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Abstract 

Ship trajectory prediction plays an important role in numerous maritime applications and services. 
With the development of deep learning technology, the deep learning prediction method based on 
AIS (Automatic Identification System) data has become one of the hot topics in current maritime 
traffic research. However, the academic community currently generally focuses on connections 
between trajectory points while ignoring correlations among the dynamic information of trajectory 
points and the potential information of the dynamic information itself. Aiming at the problem of 
insufficient modeling of the relationships among dynamic information in ship trajectory prediction, 
we propose MART (Multidimensional Attribute Relationship Transformer) model. This model 
introduces a simulated trajectory training strategy to obtain the Association Loss (AssLoss) for 
learning the associations among different dynamic information; and uses the Distance Loss (DisLoss) 
to integrate the relative distance information of the attribute embedding encoding to assist the model 
in understanding the relationships among different values in the dynamic information. We test the 
model on two AIS datasets, and the experiments show this model outperforms existing models (such 
as seq2seq, etc.) in long-term prediction tasks. This study reveals the importance of the relationship 
between attributes and the relative distance of attribute values in spatiotemporal sequence modeling. 

Keywords: AIS data; deep learning; ship trajectory prediction; attribute association; embedding 
encoding 
 

1. Introduction 

In the past few decades, maritime situation awareness and maritime surveillance have gradually 
become research hotspots, with the core objective of using multi-source data to achieve the maximum 
perception of maritime activities. Maritime safety is a very important field among them. Currently, 
there are various types of data related to maritime safety, and the most important of them is the AIS 
data provided by the Automatic Identification System (AIS)[1]. With the promotion and 
popularization of AIS equipment by the International Maritime Organization (IMO), the number of 
ships equipped with AIS equipment has been continuously increasing, accumulating a large amount 
of AIS data. This data contains key information such as longitude, latitude, speed over ground(SOG), 
course over ground(COG), Maritime Mobile Service Identity (MMSI), ship type, and motion state. 
The mining and utilization of its deep-level information provide data support for fields such as ship 
collision avoidance and anomaly detection. Among them, ship trajectory prediction is an important 
method for utilizing AIS data. 

Ship trajectory prediction refers to using machine learning, deep learning or other related 
technologies to predict the future trajectory of ships based on historical ship trajectory data and 
environmental information[2]. Accurate ship trajectory prediction can be used for maritime traffic 
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management[3], including tasks such as route planning[4–6], destination and arrival time 
prediction[7], maritime search and rescue operations[8,9], maritime abnormal traffic detection[10–
12], etc., providing technical support for the intelligence of maritime supervision systems[13]. The 
mainstream ship trajectory prediction methods are mainly divided into two types. The first type relies 
on the ship motion model as prior knowledge and combines filtering methods or other clustering 
methods and then samples to obtain the final posterior prediction results. The simplest and most 
common motion model is the Nearly Constant Velocity (NCV) model[14], but it lacks consideration 
of complex situations. Then, scholars proposed the Kernel Density Estimation (KDE)[15] method for 
trajectory prediction. By marking the source trajectory and time in the historical data, it is possible to 
predict multiple possible paths of the trajectory. Based on the knowledge of historical trajectories, 
Mazzarella et al. [16] proposed the KB-PF (Particle Filter) method. They match the trajectory to be 
predicted with historical trajectories. If the matching fails, the NCV model is used, and if the matching 
is successful, the PF method is used for subsequent prediction. Rong et al. [17] proposed a Gaussian 
process model, which decomposes the ship motion into horizontal and vertical directions and 
calculates the position probabilities in these two directions, and updates the parameters of the 
Gaussian model through historical ship trajectories. However, the limitations of the above methods 
are quite obvious. Their predictions are based on the trajectory motion model, which can’t explain 
the existence of turning points, and the prediction time will become longer as the amount of data 
increases. At the same time, the filtering method is prone to the problem of error propagation and is 
not suitable for long-term prediction. The second type is the neural network-based method that has 
emerged in recent years. With the extensive application of neural network models in various fields 
and achieving state-of-the-art results, ship trajectory prediction has shifted from prediction using 
kinematic models to prediction using neural network and deep learning models. Given the sequential 
characteristics of ship trajectories, the structure of the Recurrent Neural Network (RNN) is very 
suitable for learning these features. To solve the long-term dependence problem in RNNs, its variant, 
the Long Short-Term Memory (LSTM) model, has emerged. Ma et al. [18] used RNN and LSTM 
models for multi-trajectory prediction, and the experimental results showed that the LSTM model 
performed better. Park et al. [19] understood the intentions of ships through trajectory prediction to 
prevent ship collisions. They used the Bi-LSTM model to learn the characteristics of ship trajectories 
from noisy trajectory points and achieved more accurate prediction results compared with the LSTM 
and GRU models in the final trajectory prediction. Due to the success of the seq2seq method in 
machine translation, some scholars have also applied it to trajectory prediction. Forti et al. [20] used 
LSTM as the encoder and decoder for long-term trajectory prediction and achieved better results 
compared with the Ornstein-Uhlenbeck stochastic process method. Capobianco et al. [21] selected Bi-
LSTM as the encoder compared with the former and added the attention mechanism to solve the 
problem of long-distance dependence, improving the prediction accuracy of the model. The proposal 
of the Transformer model is another outstanding contribution in the field of deep learning. Its 
attention mechanism obtains the information of each token in the input sequence data simultaneously 
and makes prediction outputs in parallel, which enables the Transformer to learn the long-term 
dependence relationships existing in the data while speeding up the training speed of the model and 
successfully achieving state-of-the-art results in multiple fields. For example, Nguyen et al. [22] 
improved the Transformer to obtain the TrAISformer. They gridded the areas and connected various 
attribute information of the input after embedding as the input, and obtained the predicted trajectory 
through the method of probability sampling, which solved the multimodal and heterogeneous 
problems in ship trajectories to a certain extent. The multimodal problem of long-term prediction is 
shown in Figure 1. The blue trajectory is the real trajectory, while the yellow dotted line and the red 
dotted line are other possible trajectory directions. Since there are multiple reasonable possibilities 
for the future trajectory of the ship instead of a single definite trajectory, the modalities of different 
trajectories need to be modeled and predicted simultaneously. 
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Figure 1. Multimodal Problem Presentation. 

In ship trajectory prediction, due to the difficulties encountered in data collection, most of the 
research in this direction mainly emphasizes dynamic ship information, such as position, speed and 
course. Most ship trajectory prediction methods also use these four types of dynamic information as 
the input of the model in experiments[23,24]. In order to solve the existing multimodal problems, 
many studies[18–20] attempt to merge trajectories with similar features into one category through 
methods such as clustering, so as to help the model achieve better prediction results in the form of 
labels and the like. However, this method is quite difficult for vast areas with complex trajectories, 
while Nguyen et al. [22] can solve the multimodal problem relatively well by using embedded vectors 
in the way of probability sampling. However, since only the dynamic information is separately 
embedded and then concatenated as the input, the model will actually only combine the information 
of the speed, course and position for understanding. It is unable to understand the relationships 
between attributes. As a result, when encountering unfamiliar trajectories, the model can’t start from 
the information of the trajectory itself, but matches it with the training data, leading to serious 
prediction errors. In addition, as a Transformer model originally used for NLP tasks, when texts and 
trajectories are transformed into another dimension through embedding, theoretically, the 
embedding encoding corresponding to the vocabulary of the text does not contain the relationships 
between words. However, when the position, SOG and COG attributes of the trajectory are 
transformed into embedding encodings, the relative distances in the embedding encoding actually 
represent the relative distances between the values of the corresponding attributes, which is 
something worthy of attention when applying embedding to trajectories.   

In order to address the above challenges, we propose the MART (Multidimensional Attribute 
Relationship Transformer) model. Our main contribution lies in the improvement of the loss function. 
We propose two loss calculation methods, namely AssLoss (Association Loss) and DisLoss (Distance 
Loss), which respectively enhance the model's understanding of the relationships between different 
attributes and the relationships among different values within attributes.  
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2. Methodology 

2.1. Problem Statement 

In current ship trajectory prediction models, the mainstream approach is to improve  model to 
better memorize the trajectory shape. However, this is often limited by the trajectory distribution in 
the training set. Moreover, due to the scarcity of trajectories in some areas, the model fails to fully 
understand those areas. We have selected the test trajectories shown in Figure 2 for demonstration. 
The test trajectories are drawn with blue lines in the figure and their names are indicated with red 
letters. Both trajectories are located in the marginal areas of the training range and have simple 
trajectory shapes.   

 

Figure 2. Test Trajectory Display. 

We use different points of the test trajectory as starting points and let the model predict the 
subsequent trajectories. The trajectories before the starting points are input into the model. The 
prediction results are shown in Figure 3. The blue line in the figure represents the real trajectory. The 
green line represents the trajectory points at future moments calculated according to the SOG and 
COG of the real trajectory points. The red line represents the predicted trajectory of the TrAISformer.  

 
(a) 

 
(b) 

Figure 3. test result: (a) Trajectory 1 prediction results; (b) Trajectory 2 prediction results. 
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As can be seen from the figure, the SOG and COG of this trajectory are highly consistent with 
the real situation of the trajectory. Therefore, the positions at future moments calculated according to 
the trajectory SOG and COG always coincide with the real positions of the trajectory. However, when 
the model makes predictions, the predicted points at the next moment of the input points always 
deviate greatly from the real positions. This indicates that the trained model fails to understand the 
relationship between the speed and course and the movement of the ship.  

Moreover, in the embedding layer of the model, due to the insufficient distribution of training 
data in some areas, the embedding vectors corresponding to these areas are not well trained, and the 
model fails to understand the real-world meanings of the corresponding vector spaces. This is clearly 
shown in Figure 4. The y-values in the figure are the cosine similarities calculated from the latitude 
vectors that are adjacent in the real world within the latitude vector space. For the previous area 
where there is sufficient amount of data in the training scope, the vectors corresponding to adjacent 
latitudes have relatively high cosine similarities. However, for the latter area, because there is less 
trajectory data at some positions, the cosine similarities of some adjacent latitude embedding vectors 
are close to 0. This is also the reason why the model performs poorly in predicting areas with sparse 
trajectories, as the model doesn’t understand the actual meanings of the position vectors 
corresponding to these areas.  

  

(a) (b) 

Figure 4. TrAISformer Vector Space Similarity Graph: (a) Area 1 Latitude Vector Cosine Similarity; (b) Area 2 
Latitude Vector Cosine Similarity. 

2.2. Model Structure 

In order to achieve better prediction of ship trajectories, since the transformer can fully learn the 
long-term dependencies among sequential data and enable efficient parallel computing, we use it as 
the basic architecture of the model to construct a model based on the association of multi-dimensional 
attributes of trajectories. The structural diagram of the model is shown in Figure 5. The input data is 
composed of real trajectory data and simulated trajectory data. Each trajectory contains a certain 
number of trajectory points composed of four attributes: latitude, longitude, SOG and COG. Before 
the embedding layer, the input attribute values are cut at equal intervals to obtain the embedding 
encodings. The process of inputting data into the model is as follows: first, the input data passes 
through the embedding vectors. Secondly, the real trajectories and the simulated trajectories are 
concatenated, added with the position encodings, and then input into the multi-layer blocks 
composed of the attention layer and the feed-forward fully connected layer. After passing through 
the final linear layer, the unnormalized weights are obtained. The weights are re-divided into the 
parts of the real trajectories and the simulated trajectories. Then, both parts are combined with the 
weights of corresponding distribution, and the DisLoss and AssLoss are obtained through the 
CrossEntropyLoss (CE). Finally, the two calculated loss values are added to obtain the final loss 
value. The calculation formula of the final model loss is as follows:  
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= +Loss DisLoss SimLoss  (1)

 

Figure 5. Architecture of Ship Trajectory Prediction Model. 

The embedding layer maps attribute information to the vector space, and the four attributes of 
the trajectory point as input are mapped to the corresponding vector space through their respective 
embedding layers and connected to obtain the vector representation of the trajectory point. 

After the real trajectory and simulated trajectory as inputs are mapped to the vector space 
through Embedding, they will be added to the position encoding. The function of position encoding 
is to add sequential position information to the sequence vector, because the attention mechanism of 
the transformer operates in parallel for each point vector. Without position encoding, changing the 
order between point vectors in the sequence vector will only affect the vector order in the output 
result and not the actual output value. But in reality, whether it's ship trajectories or long texts, once 
the order is disrupted, the information inside will be changed. So it is necessary to use positional 
encoding to inform the model of the positional relationships present in the sequence vectors. 

The obtained vector containing positional information will be input into the Blocks layer, which 
includes masked multi head self attention and Feed Forward Network (FFN) layers. The role of the 
self attention module is to enable the model to simultaneously pay attention to all the vectors in the 
sequence vector, so as to learn the long-range dependencies that exist in the input sequence. For the 
input sequence vector x, the first step is to transform it into Q, K, V through three transformation 
matrices: 

= ⋅
 = ⋅
 = ⋅

Q

K

V

Q x W
K x W
V x W

 (2)

Then the obtained Q, K, V matrices will enter the attention layer, and the attention calculation 
formula is as follows:  

max( )=
T

k

QKZ soft V
d

 (3)

In the formula, 𝑑௞ is the vector dimension, 𝑍 is the attention score. After calculating the matrix 
multiplication operation of 𝑄  and 𝐾் , it is necessary to divide by the square root of the vector 
dimension to scale the softmax result, making the calculation stable and preventing gradient 
explosion or vanishing. The softmax is to convert the result of the 𝑄 and 𝐾 matrices into weights 
that sum to 1. Then, the embedded vectors are cut in a multi-head manner, so that the model can 
distribute attention to other related positions in different sub-spaces, enhancing the expressive ability 
of the model. By using self attention layers to learn the relationships between trajectory points, and 
then using FFN to learn the relationships between position, SOG, and COG. Finally, after passing 
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through the Blocks composed of multiple attention layers and fully connected layers, the probability 
of the predicted trajectory points is obtained through the final linear layer and softmax. 

For the predicted probabilities of the output, we re-cut them into the probabilities of the 
predicted points of the simulated trajectories and the probabilities of the predicted points of the real 
trajectories. For the part of the simulated trajectories, we only calculate the loss values of the latitude 
and longitude to obtain the AssLoss. The reason for giving up the loss values of the speed and course 
is mainly that the simulated trajectories we generate are completely random without target 
information, and there is no learning value in the variation patterns of the speed and course of the 
purposeless trajectories. For the part of the real trajectories, we calculate the sum of the loss values of 
the four attributes to obtain the DisLoss. However, different from the former, the label weights are 
not one-hot vectors, but are obtained according to the distances between the embedding encodings 
and the real label encodings. We distribute the weights corresponding to the real labels according to 
the normal distribution, and provide the distance relationships between different values in the 
attributes to the model through this method.  

2.3. Distance Loss 

This trajectory prediction model and the mainstream text generation models both use the 
transformer structure, but the two input completely different types of data. When the vocabulary 
obtained after word segmentation of the text and the longitude and latitude input of the trajectory 
are projected through embedding, there is no relationship between the words in the former and the 
embedding encodings, while there is a relatively obvious correlation in the latter. The specific 
situation is shown in Figure 6.  

 
Figure 6. Text and Trajectory Corresponding Embedding Encoding Example. 

Therefore, the characteristics of the embedding encodings of the attributes of the trajectory 
points can be applied to the loss function. The most commonly used loss function in the mainstream 
text generation models is the cross-entropy function, which is Equation (4), as follows:  


,

1
,

1

1 log
= =

= − 
N K

i k
i k i kCrossEntropy p p

N
 (4)

In this formula, 𝑁 denotes the number of samples, 𝐾 denotes the number of categories, 𝑝௜,௞ 
represents the true probability distribution, and 𝑝̂௜,௞  represents the predicted probability 
distribution. In practical applications, the true category distribution often uses one-hot vectors. In 
text generation, one-hot vectors are used as the category distribution mainly because of the mutual 
exclusivity between words in the vocabulary. The probability distribution of the output vocabulary 
learned by the model does not always result in a unimodal probability distribution like a one-hot 
vector; instead, it may produce multiple possible alternative words. However, such a weight 
distribution can’t be predefined by us and must be learned by the model itself. In trajectory 
prediction, different output categories for each attribute are always mutually exclusive. Theoretically, 
all prediction results except the true result are incorrect. Figure 7 illustrates possible prediction 
scenarios. The black line represents the input trajectory, the green lines represent possible predicted 
results, and the yellow points represent the true trajectory points. Among the multiple predicted 
results in the figure, the best prediction is naturally the true result, followed by the closer purple 
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position, and the worst is the farthest red position. In trajectory prediction, the closer the embedding 
encoding of the predicted result is to that of the true result, the smaller its loss should be. Therefore, 
in the cross-entropy function, embedding encodings closer to the true category should have a higher 
output probability. We can reflect this by modifying the true category distribution. 

 
Figure 7. Schematic Diagram of Trajectory Prediction. 

For the new true category probability distribution, we adopt a normal distribution to obtain the 
weights corresponding to each category. Figure 8 shows this probability distribution. In this figure, 
the weight corresponding to the true embedding encoding is 0.8, the weights corresponding to two 
adjacent embedding encodings are 0.1 each, and the weights of the remaining parts are still close to 
0. The reason for this distribution is that the current grid cells are approximately 1km in both length 
and width. Including additional adjacent areas would result in excessive prediction errors. By 
modifying the true category distribution in this way, the model can consider nearby points of the true 
position as potential alternatives during the prediction process, thereby enhancing the model's 
generalization ability. 

 
Figure 8. Real Category Probability Distribution(𝝈 ൌ 𝟎.𝟓, 𝒎𝒆𝒂𝒏 ൌ 𝒊𝒕𝒂𝒓𝒈𝒆𝒕). 

We refer to the improved loss function as Distance Loss (DisLoss), and its calculation formula is 
as follows: 
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







 + +


e

True True True True
sog sog cog cogl h l h

 (5)

In the formula, GD is the formula used to calculate the Gaussian distribution. 𝜎 and 𝑖௧௔௥௚௘௧ are 
the standard deviation and the mean value of the Gaussian distribution respectively. The former is a 
given value (in the paper, it is 0.5), and the latter is the embedding encoding corresponding to the 
true value. ℎ and 𝑙 are the true probability distribution and the predicted probability distribution 
respectively. "True" represents the true trajectory, and CE represents the cross-entropy loss function. 

2.4. Association Loss 

In the model prediction, the four attributes of latitude (lat), longitude (lon), sog and cog are 
selected as inputs mainly because the two position attributes represent the position information of 
the ship that we need to predict, and sog and cog represent the motion state of the ship. For the 
simplest NCV model, the position at the next moment can be predicted based on the current position, 
speed and time. By interpolating the original trajectory at equal time intervals, the time information 
has been added to the trajectory data as a kind of hidden information. Therefore, in fact, what we 
need is to enable the model to learn the relationships among these four attributes, so as to predict the 
position at the next moment and predict the corresponding motion state according to the possible 
target of the ship. However, when we apply the trained ship trajectory prediction model to the test, 
we find that the model does not always understand the relationship between the SOG, COG and 
position. The model only understands these four attributes as a complex feature and ignores the 
internal connections among the attributes.   

Therefore, we add simulated random trajectory data to the training data to help the model 
understand the impact of heading and speed information on the ship's navigation, as shown in Figure 
5. Both the simulated trajectory and the real trajectory go through the same model structure to obtain 
the final probability output. However, different from the real trajectory, for the simulated trajectory, 
there is no need to predict the sog and cog. Only the prediction loss of longitude and latitude needs 
to be calculated to enable the model to understand the relationships among the four attributes. The 
loss used to assist the model in understanding the correlations of the attributes is called AssLoss, and 
its calculation formula is as follows:  

, ( )
, ( )

AssLoss CE( , ) CE( , )

 =


=
 = +

Sim Sim Sim
lat lon
Sim Sim Sim
lat lon

Sim Sim Sim Sim
lat lat lon lon

h h split h
l l split l

l h l h
 (6)

In the formula, ℎ  and 𝑙  have the same meanings as those in the previous text, and Sim 
represents the simulated trajectory. And the method for generating the simulated trajectory is as 
follows:  

Algorithm 1 Generate_Simulated_Traj(𝐑𝐎𝐈, 𝐬𝐨𝐠𝐦𝐚𝐱, 𝐜𝐨𝐠𝐦𝐚𝐱 ,𝐓𝐥𝐞𝐧) 

Description: Generate simulated trajectories 𝐓𝐫𝐚𝐣𝐬𝐢𝐦. 
Input: the boundary of area 𝐑𝐎𝐈, the maxmium of sog 𝐬𝐨𝐠𝐦𝐚𝐱=30, 

the maxmium of cog 𝐜𝐨𝐠𝐦𝐚𝐱=72, the length of trajectory 𝐓𝐥𝐞𝐧. 
Output: 𝐓𝐫𝐚𝐣𝐬𝐢𝐦. 
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// Generate the origin position 𝑙𝑎𝑡଴, 𝑙𝑜𝑛଴ = random_point() 
// Generate the others point 
for i in 0: 𝐓𝐥𝐞𝐧-1 do 

// Randomly generate the speed and direction 𝑠𝑜𝑔௜ , 𝑐𝑜𝑔௜ = random_motion()0 𝑙𝑎𝑡௜ାଵ, 𝑙𝑜𝑛௜ାଵ = cal_point(𝑙𝑎𝑡௜ , 𝑙𝑜𝑛௜ , 𝑠𝑜𝑔௜ , 𝑐𝑜𝑔௜) 𝑃௜ ൌ ሺ𝑙𝑎𝑡௜ , 𝑙𝑜𝑛௜ , 𝑠𝑜𝑔௜ , 𝑐𝑜𝑔௜) 
end 
Return 𝐓𝐫𝐚𝐣𝐬𝐢𝐦 ൌ 𝑃଴:்೗೐೙ିଵ 

3. Experiment 

In this section, we evaluated the MART model on two real AIS datasets and also added 
comparisons of experimental results with other models. In addition, we also conducted ablation 
experiments to evaluate the impact of each method on the experimental results. In order to facilitate 
the reproduction of the model proposed in the paper, we have made the code and dataset open-
source https://github.com/sgxzz1/MART. 

3.1. Datasets 

The dataset information is shown in Table 1. The first dataset is the data of the Danish area open-
sourced by https://github.com/CIA-Oceanix/TrAISformer. The other dataset is obtained by 
downloading from the official website of the Danish Maritime Authority and preprocessing. Both 
datasets contain AIS data of cargo ships and tankers. For the former dataset, the time range is from 
January 1, 2019, to March 31, 2019, and the regional range is from (55.5°𝑁, 10.3°𝐸) to (58°𝑁, 13°𝐸). The data from January 1 to March 10 is used as the training set, the data from March 11 to 
March 20 is used as the validation set, and the remaining data is used as the test set. In total, it contains 
13,679 ship trajectory data.For the latter dataset, the time range is from September 1, 2023, to February 
29, 2024, and the regional range is a rectangular area from (51°𝑁, 1°𝑊) to (60°𝑁, 21.2°𝐸). The 
data are randomly divided into a training set, a validation set, and a test set at a ratio of 8:1:1. In total, 
it contains 78,647 ship trajectory data. For the convenience of description, the former is called Area 1 
and the latter is called Area 2. The data preprocessing method refers to[22]. The data of the two areas 
are shown in Figure 9.  

 

 

(a) (b) 
Figure 9. Preprocessed dataset display: (a) Area 1; (b) Area 2. 
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Table 1. Datasets Display. 

Datasets Time range Spatial range Data volume 
Area 1 2019.1.1-2019.3.31 (55.5°, 10.3°)-(58°, 13°) 13679 
Area 2 2023.9.1-2024.2.29 (51°, -1°)-(60°, 21.2°) 78647 

3.2. Model Parameter 

In the result display, all models with the transformer architecture use 8-layer Transformer 
blocks, and each layer uses 8-head attention. The unit grid size for longitude and latitude is 0.01°, 
the unit of SOG is 1 knot, and the unit of COG is 5°. The embedding lengths 𝑒௧௅௔௧ , 𝑒௧௅௢௡, 𝑒௧ௌைீ , 𝑒௧஼ைீ 
corresponding to each unit are 256, 256, 128, and 128 respectively. The length of the input historical 
trajectory is 3 hours, and the future trajectory for 15 hours is predicted. We train our model on a single 
NVIDIA A10 GPU. For the training of the model in Area 1, it takes about 1 hour, while for the model 
in Area 2, the training takes about 9 hours.   

3.3. Evaluation Criteria 

For the prediction error of each step t, due to the high calculation efficiency of the Haversine 
formula and the small error in short distance calculation, the Haversine distance between the real 
point and the predicted point is used to represent the prediction error: 

2 22 1 2 1
1 2d 2 arcsin( sin ( ) cos( )cos( )sin ( )

2 2
φ φ λ λφ φ− −= +t R  (7)

In the formula, 𝑅 represents the radius of the Earth, and 𝜙ଵ, 𝜙ଶ, 𝜆ଵ, 𝜆ଶ represent the latitudes 
and longitudes of the predicted point and the actual point respectively. Due to the diversity of ship 
trajectories, we adopt the method of multiple sampling, generating multiple different trajectories 
through sampling and selecting the best one as the prediction result.  

3.4. Comparative Experiment 

We compared MART with different trajectory prediction models, including seq2seq [20], 
seq2seq_attn[21], and TrAISformer[22]. To ensure the input formats were as consistent as possible, 
we added embedding layers to all tested models. All models were evaluated in two areas, and the 
experimental results are presented in Figure 10. Table 2 shows the prediction errors of each model at 
the 5th, 10th, and 15th hours in both areas. The MART model outperformed all others in both areas, 
achieving a 9.5% improvement in accuracy for 15-hour predictions in Area 1 and 15.4% in Area 2. 
Across multiple time intervals and areas, the average error was reduced by approximately 10%-15%. 

  

(a) (b) 

Figure 10. Multi model prediction results: (a) Prediction results for Area 1; (b) Prediction results for Area 2. 
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Table 2. Multi Model Prediction Error Table (unit: km) 

Model 5h(Area 1) 10h(Area 1) 15h(Area 1) 5h(Area 2) 10h(Area 2) 15h(Area 2) 
seq2seq 4.43 9.24 15.58 4.83 11.49 19.64 

seq2seq_attn 4.46 8.93 15.68 4.64 10.72 18.99 
TrAISformer 5.22 9.76 18.56 4.74 11.40 18.97 

MART 4.30 8.07 14.10 4.19 9.57 16.04 

The improvement in accuracy is primarily attributed to the innovative methods we proposed. 
With DisLoss, we provided the model with prior knowledge of the relative distances between 
different values within the same attribute. Meanwhile, AssLoss enabled the model to learn the 
correlations between different attributes. As shown in Figure 12, the MART model accurately 
predicted simple straight-line routes. In contrast, the other three models exhibited significant 
deviations when predicting two straight-line trajectories in the test dataset. This discrepancy arises 
because they failed to capture the semantic meaning of direction, leading to immediate divergence 
from the true course starting from the first predicted point. Conversely, MART consistently predicted 
the initial point after the input trajectory accurately. Although it can’t guarantee perfectly accurate 
long-term predictions, it maintains the general directionality, ensuring that the predicted trajectories 
remain close to the ground truth. Moreover, MART demonstrated excellent memory retention for 
trajectories deviating from the main routes. 

Moreover, since the positions corresponding to adjacent embedding encodings are closer in the 
actual space, we attempted to calculate whether the vectors corresponding to adjacent embedding 
encodings in the position vectors would be closer in the vector space. Thus, we calculated their cosine 
similarities, as shown in Figure 11. From the similarity graph of the longitude and latitude vector 
space in Area 1, it can be seen that the vectors corresponding to adjacent position embedding 
encodings always have a high similarity. In Area 2, except for the MART model, other models can’t 
learn the spatial vectors of these areas sufficiently due to the small number of trajectories in the 
marginal areas. As a result, the similarity of the adjacent embedding encoding vectors in these areas 
is low, which is also the reason why the other models perform poorly in predicting the test trajectories 
as shown in Figure 12. By adding simulated trajectories, we enable MART to fully learn and 
understand the position vectors of all areas in the space, so the similarity of adjacent vectors is always 
high.  

  

(a) (b) 
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(c) (d) 

Figure 11. vector space cosine similarity graph: (a) Area 1 latitude vector cosine similarity; (b) Area 1 longitude 
vector cosine similarity; (c) Area 2 latitude vector cosine similarity; (d) Area 2 longitude vector cosine similarity 

 

Figure 12. Display of Multi Trajectory Prediction Results 
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3.5. Ablation Experiment 

To demonstrate the improvement of each method on the prediction effect, we conducted 
ablation experiments and listed them in Table 3. As can be seen from the table, compared with the 
original model, the DisLoss method has improved the prediction effect in both regions. The AssLoss 
method has a better prediction effect within 10 hours in Region 1, but its prediction effect is worse 
than that of the original model after 10 hours. In Region 2, the effect after using this method is 
generally better than that of the original model. And MART, composed of the two improvement 
methods, has the best prediction effect in most cases in both regions. This also demonstrates the 
effectiveness of these two improvement methods, effectively proving that providing the relationship 
between attributes and the distance between attribute values to the model can indeed help the model 
achieve better results. 

  

(a) (b) 

Figure 13. Multi model prediction results: (a) Prediction results for Area 1; (b) Prediction results for Area 2 

Table 3. Table of Ablation Experiment (unit: km) 

Model 5h(Area 1) 10h(Area 1) 15h(Area 1) 5h(Area 2) 10h(Area 2) 15h(Area 2) 
Without 

Improvement 5.22 
9.76 18.56 4.74 

11.40 
18.97 

Without 
DisLoss 

4.62 8.81 13.14 4.35 10.33 17.20 

Without 
AssLoss 4.64 9.26 20.64 4.67 10.40 16.74 

MART 4.30 8.07 14.10 4.19 9.57 16.04 

4. Conclusion 

In this study, we established associations between the four attributes of the trajectory input and 
the embedding encodings, and provided this information to the model by improving the calculation 
of the loss function. Meanwhile, we incorporated simulated trajectories into the training to enable the 
model to understand the associations between the input attributes. Through the improvement of the 
above methods, we achieved enhancements to the original model and obtained optimal prediction 
results. By comparing the results of the ablation experiment, we verified the significance of each 
component of the method in improving the model.  

5. Discussion 

Since the two improvement methods proposed above do not actually involve modifications to 
the structure of the transformer model, theoretically, they are both transferable methods, and it is 
feasible to attempt to transplant them into other models, such as recurrent neural networks. However, 
as the above methods are all based on probability sampling experiments, when transplanting them, 
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it is necessary to perform grid processing on the data, converting continuous values into discrete 
values to facilitate the final sampling generation.  

Although we have attempted to enable the model to have a deeper understanding of the essence 
of the route data attributes, in essence, it still relies on the model's memory of the trajectory routes. 
The probability distribution of the predictions is essentially the distribution of the routes that appear 
in the training set. Therefore, it is difficult for the model to predict routes that do not exist in the 
training set. Our idea of making the model learn the relationship between position and speed is also 
based on this consideration. However, even if the model correctly predicts the position at the next 
moment based on the existing position and speed, the lack of speed information may still lead to 
prediction failures. This is also a drawback of the model trained based on existing trajectories. If it is 
to be used for more complex trajectory prediction, we need to add other information to the model for 
training, including but not limited to the destination of the ship, the behavioral objectives, and 
possible weather factors. However, since the destination and behavioral objectives should remain 
unchanged during a normal voyage, they can’t be directly connected as inputs like dynamic 
information such as position and speed, and a more reasonable way of adding them is required. For 
ship trajectories affected by weather factors, it is necessary to collect weather information that may 
affect the ship's navigation and associate it with the ship's trajectories in the corresponding areas and 
at specific moments, which will be a very challenging and research-worthy direction.  
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