47 78.23 78.29 78.28

Ours 83.59 80.06 81.51 82.19 78.73 80.28

ability to navigate class-imbalanced scenarios.

E. Ablation and Sensitivity Analysis

To assess the contribution of each module, we define three
ablation variants of our model:

• rRB: The RB module is removed, while all other
modules remain intact.

• rRBCE: The RBCE module is removed, with all other
components unchanged.

• rCGD: The class-guided decoder (CGD) module is
removed, while keeping the rest of the architecture
unchanged.

As shown in Fig. 3, removing any module results in
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Fig. 3: Ablation study.

performance degradation, confirming the necessity of each
component. Removing the RB module (rRB) leads to only a
slight drop, indicating its primary role in enhancing minority
class recognition. In contrast, removing the RBCE bottleneck
(rRBCE) causes more significant degradation, highlighting
the importance of the synergy between rare-class enhance-
ment and class-conditional vectors for global discrimination.
The most substantial loss occurs when the CGD module
is removed, where the F1 score on the Worldwide dataset
drops to 77.85, underscoring its central role in feature re-
construction and maintaining class consistency. In summary,
RB provides minority class compensation, RBCE strengthens
global–class synergy, and CGD serves as the key driver of
overall performance.

To assess the influence of rare boosting and class em-
bedding, we evaluated the effects of RB strength and class
embedding dimension on precision, recall, and F1 across two
datasets.

As shown in the Fig. 4, the model exhibits some sensitivity
to the rare-boosting magnitude, but performance remains
stable within a moderate range. Properly enhancing minority-
class features can effectively improve overall discriminative
ability, whereas excessively high or low boosting yields no
additional benefit, indicating that the model is robust to this
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Fig. 4: Sensitivity of model performance to the magnitude
of rare-boosting across two SSE datasets.
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Fig. 5: Sensitivity of model performance to class embedding
across two SSE datasets.

parameter.
As shown in the Fig. 5, the dimension of class embeddings

also affects model performance. Embeddings that are too
small limit the expression of class information, while overly
large embeddings may introduce redundancy or overfitting.
The results indicate that a moderate embedding dimension
optimizes overall performance while maintaining strong fea-
ture discriminability.

V. DISCUSSION

A. Comparison With Baseline Methods on Ship Movement
Datasets

To rigorously evaluate the model’s efficacy and robustness
in a real-world operational context, we conducted exper-
iments on the publicly available Ship Movement Dataset
[30]. This dataset provides a highly authentic and challeng-
ing testbed, as it comprises motion records of 45 diverse
vessels moored at the Outer Port of Punta Langosteira, A
Coruña, Spain, spanning from 2015 to 2020. Authoritative,
concurrently recorded significant wave height data serves as
the ground truth for ambient sea conditions, enabling a direct
assessment of the model’s practical applicability.

The preprocessing pipeline was designed to mirror the
challenges of onboard robotic systems dealing with incon-
sistent sensor data. Missing values, a common issue in field
deployments, were handled via imputation. Subsequently, to
simulate a higher frequency perception cycle suitable for
real-time decision-making, we upsampled the original 1-
hour data to a uniform 15-minute interval, ensuring temporal
consistency across the dataset. For our comparative analysis,
this augmented dataset was then randomly partitioned into
training (80%) and testing (20%) sets.

The model was trained using a batch size of 128 and an
Adam optimizer with a learning rate of 5e-5. We set the
maximum number of training epochs to 100. To prevent over-
fitting and ensure the model captured generalizable features,
an early stopping mechanism was employed: training was

halted if the F1 score on the test set did not improve for 10
consecutive epochs after the 50th epoch.

TABLE IV: Performance evaluation on the Punta Langosteira
dataset.

Models Punta Langosteira
P R F1

MLP 39.44 45.02 41.20
CNN 42.58 47.52 43.98
FCN 81.44 79.04 79.37

LSTM-FCNs 78.20 75.30 74.99
SeaStateNet 62.97 63.13 60.70

SSENET 90.41 92.03 91.09
CSM-SSE 87.98 89.70 88.24

PKCN 90.42 91.34 90.31
Ours 94.72 94.77 94.52

As demonstrated by the experimental results, our proposed
method significantly outperforms the strongest baseline,
PKCN, improving the F1-score, Precision, and Recall by
4.21, 4.30, and 3.43 percentage points, respectively. This
superior performance is attributed to the synergistic interplay
of multi-scale temporal modeling, class-guided decoding,
and rare-class enhancement. These components collectively
bolster recognition accuracy, maintain class balance, and
enhance robustness against the complexities of real-world sea
conditions. The findings underscore the practical relevance
and superior efficacy of our approach in operational maritime
scenarios.

B. Real-Time Inference

To bridge the gap between offline evaluation and real-
world application, we validated the model’s real-time per-
formance on a representative edge computing platform, an
NVIDIA Jetson TX2, which is commonly used in mobile
robotics. This experiment was designed to assess the model’s
responsiveness and stability when processing a continuous
stream of sensor data from an integrated IMU, simulating
an onboard operational scenario. As illustrated in Fig. 6,
the continuous motion data was fed directly into our model
for inference, with the resulting sea state classifications
visualized in real time through a custom GUI. This setup
allowed for a direct evaluation of the algorithm’s practical
utility in a dynamic environment.

Fig. 6: The specific steps for implementing the deployment
of our model.

The system demonstrated strong robustness during the
test, achieving a predictive accuracy of 76.64% on the
live, continuous data stream. The slight discrepancy from
our offline results is primarily attributable to the inherent
distributional shift between the evolving test data and the
static training set, a common challenge in real-world robotic
applications. In conclusion, this validation confirms our
algorithm’s ability to meet real-time processing demands and
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provides a feasibility validation for its practical deployment
on resource-constrained, onboard systems.

VI. CONCLUSIONS AND FUTURE WORK

To address the three primary challenges in sea state
estimation—class imbalance, indistinct decision boundaries,
and inadequate multi-scale feature extraction—this paper
proposes a novel deep learning framework, CRUISE. Its
core RBCE module and class-guided decoder reshape class
distributions at the feature level and sharpen discriminative
boundaries. Extensive experiments on public and real-world
datasets, along with real-time tests on a physical model ship,
demonstrate that our method outperforms existing state-of-
the-art models in overall performance, showing significant
advantages, particularly in identifying rare sea states, thus
laying the foundation for onboard applications. Future work
will focus on two aspects: first, conducting full-scale ship
trials across various vessel types and complex sea conditions
to enhance the model’s cross-scenario generalization and
real-time accuracy; second, advancing model lightweighting
research to meet the deployment requirements of embedded
platforms, thereby accelerating the implementation of intel-
ligent sea state awareness in the maritime domain.
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