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Discovering Knowledge of Voyage Pattern from AIS Trajectories

Po-Ruey Lei

Department of Electrical Engineering,
ROC Naval Academy, Kaohsiung, Taiwan
cnabarry@gmail.com

Different from the traditional detection by radar sensors, the trajectory data of vessels’
movement can be obtained by Automatic Identification System (AIS) with other nearby
vessels, AIS base stations, and satellites. Such large vessels’ trajectory data provides the
opportunity to discover valuable knowledge for maritime surveillance. In this paper, we focus
on maritime traffic analysis and propose a framework to explore the knowledge of vessels’
movement behavior from massive AIS trajectories, called Voyage Pattern Discovery.
Furthermore, the corresponding maritime route can be characterized for each pattern. The
experimental results on real AIS trajectory data show that our proposed framework is able to
explore the vessels’ movement behavior from AIS trajectories effectively and make a valuable

contribution to the maritime traffic awareness.
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Discovering Knowledge of Voyage Pattern from AIS Trajectories

Po-Ruey Lei

Department of Electical Engineering, ROC Naval Academy, Kaohsiung, Taiwan
cnabarry@gmail.com

Different from the traditional defection by radar sensors. the trajectory data of vessels’ movement can be obtained by
Automatic Identification System (AIS) with other nearby vessels. AIS base stations. and satellites. Such large vessels’
trajectory data provides the opportunity to discover valuable knowledge for maritime surveillance. In this paper, we focus
on maritime traffic analysis and propose a framework to explore the knowledge of vessels” movement behavior from a
massive AIS trajectories. called Voyage Pattern Discovery. Furthermore, the corresponding maritime route can be
characterized for each pattern. The experimental results on real AIS trajectory data show that our proposed framework is
able to explore the vessels’ movement behavior from ATS trajectories effectively and make a valuable contribution to the

maritime traffic awareness.

Key Words: Trajectory. Trajectory data mining, Voyage pattern. AIS data

1. Introduction

The prosperity in sensors and location acquisition
techniques promises more and more trajectory data of moving
objects can be collected. Such large trajectory data provides
the opportunity to discover valuable knowledge from
trajectory data and develop interesting applications in many
fields, such as movement behavior discovery and location
prediction for location-based service, traffic analysis. travel
recommendation, and so on.!* In the maritime traffic. the
recent development of Automatic Identification System (AIS)
has supplied a rich data of vessels™ trajectories. For collision
avoidance. the AIS is developed as an automatic vessel
tracking system for identifying and locating vessels by
exchanging data (identification, position, speed. course, and
other information) with other nearby ships, AIS base stations,
and satellites. Then. a sequence of AIS position data collected
with temporal order can be represented as a trajectory data of
a vessel. Figure 1 shows an example of vessels’ trajectory data
collected by AIS. Due to these collected AIS trajectories have
recorded the vessels’ true movement. we are able to discover
the knowledge of movement pattern hidden in vessel
trajectory data. The discovered trajectory patterns represent
the vessels” movement behavior and can be applied to
improve the awareness of maritime traffic situation.

The basic concept of frajectory pattern mining is to discover
the group of trajectories those have similar movement
behavior. However, these trajectories are available with
uncertainty caused by position sensing techniques. The
uncertainty is generated on the causes of trajectory data may
be collected with incompleteness and asynclwony. The
uncertainty increases the difficulty to explore the movement
behavior from trajectories. Furthermore, the challenge will
come much bigger in trajectory data generated by vessels in
the maritime. Unlike the vehicles” movements are constrained

by road network *®, there is no such maritime roads for
vessels to follow. Example in Fig. 1 shows a set of vessels’
trajectory data collected by AIS. Apparently. the vessels could
move free in the maritime area if the depth of water is safe to
voyage. Therefore, it is hard to find the trajectory which is
able to be exactly repeated by others. In order to overcome the
difficulty related to discover trajectory patterns from AIS data,
we propose a framework to explore the knowledge of vessels’
movement behavior from a massive AIS trajectories. called
Voyage Pattern Discovery. Specifically. a voyage pattern is
discovered to reveal a goup of trajectories have similar
movement behavior. Additionally. we develop a statistical
method to detect the corresponding maritime route for each
discovered voyage pattern. Thus, voyage pattern discovery is
not only exploring the vessel movement behavior but also
further characterizing the spatial distribution of the pattern. i.e.,
the corresponding maritime route.

Fig. 1. Example of vessels™ trajectory data collected by AIS



The experimental results on real AIS ftrajectory data show
that our proposed framework of voyage pattern discovery is
able to explore the vessels movement behavior from AIS
trajectories effectively and make a valuable contribution to the
maritime traffic awareness.

2. Related Works

With the growth of location-aware devices and the
development of mobile computing, it has become possible to
track the moving objects and collect a large amount of
trajectory data i real life. Thus, there have been a number of
studies put much effort on trajectory data analysis and then
proposed some works on mining movement behavior from
them. Movement behavior can be represented as different
kinds of trajectory patterns in prior works. For example,
movement behaviors are defined as sequential patterns and
association tules. ™'V The association rules among frequent
regions are explored to represent trajectory pattems by Morzy,
M® Then a hybrid prediction model is developed that
combines trajectory patterns and motion function to forecast
future location of a moving object. Temporally-Annotated
Sequences (abbreviated as TAS) ¥ has been proposed as
trajectory patterns. As such, the results of sequential patterns
contain a transition time between consecutive frequent regions
along with TAS. By integrating movement paths with
purchasing transactions, Shie et al. ' has integrated mobile
data mining with utility mining for finding high-utility mobile
sequential patterns, Such mobile sequential patterns can be
applied for planning mobile commerce environments. Lee, I.
G. et al. ' propose a framework to discover the movement
behavior by clustermg sub-trajectories. which first partition
trajectories info small segments and then group them into
clusters. The movement behavior is represented by sequential
relationships between discovered clusters. Wel, LY. et al. ?
has developed a framework to mine travel patterns hidden in a
trajectory dataset by employing a user movement graph. The
discovered travel patterns represent the most valable
experiences of other travelers fitting the user’s tiip preference
to support trip planning.

3. Framework of Voyage Pattern Discovery

In order to explore the vessels’ movement behavior from
AIS trajectory data, we propose a framework of vovage
pattern discovery. The voyage pattern is a specific pattern to
represent the movement behavior discovered from maritime
trajectory. As shown in Fig. 2 the proposed framework of
voyage pattern discovery includes three major modules:
trajectory clustering, frajectory pattern mining, and route
detection. Given an AIS trajectory data set collected in the
maritime area of interest, the trajectory clustering module
groups the trajectories those have the similar movement into
clusters. Then, the trajectory pattern is extracted from each
trajectory cluster by sequential pattern nuning m the trajectory
pattern mining module. Finally, the route detection module
detects the mobility intention and derives the spatial
characteristics of the comresponding maritime route for the

discovered trajectory pattern and then generates the voyage

Voyage |
Patterns

pattern.

Trajectory
Clustering

1

Trajectory Pattern
Mining

1

Route Detection

AlS Trajectory
Database

il

Fig. 2 The framework of voyage pattern discovery

3.1. Trajectory Clustering

Given an AIS trajectory data set collected in the maritime
area of interest, the trajectory clustering module groups the
trajectories those have the similar movement into clusters. An
AIS trajectory T, of a vessel Vi is represented as a
sequence  {py, Py, Psy -, Po-1,Pn} . Where point p, =
(x;,y:,t;) 1s denoted as a location (x;,y;) at t; and # is the
total number of points. However, these trajectories are
available with uncertainty caused by position sensing
techniques. To keep from the uncertainty, the trajectories are
transformed into sequences of region of interest (ROI) m
advance. In other words, the ROIs are extracted to represent
the precise locations where the vessels often appear. Thus, the
trajectory clustering module first detects region of interest
(ROI) using grid-based clustering ¥, The area of interest is
partitioned into fixed grid cells with the same coverage size. A
cell G is identified as a ROI R; if the cell contains at least
MinTp number of trajectories” points. Based on a set of ROTs
is derived, each raw ftrajectory Ty = (P, P2 P30
Dn—1,Pn} 18 transformed into a region-based movement
sequence Tgpy = {Ry, Ry, Ry, ., Ry, Ry} and m is the
total number of regions in Ty, Notice that m may be not
equal to » because the cells those have insufficient points are
discarded as noise.

Then, in the light of Jaccard similarity ', the trajectories
those have similar movement are grouped into a cluster. Two
trajectories are identified as similar in movement and can be
grouped mto a cluster if their Jaccard similanity 1s equal to or
greater than user-defined threshold S, . Given two
region-based movement sequences Tpyy and Ty, both of
them are first transformed into binary vectors by mapping into
the fixed- order array of all ROIs. Their Jaccard similarity is
calculated by Eq. (1).

|Tey N Tre|

i Tacs) = |Tacry U Taga)|

€Y

Taqyy and Tyy) are grouped into a trajectory cluster (; =

{Taqy. Try} 1 1 (T Trgy) = Sa-



3.2. Trajectory Pattern Mining

Based on discovered trajectory clusters, the aim of
trajectory patterning mining module is to extract the trajectory
patterns from each cluster to represent the trajectory behaviors
those frequently appear in each trajectory cluster. In order to
overcome the problem of uncertainty in AIS trajectory data,
the point-based trajectory sequences are tramsformed into
region-based trajectory sequences by trajectory clustering
module. Accordingly, the problem of trajectory pattern mining
is able to be considered as the problem of sequential pattern
mining in our work. More specifically, this module is to
explore the ordinal movement relations between ROIs, those
frequently appear in each trajectory cluster, ie. sequential
patterns, to represent trajectory patterns. In this work, we
adopt Prefixspan algorithm ¥ to mine the frequent sequential
patterns from trajectory clusters. PrefixSpan discovers the
complete set of patterns but greatly reduces the efforts of
candidate subsequence generation and leads to efficient
processing. Given a positive integer £ as the support
threshold, a trajectory sequence Ty(C;) is identified as a
trajectory sequential pattern TSP;(C;) in the trajectory cluster
C, if the sequence is contained by at least € tuples in the
cluster. Then, trajectory sequential patterns can be discovered
from each trajectory cluster via Prefixspan algorithm.
Interested readers are able to refer Prefixspan algorithm '3
for the detailed procedure of mining sequential patterns.

3.3. Route Detection and Voyage Pattern Generation
Given a trajectory sequential pattern, the pattern provides a
sequence of ROIs and a set of the trajectories with similar
movement behavior in those regions. The route detection
module is developed to detect the comesponding maritime
route for the discovered trajectory sequential pattern. Then.
the voyage pattern can be generated by those discovered
knowledge. Specifically, the maritime route is detected by
performing statistical analysis on the trajectory points in each
ROI of the trajectory sequential pattern sequentially. We
propose a concept of mobility intention I,, to represent the
movement behavior in a ROT R; of the pattern TSP;(C;).
Figure 3 demonstrates an example of mobility intention
detection. For each ROIs of a discovered trajectory sequential
pattern (as shown in Fig. 3(a)), the module first detects the
representative  vector ( RepV ) and crossing-section of
movement from trajectory points in the region. As can been
seen in Fig. 3(b). the representative vector summarizes the
movement direction of majority trajectories. The line which 1s
perpendicular to the representative vector is defined as
crossing-section. The crossing-section defines the spatial
borders in the region while the most of trajectories crossed the
region. Then all points are projected on crossing-section and
the spatial characteristics of those projected points are derived
as right boundary (Bg) ., mean point (M ). and left
boundary (B;) by statistical analysis (Fig. 3 (c)). According
to empirical rule in statistics, about 95 percent of data are
within two standard deviations if a data distribution is
approximately normal distribution. Thus, the right boundary

and the left boundary are derived at the distance of two
standard deviations away. The mobility intention of the ROI
R; is presented as a tuple I,,(R;) = (RepV, M, Bg, By )g,- The
spatial characteristic of the corresponding maritime route is
sequentially detected from each ROI of the trajectory
sequential pattern.

In light of the knowledge discovered from the proposed
framework, the voyage paftern is generated in terms of an
ordered  sequence  of {(Rl, L (Rl)), (Rz,fm (Rz)),
(Re,lm(R,))] and ¢ is the length of voyage pattern. Thus.
the voyage pattern not only represents the vessel movement
behavior but also further characterizes the corresponding
maritime route.

Frojected Faint

ﬂ“--\_%nan Pelnt (M)

3 / Righti Boundary =
B e W
Cg
Left Boundary

RepV 18,1

in(R) = (RepV, M. B, Ba)s,

Representative veeror(Repl)

Crossing Section

(a) ®) (©)

Fig. 3 Example of mobility intention detection
4. Experiments

For experimental evaluation, we use a real AIS trajectory
dataset collected from our maritime trajectory analysis system.
The system collects AIS data broadcast by vessels equipped
with AIS, including the vessels” unique identification,
geolocation, course, speed, and timestamps. An ordered
sequence of AIS data provides the real-time movement of the
vessels. In this experiment, we restricted the maritime area to
125km X 125 km. In order to extract ROIs, we partitioned
the area mto a 25 X 25 grid with cell size S5km X 5km. We
selected a three-month dataset of 11.642 trajectories (332203
points) in the area of interest, as shown in Fig. 4.

The parameters are set for the best experimental result on
our dataset. The parameters for trajectory clustering are set as
MinTp =5 and S; = 0.7. For trajectory sequential pattern
mining, PrefixSpan algorithm is implemented with € = 5.

Fig.4 AIS trajectory dataset for experimental evaluation

-10 -



The experimental result of region of interesting (ROI)
detection is demonstrated in Fig. 5. Based on the parameter
MinTp =5 for ROI extraction. more than 90% of AIS
trajectory data are included into the maritime traffic
knowledge discovery i this specific area. In our problem of
discovering voyage pattern from AIS trajectory data. ROIs can
be regarded as candidates for trajectory pattern muning. To

improve the completeness of the trajectory behavior discovery,

as many ROIs as possible should be expected to be extracted.
Figure 6 shows one of discovered voyage pattern in the
form of the maritime route and compares it with the real AIS
trajectory data. The experimental result shows that the
proposed framework is working and the discovered pattern is
able to represent the vessel’s movement behavior effectively.

i ==

Fig. 5 Result of region of mteresting (ROI) extraction

Fig. 6 Result of voyage pattern discovery
5. Conclusion

In this paper, we target at the problem of discovering
knowledge of vovage pattern from AIS trajectories. Unlike the
vehicles” movements are constrained by road networks. the
vessels are moving free in the maritime area. There is no such

a maritime route for vessels to follow. To achieve this goal.
we proposed the framework of voyage pattern discovery. This
approach can be used fto represent trajectory movement
behavior over an area of interest by proposed voyage pattern
and further define the spatial characteristics of the
corresponding maritime route for the discovered pattern. The
experimental results on real AIS trajectory data show that our
proposed framework is able to explore the knowledge of
vessels” movement behavior from AIS trajectories and
providing a better understanding of maritime traffic
awareness.
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