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Abstract—A reliable and efficient characterization of vessel
activities along coastal regions is of crucial importance for mar-
itime domain awareness. With increased navigational flows across
all waterways and the worldwide dissemination of active and
passive vessel tracking modalities, learning a vessel’s behavior is
becoming a strategic priority for maritime operators and decision
makers. In this paper, we propose an interpretable computational
model based on fuzzy-rough decision trees (FRDTs) to predict
the vessel type given a summary vector in the form of descriptive
track features that include kinematic, static and environmental
information. The track summaries are generated from the fusion
of Automatic Identification System (AIS), Synthetic Aperture
Radar (SAR) and Canada weather reports. Our methodology
uses fuzzy rough sets to discard irrelevant features on the basis
of their dependency of the vessel type, prior to the iterative
construction of the FRDT. Empirical results with a real-world
data set in the east coast of North America confirm that the
proposed approach is able to accurately assign the correct label
(i.e., type) to previously unseen vessels in over 80% of the cases.

Index Terms—maritime domain awareness; behavioral learning;
information fusion; track summaries; machine learning; auto-
matic identification system; fuzzy decision trees; fuzzy rough sets

I. INTRODUCTION

In a world where more than 40% of the population lives
within 100 kilometers of a coast [1] and where traditional
and asymmetric threats to physical and cyber infrastructures
continue to rise each year, countries are becoming increasingly
aware of the importance in their ability to achieve persis-
tent surveillance and continuous awareness of their maritime
domains. In a vast and mostly uninhabited country such as
Canada, which borders the Atlantic, Pacific and Arctic oceans,
Maritime Domain Awareness (MDA) provides knowledge of
potential threats from maritime activities. MDA is defined as
the situational understanding of activities that impact maritime
security, safety, economy and/or the environment [2]. MDA
involves a system of people, processes and technological
tools that discover, sense, analyse and react to events and
perform physical and virtual defence of the country’s borders.
It includes the capture and storage of domain knowledge
obtained along with the actions, effects and outcomes for
use in planning future surveillance operations. The outcome
expected from MDA is the effective tasking of joint and

interagency forces to respond to offensive/illegal activities,
disasters and rescue scenarios in the maritime domain.

In order to accurately and effectively monitor a maritime
area, the vast depth and breadth of incoming data must be
interpreted and managed. Often referred to as the Big Data
Problem, this challenge is best handled through the creation
and maintenance of a real-time representative model of the
world. Early solutions tried to resolve this challenge through
Low-Level Information Fusion (LLIF) modules that used
complex mathematical formulations or brute force number
crunching; however, these solutions were inadequate because
of the complexity created by the 4-dimensional vector subject
to variety, volume, velocity and veracity, which quickly in-
creased to the point where LLIF modules were overwhelmed.
LLIF was only capable of performing fusion when the data
itself was limited in volume, involved few types (low variety),
did not frequently change in mission-critical applications (low
speed), and was fairly trustworthy (high veracity).

To address the challenges of Big Data, High-Level Informa-
tion Fusion (HLIF), which in the Joint Director of Laboratories
(JDL) / Data Fusion Information Group (DFIG) models [3] [4]
is defined as Level 2 Fusion and above, has become the focus
of recent research and development efforts. HLIF capabilities
continue to evolve so as to alleviate the challenges presented
by Big Data including (i) anomaly detection, a process by
which patterns are detected in a given dataset that do not
conform to a pre-defined typical behavior (e.g., outliers), (ii)
trajectory prediction, a process by which future positions
(i.e., states) and motions (i.e., trajectories) of an object are
estimated, (iii) intent assessment, a process by which object
behaviors are characterized based on their purpose of action,
and (iv) threat assessment, a process by which object behaviors
are inferred based on their capability, opportunity and intent.

Behavioral learning provides a complex, yet innovative and
adaptive, framework that involves learning by analyzing the
changes in the system that occur as a result of stimulus-
response experiences, as opposed to the knowledge-processing
and memory-intensive cognitive learning paradigm. Behavioral
learning has been used in intelligent systems and allows for
an adaptive emergence of HLIF capabilities for MDA.

Inferring the type of a vessel given the observable evidence
about its track has several important applications. First, it
allows us to characterize the navigational patterns of all vessels



in a region of interest, which could be used to elucidate
causality models (e.g., what are the likely reasons for tugboat
tracks in this region to exhibit these features?). Second, once a
vessel type has been learned from its track behavior, maritime
operators can ascertain what its capabilities are, which in turn
leads to a more precise intent and threat assessment. Third, if
the inference process assigns confidence degrees for all vessel
types, then borderline patterns can be easily identified and
further analyzed (e.g., why is this cargo vessel behaving more
like a pleasure craft?). Finally, if there is a mismatch between
the reported and the predicted vessel types, this might be an
indication of an incorrect transmission, a malicious intent of
advertising the wrong vessel type, or another anomalous event.

In this paper, we propose an interpretable computational
model based on fuzzy-rough decision trees (FRDTs) to learn
the vessel type given a summary vector in the form of
descriptive track features that include kinematic, static and
environmental information. The track summaries are generated
from the fusion of Automatic Identification System (AIS),
Synthetic Aperture Radar (SAR) and Environment Canada
reports. Our methodology uses fuzzy rough sets [5] to discard
irrelevant features on the basis of their dependency of the
vessel type, prior to the iterative construction of the FRDT.
Empirical results with a real-world data set in the east coast of
North America confirm that the proposed approach is able to
accurately assign the correct type to previously unseen vessels.

The rest of the paper is structured as follows. Section II
briefly reviews relevant works. Section III unveils the proposed
Machine Learning approach while Section IV sheds light
on the empirical evaluation. Finally, some conclusions and
pointers to future work are provided in Section V.

II. RELATED WORK

This Section briefly reviews several relevant studies in
maritime behavioral learning, HLIF of AIS/SAR for MDA as
well as fuzzy rough sets and FRDTs.

A. Maritime Behavioral Learning

Maritime behavioral learning includes event-level learning
from motion analysis to determine normalcy of situational
behaviors. In 2007, Rhodes et al. [6] predicted behaviors based
on the learning of the target motions within a scene. They
used the AIS reports from an MDA system. The analysis of
the track and classification (threats as identifications) results
support inter-event activity analysis. In 2008, they followed up
with a multiscale analysis for event-level detection [7]. The
AIS ship data was put into categories and normalcy activities
were determined with fine and coarse model learning. In 2009,
they developed an adaptive neural network (ANN) for behavior
monitoring with a recursive version of the expectation max-
imization (EM) algorithms to minimize the Kullback-Leibler
(KL) information metric [8]. The goal was to shift the focus
of the user from monitoring to activity assessment for timely
response. The adaptive mixture-based neural network classifier
algorithm is composed of five main stages, namely, class
(category) choice, class (category) match, recursive learning,

information based pruning and anomaly detection. They used
the Bayesian Information Criteria (BIC) to simultaneously
choose the number of categories (clusters) and estimate the
model parameters with respect to model accuracy, BIC utility,
and number of categories created. Another example uses
motion pattern estimation from the AIS data using a kernel
density estimation technique [9]. Normalcy models are based
on the contextual operating conditions of targets applied to
many domains [10].

Mascaro et al. [11] [12] developed two anomaly detection
schemes that are trained on vessel tracks (coming from AIS
and weather data) using Bayesian networks. The time series
approach works at the contact level while the track summary
approach encompasses all contacts in the track. Both schemes
output anomaly scores that are reflective of the oddity of
a certain contact/track w.r.t. a learned normalcy model and
offer complementary views of a vessel’s behavior. Despite
the encouraging results reported in terms of accuracy and
interpretability, the learning process is quite complicated and
slow (as evidenced by the entangled topology of the Bayesian
networks obtained) while the level of involvement of a domain
expert in the definition of the multi-tier causal structures that
prevail among the network nodes is not trivial.

Our track-level methodology, though not geared towards
anomaly detection but rather vessel type prediction, improves
upon all these aspects while retaining crucial properties like
model interpretability and simplicity as well as the generation
of confidence degrees for the classifications made. Addition-
ally, the track summaries in our work take into account SAR
reports which are associated with the AIS tracks and the
environmental information.

B. AIS/SAR HLIF for Maritime Domain Awareness

Recent efforts in HLIF techniques for MDA have utilized
clustering techniques for SAR and AIS data.

Clustering is a widely popular data mining technique that
helps reveal meaningful knowledge structures (clusters) amid
the seemingly disordered distribution of data points in the fea-
ture space. In 2007, Laxhammar [13] applied two unsupervised
learning methods (clustering algorithm and self-organizing
neural network) to the anomaly detection problem of vessels
in the southern Swedish coastline using only AIS reports. For
training data, only AIS reports pertaining to normal vessel
activity were considered. Anomalous behavior was used for
the testing data. The chief idea was to model normal activity
and then flag any significant deviation from what is normal
as anomalous. The surveillance region is discretized as a grid
and anomalous activity recognition is performed in each cell.
The author proposes two feature spaces for each vessel: F1 =
(Velx, Vely) and F2 = (Velx, Vely , Lat, Lon).

The first clustering technique is the Mixture of Gaussians
(MoG) model. It tries to identify a number c of Gaussian
functions N (µ,Σ) that could have generated the observed data
distribution. The estimation of the Gaussian centers µ and the
covariance matrices Σ is iteratively done via the Expectation-
Maximization (EM) algorithm. A greedy version of EM is used



to construct the clusters incrementally instead of having the
value of c set beforehand. Once the MoG has been achieved,
any future observation (data point) that significantly deviates
from the modeled pattern is flagged as anomalous.

The second clustering technique put forth in [13] is a
neural network that is able to dynamically learn the number of
clusters in the system. The Fuzzy Adaptive Resonance Theory
(FuzzyART) network is trained with normal data patterns. If a
pattern is deemed to resemble fairly well an existing category
(output layer unit, cluster), the category itself is updated; oth-
erwise, if the pattern does not represent any existing category,
then a new category is created on the fly. At this point, the
data pattern is regarded as abnormal. Notice, however, that the
order in which the data patterns are presented to the network
will greatly influence the categorization process.

The anomaly detection frameworks (MoG, FuzzyART) put
forward in [13] can only detect very simply types of anomalies
(e.g., vessel crossing sea lane or traveling in opposite direction
of the sea lane) because of the limited information drawn from
AIS. The author observed that the inclusion of vessel latitude
and longitude in the second feature space did not appear to
enhance the detection capabilities of such anomalies.

Like many pattern learning frameworks, [13] is general
enough for multiple domains involving generic motion in
the 2-D plane, requiring minimal adaptation and no need
for specific domain knowledge given its unsupervised nature.
MoG is more suitable when training data contains noise or
anomalies. FuzzyART implies fast learning yet it is more
sensitive to noise.

Recently, Shao et al. [14] employed computational in-
telligence methods such as Fuzzy K-Nearest Neighbors to
correlate SAR/AIS/Ground-Moving Target Indicator (GMTI)
vessel reports and subsequently associate them via Fuzzy C-
Means. They also augmented the traditional Kalman Filter for
vessel track prediction with an Echo State Network to better
model nonlinearity.

C. Fuzzy Rough Sets and Fuzzy-Rough Decision Trees

Decision trees (DT) [15] are among the most popular
and successful data mining techniques. These computational
models are able to extract meaningful patterns from large
bodies of data through an inductive process that gradually
connects the observed evidence with some conclusion (e.g., a
class label) drawn about it. Although DT are better known in
their role as classifiers, they also have prominent applications
in regression, clustering and feature selection. One of DT’s
main appeals is their interpretability, i.e., the decision rules
that are extracted from the tree topology are usually easy to
understand by the end user.

Fuzzy logic has come to boost the explanatory capabilities
of standard decision trees by modeling the system attributes
as linguistic variables and injecting linguistic terms (such as
tall, high, poor or excellent) into the inductive generation
of the tree structure. Fuzzy decision trees (FDTs) [16] are
better equipped to deal with the uncertainty, vagueness and
noise that permeates real life through the fuzzy representation

of the variables at play. In [17], the authors dissect several
metrics that are typically used for ranking attributes during the
recursive construction of an FDT, such as fuzzy information
gain, fuzzy Gini index, or fuzzy ambiguity.

More recently, fuzzy rough sets [5] have become an attrac-
tive option for the development of FDTs. This is because, as
in rough set theory [18], the imprecision of a concept can
be captured through its lower and upper approximations, with
the added advantage that both approximations are modeled
after fuzzy sets, hence also capturing concept vagueness and
uncertainty, as shown in Fig. 1.

Fig. 1. A fuzzy rough set representing a concept X through its fuzzy lower
approximation BLX and fuzzy upper approximation BUX induced by a
subset of attributes B ⊆ A.

The term “fuzzy-rough decision tree” (FRDT) often refers
to an FDT enhanced with properties borrowed from rough
set theory. Jensen and Shen [19] employ the fuzzy-rough
dependency as the attribute selection criterion within Fuzzy
ID3. They contrast this metric with other well-known criteria
and realize it is indeed competitive and advantageous. The
authors in [20] and [21] follow the same idea, except that the
former scheme uses the fuzzy lower approximation to derive
the optimal branching point along the domain of a numerical
attribute and the latter relies on the fuzzy-rough dependency
to define the termination criteria during the FDT construction.

Our proposed approach is neither a generalization of Fuzzy-
ID3 as in [19] nor does it only render a binary FRDT like that
in [20]. It is closer to the approach in [21] and yet different
in the sense that the fuzzy-rough uncertainty is used as the
discriminative factor whenever the fuzzy-rough dependency is
unable to discern among two or more candidate attributes for
expansion. We also perform feature selection based on fuzzy-
rough sets prior to the top-down recursive FRDT generation
in order to remove irrelevant attributes and hence refine the
data-mined predictive model.

III. PROPOSED METHODOLOGY

This Section sheds light on the data and the algorithmic
framework used in this study to predict a vessel’s type from
its track summary for MDA.

A. Experimental Data

Our experimental dataset consists of (1) a 5-day ExactEarth1

feed of 227,299 AIS contacts along the eastern coast of Canada

1http://www.exactearth.com



and northeast USA; (2) a SAR feed of 188 contacts from
Canada’s RADARSAT-22 satellite for the same area and period
of interest; and (3) Environment Canada’s publicly available
repository3 of hourly weather reports from 30 stations in
October 2012, totalling 162,389 records.

After discarding contacts with missing or invalid values,
the remaining AIS records were correlated by their Mar-
itime Mobile Service Identity (MMSI) field (unique vessel
identifier). Multiple tracks for the same vessel were created
if it was either stopped or did not transmit for at least 6
hours. Fuzzy K-Nearest Neighbors [14] was used to associate
SAR contacts to AIS tracks, as displayed in Fig. 2. All SAR
contacts were correctly associated with their respective AIS
tracks, i.e. no dark targets were spotted. These associated
contacts were augmented with weather reports if their issue
date was within 1 hour of the contact’s time stamp and the
corresponding weather station was at most 50 km away from
the contact’s received position. Once singleton-contact tracks
were removed, 8,526 tracks representing 173,457 contacts
were available.

Fig. 2. An example of SAR contacts (white dots) being associated with AIS
tracks (in red and orange) via Fuzzy KNN.

The training data for our supervised learning scheme comes
in the form of a decision system DS = (U,A ∪ {d}, V, f)
where U is the set of all examples (track summaries generated
from the above AIS/SAR/weather tracks) which are described
by the conditional attributes in A and whose vessel type is
the decision attribute d. The domains Vi of all attributes are
contained in V and f : U × A → V is the information
function that assigns a particular value to a training example
in a certain attribute. Following the idea in [11], we created
track summaries out of the 19 numerical attributes in Table I
which include static, positional, dynamic, and environmental
attributes. The domain Vd of the decision attribute d is the set
of 17 decision classes (vessel types) depicted in Table II.

B. Vessel Type Prediction

Our goal is to learn a model from the available data that can
predict the type of vessel that most likely resembles a given
track summary. It is important that the inference process leads
to confidence degrees (regarding how likely it is that a track
summary belongs to a particular vessel type, say cargo or tug)

2http://www.asc-csa.gc.ca/eng/satellites/radarsat2
3http://weather.gc.ca/forecast/canada/index e.html

TABLE I
TRACK SUMMARY DESCRIPTION

Attribute Description
duration Length of time (in seconds) of the track

start point lat Starting latitude of the track
start point lon Starting longitude of the track
end point lat Ending latitude of the track
end point lon Ending longitude of the track

max lat Maximum latitude of the track
max lon Maximum longitude of the track

speed stdev Standard deviation of the speed (in knots)
course stdev Standard deviation of the course (in degrees)

heading stdev Standard deviation of the heading (in degrees)
max speed Maximum speed (in knots)
avg speed Average speed (in knots)
ship length Ship length (in meters)
min temp Minimum temperature (in ◦C)
max temp Maximum temperature (in ◦C)
avg temp Average temperature (in ◦C)

avg dewpoint temp Average dewpoint temperature (in ◦C)
avg rel humidity Average relative humidity (in %)
avg wind speed Average wind speed (in km/h)

TABLE II
IMO STANDARDIZED VESSEL TYPES IN THE DATASET

Vessel Type AIS Code(s)
Reserved 1-19, 38-39
Wing in ground (WIG) 20-29
Fishing 30
Towing 31-32
Dredging or underwater ops 33
Military ops 35
Sailing 36
Pleasure craft 37
High speed craft (HSC) 40-49
Pilot vessel 50
Search and Rescue vessel 51
Tug 52
Anti-pollution equipment 54
Passenger 60-69
Cargo 70-79
Tanker 80-89
Other type 90-99

and that it provides insights as to how that conclusion was
reached (interpretability). For the reasons mentioned in Section
II-C, we picked a fuzzy-rough decision tree as our classifier of
choice. Algorithm 1 outlines the “Behavioral Learning using
Fuzzy-Rough Decision Tree” (BLuFuRoDT) method.

1) Attribute Selection: Our first step is the removal of
irrelevant or low-quality attributes before we start inducing the
FRDT in a top-down manner. This will reduce the complexity
of the subsequent data-mined model and will boost its inter-
pretability without sacrificing its predictive power. Three filter
approaches will be used to weigh the conditional attributes
based on their ability to infer the value of the decision attribute.
Section IV-A elaborates on this crucial preprocessing step.

2) Fuzzy Information System (FIS) Generation: Before we
start constructing the FRDT from the available data, our
approach requires an a priori fuzzification of all conditional
attributes a ∈ A and of the decision attribute d in order to
reduce the granularity of the attribute domains and identify the
representative values, which shall then be modeled as linguistic



Algorithm 1 BluFuRoDT( )
Input: A filtered fuzzy information system FISα = (U,A ∪
{d}, V, f), minimum significance level α, truth level β,
maximum depth ρ

Output: A FRDT and its ensuing fuzzy rule base
1: create a new FDT with a single root node;
2: if stop condition met then
3: label FDT either as null node or as a leaf node with

the decision class d∗; return FDT;
4: end if
5: a∗ ← the attribute to expand in the FDT;
6: for each linguistic term l ∈ L(a∗) do
7: FDTchild ← generate branch and delete it if empty;
8: add FDTchild as child of FDT with edge labeled l;
9: end for

10: return FDT;

terms of the corresponding attribute (linguistic variable). In
other words, a linguistic term l of attribute ai is represented
by a fuzzy set liv =

µ
(1)
iv

x1
+

µ
(2)
iv

x2
+ . . .+

µ
(N)
iv

xN
on the universe

of discourse where xj ∈ U, 1 ≤ j ≤ N = |U | and µ
(j)
iv

denotes the membership grade of example xj to the linguistic
term v of the i-th attribute. The collection of all linguistic
terms pertaining to attribute ai is denoted as L(ai).

The fuzzification of a nominal attribute is quite simple.
Take every crisp nominal value v ∈ V (ai) and set µ(j)

iv = 1

if f(xj , ai) = v and µ
(j)
iv = 0 otherwise. For example,

a passenger vessel will have membership grade 1.0 in the
“passenger”’ linguistic term and 0.0 in every other term.

Numerical attributes are often fuzzified by following ex-
pert criteria in order to yield realistic representative values.
However, in the absence of these experts or under uncertain
conditions, numerous approaches that automatically derive the
number of representative values and the membership functions
for their fuzzy sets have been designed [22] [23] [24] [25].
We selected the one proposed by Yuan and Shaw [22] as it is
well known within the machine learning community. The idea
is to group the attribute values into k user-specified clusters,
with each cluster becoming a linguistic term whose underlying
fuzzy set is modeled after a triangular membership function.
Their method automatically determines the parameters a, b, c
for each triangular membership function.4 It is noteworthy
mentioning that the FRDT construction process is not bound
to any particular fuzzification scheme.

3) Attribute Filtering: With the aim of preventing irrelevant
membership grades from misguiding the automated construc-
tion of the FRDT, we perform an alpha-cut on the FIS obtained
in Section III-B2. The depth of the alpha cut is indicated by the
input parameter α and the resultant collection of membership
grades

(
µ
(j)
iv

)
in FISα can be expressed as follows:

4For the sake of brevity, we omit the details here and refer the interested
reader to [22].

µ
(j)
iv =

{
µ
(j)
iv if µ(j)

iv ≥ α
0 otherwise

(1)

∀v ∈ L(ai), 1 ≤ i ≤ |A ∪ {d}|, 1 ≤ j ≤ N

4) Iterative Attribute Expansion: In our top-down FRDT
induction scheme, the attribute that possesses the highest dis-
criminative power w.r.t the decision d among all the attributes
in the recursive subsample of the original training set is
selected for expansion. It is well-documented [15] that the
criterion used to judge among attributes will have a pivotal
influence on the efficacy and efficiency of the resultant tree.
We use the fuzzy-rough dependency measure τa(d) as opposed
to the more traditional fuzzy information gain or ambiguity
in light of the encouraging results reported in the literature
[20][19][21]. This τa(d) metric, defined by Equation (2), is
interpreted as the ratio of the cardinality of the fuzzy positive
region µPOSa(d) induced by fuzzy attribute a on the fuzzy
decision attribute d to the number of examples in the data
set. The bigger the dependency of d upon a, the more suitable
a is to discern among the decision classes in d.

τa(d) =

∑
x∈U µPOSa(d)(x)

|U |
(2)

The fuzzy positive region of the example x induced by fuzzy
attribute a on d is calculated as follows:

µPOSa(d)(x) = sup
c∈L(d)

µac(x) (3)

where c is a fuzzy decision class belonging to the fuzzy deci-
sion attribute d and µac(x) is the fuzzy lower approximation
of concept c according to example x induced by the fuzzy
attribute a:

µac(x) = sup
l∈L(a)

min

(
µl(x), inf

y∈U
I (µl(y), µc(y))

)
(4)

and I(x, y) = min (1− x+ y, 1) is Łukasiewicz’s fuzzy
implicator.

At every iteration, let a∗ denote the attribute a ∈ A with
the highest value of τa(d). If two or more attributes possess
the highest fuzzy-rough dependency degree τa∗(d), we need
further information to make the decision regarding which of
them should be expanded. In this paper, we use the fuzzy-
rough uncertainty measure δa(d) as the discriminating factor.
We compute the fuzzy-rough uncertainty for each of those
attributes as defined in (5) and select the one with the smallest
value, where ties are broken arbitrarily.

δa(d) =

∑
x∈U µBNDa(d)(x)

|U |
(5)

where µBNDa(d)(x) is the fuzzy boundary region induced by
fuzzy attribute a on the fuzzy decision attribute d according
to example x and can be computed as in expression (6).

µBNDa(d)(x) = sup
c∈L(d)

µac(x)− µac(x) (6)



with µac(x) as defined in (4) and µac(x) being the fuzzy
upper approximation induced by fuzzy attribute a on the
fuzzy decision attribute d according to example x and whose
expression is given below:

µac(x) = sup
l∈L(a)

min

(
µl(x), sup

y∈U
min(µl(y), µc(y))

)
(7)

The attribute a∗ that is finally selected for expansion will
generate |L(a∗)| branches, i.e. one per linguistic term associ-
ated with the fuzzy variable a∗. Each branch will be labeled
after the linguistic term l ∈ L(a∗) from which it sprung.
If none of the examples in a branch reaches the minimum
significance level α in its membership grade to the underlying
fuzzy concept, the branch is deleted.

5) Termination Criteria: The inductive FRDT generation
will stop if any of the following criteria is met:
• no more conditional attributes can be expanded, i.e.
FISα = (U, {d}, V, f);

• a user-specified maximum tree depth ρ is reached;
• the classification truth level σl(c) of the linguistic term
l ∈ L(a∗) that originated this branch node with respect
to any fuzzy decision class c ∈ L(d) exceeds a user-
specified threshold β; or

• no further expansion is possible as the remaining at-
tributes only generate empty branches.

The classification truth level is defined in (8). The numerator
quantifies the fuzzy dependency of the decision attribute d on
the linguistic term l ∈ L(a) and the denominator is the fuzzy
cardinality (or sigma-count) of l.

σl(c) =

∑
x∈U

sup
c∈L(d)

min

(
µl(x), inf

y∈U
I (µl(y), µc(y))

)
∑
x∈U µl(x)

(8)

If the first stop criterion fires, the branch is terminated as
a null node. In the rest of the cases, the branch is terminated
as a leaf node labeled with the fuzzy decision class c∗ having
the highest truth level, i.e. c∗ = argmaxc∈L(d) σl(c). Ties are
broken in favor of the class with the highest sigma-count.

6) Classifying New Examples: Unlike a classical decision
tree (in which the label value for a test example is obtained
after following a path from the root to one leaf), in an FDT
each path may yield a different truth level for a certain label
value and they all have to be considered. Hence, the following
steps have to be taken [15] to classify an unlabeled example:

1) Fuzzify the test example according to the scheme in
Section III-B2.

2) For each path from the root to a leaf, calculate the
joint membership grade of the example through all its
intermediate nodes (rule antecedents) by applying a t-
norm operator, e.g., the minimum or product operators.
This membership grade will be associated with the label
of the corresponding leaf node (rule consequent).

3) For each label, apply a t-conorm (e.g., maximum) to
aggregate the membership grades in all its leaves.

4) Assign the label with the highest aggregated member-
ship grade. Alternatively, the example may be assigned
different labels with the membership grades calculated
in the previous step.

IV. EXPERIMENTAL EVALUATION

In this Section, we empirically validate the proposed Blu-
FuRoDT vessel type prediction scheme described in Section
III-B using the data set outlined in Section III-A. All simu-
lations were conducted in RapidMiner5 5.3 with a Core i7-
3840QM @ 2.80 GHz and 20 GB RAM under Windows 7.

A. Attribute Selection

Three filter approaches, namely correlation-based weak as-
sociation (CBWA) [26], maximum relevance (MR) [26] and
fuzzy-rough dependency degree (FRDD) [19] are employed
to weigh each of the 19 conditional attributes according to
the strength of their predictive relationship with the decision
attribute (vessel type). A stability analysis was carried out to
determine how resilient each method is when faced with data
sets of different cardinalities. Fig. 3 displays the robustness
(calculated after the Jaccard index) of the feature subsets
returned by each filter method over 10 independent runs with
bootstrapped example sets of varying size.

Fig. 3. Robustness of each univariate attribute weighting scheme as the
examples in the original data set are bootstrapped with stratified sampling.

One may notice that FRDD is always superior to CBWA and
preferable to MR when the number of vessel track summaries
for the training set is scarce. As more track summaries are
available, both FRDD and MR are more robust since they
return feature subsets with 80-85% elements in common over
multiple runs with variable numbers of training examples. On
average, FRDD exhibits 74% robustness index, MR 69.9% and
CBWA 66.8%. Therefore, the fuzzy-rough-set-based attribute
selector becomes our choice to reduce the dimensionality of
the vessel track summary feature space.

Table III reports the attribute weight vector elicited by
FRDD on the original data set. We retained 10 out of the
19 conditional attributes after the preprocessing phase. Ship
length stands as the most discriminative attribute, followed

5http://www.rapidminer.com



TABLE III
FRDD: NORMALIZED ATTRIBUTE WEIGHTS

Attribute Weight Relevant?
ship length 1.0 Yes
avg speed 0.183 Yes
max speed 0.183 Yes

speed st dev 0.183 Yes
course st dev 0.100 Yes

heading st dev 0.097 Yes
duration 0.082 Yes

end point lat 0.055 Yes
start point lat 0.052 Yes

max lat 0.051 Yes
start point lon 0.050 No
end point lon 0.049 No

max lon 0.047 No
avg min temp 0.037 No
avg max temp 0.037 No

avg dewpoint temp 0.027 No
avg rel humidity 0.014 No

avg pressure 0.007 No
avg wind speed 0.0 No

by the speed, course, heading and duration indicators. The
geographical attributes (latitude, longitude) do not seem to
arbitrate very well among the different vessel types. On the
other hand, the six environmental attributes have little to say
in terms of mapping a vessel type to its track summary, which
is caused by relatively uniform weather conditions reported
in the short (5-day) period of interest that affect all vessel
trajectories. We should expect an increased influence of these
weather-related attributes as their variability spikes under a
prolonged time period (e.g., summer vs. winter).

B. Predicting Vessel Types

We compare our BluFuRoDT method with other traditional
classifiers such as the C4.5 decision tree, Naı̈ve Bayes, K-
Nearest Neighbor (KNN), Multi-Layer Perceptron (MLP),
Support Vector Machines (SVM) and a Random Forest made
up of 10 decision trees. Table IV reports the average accuracy
over 10 folds of a stratified cross validation of each classifier
with the track summary data set after attribute selection.

TABLE IV
VESSEL TYPE PREDICTION ACCURACY (IN %)

Classifier Accuracy (%)
K-NN 62.89 ± 6.07
Naı̈ve Bayes 50.38 ± 4.76
C4.5 54.95 ± 4.10
Random Forest 51.17 ± 2.13
MLP 81.50 ± 5.71
SVM 62.75 ± 5.06
BluFuRoDT 80.74 ± 7.73

Despite the removal of the attributes with little informative
bearing on the vessel type, several class distributions still ex-
hibit significant overlap, e.g., tanker/cargo or fishing/pleasure
craft, which gives rise to complicated decision boundaries that,
in some cases, the classifiers are not able to well delineate in an
attempt to avoid overfitting. BluFuRoDT and MLP are the only
two classifiers rising above 80% accuracy threshold in their

predictions. Yet MLP is unable to provide a clear interpretation
of the inference process leading to the recommended vessel
class, unlike BluFuRoDT which can easily induce a fuzzy
rule base to link its conclusions to the initial evidence (track
summary indicators).

We could ascribe BluFuRoDT’s superiority over five well-
known classification models (including Random Forest, a
meta-classifier) to the combination of (a) the removal of
non-influential fuzzy sets associated to the linguistic terms
of the pruned attributes, which reduces the sensitivity of
the fuzzy-rough dependency measure and (b) the selection
of the conditional attribute with the smallest fuzzy-rough
uncertainty w.r.t. the decision attribute among all those having
the highest dependency degrees during the iterative attribute
expansion. This latter step helps curb the detrimental effect
caused by random selection of one of those attributes for split.
Instead of blind selection, BluFuRoDT makes an informed
choice to reduce the gap between the fuzzy upper and lower
approximations of a decision class.

C. Parametric Configuration

To discover a near-optimal parameter configuration for our
FRDT-based prediction model, we leaned upon an evolution-
ary strategies (ES) algorithm to navigate across the parameter
space (k, α, β) defined by the following bounds: k ∈ {2..10},
α ∈ [0; 0.5] and β ∈ [0.5; 1]. The ES runs for 50 generations
with 8 population members and a binary tournament selection
scheme. Each candidate parameter vector endures crossover
and a Gaussian mutation with 90% and 10% probabilities,
respectively. The best parametric configuration found by the
ES method is as follows: k = 4, α = 0.185 and β = 0.875.

Fig. 4 portrays a subtree of the resultant model induced by
BluFuRoDT. The ship length attribute is acting as the root
given its predominant fuzzy-rough dependency degree with
respect to the vessel type (decision) attribute.

V. CONCLUSIONS

In this paper, we have developed a behavioral learning
model rooted on FRDTs to ascertain the vessel type given a set
of descriptive track features that include kinematic, static and
environmental information. The track summaries are generated
from the fusion of AIS, SAR and Canada weather reports.
Our methodology uses fuzzy rough sets to discard irrelevant
features on the basis of their dependency of the vessel type,
prior to the iterative construction of the FRDT. The attribute
to be expanded at each iteration is the one with the smallest
fuzzy-rough uncertainty among those showing the highest
fuzzy-rough dependency of the vessel type. Empirical results
with a real-world data set in the east coast of North America
confirm that the proposed approach is able to accurately assign
the correct label (i.e., type) to previously unseen vessels in
about 80% of the cases while providing an interpretable model
with confidence levels per class.

For future work, we will investigate the influence of differ-
ent fuzzification methods on the ensuing FRDT and will test
the approach with longer and more involved data sets. We are



Fig. 4. A subtree of the FRDT induced by BluFuRoDT. Each numerical
attribute has been fuzzified into four linguistic terms, namely, low, medium,
moderate and high. The leaves are labeled after the vessel type with the highest
classification truth level (in brackets).

also presently working on online vessel type prediction, i.e. as
new contacts arrive and the track is being formed, an online
track summary is elicited. Finally, using BluFuRoDT for
vessel track anomaly detection is another promising endeavour.

REFERENCES

[1] NASA Socioeconomic Data and Applications Center (SEDAC),
“Percentage of total population living in coastal areas,”
http://sedac.ciesin.columbia.edu/es/papers/Coastal Zone Pop Method.pdf,
July 2007.

[2] I. Organization, “Amendments to the international aeronautical and
maritime search and rescue (iamsar) manual,” vol. 74, p. 1, February
2013.

[3] E. Blasch and S. Plano, “DFIG level 5 (user refinement) issues sup-
porting situational assessment reasoning,” in International Conference
on Information Fusion, 2005.

[4] E. Blasch, I. Kadar, J. Salerno, M. M. Kokar, G. M. Powell, D. D.
Corkill, and E. H. Ruspini, “Issues and challenges in situation assess-
ment (level 2 fusion),” Journal of Advances in Information Fusion,
vol. 1, pp. 122–139, December 2006.

[5] C. Cornelis, M. De Cock, and A. Radzikowska, “Fuzzy rough sets: from
theory into practice,” in Handbook of Granular Computing (W. Pedrycz,
A. Skowron, and V. Kreinovich, eds.), John Wiley & Sons, July 2008.

[6] B. Rhodes, N. Bomberger, M. Zandipour, A. Waxman, and M. Seibert,
“Cognitively-inspired motion pattern learning & analysis algorithms
for higher-level fusion and automated scene understanding,” in IEEE
Military Communications Conference, 2007.

[7] N. Bomberger, B. Rhodes, D. Garagic, J. Dankert, M. Zandipour,
L. Stolzar, G. Castanon, and M. Seibert, “Adaptive spatial scale for
cognitively-inspired motion pattern learning & analysis algorithms for
higher-level fusion and automated scene understanding,” in IEEE Mili-
tary Communications Conference, 2008.

[8] D. Garagic, B. Rhodes, N. Bomberger, and M. Zandipour, “Adaptive
mixture-based neural network approach for higher-level fusion and
automated behavior monitoring,” in IEEE International Conference on
Communications, 2009.

[9] B. Ristic, B. La Scala, M. Morelande, and N. Gordon, “Statistical
analysis of motion patterns in AIS data: Anomaly detection and motion
prediction,” in International Conference on Information Fusion, 2008.

[10] E. Blasch, C. Banas, M. Paul, B. Bussjager, and G. Seetharaman,
“Pattern activity clustering and evaluation (PACE),” in SPIE 8402,
Evolutionary and Bio-Inspired Computation: Theory and Applications
VI, May 2012.

[11] S. Mascaro, A. E. Nicholson, and K. B. Korb, “Learning abnormal vessel
behaviour from AIS data with Bayesian networks at two time scales,”
Tech. Rep. 4, Bayesian Intelligence, August 2010.

[12] S. Mascaro, A. E. Nicholson, and K. B. Korb, “Anomaly detection
in vessel tracks using Bayesian networks,” International Journal of
Approximate Reasoning, vol. 55, no. 1, pp. 84–98, 2014.

[13] R. Laxhammar, “Artificial intelligence for situation assessment,” Mas-
ter’s thesis, Royal Institute of Technology, Sweden, 2007.

[14] H. Shao, R. Abielmona, R. Falcon, and N. Japkowicz, “Vessel track
correlation and association using fuzzy logic and echo state networks,”
in IEEE Joint Conference on Neural Networks (IJCNN), to appear, 2014.

[15] L. Rokach and O. Maimon, Data mining with decision trees: theory and
applications. World Scientific, 2008.

[16] Y.-l. Chen, T. Wang, B.-s. Wang, and Z.-j. Li, “A survey of fuzzy
decision tree classifier,” Fuzzy Information and Engineering, vol. 1,
pp. 149–159, June 2009.

[17] C. Marsala and B. Bouchon-Meunier, “Ranking attributes to build fuzzy
decision trees: a comparative study of measures,” in IEEE International
Conference on Fuzzy Systems, pp. 1777–1783, 2006.

[18] Z. Pawlak, “Rough sets,” International Journal of Computer & Infor-
mation Sciences, vol. 11, no. 5, pp. 341–356, 1982.

[19] R. Jensen and Q. Shen, “Fuzzy-rough feature significance for fuzzy deci-
sion trees,” in Proc. 2005 UK Workshop on Computational Intelligence,
pp. 89–96, 2005.

[20] S. An and Q. Hu, “Fuzzy rough decision trees,” in Rough Sets and
Current Trends in Computing (J. Yao, Y. Yang, R. Slowinski, S. Greco,
H. Li, S. Mitra, and L. Polkowski, eds.), no. 7413 in Lecture Notes in
Computer Science, pp. 397–404, Springer Berlin Heidelberg, January
2012.

[21] J. Zhai, “Fuzzy decision tree based on fuzzy-rough technique,” Soft
Computing, vol. 15, pp. 1087–1096, June 2011.

[22] Y. Yuan and M. J. Shaw, “Induction of fuzzy decision trees,” Fuzzy Sets
and Systems, vol. 69, no. 2, 1995.

[23] H. K. Kwan, Y. Cai, and B. Zhang, “Membership function learning
in fuzzy classification,” International Journal of Electronics, vol. 74,
pp. 845–850, 1993.

[24] Y. Rodrı́guez, R. Falcon, A. Varela, and M. M. Garcı́a, “Learning
membership functions for an associative fuzzy neural network,” in
Granular Computing: At the Junction of Rough Sets and Fuzzy Sets
(R. Bello, R. Falcon, W. Pedrycz, and J. Kacprzyk, eds.), no. 224 in
Studies in Fuzziness and Soft Computing, pp. 151–161, Springer Berlin
Heidelberg, 2008.

[25] F. Ba-Alwi, “Knowledge acquisition tool for learning membership func-
tion and fuzzy classification rules from numerical data,” International
Journal of Computer Applications, vol. 64, no. 13, pp. 24–30, 2013.

[26] B. Schowe, “Feature selection for high-dimensional data with rapid-
miner,” in 2nd RapidMiner Community Meeting and Conference
(RCOMM 2011), 2011.


