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ABSTRACT

With a wide use of AIS data in maritime transportation, there is an increasing demand to develop
algorithms to efficiently classity a ship’s AIS data into different movements (static, normal naviga-
tion and manoeuvring). To achieve this, several studies have been proposed to use labeled features but
with the drawback of not being able to effectively extract the details of ship movement information. In
addition, a ship movement is in a free space, which is different to a road vehicle’s movement in road
grids, making it inconvenient to directly migrate the methods for GPS data classification into AIS
data. To deal with these problems, a Convolutional Neural Network-Ship Movement Modes Classifi-
cation (CNN-SMMC) algorithm is proposed in this paper. The underlying concept of this method is
to train a neural network to learn from the labeled AIS data, and the unlabeled AIS data can be effec-
tively classified by using this trained network. More specifically, a Ship Movement Image Generation
and Labelling (SMIGL) algorithm is first designed to convert a ship’s AIS trajectories into different
movement images to make a full use of the CNN’s classification ability. Then, a CNN-SMMC ar-
chitecture is built with a series of functional layers (convolutional layer, max-pooling layer, dense
layer etc.) for ship movement classification with seven experiments been designed to find the optimal
parameters for the CNN-SMMC. Considering the imbalanced features of AIS data, three metrics (av-
erage accuracy, F; score and Area Under Curve (AUC)) are selected to evaluate the performance of
the CNN-SMMC. Finally, several benchmark classification algorithms (K-Nearest Neighbors (KNN),
Support Vector Machine (SVM) and Decision Tree (DT)) are selected to compare with CNN-SMMC.
The results demonstrate that the proposed CNN-SMMC has a better performance in the classification

of AIS data.

1. Introduction

Automatic Identification System (AIS) is designed to re-
duce the maritime risk by exchanging ship’s movement in-
formation to observe their tactical intention (Harati-Mokhtari
et al., 2007). Each ship can automatically exchange their
state information, like Maritime Mobile Identification Num-
ber (MMSI), latitude, longitude, courses, heading and speed
etc. (Bailey et al., 2008). It is a valuable source for ship’s
collision avoidance studies. Research on collision avoidance
has been developed from the model-based methods (Xue et al.,
2009; Chen et al., 2016; Liu and Bucknall, 2015; Liu et al.,
2017) to data-driven methods (Murray and Perera, 2018; Tan
et al., 2018; Hexeberg et al., 2017).

With the prevalent use of AIS devices onboard, AIS data
is easily accessible in large samples for ship movement anal-
ysis. However, a large portion of AIS data reflects the ship’s
normal navigation state that refers to ship sailing along the
established route without changing course and speed. The
manoeuvring state of a ship means that the ship needs to
adopt a variable speed or to change its course to avoid col-
lisions and such a state is only a small part in a whole AIS
sequence (Hexeberg et al., 2017). In order to study on ship
collision avoidance, the first step is to split each ship’s AIS
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data into three parts (static, normal navigation and manoeu-
vring). In summary, dividing an entire sequence of AIS data
for each ship into three movement parts is considered as a
classification problem.

Currently, a variety of trajectory classification problems
are mainly focusing on the road transportation due to the fast
development of mobile Internet and the Internet of Things
(IoTs) (Zhang et al., 2019a), which are generating a mas-
sive amount of spatio-temporal trajectory data and can be
used in the areas such as human travel behaviour research
(Wang et al., 2018), transport planning and traffic manage-
ment (Biljecki et al., 2013; Ke et al., 2020). The studies on
trajectory classification from the previous studies primarily
addressed the problem of manual feature selection (Biljecki
et al., 2013) using some state-of-the-art methods including
machine learning algorithms (Zheng, 2015). The common
steps in these studies is to first convert the raw GPS data into
trajectory-based images that contain the human or vehicle
motion characters (speed, courses and acceleration etc.) and
the trajectory-based images are fed into a deep neural net-
work, which provides final classification results. Because
the AIS devices on ships can provide spatio-temporal infor-
mation similar to the GPS, the trajectory classification meth-
ods on road transportation could be potentially used for AIS
data classification. However, there is an evident difference
between a road and a maritime environment making the di-
rect implementation of methods used in GPS for AIS ap-
plication infeasible. For example, Figure 1(a) is the central
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Figure 1. The difference between the road and maritime trans-
portation: (a) London road grids: it shows that vehicles are
limited by the road grids; (b) ship movement in English strait:
ship movement is in a free space and ship can move in all
directions.

London street spatial distribution from the Google map and
Figure 1(b) is ship movement captured from MarineTraffic
(MarineTraffic, 2007) in English Strait. The different be-
tween two figures is that a vehicle’s movement is limited by
the road grid and provides a fixed space grid to classify the
vehicle’s movement. There are lots of studies based on fixed
space grid structure (Zhang et al., 2019b; Ma et al., 2017,
Ke et al., 2017) to study the city’s traffic. However, Figure
1(a) shows that ships’ movement are in a free space and a
ship can move in all directions. Therefore, the classification
algorithms based on the road grid cannot be directly trans-
ferred into the AIS data classification, and the AIS trajectory
needs a specific method.

In recent years, there are lots of researches on marine
traffic pattern mining, ship collision risk assessment and mar-
itime anomaly detection (Aarsaether and Moan, 2009; Sil-
veira et al., 2013; Zhen et al., 2017) by using AIS data, but
few researches focus on ship movement classification. Lee
etal. (2008) proposed a trajectory classification method called
TraClass which generated a hierarchy of features from the
region-based and trajectory-based clustering. The region-

based clustering captured the higher-level region features with-

out using ship movement patterns, while the latter captured
the lower-level features using ship movement patterns. By
combining the two types of clustering, it could easily iden-
tify the moving objects. At the same time, the method did
not consider the difference between normal navigation cir-

cumstance and static conditions. De Vries and Van Someren
(2012, 2014) firstly identified movement and static condition
using the linear segmentation. Then, they defined the ship
movement trajectory similarities based on the segmentation
as kernels and used the Support Vector Machine (SVM) for
ship movement classifications. The method could only be
suitable in a small range sea area and the kernel function
needed a lot of sample data to achieve high precision. El-
wakdy et al. (2015) extracted the sub-trajectories as trajec-
tory features after the segmentation and polynomial fitting,
and built a ship classifier based on an Adaptive Neuropathy-
Fuzzy Inference System (ANFIS). The method took advan-
tage of the ship movement shape to build the classifier. How-
ever, it only extracted the tanker ship and fishing ship shapes
and it was hard to migrate to other types of ship. Sheng et al.
(2018) used the logistic regression model to construct a ship
classifier by using the features directly extracted from ship
AIS trajectories. The method firstly proposed a classifier to
divide the ship movements into three types and built three
types of logistic regression models to classify. The method
was easy to identify the different movements and it had a
good effect on large dataset. The drawback of this method
was that it involves a manual process of slicing one ship’s
movement data into three parts to train making the AIS data
often missing or incomplete. Also, it is difficult to obtain
sufficient training samples from AIS dataset. Chen et al.
(2018) considered the characteristics of the AIS dataset and
they proposed a Least-squares Cubic Spline Curves Approx-
imation (LCSCA) to reconstruct the incomplete AIS move-
ments. A method called Lp-norm sparse representation was
introduced to classify the ship movement patterns. The ad-
vantage of the method could reduce the AIS data incomplete-
ness while the disadvantage was that it added many manual
features into the AIS data making the reflection of ship’s ac-
tual movement difficult.

With the development of the deep learning, there are lots
of applications based on deep neural network classification
used in the AIS trajectory. The applications on AIS trajec-
tory are divided into future trajectory prediction and ship
type classification. For the ship movment tracking, Chen
etal. (2019) uses different methods like Laplacian-of-Gaussian
(LoG) descriptor, Local Binary Patterns (LBP), Gabor filter
and Histogram of Oriented Gradients (HOG) to extract the
geometry structure, texture and contour information. Mur-
ray and Perera (2020) proposes a dual linear autoencoder ap-
proach for vessel trajectory prediction based on the historical
AIS data and it is based on the unsupervised learning to fa-
cilitate trajectory clustering and classification. The problem
is that the autoencoder method belongs to unsupervised or
semi-supervised learning method and it has a lower accu-
racy than the supervised method. Also, the assumption of
the ship movement in this paper is linear model but most of
ship movement is nonlinear. Most previous research for the
ship movement classification are based on hand-crafted fea-
tures. The shortcoming is that it is hard to distinguish similar
characters. Currently, the neural network is proved to have
good classification abilities in many applications. Chen et al.
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(2020) uses the coarse-to- ne cascaded convolutional newp - Methodology
ral network to classify the ship images and in their model,

the most common types of merchant ship can be well classi- The. wo_rklng process of the proposed methodology is
ed. Forti et al. (2020) uses the Long Short-Term Memory shown in Figure 2, in which the black arrows represent the

(LSTM) encoder-decoder architecture to capture the Iong_ow of training and test data, the dark red arrows display the

term dependencies of sequential Al data to predict the diS@valuation process using the rest of cleaned AIS data and the

tribution of maritime tra ¢ patterns. The bene t of using yellow arrows depicts the output data ow. Based on the data

: leaning process, a small sample of AIS data is randomly
the LSTM embeded in the encoder-decoder network keep® :
! P elected from the cleaned AIS data. The Ship Movement

the AIS data sequential information and the drawback of th . ; .
q Image Generation and Lablelling (SMIGL) is used to gener-

method is that it needs a long time computation. The pre : . )
ate the ship movement trajectory images as well as related

dictive ability in the real-time AIS data are not consecutive. bels. After the SMIGL I i f le dat
After that, the GPU-accelerated method has been introducéa €ls. Aller ine SWVIBL, a small portion of samp'e data
Is divided into the training data and the test data. The train-

in the maritime IoT devices in the maritime industry (Huang,
et al., 2020). Li et al. (2019) supposes that the Iong-terrﬂng data rstly passes through the CNN-SMMC network and

prediction is more useful than the short-term motion predic—then the test data is used to verify the network by assessing

tion considering the restricted manoeuvrability of vesselst[he criteria such as the loss and the accuracy to help nd

It proposes the LSTM bnetwork combined the longest Com__network‘s optimal hyperparameters. The details of prepar-

mon sub-sequence algorithm to nd the long term motion.mgthetrammg and testdata ow, SMIGL and CNN-SMMC

X : N S further explained.

With the regulation of the shing in most of countries, iden- are . . .
tifying the illegal shing is a signi cant work based on the Not.e that the information f_rom the AIS dat.a needed.m-
AIS trajectory. Sanchez Pedroche et al. (2020) uses the hi§-IUdeS' course of ground, ngwgatlonal statg, time, headings,
torical AlS data spatiotemporal data to investigate the illega _pegdtof grch]undéhMll\/ItS_tl ﬁt'tUdery&r;]dd It(;]nglltudt_at. dThe out-
violation activity. Furthermore, based on the shing vessel's 'Zr(y ata suc daSThe atitude ng d the oné;u uade (C):ver
moving features, Kim and Lee (2020) uses the Convolutiona IS eréai/e I. ((e:Sp\r/ocfesse ata Is saved as a Comma-
Neural Network (CNN) to classify the di erent types of gear eparated Values ( ) format.
to nd which types of shing vessel. 2

In this paper, a convolutional neural network has been™
proposed to e ectively classify a ship's movement into three
types based on AIS data. The main contributions are:

1. Ship Movement Image Generation and
Labelling (SMIGL)
The prepared AlS data contains ship movement informa-
tion and the critical step is to link the di erent types of move-

~ A data visualisation method to transfer AIS data into Ment (static, normal navigation, manoeuvring) with the pixel

trajectory_based images is proposed to assist with ef\/ales. Endo et al. (2016) and Dabiri and HeaS“p (2018) use
fective AIS data classi cations. the binary value to represent di erent transportation modes

and their works are regarded as binary classi cation. How-
A Ship Movement Image Generation and Labelling al-ever, the ship movement has three types and needs more
gorithm (SMIGL) is proposed to use the pixel values pixel values to represent. Assurfie= . p;; p,; :::; B/ repre-
to represent di erent ship movements. sents a ships's trajectory, whereenotes the number of AlS

S oints. A tuple ofp, = .MMSI :;t;lat;; log; sog; cog/
Aneural network-based classi cation model called CNR. up b i» 4, 8li; 106, S0, €og

. L presents each AlS point, whévBM SI ; is the Maritime
.Sh'p Movement MOd.eS. Classi cation (CNN-SMMC) 1551 Service Identify for ship, t; is the time index|at;
is designed for classifying AlS data.

denotes latitudelog; denotes longitudesog denotes the

~ A series of experiments are designed to nd the opti-SPeed of ground, arzbg denotes course of ground. SMIGL
mal parameters for the CNN-SMMC and demonstratdransforms each AIS trajectory data into image, and the de-
the proposed algorithms have a better capability thartailed process is presented in Figure 3. The steps of SMIGL
classical methods such as the the K-nearest Neigr@re described as follows:
bourhood (KNN), Support Vector Machine (SVM) and

. Step 1 Trajectory sampling - A xed time interval interval
Decision Tree (DT). P Jectory sampling

is used to equally split each ship's AIS data frdmn

The contents of this paper are organised as follows: Sec- Due to the di erent length of each ship's AIS data, the

tion 2 provides details of SMIGL algorithm and CNN-SMMC traje_ctory sampling helps to reduce Fhe long tail e _ect
network is presented in Section 3. Section 4 describes the Be”'”gha”_‘ et .al. (2010). The equation for the trajec-
details of CNN training and the comparison with K-Nearest tory sampling is expressed as:

Neighbour (KNN), Support Vector Machine (SVM) and De-
cision Tree (DT) are shown in Section 5. Conclusions are
presented in Section 6.

T = samplingT,; T interval/ (1)

Step 2 Calculating the centre and grid ranges of each tra-
jectory images - Once the AIS covering area is con-
rmed, each ship's movement can be drawn in images.
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