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Abstract. The automatic discovery of maritime traﬃc models can achieve
useful information for the identiﬁcation, tracking and monitoring of vessels. Frequent patterns represent a means to build human understandable
representations of the maritime traﬃc models. This paper describes the
application of a multi-relational method of frequent pattern discovery
into the marine traﬃc investigation. Multi-relational data mining is here
demanded for the variety of the data and the multiplicity of the vessel positions (latitude-longitude) continuously transmitted by the AIS
(Automatic Identiﬁcation System) installed on shipboard. This variety
of information leads to a relational (or complex) representation of the
vessels which by the way permits to naturally model the total temporal
order over consecutive AIS transmissions of a vessel. The viability of relational frequent patterns as a model of the maritime traﬃc is assessed
on navigation data truly collected in the gulf of Taranto.
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Introduction

Marine traﬃc engineering is a research ﬁeld originally deﬁned in 1970s [10] at the
aim of investigating the marine traﬃc data and building a human interpretable
model of the maritime traﬃc. Through the understanding of this model, the
Vessel Traﬃc Service (VTS) would improve the port and fairway facilities as
well as the traﬃc regulation. Intuitively, the complexity of building a signiﬁcant
maritime traﬃc model resides in the requirement of a model able to reﬂect the
spatial distribution and the temporal characteristics of the traﬃc ﬂow.
Although, the marine traﬃc engineering was a popular research ﬁeld between
the 1970s and the 1980s, after the 1990s, the relevant literature and research
projects in this ﬁeld appeared less frequently. This little interest to research in
marine traﬃc engineering was caused to the actual diﬃculty in collecting traﬃc
data. In fact, the required observation time was long and several technological
limitations raised in the observation time. Today, the data collection problem
is deﬁnitely overcome. The widespread use of Automatic Identiﬁcation System
(AIS) has had a signiﬁcant impact on the maritime technology and any VTS
is now ﬁt to obtain a large volume of traﬃc information which comprises the
timestamped latitude and longitude of the monitored vessels. On the other hand,

the galloping developments in data mining research have paved the way to face
the problem of automatically analyzing this large volume of traﬃc data, by the
now available, in order to extract the knowledge required to feed the service
marine traﬃc management and the VTS decision making systems. Both these
factors, traﬃc data availability and data mining techniques, have boosted the
recent renewed scientiﬁc interest towards the marine traﬃc engineering. Clustering [9], classiﬁcation [5] and association rule discovery [11] techniques have
been employed to analyze AIS data and discover characteristics and/or rules
for the marine traﬃc ﬂow forecast and the development and programming of
marine traﬃc engineering. Although, these studies have proved that data mining techniques are able to provide the extra aid for the situational awareness
in maritime traﬃc control, it is a fact that no marine traﬃc model described
in these works is able to capture the truly temporal characteristics of each AIS
transmission. In fact, AIS transmissions are timestamped, but a traditional data
mining technique looses the time label of the AIS data, and represents a navigation trajectory as a set, rather than a sequence, of consecutive latitude-longitude
vessel positions.
In this paper, we resort to multi-relational data mining to address the task
of learning a human interpretable model of the maritime traﬃc in the sea ports,
where several vessels are entering and leaving the port. The innovative contribution of this work is that, at the best of our knowledge, this is the ﬁrst study in
maritime traﬃc engineering which correctly spans the traﬃc data over several
data tables (or relations) of a relational database and discover relational patterns
(i.e. patterns which may involve several relations at once) to describe the traﬃc
maritime model. In this multi-relational representation, we are able to model
vessel data and AIS data as distinct relational data tables (one for each data
type). This leads to distinguish between the reference objects of analysis (vessel
data) and the task-relevant objects (AIS data), and to represent their interactions. The modeled interactions also include the total temporal order over the
AIS transmissions for the same vessel. SPADA [6] is a multi-relational data mining method that discovers relational patterns and association rules. Relational
patterns extracted by SPADA have been proved to be eﬀective for the capture
of the behavioral model underlying census data [1] and workﬂow data [12]. In
the case of traﬃc data, we use SPADA to discover interesting associations between a vessel (reference objects) and a navigation trajectory. Each navigation
trajectory represents a spatio-temporal pattern obtained by tracing subsequent
AIS transmissions (task-relevant objects) of vessels. This kind of spatio-temporal
rules automatically identify the well traveled navigation courses. This information can be employed in several ways. To opportunely arrange the navigation
traﬃc incoming a gulf in order to avoid collision or traﬃc jams. To discover vessels which suspiciously deviates from the planned navigation course. The main
limitation of SPADA in this application is the high computational complexity
which makes the analysis of large databases practically unfeasible. To overcome
this limitation, we run SPADA by considering the distributed version of SPADA
described in [2].

In order to prove the viability of the multi-relational approach in marine
traﬃc engineering, we describe a relational representation of the traﬃc data
derived from monitoring vessels entered and left the gulf of Taranto (South of
Italy) between September 1, 2010 (00:04:23) and October 9, 2010 (23:58:52)
(Section 2) and we brieﬂy illustrate the multi-relational method for relational
pattern discovery (Section 3). Finally, we comment signiﬁcance of navigation
traﬃc model we have extracted and its viability in the marine traﬃc engineering
(Section 4). Finally, some conclusions are drawn.
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Marine Traﬃc Data

For this study, we consider the navigation traﬃc data collected for 106 vessels
entering and/or leaving the gulf of Taranto between September 1, 2010 (00:04:23)
and October 9, 2010 (23:58:52). The traﬃc data are obtained from [13]. As in
[11], the area of the gulf is converted into a geographic grid of 0.005◦ × 0.005◦
squared cells. Each cell of the grid is then enumerated by a progressive number.
For each vessel, the following data are collected:
– the name of the vessel,
– the MMSI, that is, a numeric code that unambiguously identiﬁes the vessel,
– the vessel category, that is, wing, pleasure craft, tug, low enforcement, cargo,
tanker or other, and
– the sequence of AIS messages which were sent by the transceiver installed
on shipboard.
The AIS transceiver sends dynamic messages every two to thirty seconds
depending on the vessel speed, and every three minutes while the vessel is at
the anchor. As we are interested in describing the observable change of the
vessel position within the geographic grid, we decide to consider only those AIS
transmissions which reﬂect a change of the cell occupied by the vessel. Each AIS
message includes the following data:
–
–
–
–
–

the
the
the
the
the

vessel MMSI;
received time (day-month-year hour-minutes-seconds);
latitude and longitude of the vessel;
course over ground;
vessel speed;

The latitude and longitude coordinates of each AIS transmission are transformed into the identiﬁer of the cell containing the coordinates. By following
the suggestion reported in [11], the course over ground is discretized every 45◦
thus obtaining N, E, W, S, NE, NW, SE, SW, while the speed is discretized in
low, medium and high. After this transformation, properties of vessels (name
and category), data of the AIS transmission (cell, speed, direction) and interaction between vessel and transmitted AIS data are stored as ground atoms into
the extensional part of a deductive database. An example of data stored in the

database for the vessel named ALIDA S is reported below.
mmssi(247205900).
name(247205900, alida s).
category(247205900, cargo).
ais(247205900, 2010-10-07 19:51:30).
ais(247205900, 2010-10-07 20:45:26).
ais(247205900, 2010-10-07 21:50:19).
ais(247205900, 2010-10-07 21:55:23).
cell(247205900, 2010-10-07 19:51:30, 312).
cell(247205900, 2010-10-07 20:45:26, 313).
cell(247205900, 2010-10-07 21:50:19, 312).
cell(247205900, 2010-10-07 21:55:23, 311).
direction(247205900, 2010-10-07 19:51:30, northwest).
direction(247205900, 2010-10-07 20:45:26, northwest).
direction(247205900, 2010-10-07 21:50:19, northwest).
direction(247205900, 2010-10-07 21:55:23, northwest).
speed(247205900, 2010-10-07 19:51:30, medium).
speed(247205900, 2010-10-07 20:45:26, medium).
speed(247205900, 2010-10-07 21:50:19, low).
speed(247205900, 2010-10-07 21:55:23, low).
The key predicate mmsi() identiﬁes the reference object (vessel) of the unit
of analysis. The property predicates name(), category(), position(), direction()
and speed () deﬁne the value (in bold) taken by an attribute of an object (reference object as for name() and category() or task relevant object as for position(),
direction() and speed ()). Finally the structural predicate ais() relates reference
objects (vessel) with task-relevant objects (AIS transmissions). This way, the
extensional part of deductive database for SPADA is fed with 19137 atoms partitioned between 106 units of analysis.
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Maritime Traﬃc Model Discovery

Studies for association rule discovery in Multi-Relational Data Mining [6] are
rooted in the ﬁeld of Inductive Logic Programming (ILP) [8]. In ILP both relational data and relational patterns are expressed in a ﬁrst-order logic and the
logical notions of generality order and of the downward/upward reﬁnement operator on the space of patterns are used to deﬁne both the search space and the
search strategy. In the speciﬁc case of SPADA, properties of both reference and
task relevant objects are represented as the extensional part DE of a deductive
database D [4], while the domain knowledge is represented as a normal logic
program which deﬁnes the intensional part DI of the deductive database D.
In the application of SPADA in the marine traﬃc engineering, the extensional database stores information on the traﬃc data (e.g., vessel and AIS data)
as reported in Section 2, while the intensional database includes the deﬁnition

of relations which are implicit in data, but useful for capturing the model underlying the data. In this study, the intensional part of database surely includes
some deﬁnition of a relation next (which makes explicit the temporal order over
the AIS transmissions that is implicit in the timestamp of each transmission).
A possible deﬁnition of the relation next is the following:
next(V, A1, A2) ←
ais(V, T1), ais(V, T2),
cell(V, T1, A1), cell(V, T2, A2),
A1= A2, T1<T2,
not(ais(V,T), T1<T, T<T2)
which deﬁnes the direct sequence relation between two consecutive AIS transmissions of the same vessel.
In SPADA, the set of ground atoms in DE is partitioned into a number
of non-intersecting subsets D[e] (unit of analysis) each of which includes facts
concerning the AIS transmissions involved in a speciﬁc vessel trip e. The partitioning of DE is coherent with the individual-centered representation of training
data [3], which has both theoretical (PAC-learnability) and computational advantages (smaller hypothesis space and more eﬃcient search). The discovery
process is performed by resorting to the classical levelwise method described in
[7], with the variant that the syntactic ordering between patterns is based on
θ-subsumption. By SPADA, fragments of the traﬃc models underlying the navigations of the various traced vessels can be expressed in the form of relational
navigation rules in the form:
mmsi(V ) ⇒ µ(V )

[s, c],

where mmsi(V ) is the atom that identiﬁes a vessel, while µ(V ) is a conjunction
of atoms which provides a description of a fragment of the navigation trajectory
traced for V . Each atom in µ(V ) describes either the next relation between AIS
transmissions or a property of the vessel (type or length) or a datum included in
the AIS transmission (id of the crossed geographical cell, navigation direction,
velocity). An example of discovered association rule is the following:
vessel(V)⇒
cell(V,T,123), next(V,123,124), next(V,124,125)
[s=63%, c=100%]

The support s estimates the probability p(vessel(V ) µ(V )) on D.
 This
means that s% of the units of analysis D[e] are covered by vessel(V
)
µ(V ),

that is a substitution θ = {V ← e}·θ1 exists such that vessel(V ) µ(V )θ ⊆ D[e].
The conﬁdence c estimates the probability p(µ(V )|vessel(V )).
Our proposal is to employ SPADA in order to process large traﬃc data volume and to collect the navigation rules discovered by SPADA in order to obtain
an interpretable description of the model underlying the maritime traﬃc. As the

navigation rules describe fragments of the trajectories frequently crossed by the
monitored vessels, they are then visualized in a GIS environment for the human
interpretation. At the aim of this study, we have further extended SPADA by integrating a rule post-processing module which ﬁlters out uninteresting rules and
ranks the output of the ﬁltering phase on the basis of the rule signiﬁcance. Then,
the top-k rules compose the maritime traﬃc model. Interesting rules correspond
to non-redundant rules. Formally, let R be the navigation rule set output by
SPADA. A rule r ∈ R is labeled as redundant in R iﬀ there exists a rule r ∈ R
and the substitution θ such that rθ ⊂ r . For example, let us consider the set of
navigation rules which comprises:
r1: vessel(V)⇒ cell(V,T,123).
r2: vessel(V)⇒ cell(V,T,123), next(V,123,124).
r3: vessel(V)⇒ cell(V,T,123), next(V,123,124), next(V,124,125).
Both r1 and r2 are redundant in R due to the presence of r3.
Redundant rules are implicit in non-redundant rules (although, they may
have diﬀerent support, they are always frequent rules), hence we can ﬁltered out
the redundant navigation rules without loosing any knowledge in the maritime
traﬃc model which is built ﬁnally. Filtered rules are ranked on the basis of signiﬁcance expressed by pattern length (number of atoms in the rule and support
value). By decreasing k, we prune less signiﬁcant knowledge in the model.
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Maritime Traﬃc Models

A relational model of the maritime traﬃc in the gulf of Taranto (South of Italy)
was extracted by considering two experimental settings, denoted as S1 and S2.
In the former setting (S1), the intensional part is populated with the deﬁnition
of the ternary “next” predicate formulated as in Section 2. In the latter setting
(S2), the intensional part is populated with an intensional deﬁnition of both a
new “cell” predicate and a “next” predicate which incorporate the information
on the speed and direction of navigation as follows:
cell(V, T, C, S, D) ←
cell(V, T, C), speed(V, T, S), direction(V, T, D).
next(V, A1, A2, S, D) ←
ais(V, T1), ais(V, T2),
cell(V, T1, A1), cell(V, T2, A2),
speed(V, T2, S), direction(V, T2, S)
A1= A2, T1<T2,
not(ais(V, T, A), T1<T, T<T2).
In both settings, SPADA is run to discover relational rules with 0.1 as minimum support and 3 as minimum pattern length. In the ﬁrst setting, SPADA

outputs the geometrical description fragments of navigation trajectories incoming and leaving the gulf of Taranto. The number of discovered rules is 126. After
ﬁltering out redundant rules, 41 rules are ranked according to the signiﬁcance
criterion. The top ranked navigation rule is reported below:
vessel(V)⇒
category(V,cargo), cell(V, T, 903),
next(V, 903, 904), next(V, 904, 944),
next(V, 944, 945), next(V, 945, 946), next(V, 946, 986),
next(V, 986, 987).
[s=10.3%, c=100%]
This rule states that 10.3% vessels monitored in the gulf of Taranto in the
period under study are cargo vessels which follow a navigation trajectory crossing
across the cells identiﬁed by 903, 904, 944, 945, 946, 986 and 987 in this order.
The maritime traﬃc model obtained by selecting the top-5 navigation rules is
plotted in Figure 1. By visualizing this model we are able to see the geometrical
representation of maritime trajectories which may be busy in the gulf of Taranto.
This information may be employed from the service maritime management in
order to opportunely program the maritime traﬃc in the gulf of Taranto and
avoid gridlock or vessel accident.
In the second setting, SPADA discovers a more detailed description of the
navigation trajectories frequently crossed in the gulf. In fact, the description
mined for each navigation trajectory now comprises both direction and velocity
of the vessel at each crossed cell in the trajectory. With this setting, SPADA
discovers 11 navigation rules. After ﬁltering out redundant rules, 8 rules are
ranked according to the signiﬁcance criterion. The top ranked navigation rule is
reported below:
vessel(V)⇒
category(V,cargo), cell(V, T, 945, low, north east),
next(V, 945, 946, low, north east), next(V, 946, 986, low, north east).
[s=11.3%, c=100%]
This rule states that 11.3% of vessels in this study move across the cells
945, 946 and 986 maintaining a low velocity and north-east navigatition dierection. Although this navigation rule describes a shorter trajectory than the top
ranked rule of the ﬁrst setting, it provides a deeper insight in the navigation
behaviour (velocity and direction) of vessels crossing these cells, which where
ignored before.

5

Conclusions

In this paper, we presented a preliminary study of the application of relational
data mining to the marine traﬃc engineering. Relational data mining is here
demanded to represent multiplicity and variety of data continuously transmitting

(a) Visualization.

(b) Ranking.

Fig. 1. The top-5 relational models of the incoming and outcoming navigation trajectories frequently crossed in the gulf of Taranto.

from a vessel during the navigation time. In particular, we prove the viability
of a multi-relational approach to obtain human interpretable maritime models
of the maritime traﬃc by considering the AIS data transmitted from vessels in
the gulf of Taranto. The results are encouraging and open appealing and novel
directions of research in the ﬁeld of the marine traﬃc engineering.
As future work, we plan to explore the task of discovering relational rules
which include a disjunction of atoms in the rule body in order to describe those
trajectories which include one or more ramiﬁcation in the path. Additionally, we
intend to use the discovered navigation trajectories to obtain a prediction model
that permits to predict the position of a vessel at any future time. This task
requires the consideration of either geographical constraints such as the presence
of the mainland (or in general physical obstacles) or navigation constraints such
as velocity, direction, timetable and so on.
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