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Abstract: Estimating the trajectory of other vessels is essential when navigating a marine
vessel, both as a human navigator and as a machine. By estimating the trajectories of other
vessels, sub-systems such as collision avoidance algorithms can plan ahead accordingly in order to
avoid conflicts. To estimate the trajectories of other vessels, the use of Automatic Identification
System (AIS) is a good candidate data-point, as this is becoming increasingly more common,
and in some cases even mandated, on-board vessels. This paper presents a data-driven approach
that uses the historical AIS data within a selected area in the Danish waters. The historical
data is transformed into a probabilistic heat map using Kernel Density Estimation (KDE),
and is further encoded using a Convolutional Autoencoder (CAE) before entered into the
estimation scheme. The estimation scheme consists of a Long Short-term Memory (LSTM)
model, in a Generative Adversarial Network (GAN) configuration, which is sampled multiple
times, yielding a single trajectory prediction with uncertainty. The performance of the estimation
scheme is demonstrated and compared against two other commonly used methods, showing that
the probabilistic heat map provides valuable information, compared to the baseline methods.

Keywords: Trajectory Prediction, Autonomous Marine Vessels, Machine Learning,
Autonomous Navigation, AIS Data.

1. INTRODUCTION

The demand for automated systems in marine vessels is
ever increasing, as more and more tasks are envisioned
to be operated autonomously. This level of autonomy
requires a vessel to navigate in unknown surroundings
amongst other vessels, manned or unmanned, necessitating
situational awareness. Manned vessels will also benefit
from autonomous situational awareness, as one of the
leading causes of incidents at sea is due to human error
(EMSA (2019)). Situational awareness can be broken down
into three steps: perception, understanding & anticipation
(Endsley (1995)). Perception and understanding refer to
the task of obtaining, processing, and condensing raw
information into situational awareness. Anticipation refers
to the future development of a given situation, e.g. the
behaviour of other vessels nearby. Human navigators use
various sources of information visible on a Electronic Chart
Display and Information System (ECDIS), in order to
navigate a vessel safely and to anticipate the movement of
surrounding vessels. A navigator will fuse the radar plots,
Automatic Identification System (AIS) data, and data of
the surrounding waters from the Electronic Navigational
Charts (ENC), together with their visual outlook, in order
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to anticipate the future behaviours of other vessels. AIS
provides information regarding the position, course, and
speed of other vessels, as well as identifies a given ship
(IMO (2020)). As AIS is mandatory on all passenger ships,
ships larger than 300 gross tons and all fishing vessels
longer than 15m, it is a good candidate for predicting
(anticipating) the future trajectories of nearby vessels.

1.1 Related Work

A survey on collision avoidance methods by Huang et al.
(2020) highlights various schemes for the prediction of a
given target vessel’s trajectory. The schemes are catego-
rized as: physics-based, interaction-aware, and manoeuvre-
based methods. Physics-based methods commonly operate
on the assumption that the considered vessels maintain
constants course and speed, with some methods using
filtering techniques to model potential uncertainty in the
prediction, e.g. Eriksen et al. (2018) and Lefèvre et al.
(2014). However, a large drawback with such a method is
that for complex scenarios, a constant course and speed
may be an insu�cient approximation. The interaction-
aware methods encapsulate scenarios where each vessel
broadcasts its intended behaviour, a situation is then
interpreted using the exchanged information. Manoeuvre-
based methods use the information contained within the
COLREGs or available historical data, such as AIS. Due
to the wide availability of AIS data, many prediction
schemes leverage these past behaviours. Dijt and Mettes



(2020), presented a trajectory prediction network, which
produces predictions using multimodal sensors, consisting
of historical AIS, Radar, and ENC data, and a neural net-
work architecture containing segmentation, recurrent and
convolutional layers. Hexeberg et al. (2017) proposed their
single-point neighbour search method, which leverages his-
torical AIS data in order to perform short-term trajectory
prediction, they note that the method is sensitive to the
choice of tuning parameters. Using unsupervised learning
and historical AIS data, Pallotta et al. (2013) presented a
scheme that identifies and proposes potential routes for a
given vessel. Each route is associated with a probability,
which is updated online as the vessel progresses. Rong
et al. (2019) detailed a prediction scheme based on a Gaus-
sian Process model, which also includes the associated
uncertainties with the predicted trajectory. Other uses for
trajectory prediction using AIS data include intelligent
marine tra�c signalling (Gan et al. (2018)) and identifying
suspicious or troubling vessel behaviour (Varlamis et al.
(2019)). Tang et al. (2019) proposed an Long Short-term
Memory (LSTM) model for probabilistic ship position
prediction. An LSTM model was trained on AIS to suggest
the positional density at a desired point in the future by
predicting mean, variance and covariance of a bivariate
Gaussian distribution. One drawback of such an approach
is that it can only predict the future position for a single
timestep and not a complete trajectory. Furthermore, the
timeframe of the prediction point had to be equal to the
timeframe of the input data, meaning that 10 minutes o
input data was needed to predict a position 10 minutes into
the future. Outside of the marine domain, trajectory pre-
diction remains a highly investigated topic, such as LSTM-
based prediction methods for mobile robots (Wang et al.
(2019) and Savage et al. (2013)). These networks are also
widely investigated for pedestrian trajectory prediction,
where they are often use a Encoder-Decoder architecture,
as in Sadeghian et al. (2019), Gupta et al. (2018) and
Kosaraju et al. (2019). The models are trained as Gen-
erative Adversarial Networks (GANs), which enables the
model to propose multiple trajectories instead of a single
prediction. Commonly in pedestrian trajectory prediction
the data set often has a static frame of reference. This en-
ables the models to use an absolute coordinate system and
to include static environmental features. Most methods
for pedestrian trajectory prediction also include a social
model to predict the interaction between multiple agents
in the scene. The method presented in this paper does
not include social modelling as marine vessels, contrary to
pedestrians, are subject to rules on when to yield and stand
on. A common weakness of the mentioned methods is the
lack of environmental information for the local area around
each agent. Environmental information greatly impacts
how vessels move as larger vessels will have to follow the
fairways to avoid groundings. Future behaviour a↵ected
by such limits is not necessarily apparent from past move-
ments. A way of including environmental information is
therefore desired. This paper incorporates environmental
information by leveraging probabilistic positional informa-
tion for the local area of each vessel.

1.2 Novelty and Contribution

This paper proposes a trajectory prediction scheme that
leverages the available historical AIS data twofold. A con-

ditional LSTM encoder-decoder model trained in a GAN
configuration is implemented. The model is conditioned by
the probabilistic heat map generated by the kernel density
estimate of the historical AIS data. The scheme is demon-
strated in a complex tra�c separation scenario, where the
available time series fails to capture the upcoming curve.
The proposed framework leverages the computed heat map
in order to correctly anticipate the future trajectory of the
vessel.

2. PRELIMINARIES

2.1 Data Representation

The dataset consists of freely available historical AIS
messages from vessels in Danish waters. The dataset is
filtered according to

• Geographical location.
• Navigational Status s 2 Z : s 2 [1, 9] to exclude
towing vessels and emergency messages (man-over-
board etc.).

• Speed over ground (SOG) 2 (0, 50] kn, to remove
moored or anchored vessel, and Search and Rescue
(SAR) helicopters operating in the area.

The resulting filtered dataset DAIS is a matrix represen-
tation of AIS messages

DAIS = [m1 m2 . . . mi]
T

(1)

where the structure of the i-th AIS message is given as

mi = [MMSIi ti �i �i] (2)

with its associated Maritime Mobile Service Identity
(MMSI) number, timestamp t, latitude � and longitude
�. Each message is then sorted by time and MMSI, in
order to form a collection of vessel trajectories D, with

D = [D1 D2 . . . Dn]
T

(3)

where Di is the time-series data of the i-th vessel. To ac-
count for inconsistencies, the data is linearly interpolated
and resampled every 20 seconds. Each time-series is split
into several smaller series Di,j , each of which consists of
15 minutes of data. Each series Di,j is then represented as:

Di,j = [(x0, y0), (x1, y1), . . . , (xt, yt)] (4)

where (xt, yt) are calculated as the distance from the initial
position (x0, y0) of the j-th split, and are converted into
meters from the corresponding latitude and longitude pairs
(�,�) using the haversine distance. The data inDi,j is then
split into two parts

Di,j = [Xi,j , Yi,j ] (5)

where Xi,j contains data for t = [0, 1, . . . , tobs] and is used
as input for the prediction scheme, and Yi,j contains data
for t = [tobs+1, tobs+2, . . . , tpred] and is used as the desired
output of the prediction scheme. For this paper, the length
of the input sequence Xi,j is chosen to be 5 minutes, and
the output sequence Yi,j is chosen to be 10 minutes.

The dataset used in this work is available upon request.

2.2 Baseline Prediction Schemes

The following subsection details the two chosen baseline
prediction schemes, namely linear regression and Gaussian
Processes. Linear regression is widely used tool and often



Fig. 1. Block diagram showing the proposed model. Here, the previous timesteps are encoded using a LSTM encoder.
The encoded steps are merged with the CAE features obtained from the KDE. The merged encoding is sent to a
LSTM decoder which generates the predicted trajectory.

proves itself well for tasks such as approximate linear
trajectory predictions. Existing systems onboard vessels,
such as ARPA, relies on similar linear prediction schemes
in order to predict the course of its tracked target vessels.
However, Gaussian Processes are able to leverage the
available time-series data to a greater extent than linear
regression and is therefore also a valuable method to
compare against.

Linear Regression Given a sequence of local coordinates
from previous, fixed N -steps,

x =
⇥
x0 x1 . . . xN

⇤
, y =

⇥
y0 y1 . . . yN

⇤
(6)

using linear regression, the future x and y coordinates
can be predicted for N -steps using their respective linear
models. The linear models are fitted to the data from the
previous 3 time-steps, in order avoid overfitting to the
outdated historical data.

Gaussian Processes Given some vector input output
pairs (x,y) the Gaussian Process (GP) allows for the de-
scription of a real process f(x) = ŷ as a distribution over
functions at any possible input location x

0 (Rasmussen
and Williams (2005)). In other words, a GP enables the
prediction of the likely value ŷ at any location given previ-
ous observation vector pairs (x,y). The following section
will give a general description of GP regression

f(x) ⇠ GP(m(x),K(x,x0)) (7)

where (x,x0) are all possible input pairs. Given a multi-
variate normal with an infinite number of variables, any
finite number will be jointly Gaussian. This allows for the
training of a GP as the i-th index of the random variable
fi , f (xi) which is equal to the variable that describes
the case (xi,yi). The mean function µ = m(x) has N
entries and encodes the priori expectation of the unknown
functions

m(x) = E[f(x)] (8)

As there is an inherent linear trend for moving vessels,
the AIS trajectory prediction mean is modeled as linearly
increasing. The covariance function ⌃ = K(x,x0) has

N⇥N entries and it returns a similarity measure between
the outputs (f(x),f(x0)).

K (x,x0) = cov (f(x),f (x0)) (9)

Properties of the smoothness, periodicity, etc. are deter-
mined by the kernel function. The selected kernel functions
consist of Rational Quadratic (RQ) and the Linear kernel
which allow for fitting the parameters (Duvenaud (2014)).
The RQ kernel is defined as

kRQ (x,x0) = �2

 
1 +

(x� x
0)2

2↵`2

!�↵

(10)

where the free parameters ` (length-scale) determines
the variation of the data and �2 determines the average
distance from the mean function, and finally ↵ determines
the relative weighting of the large-scale and small-scale
variations. For the linear kernel

kLin (x,x
0) = �2

b + �2
v(x� c) (x0 � c) (11)

c determines the point that all the predictions in the
posterior go though, �2

b determines the intercept. In order
to fit the free parameters of the Gaussian process the
negative marginal log-likelihood is minimized using the
already obtained data (Rasmussen and Williams (2005)).
Thus to predict the future coordinate components of a
given time series, two Gaussian processes are fitted to
the x and y coordinate values separately. The predictions
are drawn from the posterior distribution of each of the
Gaussian processes p(xnew|xold, told, tnew) given future
time-steps tnew and the training data for x coordinate
(told,xold). Since xnew and xold are jointly Gaussian they
can be described as

xold

xnew

�
⇠ N

✓
µold

µnew

�
,


⌃11 ⌃12

⌃21 ⌃22

�◆
(12)

Then using the conditional distribution

p(xnew | xold, told, tnew) = N (µnew|old,⌃new|old)

µnew|old = µnew + ⌃21⌃�1
11 (xold � µold)

⌃new|old = ⌃22 � ⌃21⌃�1
11 ⌃12

(13)



it is possible to compute xnew corresponding to the input
samples tnew by using the mean of the resulting distribu-
tion as a prediction.

3. TRAJECTORY ANTICIPATION

The following sections introduce and describe the proposed
method for estimating marine vessel trajectories.

3.1 Problem Definition

Given a set of n vessels within an area and their previous
positions within a time slice j X = [X1,j , X2,j , . . . , Xn,j ],

predict the future positions Ŷ = [Ŷ1,j , Ŷ2,j , . . . , Ŷn,j ] of all
vessels in the area.
The input trajectory for a vessel i is given by Xi,j =�
xt
i,j , y

t
i,j

�
for time t = 1, . . . , tobs, whereas the future

trajectory is defined as Yi,j =
�
xt
i,j , y

t
i,j

�
for time t =

tobs + 1, . . . , tpred, with tobs and tpred representing the
observation and prediction time horizons. For the sake of
brevity, the j index is omitted for the remainder of the
paper.

3.2 Model Framework

The following subsection details the proposed model
framework, which consists of three parts: a Generator G,
Convolutional Auto Encoder CAE and Discriminator D. A
block diagram detailing the data flow for the entire model
is shown in Figure 1.

Generative Adversarial Networks A Generative Adver-
sarial Network (GAN) is a configuration with two compet-
ing networks, a generator G and discriminator D, trained
against each other (Goodfellow et al. (2014)). Given a
latent variable as input, the generator G generates a cor-
responding sample G(z). The discriminator D, however,
outputs a probability D(x), of x belonging to the original
data, where x is either sample data or G(z). In other
words, the Generator G tries to generate fake samples
that imitate the original distribution of the dataset, such
that the Discriminator D cannot distinguish between a
sample from the real dataset and the generated samples.
By adding a conditional input c, the GAN can be used to
generate trajectories. This results in a generator G(c, z)
and discriminator D(c, x).

Convolutional Autoencoder The Convolusional Autoen-
coder (CAE) encodes the available historical positional
information, from the area surrounding a given vessel,
into a latent variable representation. Processed AIS data
is used in order to compute a probabilistic heat map for
a time span of a month, using Kernel Density Estimation
(KDE). The resulting heat map is described as

PKDE (D) =
1

n

nX

i=1

K(D �Di) (14)

which is computed using the trajectory data D (from (3)),
the i-th trajectory Di, and the kernel function K, with the
KDE computed using fastKDE. O’Brien et al. (2016) pre-
sented the fastKDEmethod, and provides details regarding
the implementation and specific kernel function. Figure
2 compares the resulting KDE to its ENC counterpart.

(a) ENC (b) KDE

Fig. 2. Electronic Navigational Chart (ENC) compared to
the KDE equivalent.

A convolutional autoencoder is used to ensure proper
latent representation during training, which is obtained
by pre-training the CAE. The generated KDE heat map
is randomly cropped in order to train the CAE, where the
objective is to minimize the mean squared error (MSE) of
the reconstruction error

CAEMSE =
1

n ·m

���P i � P̂ i

���
2

2
(15)

where n · m is the number of elements in P i, which is
a cropped area of the heat map. The resulting network
provides a means of computing the latent variable repre-
sentation of the KDE for any vessel within the chosen area.
For a given vessel, the surrounding area, P i, is sent to the
CAE, which results in the latent representation Pe of said
area. This is used to convey historical information to the
generator G.

Generator The generator is based on a LSTM encoder-
decoder structure. To encode the past positions of a vessel
Xi, each position is first embedded using a Multi Layer
Perceptron (MLP), �, to a vector representation of fixed
length, eti = �in (Xt

i ). The embedded positions are then
used in a LSTM recurrently,

ht
ei = LSTM

�
ht�1
ei , eti

�
(16)

where ht
ei is the hidden state of the LSTM cell. To enable

weighting on each step separately, self-attention is utilized.
The hidden states ht

ei are stacked such that

Hi =

2

6664

h1
ei

h2
ei
...

htobs
ei

3

7775
(17)

For self-attention, global Luong attention is used as de-
fined in Luong et al. (2015):

atti = Attention(htobs
ei ,Hi) (18)

where atti represents an encoded weighted average of
the input hidden states Hi. Self-attention is utilized in
the generator as it has shown to improve performance
in sequence processing (Vaswani et al. (2017)). Without
self-attention, the hidden state of the generator bears
the burden of representing the whole sequence. Due to
the recurrent nature of an LSTM, the last hidden state
will tend to be a↵ected more by recent steps. Using a



weighted average, atti enables the generator to output a
representation that focuses on the most important input
steps rather than weighting the most recent steps. The
encoded positions atti are merged with the i-th encoded
heat map Pie using a MLP bridge �,

cti = � (Pei, atti) (19)

The initial state of the decoder LSTM is then formed as
htobs
di = [cti, z], where z is the latent vector drawn from

a standard normal distribution. Using this initial state, a
future trajectory is iteratively predicted, for t = tobs +
1, . . . , tpred, using the following equations

eti = �in

⇣
Ŷ t
i

⌘
(20a)

ht+1
di = LSTM

�
ht
di, e

t
i

�
(20b)

Ŷ t+1
i = �out

�
ht+1
di

�
(20c)

where Ŷ t
i = Xtobs

i is the initial position and � the
previously described MLP.

Discriminator The discriminator takes a trajectory as
input, either x = [Xi, Yi] or x̂ = [Xi, Ŷi] and attempts to
classify them as real and fake respectably. The structure of
the discriminator is similar to that of the encoder step of
the generator, though with an MLP at the output which
classifies the encoded sequence. The discriminator does not
have access to the encoded heat map, Pe, as it should not
rely too much on the KDE (historical) data.

Loss Functions The model is trained with various losses.
The GAN is updated based on the standard Minimax loss.
The discriminator step is therefore updated based on

Dloss = log(D(x)) + log(1�D(x̂)) (21)

The generator step is updated based on the GAN loss and
the mean square error of the relative position

Gloss = log(D(x̂)) + (Yi � Ŷi)
2 (22)

4. RESULTS

The models investigated in this paper were trained on
408070 trajectories and tested on 1000 newly collected tra-
jectories. For consistent testing of the included methods,
data originating from the same area is used. To ensure
the integrity of the testing and training data, the testing
data is collected at a di↵erent time period than the train-
ing data. During testing, the methods will be shown 15
timesteps and should predict the next 30 timesteps. Each
timestep is spaced 20s apart, resulting in a prediction 10
minutes into the future. Three metrics are used to evaluate
the di↵erent methods, namely Average Displacement Er-
ror (ADE), Final Displacement Error (FDE), and Interval
Accuracy (IAcc). All of which will be provided in kilome-
ters. ADE represents the average L2 distance between the
ground truth Yi and the mean predicted trajectory, Ŷi,
across all time steps, described by

ADE =

PN
i=1

Pt=Tpred

t=0

���Ŷ t
i � Y t

i

���
2

NTpred
(23)

where N is the total number of vessels and Tpred is the
number of timesteps predicted. Whereas FDE is the L2

distance between Yi and Ŷi at the final time step, given by

Table 1. Performance Statistics

Metric Linear GP GAN GANKDE

ADE 0.405 0.416 0.583 0.337
FDE 1.040 1.079 1.314 0.677
IACC 0.044 0.759 0.424 0.551

FDE =

PN
i=1

���Ŷ Tpred

i � Y
Tpred

i

���
2

N
(24)

where similarly, N is the total number of observed vessels.
Finally, IAcc indicates the fraction of ground truth steps
that lie within 2� of the predicted trajectory.

IAcc =

PN
i=1

Pt=Tpred

t=0 accti
NTpred

(25)

where accti is defined as

accti =

⇢
1 if Ŷ t

i � 2�t
i < Y t

i < Ŷ t
i + 2�t

i

0 otherwise.
(26)

It is desired to have a prediction interval such that a pos-
sible trajectory planner of an autonomous vessel can take
the uncertainty into consideration. To obtain a prediction
interval, the generator model is sampled 20 times in order
to generate a set of 20 candidate trajectories. Besides the
GAN network described in Section 3.2, a second GAN
is evaluated which receives an empty image instead of a
heatmap, this is done in order to showcase the importance
of the historical features of the heatmap. For the GAN and
GP models, the mean trajectory is used to compute the
FDE and ADE. Testing both GAN networks and the base-
lines on 1000 newly collected trajectories yields the results
presented in Table 1, where the FDE and ADE metrics
are in kilometres. The results in Table 1 shows that the
GAN model with the additional KDE input outperforms
the other methods. Furthermore, using a GAN without
the heatmap performs worse than simple linear regression,
which underlines why linear regression is so prominent.
The Gaussian Process approach performs on par with the
linear regression, although with the best IAcc of the four
tested methods. As a rule of thumb, the navigator of a
large vessel prefers to keep 0.5 nautical miles distance to
other large vessels. A FDE of 0.677 as obtained by the
GAN model corresponds to 0.36 nautical miles which lies
well within this comfort zone. This makes the GAN model
appropriate for the prediction of other vessels’ trajectories,
and is therefore suitable for use within collision avoidance
schemes. Figure 3 shows the prediction of a trajectory by
the di↵erent methods. Here, the GAN model with KDE
input is clearly able to anticipate the movement based
on the historical data encoded in the KDE. However, as
shown in Figure 4, the strengths of the GP is clear for
straight trajectories, where the KDE seemingly adds more
uncertainty to the prediction from the GAN model with
KDE input. One drawback of including the KDE is that
estimated trajectories are drawn towards the locations of
the map with the highest probability of occurrence.

5. CONCLUSION

This paper proposed a novel method for trajectory an-
ticipation of marine vessels using AIS data. The method
includes a novel way of encoding long-term historical data
utilizing AIS heatmaps generated using kernel density es-
timation. The proposed method is shown to outperform



(a) Linear model (b) Gaussian process (c) GAN (d) GANKDE

Fig. 3. Trajectory predictions from the di↵erent methods. Here, the pink points are the input positions, the cyan data
points indicate the ground truth trajectory, the yellow points are the mean predictions from the given method,
while the orange ellipsoids indicate the 95% confidence interval for a given time step. Here the previous time steps
indicate that the vessel would continue its trajectory north bound. The addition of the heat map enables the model
to better predict a trajectory that follows the usual fairway.

(a) Linear model (b) Gaussian process (c) GAN (d) GANKDE

Fig. 4. Trajectory predictions from the di↵erent methods. The colors match that of Figure 3. The trajectories follow a
linear path in a tra�c separation zone.

traditional methods of marine trajectory prediction, while
clearly being able to utilize the AIS heatmap to correctly
predict trajectories that the previous positions alone would
not otherwise indicate.
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Lefèvre, S., Vasquez, D., and Laugier, C. (2014). A survey
on motion prediction and risk assessment for intelligent
vehicles. ROBOMECH journal, 1(1), 1–14.

Luong, M.T., Pham, H., and Manning, C.D. (2015). Ef-
fective approaches to attention-based neural machine
translation. In Proceedings of the 2015 Conference
on Empirical Methods in Natural Language Processing,
1412–1421. doi:10.18653/v1/D15-1166.

O’Brien, T.A., Kashinath, K., Cavanaugh, N.R., Collins,
W.D., and O’Brien, J.P. (2016). A fast and objec-
tive multidimensional kernel density estimation method:
fastKDE. Computational Statistics & Data Analysis,
101, 148–160.

Pallotta, G., Vespe, M., and Bryan, K. (2013). Vessel pat-
tern knowledge discovery from AIS data: A framework
for anomaly detection and route prediction. Entropy,
15(6), 2218–2245. doi:10.3390/e15062218.

Rasmussen, C.E. and Williams, C.K.I. (2005). Gaussian
Processes for Machine Learning. doi:10.7551/mitpress/
3206.001.0001.

Rong, H., Teixeira, A.P., Guedes Soares, C., and Soares,
C.G. (2019). Ship trajectory uncertainty prediction
based on a Gaussian Process model. Ocean Engineering,
182.

Sadeghian, A., Kosaraju, V., Sadeghian, A., Hirose, N.,
Rezatofighi, H., and Savarese, S. (2019). Sophie: An
attentive GAN for predicting paths compliant to social
and physical constraints. In Proceedings of the IEEE
Conference on Computer Vision and Pattern Recogni-
tion, 1349–1358. doi:10.1109/CVPR.2019.00144.

Savage, J., Munoz, S., Matamoros, M., and Osorio, R.
(2013). Obstacle avoidance behaviors for mobile robots
using genetic algorithms and recurrent neural networks.
volume 6, 141–146. doi:10.3182/20130911-3-BR-3021.
00100.

Tang, H., Yin, Y., and Shen, H. (2019). A model for
vessel trajectory prediction based on long short-term
memory neural network. Journal of Marine Engineering
& Technology, 1–10.

Varlamis, I., Tserpes, K., Etemad, M., Júnior, A.S., and
Matwin, S. (2019). A network abstraction of multi-vessel
trajectory data for detecting anomalies. In P. Papotti
(ed.), EDBT/ICDT Workshops, volume 2322 of CEUR
Workshop Proceedings. CEUR-WS.org.

Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones,
L., Gomez, A.N., Kaiser,  L., and Polosukhin, I. (2017).
Attention is all you need. In Advances in neural
information processing systems, 5998–6008.

Wang, Z., Shao, Q., Wang, C., and Zhang, Q. (2019). Au-
tomatic parking trajectory planning based on recurrent
neural network. doi:10.1109/ICSESS.2018.8663845.


