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Abstract	

To	explore	the	application	of	multi‐source	spatiotemporal	data	fusion	technology	in	ship	
trajectory	 analysis,	 this	 study	 develops	 a	 fusion	 algorithm	 that	 integrates	 Kalman	
filtering	 and	 Bayesian	 estimation.	 Through	 the	 fusion	 of	 multi‐source	 data,	 the	
positional	 accuracy	 of	 the	 trajectories	 is	 significantly	 improved,	 with	 experimental	
results	 showing	 that	 the	average	error	 is	 reduced	 from	58	meters	 to	23	meters.	The	
results	demonstrate	that	the	proposed	algorithm	effectively	enhances	the	accuracy	and	
reliability	of	vessel	monitoring,	which	is	of	great	significance	for	maritime	traffic	safety.	
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1. Introduction	

The enhancement of safety and efficiency in maritime shipping relies on the precise monitoring 
of vessel behavior, a challenge that involves processing and analyzing various types of data 
collected from the dynamic marine environment. With the rapid development of the global 
shipping industry and satellite navigation[1-2],by integrating multiple data sources, including 
radar, GPS, and Automatic Identification Systems (AIS), this study aims to improve the accuracy 
and reliability of vessel position monitoring. This advanced data processing technology not only 
optimizes existing monitoring systems but also provides new insights and solutions for 
maritime traffic management, thereby ensuring navigational safety and optimizing the 
utilization of navigational resources. 

2. Multi	Source	Spatiotemporal	Data	Fusion	

The fusion of multi-source spatiotemporal data is crucial for vessel trajectory analysis[3-4], 
significantly enhancing the accuracy and reliability of monitoring systems. The activities of 
vessels at sea are complex and variable, involving different types of data sources. By integrating 
these data, it becomes possible to achieve more precise monitoring of vessel position and 
motion status, particularly in intricate marine environments. Data fusion not only enhances the 
complementarity of individual data sources but also addresses inconsistencies and delays in 
the data through temporal synchronization and spatial normalization methods, such as Kalman 
filtering techniques, thereby ensuring the provision of continuous and coherent trajectory 
information. This comprehensive analytical approach improves the sensitivity of anomaly 
detection, which has a direct positive impact on navigational safety and vessel operational 
efficiency. 

3. Ship	Trajectory	Analysis	

3.1. Data	preprocessing	
1) Data cleaning 
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Data cleaning aims to eliminate erroneous, duplicate, and irrelevant data. Initially, data points 
that are physically impossible, such as records exceeding the maximum vessel speed of 50 knots, 
were removed through rule-based filtering. Subsequently, a sliding window approach was 
employed to detect and eliminate duplicate records, with a window size set to 5 minutes. Finally, 
the DBSCAN clustering algorithm was utilized to identify and remove outliers. The results of 
the cleaning process indicated that a total of 3.2% of the data points were removed, with 
erroneous data accounting for 1.5%, duplicate data for 1.1%, and outliers for 0.6%. The cleaned 
data exhibited greater temporal and spatial continuity and coherence, thereby laying a solid 
foundation for subsequent analysis. 
2) Outlier handling 
This study employs an improved Local Outlier Factor (LOF) algorithm to identify and address 
anomalies in the data. The trajectory data is transformed into a high-dimensional feature space, 
encompassing attributes such as position, velocity, and direction. For the detected outliers, a 
local mean interpolation method is utilized for correction. Experimental results indicate that 
this approach successfully identified and processed 2.7% of the outliers, significantly enhancing 
the consistency and reliability of the data. 
3) Data standardization 
Data standardization is a necessary step to ensure comparability of features at different 
scales. This study performed min max normalization on various attributes of trajectory data: 
 

𝑥‘ ൌ ௫ି௠௜௡（௫）

௠௔௫（௫）ି௠௜௡（௫）
                          (1) 

 
In the equation, x and x' represent the values before and after normalization, respectively. For 
latitude and longitude, a projection transformation is applied to convert them into x and y 
coordinates in a planar coordinate system prior to normalization. Attributes such as velocity 
and direction undergo min-max normalization directly. After normalization, all feature values 
are mapped to the interval [0, 1], thereby eliminating the influence of units and ensuring that 
each feature carries equal weight in subsequent analyses. This processing provides a fair basis 
for comparison in tasks such as trajectory anomaly detection and pattern recognition. 

3.2. Trajectory	anomaly	detection	and	analysis	
1) Exception type definition 
Abnormal speed: The ship's speed significantly deviates from the expected range. 
Path deviation: The vessel deviates from the predetermined or regular route. 
Abnormal stay: The vessel abnormally stays in a non berthing area. 
Sudden turn abnormality: The vessel makes a sudden turn that does not comply with navigation 
rules. 
AIS signal abnormality: AIS signal frequently interrupts or jumps. 
Each type of anomaly has specific criteria for judgment, such as the criteria for judging speed 
anomalies being: 
 

𝑣 െ 𝑣௘௫௣௘௖௧௘ௗ ൐ 2 ൈ 𝑠𝑡𝑑ሺ𝑣ሻ                                 (2) 
 
In the formula: v is the actual speed; vexpected is the expected speed for this flight segment; Std 
(v) is the standard deviation of speed. These definitions are provided for subsequent anomaly 
detection algorithms. 
2) Anomaly detection algorithm 
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This paper presents a trajectory anomaly detection algorithm based on an LSTM-AutoEncoder. 
The algorithm is designed to learn the spatiotemporal features of normal trajectories and 
utilizes reconstruction error to assess the degree of anomaly. The process of the algorithm is as 
follows: 
① Encode the trajectory sequence into a ϐixed length vector sequence; 
② Use LSTM encoder to map vector sequence to latent space; 
③ Reconstruct the original sequence using an LSTM decoder; 
④ Calculate the reconstruction error as the anomaly score. 
Abnormal score calculation formula: 
 

𝑠𝑐𝑜𝑟𝑒 ൌ 𝑀𝑆𝐸ሺ𝑋, 𝑋′ሻ                               (3) 
 
In the formula, X and X 'represent the original sequence and reconstructed sequence, 
respectively. Set a threshold θ, and when the score>θ, it is judged as abnormal. The 
experimental results show that the algorithm has an average accuracy of 92.3% in various types 
of anomaly detection, with an F1 score of 0.89, which is significantly better than traditional 
rule-based and statistical methods. 
3) Analysis of Abnormal Causes 
Conduct in-depth analysis of the detected abnormal trajectories, combined with meteorological 
data, ship logs, AIS messages, and other information, to summarize the main causes of the 
anomalies and their Proportion (see Figure 1). Further analysis revealed a clear correlation 
between different types of anomalies and their causes. For example, abnormal speed is mainly 
caused by severe weather and equipment failures, while path deviation is often related to 
human operation and emergency avoidance. 
 

 
Figure	1.	Main abnormal causes and their proportion 

 

3.3. Trajectory	pattern	recognition	
1) Feature extraction 
Time characteristics: duration of navigation, distribution of dwell time. 
Spatial features: trajectory length, steering angle distribution, and route complexity. 
Motion characteristics: velocity statistics, acceleration statistics, angular velocity statistics. 
The complexity of flight routes is characterized by fractal dimension: 
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In the formula: N is the number of trajectory points; R is the scale factor; L is the total length of 
the trajectory. 
In addition, local features based on sliding windows were introduced to capture dynamic 
changes in trajectories. Experiments have shown that these features can effectively distinguish 
different types of navigation patterns, laying the foundation for subsequent classification. 
2) Trajectory classification method 
This paper proposes a trajectory classification method based on a CNN-LSTM architecture. The 
method first employs a 1D-CNN to extract local spatiotemporal features, followed by the use of 
LSTM to capture long-term dependencies. Finally, classification is performed through a fully 
connected layer and a softmax function. 
The model training employs the cross-entropy loss function and the Adam optimizer, utilizing 
a dataset of 100,000 labeled trajectories for training and validation. The experimental results 
(as shown in Table 1) indicate an average accuracy of 94.7%, which significantly outperforms 
traditional SVM and random forest methods. This result demonstrates the effectiveness of the 
proposed approach in trajectory pattern recognition[5-7]. 
 

Table	1. Experimental result 

Track Type Accuracy Recall F1 Score 
Normal Navigation 0.96 0.95 0.95 

Mooring 0.93 0.94 0.93 
Catch Fish 0.92 0.91 0.91 

Cruise 0.89 0.90 0.89 
 

3.4. Trajectory	prediction	
1) Short term trajectory prediction 
Short term trajectory prediction adopts an improved LSTM model and introduces attention 
mechanism to capture local correlations of trajectories[8-9]. The prediction adopts a recursive 
strategy, predicting the next time step each time, and then using the prediction result as input 
to predict a farther future[10-11]. The loss function adopts mean square error (MSE) and 
introduces a regularization term to prevent overfitting: 
 

L ൌ MSEሺy, y′ሻ ൌ λ ∙ ‖W‖ଶ
ଶ                                   (5) 

 
In the formula, y and y 'are the true value and predicted value, respectively; W is the model 
parameter; λ is the regularization coefficient. The results indicate that the prediction error of 
the model is controlled within an acceptable range within 30 minutes, meeting most practical 
application requirements. 
2) Long term trajectory trend analysis 
The long-term trajectory trend analysis adopts a combination of time series decomposition and 
ARIMA model. Firstly, perform time series decomposition on historical trajectory data: 
 

Yሺtሻ ൌ Tሺtሻ ൅ Sሺtሻ ൅ Rሺtሻ                              (6) 
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In the formula, T (t) is the trend term, S (t) is the seasonal term, and R (t) is the residual term. 
Establish ARIMA models for the trend term and residual term respectively: 
 

ሺ1 െ θଵB െ θଶBଶെ. . . θ୮B୮ሻሺ1 െ BሻୢX୲ ൌ ሺ1 ൅ θଵB ൅ θଶBଶ. . . θ୮B୮ሻ ∈୲            (7) 

 
In the formula: B is the lag operator; p. d and q are the autoregressive order, differential order, 
and moving average order, respectively. 
The model parameters are automatically selected using AIC criteria, and the comparison 
between the predicted results and actual data.The results indicate that this method can 
effectively capture the changing trends of long-term trajectories, providing important 
references for maritime transportation planning and port resource allocation. 

4. Result	And	Analysis	

4.1. Evaluation	of	Data	Fusion	Effectiveness	
The effectiveness of data fusion is evaluated based on data integrity, consistency, and accuracy. 
The fused trajectory data shows significant improvements in both temporal resolution and 
spatial coverage, as compared to the results in Table 2. These results indicate that multi-source 
data fusion significantly improves the quality and reliability of trajectory data, laying a solid 
foundation for subsequent analysis [3]. 
 

 
Table	2.	Comparison of data quality before and after fusion 

Index Before 
fusion After fusion Increase proportion 

Time coverage rate 83.5% 99.2% 18.8% 
Space coverage range Reference +15.3% 15.3% 

Standard deviation of speed 2.3 kn 1.4 kn 39.1% 
Average positioning error 83 m 32 m 61.4% 

 

4.2. Trajectory	anomaly	detection	results	
The trajectory anomaly detection algorithm has achieved excellent performance on the test 
dataset. The algorithm successfully identified various types of anomalies, including speed 
anomalies, path deviations, and stopping anomalies. The detection results of different types of 
anomalies (see Table 3). The algorithm exhibits high detection ability in various types of 
anomalies, especially in speed anomalies and AIS signal anomalies, which proves the 
effectiveness and reliability of the proposed method in practical applications. 
 

Table	3.	Detection results of different types of anomalies 

Exception Accuracy/% Recall rate/% F1 Score/% 
Velocity anomaly 95.3 94.1 94.7 

Path deviation 92.8 90.5 91.6 
Staying abnormal 93.2 91.7 92.4 

Abnormal rapid rotation 91.4 88.9 90.1 
AIS signal abnormality 94.6 92.3 93.4 
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4.3. Trajectory	pattern	recognition	results	
The trajectory pattern recognition algorithm achieved an overall accuracy of 95.3% on the test 
set, successfully identifying multiple typical navigation patterns, and the recognition results are 
shown in Table 4. The algorithm performs particularly well in identifying common navigation 
patterns (such as normal navigation and anchoring), and can achieve an accuracy of over 90% 
for more complex patterns (such as search and rescue). This result proves the effectiveness and 
robustness of the proposed method in practical applications [4]. 
 

Table	4.	Recognition results of various navigation modes 
Navigation mode Accuracy/% Recall rate/% F1 Score/% 

Normal navigation 97.2 98.1 97.6 
mooring 96.5 95.8 96.1 
catch fish 93.7 94.2 93.9 

cruise 91.9 92.3 92.1 
search for and rescue 90.8 91.5 91.1 

5. Conclusion	

This article has achieved significant results in ship trajectory analysis using multi-source 
spatiotemporal data, especially in data fusion, anomaly detection, and pattern recognition. 
Future work will explore more advanced algorithms to improve the accuracy of predictive 
models and further optimize data processing workflows to cope with larger datasets. 
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