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Abstract: Accurate vessel trajectory prediction is essential for maritime safety and traffic 11 

management. While Automatic Identification System (AIS) data offer valuable spatiotemporal 12 

information, reliable forecasting remains challenging due to heterogeneous traffic patterns and 13 

dynamic behaviors. This study proposes a two-stage, cluster-aware framework, IDCMSA-14 

MSIFE, that integrates trajectory clustering with multi-source deep learning to enhance 15 

prediction accuracy and robustness. In the first stage, an Improved Density Clustering with 16 

Mapping and Spatial Accessibility (IDCMSA) method is developed to identify representative 17 

traffic patterns by mapping trajectories to characteristic points and detecting their density-18 

reachable relationships within a grid-based structure. This process distinguishes heterogeneous 19 

navigation behaviors in complex maritime environments. In the second stage, trajectories in 20 

each cluster are fed into a Multi-Source Information Fusion Enhanced (MSIFE) deep learning 21 

network. The model integrates multiple AIS-derived features, including trajectory coordinates, 22 

Course Over Ground (COG), and Speed Over Ground (SOG), through a self-attention 23 

mechanism, while Bidirectional Long Short-Term Memory (Bi-LSTM) units capture temporal 24 

movement dynamics. To enhance training stability and predictive consistency, correction terms 25 

are added to the loss function. Experimental results on real-world AIS datasets from two 26 

maritime regions show that our framework outperforms seven benchmarks in accuracy and 27 

robustness, demonstrating its value for navigation support and collision risk mitigation. This 28 

study provides a data-driven approach for safer maritime management. 29 

Keywords: Maritime IoT, AIS data, Vessel trajectory prediction, Clustering algorithm, Deep 30 

learning 31 

1. Introduction 32 

Economic globalization has intensified the cross-border movement of goods, raw materials, 33 

and resources, resulting in increasingly frequent international trade activities (W. Xing et al., 34 

2023). As the backbone of global commerce, transportation services are indispensable because 35 

the movement of goods between countries cannot occur without them (Baeza et al., 2022). 36 

Among various transport modes, maritime shipping remains the dominant choice due to its 37 

substantially lower cost and significantly higher carrying capacity compared with air or pipeline 38 

transport (Y. Li et al., 2024). As maritime transport grows, vessel traffic surges and interactions 39 

become more frequent within constrained waterways. As a result, this leads to greater traffic 40 

pressure and higher risks of congestion and collision incidents (Gan et al., 2023). Traffic 41 

congestion undermines operational efficiency and increases transport costs, whereas collisions 42 

may result in catastrophic consequences, including loss of life, property damage, and 43 

environmental pollution (Liu et al., 2025). These challenges underscore the urgent need for 44 
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advanced technical solutions that support proactive maritime risk mitigation. 45 

Vessel trajectory prediction constitutes a critical research focus for addressing these issues. 46 

By analyzing the evolution of historical vessel movement patterns, trajectory prediction models 47 

can infer future vessel positions and thereby identify potential high-risk encounters in advance 48 

(H. Li et al., 2024; Wang et al., 2025). As illustrated in Fig. 1, accurate forecasting of trajectory 49 

development trends enables maritime authorities to identify collision-prone regions promptly 50 

and implement timely interventions. 51 

 52 

Fig. 1. Visualization of the application background for vessel trajectory prediction. 53 

Recent innovations in Location-Based Services (LBS) and the maritime Internet of Things 54 

(IoT) have further advanced this field. The Automatic Identification System (AIS), a core 55 

component of the maritime IoT, provides high-frequency dynamic and static information on 56 

vessel navigation, anchoring, and mooring activities (Liang et al., 2025). Dynamic attributes 57 

include timestamps, geographical coordinates, Course over Ground (COG), and Speed over 58 

Ground (SOG), whereas static attributes include vessel type, dimensions, and Maritime Mobile 59 

Service Identity (MMSI) (Shu et al., 2024). This wealth of AIS data forms a crucial foundation 60 

for data-driven vessel trajectory prediction, supporting both maritime situational awareness and 61 

the broader development of Intelligent Transportation Systems (ITS) in the marine environment 62 

(see Fig. 2). 63 

The availability of rich data enables the investigation of new AI solutions in ship trajectory 64 

prediction. Deep learning (DL) (Shin and Yang, 2025) and neural network (NN) (Deng et al., 2025) 65 

models have become prominent tools for vessel trajectory prediction due to their capacity to capture 66 

nonlinear patterns embedded in large-scale AIS datasets. Although DL extends the architecture of 67 

traditional NNs through deeper and more complex layers (Li et al., 2025), a common limitation 68 

persists: most existing studies train a single prediction model on all trajectories within the target 69 

region. In complex waterways, where vessel movements exhibit diverse structural patterns, 70 

mixing heterogeneous trajectories in a single model can obscure the unique features of specific 71 

trajectory types, thereby reducing prediction accuracy and stability. To alleviate this challenge, 72 

several studies have incorporated clustering techniques that categorize trajectories according to 73 

spatial and temporal patterns before model training (Alam et al., 2024; Park et al., 2021; Yang 74 

et al., 2022a). 75 
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 76 
Fig. 2. Visual illustration of the maritime IoT system. 77 

Building on this idea, this study develops a two-stage prediction framework. It aims to 78 

improve accuracy, robustness, and interpretability. The focus is on forecasting vessel 79 

trajectories in complex maritime environments. In such environments, many state-of-the-art 80 

methods fail to deliver reliable predictions. The proposed framework consists of two 81 

components. First, a novel trajectory clustering algorithm called Improved Density Clustering 82 

with Mapping and Spatial Accessibility (IDCMSA). Second, a multi-source information fusion 83 

deep learning model, named the Multi-Source Information Fusion Enhanced (MSIFE) network. 84 

Together, these components form the IDCMSA-MSIFE trajectory prediction framework. 85 

This study offers four key contributions to advance vessel trajectory prediction and address 86 

gaps in maritime intelligent transportation research: 87 

(1) Development of an integrated hierarchical prediction framework (IDCMSA-MSIFE). 88 

A new two-stage trajectory prediction methodology is constructed. The framework first 89 

performs trajectory clustering to reduce data heterogeneity and improve clustering precision, 90 

followed by independent DL-based training for each cluster to enhance prediction reliability. 91 

This hierarchical structure overcomes limitations in existing single-model approaches. 92 

(2) Proposal of the IDCMSA algorithm for vessel trajectory clustering. 93 

A novel clustering technique is designed by mapping each trajectory into a point via 94 

Multidimensional Scaling (MDS), projecting these points into a density matrix, and applying 95 

convolution to detect spatial accessibility relationships. Trajectories with density-reachable 96 

relationships are grouped into the same cluster. This approach retains the advantages of density-97 

based clustering (e.g., Density-Based Spatial Clustering of Applications with Noise (DBSCAN)) 98 

while addressing its shortcomings: (i) eliminating the need for complex hyperparameter tuning 99 

and (ii) improving robustness to trajectory noise. 100 

(3) Development of the MSIFE network for multi-source trajectory learning. 101 
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The MSIFE model fully leverages multi-source AIS information, trajectory coordinates, COG, 102 

and SOG, through an attention-based feature fusion mechanism. Bidirectional Long Short-Term 103 

Memory (Bi-LSTM) units capture temporal evolution patterns, while three corrective loss terms 104 

enhance backward optimization, enabling the model to better learn intricate trajectory dynamics 105 

and achieve higher prediction accuracy. 106 

The remainder of the paper is organized as follows. Section 2 presents a literature review on 107 

vessel trajectory clustering and prediction, highlighting the existing research gaps that motivate 108 

the development of the proposed framework. Section 3 presents key definitions, describes the 109 

AIS datasets, and explains the data preprocessing procedures. Section 4 elaborates on the 110 

theoretical principles of IDCMSA and MSIFE, including the limitations of existing approaches 111 

that the proposed methods address. Section 5 reports the results of ablation and comparative 112 

experiments that validate the effectiveness of the framework. Section 6 summarizes the main 113 

findings, discusses practical implications, and outlines future research directions. 114 

2. Literature review 115 

Recent years have witnessed substantial progress in vessel trajectory prediction, driven by the 116 

increasing demand for accurate forecasting to support safe and efficient maritime operations. A 117 

common strategy in the literature involves first clustering trajectories in the target region and 118 

then training NN or DL models on cluster-specific subsets to generate predictions for future 119 

time steps. To clearly define the strategy by evidence and provide a systematic understanding 120 

of existing research, this section is organized into three parts. Section 2.1 reviews vessel 121 

trajectory clustering algorithms. Section 2.2 summarizes NN- and DL-based trajectory 122 

prediction models. Section 2.3 identifies the key research gaps motivating the present study. 123 

2.1. Overview of vessel trajectory clustering algorithms 124 

Differences between vessel trajectories are primarily reflected in their spatial and temporal 125 

similarities (Guo et al., 2024). Clustering algorithms exploit these relationships to group 126 

trajectories exhibiting common movement patterns, thereby enhancing interpretability and 127 

facilitating downstream prediction tasks (Sheng et al., 2018). Existing clustering approaches 128 

can be broadly classified into seven methodological categories. (1) Partition-based clustering 129 

method. The K-Means clustering algorithm (Ikotun et al., 2023) represents this category. It 130 

partitions trajectories into clusters based on proximity to cluster centroids. Although 131 

computationally efficient, its reliance on predefined cluster numbers and sensitivity to 132 

initialization can limit performance. (2) Hierarchical clustering algorithm. This technique 133 

iteratively merges or splits clusters to construct a tree-like structure that captures multi-level 134 

data organization (Ran et al., 2023). It offers interpretability but incurs high computational costs 135 

on large-scale AIS datasets. (3) Model-based clustering. The Gaussian Mixture Model (GMM) 136 

(Fu et al., 2021) is a typical representative that can probabilistically model trajectory coordinate 137 

distributions. However, GMM struggles with irregular trajectory shapes and noise. (4) Grid- or 138 

network-based clustering. These methods map trajectories onto grid matrices and determine 139 

clusters based on cell densities, as seen in Statistical Information Grid (Bureva et al., 2017) and 140 

Clustering In QUEst (Ma et al., 2024). They are suitable for large datasets but may be sensitive 141 

to grid resolution. (5) Graph-based clustering. Trajectories are treated as nodes connected by 142 

spatial–temporal proximity, forming the basis for clustering via graph partitioning techniques 143 

(Chen and Pan, 2018) to get different clusters (Ding et al., 2024). (6) Fuzzy clustering. Fuzzy 144 

C-Means (FCM) (Bezdek et al., 1984) assigns each trajectory a membership degree across 145 
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clusters. Although suitable for ambiguous boundaries, overlapping vessel trajectories can lead 146 

to instability in final classifications. (7) Density-based clustering. DBSCAN (Latifi-Pakdehi 147 

and Daneshpour, 2021) identifies clusters based on neighbourhood density parameters. While 148 

robust to noise, its performance heavily depends on optimal parameter selection, which can be 149 

challenging in heterogeneous traffic environments. 150 

Although these methods provide diverse perspectives, they share a common limitation: their 151 

performance declines when dealing with increased irregular, noisy, or highly variable maritime 152 

trajectories, a challenge that motivates the development of new adaptive and robust clustering 153 

mechanisms. 154 

2.2. Overview of vessel trajectory prediction models 155 

Trajectory prediction models built on training networks typically consist of five components: 156 

input layer, hidden layer, output layer, optimizer, and loss function. The hidden layer structure, 157 

optimizer selection, and loss function design are particularly critical, as they directly influence 158 

learning capability and prediction performance. Depending on the depth and complexity of the 159 

hidden layers, these models fall into two categories: NN-based and DL-based approaches. 160 

2.2.1. NN-based prediction models 161 

Traditional NNs consist of a single or a limited number of hidden layers with relatively simple 162 

structures. They have been widely used in vessel trajectory prediction due to their ability to 163 

approximate nonlinear functions. Representative NN architectures include Back Propagation 164 

Neural Network (BPNN) (Chen et al., 2022), Wavelet Neural Network (WNN) (Ali and Aly, 165 

2024), Generalized Regression Neural Network (GRNN) (Rutkowski, 2004), Elman Neural 166 

Network (ENN) (Xu et al., 2023), Fuzzy Neural Network (FNN) (Zhang et al., 2021), Grey 167 

Neural Network (GNN) (Shi et al., 2024). 168 

To enhance their prediction accuracy and robustness, many studies incorporate optimization 169 

techniques such as Genetic Algorithm (GA), Particle Swarm Optimization (PSO), Ant Colony 170 

Optimization (ACO), and Differential Evolution (DE). Examples include GA-ENN for 171 

improved forecasting accuracy (B. Liu et al., 2022), GA-BPNN for enhanced network fitting 172 

capability (Yi et al., 2021), and hybrid GA-PSO-based optimizations to mitigate issues arising from 173 

randomly initialized weights (Ma et al., 2020). 174 

Despite these improvements, NN-based models often struggle with complex and long-range 175 

temporal dependencies inherent in vessel trajectories due to their limited representational 176 

capacity. 177 

2.2.2. DL-based prediction models 178 

Deep learning models extend NNs through deeper architectures and larger numbers of 179 

neurons, enabling the extraction of high-level abstract features essential for modelling complex 180 

vessel trajectory patterns (Jiao et al., 2026; Shu et al., 2026). DL models can be broadly 181 

categorized into discriminative and generative approaches (Fig. 3). Specifically, discriminative 182 

networks model the conditional probability distribution between an input sequence and its 183 

corresponding label, enabling them to perform tasks such as label prediction (Li et al., 2023a, 184 

2023b). Their primary applications include time series forecasting (Huang et al., 2022), image 185 

or text classification (Chen and Feng, 2020), recommendation systems (Milanes et al., 2021). 186 

In contrast, generative networks learn the joint probability distribution of input sequences and 187 

labels, allowing them to generate new data samples. They are widely used in applications such 188 

as image or text generation (de Rosa and Papa, 2021; Xu et al., 2018), data augmentation 189 
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(Antoniou et al., 2018), style transfer (Zhang and Dana, 2018). 190 

 191 

Fig. 3. Visualization of DL classification structure. 192 

Discriminative networks mainly include Deep Neural Network (DNN) (Samek et al., 2021), 193 

Recurrent Neural Network (RNN) (Mienye et al., 2024), Convolutional Neural Network (CNN) 194 

(Yang et al., 2021), Deep Residual Network (DRN) (Hu et al., 2023), etc. 195 

DNN offers stronger hierarchical feature extraction capabilities than BPNN. X. Li et al. (2022) 196 

integrated DNN with LSTM while incorporating environmental variables (e.g., wind, 197 

temperature, ocean currents) to enhance trajectory prediction. RNN captures temporal 198 

dependencies but suffers from vanishing/exploding gradients. LSTM (Gao et al., 2021) and 199 

Gated Recurrent Unit (GRU) (Xue et al., 2024) address these limitations, while their bi-200 

directional variants, Bi-LSTM (Yang et al., 2022b) and Bi-directional Gated Recurrent Unit 201 

(Bi-GRU) (Reza et al., 2023), further capture global contextual information. In practical 202 

applications, Y. Li et al. (2024) converted ship trajectory coordinates into Geohash-encoded 203 

embedding vectors, reduced their dimensionality using a BPNN, and then applied an LSTM to 204 

capture temporal dependencies for trajectory prediction. CNNs, which are designed for matrix-205 

structured data, extract local features through convolution operations and progressively build 206 

high-level semantic representations through their hierarchical architecture. CNNs extract 207 

spatial features in trajectory data and are often combined with RNN variants for improved 208 

learning, including CNN-LSTM (Lu et al., 2021; Syed and Ahmed, 2023), CNN-GRU (Du et 209 

al., 2025), CNN-BiLSTM (Yang et al., 2024), and CNN-BiGRU (Chang et al., 2024), etc. CNNs 210 

learn the spatial patterns of trajectories, while RNNs capture their temporal dynamics. 211 

Combining the two can therefore improve the model’s overall learning capability. In maritime 212 

ITS, dynamic vessel interactions, waterway topologies, and port layouts often exhibit complex 213 

graph structures that are not fully captured by traditional grid or sequence representations (Gan 214 

et al., 2025; Gong et al., 2025). To model such inherently non‑Euclidean traffic data more 215 

effectively, Graph Convolutional Networks (GCNs) have been introduced to this domain. 216 
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GCNs extend the convolution operation to graph structures, learning deep representations of 217 

waterway networks and vessel interactions by aggregating information from nodes and their 218 

neighborhoods (Yin et al., 2025). This approach naturally captures cooperative and avoidance 219 

behaviors among vessels, channel connectivity, and port‑area influences. As a result, GCNs 220 

provide a more powerful modeling tool for tasks such as vessel trajectory prediction and 221 

navigation conflict detection. The core idea of DBNs is to use residual learning to address 222 

gradient explosion or vanishing issues during deep network training, allowing the model to 223 

support more hidden layers and better learn data variation patterns. 224 

Generative approaches learn joint probability distributions and can produce synthetic 225 

trajectories or latent representations useful for prediction. They mainly include Generative 226 

Adversarial Network (GAN) (Aggarwal et al., 2021), Restricted Boltzmann Machine (RBM) 227 

(Zhang et al., 2018), Deep Belief Network (DBN) (Sohn, 2021), and Auto-Encoder (AE) (Wang 228 

et al., 2016), etc. Specifically, GAN consists of a generator and a discriminator trained in an 229 

adversarial framework. The generator produces realistic samples, while the discriminator 230 

distinguishes real data from generated data. Because GANs learn directly from the data 231 

distribution without requiring labels, they are well-suited for unsupervised high-quality sample 232 

generation. Jia and Ma (2023) applied this concept to vessel trajectory prediction by proposing 233 

a Conditional Temporal GAN (CTGAN). Their model uses a trajectory generator to learn vessel 234 

movement patterns and produce future trajectory distributions, while an intent classifier 235 

evaluates whether the generated trajectories align with realistic behaviour. Through adversarial 236 

training, the two components jointly improve prediction performance. RBM is an unsupervised 237 

generative model composed of visible and hidden layers. It is effective at capturing latent 238 

features and is particularly useful for dimensionality reduction. Mocanu et al. (2017) developed 239 

a disjunctive factored four-way conditional RBM that integrates tensor factorization to better 240 

model high-dimensional data. DBN is a hierarchical generation model formed by stacking 241 

multiple RBMs. It employs layer-wise unsupervised pre-training followed by supervised fine-242 

tuning, helping to mitigate gradient vanishing or explosion in deep networks. B. Xing et al. 243 

(2023) used DBN for trajectory prediction and improved performance by optimizing key 244 

hyperparameters, including the number of hidden layers, hidden units, and learning rate. AE 245 

uses an encoder-decoder architecture to learn low-dimensional representations of data, enabling 246 

feature extraction, data dimensionality reduction, and generation tasks. Wang et al. (2024) 247 

proposed SocialVAE and Transformer-based models for vessel trajectory prediction, explicitly 248 

modelling vessel collision-avoidance behaviour to improve prediction accuracy in emergency 249 

scenarios. 250 

2.3. Research Gaps 251 

Despite considerable progress in vessel trajectory clustering and prediction, several 252 

fundamental limitations remain unresolved in existing studies. 253 

(1) Limited robustness of conventional clustering algorithms for complex maritime 254 

trajectories. 255 

Widely adopted clustering approaches, such as DBSCAN and K-means, exhibit inherent 256 

difficulties when applied to irregular, noisy, and highly diverse vessel trajectories. Their 257 

performance is highly sensitive to heterogeneous spatial densities, variable trajectory lengths, 258 

and parameter selection, which often leads to unstable clustering outcomes and poor 259 

discrimination between adjacent or overlapping routes in congested waterways. In addition, 260 
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susceptibility to noise and outliers frequently leads to cluster fragmentation or erroneous 261 

merging. These limitations reveal the necessity for a clustering mechanism that is both density-262 

adaptive and robust to noise while preserving fine-grained structural characteristics of maritime 263 

traffic flows. 264 

To address this gap, the proposed IDCMSA introduces a density-aware multi-scale 265 

aggregation strategy that explicitly accounts for spatial heterogeneity and noise, enabling more 266 

stable and reproducible clustering of complex vessel trajectories. 267 

(2) Insufficient integration between trajectory clustering and DL-based prediction. 268 

Although clustering has been employed in some studies as a preprocessing step to reduce data 269 

heterogeneity, most existing frameworks treat clustering and prediction as loosely coupled or 270 

sequential modules. Such designs typically rely on relatively simple clustering schemes and fail 271 

to tightly integrate refined clustering outcomes with modern deep learning architectures. 272 

Moreover, the joint exploitation of multi-source dynamic features (e.g., SOG and COG) within 273 

a unified clustering-prediction pipeline remains limited. This separation constrains the ability 274 

of prediction models to fully leverage cluster-specific motion characteristics. 275 

To bridge this gap, this study develops a unified IDCMSA-MSIFE framework in which 276 

clustering and prediction are co-designed and tightly coupled. The clustering results produced 277 

by IDCMSA directly inform the MSIFE network, enabling cluster-aware representation 278 

learning and prediction using fused dynamic features. 279 

(3) Inadequate optimization objectives for heterogeneous trajectory behaviors. 280 

Most existing DL-based trajectory prediction models adopt loss functions based solely on 281 

point-wise Euclidean distance between predicted and observed positions. Such formulations 282 

implicitly assume homogeneous motion patterns and therefore fail to capture the distinct 283 

characteristics of different vessel behaviors, including stationary, low-speed drifting, and high-284 

maneuvering motions. When applied to highly heterogeneous trajectory clusters, these generic 285 

objectives can lead to suboptimal convergence and biased learning. 286 

To overcome this limitation, the proposed MSIFE incorporates a tailored optimization 287 

strategy that accounts for behavioral heterogeneity and supports joint modeling of stationary 288 

and moving vessels, thereby aligning the learning objective more closely with the intrinsic 289 

properties of diverse trajectory patterns. 290 

3. Preliminary 291 

This section provides the basic definitions and data structures required to understand the 292 

proposed prediction framework, followed by a detailed description of the experimental dataset 293 

used to validate the method. In addition, because AIS data are recorded at irregular time 294 

intervals, interpolation is necessary before trajectory prediction. Accordingly, Sections 3.1, 3.2, 295 

and 3.3 present the formal definitions, dataset description, and data preprocessing procedures, 296 

respectively. 297 

3.1. Definitions 298 

Definition 1. Vessel trajectory.  299 

A vessel trajectory during navigation consists of 𝑛 sequential points, denoted as 300 

   1 2 1, , , , , , , , 1,2, 1,m m n m m mvtp pt pt pt pt pt pt m n n      (1) 

where (αm, βm) is the latitude and longitude of the m-th vessel trajectory point. 301 

Definition 2. Multi-source information. A sequence msi with size n includes the dynamic 302 
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variables recorded at each trajectory point: 303 

   1 2 1, , , , , , , , , , 1,2, , 1,m m n m m m m mmsi pti pti pti pti pti pti c s m n n      (2) 

where cm and sm are the COG and SOG of the m-th vessel trajectory point, respectively. The 304 

meanings of αm and βm remain consistent with Definition 1. 305 

Definition 3. Training model input sequence. The MSIFE network processes sequences of 306 

consecutive trajectory observations. Each input sequence is defined as 307 

1 1 1 1

2

1 1 1 1

, 0

tn i tn i tn i tn i

tn i tn i tn i tn i

tn

tn tn tn tn

tn tn tn tn

c s

c s

Mat tn

c s

c s

 

 

 

 

   

       



   

 
 
 
  
 
 
 
 

 (3) 

where tn represents the length, consistent with the “Sequence Length” parameter described in 308 

Section 5.3.1 is the same as tn. 309 

This study focuses solely on the dynamic information from AIS data for trajectory prediction. 310 

Although AIS also provides static attributes such as vessel type, dimensions, and MMSI, these 311 

are excluded for three reasons. First, static attributes are highly heterogeneous and may 312 

introduce unnecessary complexity and reduce model generalizability across vessel types. 313 

Second, short-term trajectory prediction is mainly determined by real-time kinematic states 314 

(position, COG, and SOG), while static properties have limited influence over short horizons. 315 

Third, excluding static features reduces input dimensionality, thereby improving training and 316 

inference efficiency without sacrificing prediction accuracy. 317 

3.2. Experimental dataset description 318 

To evaluate the effectiveness and generalizability of the proposed trajectory prediction 319 

framework, realistic AIS data from two representative maritime regions are employed: 320 

Caofeidian Port (CfdP) and Chengshan Jiao Promontory (CsJP). Fig. 4 shows the distribution 321 

of vessel trajectories projected onto electronic nautical charts, while Table 1 summarizes key 322 

statistics. 323 

The CsJP region contains more irregular and intersecting trajectories than CfdP, reflecting 324 

higher navigational complexity. This characteristic imposes greater challenges for clustering 325 

and prediction, making CsJP an informative environment for validating model robustness. 326 
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 327 

Fig. 4. Visualization of realistic vessel trajectory distribution: (a) CfdP and (b) CsJP. 328 

Table 1. Statistical data related to the two research water regions. 329 

Water Regions 

Number of 

Vessel 

Trajectories 

Period 
Boundary 

Points 
Longitude(o) Latitude(o) 

CfdP 2649 
Jul. 6th -19th, 

2020 

Left Top 118.2500 39.0000 

Right Bottom 118.5000 38.7600 

CsJP 2948 
Jul. 6th -19th, 

2020 

Left Top 122.5833 37.7500 

Right Bottom 123.1667 37.1667 

3.3. AIS data preprocessing 330 

AIS data are typically recorded at non-uniform time intervals due to variations in vessel 331 

motion, sailing status, and transmission conditions. As illustrated in Fig. 5(a), intervals may 332 

range from a few seconds during high-speed navigation to several minutes when vessels are 333 

anchored or moored. However, deep learning models require uniformly sampled time-series 334 

data. Thus, interpolation of longitude, latitude, COG, and SOG at equal time intervals is 335 

necessary before model training (Y. Zhang et al., 2025). 336 

Cubic Spline Interpolation (CSI) is adopted for this purpose due to its simplicity, smoothness, 337 

and strong generalization capability (Guo and Fu, 2020). CSI constructs spline functions for 338 

each attribute (longitude, latitude, COG, SOG) based on original timestamps, and generates 339 

interpolated values by evaluating these functions at uniform time intervals, as depicted in Fig. 340 

5(b). The Python library “scipy.interpolate.spi” provides efficient implementations to facilitate 341 

the interpolation process (Y. Li et al., 2024). Algorithm 1 shows that the CSI algorithm relies 342 

on a Python library to perform the interpolation calculations used in this study. 343 

Algorithm 1: AIS data interpolation 

Input: tOri, αOri, βOri, cOri, sOri, tInter// tOri, αOri, βOri, cOri, and sOri, respectively, denote the 

time information, longitude, latitude, COG, and SOG collected based on the original AIS data. tInter 

represents equidistant timestamp sequence data. They are all stored in a list structure. 

Output: αInter, βInter, cInter, sInter // αInter, βInter, cInter, and sInter, respectively, represent equal 

time interval longitude, latitude, COG, and SOG. 

// Construct the functional relationship between the original timestamp and longitude, latitude, COG, 

and SOG, respectively. 

1.    fα = scipy.interpolate.spi.splrep(tOri, αOri); 

2.    fβ = scipy.interpolate.spi.splrep(tOri, βOri); 
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3.    fc = scipy.interpolate.spi.splrep(tOri, cOri); 

4.    fs = scipy.interpolate.spi.splrep(tOri, sOri); 
// 

5.    αInter = scipy.interpolate.spi.splev(tInter, fα); 

6.    βInter = scipy.interpolate.spi.splev(tInter, fβ); 

7.    cInter = scipy.interpolate.spi.splev(tInter, fc); 

8.    sInter = scipy.interpolate.spi.splev(tInter, fs); 

9.    reutrn αInter, βInter, cInter, sInter 

Fig. 6 presents a comparative analysis of two vessels in the CsJP waters. Plots (a, c) and (b, 344 

d) display the scatter distributions of the original trajectory, COG, and SOG for the first and 345 

second vessel, respectively. Their corresponding distributions after interpolation are shown in 346 

(e, g) and (f, h). The comparisons confirm that CSI accurately reconstructs continuous vessel 347 

motion while preserving the inherent structure and characteristics of the original AIS data. This 348 

preprocessing step ensures that the interpolated sequences meet the input requirements of the 349 

MSIFE network and support reliable trajectory prediction. 350 

 351 

Fig. 5. Visualization demonstration of equidistant time interval interpolation for vessel trajectory 352 

points. From left to right: (a) original vessel trajectory, (b) interpolated vessel trajectory. 353 

 354 
Fig. 6. Comparative visualization of vessel trajectory coordinates, COG, and SOG before and after 355 

interpolation. (a, b, e, f) Original and interpolated trajectory, COG, and SOG scatter plots for one 356 

vessel; (c, d, g, h) corresponding plots for another vessel. 357 

4. Methodology 358 

This study proposes an innovative vessel trajectory prediction framework that has new 359 

features to address the research gaps in Section 2.3 and can improve ship trajectory prediction 360 
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accuracy when trajectories expose more irregular and interaction patterns. The central idea is 361 

to first cluster trajectories within the study area and then train separate prediction models for 362 

different trajectory categories to improve accuracy and stability. The resulting model can 363 

simultaneously integrate multiple dynamic data sources, including vessel coordinates, COG, 364 

and SOG. The overall framework is shown in Fig. 7 and comprises two main components: (1) 365 

the IDCMSA clustering method introduced in Section 4.1, and (2) the MSIFE prediction 366 

network described in Section 4.2, which can effectively fuse multi-source information 367 

effectively. 368 

 369 

Fig. 7. The proposed IDCMSA-MSIFE prediction framework. 370 

4.1. The proposed IDCMSA clustering algorithm 371 

As reviewed in Section 2.1, density-based clustering methods such as DBSCAN group 372 

trajectories based on global similarity and spatial-topological structure. Although widely 373 

adopted due to their simplicity (Y. Li et al., 2024), they suffer from two main limitations: (1) 374 

the need to predefine hyperparameters (e.g., neighbourhood radius, minimum points), and (2) 375 

misclassification of trajectories that share similar shapes but differ in spatial proximity (e.g., 376 

vessels following parallel routes far apart).  377 

The IDCMSA algorithm addresses these issues through the key steps, including: (1) trajectory 378 

embedding using classical MDS (Kalia and Paul, 2021), (2) construction of a density matrix, 379 

(3) convolution-based smoothing of the density field, and (4) cluster assignment based on direct 380 

density reachability. A 2D embedding space is deliberately adopted for three practical 381 

considerations. First, a 2D representation facilitates the subsequent construction of the density 382 

matrix and grid-based convolution operations, while also enabling intuitive visual interpretation 383 

of the clustering results. Second, it substantially reduces computational complexity and 384 

enhances clustering efficiency. Third, two dimensions are sufficient to preserve the essential 385 

similarity structure among trajectories; increasing dimensionality yields marginal gains in 386 

clustering quality and may instead introduce redundant noise. Consequently, the 2D embedding 387 
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provides an effective balance between information preservation and computational efficiency. 388 

The workflow is shown in Fig. 8. The algorithm proceeds through the following four steps. 389 

Step 1: Mapping trajectories into low-dimensional points using MDS. 390 

Each trajectory is first mapped to a two-dimensional point using MDS, as illustrated in Figs. 391 

11(a)-(b). The similarity matrix sm is constructed using pairwise trajectory distances δ in Eq. 392 

(4) computed via DTW (Gong et al., 2022), which aligns trajectories of different lengths. MDS 393 

then finds points vtp1, vtp2, …, vtpQ  R2 such that the distances in a low-dimensional space 394 

preserve the DTW-based similarities, as expressed in Eqs. (4)-(6). 395 

1,1 1,2 1,

2,1 2,2 2,

,1 ,2 ,

Q

Q

Q Q Q Q

sm

  

  

  

 
 
 
 
 
  

 (4) 

where Q is the number of vessel trajectories in the dataset. 396 

, , ,a b a bvtp vtp a b Q   , (5) 

 
1 2

2

,
, , ,

, ,

min
Q

a b a b
vtp vtp vtp

a b a b

vtp vtp 


  . 
(6) 

Step 2: Constructing the density matrix 397 

A uv initialization matrix is constructed according to the range of all mapping points, with 398 

each cell initially set to zero. Each point is then projected into this grid, forming a density matrix 399 

(Figs. 11(c)-(d)). The projection rules are given in Eqs. (7)-(8). 400 

x xMi
xLine u

xMa xMi

 
   

, (7) 

y yMi
yColumn v

yMa yMi

 
  

 
. (8) 

where (x, y) represents the coordinates of the mapping point. (xLine, yColumn) is the projection 401 

position of the mapping point in the density matrix. [xMi, xMa] and [yMi, yMa] are the value 402 

ranges of all mapping points’ horizontal and vertical coordinates, respectively. uv represents 403 

the dimension of the density matrix. ⌈⌉ denotes the rounding-up calculation process. The grid 404 

cell size is determined from the average distance between mapped points, yielding the 405 

expressions for u and v are shown in Eqs. (9) and (10). Using this average distance as the grid 406 

dimension allows the cell size to adapt naturally to local point density. In dense areas, the 407 

smaller average distance yields finer grid resolution, helping to distinguish detailed features; in 408 

sparse regions, it avoids generating excessive empty cells, thus representing the spatial 409 

distribution more appropriately. Moreover, this statistically derived scale maintains sufficient 410 

spatial detail while effectively controlling the total number of grid cells, balancing efficiency 411 

and precision for subsequent density analysis and clustering. In this study, the cellSize is set to 412 

0.52 for the CfdP waters and 0.63 for the CsJP waters. 413 

xMa xMi
u

cellSize


 , (9) 
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yMa yMi
v

cellSize


 . (10) 

Step 3: Applying convolution for density smoothing 414 

A ck×ck convolution kernel (with ck=3) is applied to calculate convolution on the density 415 

matrix, as shown in Fig. 8(e). The convolution process is described in Eqs. (11)-(13). Using a 416 

small kernel avoids overly broad neighbourhoods that may distort cluster boundaries. 417 

     , , ,DM s t DM s t f d e   , (11) 

     , , ,
g g

d g e g

DM s t DM s d t e f d e
 

      . (12) 

where DM stands for the density matrix. DM' represents the result of DM after convolution 418 

calculation.  is the convolution operator. (s, t) denotes the element in the s-th row and the t-419 

th column in DM. f(,) represents a two-dimensional convolution kernel constructed based on 420 

a Gaussian function. 421 

 
2 22

2
1

,
2

s t

f s t e



 

  
 

 (13) 

Step 4: Identifying clusters using direct density reachability 422 

Finally, each mapped point’s neighbourhood matrix is examined to determine whether pairs 423 

of points satisfy the direct density-reachability condition. If so, the corresponding trajectories 424 

belong to the same cluster; otherwise, they are separated (Fig. 8(f)). The size of each 425 

neighbourhood matrix matches the convolution kernel. This step corrects DBSCAN’s 426 

sensitivity to spatial separation, allowing trajectories with similar shapes but different positions 427 

to be clustered consistently. 428 

 429 
Fig. 8. The implementation flow chart of the IDCMSA vessel trajectory clustering method proposed in 430 
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this paper. 431 

4.2. Optimized MSIFE network 432 

Accurate vessel trajectory prediction supports intelligent maritime traffic systems by enabling 433 

collision-risk assessment, congestion forecasting, and navigation optimization. Dynamic 434 

navigation variables, including coordinates, COG, and SOG, substantially influence future 435 

vessel movement. However, many existing models use only positional data. 436 

To integrate multi-source dynamic information, the MSIFE model is proposed, and its overall 437 

architecture is shown in Fig. 9. The network contains two main components: 438 

 439 
Fig. 9. The proposed MSIFE network for vessel trajectory prediction consists of two core components: 440 

a fusion view (green) and a temporal view (purple). The fusion view, implemented using a self-441 

attention mechanism, integrates trajectory coordinates, COG, and SOG into a unified representation. 442 

The temporal view, built on a Bi-LSTM structure, captures the evolving motion patterns of vessel 443 

trajectories over time. 444 

(1) Fusion view, a self-attention module that integrates trajectory coordinates, COG, and SOG 445 

across time; (2) Temporal view, a Bi-LSTM module that models temporal dependencies in 446 

vessel motion. The model addresses four key technical challenges: 447 

(a) Handling inconsistent feature dimensions 448 

Because longitude, latitude, COG, and SOG differ in scale and semantics, each variable is 449 

normalized individually, as shown in Eq. (14). 450 

0.5

2 0.5

mi
nor

ma mi

va va
va

va va

 


  
 (14) 

where va represents four different types of data (i.e., longitude, latitude, COG, and SOG). vami 451 

and vama are certain data types’ minimum and maximum values, respectively. In Eq. (14), the 452 

maximum value is doubled and the minimum value is halved to prevent boundary effects that 453 

could reduce training accuracy. 454 

(b) Construct the fusion view 455 

The MSIFE model employs a self-attention mechanism to construct the fusion view, enabling 456 
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the integration of trajectory coordinates, COG, and SOG across time. As illustrated in the green 457 

portion of Fig. 9, the fusion view processes dynamic vessel data over multiple consecutive time 458 

nodes, with the number of self-attention units matching the number of time steps. Based on the 459 

interpolation procedure in Section 3.3, adjacent time nodes are spaced 5 seconds apart. The 460 

“sequence length” parameter defined in Section 5.3.1 therefore also corresponds to the number 461 

of self-attention operations. The functional form of the self-attention mechanism for fusing 462 

dynamic data at a given time node is provided in Eq. (15). 463 

    , , , , , ,t t t t SA t t t tb b bc bs f c s     (15) 

where fSA() is the self-attention operation. αt, βt, ct, and st represent the longitude, latitude, COG, 464 

and SOG at time t, respectively. The network parameters involved in self-attention and their 465 

corresponding values will be introduced in Section 5.3.1. In practical navigation scenarios, 466 

vessels may remain stationary (e.g., when anchored or berthed), leading to zero values of SOG. 467 

The MSIFE network accommodates such conditions through its self-attention mechanism, 468 

which fuses multi-source features following unified normalization (see Eq. (14)). Attention 469 

weights are computed via Query, Key, and Value projections, enabling the model to learn 470 

temporal dependencies jointly across all feature channels, including longitude, latitude, COG, 471 

and SOG. Consequently, even when SOG equals zero at certain time steps, its representation 472 

remains integrated within the attention mechanism alongside other non-zero features, thereby 473 

avoiding attention bias or degradation. This design supports robust modeling of both dynamic 474 

motion patterns and stationary states, and enhances the network’s adaptability to complex and 475 

heterogeneous navigation conditions. 476 

(c) Build a temporal view 477 

A Bi-LSTM captures the temporal evolution of vessel movement patterns (purple block in 478 

Fig. 9). Fused features are fed into the Bi-LSTM, and the forward and backward outputs are 479 

processed through a fully connected layer to obtain predicted longitude and latitude (Eqs. (16)-480 

(17)). 481 

   , , , , , , , , , , ,t t sq BiLSTM t t t t t sq t sq t sq t sqh h f b b bc bs b b bc bs hInit cInit       
        (16) 

 , , ,pre pre FC t t sqf h h  
       . (17) 

where fBiLSTM() denotes the Bi-LSTM operation. hInit and cInit are the initialized sequences of 482 

hidden and cell states. sq represents the number of time nodes and has the same meaning as the 483 

‘sequence length’ parameter mentioned in section 5.3.1. fFC() denotes a fully connected layer, 484 

essentially a linear consumption function. αpre (or βpre) is the longitude (or latitude) of the 485 

predicted future time node, respectively. Because the predicted longitude and latitude are 486 

normalized, inverse normalization is required, as shown in Eqs. (18) and (19). 487 

 2 0.5

0.5

pre ma mi

out

mi

  




   



, (18) 

 2 0.5

0.5

pre ma mi

out

mi

  




   



. (19) 

where [αmi, αma] and [βmi, βma] are the value ranges of longitude and latitude, respectively. αpre 488 
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and βpre are the prediction results based on the training network. In Eq. (14), the maximum is 489 

doubled and the minimum is halved to reduce boundary effects, so these adjustments must be 490 

reversed during inverse normalization. 491 

(d) Designing the loss function 492 

In the training network, the loss function guides backpropagation by measuring the difference 493 

between predicted and actual values. To enhance this process, three correction terms are 494 

introduced. As shown in Fig. 10 (a), the first term computes the Euclidean distance between the 495 

predicted and actual points, as defined in Eq. (20). 496 

   
2 2

1 C B C Bloss         (20) 

where αC and αB are the predicted and actual longitudes, respectively. βC and βB denote the 497 

predicted and actual latitudes, respectively. As shown in Fig. 10 (b), the second correction term 498 

is the deflection angle generated between the predicted point, the actual point, and the previous 499 

trajectory point, with its calculation given in Eq. (21). 500 

       

       
2

2 2 2 2
arccos

B A C A B A C A

B A B A C A C A

loss
       

       

 
       

 
       

 (21) 

where αA (or βB) denotes the longitude (or latitude) of the previous time node, respectively. As 501 

shown in Fig. 10 (b), the third correction term measures the difference between the predicted 502 

point’s distance to the baseline and the actual point’s distance to the same baseline, where the 503 

baseline is the line between points A and B. The corresponding expressions are provided in Eqs. 504 

(22) and (23). 505 

 A D
A D

A D

k
 

 
 


 


, (22) 

A Ab k    . (23) 

where k and b are the slope and intercept of the baseline equation, respectively. (αA, βA) and (αD, 506 

βD) denote the coordinates of points A and B in Fig. 10, respectively. When αA = αD holds, k 507 

does not exist, and the baseline equation is x = αA (or x = αD). The distance from the predicted 508 

(Point C) or actual (Point B) point to the baseline can be obtained through Eq. (24). 509 

21

k b
dis

k

   



 (24) 

where α and β are the longitude and latitude of the predicted (or actual) point, respectively. 510 

When k does not exist, the calculation process of distance dis is shown in Eq. (25). 511 

Adis     (25) 

According to Eqs. (24) and (25), the distance from the predicted and actual points to the 512 

baseline, denoted as disC and disB, can be obtained, respectively. Ideally, when disB = disC, the 513 

model achieves a better fit. However, the predicted and actual points may lie on the same side 514 

or on opposite sides of the baseline. When both points lie on the same side, the third correction 515 

term is defined as Eq. (26). When they lie on opposite sides, the corresponding expression is 516 

given in Eq. (27). In Eq. (26), both disB and disC are positive values. In Eq. (27), one distance 517 

is positive, and the other is negative, determined by substituting the predicted and actual points 518 
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into the baseline equation: a value greater than zero indicates a positive sign, and a value less 519 

than zero indicates a negative sign. 520 

3 B Closs dis dis  , (26) 

3 B Closs dis dis  . (27) 

The final loss function is formed by combining the three correction terms, as shown in Eq. 521 

(28). A loss value approaching zero indicates an optimal model fit. The influence of each 522 

correction term on prediction accuracy and training stability is further examined in the ablation 523 

study presented in Section 5.4.2. 524 

1 2 3loss loss loss loss    (28) 

 525 

Fig. 10. Structure diagram of the loss function. In particular, the loss function of the MSIFE network 526 

consists of three correction terms. (a) to (c) illustrate the structure of Eqs. (20) to (27), respectively. 527 

This section explains the MSIFE model by addressing four core issues involved in designing 528 

the training network. Combined with the IDCMSA clustering algorithm described in Section 529 

4.1, it forms the IDCMSA-MSIFE framework, which strengthens the model’s ability to learn 530 

from complex vessel trajectories. 531 

5. Experimental results and analysis 532 

This section evaluates the effectiveness and robustness of the proposed IDCMSA-MSIFE 533 

model for vessel trajectory prediction. Comparative experiments are conducted using real AIS 534 

datasets from two maritime regions (CfdP and CsJP), covering traditional neural networks, deep 535 

learning methods, and contemporary models. The influence of key parameters on prediction 536 

performance is then examined, followed by ablation studies that isolate the contribution of 537 

individual components within the proposed framework. 538 

5.1. Performance indexes 539 

To assess prediction accuracy, three commonly used metrics, Final Displacement Error (FDE), 540 

Maximum Displacement Error (MDE), and Average Displacement Error (ADE), are adopted (Y. Li 541 

et al., 2024). Their functional expressions are as follows. 542 

   
22
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b b b b
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where a denotes the total number of vessel trajectories in the testing dataset. b represents the 543 

number of prediction points required in each vessel trajectory. 
b

p  (or 
b

p ) and 
b

p  (or b

p ) 544 

indicates the longitude (or latitude) of the true and predicted coordinates at the p-th trajectory. 545 
q

p  (or 
q

p ) and 
q

p  (or q

p ) denotes the true and predicted coordinates of the q-th predicted 546 

point in the p-th trajectory. 547 

Although these metrics capture prediction accuracy, they do not directly reflect model stability. 548 

To address this, each model is trained and evaluated ten times; mean values and standard 549 

deviations of all metrics are computed. Lower averages and smaller deviations indicate both 550 

higher accuracy and stronger robustness. 551 

5.2. Analysis of clustering results 552 

Traditional clustering algorithms classify trajectories solely based on trajectory-to-trajectory 553 

similarity. In contrast, IDCMSA maps each trajectory to a point and performs clustering based 554 

on density-reachability relationships between these mapped points. This enables improved 555 

discrimination of trajectory groups, particularly in complex waterways. 556 

Fig. 11 presents the navigational channels of the two study regions, while Figs. 12 and 13 557 

display the corresponding clustering outcomes. 558 

In the CfdP region, IDCMSA identifies four meaningful trajectory clusters, as shown in Fig. 559 

13. Cluster 1 corresponds to the trajectories along channel C1 (Fig. 11 (a)), while Cluster 2 560 

includes the trajectories in channel C2. Cluster 3 represents the vessel entry and exit routes 561 

through channel C3 at Caofeidian Port. Cluster 4 consists of the nearly straight-line trajectories 562 

that occur outside the main navigational channels. 563 

In the CsJP region, IDCMSA yields seven distinct clusters (Fig. 13). Clusters 1 and 2 564 

correspond to the movements along channels C1 and C2, which exhibit similar spatial patterns 565 

but opposite travel directions. Clusters 3 and 4 represent the trajectories in channels C5-C3 and 566 

C4-C8, respectively; these routes differ not only in directions but also in turning amplitudes, 567 

with the C5-C3 path showing smaller curvature at turning points. Clusters 5 and 6 capture the 568 

vessel movements in channels C5-C6 and C7-C8, respectively, which again follow opposing 569 

directions but share similar structural characteristics. Finally, Cluster 7 comprises the straight-570 

line trajectories outside designated shipping channels, consistent with the behavior observed in 571 

region C9 of Fig. 11 (b). 572 

As illustrated in Fig. 12, the IDCMSA algorithm groups vessel trajectories in the CfdP waters 573 

into four clusters. Cluster 1 comprises approximately 34.08% of all trajectories, Cluster 2 574 

accounts for about 36.94%, Cluster 3 makes up 12.74%, and Cluster 4 constitutes the remaining 575 

16.24%. A similar clustering pattern is observed for the CsJP waters in Fig. 13, where seven 576 

clusters are identified. Their respective proportions are roughly 19.48% for Cluster 1, 20.88% 577 

for Cluster 2, 13.84% for Cluster 3, 12.19% for Cluster 4, 11.60% for Cluster 5, 12.31% for 578 

Cluster 6, and 8.31% for Cluster 7. These percentages reflect the distribution of different 579 

navigation patterns within the overall traffic and provide a quantitative foundation for the 580 

subsequent cluster-based trajectory prediction modeling. 581 

Overall, these clustering results demonstrate that IDCMSA effectively identifies meaningful 582 

navigational patterns and overcomes the parameter sensitivity limitations commonly associated 583 

with classical DBSCAN. 584 
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 585 

Fig. 11. Visual display of channel distribution: (a) CfdP, (b) CsJP. 586 

 587 

Fig. 12. Clustering results of different trajectories using IDCMSA in the CfdP water region. 588 

 589 

Fig. 13. Clustering results of different trajectories using the IDCMSA in the CsJP water region. 590 

While IDCMSA significantly outperforms existing algorithms such as DBSCAN in clustering 591 

quality, it incurs a higher computational cost. As described in Section 4.1, the algorithm 592 

comprises four core steps, whose time complexities are analyzed below. Step 1 applies classical 593 

MDS to reduce the dimensionality of each trajectory, with a complexity of O(N2×L2+N3), 594 

where N and L denote the number of trajectories and their average length, respectively. Here, 595 

O(N2×L2) accounts for building the DTW distance matrix, and O(N3) corresponds to the 596 

eigendecomposition in MDS. In Step 2, all dimension‑reduced points are projected into a grid 597 

matrix, with a complexity of O(N). Step 3 performs convolutional smoothing on the resulting 598 

density matrix, with a complexity of O(u×v×k2), where k, u, and v denote the kernel size and 599 
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the dimensions of the density matrix, respectively. Finally, Step 4 carries out clustering using 600 

the concept of direct density reachability, with complexity O(N×k2). In practice, clustering the 601 

trajectories in the CfdP and CsJP water regions required approximately 1.56 hours and 2.25 602 

hours, respectively. It is noteworthy that the IDCMSA clustering algorithm was implemented 603 

and accelerated on a GPU-based parallel computing architecture. Specifically, all clustering 604 

tasks for the two water regions were performed using an NVIDIA GeForce RTX 3080 graphics 605 

card. 606 

5.3. Experimental settings 607 

Three sets of experiments are designed to validate the proposed approach. Section 5.3.1 608 

examines the influence of key network parameters on prediction accuracy and stability. Section 609 

5.3.2 presents ablation studies that isolate the contribution of individual components, including 610 

the loss-function correction terms and the IDCMSA clustering module. Section 5.3.3 evaluates 611 

the overall performance of IDCMSA-MSIFE through comparisons with seven benchmark 612 

models. 613 

5.3.1. Network parameter settings 614 

The MSIFE network comprises two core modules: a fusion view implemented using self-615 

attention, which integrates trajectory coordinates, COG, and SOG; and a temporal view 616 

implemented using Bi-LSTM, which captures motion dynamics over time. Table 2 summarizes 617 

the network architecture. Three parameters, number of iterations, learning rate, and sequence 618 

length, are left unspecified because they significantly influence optimization behavior. 619 

The iteration count and learning rate jointly determine the model’s fitting performance. 620 

Excessively large values can lead to overfitting (Fig. 14 (c)), whereas values that are too small 621 

result in underfitting (Fig. 14 (a)). Appropriate parameter choices achieve a desirable balance, 622 

as illustrated in Fig. 14 (b). Sequence length, which specifies how many consecutive trajectory 623 

points are fed into the temporal module, must also be chosen carefully. Very large values hinder 624 

gradient propagation and increase computational cost, while overly small values make it 625 

difficult for the model to capture temporal evolution patterns. Table 3 lists the candidate 626 

parameter values tested in this study, and Section 5.4.1 presents the corresponding evaluation 627 

results. 628 

Table 2. Setting information on network parameters. 629 

Component Name Parameter Name Parameter Value Parameter Name Parameter Value 

General 

Parameters 

Optimiser Algorithm ASGD Iteration # 

Learning Rate # Sequence Length # 

Fusion View 
Input Size 4 Head Size 4 

Output Size 4 Batch Size 1 

Temporal View 

Input Size 4 Hidden Size 8 

Number of Hidden 

Layers 
1 Batch Size 1 

Output Size 2 - - 

Table 3. Different network configurations of iteration, learning rate, and sequence length. 630 

Parameter Name Parameter Value 

Iteration 100 300 500 700 900 

Learning Rate 0.0001 0.0005 0.001 0.005 0.01 

Sequence Length 3 6 9 12 15 
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 631 
Fig. 14. Analysis of fitting in the process of network training: (a) underfitting, (b) suitability, and (c) 632 

overfitting. 633 

5.3.2. Ablation experiment 634 

Three ablation studies are conducted. The first examines the effect of different loss-function 635 

configurations. Based on Eqs. (20)-(27), seven variants are tested: loss1, loss2, loss3, loss1 + 636 

loss2, loss1 + loss3, loss2 + loss3, and loss1 + loss2 + loss3. These experiments reveal the 637 

individual and combined contributions of the three correction terms to prediction accuracy and 638 

robustness. 639 

The second ablation study evaluates the effect of clustering. To determine whether clustering 640 

improves predictive performance, IDCMSA-MSIFE is compared with a version of MSIFE 641 

trained on the full dataset without clustering. This comparison highlights the value of category-642 

specific training. Detailed results and analysis are provided in Section 5.4.2. 643 

The third ablation experiment was designed to verify the effectiveness of Eq. (14) in 644 

mitigating boundary effects. Specifically, the predictive performance is evaluated when using 645 

the original dataset’s minimum and maximum values directly, without applying the doubling 646 

of the maximum and halving of the minimum as prescribed by the formula. 647 

5.3.3. Comparison with different models 648 

Seven baseline models are used for comparison and grouped into three categories. The first 649 

category includes traditional neural networks, represented by BPNN (Jiao and Ma, 2021), 650 

which have a simple architecture and limited ability to capture complex temporal dependencies. 651 

The second category comprises classical and advanced deep learning models: RNN (Suo et al., 652 

2020), which learns temporal patterns but is prone to gradient instability; LSTM (Gao et al., 653 

2021), which introduces gating mechanisms to alleviate long-term dependency issues; GRU 654 

(Xue et al., 2024), a simplified and more efficient alternative to LSTM; and bidirectional 655 

architectures such as Bi-LSTM (Yang et al., 2022b) and Bi-GRU (Huang et al., 2021), which 656 

incorporate both forward and backward temporal information. 657 

The third category includes contemporary models, represented by DBSCAN-GeoCLSTM (Y. 658 

Li et al., 2024). This method combines DBSCAN clustering with a GeoCLSTM network and 659 

has shown strong predictive capability. However, it suffers from three limitations: reliance on 660 

manually tuned DBSCAN parameters, exclusion of dynamic features such as COG and SOG, 661 

and a loss function based solely on Euclidean distance. The proposed IDCMSA-MSIFE model 662 

addresses all of these issues through improved clustering, multi-source feature fusion, and a 663 

more comprehensive loss-function design. 664 

5.4. Prediction results in analysis 665 

Section 5.3 examined the effects of key parameter settings, the contributions of individual 666 

components, and the baseline models used for comparison. Building on that foundation, this 667 
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section presents the detailed experimental procedures and analyses corresponding to these three 668 

aspects. 669 

5.4.1. Prediction results of different network parameters 670 

In vessel trajectory prediction, several core parameters of the IDCMSA-MSIFE model, 671 

namely the number of iterations, learning rate, and sequence length, directly shape the 672 

network’s optimization behaviour and predictive performance. This subsection evaluates these 673 

parameters through systematic experiments. 674 

Table 4 reports prediction accuracy and robustness under five iteration values (100, 300, 500, 675 

700, and 900). The mean FDE, MDE, and ADE values reflect overall accuracy, whereas their 676 

standard deviations measure prediction stability. For this experiment, the learning rate and 677 

sequence length are fixed at 0.001 and 3, respectively, and the loss function adopts the full 678 

formulation (loss1 + loss2 + loss3). As highlighted in Table 4, an iteration value of 300 yields 679 

the lowest means and standard deviations across all three metrics, indicating that the model 680 

achieves its best fitting performance at this setting. 681 

Table 4. The prediction results (i.e., FDE, MDE, and ADE) of five various iterations (i.e., 100, 300, 682 

500, 700, and 900) for trajectories at future time points based on IDCMSA-MSIFE in two research 683 

water regions. 684 

Water 

Regions 
Iteration 

FDE↓ MDE↓ ADE↓ 

Average 

Value 

Standard 

Deviation 

Average 

Value 

Standard 

Deviation 

Average 

Value 

Standard 

Deviation 

CfdP 

100 0.053041 0.010697 0.079032 0.032813 0.003450 0.001203 

300 0.038832 0.009452 0.061663 0.027272 0.002019 0.000974 

500 0.043976 0.012902 0.068469 0.033944 0.002601 0.001546 

700 0.065918 0.016021 0.082595 0.029443 0.004514 0.001991 

900 0.077022 0.018718 0.090481 0.036468 0.005665 0.002459 

CsJP 

100 0.061051 0.015253 0.087269 0.039996 0.004771 0.003184 

300 0.044847 0.013562 0.068071 0.028812 0.002955 0.002922 

500 0.051349 0.017765 0.074198 0.030993 0.003592 0.003676 

700 0.070144 0.020131 0.099426 0.035667 0.005506 0.003994 

900 0.077256 0.021981 0.111610 0.044360 0.006452 0.004384 

To analyze the learning rate, the iteration count and sequence length were fixed at 300 and 3, 685 

with the same composite loss function. Table 5 shows the results for five learning rates. The 686 

bolded values identify 0.001 as the optimal learning rate, achieving the minimal average errors 687 

and standard deviations. This confirms that overly small learning rates impede convergence, 688 

while excessively large ones cause unstable optimization. 689 

Table 5. The prediction results of five various learning rates (i.e., 0.0001, 0.0005, 0.001, 0.005, and 690 

0.01) for trajectories at future time points based on IDCMSA-MSIFE in two research water regions. 691 

Water 

Regions 

Learning 

Rate 

FDE↓ MDE↓ ADE↓ 

Average 

Value 

Standard 

Deviation 

Average 

Value 

Standard 

Deviation 

Average 

Value 

Standard 

Deviation 

CfdP 

0.0001 0.058294 0.014182 0.086753 0.035270 0.004168 0.001842 

0.0005 0.043699 0.010755 0.067305 0.029065 0.002615 0.001214 

0.001 0.038832 0.009452 0.061663 0.027272 0.002019 0.000974 

0.005 0.044183 0.010629 0.065919 0.028620 0.002545 0.001454 

0.01 0.052043 0.012651 0.073058 0.030905 0.003212 0.001180 

CsJP 

0.0001 0.060649 0.017662 0.087464 0.035735 0.005104 0.003813 

0.0005 0.050642 0.015778 0.074115 0.032399 0.003592 0.003356 

0.001 0.044847 0.013562 0.068071 0.028812 0.002955 0.002922 
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0.005 0.050212 0.014956 0.072659 0.030445 0.003427 0.003116 

0.01 0.053428 0.015058 0.078148 0.030959 0.003994 0.003184 

The previous findings indicate that iteration count and learning rate must be balanced to avoid 692 

underfitting or overshooting during training. To examine the third key parameter, sequence 693 

length, experiments were conducted using values of 3, 6, 9, 12, and 15, while fixing iterations 694 

at 300 and the learning rate at 0.001. Table 6 (formerly Table 10) shows that a sequence length 695 

of 6 results in the lowest mean errors and standard deviations, demonstrating the highest 696 

prediction accuracy and robustness. This pattern reflects the nature of temporal modelling: If 697 

sequence length is too large, gradient propagation in the temporal module becomes difficult, 698 

reducing predictive accuracy. If the sequence length is too small, the network cannot 699 

sufficiently capture the evolving temporal patterns of vessel motion. 700 

Thus, a sequence length of 6 provides the best balance between temporal richness and 701 

computational feasibility, enabling the IDCMSA-MSIFE model to learn trajectory dynamics 702 

effectively. 703 

Table 6. The prediction results of five various sequence lengths (i.e., 3, 6, 9, 12, and 15) for trajectories 704 

at future time nodes based on IDCMSA-MSIFE in two research water regions. 705 

Water 

Regions 

Sequence 

Length 

FDE↓ MDE↓ ADE↓ 

Average 

Value 

Standard 

Deviation 

Average 

Value 

Standard 

Deviation 

Average 

Value 

Standard 

Deviation 

CfdP 

3 0.038832 0.009452 0.061663 0.027272 0.002019 0.000974 

6 0.029974 0.010086 0.047012 0.010886 0.001392 0.001226 

9 0.036539 0.009852 0.055066 0.024398 0.002249 0.001031 

12 0.044011 0.011706 0.076568 0.040597 0.002767 0.001162 

15 0.049458 0.010756 0.092245 0.033826 0.003311 0.001298 

CsJP 

3 0.044847 0.013562 0.068071 0.028812 0.002955 0.002922 

6 0.037110 0.012519 0.052108 0.018987 0.002196 0.002071 

9 0.043202 0.014477 0.060658 0.036565 0.002770 0.003053 

12 0.047151 0.013943 0.078448 0.032042 0.003215 0.003235 

15 0.052785 0.015782 0.103813 0.047620 0.003851 0.003682 

5.4.2. Prediction results of the ablation experiment 706 

Several essential components of the IDCMSA-MSIFE model play a decisive role in 707 

enhancing its ability to process complex trajectory data. Section 5.3.2 identified which 708 

components are expected to contribute most to prediction accuracy and stability. The ablation 709 

experiments reported in this section empirically verify these contributions. 710 

Table 7 presents the prediction performance obtained using different combinations of the 711 

three correction terms in the loss function. The bolded results show that the full loss function 712 

(loss1+loss2+loss3) achieves the highest accuracy and robustness. All pairwise combinations 713 

perform worse than the complete loss, while the worst results occur when only individual 714 

correction terms are used. Among the individual terms, loss1 performs best, loss2 is moderate, 715 

and loss3 contributes the least. These findings indicate that the Euclidean distance term is the 716 

most influential factor during backpropagation, followed by the deflection-angle term, whereas 717 

the baseline-distance difference provides more limited, but still beneficial, information. The 718 

results verify that incorporating all three terms leads to the most effective optimization 719 

behaviour. 720 

The second ablation study evaluates whether clustering the trajectories prior to training 721 

improves predictive performance. Table 8 compares the IDCMSA-MSIFE model, which trains 722 

separate networks for each cluster, with MSIFE trained on all trajectories without clustering. 723 
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The bolded results show that IDCMSA-MSIFE consistently achieves lower mean errors and 724 

smaller standard deviations. This confirms that trajectory-specific modelling substantially 725 

enhances both accuracy and stability. 726 

The third ablation experiment validates the effectiveness of boundary adjustment in the data 727 

normalization step. Specifically, we compare two normalization strategies: one directly 728 

employs the original minimum and maximum values, while the other first doubles the 729 

maximum and halves the minimum to mitigate boundary effects. Table 9 presents the trajectory 730 

prediction results for both water regions under the two strategies. The bold values indicate that 731 

the boundary‑adjusted normalization achieves lower mean errors and smaller standard 732 

deviations across all metrics. This confirms that appropriately scaling the extreme values 733 

enhances both prediction accuracy and stability. 734 

Table 7. The prediction results of seven various loss functions (i.e., loss1, loss2, loss3, loss1 + loss2, loss1 735 

+ loss3, loss2 + loss3, and loss1 + loss2 + loss3) for vessel trajectories at future time points based on 736 

IDCMSA-MSIFE in two research water regions. 737 

Water 

Regions 

Loss 

Function 

FDE↓ MDE↓ ADE↓ 

Average 

Value 

Standard 

Deviation 

Average 

Value 

Standard 

Deviation 

Average 

Value 

Standard 

Deviation 

CfdP 

loss1 0.038648 0.013707 0.054094 0.015007 0.002059 0.001408 

loss2 0.039902 0.013098 0.055747 0.015210 0.002190 0.001393 

loss3 0.041094 0.014176 0.057661 0.016096 0.002303 0.001474 

loss1 + loss2 0.032967 0.011702 0.049779 0.010966 0.001584 0.001298 

loss1 + loss3 0.033698 0.011974 0.050871 0.011096 0.001649 0.001207 

loss2 + loss3 0.035009 0.012446 0.051250 0.012479 0.001808 0.001314 

loss1 + loss2 

+ loss3 
0.029974 0.010086 0.047012 0.010886 0.001392 0.001226 

CsJP 

loss1 0.045049 0.017104 0.061194 0.021070 0.002997 0.002177 

loss2 0.046761 0.017083 0.063038 0.021966 0.003145 0.002301 

loss3 0.049002 0.017907 0.064121 0.020521 0.003298 0.002265 

loss1 + loss2 0.039664 0.013092 0.055026 0.020749 0.002564 0.002108 

loss1 + loss3 0.040795 0.013002 0.056773 0.020492 0.002610 0.002097 

loss2 + loss3 0.041906 0.014713 0.058020 0.020048 0.002774 0.002005 

loss1 + loss2 

+ loss3 
0.037110 0.012519 0.052108 0.018987 0.002196 0.002071 

Table 8. The prediction results of two combination methods (i.e., MSIFE and IDCMSA-MSIFE) for 738 

vessel trajectories at future time points in two research water regions. 739 

Water 

Regions 
Methods 

FDE↓ MDE↓ ADE↓ 

Average 

Value 

Standard 

Deviation 

Average 

Value 

Standard 

Deviation 

Average 

Value 

Standard 

Deviation 

CfdP 

MSIFE 0.052564 0.015773 0.087493 0.020018 0.004012 0.002502 

IDCMSA- 

MSIFE 
0.029974 0.010086 0.047012 0.010886 0.001392 0.001226 

CsJP 

MSIFE 0.063589 0.016728 0.099834 0.025483 0.005764 0.003450 

IDCMSA- 

MSIFE 
0.037110 0.012519 0.052108 0.018987 0.002196 0.002071 

Table 9. The prediction results under two normalization schemes (w/ vs. w/o boundary 740 

adjustment) for vessel trajectories at future time points in two research water regions. 741 

Water 

Regions 
Methods 

FDE↓ MDE↓ ADE↓ 

Average 

Value 

Standard 

Deviation 

Average 

Value 

Standard 

Deviation 

Average 

Value 

Standard 

Deviation 

CfdP w/o boundary 0.032205 0.012604 0.058002 0.014913 0.002187 0.001964 
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adjustment 

w/ boundary 

adjustment 
0.029974 0.010086 0.047012 0.010886 0.001392 0.001226 

CsJP 

w/o boundary 

adjustment 
0.046342 0.015277 0.067220 0.021982 0.003319 0.002963 

w/ boundary 

adjustment 
0.037110 0.012519 0.052108 0.018987 0.002196 0.002071 

5.4.3. Prediction results of different models 742 

This section compares IDCMSA-MSIFE with seven alternative prediction models, classified 743 

into three groups, based on their characteristics: 744 

(1) a traditional neural network (BPNN), 745 

(2) five deep learning methods (RNN, LSTM, GRU, Bi-LSTM, and Bi-GRU), and 746 

(3) an innovative clustering-based model (DBSCAN-GeoCLSTM). 747 

Since these approaches also rely on learning temporal patterns from historical trajectories, 748 

several parameter settings overlap with those of IDCMSA-MSIFE. To ensure fair comparison, 749 

all shared parameters are aligned across models, as summarised in Table 10. 750 

Table 10. Setting information on network parameters for other comparison methods. 751 

Methods 
Component 

Name 

Parameter 

Name 

Parameter 

Value 

Parameter 

Name 

Parameter 

Value 

BPNN - 

Optimiser 

Algorithm 
ASGD Iteration 500 

Learning 

Rate 
0.001 Input Size 12 

Hidden Size 24 
Output 

Size 
2 

RNN, LSTM, 

GRU, Bi-LSTM, 

Bi-GRU 

- 

Optimiser 

Algorithm 
ASGD Iteration 500 

Learning 

Rate 
0.001 

Sequence 

Length 
6 

Input Size 2 
Hidden 

Size 
8 

Output Size 2 Batch Size 1 

Number of 

Hidden 

Layers 

1 - - 

DBSCAN- 

GeoCLSTM 

General 

Parameters 

Optimiser 

Algorithm 
ASGD Iteration 500 

 

 

Learning 

Rate 
0.001 

Sequence 

Length 
6 

Geohash 

Coding Size 
40 

Feature 

Vector 

Size 

14 

Dimension 

Reduction 

View 

Input Size 80 
Hidden 

Size 
320 

Output Size 14 - - 

Prediction 

View 

Input Size 14 
Hidden 

Size 
28 

Output Size 14 

Number of 

Hidden 

Layers 

1 

Batch Size 1 - - 

Dimension 

Promotion 

View 

Input Size 14 
Hidden 

Size 
28 

Output Size 80 - - 
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Mapping 

View 

Input Size 1 
Hidden 

Size 
6 

Output Size 2 

Number of 

Hidden 

Layers 

1 

Batch Size 1 - - 

Prediction performance is assessed using both qualitative and quantitative analyses. 752 

Qualitatively, the predicted trajectories of representative vessels from each study area are 753 

visualized on electronic nautical charts (Figs. 15-18) and compared with the corresponding real 754 

trajectories. Quantitatively, the average and standard deviation of FDE, MDE, and ADE are 755 

computed for each model across all trajectories (Table 11). 756 

 757 

Fig. 15. Visualization of representative vessel trajectories in the CfdP water region. 758 

 759 

Fig. 16. Visualization of representative vessel trajectories in the CsJP water region. 760 

Among traditional and deep learning models, Bi-LSTM achieves the best performance. Its 761 

predicted trajectories most closely resemble the real paths, and it achieves the lowest means 762 
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and standard deviations across all metrics. The ranking of the remaining methods, from the best 763 

to the worst, is: Bi-GRU, LSTM, GRU, RNN, and BPNN in order. These results reflect inherent 764 

differences in their architectures: BPNN lacks temporal modelling capability, resulting in the 765 

weakest performance. RNN improves upon this by incorporating hidden and cell states, yet 766 

remains vulnerable to gradient instability. LSTM and GRU mitigate long-term dependency 767 

problems and therefore perform better than RNN. Bi-LSTM and Bi-GRU further enhance 768 

prediction by modelling forward and backward temporal dependencies simultaneously, 769 

capturing global trajectory patterns more effectively. 770 

Particular attention is given to comparing IDCMSA-MSIFE with DBSCAN-GeoCLSTM, as 771 

both adopt a clustering-plus-prediction architecture. However, IDCMSA-MSIFE consistently 772 

outperforms DBSCAN-GeoCLSTM in both accuracy and stability. The superior performance 773 

arises from three key improvements: 1) Clustering without manual parameter tuning, enabled 774 

by IDCMSA, 2) Integration of dynamic features (COG and SOG), which are absent in 775 

GeoCLSTM, and 3) A more comprehensive loss function, which incorporates three correction 776 

terms instead of the sole use of Euclidean distance. 777 

Overall, IDCMSA-MSIFE provides the most accurate and stable predictions among all tested 778 

models, demonstrating its strong capability for modelling vessel movement in complex 779 

maritime environments. 780 

 781 
Fig. 17. Visual comparison of forecast results for two representative vessel trajectories based on eight 782 

methods in CfdP. 783 
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 784 
Fig. 18. Visual comparison of prediction results for two representative vessel trajectories based on eight 785 

methods in CsJP. 786 

Table 11. The prediction results of vessel trajectories at future time points based on eight methods in 787 

two research water regions. 788 

Water 

Regions 
Methods 

FDE↓ MDE↓ ADE↓ 

Average 

Value 

Standard 

Deviation 

Average 

Value 

Standard 

Deviation 

Average 

Value 

Standard 

Deviation 

CfdP 

BPNN 0.193456 0.057897 0.232346 0.086343 0.057687 0.029564 

RNN 0.136459 0.034589 0.165478 0.060235 0.033244 0.008439 

LSTM 0.100345 0.020345 0.130233 0.043425 0.009345 0.005123 

GRU 0.110324 0.028685 0.145679 0.047312 0.010184 0.005209 

Bi-LSTM 0.073982 0.017094 0.109491 0.031606 0.007055 0.003977 

Bi-GRU 0.080995 0.019081 0.116482 0.038643 0.007962 0.004458 

DBSCAN-GeoCLSTM 0.038328 0.012336 0.058771 0.019447 0.002055 0.001967 

IDCMSA-MSIFE 0.029974 0.010086 0.047012 0.010886 0.001392 0.001226 

CsJP 

BPNN 0.237456 0.058678 0.283465 0.126455 0.058667 0.026756 

RNN 0.154323 0.039233 0.206785 0.093425 0.040214 0.009213 

LSTM 0.126452 0.029456 0.164356 0.063456 0.011546 0.007234 

GRU 0.137012 0.030916 0.176209 0.069810 0.013778 0.008554 

Bi-LSTM 0.087964 0.020447 0.120592 0.048836 0.009857 0.005013 

Bi-GRU 0.096332 0.028736 0.131895 0.050224 0.010989 0.005964 

DBSCAN-GeoCLSTM 0.049346 0.015449 0.063570 0.029772 0.003922 0.003274 

IDCMSA-MSIFE 0.037110 0.012519 0.052108 0.018987 0.002196 0.002071 

Beyond predictive performance, the computational cost of the complete training process for 789 

each compared model was evaluated under identical hardware conditions (a single NVIDIA 790 

GeForce RTX 3080 GPU). As reported in Table 12, conventional neural networks (e.g., BPNN 791 

and RNN) and their variants (LSTM, GRU, Bi-LSTM, and Bi-GRU) exhibit relatively short 792 

training times; however, they incur substantially higher prediction errors than the two more 793 

advanced frameworks, DBSCAN-GeoCLSTM and the proposed IDCMSA-MSIFE. 794 

The latter two approaches integrate trajectory clustering and more sophisticated network 795 

architectures, which inevitably incur increased training time. Nevertheless, in practical 796 
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maritime monitoring and decision-support scenarios, model training is typically performed 797 

offline. After deployment, the trained models can generate predictions for incoming trajectory 798 

data within milliseconds, thereby fully satisfying real-time operational requirements. 799 

Overall, IDCMSA-MSIFE achieves a favorable balance between computational cost and 800 

predictive accuracy, demonstrating a compelling trade-off that highlights its practicality and 801 

strong potential for real-world maritime applications. 802 

Table 12. Comparative analysis of total training time across different methods on vessel trajectory data 803 

from two water regions 804 

Water Regions Methdos Training Time (s) 

CfdP 

BPNN 487 

RNN 1204 

LSTM 2113 

GRU 1827 

Bi-LSTM 3126 

Bi-GRU 2766 

DBSCAN-GeoCLSTM 25128 

IDCMSA-MSIFE 30867 

CsJP 

BPNN 669 

RNN 1805 

LSTM 3027 

GRU 2642 

Bi-LSTM 4287 

Bi-GRU 3628 

DBSCAN-GeoCLSTM 34167 

IDCMSA-MSIFE 42625 

5.4.4 Analysis of representative navigation scenarios 805 

To further validate the predictive advantage of the proposed framework in complex and 806 

realistic real-world navigation scenarios, this section presents two representative case studies, 807 

each based on a single trajectory selected from the CfdP and CsJP waters, respectively. The 808 

selected cases involve challenging navigation scenarios, including vessel turning, speed 809 

variation, and interactions in dense traffic, thereby providing an intuitive illustration of the 810 

framework’s performance under highly dynamic conditions. 811 

(1) Case Study 1: Vessel Departure in CfdP Waters. The first case involves a vessel departing 812 

from a port within the CfdP waters. The spatial distribution of this trajectory is shown in Fig. 813 

15(b), and the prediction results from different methods are compared in Fig. 17(b). This 814 

trajectory belongs to Cluster 3 of the CfdP region, which primarily represents turning behaviors 815 

associated with port entry and exit. During the departure process, the vessel performs multiple 816 

turning maneuvers. 817 

The prediction generated by the proposed framework (pink curve) closely follows the ground-818 

truth trajectory and accurately reproduces the curvature variations after each turn. This result 819 

indicates that the IDCMSA module effectively groups trajectories sharing similar spatial 820 

patterns, such as turning movements near port entrances and exits. As a consequence, the 821 

subsequent MSIFE network is able to concentrate on learning cluster-specific dynamic 822 

characteristics, including changes in COG and SOG during maneuvering. The fusion of COG 823 

and SOG information plays a critical role in enabling the network to capture these motion 824 

dynamics. 825 

This case demonstrates that the IDCMSA-MSIFE framework can effectively model complex 826 
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vessel maneuvers at critical waypoints, such as port approaches and departures. The resulting 827 

accurate trajectory prediction is particularly valuable for port traffic organization, collision 828 

avoidance, and berthing schedule coordination. 829 

(2) Case Study 2: Trajectory in a Congested Waterway Intersection (CsJP). The second case 830 

examines a vessel trajectory within a complex intersection area of the CsJP waters, where 831 

multiple channels converge. The trajectory distribution is shown in Fig. 16(b), and the 832 

corresponding prediction results are compared in Fig. 18(b). This trajectory belongs to Cluster 833 

3 of CsJP and is characterized by frequent subtle course adjustments, reflecting vessel 834 

interactions and adaptations to channel geometry rather than straight-line navigation. 835 

The proposed framework again produces a prediction (pink curve) that closely matches the 836 

overall trend of the true trajectory. This performance can be attributed to the strong temporal 837 

modeling capability of the Bi-LSTM module within the MSIFE network, together with the 838 

guidance of the tailored loss function that incorporates angle deviation and baseline distance 839 

correction terms. These components enable the model to learn and reproduce fine-grained 840 

navigational corrections embedded in the trajectory. 841 

This case highlights the robustness of the proposed framework in congested and interactive 842 

waterways. By reducing trajectory heterogeneity through clustering and adopting a behavior-843 

aware optimization strategy, the model effectively captures subtle course variations that arise 844 

from complex traffic interactions. The ability to anticipate such minor adjustments is essential 845 

for early warning of close-quarters situations and collision risk mitigation. 846 

Overall, the two case studies demonstrate that the IDCMSA-MSIFE framework not only 847 

achieves superior quantitative accuracy but also reliably predicts critical vessel maneuvers, 848 

such as turning and speed variation, and captures fine-scale path corrections in congested waters. 849 

These results confirm the practical value of the integrated design, which combines density-850 

aware clustering, multi-source feature fusion, and a tailored loss function within a unified two-851 

stage architecture. 852 

5.5. Management and policy implications for ocean and coastal operations 853 

The proposed cluster-aware vessel trajectory prediction framework offers important 854 

implications for both maritime management practice and policy development in ocean and 855 

coastal operational contexts. By enhancing the accuracy and stability of trajectory forecasting 856 

in heterogeneous traffic environments, the framework provides a reliable analytical foundation 857 

for informed decision-making by maritime administrations, port authorities, Vessel Traffic 858 

Service (VTS) operators, and coastal regulators. 859 

From an operational management perspective, the ability to distinguish heterogeneous vessel 860 

movement patterns through trajectory clustering enables more targeted and adaptive traffic 861 

management strategies. Instead of treating maritime traffic as a homogeneous flow, cluster-862 

level trajectory prediction enables the identification of behavior-specific navigation 863 

characteristics across different vessel groups and operational contexts. This supports the design, 864 

evaluation, and dynamic adjustment of traffic separation schemes, fairway layouts, routing 865 

measures, and speed management policies, particularly in congested coastal waters and port-866 

approach areas where navigational complexity and safety risks are elevated. 867 

In the domain of maritime safety management, the improved predictive performance of the 868 

framework strengthens the capacity for proactive risk identification and mitigation. Short-term 869 

trajectory forecasts can be used to support early warning of potential collision risks, near-miss 870 
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situations, and abnormal maneuvering behaviors. When integrated into shore-based monitoring 871 

platforms or VTS systems, such predictive capability facilitates a transition from predominantly 872 

reactive incident response toward preventive and anticipatory safety management, aligning with 873 

international best practices in maritime safety governance. 874 

The framework also contributes to operational efficiency and environmental performance. 875 

More accurate anticipation of vessel movements enables improved traffic flow coordination, 876 

congestion management, and arrival time optimization. These capabilities are particularly 877 

relevant for ports and coastal authorities seeking to balance safety, efficiency, and 878 

environmental objectives (Wang et al., 2023). By supporting smoother traffic operations and 879 

reducing unnecessary maneuvering, waiting times, and stop-go behavior, the proposed 880 

approach indirectly contributes to fuel consumption reduction and emissions mitigation in busy 881 

maritime corridors (Chen et al., 2025; W. Zhang et al., 2025). 882 

From a policy and governance perspective, the proposed framework supports evidence-based 883 

maritime decision-making by relying primarily on widely available AIS data without requiring 884 

additional onboard equipment or intrusive data collection. This characteristic enhances its 885 

scalability and transferability across different regulatory regimes and geographic regions. The 886 

framework can inform maritime spatial planning, the assessment of traffic management 887 

interventions, and the development of adaptive regulatory strategies that reflect observed vessel 888 

behavior patterns rather than static or assumption-driven models. 889 

Finally, as ocean and coastal operations increasingly undergo digital transformation, the 890 

integration of cluster-aware predictive analytics aligns with broader policy initiatives related to 891 

intelligent transportation systems, smart ports, and maritime digitalization. The proposed 892 

approach provides a practical pathway for embedding advanced data-driven intelligence into 893 

operational and governance frameworks, supporting long-term objectives of safe, efficient, and 894 

sustainable ocean and coastal management. 895 

To illustrate these implications, a representative application scenario has been added for the 896 

intelligent traffic management of the Deepwater Channel at the Yangtze Estuary, China. This 897 

waterway is characterized by high traffic density, mixed vessel types, frequent crossing 898 

movements, and strong tidal influences, resulting in substantial operational complexity. 899 

In this scenario, the IDCMSA-MSIFE framework can be integrated into the local VTS center 900 

to establish an intelligent situational awareness and early-warning system. First, the IDCMSA 901 

module performs clustering on historical AIS data to identify dominant traffic flow patterns, 902 

including bidirectional main routes, crossing streams, turning zones for large vessels, and 903 

access channels to anchorages. Second, for each identified cluster, the MSIFE network is 904 

trained using cluster-specific historical trajectories and applied in real time to generate short-905 

term trajectory predictions (e.g., 10-30 minutes ahead) based on dynamic features such as 906 

position, speed, and course. Third, predicted trajectories are used to compute future encounter 907 

indicators, including Distance to Closest Point of Approach (DCPA) and Time to Closest Point 908 

of Approach (TCPA), enabling early identification of potential conflict zones and high-risk 909 

situations. Fourth, during peak traffic periods or adverse environmental conditions, the system 910 

can support dynamic traffic management by recommending speed adjustments, staggered entry 911 

into complex segments, or temporary sequencing of vessel movements. 912 

6. Conclusions 913 

This study proposes IDCMSA-MSIFE, a unified framework for vessel trajectory prediction 914 
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that combines an enhanced clustering method with a multi-source fusion network. The 915 

IDCMSA algorithm improves density-based clustering by eliminating the need for manually 916 

defined hyperparameters and demonstrating increased robustness to noise in complex 917 

waterways. Building on this clustering step, the MSIFE network leverages trajectory 918 

coordinates, COG, and SOG to learn rich motion features, while a three-term loss function 919 

enhances model stability during optimization. 920 

Experiments on real AIS datasets from two coastal regions show that IDCMSA-MSIFE 921 

achieves consistently higher accuracy and stability than a range of traditional and deep learning 922 

benchmarks, confirming its effectiveness in modelling complex vessel movement patterns. The 923 

integration of improved clustering with multi-source fusion offers a promising direction for 924 

advancing data-driven maritime traffic intelligence. 925 

While the proposed framework shows promising results in current experimental settings, 926 

further research could focus on two key directions to enhance its practical applicability. First, 927 

the computational efficiency of the IDCMSA clustering algorithm requires improvement for 928 

large-scale, high-frequency AIS data processing, especially during density-reachability analysis 929 

and convolutional smoothing. Implementing the algorithm on GPU-based parallel architectures, 930 

utilizing strategies such as block-wise computation of the grid density matrix and CUDA kernel 931 

optimization, could significantly reduce runtime. This would improve scalability and support 932 

real-time analysis in extensive areas like port clusters and coastal networks. Second, current 933 

models are primarily trained on routine sailing patterns, yet real-world trajectories often contain 934 

sudden deviations caused by collision avoidance, emergency maneuvers, or external disruptions. 935 

These irregular and transient behaviors are not well captured by existing prediction approaches. 936 

Future work should therefore integrate such uncertainty-aware modeling, for instance, through 937 

anomaly detection modules, intent-aware context weighting, or more robust loss functions and 938 

network designs. These advancements would strengthen the model’s robustness and 939 

generalization in dynamic maritime environments, supporting safer and more efficient traffic 940 

management. 941 
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