Automated Traffic Route Identification through
the Shared Nearest Neighbour Algorithm

Maribel Yasmina Santds Joaquim Silvg Jodo Moura-Pirés Monica
Wachowic?

! Algoritmi Research Centre, University of Minho, fiaus de Azurém,
Portugal, maribel@dsi.uminho.pt

2 School of Technology, Polytechnic Institute of @dw and Ave, Portu-
gal, jpsilva@ipca.pt

® Faculty of Science and Technology, New University.isbon, Portugal,
jmp@di.fct.unl.pt

* Geodesy and Geomatics Engineering, University efvNBrunswick,

Canada, monicaw@unb.ca

Abstract

Many organisations need to extract useful infororafrom huge amounts
of movement data. One example is found in maritimasportation,

where the automated identification of a diversegeaaof traffic routes is a
key management issue for improving the maintenafg®rts and ocean
routes, and accelerating ship traffic. This paplrasses in a first stage
the research challenge of developing an approacthdoautomated identi-
fication of traffic routes based on clustering roatvectors rather than re-
constructed trajectories from AIS data sets. Theédiate benefit of the
proposed approach is to avoid the reconstructidraggctories in terms of
their geometric shape of the path, their positiorspace, their life span,
and changes of speed, direction and other attsbmter time. For cluster-
ing the moving objects, an adapted version of ther&l Nearest Neigh-
bour algorithm is used. The motion vectors, wittoaition and a direction,
are analysed in order to identify clusters of vextihat are moving to-
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wards the same direction. These clusters reprasafit routes and the
preliminary results have shown to be promisingtfer automated identifi-
cation of traffic routes with different shapes atehsities, as well as for
handling noise data.

1 Introduction

The Automatic Identification System (AIS) is nowtdid to all commercial
ships and is proving a great advantage in tracking identifying ships
along coastal routes and in port waters, where aleBmaffic Services

(VTS) operators use the identification tags corttdan conjunction with

their radar pictures. AIS is a unique program thetvides a means for
ships to electronically broadcast ship data atlezguatervals including:

ship identification, position, course, and spe&ls uses Global Position-
ing Systems (GPS) in conjunction with shipboardssesand digital VHF
radio communication equipment to automatically exae navigation in-
formation electronically. Ship identifiers suchths ship name and VHF
call sign are programmed in during initial equipmarstallation and are
included in the transmittal along with location anhation originating

from the ship's global navigation satellite systexoeiver and gyrocom-
pass. AIS is used by marine ships in coordinatigth WTS to monitor

ship location and movement primarily for traffic magement, collision
avoidance, and other safety applications (Perak,62009).

Extracting the traffic routes where ships are ledats a necessary ele-
ment of Maritime Domain Awareness to achieve affetgive understand-
ing” of maritime activity and its impact on safesgcurity, the environ-
ment and the economy. Towards this objective theareth Nearest
Neighbour (SNN) algorithm is used with a proposédamce function to
analyse the AIS data associated with the positidrise ships and identify
the main traffic routes that were followed by thaie propose clustering
motion vectors, which are geometrical primitiveaying an explicit mag-
nitude, here represented by the bearing assodiatbém.

The proposed approach has as benefit of avoidiegnied to re-
construct the trajectories, a multipart process@aged with complex spa-
tiotemporal constructs that usually include chamastics like the geomet-
ric shape of the path, its position in space, tfeespan, and the dynamics
of the movement, that is how speed, direction athé@ropoint-related at-
tributes change over time (Rinzivillo et al., 2008)

The contribution of this paper is twofold: i) prggoa clustering ap-
proach based on a density-based algorithm thatreuically identifies
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traffic routes from motion vectors; ii) adjust thgut parameters of the
clustering algorithm as well as the weight factbthe distance function
according to the ships’ movements.

This paper is organised as follows. In the nextisecthe current re-
search work on clustering movement data is degtriection 3 presents
the data set available for our analysis. In sectiowe describe the cluster-
ing algorithm used to automatically extract traffmutes. Section 5 dis-
cusses the obtained results. Finally, section &@iges the main conclu-
sions and insights for future research work.

2 Related Work

Clustering is the process of grouping a set ofabjgto clusters in such a
way that objects having high similarity with eadher are placed within a
cluster, and they are as dissimilar as possiblebjects in other clusters
(Zait and Messatfa, 1997; Grabmeier, 2002). Trajgctlustering algo-
rithms group trajectories using similarity measutred are computed from
the spatial attributes (e.g. proximity in geomesf@ape) as well the tem-
poral attributes (e.g. speed variations) of mowitgects (Little and Gu,
2001; Chen et al., 2005; Giannotti and Pedresd082 Miller and Han,
2009).

Meratnia and By (2002) proposed distinct trajectafystering ap-
proaches for dealing with multidimensional timeiegland potential noise.
The first approach is based on a spline algorithat supports a symbolic
representation of a trajectory obtained from positime series of a mov-
ing object. The spline representation of trajee®renables to derive re-
discretised position time series of moving objegith synchronised and
constant sampling rate. In this case, the clugjeuses a naive technique
to define the trajectory similarity based on therssd distances between
the re-discretised positions of the two trajecwieing compared. Two
positions from different trajectories are considesamilar if they are with-
in a pre-defined threshold distance.

However, this naive similarity definition has a rioensitive character-
istic and the calculations involved in the compiotat of distance thresh-
old similarity are time complex. To overcome theseblems, Meratnia
and By (2002) have also proposed two raster-balsstieang approaches
based on spatial homogeneous units and spatioteipats respectively.
In the spatial unit clustering, the raster cellesidefines the distance
threshold to be used as similarity measure. Thddomental notion is to
determine similar trajectories by assigning thgst@ry visits to each cell.
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They claim that this raster-based approach is adgaous in relation to
the previous approach due to its fewer computatiomependency from
individual trajectories, and easier generalisabbimformation. The spati-
otemporal unit clustering follows the same prinejdbut in this case, the
similarity measure is computed by the number gettaries hits per cell
during a certain time interval. Unfortunately, thlé three approaches have
not been fully implemented and there are not erpanial results.

Giannotti et al. (2007) developed an extensiorhefdequential pattern
mining paradigm to analyse trajectories of movihgeots. Trajectory pat-
terns are descriptions of frequent behaviours loothpace (e.g. regions
visited during the movements) and in time (e.g.dbeation of the move-
ments). Every trajectory pattern integrates indigictrajectories that visit-
ed the same sequence of places with similar tiawels. In this approach
the notions of regions of interest (that emergenfithe analysed space)
and the typical travel time between regions (thsd @merge from the in-
put trajectories) are used to obtain a sequencpatial regions that are
most visited. This means that the individual tregees integrated in a pat-
tern are not necessarily simultaneous, as the ety require that the
trajectories visit the same sequence of places siitfilar transition times
and not at the same time. This approach requiresi¢finition of poten-
tially useful spatial regions that guide the exiat of trajectory patterns
from source trajectory data.

Lee et al. (2007) proposed a partition and groaméwork that parti-
tions a trajectory into a set of line segments #rah group similar line
segments into a cluster. The authors pointed @uatlvantage in discover-
ing similar sub-trajectories from a trajectory detse, since smaller por-
tions of the trajectories can be identified. In gaetition and group frame-
work, the approach starts with a partitioning aihon that splits the
several trajectories into a set of sub-trajectdo@sed on the minimum de-
scription length principle. After that, a densitgded clustering algorithm
is used for grouping these line segments. A digtdanction was defined
to set the density parameter of the line segméated on the perpendicu-
lar distance, the parallel distance and the angiamte of the line seg-
ments. Related to partitioning, the partition psseshould verify two
properties: preciseness and conciseness. Pregseeess that the differ-
ence between a trajectory and its set of sub-t@jes should be as small
as possible. Conciseness means that the numbeajeftory partitions
should be as small as possible.

For automated clustering of trajectories using BstaNeighbour Clus-
tering, Vlachos et al. (2002) identified the seVesaues that a distance
function should address, including how to deal wdifferent sampling
rates and speeds; detect similar motions in diftespace regions; be ro-
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bust to noise and outliers; deal with trajectomath distinct number of

positions; and allow efficient computation of sianity. To cope with these
issues, they proposed a non-metric similarity fiomcbased on the Long-
est Common Subsequence (LCSS) and demonstrateithéhiainction per-

forms well for noisy signals. Chen et al. (2008jaduced a novel distance
function, Edit Distance on Real sequence and prowatdit was more ro-

bust to noise and more accurate than other popigtance functions, in-

cluding LCSS-based functions.

To support the visual analysis and exploratioraofjé number of trajec-
tories, Rinzivillo et al. (2008) proposed a progres clustering approach
where a simple distance function with a clear magmé applied on each
step. A distance function that incorporates all characteristics of trajec-
tories would be complex and very difficult to imiest. As an alternative,
the authors proposed a library of well interpretabistance functions,
where each function is based on a subset of toajeettributes. The pro-
gressive clustering means that the outcomes casdzas the input to fur-
ther clustering, where a different distance funcitan be chosen. The au-
thors argue that this approach can increase théorpemce of the
clustering and the user ability to interpret theutts.

The authors developed a library with four distahggctions that com-
pare the trajectories according to some selectatiasand spatiotemporal
properties to assess similarity between trajectoridey applied this ap-
proach to a dataset of GPS-tracks of cars usingnaity-based clustering
algorithm, where the input parameter that defilesnminimum number of
neighbours of a core point was tuned accordindn¢odensity of the data.
This parameter was adjusted in order to obtain @lsat of coherent and
well interpretable clusters. After the largest tdus were examined, de-
scribed, and excluded for further analysis, thecgdore was repeated for
the remaining data with a smaller parameter vallés procedure can be
repeated until a complete and clear understanditigeodataset properties
related to another distance function is achieved.

3 The available AIS dataset: MARIN Data Set

The data set analysed in this paper was collectedte Netherland
Coastguard, and includes tracking data of shippnoyements collected
by AIS base stations. The Maritime Research Irsti{MARIN) in Neth-

erlands receives the data for use in safety assegstudies for maritime
transportation management. MARIN has anonymisedekvof AIS data,
which has been used in this research. This dataosgains raw tracking
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data with a time interval of 60 seconds betweedingg. The data set in-
cludes attributes such &ip ID, Ship Type ID, Ship Type, Main Ship
Type, Ship Sze ID, Latitude, Longitude, Heading Rate of Turn, Speed
Over Ground and Parse time. RecordID is the field that provides the
unique identification of each record. The datalrasdel with the subset of
attributes used in this research work is depiateféig. 1.

MARIN_AIS_Dataset
¥ RecordID
ShipType * ShiplD
¥ ShipTypelD S ShipTypelD ShipSize *
ShipType ShipSizelD 7 shipSizelD
MainShipType Latitude MinGT
Longitude MaxGT
Heading
RateOfTurn

SpeedOverGround
ParseTime

PointLocation

Fig. 1. A subset of the available attributes in the MARJAta set

For the week from 1 to 8 January 2009, 315,794uifit records were
collected. During the pre-processing, some dugiaaiadings were re-
moved. The AIS data set includes information alutiffierent type of ships
as the ones summarised in Table 1. Their spats#tilalition is shown in
Fig. 2.

Table 1. Sub set of the available ship types

ShipTypel D Ship Type Main Ship Type Nr. Ships  Nr. Positions

5 CHEM IMO 2 Chemical 7 1458
6 CHEM IMO 2 DH Chemical 55 11 645
7 CHEM IMO 3 Chemical 5 1456
8 CHEM IMO 3 DH Chemical 5 993
10 CHEM DH Chemical 3 920
11 CHEM WWR Chemical 1 198
14 Oil crude oil DH Oil 3 404
15 Oil product Qil 1 315
16 Oil product DH Oil 8 1921
21 LPG semi pressured LPG 12 2 452
22 LPG pressured LPG 6 1 586

23 LPG remaining LPG 1 130
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Fig. 2. Spatial distribution of the readings for the subafehe ship types present-
ed in Table 1

4. The SNN clustering algorithm

In our research, the SNN algorithm, previously josgx by Jarvis and Pat-
rick (1973) and later improved by Ertoz et al. (2)0vas used due to its
capabilities of identifying clusters with convexdanon-convex shapes,
having different sizes and densities, as well astduts ability to deal with
noise. The similarity between motion vectors isaoigd by looking at the
number of nearest neighbours that two motion vecstrare. Using this
similarity measure, density is defined as the sd@irthe similarities of the
nearest neighbours of a motion vector. Motion vecteith high density
become the core vectors, while vectors with lowsitgrrepresent noise
vectors. All groups of motion vectors that are isglg similar to core vec-
tors will be included in the clusters.

The SNN algorithm has 3 parameteksEPS andMinPts. The number
of neighbours that need to be analysed in eachddtéme clustering pro-
cess is defined bl; EPS defines the value for the threshold density and
MinPts defines the threshold that allows the classifozatf a motion vec-
tor as a core vector. The SNN algorithm first fitlgsk nearest neighbours
of each motion vector of the data set. Then thelaity between pairs of
motion vectors is calculated in terms of how maegnest neighbours the
two motion vectors share. Using this similarity @@, the density of
each motion vector is calculated as being the numbeeighbours of the
current motion vector with which the number of gltaneighbours is equal
or greater thafPS (density threshold). Next, the motion vectors des-
sified as being coreectors if their density is equal or greater théimPts
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(core point threshold). At this stage, the alganithas all the information
needed to build the clusters. The clusters stabetbuilt around the core
vectors. Motion vectors that do not integrate alugter are classified as
noise vectors. Since no input parameter is use@tiermine the number of
clusters, the number of clusters emerges directiyn fthe data and not
from a number previously defined based on the derkabwledge of a
user.

For the identification of th& nearest neighbours of a point, a distance
function must be defined. In the original algorithtinis function is based
on the Euclidean distance among points.

Since our approach deals with position readings ratdwith trajecto-
ries, the distance function must address the pdatiproperties of a mo-
tion vector. For that, the distance function of tr@inal SNN algorithm
was redefined in order to accommodate the pos#trahthe bearing (head-
ing) of a given motion vector. Also, the definitiofiweights for each one
of these variables was also implemented in the &Ndrithm in order to
be possible the identification of different typdsctusters, which in turn,
represent different types of movement.

Given the motion vectons, (x4, Y1, br) andp2(x,, ¥, b,), the distance be-
tween them is calculated using Equation 1.

DistFunction(p,, p,) = Wx ((% = %)* +(y, ~ ;) /mDist) +
(L-w) x (®(b, -~ by[)/ mBearing)

with

|b1_b2| 'lbl_bZIS1800

U5 =, '):{36oo—|q—b2| b, ~b, [>180° @

wherex; andy; represent the position, abdrepresents the direction of
movement (bearing). In this functiom,is the weight assigned to the posi-
tion and (1 -w) the weight assigned to the bearing, respectivedynor-
malise the obtained valuasDist is computed as the maximum difference
between the values of any two motion vectors indat set in analysis,
according to the Euclidean distance. TBearing value is a constant,
with 180° assigned to it. The equation (1) candweritten by considering
thatd,(p1, p.) is the normalised Euclidean distance betwgesndp, and
b:(p1, p2) is the normalized bearing variation betw@eandp,:
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DistFunction(p,, p,) =wxd, (p,, p,) + A= wW) xb.(p,, p,) 3)

The role of each input variabtk andb, and the weightv, in the Equa-
tion 3, can be better understood by looking at Biglt is worth to notice
that thed; values for neighbours is expected to be very ssiadlemDist is
usually a very large value when compared to thei#®en distance be-
tween a point and itk-nearest neighbours. Consequently the calculated
distanceDistFunction, between a point and iksnearest neighbours is also
expected to be very small. Fig. 3 plots 4 contingd with the computed
distance valu®istFunction = 0.01 for different values aoff = 0.94, 0.96,
0.98 and 0.99. The value df matches the length of the vector (OA), from
the centre of the axis to the contour line corresipng to the intended val-
ue ofw, with the angle defined by the valuel®f As can be observed in
Fig. 3, when the bearing’s variation becomes siggit, smaller values of
w will result in a larger penalty in the distancduea Whenw is smaller,

(1 —w) is larger and the bearing’s influence becomesenmaportant.

DistFunction = 0.01

0.0025

04 00125

Fig. 3. Visual representation of the weights in the distafunction
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5. Results

The clustering process was carried out considdririgspatial attributes:
position and bearing. After some initial tests, thesters started to emerge
with w between 90% and 95%. These initial tests wer@echout by se-
lecting one particular type of ship and clusteting corresponding motion
vectors. Starting with the ship type LPG (LiquefiPétroleum Gases),
4,168 records were available. The initial weightwa 95% and the SNN
input parameters weke=10, Eps=3 andMinPts=7. These values were cho-
sen in order to cluster motion vectors that arseclim each other in terms
of position and also pointing into similar direct® Fig. 4 illustrates the
input data and the obtained clusters. It is wootimdtice that the colours
(Fig. 4 b)) are used just to identify different faed clusters and have no
other additional meaning.

53.€f 4—/
53 ‘//‘

53.5p

4‘.6 4‘.8 5‘.0 5‘.2
a) The trajectories of LPG b) The traffic routé4 BG

Fig. 4. The visual comparison between the trajectories thrdraffic routes for
LPG ships

After analysing the obtained results, it is possital state that the clus-
tering algorithm was able to aggregate the motiectars into clusters that
represent different traffic routes, although certsinall clusters should be
included in some of the identified routes as thalpiv the same alignment
in terms of direction. These results call our dttento the need to tune the
parameters of the clustering algorithm in ordeintprove the results.

In order to evaluate the impact of parameter seleé¢h computing the
traffic routes, we have i) given more weight to bearing value (maintain-
ing the SNN input parameters); ii) changed the SNput parameters
(maintaining the weight in the distance equatidi)iuned the weight and
the SNN input parameters accordingly to the reslitained in i) and ii).

This process of tuning the parameters is a uswaeplure in clustering
tasks, since the algorithm always seeks to fitdha under analysis. The
majority of existing clustering techniques are def@t on multiple pa-
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rameters that may be difficult to tune, mainly allife applications
(Bouguessa, 2011).

In this work, the input parameters of the algoritheed to be adjusted
to the spatial distribution and density of the datad the weight of the dis-
tance function must allow a proper identificatidrrautes, as both the po-
sition and the bearing of the motion vectors infices the results. Rinzivil-
lo et al. (2008) followed a similar approach, fdustering trajectories,
tuning the minimum number of neighbours accordimghe density of the
data.

Starting with the changes in the weight of Equatipmore weight was
given to the bearing value trying to join clustdrat are more aligned with
respect to direction. The weight af=90% was adopted, maintaining the
SNN input parameters. The obtained results areepted in Fig. 5a),
while Fig. 5b) shows the results represented pusiyan Fig. 4b), in order
to facilitate the comparison between the two chilsgeresults.

4.6 4.8 5.0 52

4‘.6 4‘.8 5‘.0 5‘.2
a) Clustering results wittv=90%, k=10, b) Clustering results wittv=95%, k=10,
Eps=3 andMinPts=7 Eps=3 andMinPts=7

Fig. 5. Clustering results witlv=90% andw=95%

The overall result shows some improvements, joimingters that were
previously disjoint (like the ones marked witlin Fig. 5b)), but the identi-
fication of traffic routes was not completely achdd. The algorithm was
not able to join all the motion vectors that folldlhe same alignment in
terms of direction and that are close to the mdentified traffic routes
(case2 and3 in Fig. 5a)).

When the SNN input parameters were changed, sidointheMinPts
input parameter, we have decreased or increasedritieal value. De-
creasingMinPts to 6 has avoided the identification of all rousessthe al-
gorithm is able to joint motion vectors that follogifferent directions,
joining different routes (like cagkin Fig. 6a)). Increasing this number has
led to the appearance of more clusters (as thes 5aéeand7 in Fig. 6b)),
as more similar motion vectors are needed in tighbeurhood of a given
motion vector to both be part of the same cluster.
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T T T Y L L
4.6 48 5.0 52 50 5.2

a) MinPts=6 b) MinPts=8
Fig. 6. Clustering results witlv=95%, k=10, Eps=3

The other input parameter that was changed wak #adue. Ak value
of 8 and 12 was considered. The results clearlyvstiat decreasing
splits the analysed trajectories into very smalktdrs, as less neighbours
are compared with the motion vector under analffSig. 7a) and increas-
ing k excessively joint motion vectors in the same elsstavoiding the
identification of routes (Fig. 7b)).

oA
-/ / —

ail M /

a)k=8 b) k=12
Fig. 7. Clustering results witlv=95%, Eps=3, MinPts=7

The results obtained so far allowed us to verifgt tincreasing the
weight of the bearing variable improves the resiytgoining clusters that
follow the same direction, although in some casg®oses the creation of
more clusters if the directions are not fully abgn However, this exces-
sive number of clusters can be controlled if weas®the verification of
more neighbours of a motion vector, by increashegktvalue. This leads
us to change the weight and the input parameteosder to improve the
overall results. In this case, the weight of 90%s wansidered, as well as
thek value was increased to 12 (maintaining all theestiSNN input pa-
rameters). The obtained results were very promigsinghe main traffic
routes were identified through the extraction afigsters (Fig. 8).
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8 ." ‘ ‘4.6‘ ‘ ‘4.8‘ ‘ ‘5.0‘ ‘ ‘5.2
Fig. 8. Clustering results witlv=90%, k=12, Eps=3 andMinPts=7

The small clusters that naturally emerged due ¢odiktribution of the
motion vectors can be eliminated in a post-proogssiage, as the number
of motion vectors that integrate the clusters tiegresent routes and the
other clusters is very different. For example, Eigoresents a histogram
with the number of motion vectors per cluster,ingllour attention to the
huge difference between the number of motion veadtaegrated in clus-
ters number 1, 2, 3 and 4 when compared with aI&te6, 7, 8, and 9.

1500

1000 |

500 F

| e—

1 2 3 4 5 6 7 8 9
Fig. 9. Histogram with the number of motion vectors peistdr

If we look into the interval of the bearing valuaside each cluster, we
can see aligned clusters, with a small variatiothm bearing values per
cluster. Fig. 10 depicts these results. In thiarfigwe can see cluster num-
ber O, representing the motion vectors classifiedase by the SNN algo-
rithm, with a huge variation in the bearing value.
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1 2 3 4 5 6 7 8 9
Fig. 10. Bearing values per cluster

In order to verify if the obtained results and tleed parameters are in-
dependent of the type of ship and also indepenfilent the number of
motion vectors under analysis, other types of shipgse analysed. The
ship type Chemical was selected. Due to the numibeoints available for
this type (16,670), a sample data set with 7,500rds was used. Also, the
ship type Oil was analysed, with all the 2,640 rdsaassociated to it. In
both cases, the clustering process was able tonatitally identify the
main routes (Fig. 11). Again, only the small clusteeed to be discarded
in a post-processing stage of the routes identifingporocess. For the Oil
ship type, it is worth to mention that if more datare available, the green
and the red clusters would be one (dashed ellipdeig. 11b)), as hap-
pened in the other results presented so far.

4.6 4.8 5.0 5.2 3 : 5.0

a) Ship Type Chemical b) Ship Type QOil
Fig. 11. Clustering results witlv=90%, k=12, Eps=3, MinPts=7

The results obtained so far call our attentionh ¢lusters shape, and
their alignment, and whenever their representitraiutes or not. In the
context of this work, routes are considered patlsvwhgt are followed by a
set of moving objects. Let M= {(X1, Y1, t1), (X2, Y2, t2),..., &n, Yn, tn)} De the
motion vectors present in a moving objects data Bedenotes a traffic
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route if its motion vectors are aligned in suchaywhat the dispersion of
the corresponding bearing values are under a $pdatifeshold. This
threshold is measured using the standard deviatidncan be set to a spe-
cific value attending to the application domain endnalysis. In this
work, the threshold for the standard deviation weisto 22.5° having in
mind a division of the space that considers catdiimactions with 8 cone-
shaped regionsF{g. 12a)). This approach allows the emergence of traffic
routes with different orientations, as the intesvaf the cone-shaped re-
gions can emerge from the data under analysisRigg€el2 b) and c) for
different orientations). This approach also allahe identification of nar-
rowed pathways as we can define a cone-shapedodivigth 16 regions
and set the standard deviation threshold to a leakee Fig. 12d))

a) 8 cone-shaped ) orientation of the c) different orienta-
regions cone-shaped regionstion of the cone-
shaped regions
Fig. 12. Division of the space using Cardinal directions

d) 16 cone-shaped
regions

For the results previously presentd@ple 2summarizes the calculated
standard deviation for the clusters that integeategh number of motion
vectors. This table also shows the minimum and mari bearing values
of the motion vectors in each cluster.

Table 2. Standard deviation, minimum and maximum bearingeslper cluster

LPG Chemical Oil
o Min Max o Min Max o Min Max

C 5.70  353° 41° 9.95 355° 57° 3.37 237° 264°
G 5.80 490 90° 3.83 187° 214° 3.74 191° 216°
Cs 4.44  187° 224°  6.23 220° 261° 7.63  349° 40°
Cy 5.12  228° 267° 5.08 53° 87° 4.82 55° 80°
Cs 6.04 191° 214°

One important issue to consider in this work is phecessing time that
is needed to compute the routes. Clustering isyademanding process in
computational terms (Bhavsar and Jivani, 2009)this paper we only
showed the analysis of small data samples. Foelagmples, the cluster-
ing process can take dayfepending on the implementatidn this work
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was used an implementation made in Mathematica p:{htt
http://www.wolfram.com/).To avoid this delay, pre-processing techniques
are under analysis to limit the number of motiortees that need to be
clustered in order to identify the routes.

Although this work is out of the scope of this papg€g. 13 shows the
time (in seconds) needed to cluster several datglea. The samples are
all associated with the ship type Chemical, considesample data sets
with 100; 500; 1,000; 2,000; 4,000; 6,500 and 7,5@flion vectors. As
depicted in this figure, the processing time pre&sennon-linear growth
considering the number of motion vectors underyaisl

Time

00 ¢

G000 ¢

000

4000 |

3000

2000

1000

Foitits

1000 2000 3000 4000 5000 6000 7000

Fig. 13. Required processing time attending to the numberation vectors

6. Conclusions and future work

This paper presented the analysis of movementidataler to identify the
main routes in an AIS dataset. For the automatextiitcation of the main
traffic routes, a density-based clustering alganitthe Shared Nearest
Neighbour algorithm, was applied to the motion gestof a ship. The
proposed approach avoided the reconstruction mctaies and the clus-
tering of such trajectories. The obtained resutiswed that there is no
need to reconstruct the trajectories in order talide to identify the traffic
routes. Another important advantage is that no dgpaeknd knowledge is
needed to a-priori select the routes or regionstefest.
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In our approach, the main requirement is the aufjest of the input pa-
rameters of the proposed clustering algorithm, ipadecause they influ-
ence the obtained traffic routes. The algorithrksde fit the spatial dis-
tribution and density of the data under analysis.

As future work, we plan to investigate pre-procegsstrategies that
limit the number of motion vectors that are neettethe clustering pro-
cess in order to identify traffic routes. This wélpeed up the clustering
process that is very expensive in computationahgerPost-processing
heuristics are also needed to exclude the smadterta that do not repre-
sent routes in the data set under analysis.

Moreover, the identification of different metrios measure the coher-
ence of the obtained clusters is also envisagedsd&metrics could be
used in the self-tuning of the clustering algorittimough the definition of
heuristics that support the parameters tuning psockfterwards, different
data sets need to be analysed to test the metwictha self-tuning process.
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