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The maritime domain is the most utilised environment for bulk transportation, making maritime
safety and security an important concern. A major aspect of maritime safety and security is mar-
itime situational awareness. To achieve effective maritime situational awareness, recently many
efforts have been made in automatic anomalous maritime vessel movement behaviour detection
based on movement data provided by the Automatic Identification System (AIS). In this paper
we present a review of state-of-the-art automatic anomalous maritime vessel behaviour detection
techniques based on AIS movement data. First, we categorise some approaches proposed in the
period 2011 to 2016 to automatically detect anomalous maritime vessel behaviour into distinct
categories including statistical, machine learning and data mining, and provide an overview of
them. Then we discuss some issues related to the proposed approaches and identify the trend in
automatic detection of anomalous maritime vessel behaviour.
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1. INTRODUCTION. The maritime domain is the most utilised environment for bulk
transportation, making maritime safety and security an important concern. Maritime safety
and security is achieved via Maritime Situational Awareness (MSA), which is supported
by surveillance and tracking systems such as the Automatic Identification System (AIS).
AIS was conceived primarily as a navigational safety tool for collision avoidance and for
supporting vessel traffic services in ports and harbours. Vessels equipped with AIS sys-
tems periodically exchange messages with nearby vessels and AIS base stations to enhance
tracking and monitoring vessel movements. Collected sequences of AIS messages form
vessel movement data or vessel trajectory data. AIS vessel movement data can be used to
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perform tasks including vessel movement prediction (Last et al., 2014), characterisation of
marine traffic patterns (Silveira et al., 2013), Collision Avoidance (Tijardovic, 2009) and
automatic anomalous vessel movement behaviour detection. Automatic anomalous vessel
movement behaviour detection could support the operator of maritime surveillance sys-
tems in detecting suspicious situations or threats in the maritime domain and in taking
appropriate action.

Recently many efforts have been made in automatic anomalous maritime vessel move-
ment behaviour detection based on AIS data to achieve an effective maritime situational
awareness. In this paper we present a review of the state-of-the-art automatic detection
of anomalous maritime vessel behaviour based on AIS data. First, we categorise some
approaches proposed between 2011 and 2016 for automatic anomalous detection of mar-
itime vessel behaviour into distinct categories including statistical, machine learning and
data mining, and others) and provide an overview. Then we will discuss some issues related
to the proposed approaches and identify trends in automatic anomalous maritime vessel
behaviour detection.

The remainder of the paper is organised as follows. Section 2 presents a summary of
recent approaches proposed in scientific literature on automatic detection of anomalous
maritime vessel behaviour. Analysis and discussion of the proposed approaches is pre-
sented in Section 3. Conclusions and future directions for automatic anomalous maritime
vessel behaviour detection are reported in Section 4.

2. REVIEW OF RECENT RESEARCH WORKS ON AUTOMATIC ANOMALOUS
MARITIME VESSEL BEHAVIOUR DETECTION. In this section we review some
recent research works on automatic anomalous maritime vessel behaviour detection.

Automatic anomalous maritime vessel behaviour detection consists of finding anoma-
lous movement behaviour of vessels moving in maritime areas such as in harbours or in
open sea using computational methods. Anomalous vessel behaviour refers to vessel move-
ment behaviour that differs from the typical or normal vessel movement behaviour. For
instance, anomalous vessel behaviour can refer to a sudden change in vessel kinematic
behaviour (such as unusual speed or location), deviation from standard sea lanes, unex-
pected port arrivals, close approach, and zone entry (Lane et al., 2010). Anomalous vessel
behaviour detection is one of the main tasks for MSA, allowing the detection of suspicious
situations or threats in the maritime domain and taking appropriate action.

According to the literature, the approaches for anomalous vessel behaviour detection are
divided into three categories: data-driven, knowledge-based, and hybrid.

2.1. Data-driven approaches for anomalous vessel behaviour detection. Typically,
data-driven approaches are composed of two phases: 1) vessel behaviour normalcy model
learning, 2) matching new vessel motion data to the learned normalcy model for anoma-
lous behaviour detection. In the first phase, a model representing normal vessel movement
behaviour is learned from vessel historical movement data. In the second phase, new
vessel movement data are matched to the learned normalcy model of vessel behaviour,
considering any mismatch as anomalous behaviour.

Technically, data-driven approaches for automatic anomalous vessel behaviour detec-
tion can be divided into distinct categories of approaches: statistical, machine learning,
data mining and other approaches.
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2.1.1. Statistical approaches for anomalous vessel behaviour detection. The main
concept of any statistical anomaly detection method is: “An anomaly is an observation
which is suspected of being partially or wholly irrelevant because it is not generated by the
stochastic model assumed” (Anscombe and Guttman, 1960).

Statistical anomaly detection techniques are based on the assumption that normal data
instances occur in high probability regions of a stochastic model, while anomalies occur in
the low probability regions of the stochastic model (Chandola et al., 2009).

Statistical approaches to anomalous vessel behaviour detection fit a statistical model
representing normal vessel behaviour to the given historical vessel movement data and then
apply a statistical inference test to determine whether a new vessel observation belongs to
this model or not. Observations that have a low probability of being generated from the
learned model, based on the applied test statistic, are declared as anomalous behaviours.
The given historical vessel movement data are assumed to be Independent and Identically
Distributed (IID) observations, and reflect vessel normal behaviour.

Some recent research works have adopted statistical approaches to address automatic
maritime vessel anomalous behaviour detection. These research works are summarised
below.

Anneken et al. (2015) have used a non-simulative anomalies dataset based on real data,
to provide an evaluation and comparison of maritime anomaly detection algorithms, specif-
ically the Gaussian Mixture Model (GMM) and the Kernel Density Estimator (KDE).
According to the result of their experiment, the rate of false alarm as well as the rate of
anomalies which are not found is high for both algorithms.

Kowalska and Peel (2012) combined Gaussian Processes and an Active Learning
approach to deal with anomalous vessel behaviour detection. In their approach, a model
of normal vessel behaviour is created from historical AIS data using Gaussian Processes
(GPs), and to deal with the high computational complexity in training, the authors used the
Active Learning approach.

Smith et al. (2012; 2014a) have introduced an abnormality detection technique using a
combination of Gaussian Processes, extreme value theory and divergence measurement, to
identify anomalous vessel behaviour in both streaming and batch data.

Mascaro et al. (2014) have addressed the anomalous vessel behaviour detection issue
using Bayesian Networks. By training Bayesian Networks with real world AIS data com-
bined with additional real world contextual information such as weather and time, as well as
vessel interactions, they have taught two Bayesian Network-based models at two different
time scales, namely in the form of the time series and track summary models. As a training
tool, the authors used a machine learner named CaMML (Causal discovery via Minimum
Message Length). The authors have found that adding further real world attributes helped
to create a better model of normalcy.

To preserve port safety by classifying the movements of different ships in the scene,
Castaldo et al. (2015) have applied Bayesian Networks to the analysis of vessel behaviour
and ship-to-ship interactions in port areas.

2.1.2. Machine learning and data mining approaches to anomalous vessel behaviour
detection. The main concept of the use of machine learning or data mining approaches
for automatic anomalous maritime vessel behaviour detection is to create a model of nor-
mal vessel behaviour by applying machine learning or data mining techniques (such as
unsupervised or supervised clustering algorithms) to vessel movement data. This normal
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model is used to detect anomalous vessels, which are vessels that deviate from the learned
normal model.

Depending on the format of input data, machine learning and data mining approaches
for anomalous vessel behaviour detection can be divided into two main classes, namely
point-based anomalous behaviour detection approaches and trajectory-based anomalous
behaviour detection approaches. Point-based anomalous behaviour detection approaches
highlight individual anomalous points while trajectory-based anomalous behaviour detec-
tion approaches, receive as their input entire vessel trajectories and automatically classify
them as anomalous or not (Pallotta and Jousselme, 2015).

In the following we present some machine learning and data mining approaches that
have been recently proposed for automatic anomalous maritime vessel behaviour detection.
These approaches are summarised in Table 1.

Wang et al. (2014) have performed vessel route anomaly detection using Density-
Based Spatial Clustering of Applications with Noise considering Speed and Direction
(DBSCANSD) (Liu et al., 2014) and parallel meta-learning algorithms on the Hadoop
MapReduce environment cluster. According to their experiment, the authors have men-
tioned that the vessel route anomaly detector accuracy and execution time improves linearly
with the number of nodes in the cluster.

Pallotta et al. (2013a; 2013b) proposed an approach based on an incremental variant
of the Density-Based Spatial Clustering of Applications with Noise (DBSCAN) algorithm
(Ester et al., 1996) to learn maritime traffic routes from vessel AIS data to detect anomalous
vessel behaviours and predict vessels’ future positions. The proposed approach is called
Traffic Route Extraction for Anomaly Detection (TREAD). The same TREAD approach
was used in Pallotta and Jousselme (2015) to perform track association to vessel traffic
routes for hierarchical maritime anomaly detection. In their approach, a tool implementing
the TREAD approach is first used to extract vessel traffic routes from historical AIS data
of areas of interest.

Secondly for associating and classifying tracks (i.e., partial trajectories), the same
authors have adopted a hierarchical reasoning, where new tracks are first associated to exist-
ing routes based on their positional information only, and “off-route” vessels are detected
as vessels not following an existing route. Then, for on-route vessels (vessels following an
existing route) further anomalies are detected such as speed anomaly and heading anomaly.

To provide a more complete and interactive Maritime Situational Picture (MSP) to oper-
ational authorities and policy-makers to support the decision-making process, Arguedas
et al. (2015) have proposed a spatio-temporal data mining framework based on the TREAD
approach for route-based anomalous vessel detection. In the proposed framework, the
authors used the TREAD approach to build a synthetic representation of all maritime traffic
routes; afterward they perform maritime traffic anomaly detection.

Lei (2015) proposed a framework for maritime trajectory modelling and anomaly detec-
tion. First, the author defines three outlying features of abnormal movement behaviours:
spatial, sequential, and behavioural features extracted from the sequential occurrence in
trajectory data collection, and then builds a maritime trajectory model for anomaly detec-
tion. Finally, the author develops an anomaly detection algorithm based on the learned
trajectory model, in which an indicator is used to evaluate suspicious behaviour and scores
trajectory behaviour according to the defined outlying features.
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Table 1. Summary of machine learning and data mining approaches to anomalous vessel behaviour detection.

Approach Used attributes of
Research work Methods type vessel motion data Used data set

Pallotta et al.
(2013a; 2013b)

Incremental DBSCAN
algorithm

Point-based Vessel location, speed,
course and location
timestamp.

Recorded AIS
data

Arguedas et al.
(2015)

Incremental DBSCAN and
DBSCAN-based
algorithms

Point-based Vessel location, speed,
course and location
timestamp.

Recorded AIS
data

Pallotta and
Jousselme
(2015)

Incremental DBSCAN
algorithm

Point-based Vessel location, speed,
course and location
timestamp.

Recorded AIS
data

De Vries and Van
Someren (2012)

one-class SVMs algorithms Trajectory-based Vessel MMSI, location
and location
timestamp.

Recorded AIS
data

Guillarme and
Lerouvreur
(2013)

The OPTICS clustering
algorithm

Trajectory-based Vessel MMSI, location,
speed, course, and
location timestamp.

Recorded AIS
data

Wang et al. (2014) DBSCAN-based algorithm
and parallel Meta learning
algorithm with MapReduce

Point-based Vessels position, speed
and course.

Recorded AIS
data

Lei (2015) Grid-based clustering
algorithm

Trajectory-based Vessel MMSI, location
and location
timestamp.

Recorded AIS
data

Radon et al.
(2015)

Density based clustering
algorithm similar to
DBSCAN and Line
segment clustering
algorithms.

Trajectory-based Vessel MMSI, location,
speed, course, and
location timestamp.

Recorded AIS
data

Smith et al.
(2014b)

Conformal predictor-based,
algorithms.

Trajectory-based Vessel MMSI, location
and Speed.

Recorded AIS
data

Smith et al. (2015) Multi-class Conformal
predictor-based algorithm

Trajectory-based Vessel MMSI, type,
location, Speed and
location timestamp.

Recorded AIS
data

Laxhammar and
Falkman (2015)

Inductive conformal
predictor-based algorithm
with Local Outlier
Factor-based non
conformity measure.

Trajectory-based Vessel MMSI, location
and location timestamp

Recorded AIS
data

Laxhammar and
Falkman (2012)

Sliding Window based on
Conformal Anomaly
Detection and Local
Outlier Factor.

Trajectory-based Vessel MMSI, location
and location timestamp

Recorded AIS
data

Laxhammar and
Falkman (2011)

Anomaly detection method
based on conformal
predictors and Hausdorff
distance

Trajectory-based Vessel MMSI, location
and location
timestamp.

Simulated
trajectory
data and
real video
trajectories

Vessel location is composed of longitude and latitude; Used attributes of vessel motion data refers to the vessel attributes that
are used as the parameters for determining vessels’ moving pattern and anomalous behaviour detection; Approach type refers to
the input format of the data used in the approach; Point-based approach considers individual vessel observations as input data;
Trajectory-based approach considers the entire vessel trajectory as input data; Recorded AIS data refers to historical vessel motion
data provided by the Automatic Identification System.
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One of the issues in anomalous vessel behaviour detection is the high rate of false
positive anomalies. Some research works have been focused on addressing this issue in
anomalous vessel behaviour detection.

To reduce the rate of false alarm in anomalous maritime vessel behaviour detection,
Radon et al. (2015) have proposed an approach in two phases. In the first phase, the
normal vessel movement patterns are extracted from historical vessel tracks (trajectories
within a particular origin and destination) using trajectory partition, the DBSCAN and line
segment clustering algorithms. In the second phase potential anomalies are detected and
then real anomalies are filtered out from potential anomalies based on contextual verifi-
cation. In the same line of false alarm rate reduction, Laxhammar and Falkman (2011;
2012; 2015) and Smith et al. (2014b; 2015) have used an anomalous vessel behaviour
detection approach based on conformal predictors (Vovk et al., 2005) known as con-
formal anomaly detection. The conformal anomaly detection approach assumes that all
the training data are generated by the same probability distribution and makes no fur-
ther assumptions about the distribution. For each new test data, the likelihood that it
is coming from the same probability distribution as the training data is estimated. If
this likelihood is below the specified confidence level, then the new object is declared
as an anomaly. The advantage of the conformal anomaly detection approach is that the
rate of false alarm is well-calibrated and it is at most equal to the specified confidence
level.

Based on the result of their preview work presented in Liu et al. (2014; 2015) have
proposed a clustering-based anomaly detection model for vessel movement data. In their
approach, the authors have proposed three distance measures which are the core of the
anomaly detection algorithm. The three distance measures are, Absolute Division Distance
(ADD), Relative Division Distance (RDD) and Cosine Division Distance (CDD). ADD is
used in the stopping points abnormality detection phase while RDD and CDD are used for
the moving part. To evaluate the effectiveness of the proposed model, the authors have used
a highly imbalanced data set from the Juan de Fuca Strait area.

2.1.3. Other data-driven approaches to anomalous vessel behaviour detection. Apart
from statistical, machine learning, data mining, and visual analytics approaches, recently
other approaches related to anomalous vessel behaviour detection have been proposed, and
some of them are presented in what follows and are summarised in Table 2.

Osekowska et al. (2014; 2015) used an approach based on potential fields to perform
vessel anomalous behaviour detection. In their approach, every vessel generates potential
charges, the value of which represents the vessel’s behaviour, and drops the charges at loca-
tions it passes. Each AIS report is used to assign a potential charge at the reported vessel
positions. A model of normal vessel behaviour (traffic patterns) is represented by the col-
lection of potential fields created based on the recorded vessel motion data and behaviour
history. Vessels whose current potential deviates from the local potential fields are flagged
as anomalous vessels.

Soleimani et al. (2015) have proposed a new method for finding anomalies in ships’
movements. The proposed method analyses the trajectory of ships from a geometrical
perspective. The trajectory of the ship is compared with a near-optimal path that is
generated by a graph search algorithm. To make this comparison the proposed method
extracts some scale-invariant features from the real trajectory and from the optimal move-
ment pattern, and then it compares the two sets of features to generate an abnormality
score.
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Table 2. Summary of other data-driven approaches to anomalous vessel behaviour detection.

Used attributes of vessel
Research work Methods motion data Used data set

McAbee et al. (2014) Hough transformation Vessel location Recorded AIS data
Osekowska et al.

(2014; 2015)
Potential field-based method Vessel location, speed,

course, vessel type, and
location timestamp.

Recorded AIS data

Soleimani et al.
(2015)

Geometrical-based method Vessel MMSI, location and
location timestamp.

Recorded AIS data

Wu et al. (2014) Topology preserving
mapping method

Vessel MMSI, location,
speed, course, and location
timestamp.

Recorded AIS data

Terroso-Saenz et al.
(2015)

Complex Event
Processing-based method

Vessel MMSI, location, speed
and location timestamp.

Recorded AIS data

Venskus et al. (2015) Bio-inspired virtual
pheromone-based method

Vessel name, class, location,
speed and heading.

Recorded AIS data

Vessel location is composed of longitude and latitude; Used attributes of vessel motion data refers to the vessel attributes that are
used as the parameters for determining vessels moving pattern and anomalous behaviour detection; Recorded AIS data refers to
historical vessel motion data provided by Automatic Identification System.

Venskus et al. (2015) proposed an adaptive self-learning algorithm based on a bio-
inspired virtual pheromone method for the detection of anomalous maritime traffic. The
proposed algorithm first learns normal vessel traffic pattern grids from vessel movement
data provided by the surveillance data fusion subsystem, then detects a potential incident
where the moving vessel path does not match with learned pattern grids. The authors have
verified that the algorithm provides rapid self-learning and fast adaptation characteristics.

2.1.4. Knowledge-based approaches to anomalous vessel behaviour detection.
Knowledge-based anomalous vessel behaviour detection approaches refer to the generation
of alerts based on a set of rules (Roy, 2008), such as maximum speed allowed in a port,
presence in areas restricted to navigation or inconsistencies between the ship’s claimed and
actual activity. These approaches are composed of two phases. The first phase consists of
creating and specifying predefined patterns that one wants to detect using rules. These rules
can be predicates or any type of logic. In the second phase the new data are matched to the
predefined rules to detect predefined anomalies of interest, which are those data that deviate
from the predefined rules.

Although most of the recent works on anomalous vessel detection are data-driven, some
knowledge-based approaches have been proposed.

Maggi et al. (2013) have demonstrated the use of process mining for analysing
the behaviour of vessels, and for detecting anomalies, i.e., deviations from the normal
behaviour. To model the behaviour of vessels, the authors have used the Declare language
which is a constraint-based language that can specify complex behaviour in terms of a
couple of restrictions. Declare combines a formal semantics for analysis purposes with a
graphical representation for users.

Brax et al. (2012) have presented a Multi-Agent System (MAS) dedicated to anomalous
behaviour detection and alerts triggering in the maritime surveillance area. Anomalies are
detected based on the implementation of maritime regulation.

Vandecasteele et al. (2013) have proposed a semi-supervised learning framework based
on spatio-temporal semantic events for maritime anomaly detection and behaviour analysis.
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For maritime anomaly detection, the authors have used spatial ontology for modelling a
maritime operator’s knowledge.

2.1.5. Hybrid Approaches to anomalous vessel behaviour detection. The hybrid
approach combines the data-driven and knowledge-based approaches to perform anoma-
lous maritime vessel behaviour detection. Recently, only limited effort has been devoted to
the use of hybrid approaches for anomalous maritime vessel behaviour detection. Shahir
et al. (2014; 2015) combined data-driven machine learning methods with maritime back-
ground domain knowledge to detect anomalous vessel interaction patterns. In Kazemi et al.
(2013) a hybrid framework for anomaly detection based on the use of open data (contex-
tual information and background knowledge) is proposed. Based on the proposed anomaly
detection framework and the algorithms implementing the expert rules, the Open Data
Anomaly Detection System (ODADS) was developed.

3. ANALYSIS AND DISCUSSION. In this section we analyse and discuss the recent
proposed approaches to anomalous vessel behaviour detection in order to highlight the
main issues related to them. In addition, we point out some scarcities of literature on
automatic detection of anomalous vessel behaviour.

The issues related to most of the recent approaches to automatic anomalous ves-
sel behaviour detection are mainly scalability issues and the issue of offline anomalous
behaviour detection.

3.1. Scalability issue of machine learning and data mining approaches to anomalous
vessel behaviour detection. A review of recent studies on automatic anomalous vessel
behaviour detection reveals that the majority (Arguedas et al., 2015; Pallotta et al., 2013a;
2013b; Radon et al., 2015; Wang et al., 2014) of proposed data mining approaches are based
on the DBSCAN clustering algorithm or its adapted version. However, the DBSCAN clus-
tering algorithm is sensitive to the input parameter values (Eps, MinPts) the determination
of which requires complex and time consuming computation or domain expert knowledge.
In addition, the time complexity of the DBSCAN algorithm is O(n2) where n is the num-
ber of the data point in the training data set, which is an issue when dealing with a large
amount of data. It has been pointed out in Ester et al. (1996) that the average time complex-
ity of the DBSCAN algorithm can be reduced to O(n log n) by using spatial indices such
as the R*-tree structure. However, to the best of our knowledge no recent research work on
anomalous vessel behaviour detection has used spatial indices in the DBSCAN algorithm.

The DBSCAN algorithm, and other machine learning and data mining algorithms (Guil-
larme and Lerouvreur, 2013; De Vries and Van Someren, 2012; Smith et al., 2014a;
2015; Laxhammar and Falkman, 2011), used for automatic detection of anomalous vessel
behaviour also suffer from the scalability issue when they are applied to a large volume
dataset because the training time is too long. Using big data technologies such as the
Hadoop MapReduce paradigm could be one of the potential solutions to scalability issues.

3.2. The scarcity of literature on online anomalous vessel behaviour detection.
Almost all the recent proposed approaches for anomalous vessel behaviour detection have
focused on offline anomalous detection, whereas only a little effort has been devoted
to sequential anomalous vessel behaviour detection (Laxhammar and Falkman, 2011;
2012; 2015; Smith et al., 2014b; 2015; Pallotta et al., 2013a) or online anomalous vessel
behaviour detection (Smith et al., 2012; 2014a). In offline anomalous detection both the
vessel normalcy model learning and anomalous behaviour detection are performed offline,
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which is a serious limitation in surveillance applications because it delays anomaly alarms
and thus the ability to take action on impending events (Laxhammar and Falkman, 2011).
Therefore, the development of algorithms that perform real time (online) or near real time
vessel normalcy model learning and anomalous vessel behaviour detection could enhance
the level of maritime safety and security. Moreover as the AIS vessel motion data can be
considered as time series or asynchronous streaming data, some algorithms for anomaly
detection in a time series or stream data can be applied to vessel AIS data in order to
perform real time or near real time anomalous vessel behaviour detection.

3.3. The scarcity of literature on big data technologies in anomalous vessel behaviour
detection. Another noteworthy fact is the scarcity of published literature on the use of
big data technologies in anomalous maritime vessel behaviour detection. According to our
study, only a few works (Cazzanti et al., 2015; Wang et al., 2014; Wijaya and Nakamura,
2013) have used big data technologies to perform anomalous vessel behaviour detection.
Since machine learning and data mining approaches for anomalous vessel behaviour detec-
tion are divided into point-based and trajectory-based approaches according to the format
of input data, and point-based approaches treat each AIS position message as a point on
a geographical grid, big data technology such as the Hadoop MapReduce paradigm can
be applied to the point-based approaches in order to speed up and scale up the process of
anomalous vessel behaviour detection.

4. CONCLUSION AND FUTURE DIRECTION. Good maritime situational awareness
can be achieved through the analysis of vessel movement data provided by tracking systems
such as the Automatic Identification System (AIS). Recently, many approaches have been
proposed in the literature on automatic anomalous maritime vessel movement behaviour
detection based on vessel AIS data. In this work we have presented a review of some of
these proposed approaches, discussed some of their issues, and highlighted some scarcities
of literature on some aspects related to automatic anomalous vessel behaviour detection.

Through our study we have found that the recent proposed approaches to automatic
anomalous vessel behaviour detection can be divided into the following categories: statis-
tical, machine learning, data mining and other. Most of these approaches take into account
only vessel kinematic features such as vessel location (longitude, latitude), Speed Over the
Ground (SOG) and Course Over the Ground (COG). The datasets used are mainly vessel
movement data provided by AIS transponders.

The main issues related to some of these proposed approaches are: 1) scalability issues
and 2) the issue of offline anomalous vessel behaviour detection. This study has also
revealed some scarcity in the literature on anomalous vessel behaviour detection such as
the scarcity of the use of big data technologies, the scarcity of real time anomalous ves-
sel behaviour detection, and the scarcity of the use of both vessel kinematic attributes and
static characteristics in anomalous vessel behaviour detection.

Although extensive research work has been done on anomalous vessel behaviour detec-
tion to achieve an efficient maritime situational awareness, the use of big data technologies
in anomalous vessel behaviour detection, and real-time anomalous vessel behaviour detec-
tion still remain a challenge. Therefore the use of big data technologies (such as the Hadoop
MapReduce framework) and real-time anomalous vessel behaviour detection constitute the
direction of current and future research related to automatic anomalous vessel movement
behaviour detection.
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