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ARTICLE INFO ABSTRACT

Keywords: In order to achieve sustainable development of marine fishery resources, effective supervise of trawl fishing
Deep learning during forbidden fishing period is of great significance. This paper addresses the challenges of poor gen-
Data fusion eralization and the lack of unstructured information in the precise identification of single trawler fishing

Automatic identification system
Ship trajectory classification
Recurrence plot image

behavior. We propose a Transformer network with multi-source information fusion processing (MFGTN),
which accurately classifies fishing vessels as single trawl or non-single trawl vessels. Firstly, a private
fishing dataset of single trawl behavior is constructed by integrating AIS data with radar data, named
HaiNan_SingleTrawlVessel(HN_STV). Subsequently, as fused data lacks unstructured information, it undergoes
transformation into trajectory point images and recurrence plot images to reveal the internal structure of the
fused data. As such, a visual module is introduced to handle the trajectory point images and recurrence plot
images as a branch. Simultaneously, the fused data are input into a Double-Tower Transformer with Dual-gate
structures to extract information in different dimensions of the time series and feature space as two separate
branches. The Fast Attention module replaces the traditional Attention module to improve network speed
and reduce memory consumption. Ultimately, the output of the three branches are fused and controlled by a
Dual-gate structure that can autonomously learn to determine the network output. Experimental results show
that compared to the current best-performing methods, the method discussed herein on the HN_STV dataset
has improved the accuracy, recall, precision, and F1-score performance indicators by 2.34%, 2.46%, 0.97%,
and 1.39%, respectively. The AUC area on the ROC curve increased by 4%. In a public dataset including three
fishing activities, the proposed method improved accuracy, recall, precision, and F1-score by 2.95%, 2.59%,
2.25%, and 2.70%, respectively, and the AUC area on the ROC curve increased by 3%. And in all experiments,
our network incurs the lowest time cost. Therefore, the method proposed herein demonstrates its advanced

performance.
1. Introduction development. According to statistics (Hu et al., 2021), there are a
total of 29,537 unlicensed vessels along the coast of the province’s
The marine fisheries are very valuable resource in the world, and 14 cities and counties. The large number of Unlicensed vessels makes
in order to maintain their sustainability, Nations across the globe are supervision extremely difficult. Moreover, illegal activities such as
increasingly intensifying the monitoring and enforcement of fisheries illegal fishing often occur when criminals exploit these unlicensed

resources, aiming to combat illegal, unreported, and unregulated (1UU)
fishing activities. This initiative is fundamentally geared towards ensur-
ing that commercial fishing operations do not exceed the sustainable
yield of marine resources (Tursi et al., 2015). China is one of the
countries with the largest fishing population and fishing volume in the
world, and the output of Marine fishing vessels and Marine fishing
ranks among the top in the world all year round. Hainan Island, China’s
second largest island, has a curved coastline about 1823 kilometers
long. Fishery is the mainstay of Hainan Island’s economic and industrial

vessels. According to reports, during the summer fishing moratorium
in the South China Sea in 2023, the Coast Guard Bureau seized a
total of 32 fishing cases, 93 illegal fishing vessels, and caught 4163.7
kilograms of fish, which greatly damaged the sustainability of Marine
resources. At present, there are still issues to be addressed regarding
the inability of certain methods to accurately identify illegal activities
involving unlicensed vessels, as well as the simplicity of existing warn-
ing model structures, unscientific parameter configurations, and high
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false alarm rates. Furthermore, the detection of abnormal behaviors
currently relies mainly on manual identification, which fails to meet the
requirements for real-time automatic recognition. However, in recent
years, the emergence of deep learning technology, especially large-scale
models, with their high parameter count and strong ability to mine
potential information from data, has shown promise in addressing the
aforementioned challenges. Consequently, using ship trajectory data
and intelligently detecting single trawl operations or other anomalous
behaviors of fishing vessels during forbidden fishing period or regulated
periods has become a crucial issue. This issue has attracted researchers
to apply various statistical and machine learning solutions (Riveiro
et al., 2018).

Statistical techniques such as Extended Kalman Filtering and Par-
ticle Filtering have been employed for reconstructing ship trajecto-
ries (Perera et al.,, 2012). Bayesian networks have been utilized for
handling missing values (anomalies) in datasets (Hruschka et al., 2007),
aiding in prediction and classification. Zhang et al. (2023) proposes
utilizing the minimum description length criterion to extract features
from ship trajectory data provided by the automatic identification sys-
tem (AIS). Additionally, the dynamic time warping trajectory similarity
measurement algorithm is employed to optimize the density-based
spatial clustering of applications with noise algorithm. Zhen et al.
(2017) proposed an approach combining ship trajectory clustering with
a Naive Bayesian classifier for detecting abnormal vessel behavior. On
the other hand, machine learning (ML) algorithms, including Artificial
Neural Networks (ANN), Support Vector Machines (SVM), and Long
Short-Term Memory (LSTM), generally outperform statistical methods
in classification problems. Recently, Mazzarella et al. (2017) introduced
an SVM-based anomaly detection framework that considers both AIS
data and received signal strength for AIS Out-of-Service (OOS) anoma-
lies. Sanchez Pedroche et al. (2020) proposed a trajectory-based AIS
vessel classification architecture that treats vessels as binary classifica-
tion into fishing and non-fishing based on ship trajectories. Feng et al.
(2019) utilized Vessel Monitoring System (VMS) data from shrimp trawl
vessels in the range of 25-35N, 120-130E as parameters for a neural
network model to identify trawl fishing vessels, etc. For a more detailed
research roadmap, please refer to the illustration provided in Section 2.

Thus, based on recent research trends, two key issues are summa-
rized as follows:

» The statistical methods used to address the challenges associ-
ated with the classification of fishing vessel trajectories or the
detection of anomalous behavior often require some artificial
parameters, and different parameters cannot be well generalize
to other datasets. Meanwhile, a detection method is typically
tailored to a specific dataset, limiting its applicability across
diverse datasets.

Most existing networks overlook the unstructured information
corresponding to the fused data, such as converting structured
information like fused data into visual graphics to assist the
network in classification.

To overcome these issues, we propose a fast gate-level Transformer
for multi-modal fishing data, named MFGTN. The main contributions
of this paper are as follows:

» The HN_STV dataset is constructed, which extracts ship trajecto-
ries from the surrounding sea area with Hainan Province as the
center, and effectively integrates the ship’s AIS data and radar
data to create temporal fishing fusion sequences (TFFS) data.

To address the first issue, a Double-Tower Transformer network
is proposed to analyze and process the information in different
dimensions of the time series and feature space of TFFS data.
The traditional Attention module is modified to a Fast Attention
module to reduce training time and memory consumption for
large model.
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« For the second issue, the Fusion former visual module is in-
troduced to process the unstructured information of input data,
including trajectory point images and recurrence plot images.

A double-layer learnable gate structure is proposed to continu-
ously optimize the weights of different information sources ac-
cording to the training results of neural networks, so that the
network can independently choose the weight ratio of different
information sources.

2. Related work

Most existing studies primarily focused on proposing research meth-
ods for the targeted identification of ship anomaly behavior detection
within their respective domains, yet research in the field of identifying
single trawl fishing vessels is limited. With reference to the literature
of Wang et al. (2023), this study classifies the research in the field
of ship abnormal behavior detection into five categories in chrono-
logical order to elucidate the relevance and continuity of methods in
this domain: statistical analysis methods, knowledge-based and data-
driven integrated methods, traditional machine learning algorithms,
deep learning methods, and multi-source data fusion methods. The
temporal progression is illustrated in the timeline diagram presented
in Fig. 1.

Statistical Analysis Methods: From 2008 to 2012, the predomi-
nant approach in ship anomaly behavior detection was the utilization of
statistical analysis methods to detect ships. Statistical analysis methods
rely on mathematical models based on the probability distribution of
random variables. Kernel Density Estimation (KDE) is a nonparametric
estimation method, which is one of the statistical analysis methods. Ris-
tic et al. (2008) proposed a ship position and speed anomaly detection
method based on KDE. They designed an adaptive KDE algorithm that
automatically calculates the optimal bandwidth value of the Gaussian
kernel, thereby improving the accuracy of detection. Laxhammar et al.
(2009) constructed a ship behavior clustering model based on the
Expectation-Maximization Gaussian Mixture Model (GMM), classifying
ship trajectories outside the cluster as anomalous trajectories. Smith
et al. (2012) developed a ship anomaly behavior recognition algorithm
based on the Gaussian Process (GP) model, combining Gaussian pro-
cesses and extreme value theory to identify anomalous behavior in ship
flow data. Kowalska and Peel (2012) introduced active learning rules
based on this algorithm, addressing issues such as the high computa-
tional complexity of the GP model. Vermard et al. (2010) introduced a
Hierarchical Bayesian Model (HBM) based on Hidden Markov Models,
utilizing basic information such as each fishing vessel’s trajectory and
speed to distinguish different behavioral states during fishing vessel
operations.

Knowledge-Based and Data-Driven Integrated Methods: From
2012 to 2015, there emerged a shift towards methods that combine
knowledge-based and data-driven approaches as relying solely on data
to detect abnormal ship trajectories proved less accurate. Sheng et al.
(2018) employs neural networks to initially detect anomalous data,
followed by a secondary inspection combining expert knowledge to
reduce false positives. Vandecasteele and Napoli (2012) designed a
DASB expert system that associates trajectory data with a geograph-
ical spatial engine. Kazemi et al. (2013) proposed a hybrid anomaly
detection framework based on open data and expert knowledge. The
knowledge was derived from verified rules used by the Swedish Coast
Guard to identify anomalous behavior, leading to the development of
an open data anomaly detection system.

Traditional Machine Learning Methods: From 2015 to 2020, after
the foundation laid by statistical analysis methods, the use of traditional
machine learning algorithms became a promising direction. Traditional
machine learning algorithms are further divided into unsupervised and
supervised algorithms. Unsupervised algorithms are typically employed
for extracting daily maritime vessel behavior patterns. Li et al. (2017)
designed a constrained adaptive dynamic time warping algorithm to
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Fig. 1. The roadmap of ship behavior anomaly detection.

calculate distances between different trajectories. They used an im-
proved center clustering algorithm and DBSCAN algorithm designed
by Ester et al. (1996) to cluster ship trajectory data. Liu et al. (2019)
developed a novel square-shaped neighborhood DBSCAN algorithm,
combining DP and DTW algorithms with adaptive parameters to bet-
ter detect anomalous ship behavior. Supervised methods are usually
applied when pre-classified ship anomaly and normal data are avail-
able. Singh and Heymann (2020) proposed a neural network-based
AIS detection method, training a binary classifier with historical AIS
data to determine whether ship trajectory data indicates anomalous
behavior. Elwakdy et al. (2015) segmented each ship trajectory into
multiple segments and used polynomial functions to extract each sub-
trajectory as input features. Subsequently, they built a ship classifier
based on an Adaptive Neuro-Fuzzy Inference System (ANFIS) to classify
tankers and fishing vessels, utilizing ship motion shapes to construct
the classifier. Sheng et al. (2018) employed a logistic regression model,
constructing a ship classifier using features directly extracted from
ship AIS trajectories. This method established three logistic regression
models for classification and is effective in identifying different motions
and performs well on large datasets.

Deep Learning Methods: From 2015 to the present, deep learning
has demonstrated advantages in feature extraction from large-scale
data compared to traditional intelligent algorithms and has become
an important pillar in various fields. In comparison to traditional
methods, deep learning models exhibit continuous improvement in
accuracy and performance, especially in these days of massive data.
Among them, Nguyen et al. (2021) investigated trajectory prediction
methods based on Recurrent Neural Network (RNN) models. Gao et al.
(2018) developed a real-time ship behavior prediction model based
on Bidirectional Long Short-Term Memory (LSTM). Czaplewski and
Dzwonkowski (2022) plotted ship routes on grayscale images and
constructed 1458 different CNN models for ship anomaly behavior
recognition. Kroodsma et al. (2018) utilized fishing vessel AIS data
and Convolutional Neural Networks (CNN) for fishing vessel operation
type recognition, categorizing fishing vessels into seven classes. Fu
et al. (2021) employed a vector encoding scheme based on trajectory
sequences, using text vectors to train a word2vec model and calculating
embedding features for each position. They proposed a recognition
method based on a hierarchical ensemble framework to improve the
accuracy of fishing vessel operation type recognition, which resulted

in a significant improvement in recognition accuracy compared to a
single model.

Multi-Source Data Fusion Methods: Multi-source data fusion
methods represent a category within deep learning approaches. The
acquisition of ship behavior data relies on various sensors, as data
obtained from a single sensor alone is insufficient to meet the low
false-positive requirements for ship behavior anomaly detection. Multi-
source heterogeneous data effectively addresses this deficiency by
incorporating static information from AIS data, accurately detecting
ship targets using satellite imagery, detecting and tracking ship targets
through video, and employing radar data to detect ship anomalies
based on clustering methods, among other techniques. Utilizing video
data to assist in identifying anomalous ship behavior is a viable option,
but to do so in nighttime or adverse weather conditions, Lu et al. (2021)
designed an effective deep neural network for image enhancement of
low-quality video data, and Guo et al. (2021) designed a heterogeneous
dual-dehazing network. Additionally, radar equipment demonstrates
good identification accuracy and high coverage in coastal waters, unaf-
fected by adverse weather conditions. Therefore, Lin et al. (2020) used
an improved Euclidean clustering method to capture ship targets from
point cloud data sensed by lidar, followed by continuous correction of
ship position and heading deviations using AIS data.

Combining the various methods mentioned above, this paper em-
ploys the approach of transforming the TFFS data into correspond-
ing trajectory point images and recurrence plot images to achieve
multi-source fusion data. This method assists in discriminating whether
fishing vessels exhibit illicit behavior, thereby enhancing recognition
accuracy of our network.

3. Proposed methods
3.1. Problem formulation

In this section, the data used is represented by certain symbols. Due
to the similarity between the structure of TFFS data and multivariate
time series (MTS), symbols from MTS notation are adopted. The TFFS
data used are denoted as X € RY*T where V is the number of
features in the TFFS data, and T is the sequence length for each feature.
Specifically, as expressed in Eq. (1):

X ={x"Xx%... X"} (€))
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where XV represents the time series of the v-th variable, specified as
follows in Eq. (2):

XU = (X XY, ... XD) @3]

where X! represents the value at the r-th timestamp for the v-th
variable.

Simultaneously, each X corresponds to a Y. The HN_STV dataset, as
illustrated in the bottom left corner of Fig. 2, consists of N instances,
and each instance has a corresponding class label, as shown in Eq. (3):

[X1. Y] X0, Yo, o [ Xy, Y] 3

Given the HN_STV dataset is a binary classification dataset, Y is set
to 1 for single-trawl fishing vessels and 0 for non-single-trawl fishing
vessels. Therefore, the problem can be formalized as follows in Eq. (4):

input Predict Y=1
X N

- etwork — { Y =0 4)

Additionally, for the public dataset including three fishing activities,
Y is assigned as follows: O for seine fishing data, 1 for trawler fishing
data, and 2 for gillnet fishing data. Similarly, the problem for the
public dataset including three fishing activities can be formalized in
the following formula (5):

input Predict

X — Network — 5)

~
I
S = N

3.2. MultiModal fast gated transformer

The proposed MFGTN network is illustrated in Fig. 2, where the
functionalities of each module and the working principle of the network
are as follows:

Module introduction: The yellow part in the bottom left corner
of the image illustrates basic form of TFFS data we utilized, where
each trajectory is represented as a list (depicted by a yellow box).
Each row in the list corresponds to information at a timestamp, with

two minutes interval between rows. Furthermore, each trajectory has
four features, corresponding to the four columns in the list: longitude,
latitude, speed, and course. The gray module are two encoder networks
that process structured information of TFFS data, named Double-Tower
Transformer, as shown in Section 3.7. The orange module is a encoder
network that processes unstructured information of TFFS data, named
Fusion former, as shown in Section 3.5. The portion of the red font
in each encoder network represents changing Attention mechanism
from a traditional encoder module to a more responsive Fast Attention
mechanism, as shown in Section 3.6. The blue module illustrates the
gate structure of the fused output across the three networks, called
the Dual-gate structure, as shown in Section 3.8. Finally, the image in
the bottom right corner depicts the unstructured information of TFFS
data, which is trajectory point images and the recurrence plot images
respectively.

Network working principle: First, the organized TFFS data, after
undergoing embedding. In the Time-wise Encoder, each value of lon-
gitude/latitude is treated as a unique number and utilize a parameter
matrix with a d_model value of 1024 to reduce its dimensionality, thus
avoiding excessive resource consumption. In the Feature-wise Encoder,
a parameter matrix with a d_model value of 512 is used to increase its
dimensionality, amplifying the four features in the dataset to facilitate
better exploration of the correlations among them by the network.
Furthermore, all embeddings in the model share weights. Then, the
TFFS data adding positional encoding and fed into Double-Tower Trans-
former module. The feature-wise encoder simultaneously takes multiple
time series features to compute attention weights among different time
series at all time steps. This is achieved by processing attention weights
of feature values between multiple time series at the same time step
to focus on different functionalities. The Time-wise encoder separately
takes input from individual time series features to compute attention
weights within each time series across all time steps. Meanwhile, the
TFFS data transformed into images is sliced into patches and positional
encoding is added. These are then inputted into the Fusion former
module for feature extraction. Subsequently, the features extracted
by N layers of Double-Tower Transformer and Fusion former module
respectively are passed through a Dual-gate structure to determine the
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Fig. 3. Resampling of initial ship trajectory data. The horizontal coordinate in the image represents longitude and the vertical coordinate represents latitude.

weight ratio assigned to the outputs among the three encoders. Finally,
a softmax function is applied to determine whether the input TFFS data
corresponds to single trawler operation type.

3.3. HN_STV dataset

The single-trawl dataset within the scope of Hainan Province, re-
ferred to as HaiNan_SingleTrawlVessel, is abbreviated as HN_STV. The
dataset utilized in this study is derived from ship trajectories in the
vicinity of Hainan Province from July to September 2023. Initially,
AIS data and radar data for each trajectory during this period were
obtained from the database. Through predefined rules, the data from
these two sources were effectively integrated to form the initial ship
trajectories. The preliminary extraction resulted in 10,252 ship trajec-
tories, encompassing those identified as single-trawl fishing vessels and
other non-single-trawl fishing vessel trajectories. Subsequently, due to
issues such as missing data, abnormal MMSI values, and abnormal time
values in the obtained initial ship trajectories, further screening was
performed. This involved filtering out duplicate and erroneous data,
correcting abnormal values, resulting in 1256 positive samples and neg-
ative samples. Simultaneously, for the fused initial ship trajectory data,
redundancy existed in the temporal dimension, leading to occurrences
of multiple duplicate trajectory points within a timestamp. Therefore,
the selected positive and negative samples underwent resampling to
eliminate redundant data, with the resampling conducted at different
time intervals, as illustrated in Fig. 3.

As observed in Fig. 3(b), the resampling effect at a 2-minute interval
is optimal, with these trajectories exhibiting a uniform distribution
of trajectory points while retaining the relevant features of the orig-
inal trajectories. Therefore, for the fused initial ship trajectory data,
the resampling interval of 2 min is chosen. The resampled trajectory
data constitute our current HN_STV dataset, with an example sample
presented in Table 1.

3.4. Recurrence plot images and trajectory point images

The recurrence plot (RP), initially conceived by Eckmann et al.
(1995) as a visualization tool to reveal the recurrence of sequences in
dynamic systems, is illustrated in Fig. 4. RP serves as a crucial method
for analyzing the periodicity, chaos, and non-stationarity of time se-
ries. It unveils the internal structure of time series, providing prior
knowledge about similarity, information content, and predictability. In
recent years, RP has become indispensable for exposing hidden patterns
and amplifying discriminative regions in time series data due to its
graphical characteristics. The specific process of encoding time series
into recurrence plot images is as follows:

Firstly, to ensure that different features have a consistent scale,
the time series data undergoes linear transformation using Min-Max
Normalization, wherein the original data is scaled to map its resulting
values within the range of [0-1], as shown in Eq. (6).

. x — Min(x)

" Max(x) — Min(x) ©®

where x represents the original time series data, and Min(x) and

M ax(x) represent the minimum and maximum values in that series.
Subsequently, according to Eq. (7), The linearly transformed se-

quence x* is partitioned into multiple subsequences and mapped onto

a multidimensional phase space, where each subsequence corresponds
to a state within this space.

E: [x*(1 : len(x™) — 1), x*(2 : len(x*))] )

where g‘ represents the set of each state in the phase space, len(x*)
represents the number of elements in the sequence.

Finally, by employing Eq. (8), the distances between states in the
phase space are computed, yielding a distance matrix. Based on this
matrix, a color map can be generated to assign colors to each pixel,
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Table 1

A sample example in the HN_STV dataset.

Targetld Mmsi Heading  Latitude Longitude  Length  Speed  Course  State  Radarld Timestamp
74200000 100899627 63 20.32378  110.4335 30 3.9 63.1 1 None 2023/7/2 17:49
74200000 100899627 94 20.32538  110.4338 30 3.9 94.7 1 HaiNan403  2023/7/2 17:51
74200000 100899627 163 20.32520  110.4340 30 3.8 163.2 1 HaiNan403  2023/7/2 17:53
74200000 100899627 221 20.32067  110.4306 30 4.1 221 1 HaiNan403  2023/7/2 17:55
74200000 100899627 241 20.31827  110.4274 30 4.2 241.7 1 None 2023/7/2 19:57

(a) Featurel : Longitude

(b) Feature2 : Latitude

Fig. 4. Recurrence plot images example.

thereby generating the recurrence plot image. Eq. (8) formally defines
the recurrence plot.
RPj(e) =0(e — | () — SWID, SO € R™, i, j=1,...

N (8)

where RP, ; (¢) represents a pixel in the RP image, S (i) denotes the
i-th state in the phase space, and a subsequence sampled at the i-th
position in the time series. The symbol || - || indicates a norm operation.
0 is the Heaviside step function, utilized to binarize the distance matrix
through a threshold ¢, m signifies the number of points for each state in
the phase space. N stands for the total number of states, determining
the size of the recurrence plot.

Moreover, to avoid the loss of texture information, the thresh-
old in Eq. (8) is often omitted. Therefore, Eq. (8) can be simplified
to Eq. (9):

RP;e) =S5O -SWOI, SO eR™,i,j=1,..

,N (C))

Due to the multi-feature nature of the multivariate time series,
a single recurrence plot is insufficient to represent the features of
the entire time series. Therefore, the channel fusion recurrence plot
is proposed, which overlaps the recurrence plots of each feature to
form a multivariate time series superimposed recurrence plot, as shown
in Eq. (10):

MRP (e) = {RP' (¢), RP*(e),...,RPY (e)} (10)

where RP' represents the value in Eq. (9), and V is the number of
features in the multivariate time series.

Simultaneously, due to the variability in the number of features in
different multivariate time series, some multivariate time series may
have a higher number of features. Therefore, multiple recurrence plots
need to be superimposed. This imposes a significant burden on the
training and testing load of the network, leading to large training
time expenses and substantial GPU memory requirements. To address
the structural symmetry of the recurrence plot’s main diagonal, the
recurrence plots of two features in a multivariate time series are
concatenated along the main diagonal to reduce the number of required
recurrence plots. This converts Eq. (10) to (11) and the concatenated
image can be observed as depicted in Fig. 5(a) and (b).

MSRP() = {MSRP',MSRP?, ..., MSRP"/?}

= {[RP'(¢), RP*(e)],[RP’(e), RP*(e)], ...,

[RPV!(e), RPY ()]} an

Besides, trajectory point images are also crucial for detection. Tra-
jectory point images constitute vital characteristics of fishing vessel
activities. Acknowledging the potent capability of Transformer struc-
tures in capturing trajectory features, certain unstructured information
present in these images still plays a significant role in identifying single-
trawl fishing operations. Latitude and longitude in the TFFS data are
then converted into trajectory point images. These trajectory point
images are subsequently concatenated with the recurrence plot images
at the channel level for ease of input processing by the network. The
specific process is illustrated in Fig. 5(c) and (d).

3.5. Fusion former module

In recent years, with the increasing research on Transformers, var-
ious Transformer variants have emerged for image analysis (Lin et al.,
2022). Meanwhile, utilizing TFFS data alone for extracting information
on fishing vessel operations is not comprehensive enough, as TFFS data
lacks non-structural data such as images. However, relying solely on
TFFS data to extract information on fishing vessel operations may not
be comprehensive enough, as TFFS data lacks non-structural data such
as images. Therefore, the TFFS data are transformed into multivariate
recursive trajectory diagrams as unstructured data to compensate for
the limitations of a single data type. Proposed as a derivative of the
recently introduced Vision Transformer (ViT) module by Dosovitskiy
et al. (2020), the Fusion Former network aims to learn and extract
unstructured features. The Fusion former replace the original Attention
mechanism with the Fast Attention mechanism to improve operational
efficiency. Additionally, for the structured prior information of TFFS
data, which includes ship longitude, latitude, speed, and course, the
Double-Tower Transformer is used to extract structured features.

The workflow of the Fusion former module is roughly described as
follows. The input Multivariate recursive trajectory diagram are divided
into multiple patches. Each patch is then projected into a fixed-length
vector, with a special token added to the projected vector to correspond
to the final output category prediction. The process is represented by
the following Eq. (12):

— A v N
Zy = [Xepass: X Esx Erox ) E] 4+ E o
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(a) Feature 3 fused with feature
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(b) Fusion feature superposi-
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(c) Trajectory point image (d) Fusion image

Fig. 5. Multivariate fusion superposition image.

Ee R(szc)xD’Epm c R(N+l)><D’xp c RN><(P2><C) 12)

where, Z,, is the output after preprocessing, x,,,,, is the special symbol
token, x! is a patch, E is the linear projection vector, N is the number
of patches, P is the size of each patch, E,,, is the position code, D is the
dimensional size of a linear projection and C is the number of channels.

The processed features are fed into the Fast Attention module, as
detailed in Section 3.6. The output obtained after the Fast Attention
module is used for predicting the final output.

3.6. Fast attention module

Due to the quadratic computational complexity of the Transformer
regarding input sequence length, resulting in inefficient computation,
the network model of Fastformer designed by Wu et al. (2021) is re-
ferred. The Fast Attention module is embedded into MFGTN, replacing
the original multiplicative attention module to additivity attention,
thus substituting the original attention module to accelerate the train-
ing speed and reduce the computational resource overhead of the
network model. Similar to the original attention module, it starts by
transforming the input matrix into query, key, and value matrices
0,K,V € R¥* using three linear layers with non-shared parameters,
where N is the length of the sequence and d is the dimension of the
channel, which can also be denoted as a combination of a series of
vectors Q = [q1. 4. ... qn 1. K =[ k1. ka, ... .k 1.V =[ v}, 05, ...,05]. The
O matrix is then summarized into a global vector ¢ € R? using additive
attention. It compresses the global context information of query, and
the attention weight «; of the ith query vector is calculated as following
Eq. (13):

 exp(ua/Va)
"X e (el Va)

where, w, € R? is a learnable parameter variable and d is the
dimension of the channel. The global query vector is calculated as
following Eq. (14):

N
q= 2 ®;q;
i=1

Subsequently, the interaction between the global query vector and
each key vector is modeled through element-wise multiplication of
these two matrices. They are then combined to form a globally context-
aware key matrix. The i-th vector in this matrix, denoted as p;, is
represented as p; = ¢ * k;. Similarly, additive attention is used to
aggregate the key matrix with global context awareness, where the
additive attention weight calculation for the i-th vector is given by the
following Eq. (15):

exp (u,/ 2)
Zhexp () VE)

(13)

(14

B = (15)

where, w, € R? is the attention parameter vector and d is the dimen-
sion of the channel. The global key vector is calculated as following
Eq. (16):

N
k= Bp;
i=1

Finally, the interaction between the value matrix and the global
key vector is modeled, the product of elements is performed between
the global key and each value vector, and the key-value interaction
vector u; is calculated, expressed as u; = k * v;. Similar to Transformer,
the authors apply a linear transformation layer to each key-value
interaction vector to learn its hidden representation. The output matrix
of this layer is expressed as R = [r|,ry,....ry| € RV This matrix
and query matrix are further added to form the final output of Fast
Attention, as shown in the following Eq. (17):

(16)

a7

output = R+ Q = [rl,rz,...,rN ]+[ql,qz,...,qN]

3.7. Double-tower transformer

Traditional Transformer modules focus only on extracting contex-
tual features along the temporal dimension of sequential data (Vaswani
et al.,, 2017). However, for multi-dimensional time series data, there
may exist hidden correlations among different features. Losing the
inter-feature correlations can easily lead to incomplete learning, re-
sulting in a loss of accuracy. Therefore, for the fusion data of multi-
dimensional time series, unlike traditional Transformer modules, the
Double-Tower Transformer employs two Encoder modules to perform
feature extraction along both the temporal and feature dimensions. In
each tower, the encoder captures hierarchical and inter-level correla-
tions explicitly through attention and masking, as illustrated in the gray
module in Fig. 2.

Time-wise Encoder: The input consists of features from a single
time series. Additionally, attention weights are computed across all
time steps within each time series using a Fast Attention mechanism.
Simultaneously, consistent with the original encoder structure, fully
connected feedforward layers are stacked on each multi-head attention
layer to enhance feature extraction. Residual connections around the
two sub-layers are also retained to guide information and gradient flow,
followed by layer normalization.

Feature-wise Encoder: Similarly, the Feature-wise Encoder re-
ceives features from multiple time series and computes attention
weights among different time series across all time steps, specifically
focusing on the attention weights of feature values between multiple
time series at the same time step. This is done to attend to the
intrinsic information interactions among different series. For instance,
longitude and latitude occur simultaneously; hence, losing the intrinsic
correlation information between these two features at the same time
step could significantly impact the network’s recognition performance.



Y. Gu et al.
3.8. Dual-gate structure

To merge the output features from the Time-wise, Feature-wise, and
Fusion former modules, a straightforward combination of all features
might degrade the performance of the Double-Tower network. There-
fore, a Dual-gate control structure is proposed to effectively control the
weights of each network, as illustrated in the blue module in Fig. 2. In
the Double-Tower architecture, Time-wise and Feature-wise correspond
to different types of features. Following non-linear activation modules,
these two features are treated as T and F, respectively, forming a gate
structure. By concatenating them into a vector and subjecting them to
linear projection, the concatenated vector h; is obtained as shown in
the following Eq. (18):

hy =W, - Concat (F,T) + b, 18

where, h, represents the result of the fusion of Time-wise and Feature-
wise, T represents the feature of Time-wise and F represents the feature
of Feature-wise.

The gating weights v,, v, of Time-wise and Feature-wise module can
be obtained respectively, as shown in the following Eq. (19):

vy, 0y = Softmax (hl) 19

Then the output vector y, of Double-Tower Transformer is calcu-
lated according to the gating weight, as shown in the following Eq. (20):

y1 = Concat (F-U], T~Uz) (20)

Since the vision module and Double-Tower module belong to differ-
ent datasets and have different features extracted, the output of the two
nonlinear activation modules is followed by the fully connected layer
as V and y,. Similar to the above, the splicing vector 4, is obtained, as
shown in the following Eq. (21):

hy = W, - Concat (yl,V) +b, @D

where, h, represents the result of the fusion of vision module and
Double-Tower module and V represents the feature of vision module.

Thus, the gating weights vs, v, of vision module and Double-Tower
module are obtained, as shown in the following Eq. (22):

v3,04 = Softmax (h,) (22)

Finally, the output of the duel-gate structure is obtained as following
Eq. (23):

Gategyp, = Concat (yy - 03,V - 04) 23)
4. Experimental results and analysis

In this section, the performance of MFGTN will be assessed.. Firstly,
the experimental setup is introduced in Section 4.1, covering the en-
vironment, dataset, parameter setting, and evaluation metrics. Next,
baseline methods compared in Section 4.2 are presented. Section 4.3
reports the comparison with State-of-the-art methods, and Section 4.4
delves into ablation experiments. Finally, the experimental results are
discussed in Section 4.5.

4.1. Experimental setup

Environment: All experiments were conducted on a machine
equipped with an Intel(R) Xeon(R) Gold 6330 CPU @ 2.00 GHz and
an NVIDIA RTX 3090. Python 3.8 and PyTorch 2.1.0 were used for
building and training our models.

Datasets: (1) HN_STV dataset. (2) Public dataset including three
fishing activities. The latter consists of trajectory data from ships in
the East China Sea (anonymized). It represents real historical maritime
vessel trajectory data, covering multiple dimensions of information.
Each trajectory includes details such as vessel ID, latitude, longitude,
speed, course, time, and operational mode (trawling, encircling, and
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Table 2
Confusion matrix.
. Predition
Confusion
Positive Negative
Positive True Positive False Negative
Reference . L. .
Negative False Positive True Negative

gillnetting). The latter dataset can be found on the https://aistudio.
baidu.com/datasetdetail/146541. The latter dataset comprises 14,656
training samples and 3664 testing samples, with an equal distribution
of positive and negative samples.

Parameter Setting: In the MFGTN network, some key hyperparam-
eters used have the following values: the embedding dimension d,,,,,,; is
1024 and 512, the input length d,,,,, for time series is 1391, the feature
dimension d,,,,, for time series is 4, the output dimension d,,,, for
the classifier is 2, the number of layers for the encoder is 8, the number
of heads for multi-head attention is 8, the learning rate is 1e-5 and the
optimizer selected is Adagrad.

Evaluation Metrics: Classification accuracy, Recall, Precision, F1-
score, ROC curve and Time/Sample are chosen as evaluation metrics.
Wherein, Time/Sample denotes the time taken to test each individual
sample, measured in seconds. Meanwhile, before introducing other
metric, it is essential to understand the confusion matrix, as shown in
Table 2:

True Positive and True Negative are correctly predicted data, while
False Positive and False Negative are incorrectly predicted data, with
the following meanings:

TP (True Positive): Instances correctly predicted as positive. In
other words, the actual value is positive, and the prediction is also
positive.

TN (True Negative): Instances correctly predicted as negative.
This refers to situations where the actual value is negative, and the
prediction is also negative.

FP (False Positive): Instances incorrectly predicted as positive. This
occurs when the actual value is negative, but it is incorrectly predicted
as positive.

FN (False Negative): Instances incorrectly predicted as negative.
This happens when the actual value is positive, but it is incorrectly
predicted as negative.

From these definitions, the definitions of Accuracy, Precision, Re-
call, and F1-Score can be derived.

Accuracy represents the proportion of correctly classified samples
to the total number of samples. It is defined as follows Eq. (24):

Accuracy = TP+TN 24)
YT TPYFP+TN+FN

Precision represents the proportion of samples predicted as positive
among those that are actually positive. It is defined as follows Eq. (25):

Precision = _Ir (25)
TP+ FP

Recall represents the proportion of actual positive samples among
those predicted as positive. It is defined as follows Eq. (26):

Recall = _Tre (26)
TP+ FN

F1-Score is a weighted average of precision and recall, defined as
follows Eq. (27):

N Precision % Recall

Fi =2 —
Precision + Recall

(27)

Precision reflects the model’s ability to differentiate negative sam-
ples, with higher precision indicating stronger discrimination against
negative samples. Recall reflects the model’s ability to identify positive
samples, with higher recall indicating stronger identification of positive
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samples. F1-Score combines both, and a higher F1-Score suggests a
more robust model.

ROC Curve is a graphical tool used to represent the performance
of a classification model. It depicts the performance of the classifier at
different thresholds by plotting the true positive rate (TPR) and false
positive rate (FPR) on the y-axis and x-axis, respectively.

True Positive Rate (TPR): also known as Recall, measures the
classifier’s ability to correctly identify positive instances. TPR can be
understood as the rate of detection within all positive instance, so a
higher TPR is better. Its calculation formula is the same as recall, as
shown in Eq. (28):

TP
TPR = ——— 2
TP+ FN (28)

False Positive Rate (FPR): FPR indicates the proportion of negative
instances that the model incorrectly predicts as positive. It can be
understood as the rate of false positives within all actual negative
instances (false alarm rate), so a lower FPR is better. Its calculation
formula is as follows Eq. (29):

FPR = —fP (29)
FP+TN

AUC (Area Under the Curve): AUC is the area under the ROC
curve and is used to measure the classifier’s performance. A higher AUC
value indicates better classifier performance, while a lower AUC value
suggests poorer performance.

Additionally macro and micro evaluation metrics are included in
the ROC curve graph, as shown in Figs. 6 and 7. The macro metric
calculates TPR/FPR/AUC separately for each class and then computes
the arithmetic average. The micro metric performs a global compu-
tation by summing up all confusion matrices and then calculating
TPR/FPR/AUC. These two metrics, as with AUC in the ROC curve, are
represented by the area under the curve, where a larger area indicates
superior recognition performance of the classifier.

4.2. Baselines

MFGTN was compared with four traditional deep learning baseline
methods and three recent networks, providing a brief introduction to
each method. Interested readers can refer to the original papers for
more details.

Fully Convolutional Network (FCN) and Residual Network
(ResNet) (Wang et al., 2017): These are reported as among the best
deep learning models for multi-dimensional time series classification
tasks (Ismail Fawaz et al., 2019). Multi-Layer Perceptron (MLP) is
also included in our comparison as a simple baseline. For these three
baseline networks, reference was made to the original papers for the
proposed model structures and the network parameters were adjusted
to be of the same order of magnitude.

General Neural Network Encoder (Serra et al., 2018): This struc-
ture is based on the Transformer’s Encoder.

DA-Net (Chen et al., 2022): A model for multi-dimensional time
series classification that employs a novel dual-attention-based net-
work to explore local-global features in multi-dimensional time series
classification.

MF-Net (Du et al., 2023): A model for multi-dimensional time
series classification that utilizes global-local blocks to capture local
features through an attention-based mechanism and spatial local blocks
to capture spatial dependency features. It further incorporates a sparse
self-attention mechanism to capture global features. Finally, combining
local and global features, it utilizes spatial local blocks to capture
spatial dependency features.

TimesNet (Wu et al., 2022): It achieves this by transforming one-
dimensional time series into a set of two-dimensional tensors based on
multiple periods, extending the analysis of temporal changes into two-
dimensional space. It employs the proposed TimesBlock to adaptively
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discover the multi-periodicity adaptively and extract the complex tem-
poral variations from transformed 2D tensors by a parameter-efficient
inception block.

Dlinear (Zeng et al., 2023): Through investigation, it was found
that employing positional encoding and using tokens to embed sub-
series in Transformer facilitate preserving some ordering information.
However, the nature of the permutation-invariant self-attention mech-
anism inevitably results in temporal information loss. Therefore, a
simple one-layer linear models named LSTF-Linear was proposed, and
comprehensive empirical research was conducted, demonstrating the
significant advantages of this model.

SVP-T (Zuo et al., 2023): A model for multi-dimensional time series
classification that initially takes time series subsequences as input, orig-
inating from different variables and positions. It introduces a variable
position encoding layer (vp layer) to leverage variable and positional
information for each shape. Lastly, it incorporates a new vp (variable
position)-based self-attention mechanism to enhance attention weights
for overlapping shapes.

4.3. Comparison with state-of-the-art methods

Due to the limitations of the experimental data, the accuracy of
all baseline experimental results is provided by the baseline models
available in open-source networks under the same experimental condi-
tions, utilizing the same dataset for testing. For reproducibility, a fixed
random seed was set, and for consistency in presentation, two decimal
places were retained. The results are presented in Table 3. To better
showcase the advanced capabilities of our network as a classifier, ROC
curves for all networks are plotted, as depicted in Fig. 6.

Additionally, to verify the generalization of our network, the public
dataset including three fishing activities available online was also
utilized to conduct comparative experimental tests. The experimental
results and corresponding ROC curves are shown in Table 3 and Fig. 7
below.

4.4. Ablation study

In order to clearly illustrate the performance gains of each module
in MFGTN, a comprehensive study is conducted as shown in Table 4.
It can be seen from the last row of the table that by integrating all
modules, experimental results such as accuracy rate, recall rate and
memory-usage degree all reflect the effectiveness of each module in im-
proving classification network. Meanwhile, the following conclusions
can be drawn from Table 4:

1. The addition of the visual module, making full use of both
structured and unstructured information in fusion data, is superior to
utilizing only structured information in fusion data. As seen in Table 4,
in the third row, the accuracy is increased by 2%, and the Recall,
Precision, and F1-score indicators are improved to varying degrees.

2. Considering the time complexity of the Attention mechanism in
Transformers, replacing the original module with the Fast Attention
module improves network memory consumption and precision. As
shown in Table 4, in the four rows with the addition of the Fast
Attention module, under the same batch_size conditions, not only does
the network’s training memory consumption significantly decrease by
half, but there is also improvement in accuracy and various indicators.

3. For the Double-Tower network, a proposed improved gate struc-
ture allocates different weights to outputs for time series and image
data, addressing them separately. As indicated in Table 4, in the
four rows with the addition of the Gate module, this gate structure
proves to be effective. Analyzing the weights assigned by this gate
structure when the network runs up to 2/3 of the epoch, extracted
from the blue module in Fig. 2, the weight ratio is Feature-wise: Time-
wise = 0.7103: 0.2887. This suggests that, concerning fishing vessel
fusion information, the network places more emphasis on structural
information at the feature level, as features include the important vessel
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Table 3
The results of HN_STV dataset and public dataset including three fishing activities for each network.
HN_STV Public data
Accuracy Recall Precision F1-score Time/Sample Accuracy Recall Precision F1-score Time/Sample
FCN (Wang et al., 2017) 68.18 67.27 69.53 68.38 0.0026 63.56 63.21 63.89 63.54 0.0031
ResNet (Wang et al., 2017) 70.17 70.29 70.93 70.61 0.0152 65.36 65.29 66.03 65.66 0.0143
MLP (Wang et al., 2017) 67.76 67.67 68.07 67.87 0.0130 62.95 62.68 62.05 62.36 0.0127
Encoder (Serra et al., 2018) 74.18 74.27 73.53 73.89 0.0132 77.97 77.92 78.55 77.98 0.0138
DA-Net (Chen et al., 2022) 81.55 81.34 83.87 81.15 0.0122 74.32 74.32 74.09 73.60 0.0125
MF-Net (Du et al., 2023) 79.76 79.52 82.64 79.21 0.0120 75.03 75.08 75.01 74.99 0.0115
TimesNet (Wu et al., 2022) 82.38 82.12 80.56 81.33 0.0156 78.52 77.12 78.04 77.58 0.0167
Dlinear (Zeng et al., 2023) 73.21 73.12 72.93 73.02 0.0019 70.32 70.04 71.64 70.83 0.0023
SVP-T (Zuo et al., 2023) 82.59 82.36 84.56 83.44 0.0102 79.66 79.64 79.67 79.37 0.0121
Ours 84.92 84.82 85.53 84.83 0.0078 82.61 82.23 81.92 82.07 0.0081
Table 4
The results of Ablation Study on the HN_STV dataset.

Double-Tower Vision Fast Attention Gate Accuracy Recall Precision F1-score Memory-Usage

v 80.74% 80.72% 80.96% 80.84% 16894MiB

v v/ 82.56% 82.42% 84.30% 83.35% 23715MiB

v v 82.41% 82.03% 83.98% 82.99% 8694MiB

v v 81.23% 81.05% 81.78% 81.41% 17219MiB

v 4 v 84.13% 84.01% 83.56% 83.78% 11024MiB

v v/ v 83.12% 83.02% 83.82% 83.41% 23867MiB

v v v 82.89% 82.87% 83.09% 82.97% 8934MiB

v 4 v v 84.92% 84.82% 85.53% 84.83% 11058MiB

7 » »  micro-average ROC curve (area = 0.86) S » = micro-average ROC curve (area = 0.84) ya « «  micro-average ROC curve (area = 0.86)
L, = = macro-average ROC curve (area = 0.85) s = = macro-average ROC curve (area = 0.84) s = = macro-average ROC curve (area = 0.84)
l’ —— ROC curve of class 0 (area = 0.84) ,’ = ROC curve of class 0 (area = 0.84) ,f ROC curve of class 0 (area = 0.84)
ne —— ROC curve of class 1 (area = 0.84) P4 —— ROC curve of class 1 (area = 0.84) §e ~—— ROC curve of class 1 (area = 0.84)
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52 = s macro-average ROC curve (area = 0.82) = = macro-average ROC curve (area = 0.85) = = macro-average ROC curve (area = 0,88)
/’ —— ROC curve of class 0 (area = 0.82) = ROC curve of class 0 (area = 0.85) = ROC curve of class 0 (area = 0.88)
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Fig. 6. ROC curves of each network in HN_STV dataset. The horizontal coordinate indicates False Positive Rate, and the vertical coordinate indicates True Positive Rate. The
magenta dotted line indicates the micro-average ROC curve, the blue dotted line indicates the macro-average ROC curve, the solid line indicates the ROC curve of class 0,
and the solid line indicates the ROC curve of class 1.

attributes of longitude, latitude, speed, and direction. Additionally, the 4.5. Quantitative comparison
weight ratio of Time Series data: Vision data is 0.6823: 0.3177. This

indicates that the network still places considerable emphasis on the From Table 3, it can be observed that our method achieves an
unstructured information in fusion data and effectively utilizes visual overall accuracy superior to all relevant methods in HN_STV dataset,
data to improve network classification accuracy. with a 2.34% improvement compared to the second-ranking network,

10
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Fig. 7. ROC curves of each network in public dataset including three fishing activities. The horizontal coordinate indicates False Positive Rate, and the vertical coordinate indicates

True Positive Rate. The magenta dotted line indicates the micro-average ROC curve, the blue dotted line indicates the macro-average ROC curve, the

ROC curve of class 0, and the solid line indicates the ROC curve of class 1.

SVP-T. The recall, precision, and Fl-score values are also superior to
other methods, with increases of 2.46%, 0.97%, and 1.39%, respec-
tively, compared to the second-ranking network, SVP-T. Meanwhile, as
indicated by the “Time/sample” column in Table 3, it is observed that
the our method to test each sample is 0.0078 s, second only to two
networks that use the fully connected layer as a classifier. This shows
that our approach has significant advantages in terms of efficiency
across all complex networks and validates the effectiveness of the fast
attention mechanism integrated into MFGTN networks.

The primary reason for the generally low experimental accuracy of
each network in Table 3 is that, to simulate the diversity of vessel types
present in real oceans, some non-single-trawl fishing vessel data are
randomly extracted from actual vessel trajectories. These data do not
represent a single vessel operation type; for instance, they may include
cruise ships, container ships, passenger ships, etc. Therefore, the sample
distribution in non-single-trawl data is not regular but rather chaotic.

At the same time, as shown in Fig. 6, all curves of our network are
located in the upper-left quadrant (0.2, 0.8) of the ROC curve, while
the ROC curves of other networks such as DA-Net, MF-Net, and SVP-
T are situated in the lower-right quadrant (0.2, 0.8). Consequently, the
AUC area of our network is greater than that of other networks, as well
illustrated in these eight comparative graphs, reflecting the superiority
of our network.

Results from the public dataset including three fishing activities
also reveal that our method’s overall accuracy surpasses all relevant
methods, with a 2.95% improvement compared to the second-ranking
network, SVP-T. The recall, precision, and Fl-score values are also
superior to other methods, with increases of 2.59%, 2.25%, and 2.70%,
respectively, compared to the second-ranking network, SVP-T. More-
over, it can be observed from the “Time/sample” column that our

11

solid line indicates the

network still ranks third in time consumed per sample in this dataset,
with the lowest time cost of all complex networks at 0.0081 s. This
substantial lead in all complex networks still exists. Meanwhile, the per-
formance of our network in the ROC curve is also enhanced, although
not significantly, indicating that our network’s classification ability on
datasets with large data volumes still needs improvement.

4.6. Qualitative analysis

To better demonstrate the recognition capability of the MFGTN
network, three trajectories of single-trawl fishing operations and three
trajectories of non-single-trawl fishing operations were plotted sepa-
rately. In these plots, trajectories highlighted in red represent single-
trawl fishing operations, as shown in column (a) of Fig. 8. According to
the prior knowledge of maritime personnel, single-trawl fishing vessels
typically operate extensively in offshore waters, engaging in linear
fishing activities, and exhibit characteristics such as departing from the
shore. From the first three plots in Fig. 8(a), it is evident that these
three trajectories correspond to single-trawl fishing operations. The
fourth plot in column (a) indicates a non-single-trawl fishing operation
trajectory, which did not depart from the shore and had a short fishing
distance. The fifth plot clearly represents a non-single-trawl fishing
operation trajectory. Although the trajectory in the sixth plot departed
from the shore, its main activity range was not in offshore waters.

Subsequently, each of these six trajectories was inputted into each
network for detection, and the detection results were then re-labeled
and plotted, as shown in Fig. 8(b)—(g). From the obtained detection
results, it can be seen that the MFGTN network accurately identified the
trajectories of single-trawl fishing vessels and highlighted them in red.
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(a) Images (b) Ours (c) DA-Net

(d) MF-Net

(e) Timesnet (f) Dlinear (g) SVP-T

Fig. 8. The operation result of MFGTN network in real scenario. The red trajectory represents a single-trawl vessel.

Meanwhile, DANet, MFNet, and Dlinear exhibited varying degrees of
false alarm and miss rate, while TimesNet and SVP-T showed different
degrees of false alarm. The experimental results above collectively
demonstrate the superiority of our network.

4.7. Discussions

While Sections 4.4 to 4.6 adequately demonstrate the advantages of
our model over some of the latest and typical networks, there are still
certain limitations:

1. Although our model has significantly reduced the GPU memory
consumption during training, the memory capacity on some micro-
terminals is still insufficient. This limitation restricts the use of the
model to testing on micro-terminals and prevents retraining the model
when it becomes corrupted or when receiving large batches of new
data.

2. Our model is designed to adapt to complete and clear trajectory
data at ocean. However, when the received data contain errors or are
blurry or fragmented, our model may easily lead to false alarm or
omissions.

3. As shown in Table 3, while our model has outperformed some
complex models in terms of data processing speed, there is still room
for improvement while simpler models are more efficiently.

In response to these three points of discussion, we will continue to
refine and optimize our model in the future.

5. Conclusion and prospect

In this paper, a Fast Gate-level Transformer network for multi-
source information processing is proposed, named MFGTN. We leverage
both the structured and unstructured information in TFFS data to
enhance the performance of the network classifier. This is achieved
by transforming TFFS data into recurrence plot images and trajectory
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point images, which are then input into the Fast former visual module.
The features obtained from the time series module are combined with
the visual module’s output using an improved gate structure to achieve
accurate data classification. To address challenges related to the large
volume of TFFS data and the high memory consumption and training
time of the network, we introduce the Fast Attention module to improve
the traditional Attention mechanism in Transformers, reducing memory
consumption by half. Experimental results demonstrate that MFGTN
achieves the highest accuracy and outperforms existing methods in
various metrics.

For future work, we intend to further improve the accuracy of
MFGTN by focusing on enhancing features at the feature step level,
as observed in Section 4.5. Additionally, we plan to propose more
effective methods for improvement, especially tailored to datasets with
large data volumes, to further enhance the classifier’s classification
capabilities.
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