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Abstract: With the rapid growth in maritime traffic, navigational safety has become a
pressing concern. Some vessels deliberately manipulate their type information to evade
regulatory oversight, either to circumvent legal sanctions or engage in illicit activities. Such
practices not only undermine the accuracy of maritime supervision but also pose significant
risks to maritime traffic management and safety. Therefore, accurately identifying vessel
types is essential for effective maritime traffic regulation, combating maritime crimes, and
ensuring safe maritime transportation. However, the existing methods fail to fully exploit
the long-term sequential dependencies and intricate mobility patterns embedded in vessel
trajectory data, leading to suboptimal identification accuracy and reliability. To address
these limitations, we propose MESTR, a Multi-Task Enhanced Ship-Type Recognition model
based on Automatic Identification System (AIS) data. MESTR leverages a Transformer-
based deep learning framework with a motion-pattern-aware trajectory segment masking
strategy. By jointly optimizing two learning tasks—trajectory segment masking prediction
and ship-type prediction—MESTR effectively captures deep spatiotemporal features of
various vessel types. This approach enables the accurate classification of six common vessel
categories: tug, sailing, fishing, passenger, tanker, and cargo. Experimental evaluations
on real-world maritime datasets demonstrate the effectiveness of MESTR, achieving an
average accuracy improvement of 12.04% over the existing methods.

Keywords: AIS; ship-type recognition; multi-task learning; anomaly detection

1. Introduction

With the continuous growth in global maritime trade, the volume of shipping traffic
has significantly increased, leading to heightened concerns regarding maritime safety
issues [1-3]. Some vessels evade regulations by falsely reporting or tampering with ship-
type information to engage in illegal activities such as poaching, smuggling, and piracy.
These actions severely impact maritime traffic management, international trade security,
and the ecological environment [4]. Therefore, identifying the type of ship accurately is
crucial for strengthening maritime supervision, maintaining maritime order, and preventing
illegal activities [5]. To this end, some studies have employed image recognition or deep
learning techniques to determine the true categories of ships [6-8]. However, image-
based methods are costly in terms of obtaining data and are susceptible to meteorological
conditions, lighting environments, and other factors, making it difficult to ensure stability.
Moreover, as forgery techniques continue to evolve, some vessels disguise their appearance
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characteristics through illegal painting or structural modifications, further reducing the
discriminative ability of vision-based methods in practical applications and making them
less effective against increasingly sophisticated ship-type forgery tactics.

In recent years, the widespread adoption of the Automatic Identification System (AIS)
has to some extent standardized maritime traffic management and provided crucial data
support for maritime supervision. However, the accuracy and reliability of ship attribute
information, which primarily relies on manual reporting by shipowners, are challenging to
ensure [9]. Some vessels, when committing illegal activities, tamper with key information
such as ship type to conceal their true intentions. For example, as shown in Figure 1a,a
fishing vessel falsely reports itself as a “Cargo” vessel to evade regulation and engages in
illegal fishing activities in a no-fishing zone. Compared to the manually reported attributes
that are easily tampered with, trajectory data are relatively difficult to forge [10], and the
spatiotemporal features can reflect the true operational patterns and behavioral charac-
teristics of ships. As shown in Figure 1, there are significant spatiotemporal differences
in the trajectories of fishing, cargo, and passenger vessels. Therefore, some studies have
attempted to identify ship types based on trajectory data to enhance the reliability of clas-
sification [11-18]. However, the existing deep learning methods have not fully exploited
the long-term dependencies and complex motion patterns in trajectory data, limiting the
model’s classification ability when identifying different types of ships.

(a) Fishing (b) Cargo (c) Passenger

Figure 1. Schematic diagram of the spatiotemporal characteristics of different ship trajectory types.
The blue lines represent the trajectories, and the red areas indicate the fishing ban zones. To en-
sure clarity, we have simplified and abstracted the trajectory representation while preserving key
motion patterns.

To address this, this paper proposes a multi-task enhanced ship-type recognition
method aimed at fully utilizing the spatiotemporal features of trajectory data to improve
the model’s generalization ability and identification accuracy. Specifically, the main contri-
butions of this paper are as follows:

¢ We propose a multi-task enhanced ship-type recognition method based on the Trans-
former model, utilizing self-attention mechanisms to capture long-range dependency
associations in trajectory sequences.

¢  To enhance the model’s deep feature extraction of complex ship movement patterns,
we combine two training tasks, trajectory segment mask prediction and ship-type predic-
tion, to further improve the model’s recognition capability.

*  We propose a motion-pattern-aware segment masking strategy, which masks local
trajectory segments with complex dynamic features to more effectively extract detailed
spatiotemporal features of the trajectory, thereby improving the model’s adaptability
and recognition ability for different trajectory patterns.
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*  We have tested on real datasets and compared with baseline methods to verify the
effectiveness of MESTR.

The remainder of this paper is organized as follows: Section 2 introduces related work.
Section 3 describes the proposed method, MESTR. Section 4 presents experiments con-
ducted with MESTR. Section 5 provides a detailed discussion. Finally, Section 6 concludes
the paper and offers insights on future work.

2. Related Work

Ship-type recognition plays a key role in maritime safety and traffic management. In
recent years, the research in this area has centred around two data sources: visual images
of ships and spatiotemporal trajectory data from the AIS.

2.1. Image-Based Ship-Type Recognition

Image-based ship classification uses data from optical cameras, infrared (IR) sensors,
and synthetic aperture radar (SAR) images. For example, Huang et al. [6] proposed a
multi-feature learning framework (MFL) that combines Gabor transform, MS-CLBP, Fisher
vectors, and BOVW+SPM to simultaneously extract the global and local features of ship
images for ship classification, optimizing the classification results through feature-level
and decision-level fusion strategies. Leclerc et al. [7] adopted a transfer learning strategy,
applying pre-trained deep convolutional neural networks (CNNs) such as Inception and
ResNet to ship image classification. By fine-tuning on smaller-scale ship datasets, they
achieved the recognition of different ship types. Bentes et al. [8] proposed a CNN-based
ship classification method specifically for maritime targets in TerraSAR-X SAR images.
The study constructed a complete SAR target detection and classification pipeline, first
using the constant false alarm rate (CFAR) algorithm to detect targets and then using a
CNN for classification. They also proposed a multi-input resolution CNN model that
uses SAR images of different resolutions as input to extract richer features and improve
classification accuracy. Shi et al. [19] proposed a multi-feature fusion convolutional neural
network (ME-CNN) for ship classification, combining 2D discrete fractional Fourier trans-
form (2D-DFrFT), Gabor filtering, and complete local binary patterns (CLBP) to enhance
the extraction of ship edges, contours, local textures, and global rotation-invariant fea-
tures. They used logarithmic opinion pooling (LOGP) for decision-level fusion, integrating
the classification results of multiple CNN models to improve robustness and accuracy.
However, although these methods perform well in visual recognition, they still have some
obvious limitations. For example, the cost of data acquisition is high, especially for the
collection and annotation of high-quality remote sensing images, which require significant
resources. To mitigate the burden of manual labeling, many recent studies have adopted
contrastive learning strategies to improve model performance with limited supervision. For
instance, Chen et al. [20] proposed an asynchronous contrastive-learning-based method
for effective fine-grained visual classification, addressing the highly “imbalanced fineness”
and “imbalanced appearances” of ships among subclasses. Dong et al. [21] proposed a mul-
tiscale contrastive learning network (MSCL-Net) for ship classification, utilizing a channel
spatial attention module (CSAM) to extract the most similar channel features and lever-
aging spatial similarity to enhance them, thereby overcoming the challenge of significant
interclass similarity and intraclass difference. However, these vision-based methods remain
susceptible to external factors such as adverse weather and varying lighting conditions,
which can significantly degrade classification performance. Moreover, the complex and
dynamic background of the marine environment—particularly in crowded ports or scenes
with overlapping ships—can introduce substantial visual interference, further increasing
the difficulty of accurate recognition.
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2.2. AIS-Based Ship-Type Recognition

Unlike images, AIS data are spatiotemporal sequence data. The early research mainly
relied on manual feature extraction, such as speed and course changes, and used traditional
machine learning algorithms (e.g., logistic regression and decision trees) for classification.
For example, Zhong et al. [11] used satellite AIS data and a random forest algorithm
to classify cargo ships, tankers, and fishing vessels. Baeg et al. [12] manually designed
39 features, including trajectory shape features, geographic features, and ship appearance
features, and proposed an ink feature based on sketch recognition to describe the overall
trajectory morphology of ships, improving the classification accuracy. Using trajectory
information converted from AIS data, the study employed random forest and decision tree
algorithms to classify fishing vessels, passenger ships, tankers, and cargo ships, validating
the effectiveness of ink features in ship trajectory classification. Huang et al. [13] proposed
an AlS-data- and machine-learning-based ship classification method, further subdividing
cargo ship categories into bulk carriers, container ships, general cargo ships, and vehicle
carriers. The study used tree structure, proximity, and regression models for classification
and optimized the model through feature selection methods. Zhou et al. [22] identified
ship behavior patterns in ports through behavior clustering. They used K-means clustering
to classify ship behaviors, extracted the main behavioral features (e.g., trajectory and
ground speed), and built a classifier based on ship static features (e.g., ship length and
ship width) to predict ship behavior categories. However, these feature-engineering-based
methods rely on manually designed features, often requiring extensive domain knowledge
to construct effective feature sets, limiting the model’s adaptability and generalization
ability. Additionally, manual feature extraction methods often struggle to capture complex
nonlinear temporal patterns, constraining the classification accuracy.

In recent years, deep learning methods have been widely applied in ship-type clas-
sification tasks due to their powerful data-driven capabilities. Unlike traditional feature-
engineering-based methods, deep learning can automatically learn features from massive
data, reducing the reliance on manually designed features. Graph neural networks (GNNs),
especially graph convolutional networks (GCNs), have shown great potential in model-
ing the spatial dependencies and structural relationships inherent in ship trajectory data.
For example, Li et al. [23] proposed a graph-based classification method that transforms
AIS trajectory data into graph-structured representations. By leveraging GCNs to aggre-
gate features from neighboring nodes, their model effectively classifies different vessel
types. Similarly, Ye et al. [24] developed a GCN-based approach that integrates trajectory
sequences and dependency relations to capture vessel behavior patterns more comprehen-
sively. These methods demonstrate strong performance in modeling local spatial relations;
however, GCNs often struggle with very long time series as their receptive fields are
typically limited to a few graph layers, making it difficult to capture long-range tempo-
ral dependencies. To better address temporal modeling, especially for sequential AIS
data, recurrent neural networks (RNNs), including gated recurrent units (GRUs) and long
short-term memory networks (LSTMs), have been extensively explored. These models are
designed to capture dynamic behavioral changes over time, such as variations in speed,
heading, and movement patterns. For example, Fusca et al. [14] proposed an LSTM-based
ship classification method that extracts dynamic features such as speed, acceleration, and
motion direction changes from AIS data to identify different types of ships. By modeling
the time series behavior of ships with LSTM, the method overcomes the impact of AIS data
noise and sensor errors. However, due to the reliance on recurrent structures, LSTM suffers
from gradient vanishing or explosion issues during training, limiting its effectiveness in
modeling long-time-series data.
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In summary, the current methods have not adequately extracted the long-range se-
quential dependencies and complex movement patterns implicit in trajectory data, making
it difficult to cope with the increasingly complex maritime environment. In recent years,
Transformer [25] and its improved models have gradually been applied to time-series
analysis tasks and have shown promising prospects. However, the traditional Transformer
architecture still faces issues such as high computational complexity and insufficient focus
on key features when dealing with AIS trajectory data. To further enhance the model’s
temporal modeling capabilities and computational efficiency, this paper employs a multi-
task learning approach combined with an adaptive masking strategy to achieve stable
ship-type recognition.

3. Methods
3.1. Concept Definitions

Definition 1. Spatiotemporal Trajectory. A spatiotemporal trajectory containing n trajectory
points is defined as Tr1., = {p1,p2, ..., Pi,---, Pn | pi = (xi,t;),n € N*}. Here, p; denotes the
i-th trajectory point. The geospatial coordinate of p; is represented by x; = (lat;, Ing;), where lat;
and Ing; correspond to the latitude and longitude, respectively. The timestamp t; indicates the time
at which the i-th trajectory point was recorded, with the condition that t; < tp < ... < ty.

An example of a spatiotemporal trajectory is shown in Figure 2. It consists of five
trajectory points, each represented by a pair of latitude and longitude coordinates along
with a timestamp.

P2 Da Ds

P1
ps = (lats, Ings, t3)

Figure 2. Illustration of spatiotemporal trajectory.

Definition 2. Ship-Type Recognition Based on Spatiotemporal Trajectory. Given a ship’s spa-
tiotemporal trajectory Try.,, the objective of ship-type identification based on this trajectory is to
accurately predict the ship’s actual type. In this study, to ensure a balanced distribution of data, six
common ship types are selected for analysis: “Tug”, “Sailing”, “Fishing”, “Passenger”, “Tanker”,
and “Cargo”.

3.2. Model Structure

Transformer [25] is a deep learning model based on the attention mechanism, initially
used for Natural Language Processing tasks. Its advantage lies in its ability to capture
long-range dependencies in sequence data, enabling it to identify personalized features of
different types of ships in the moving process. To enhance the model’s ability to extract
deep trajectory features, inspired by BERT [26], we designed a multi-task enhanced ship-
type recognition model that includes a masked segment prediction task and a vessel-type
prediction task. The overall architecture of the model is shown in Figure 3.
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Figure 3. The MESTR architecture.

Unlike conventional ship-type prediction systems used in current shipboard or
simulator-based applications, which typically rely on manually input metadata (e.g., vessel-
reported AIS static information such as ship type, length, or draught) or rule-based tra-
jectory interpretation, the MESTR framework introduces a fully data-driven approach.
Traditional systems generally lack adaptive learning capabilities and are unable to cap-
ture hidden motion features or long-term behavioral dependencies. In contrast, MESTR
leverages a multi-task Transformer architecture that jointly optimizes masked trajectory
reconstruction and ship-type prediction, allowing the model to autonomously learn both
global navigation patterns and fine-grained local movement cues from raw AlIS trajec-
tory data.

(1) Motion-Pattern-Aware Segment Masking

To enhance the model’s ability to learn spatiotemporal features of ship trajectory
data, we propose a motion-pattern-aware segment masking strategy. Unlike single-point
masking methods, which tend to fit the spatial position of the trajectory through simple
interpolation of adjacent trajectory points during the reconstruction process, thus failing to
fully exploit the deep spatiotemporal patterns and motion characteristics of the trajectory,
we adopt sub-trajectories as the masking units. This allows the model to learn richer motion
patterns and dynamic changes, improving its predictive ability for missing trajectory data
and enhancing its capability to capture ship behavior patterns.

During the navigation process, trajectory often exhibits complex maneuvering charac-
teristics, which can provide important categorical information. In particular, high-curvature
regions of the trajectory segment usually correspond to ship turning, circling, or other
complex maneuvering behaviors. To accurately select these trajectory segments, we use
a sliding window method to segment the trajectory, calculate the average curvature of
each segment, and then set a masking threshold based on the third quartile (Q3) to filter
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out high-complexity trajectory segments for masking. Given an input trajectory Try.,, we
employ a sliding window method to divide the trajectory into K segments. Each trajectory
segment Tr;.;1,,—1 includes m consecutive trajectory points (segments with fewer than m
points are truncated and not included in the calculation). The average curvature of each
trajectory segment T¥;.;;,,—1 is shown in Equation (1).

1 i+m—2 |Uj71 X ZJ]|

K= (1)
m—2 52 [oiallojllpi-1 = pjl

Here, v; 1 = x; — xj_1 and v; = xj;1 — x; represent the displacement vectors of
adjacent trajectory points within the trajectory segment. x denotes the cross-product of
vectors, and | - | represents the magnitude of a vector. A larger curvature value indicates that
the trajectory segment contains more significant turning or circling operations, reflecting
a more complex motion pattern. To reasonably select trajectory segments with higher
maneuverability for masking, we base the curvature set K = {xy,xy, ..., kg } and use the
third quartile (Q3) as the masking threshold, i.e., k;;, = Q3(K), selecting trajectory segments
with curvature values greater than «y;, as candidate masking areas. Among these candidate
trajectory segments, 50% are randomly selected for masking to enhance the model’s focus
on key trajectory patterns.

(2) Multi-Task Prediction

We append a special token, [CLS], to the masked trajectory sequence as a global
representation of the trajectory sequence. By applying linear projection, we obtain fea-
ture embeddings and introduce trainable positional encodings to preserve the sequential
information of trajectory points. This yields the input tensor E, g € RUT1)*4 for the
encoder, where d represents the dimensionality of the model’s hidden layer. The Trans-
former encoder utilizes a multi-head self-attention mechanism to compute the global
relationships between trajectory points. The query (Q), key (K), and value (V) for each
trajectory point are obtained through linear transformations, as shown in Equation (2),
where Wg, Wk, Wy € R¥*4 are trainable weight parameters.

Q= WQEmask/ K= WKEmaskr V= WVEmask (2)

The attention scores are calculated as shown in Equation (3). Here, ﬁ serves as a
k

scaling factor to ensure the stability of the gradients.

Attention(Q, K, V) = softmax (QKT> Vv 3)
Vg

The results from multiple attention heads are concatenated, as shown in Equation (4).
MultiHead(Q, K, V) = [heady; . ..;head;|W¢ 4)

The output of the multi-head self-attention is then passed through a feed-forward
neural network (FFN) and subjected to residual connections and layer normalization to
obtain the final output E; € R("+1)x2,

(3) Loss Function

In the vessel-type prediction task, we use the [CLS] vector Ecys after encoding in
E; € R("+1)xd a5 the global trajectory representation. It is passed through the Softmax
function to predict the ship-type distribution. For N ship categories, let the model’s output
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for the u-th category be 7, and the true category label be y,,. We calculate the loss for the
vessel-type prediction task using the cross-entropy loss function, as shown in Equation (5):

N
Lyrp ==Y yulog iy 5)
u=1

In the masked segment prediction task, let the number of masked points be M. The
model’s output for the w-th masked position is £, = (I atw, l(;nw), and the corresponding
true trajectory point coordinates are x,, = (laty, lony). To more accurately capture spatial
features, we use a distance loss function with spatial awareness to calculate the loss for the
masking prediction task, as shown in Equation (6):

1 ¥ )
Lysp = M 2 dlsH(xw/ xw) (6)
w=1

Here, disg (-, -) represents the Haversine distance between two points, as shown in
Equation (7). In this paper, & = 0.5(laty, — lat,), p = 0.5(long, — lony,), and Earth’s radius
req = 6378.137 km.

disy (xw, o) = 2req X arcsin(\/sin2 a + cos(laty) cos(laty,) sin® B) (7)

We combine Ly7p and Lyssp with weights w to form the final loss function for MESTR,
as shown in Equation (8):

Lyestr = w - Lytp + (1 — w) - Lyysp (8)

In summary, MESTR leverages a Transformer encoder enhanced with a motion-pattern-
aware segment masking strategy to better capture features from complex navigational
behaviors. By employing a joint learning approach for trajectory segment reconstruction
and ship-type classification, MESTR effectively models both global and local spatiotemporal
patterns, leading to more accurate and robust vessel classification.

4. Experiments

4.1. Experimental Setup
4.1.1. Dataset and Metrics

We used open-source AIS data provided by the Danish Maritime Authority (DMA)
(https:/ /www.dma.dk/safety-at-sea/navigational-information/ais-data, (accessed on
1 March 2025)). The study area is a rectangular region ranging from (55.3762° N, 10.0852° E)
to (57.89° N, 13.1133° E), with a diagonal distance of approximately 181.2049 nmi and an
area of about 1.516 x 10* nmi? (based on WGS 84 (EPSG:7030)). The time range is from
1 July 2023 to 31 August 2023. The visualization of the dataset is shown in Figure 4.

Data preprocessing consists of four steps:

*  Spatial filtering and outlier removal: Remove trajectory points outside the study
area. Eliminate drift points in the trajectory based on a maximum speed threshold
of 30 knots. Remove sampling points with missing or abnormal values in the fields
“MMSI”, “longitude”, “latitude”, “time”, and “shiptype”. Linear interpolation is then
applied to fill in the missing segments, and the processed trajectories are subsequently
grouped by MMSI.

*  Trajectory segmentation: First, segment the trajectory at points where the time inter-
val between consecutive records exceeds 1 h. Then, segment the trajectory with a
maximum length of 10 h.
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¢ Downsampling: Reduce the trajectory sampling rate to 10 min.
¢ Length filtering: Remove trajectories with lengths less than or equal to 3 h.

We randomly selected 5000 trajectories from the processed data and divided them into
training, validation, and test sets in a 6:2:2 ratio. The overall situation is shown in Table 1.

1O°QAO'E 11°3|0.0’E 13“(‘)A0'E

Area of Study
== Trajectory

57°0.0'N-

55°30.0'N-

Figure 4. Visualization of the dataset.

Table 1. Dataset summary.

Dataset Trajectory Points Number of Trajectories Number of Ships
Training 101,839 3000 752
Validation 32,091 1000 319
Testing 31,722 1000 362

We employed the commonly used accuracy metric to evaluate the overall recognition
performance and used precision, recall, and F1-score to evaluate the model’s recognition
performance for each ship type. The calculation formulas are shown in Equations (9)—(11).

.. TP
Precision = TP+ EP )
TP
Recall = ——— 1
T TPYEN (10

Precision x Recall
F1=2 11
% Precision + Recall (11)

Here, TP (true positive) represents the number of samples predicted as a certain
category and actually belonging to that category. FP (false positive) represents the number
of samples predicted as a certain category but actually belonging to other categories. FN
(false negative) represents the number of samples actually belonging to a certain category
but incorrectly predicted as other categories. In the ship-type recognition task, these metrics
reflect the model’s category recognition ability from different perspectives.
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4.1.2. Baseline

To validate the effectiveness of the proposed method, we selected three common
deep learning models as comparison methods: MLP, GRU, and Transformer, and made
appropriate structural adjustments for trajectory data characteristics. Specifically,

e MLP [27]: A multi-layer perceptron (MLP) is used to encode trajectories and predict
ship types. This method does not consider the temporal features of trajectories and
relies solely on the static information of each trajectory point for classification. We
employed a 3-layer MLP, with each layer consisting of 64 neurons, using ReLU as the
activation function.

e vanilla GRU [28]: GRU is a variant of the recurrent neural network (RNN) that sim-
plifies the structure of the LSTM (long short-term memory) network. It controls
information updates and forgetting through gating mechanisms, improving computa-
tional efficiency and reducing model complexity. We used a 3-layer GRU, with each
layer containing 64 units.

e vanilla Transformer [25]: The Transformer models global trajectory information
through self-attention mechanisms, overcoming the difficulty of RNN structures in
capturing long-distance dependencies. We employed an 8-layer Transformer encoder,
with each layer including 8 attention heads, a hidden layer dimension set to 64, and
GELU as the activation function.

All the above methods use the same data preprocessing methods and are tested
under the same experimental conditions to ensure the fairness and comparability of the
experimental results.

4.1.3. Implementation Details

In the local masking part, to fully leverage the Transformer encoder’s capability
in capturing long-range dependencies within vessel trajectories while simultaneously
avoiding excessively large masking intervals—which may hinder the model’s ability to
learn effective movement patterns—we set the sliding window size to m = 8. We use a
weight w = 0.5 to balance the multi-task loss. The dataset comprises six vessel categories:
“Tug”, “Sailing”, “Fishing”, “Passenger”, “Tanker”, and “Cargo”, resulting in a vessel-type
parameter of N = 6. We train MESTR via the AdamW optimizer [29]. To prevent overfitting,
we employ an early stopping mechanism, which stops training if the validation loss does
not improve after a given patience of 5. The remaining parameter settings are shown in
Table 2.

The hyperparameters were selected based on a combination of prior work and em-
pirical tuning. We first referred to commonly used settings in Transformer-based models
to define a reasonable search space. Then, we conducted a grid search over key param-
eters, including the learning rate, dropout rate, hidden size, and number of layers. For
example, the learning rate was searched in the range of [1 x 1075, 1 x 1073], and dropout
values from 0.0 to 0.3 were evaluated. The batch size and number of attention heads were
chosen based on computational constraints and prior studies. The final settings were deter-
mined based on validation performance, aiming for a balance between model accuracy and
training stability.

The training of MESTR was conducted on a single NVIDIA GeForce RTX 3090 GPU
with 24 GB memory. The NVIDIA GeForce RTX 3090 GPU is manufactured by NVIDIA
Corporation, which is located in Santa Clara, California, USA. The CUDA version was 12.1,
and the operating system was Ubuntu 22.04. Thanks to the parallelism of the Transformer
architecture, each epoch took an average of 4.2 min to complete. The peak GPU memory
usage was approximately 16 GB. All experiments were implemented using PyTorch 2.3.0
and executed on a cloud server equipped with an Intel® Xeon® Platinum 8362 2.80 GHz
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CPU and 45 GB of RAM. The Intel® Xeon® Platinum CPU is manufactured by Intel
Corporation, which is located in Santa Clara, California, USA. The computational cost is
moderate and feasible for most modern deep learning environments.

Table 2. Model hyperparameters.

Parameter Value
Batch size 32
Epoch 100
Dropout 0.1
Hidden size 64
Hidden layer 8
Number of heads 8
Learning rate 1x 1074

4.2. Result Analysis

As shown in Table 3, MESTR outperforms all comparison methods in overall clas-
sification performance, achieving an accuracy of 67.00%, which is 12.04% higher than
the second-best method, Transformer. This result indicates that MESTR has stronger fea-
ture extraction capabilities in trajectory classification tasks, enabling it to more accurately
learn the movement patterns of different ship types and effectively improve classification
accuracy. Further analysis with Figure 5 shows that MESTR performs more stably in
terms of precision, recall, and F1-score, maintaining good classification performance across
different ship types. In particular, MESTR achieves a precision of 80.26% for the fishing
category, far exceeding other methods, indicating its stronger ability to extract fine-grained
features for targets with complex trajectory patterns. Additionally, MESTR shows superior
performance in the passenger, sailing, and tug categories, demonstrating its ability to
effectively model feature differences in different types of trajectory data and achieve more
accurate classification.

Table 3. Accuracy comparison.

Method MLP GRU Transformer MESTR
Accuracy 43.20 52.70 59.80 67.00

Bold indicates the best performance.

In contrast, MLP performs poorly overall (43.20%), indicating that simple fully con-
nected neural networks cannot effectively model the spatiotemporal dependencies of
trajectories, making it difficult for the model to learn key features in trajectory sequences.
GRU improves classification accuracy to some extent (52.70%) by modeling the temporal
dynamics of trajectories through gating mechanisms, but it still has limitations in capturing
complex trajectory patterns, leading to suboptimal classification performance for some
categories. The Transformer model, which uses global attention mechanisms to effectively
model long-range dependencies in trajectories, achieves an accuracy of 59.80% in the ex-
periments. However, it still has some shortcomings in processing local trajectory features,
resulting in less than ideal recognition accuracy for some categories.

To further explore the performance of different methods in predicting different ship
types, we constructed confusion matrices for all methods and visualized the results. From
Figure 6, we can observe that traditional methods struggle to accurately distinguish between
tanker and cargo ships due to their similar trajectory characteristics during navigation.
However, MESTR, through the mask prediction task, guides the model to reconstruct key
local trajectory segments, enabling it to more effectively capture the local spatiotemporal
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details of trajectories and reveal subtle differences in trajectory patterns between different
ship types, ultimately improving the classification accuracy of tanker and cargo ships.
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Figure 5. Precision, recall, and F1-score radar charts. The radial axis represents normalized score
values ranging from 0 to 1 (unitless).

In contrast, MLP performs poorly in the experiments due to its inability to effectively
model the temporal dependencies of trajectories. GRU relies on gated recurrent units for
temporal modeling, but its local dependency is strong, which may lead to the attenuation of
historical information when processing long-span trajectory information, making it difficult
for the model to fully utilize global trajectory patterns to distinguish between tanker and
cargo ships. Additionally, the vanilla Transformer, while superior to GRU in modeling
long-range dependencies due to its global attention mechanism, has weaker attention to
key local trajectory features, making it difficult to extract sufficient information for effective
differentiation when faced with ship categories that have similar global spatiotemporal
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distributions but slightly different local trajectory details. Therefore, these two methods
perform worse than MESTR in the classification task of tanker and cargo ships.
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Figure 6. Confusion matrix comparison.

4.3. Visualization Analysis

We visualized the ship-type recognition results of different models, as shown in
Figure 7. The performance of each method varies across different categories, with MESTR
achieving the best recognition results. MLP has many misclassifications, such as misclassi-
fying fishing as passenger, indicating its difficulty in learning the temporal dependencies
of trajectories and its limitations in relying solely on static features for classification. GRU
improves recognition in some categories through sequence modeling, such as correctly
identifying fishing, but still confuses cargo and tanker, indicating its limitations in learning
long-span trajectories. Transformer performs well in classifying fishing and passenger
but still misclassifies cargo and tanker, reflecting that, while its global attention mech-
anism improves spatiotemporal feature learning, it is still insufficient in distinguishing
local trajectory details. MESTR performs more stably across all categories, especially in
successfully distinguishing cargo and tanker, validating that its motion-pattern-aware seg-
ment masking strategy and multi-task learning approach effectively enhance the model’s
ability to learn key trajectory patterns, making it the best performer in complex trajectory
classification tasks.
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Figure 7. Visual analysis of ship-type identification results.

4.4. Ablation Study

To further measure the impact of different components on MESTR’s performance, we
conducted ablation experiments. As shown in Figure 8, the accuracy of without MPASM
(removing the motion-pattern-aware segment masking strategy) drops to 63.5%, which is
3.5% lower than the complete MESTR, indicating that MPASM helps the model to focus on
key movement features by masking high-maneuverability trajectory segments, improving
classification performance. Without this strategy, the model may tend to learn global trajec-
tory patterns while ignoring key local trajectory changes, affecting classification accuracy.
The accuracy of without MSP (removing the masked segment prediction) further drops to
60.2%, which is 6.8% lower than MESTR, indicating that MSP plays a key role in enhancing
the model’s fine-grained feature extraction ability. Without this module, the model cannot
strengthen its understanding of local trajectories through the trajectory reconstruction task,
leading to a decline in classification performance. In summary, MPASM helps to guide the
model to focus on key trajectory regions, while MSP enhances the model’s ability to learn
trajectory details through reconstructing masked trajectory segments. Together, they enable
MESTR to achieve the best performance in ship classification tasks.
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Figure 8. Ablation experiment results.

5. Discussion
5.1. Comparison with Existing Studies

Compared to the existing vessel-type classification methods, MESTR demonstrates
advantages in both modeling strategies and classification performance. Traditional AIS-
based identification approaches typically rely on extensive handcrafted feature engineering,
which exhibits limitations when dealing with complex and nonlinear motion patterns.
Although recent advancements have introduced deep learning methods such as recurrent
neural networks to improve temporal sequence modeling, these methods still suffer from
memory decay and insufficient capability to capture long-term dependencies.

In comparison, MESTR incorporates a Transformer-based architecture, leveraging
the multi-head attention mechanism to more effectively capture long-range dependencies
within vessel trajectories. Additionally, MESTR adopts a multi-task learning framework
that jointly optimizes vessel-type prediction and trajectory segment reconstruction tasks,
significantly enhancing the model’s ability to learn both global patterns and local dynamic
features. Notably, the proposed motion-pattern-aware trajectory segment masking strat-
egy guides the model to focus on key trajectory segments with high maneuverability,
thereby improving its capability to distinguish complex motion behaviors. In real-world
applications, even in the presence of noise or missing data, the combination of these ef-
fective design choices and a flexible preprocessing pipeline enables MESTR to maintain
robust performance.

The experimental results indicate that MESTR achieves an average improvement
of 12.04% in overall classification accuracy compared to the existing baseline models.
In particular, it performs exceptionally well in distinguishing vessel types with similar
movement patterns, such as “oil tankers” and “cargo ships”. This demonstrates that MESTR
not only enhances classification accuracy but also provides a robust and scalable behavior
recognition approach for AIS data.

5.2. Limitations

Despite the strong performance of MESTR in the experiments, certain limitations
remain. One lies in the fixed nature of the current trajectory segment masking strategy;,
which does not take into account dynamic environmental factors such as sea conditions
or wind speed. Additionally, the current model is limited to six common vessel types.
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Expanding to more fine-grained classifications, such as distinguishing container ships from
ro-ro ships, may require modifications to the model architecture and augmentation of
training samples. Furthermore, applying MESTR in real-time monitoring systems poses
challenges. In addition to latency and hardware constraints, MESTR is designed for offline
processing and is not suitable for online learning, which is often needed for real-time
adaptation to dynamic vessel behaviors.

6. Conclusions

We proposed a multi-task enhanced ship-type recognition model (MESTR) based on
AIS trajectory data. By combining two training tasks, trajectory segment mask prediction and
ship-type prediction, MESTR helps the model to simultaneously learn the global patterns and
local dynamic features of trajectories, improving its ability to distinguish between different
ship types. Additionally, to enhance the model’s attention to key trajectory patterns, we
designed a motion-pattern-aware trajectory segment masking strategy that adaptively
masks high-maneuverability trajectory segments, guiding the model to learn spatiotem-
poral detail changes in trajectories and improving recognition accuracy for ship types
with similar shapes. We tested MESTR on real AIS trajectory data and the experimental
results show that the method outperforms the traditional methods in ship-type recognition
tasks, especially in distinguishing between ship types with similar movement patterns
(e.g., cargo and tanker ships). Through visualization analysis and ablation experiments, we
further validated the effectiveness of the trajectory segment mask prediction task and the
motion-pattern-aware strategy.

In future research, we plan to further optimize the trajectory segment masking strategy
to adaptively adjust based on environmental factors (e.g., sea conditions and wind speed).
Additionally, we aim to expand the model’s classification capability by incorporating a
broader range of vessel types, including finer-grained categories, which will require structural
adjustments and the inclusion of more diverse training samples. Furthermore, to support real-
time applications, future work will explore lightweight and incremental learning approaches
to improve adaptability and deployment efficiency in resource-constrained environments.
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