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Abstract. Data stream can be thought as a sequence of ordered data items, where the inpat
arrives o or less conlineusly as Lime progress. There exisl severa] applications prodoe-
ing dlaty slream, eg. telecommuonication system, stock markets costomer click streams ete..
In this paper we consider the problem of extracting knowledge by a dinamical clustering
algorithm of sea waves streaming data, that is to say evolving streaming of data coming
fronn o madtisensor system. For this purpose we develop an updating version of Dyviaanical
Clustering Alporithm [3). This probdem s very inberesting froon a practical poinl ol view.
It 15 based on the computation of & prototypal wave through a free-knot smoothing spline,
optimizing a non linear problem. Thanks to this approach, it is possible to investigate in
which way the incoming data change according to the various stops of process rogistration,
el Loy v o suminaey deseription of the colive data Chought prototy pals Dowing caras
nsing & small amount of memory and fime.

EKcovwords: data stream, data mining, clustering, sca waves propagation, froc
knots spline.

1 Introduction

In applications such as petwork monitoring, telecommunications data manapement, clickstresm
momitoring, manifacturing, sensor networks, and others, data takes the form of continmons data
sireams rallier Lhan Ooile stored data sels, These data are created by conlinnons activity over long
periods of time and are thorefore data which grow continuously over time. This has lead to the de-
velopment of new sirategies able 1o frnish an overview of the key chiaracteristios in the data which
change over time in a fast way, In the last vears since it has been advances in hardware technology
the analysiz of such ldnd of data has gained more attention. An Important area of interest is that
ol elustering, The elustering problew is especially inleresting becanse of ils applicalion Lo dala
suminarization and outlicr detection, but is a difficult problem to solve becanse of large volumes
of data arriving inoa stream lead most traditional algorithms too inefficient. Hegarding aspects of
data slorage, wanapement and processing, the coutinnous arvival of dala itews o wulliple, rapid,
time-varying regnives clustering adaptive strategios in the sense to np-todate elnsters. and able
b Lakiog new dala tlews iolo consideralion as soon as they arrive. The clustering problem has
addressed many scientific arca such as the database. data mining and statistics communitics [3],
[G.I10]. Despite these work presents interesting methods to classify datastream they have the sim
Lo elassily elewents ol one individoal data steean, which is quite dillerent from the problem thal
woe comsider here. In this paper we are going to analyze the streams themselves rather than single
data itemns thereof, O approach is different on the way of performing clistering. Tt share some
ideas with the ficld of Dynamical Curve Clustering [14]. [13], where the main aim is to classifv a set
of time stamped omrves. We develop an apdating version of Dynamical cnrve elostering where onr
[oens is Lhe analyvsis of sbeam of curves coming [rom an applicalive sbudy on sea waves sleeaming
data. The idea is to classify this data using sliding windows of fixed size. The method incorpo-
rites good quality of clnsters combined with efficien) compmtational properties, It 15 nerementally
updatable and is highly scalable on both the number of dimensions anpd the siee of the data steeams,

© Revue MODULAD, 2007 85 Numéro 36
— .,



EUROPEAN WORKSHOP ON DATA STREAM ANALYSIS  March, 14-16, 2007 » Caserta, Italy

The remainder of Lhe paper s organized as ollows: seclion 2 provides some backgronowd iofor-
mation on clustering datastream; the main topics of our strategy are proposed in section 3: in
section 4 main results deriving from the applicative field are discnssed.

2  Overview on Clustering DataStream

Thir emline nature of data streams and cheir potentinlly high arrival rates imposes high regnive-
ments on clislering (1], Several adaptations of standard statistical and data analvsis welhods (o
data stream hasve borm developed recently, 18 is known that solving a clustering problem is cquiv-
alent to find the global optimal solntion of & won-linear optimization problem, loreing the need to
apply optimization heuristics [12],

Althomgh extended clistoring on datastream are generally blind to the evolution of the data [2][10].
they do nol address some mportaol issues sucl as cluster guality and characierieation, Ty these
works however, as stayed before, the problem is to cluster the clements of a single stream, which
is eloarly different from onr problem, where the objects to be clustered are stremming enrves or
time series rather than single data itemes, The parvallel explosions of nterest o streaming data,
and data mining of time sevies have had surprisingly Bttle intersection. ''his is in spite of the faet
Ll Lime series dala are Ly pically streaming data [9]. To literature (his (opic bas besn bamdled o
several ways, the two major approaches are based on: a svmbolic representation of time streaming
data from one side and on inerementally comstrets algorithims on the other. The first one consists
in translorming real valued lime series into sywbolic representations, 8], [9], However [atal daws iu
such reprosentation exist. Fivstly the dimensionality of the symbolic representation is the same as
the original data. aud virlually all data wining aleorithins seale poorly with dimensionalidy.
Moreover, before creating the syvmbolic representation.anost of these svinbolic approaches require
ome o have aceess tooall the datas This last featore explicitly thwsrts efforts to nse the reprosen-
tations witl streaming alporithns,

T'he second one consists in dealing with time serics streaming throngh particular up-to-date fune-
tions avolding syobolic assmnption for their deseription.Ooe of these s the Online Divisive
Aprlomerative Clustering (ODAC) system, It furnishes an incremental implementation of divisive
analysis chistering, nsing the correlation between time series as stmilarity measure 120 Althongh
il 15 very wleresting [rom & computational poiat of view aond the system is able Lo exhibit dyoaanie
behavior. adapting to changes in time-series. a drawback of the method as observed by the anthors
is thal the agelomeration phase does not consider for chianges in the clnster structure,

Apart rom its practical relevance, the description of cluster structure such as also ndexes for
clustering evalnation play important role in elustering methods. In this sense onr goal is to develop
a slrategy Lhat meel these requireinenis. As we shall demonsirale our procedure conlracy Lo Lhe
existent methods tries to take into account both, the representation of the cluster and the hest
oplitmization problem for computational point of view.

3 The Updating Dynamical clustering strategy

I the preadons section we have shortly presented the problem of clustering data stream and where
our method Lakes place. Tu this seclion we propose e Dyoamical clustering stralegy aod ils wore
saliont characteristics.

Whett considering cnrve streasms data inoa slding window of length T & enrve stream gy can formally
be written as a T-dimensional vector iy = (. ... . i}, where a single obscrvation can be considered
as i enrve. We aim to determinate a partition of onr datastream into O clnster such that esch of
them is characterized through a best representative curve, called protoly pe,

T'his type of approach cames from the applicative field of sea waves profiles. cach single entities or
sed wives streaming curve derives from several independent nmltisensor systems located in several
submerged places. We propose to classilyv these streaming curves according an updating version
of DOA porformed on sliding windows, Fach windows reprosents a0 time stamped interval of a

© Revue MODULAD, 2007 86 Numéro 36
— .,



EUROPEAN WORKSHOP ON DATA STREAM ANALYSIS  March, 14-16, 2007 » Caserta, Italy

stresming curve, The classilicalion siralegy s perlored o an recoesive way such thal the sels
of prototypes is updated according to the changes of the sliding windows, Especially an optimal
eriteria to capture the maximmon information with the mindmnn compntational complexity s
proposed. Ao important characteristic ol the melhod copsisis o performing the clustering siralegy
with free knots spline estimation of the prototyvpal curve. A free knot spline is a spline where the
knot loestions are considerad parameters to be estimated from the data, Tt means & non parsmelcie
estimate of a representative curve that allows to take into account the similar slope changes of all
the curves in the chister. The representation of the information depends on the loeation and the
wumber of the koots, Choosing a sel of kuols, 15 a wore controversial issue since Lhe same sel of
kmots is not universally good. So an iterative procedure that simultancously computes a frec-knot
spline estimators of the prototypes of the closters and is able to classiby the onrves in homogeneons
clagses is proposed [or each sliding window, According to the optimized criterion, starting [rom an
initializatiom step we obtain, for each one of the O cnsters, o loeal model prototype identified from
Lhe Besl sel ol knots, Tacl cirves 35 assigned Looa olass accordiog Lo dls prosimily b the prolobype
in the sense of mean square ervor. After the initial allocation, we compute a weightsveetor W
starting [rom Lhe elusters, whers aach element s cornpubed considering the munber of curves fresh-
assigned to the cluster. With the arrival of a new stream of data (in the sense of a new matrix
coming from a shiding window), wo compnute a new set of O prototypes still identified from the bese
sel of kuots, taking inlo acconol Lhe new cuarves sl Che old sel of protoly pes. Ao ionportant lesbare
af the clustering method consists in obtaining cluster’s characterization through a strcaming curve
which deseribes the prototypal profile of the cluster at each teration. It introduees the advantage
to not only gather the course but also the shape of every Howing curve. Formally for each sliding
windows the core of the methodology 1= to optimdze the following eriterion:
=
APC) =) 3" nt*(wj9) Pe€ Poge € C (1)
p=Lie It

where . — ﬁ i o weight, 62{;;;-.9“} = “I{; —Er:”._, is the Ly distance and the system of G —
dlg) = ETE " Jz[;e,rj-. g-) that leads to a free-knot spline estimators of the representative curve pro-
LELLA ' e
More precisely, let £° = {£7,... .85t Ve £ F- be a veclor of kool sequence, we look [or a good
approximation for the prototypal discretized curve g.(€°) © A" that is the cstimate a representa-
tive function of a set of carves, solution of @ least sguares probleme It is an approscdmation of the
barveenter of a sel of curves o Lhe space Sy s — U{" SpeoartE5) of polyuomial spline order IT = 1
wilh kool sequence £° € RY such that il does nol resorl an individual smoothiog, For each of this
prototovpal discretized fimetion. sinee any function of S5 4 can be writed as:

M+H

g:(0£) = Y Bia(£)af, (2)

I=1

where B oo denote the nsnal Bespline basis fmetion of order 7T with o sequence {_.’._;""}:;f=1 of knots
and af, are the sequence of B-spline coefficients. According to the optimized criterion, initializing
the procedure with cquispaced kmots we obtain for cach elister o loeal model prototype identifiod
[romn the best sels of kaots,

Each curves is assigned to a class according its proximity to the prototype in the sensc of mean
sare errors. The true fimetional form of sach hinetion prototype g.(t) = (g (), ... . gt s
a humetion of the generie variable £ with an optinmm vector of loots Qﬁ“. Ther dimension of the
vecbor of the koots which characterizes this [unelion is such thal Lo minboice the loss of variety
of frue functions, where the loss is defined fo be the square root of mean of squared distance from
the trnth bo the estimated prototypal hoction at the desien points, Moreover each cluster can be
described as g-dimensional vector of curves that follows the model;

Y =B(("Im+7 ¥ie C (3)
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where ' is an observation noise witl mean wero, constanl variance and covarianee gero [or distinet
arpuments values and B is the matrix of B-spline function [13]. In this scnse these are the local
model grototypes able to deseribe the several obtained closters.

Since the dependence of Lhe basis luncetions [rom the koots is ponlinear, the oplimized peoblem is a
nonlinear minimization problem. Despite it conld seems an intensive computational problem we™ |
demonstrate how it way be developed inoan eflicient way, The solation fo this problen s extensively
explained in [13], It consists in a little modilication of the algorithm proposed by Gervini [7]. This
algorithim prodnces i set prototypes telated o several seqmences of vectors of knots, among these
the minimivers of the Generalived Cross Validation Criteria (GCV) are chosen, Lel's see a general
deseription of the updating algorithm.

4 The Updating Dynamical clustering algorithm

T this section we discuss algorithon we propose, TG consists in lwo plhiases, ao initialisalion phase
and an updating phase. These are respectively pertformoed as follows:

Tnitializabion phasewhere these steps are perlormed:

— the optimal sct of prototypes g. taking into account the data coming from the fivst sliding
window sw are compnted,
the curves are assipned to the cluster according the Mean square error,

— the mmber of curves m,. 0 cach elister are stored s weight voetor |
represeutalive curves of each cluster, called wicroprototypes, are ideolilied. The criteria pro-
poscd to identify these microprototypes are several. They depends from the variability of cach
cluster. Thess microprotypes are able (o obtain & more detailed oformation on the cluster
structure, that can be summarized by a quantification of the number of the curves more simi-
lar to the identified microprototypes (in the sense of mean square orror).

Updating phasewhere for each s the prototype and classes of enmves are npdated following this

scheme;

— the prototype are computed taking into consideration both the stream of curves in the current
sur and the prototypes of the old sliding window weighted by n,;
allocalion step: the streaming curves of the corrent sliding window aece allocated Lo the clusters
according to the criterion of Fuclidean distance or some variation of it;

— the mmber of curves . in each eluster 35 apdated;

— for cach microprotype the nearcst prototype in the sense of mean square error is identified, If
this microprototype is not the nearest to the original prototype (from which it takes place), then
the weighis are updated adding the nuober of the elements Lhat guantily the microproty pes Lo
the nearest prototvpe and subtracting the same guantity to the prototype of the cluster which
the microprototype belongs to;

a new set of microprototvpes are identified, recopding the new nwmber of curves more similar
to these last ones.

5 Sea waves streaming Analysis

In the view of undorstanding the wave breaking process in presence of submerged trapezoidal
porons barriers several experimental analysis were conducted from the department of Hvdranlic
and Fovironmental Engloeering ™ Girolamo Ippolite” ., o wave Qume with glass walls; rubble mound
breakwaters with varving geometry and permeability wore tested. The engineering problem nsually
vonsists o analyeng the role of the main breaker types. that takes place at submerged breakwa
ters, in determining the characteristics of the wave profile In protected arvea, Since the detection
of slope change point depends from the breaker type, several stroctare are comsidered. For a cach
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of them s mullysensor system reveals The ruplure of each sea wiaves on Lhe several breakwaiers, Tu
this context. the data produced by sensors, assuime the form of Hows of curves evolving continu-
onsly over time so they constitnte a snitable platform to evalnate onr methodology, ''hey consist
ol 10000 streaming curves of sige 100 [row several mallyvsensor systew located o dillerent place,
T'hi aim is to finrmish. analyvzing the sea waves streaming curves, classes of streaming enrves and a
seh of prototypes representative of each cluster able to provide an helpil snmooary rom s plivsical
point of view. Ouwre strategy on streaming curves has been implemented on data coming from sev-
eral real experiiments om sea waves 0 prisence of submerged triapesoidal porons barriers, and then
compared Lo Dyvoamical curves clustering willi Iree koots spline Estimation([13]) ou balched data,
The results have been encouraging bath from the classification point of view (in terms of within
homogeneity of the clusters and separation among them) and from the ability of the protolypes
to characterize clusters. We can deem that the proposed method, represents a pood compromise
betwoen computational requirements and zoodness of onteomes. [t ecan be eonfitmed from the
graphical representation thal we oblain Figure 1 Tach of (hem uonderlines dilferent shapes which
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Fig. 1. Prototvpal curves

represent characterisiie beliavior of sea waves slreaming curves, An other weasure of the clustering
quality is furnished from the guality partition index € defined as the ratio between the within and
the total variability of each cluster of streaming enrves, They ranehs aronnd 005,

6 Conclusions and Perspectives

Chverall, the proposed method points to a good trade off hetween a statical and a computational
approach. In several applications problem, speed compntation is the principal objective, however
wislakes can be costly, Cuwre Updatling Dyoamical elustering algoritlun, oo the conlrary, exhibils
superior performancs in the perspoctive to cateh meaningful characteristic of the clustor structure.
Actnally we are working on an mproving version of the proposed wethod from cotpatational

point of view. Object of further research will be the comparison with other possible methods on
sich kind of data.
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Aims

In the present paper we aim to define a strategy able to extract in accurate way
information from sea waves streaming data.

The problem derives from an applicative field:
evolving streaming data coming from multisensor system .

The proposal:

An extension of Dynamical curves clustering with free knots spline estimation

The sensitivity of the proposed method is investigated using a dataset coming from an
experimental study conducted by the Department of Hydraulic and Environmental
Engineering Girolamo Ippolito of Naples*.

*Panisi, F., Calabrese, M., Buccino M. (2006). Breaker Types and Free Waves Generation at Submerged Breakwaters in Proceeding of XXIX of

HYDRA'06, Roma.




Other possible applicative fields:

Video Surveillance

Scentific Researches

Vocal recognition

Roadmap

v’ Sea waves streaming data structure

v An overview on clustering of streaming curves

v Our proposal & The main aspects of the proposed strategy
v The Updating Algorithm

v'The optimization problem & Cluster characterization

v/Case study: Streaming curves data, propagation of sea waves

v'Conclusion and Prospectives




Sea waves streaming data structure

The engineering problem usually consists in analyzing the role of the main breaker types, that
takes place at submerged breakwaters, in determining the characteristics of the wave profile in

protected area. Since the detection of slope change point depends from the breaker type, several
structure are considered.

A multysensor system reveals the rupture of each sea waves on the several breakwaters. The data
produced by sensors, assume the form of flows of curves evolving continuously over time.

Overview on clustering streaming curves

In literature clustering curve datastream is usually known as time series
streameanig data clustering. It has been handled in several ways, the two major

approaches are based on:

Symbolic representations Incrementally construct
Keogh, E., Chu, S., Hart, D., Pazzani, M.: Rodrigues, P., Gama, J., Pedroso J. P.: Hierarchical Time-
An Online Algorithm for Segmenting Time Series. In Proceedings Series Clustering for Data Streams, Proceedings of First

of IEEE International Conference on Data Mining. 289—296, (2001). International Workshop o0 Knowledge Discovery in Data
Streams, 24 September, Pisa, Italy, (2004).

Drawbacks:
The dimensionality of the symbolic These are very interesting from a computational
representation is the same as the original point of view and the system is able to exhibit
data, and virtually all data mining dynamic behavior, adapting to changes in time-
algorithms scale poorly with series, but usually the agglomeration phase does

dimensionality. not consider for changes in the cluster structure.




Our proposal

Consists in furnishing a summary of the key characteristics of the data which change over
time in a fast way.

The strategy, we propose, is an updating version of Dynamical Curve Clustering
using free knots smoothing spline, performed on sliding windows of fixed size.

DSCA

| Representation by prototype (cluster model)

Principles of the
Best fitting measure between streaming curves and prototype

DSCA

[ —

The Updating Algorithm

Initialization phase:

— the optimal set of prototypes g, taking into account the data coming from the first sliding window sw are
computed,

— the curves are assigned to the cluster according the Mean square error,

— the number of curves n_ in each cluster are stored in a weight vector,

— representative curves of each cluster, called microprototypes, are identified. These are identified as the
empirical maximum and minimum values of the obtained prototypal model in a cluster,

— for each cluster, the curves are assigned to their microprototypes according the Mean square error.

Updating phase:

for each sw
— the prototype are computed taking into account the stream of curves in the current sw starting from
the prototypes of the old sliding window (after a transformation in the time axis);
— allocation step: the streaming curves of the current sliding window are allocated to the clusters
according to the criterion of Euclidean distance or some variation of it;
— the number of curves n_ in each cluster is updated;
— a new set of microprototypes are identified, recording the number of curves more similar to these
last ones.




Knowledge extraction from phase:

For each sliding window, a set of prototypes and the number of curves belonging to
each cluster is outputed

For each sliding window, a set of microprototypes and the number of curves allocated
to each one is outputed as further information on the data structure

The quality partition index have is able to quantify the goodness of partition and is
such to evaluate if there are anomalies in the cluster structure.

Principles of the
Deon Our proposal

|

Streaming curves

-

sw, sw, | [ |

1° Step of Extraxtion knoledge




Extraction knowledge

Streaming cuyrves

T T T time
| sw, |

1° Step of Extraxtion knoledge

Information Stored: prototypes and best set of knots for each cluster

AU ZAAN

Note: prototypes are elements representative of each cluster, contrary to other methods
where the center is not necessarily representative.

The core of the method:
The Dynamical Curves Clustering Algorithm

It is able to find a way to perform classification based
on the best fitting between the representation function
of the cluster and the allocation function to different
clusters.

Dynamical clustering algorithm

Each prototype is unequivocally determinated by a non linear minimization
problem, due to the non linear dependence of the basis curves on the knots.

The advantage to update this method consists in the
possibilities to work on the representative elements

of the cluster with a dimensionality reduction
of the amount of data.




Dynamic clustering algorithm (DCA)
» nuées dynamigues « (Diday, 1972)

Dynamic clustering algorithm optimizes a criterion A of
the best fitting between
a partition C of a set Q of objects w in K classes and
the way to represent the classes {C,,...,Cy,....Cx} €C

A(C,6)=Min{A(C,G)|C € C,,G € G, }

where : Cy is the set of partitions of Q in K classes and G, is the set of the
elements representing the K clusters of the partition C,.

Curve data stream and ANALYSIS
Considering curve streams data in a sliding window of length T,
A curve stream y can formally

be written as a T-dimensional vectory = (y%, ..., y")

The core of the methodologyfor each sliding window consists in optimizing the following

criterion:
[
A(P,G) :Z Z #352(9’;’egc) FP. e P.Q’c G
c=licP,
Where i, = |$C| are weightsand  6%(y7,g.) = ||y} — g.|, is the distance function.

The system of G ={g1, .. ., gC} of class prototype are computed by optimizing an adequacy
criterion:

é(g) = Zz‘epc 52(§5~9c)

that leads to a free-knot spline estimators of the representative curve prototype.




The Function prototype and the optimized criterion

Let &C , Llc 1 C a vector of knots , the aim is to obtain for each cluster a function

9.(&") €S u(S)

The space of polynomial of order H 21 with M free knot

Ay ,g)=> 8N .g)=> ¥ -B(&)er |

ick, ick,

This is a nonlinear minimization
? . i ey ¢ | problem, being the function
< mlpzn y —B( é: )0!, " prototype dependent from the
(&%ar) iek knots not linearly

where B is the matrix of B-splines basis function of order H with a sequence of knots & € R"

How we solve this problem? Firstly....

Jupp transformation of knots vector

¢ c 561_56
ct=J(")=log=—3% m=1,...,
‘§M+1_‘§0

So=a Sya=b, T=[ab]
Biwow (6°) 5 Sn <Sn

M

The problem become....

g0 =2 (g, =2 | ¥ -B(eOa [

g — <o min, Y| v -B(s9af |

ieP,

Qc = B(gc)oﬁc 5
. -1 e

for fixed g° {B(g")TB(gc)} B(c)y




2

7. > wming Y|y —B(e){B() B(cD] BT
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The algorithm to solve this problem is a modified version of Gervini Algorithm. It
produces a sequences of knot vectors and a relative function which is optimum, in
the sense of mean square error, more precisely It is such to minimize the
Generalized Cross Validation Criteria (GCV).

Z'cP .Yi - .‘9""3“2
Tl ic P, .
CCVe) = Fon— o v Hmyz (€T

In this way we estimate the ‘protoypal function” according to the ‘best set of knots’.
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Dataset for each sliding window
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Allocation Step

Allocation Function
a:G, > P, a(G)=pP
with C = {fi e Q| 8(y',g.)< d(y',g.)} (for cxc’)

s(ye) =JZ{yi —Hihf B(g°)04°]
j=1 1=1
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Function prototype
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Cluster Characterization

According the dynamical clustering procedure for each cluster we can characterize each
cluster for sliding window:

L e [
’ Prototypal functions ‘ 5 —B( 5 )(11 +& I

g (e o te g =(c ), +z | A/

ad

€

’ Best set of knots for each cluster

WDSA 2007

Cluster Characterization

Microprototypal functions are bound of variability obtained considering the
maximum and minimum values of the functions in the cluster.

9. ()% q) =B()y e=1,...,C

g(t)(C" o) =B((Ffa c=1,....C

eIt is able to monitor the variability of each cluster in different sliding window;

According to the Functional form characteristic of each cluster we can transform
each curve inside the cluster according to the following function

x' = B( 127 l

WDSA 2007
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Cluster Characterization

£ 2
=" — ge(C%)

W, (P, go) =
Within variability o(Fe, e —

Prototypal function

1 C
= - Z; Nege(C
o=
Total variability

ZW +B, =

5 C
ot = Ge(¢)|) + 3 nellge(®) - £1°
e=1

e=1ic P,

Quality partition index

WP, ge(¢®))

Case study: Streaming curve data, propagation of sea waves

Since the detection of slope change point depends from the breaker type, several structure
are considered. Expecially a nonlinear boundary-layer theory shows that strong streaming
is possible for small viscosity.

As stayed before a multysensor system reveals the rupture of each sea waves on the
several breakwaters. In this context, the data produced by sensors, assume the form of
flows of curves evolving continuously over time so they constitute a suitable platform to
evaluate our methodology. They consist of 10000 streaming curves of size 100 from
several multysensor system located on different place.

The novel future of our strategy is that it furnishes, classes of streaming curves
with a set representative prototype of each cluster able to provide an helpful data
summary .




Main results

represents the best model representing the clusters.

This is an outcome from a sliding window, the 7 prototype summarizes the change of the
cluster structure, since the prototype differently from the other clustering algorithm
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Main results

....for several sliding window .....
We have:

Best set of knots for each cluster:

a)(2.4619 2.7002 3.26 3.2611) b) (3.3999 3.4309)
€)(2.6953 2.776 3.1741 3.2056) d) (2.3565 2.5427
3.2446 3.6031) €) (2.5485 3.2682 3.4521) ) (2.2949
2.3706 3.0578 3.6079 3.7615) g) (2.7067 3.3358
3.3962 3.5098)

Joo £ W

Best set of knots for each cluster:

2)(6.8749 7.3083 7.3497) b) (7.282 7.3457)
€)(6.1601 6.6309 6.8592 6.9512 7.5039) d) (6.2921
6.3874 6.9486 7.6192 7.652) e) (6.2899 6.5799
7.2933 7.5288) f) (6.385 7.3463 7.3472) g) (6.5999
6.612 6.636 7.1053)

|
L1 _i { VT S o G VSN
T e S

Best set of knots for each cluster:
a)(4.7806 4.8514 5.266 5.3072) b)(4.6466
4.8937 5.1948) c) (4.7959 5.1706 5.2713 5.6391)
d) (4.6969 5.2885 5.7828) €) (4.4585 4.7816
5.5609 5.6963) f) (4.6139 5.1081 5.5685)
9)(4.4394 4.9362)

1
|
|
| o
|
e
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Conclusions

The proposed techniques seems capable to face the problem of extraction knowledge
for curve datastream.

It exhibits superior performance in the perspective to catch meaningful characteristic
of the cluster structure without considering the elements of the clusters but only the
representative elements.

Perspectives

In the next step, it will be naturally interesting to compare our proposal with the
existing techniques that have the main aim to extract information.
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