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Abstract

We proposea methodfor discoveryof compositeevents
in videos.Thealgorithmprocessesa setof primitive events
such as simplespatial relationsbetweenobjectsobtained
froma tracking systemandoutputsfrequentevent patterns
which canbeinterpretedasfrequentcompositeevents.We
usethe APRIORI algorithm from the �eld of data mining
for ef�cient detectionof frequentpatterns. We adapt this
algorithmto handletemporal uncertaintyin thedatawith-
out losing its computationaleffectiveness.It is formulated
as a genericframework in which the context knowledge is
clearly separated from the methodin form of a similarity
measure for comparisonbetweentwovideoactivitiesanda
library of primitive eventsservingas a basisfor the com-
positeevents.

1 Intr oduction

Theproblemof videoevent recognitionhasbeenstudied
extensively ([7]). In mostof the approachesexplicit mod-
elsof eventsareusedwhich areeithercreatedmanuallyor
learnedfrom labelleddata. In this work we focuson the
problemof detectingfrequentcomplex activities without a
model.

In this work an event is a spatio-temporalpropertyof
anobjectin a time interval or a changeof sucha property
([12]). An exampleof aneventat a parkinglot is 'vehicle
on theroad' (see�g. 1(a)).For therecognition of eventsan
algorithmwaspresentedin [12] asacomponentof asystem
for video event recognitioncalledVSIP ([2]). The events
areformally de�ned in aneventdescription languagewhich
allowsusto de�ne complex eventsin termsof simplerones
andin this way to build a hierarchicalstructuresof events.
For instance,in a parkinglot a complex event is a 'parking
manoeuvre'whichconsistsof 'a vehicleontheroad', 'a ve-
hicle on theparkingroad', 'vehiclein a parkingplace' and
'personcomingout from thevehicle'. Thesimplestevents
at the bottom of this descriptionare referred as primitive

while the complex onesarecalledcomposite. In order to
provide a completedescriptionof a domain anextensive li-
brary of eventsis neededcontaining a formal description
for each possiblebehavior. To simplify the library andde-
creasethedeployment efforts we retain in this library only
themostsimpleandgeneraleventswhich aretheprimitive
ones. Theseare simple spatial relationslike 'object in a
zone' or 'object nearanotherobject'. The frequentcom-
positeeventsarededucedin anautomaticway from theset
of all detectedprimitiveevents.

For thispurposeweadaptthedataminingAPRIORI algo-
rithm ([1]) which usesthesocalledAPRIORI property:the
subpatternsof frequentpatternsarealso frequent. There-
fore, startingwith short patternswe count the occurrence
only of thosepatternswhosesubpatternswere marked as
frequentin a previousstep. In this way thesearchspaceis
reduced.A pseudocodecanbefoundin Algorithm (1). In
line 3 all pairsof patternsof length i � 1 from the previ-
ousiterationwhich have exactly i � 2 mutualelementsare
mergedinto patternsof lengthi . In thenext step equalpat-
ternsarecombinedin classes.Finally, only theclasseswith
asizegreaterthanagivensizethresholdsth areretained.

Algorithm 1 APRIORI(S; l ; sth )
I NPUT: A setof statesS = f s1 : : : sn g.
OUTPUT: All l -pattern classesC( l ) with size s(C( l ) )

greaterthanaprede�nedsizesth .
1: natural i  2;
2: pattern setPi  ; ;
3: K i � 1  ff s1g: : : f sn gg
4: while i � l do
5: Pi  CREATENEXTLENGTHPATTERNS(K i � 1; i )
6: K̂ i  COMBINEPATTERNSINTOCLASSES(Pi )
7: K i  RETAINFREQUENTPATTERNS(K̂ i ; sth )
8: i  i + 1
9: endwhile

returnK l

Thedif�culties of adirectapplicationof theabovealgo-
rithm in the domainof video event analysisarisefrom the



uncertaintyof thedata: thereareno equalbut only similar
occurrencesof thesamebehavior type. Precisely, we have
to answertwo questions:

(i) How do we measurethe numberof occurrencesof an
activity (its frequency) and how thefrequency of asub-
activity is relatedto the frequency of an activity (line
5)?

(ii) How do we decide which patternsof eventsrepresent
thesameeventtype(line 4)?

The answerto thesequestionsdependson the way we
compareeventpatterns.Therefore,a similarity measureis
necessarywhichevaluatesto whichextendtwo patternsrep-
resentthesameactivity. Usingthis similarity asa basiswe
cananswerin a domain-independentway the above ques-
tions. In particular, thenumberof occurrencesof a behav-
ior andthusimplicitly its frequency canbede�ned in asoft
mannertaking into accountthesimilarity asshown in sec-
tion 3. Additionally, the APRIORI propertydoesnot hold
in caseof similarity becausesubpatternsof patternscanbe
lesssimilar thanthepatternsthemselves.Therefore,wefor-
mulatein section6 a WEAK-APRIORI propertywhich de-
creasesthefrequency thresholdfor shorterpatternsin order
to prevent losing subpatternsof frequentpatternsandthus
to guaranteetheir detection in themergestepin line 3. The
secondpoint - combinationof patternsinto classes- usesan
entropy-basedclusteringalgorithmpresentedin section5.

The domainknowledgeis provided in two forms: be-
sidesthe similarity we must specify a library of generic
primitive event types. The occurrencesof theseeventsare
theinput to thealgorithm andthereforeserve asa basisfor
thecompositeeventswhichcanbedetected.

We presenta genericframework for high-level frequent
eventdiscovery. Thecontext knowledgeis clearlyseparated
from thealgorithmandthusmakestheapproachapplicable
in differentdomainsfor whichprimitiveeventsandsimilar-
ity canbede�ned. By solvingtheabove issueswe achieve
robusteventdetectionin environmentswith temporalvari-
ability. Moreover, thealgorithmoutputsa setof composite
eventswhich arehierarchicallyorderedandthusgenerates
acleareventstructure.

2 RelatedWorks

Althoughtheresearchin the�eld of unsupervisedevent
detectionandlearningis at its beginning thereareseveral
approachesstudied.

One of the most widely usedtechniquesis to learn in
an unsupervisedmannerthe topologyof a Markov model.
[3] useanentropy-basedfunctioninsteadof theMaximum-
Likelihoodestimatorin theE-stepof theEM-algorithmfor
learning parametersof Hidden Markov Models (HMM).

Thisleadsto aconcentrationof thetransitionalprobabilities
justonseveralstateswhichcorrespondin mostof thecases
to meaningful events. Anotherapproachis basedon vari-
able lengthMarkov modelswhich canexpressthe depen-
denceof a Markov stateon morethanoneprevious states
([6]). While this methodlearnsgoodstochasticmodelsof
thedatait cannothandletemporalrelations.A furthersim-
ilar techniqueis basedon hierarchicalHMMs whosetopol-
ogy is learnedby merging andsplitting states([15]). The
advantageof all of theabovetechniquesfor topologylearn-
ing of Markov modelsis that they work in a completely
unsupervisedway. Additionally, they can be usedafter
the learningphase to recognizeef�ciently the discovered
events.On theotherhand,thesemethodsdealwith simple
eventsandarenot capableof creatingconcepthierarchies.
Thestatesof theMarkov modelsdonotalsocorrespondal-
waysto meaningfulevents.

Anothermethodwasproposedby [10] whouseinductive
logic programmingto generalizesimpleevents. Although
beingpromisingthis systemwasdevelopedonly for sim-
ple interactionswithout taking into accountany temporal
relations. For low-level event detectionand learningsev-
eralstandardclusteringtechniqueswerealsoused.[8] use
Self-OrganizingMapsto learntypical trajectoriesof mov-
ing objects.[16] learngesturesby extractingandclustering
prototypesof gesturecomponentsfrom trajectoriesof hand
movementsusingthe k-meansalgorithm. The authorsuse
the Minimum DescriptionLength principle to determine
the optimal numberof gesturecomponents.All theseap-
proachesperformwell in the caseof the problemthey are
speci�edfor but cannotbeeasily generalized.

Thedatamining communityhasbeenstudyingthe task
of frequentpatternextractionfor severaldecades.However,
more emphasisis put on the computationaleffectiveness
thanon the robustnessagainstnoiseanduncertaintyin the
data. Thereareonly a few approachescopingwith some
speci�c problemsarisingfrom uncertainty:[14] dealwith
falseattribute values; temporalvariability is addressedin
[11]. Unfortunately, they do not proposea generalway of
dealingwith differenttypesof uncertainty.

3 A Model of FrequentPatterns

In this sectionwe introducesomebasicnotation. We
areinterestedin reoccurringstructuresin a primitive event
set,expectingthat thesestructurescorrespondto meaning-
ful complex activities:

De�nition 1 An m-event pattern p is a set of primitive
eventswith cardinality m: p = f e1 : : : em g. The set of
all m-eventpatternsis denotedby P (m ) . A subpatternof a
patternp is a patternp̂ whoseeventsarecontainedin p.



Although a patternp is just a set it describesimplicitly
a structurethroughthe relationsbetweenits events. Addi-
tionally, a similarity measureis neededin orderto express
thedegreeof similarity betweenpatterns:

De�nition 2 A similarity measuresim(m ) (p1; p2) of order
m betweentwom-patternsp1 andp2 is a mappingsim(m ) :
P (m ) � P (m ) ! [0; 1], where P (m ) is the set of all m-
patterns.

The concreteform of this mappingdependson the do-
mainandthereforeit is notpossibleto requirefurtherprop-
erties. Using the above notionsof patternsandsimilarity
wecanbuild patternclasses:

De�nition 3 An m-patternclassC(m ) of order m is a set
of m-eventpatterns. A subclassof a classC is a class Ĉ
whosepatternsaresubpatternsof patternsin C.

We expectthata patternclassstandsfor a behavior type
andthuscontainsexamples of this behavior which should
be similar to eachother. This propertyis ensuredthrough
theclassbuilding step(line 4 in Algorithm 1) which is real-
ized asclusteringmaximizingthe weightedentropy of the
class(seesection5).

A frequentsubclassof a classstandsalsofor a frequent
shorteractivity which shouldbe describedadditionally if
it occursmore frequentlythanactivity representedby the
classitself. UsingtheAPRIORI algorithm(1) from section1
we can maintain links from subclasses to classesformed
in the next loop of the algorithmand retainthe subclasses
containingmoreexamplesthanthenumberof examplesin
theclass.In thiswayahierarchicaldescriptionof composite
eventscanbeachieved.

Basedontheabovesimilarity wecande�ne in adomain-
independentwayameasurefor themembershipof apattern
in apatternclassandthepatternclasssize:

De�nition 4 A classsimilarity measuresim(m ) (p;C) be-
tweenan m-eventpattern p anda patternclassC of order
m is a mappingsim(m ) : P (m ) � K (m ) ! [0; 1]:

sim(m ) (p;C)
def
=

1
jCj

X

p02 C

sim(m ) (p;p0) (1)

whereP (m ) is thesetof all m-patternsandK (m ) is theset
of all patternclassesof order m.

De�nition 5 Thesizes(C) of a patternclassC is thesum
of thesimilaritiesbetween all patternsin C to C:

s(C)
def
=

X

p2 C

sim(p;C) (2)

A largeclasssizemeansbothalargenumberof examples
of thebehavior representedthroughtheclass(largenumber
of summandsin eq.(2)) andalsohighdegreeof representa-
tivenessof thebehavior throughits examples(highvalueof
thesummandsin eq.(2)). In thecasethatwe useanequal-
ity insteadof a similarity the above classsizecorresponds
to thenumberof thepatternsin theclass:s(C) = jCj. The
classsizecanbeviewedalsoto beproportionalto frequency
of theeventtypedescribedby theclass.

4 WEAK -APRI ORI Property

Usingtheabovenotation,theAPRIORI propertycitedin
theintroductionandusedasabasisfor thealgorithmcanbe
expressedasfollows:

s(C(m � 1) ) � s(C(m ) )

whereC(m � 1) is asubclassof C(m ) . In thecaseof similar-
ity insteadof equalitytheAPRIORI propertydoesnot have
to bealwaysvalid: it canbeviolatedby m-patternswhich
have (m � 1)-subpatternsthatarenot sosimilar asthem-
patternsitself. A reasonmaybeapair of stronglydissimilar
eventsin thesubpatternswhoseimpacton thetotal similar-
ity betweenthepatternslosesstrengthwith increasingpat-
tern length. This property canhold for all pairsof patterns
in a classand thusleadsto a smallersizeof its subclasses.
In this casetheAPRIORI propertywill nothold.

A remedyis adifferentversionof theAPRIORI property
which requiresaweakerboundon thesizeof thesubclass:

De�nition 6 WEAK-APRIORI-Property: For all sub-
classesC(m � 1) of a patternclassC(m ) holds:

s(C(m � 1) ) � g(m)s(C(m ) ) � f (m)jC(m � 1) j

where g(m) and f (m) are positivefunctions of the class
orderm.

Thefunctions g(m) andf (m) serve asa correctionfor the
smallersizeof a subclass.Theconcreteform of f (m) and
g(m) dependsonthesimilarity measureandaninstantiation
is givenin eq.(3) for thesimilarity de�ned there.Provided
thepropertyin def.6 holdsfor a similarity measurewe can
seethat algorithm1 correctly recognizesall l -classeswith
sizeat leaststh if weusein line 5 in thei th loopfor thesize
of aclassC thefollowing dynamicthreshold (i 2 [2; l ]):

s( i )
th (jCj) = sth

mY

k= i +1

g(k) � jCj
mX

k= i +1

f (k)
k � 1Y

j = i +1

g(j )

This thresholdresultsfrom the WEAK-APRIORI property
by propagating the classsizedecreasefrom stepl till step
i . It guaranteesthatwe will not missin earlierloopsof the
algorithmany subclasseswhichcanbeused toconstructand
consequentlydetectall classesof orderl with sizeat least
sth . A proofof this factcanbefoundin [13].



5 Pattern Clustering

The objective of line 4 in algorithm (1) is to classify
thegeneratedpatternsinto clusterswhichcorrespondto the
sameactivity type.Precisely, thisclusteringstepmustresult
in largecoherentclasseswhich arealsoclearlydistinguish-
ablefrom eachother.

We proposean entropy-basedagglomerative hierarchi-
cal clusteringmethod([9], [4]). Startingwith classescon-
tainingonly onepattern,in eachsuccessive stepwe merge
thosetwo classesCi andCj whosemergeleadsto thehigh-
estincreaseof autility functionU(Ci ; Cj ). This functionis
basedon theweightedentropy Hw (C) of a classC which
is de�ned astheproductof theclasssizes(C) andtheclass
entropy H (C). Theentropy H (C) is de�ned by interpret-
ing aclassasarandom variablewith valuesequalto thepat-
ternsandprobabilitiesPC (�) of thosevaluesproportional to
their classsimilarities:

PC (p) def=
sim(p;C)

P
p02 C sim(p0; C)

=
sim(p;C)

s(C)

wherep 2 C. Fromtheabovede�nitions follows:

Hw (C) def= s(C)H (C) =
X

p2 C

sim(p;C) log
�

s(C)
sim(p;C)

�

A classof high quality is characterizedby a largevalue
of the weightedentropy: large classsizeindicatesa lot of
mutuallysimilarpatternsin theclassandlargeclassentropy
indicatesgoodcoherenceandlackof outliers.

During theclusteringwe mergeclassesif this stepleads
to anincreaseof theweightedentropy of thenew classcom-
paredwith theold classes:

U(Ci ; Cj ) def= Hw (Ci [ Cj ) � Hw (Ci ) � Hw (Cj ) > 0

We iteratethe above merge step until no further increase
canbeachieved. In this casewe have hopefullyall patterns
describingthesameactivity typein oneclass.

6 Similarity Measure

In this sectionwe describe informally a similarity mea-
surebetweenvideoevents.As anapplicationweusevideos
recordedat a parking lot divided into zones(see�g. 1(b))
in which vehiclesand personsare tracked. The system
recognizesthe events'an objectbeing in a zone' and 'an
object closeto anotherobject'. Theseeventscan be de-
scribedcompletelyby a tupleof attributes:eventname,ob-
ject types,zonenameandstart/endtime.

A similarity measurecompareseventpatternsusingthe
attributesof the primitive events. We distinguish between

Figure 1. (a) Visualization of the event 'vehi-
cle on the parking road'. (b) Manuall y de�ned
zones in the scene .

symbolicandnumericattributes. In the above domainex-
amplesfor the �rst attribute typesare event name,object
type,andzonename;examplesfor thesecondtypeareevent
duration,event start/endtime. The former are in mostof
the casesunorderedandcanbe comparedonly for equal-
ity while the latter mustbe treatedwith a soft comparison
function:

Csy mb (x; y) def=
�

1; x = y
0; otherwise

Cnu m (x; y) def= e� ( x � y ) 2

�xy

wherex; y 2 R and � 2 R+ is a parameter. The usage
of the denominator xy makes the function moresensitive
to differencesbetweensmall values. This correspondsto
the assumptionthat attributeswith small valuesare more
susceptibleto changes.

Anothertaxonomyof theattributesis basedon their us-
age. Someattributes can be compareddirectly as event
names,object types, zonename,and event duration. In
other caseswe must evaluatean attribute in relation with
attributesof otherevents: comparingevent start/endtimes
directly doesnot make sensebut only in thecontext of an-
othereventin ordertoexpressthetemporalrelationbetween
them.Basedonthisdistinctionbetweenattributeswede�ne



theattribute-structuresimilarity:

sima-s(pi ; pj ) def= wa attr (pi ; pj ) + ws struct( pi ; pj )

with wa ; ws � 0; wa + ws = 1, which comparesnot only
the propertiesof the primitive eventsin a separatemanner
through its attribute similarity attr (pi ; pj ) but also com-
paresthestructuresof thepatternsexpressedin termsof the
temporalrelationsbetweenthe eventsin a patternformu-
latedasstructuresimilarity struct( pi ; pj ). Usingtheabove
two notionswe combinedirectcomparisonwith principles
of analogyreasoning([5]).

Theabove componentsof thesimilarity mustbede�ned
manuallyfor eachdomain.Hereby, theattributesof aprim-
itiveevente( i )

k of am-patternpi , k = 1: : : m, arecompared

with theattributesof exactly oneevente( j )
k of theotherm-

patternpj usinganappropriatecomparefunction:symbolic
attributesarecomparedonly aboutequality;for numeric at-

tributesx andy we usee� ( x � y ) 2

�xy . The similarity between
patternsis theaverageof thesimilaritiesbetweenall primi-
tiveevents:

attr (e( i )
k ; e( j )

k ) def=
Y

a( i ) 2 D (e( i )
k )

C(a( i ) ; ci;j (a( i ) ))

attr (pi ; pj ) def=
1
m

mX

k=1

attr (e( i )
k ; e( j )

k )

whereci;j (a) 2 D(e( j )
k ) is the correspondingattribute in

e( j )
k to an attribute a from e( i )

k . The structure similarity
comparesthetemporalrelationsof theprimitiveevents.The
temporalrelationbetweene( i )

k ande( i )
l from pi canbecom-

paredwith thetemporalrelationbetweene( j )
k ande( j )

l from
pj asfollows:

struct( e( i )
k ; e( i )

l ; e( j )
k ; e( j )

l ) def=

Cnu m (dist( e( i )
k ; e( i )

l ); dist( e( j )
k ; e( j )

l ))

where dist( �; �) comparesthe temporaldistancebetween
events:

dist( ei ; ej ) def=
�

d(ei ; ej ); jd(ei ; ej )j � jd(ej ; ei )j
d(ej ; ei ); otherwise

d(ei ; ej ) = b(ei ) � e(ej ) with b(e) ande(e) startundend
timeof anevente. Finally:

struct( pi ; pj ) def=

1
m(m � 1)

mX

k ;l =1 ;k 6= l

struct( e( i )
k ; e( i )

l ; e( j )
k ; e( j )

l )

con�guration samplepattern1 samplepattern2
pert. noise length rank length rank

5 0% 5 1 6 2
25% 5 1 6 1
50% 5 1 6 2

10 0% 5 1 6 2
25% 5 2 5 1
50% 5 1 6 1

Table 1. Results with synthetic data. For
each con�guaration of per turbation variance ,
noise por tion, and sample pattern the rank
and the length of the most meaningful de-
tected pattern are displ ayed.

It canbeshown thattheattribute-similaritysimilarity satis-
�es theWEAK-APRIORI property([13]):

s(C(m � 1) ) �
�

1 �
1

m � 1

�

| {z }
g(m )

s(C(m ) )

�
�

wa

m � 1
+

2ws

m � 2

�

| {z }
f (m )

jC(m � 1) j (3)

With increasingpatternlengthm theboundontheright side
of theabove inequalityconvergestowardss(C(m ) ) because
g(m) m !1� ! 1 and f (m) m !1� ! 0. Hence, the violation
of the initial APRIORI propertydecreaseswith increasing
patternlength andsothecomputationaleffectivenessof the
initial algorithmis preserved.

7 Evaluation

Wetestourapproachontwo typesof setscontainingfre-
quentcompositeevents: syntheticdataanddatafrom the
parkinglot monitoring domain. In both caseswe describe
the datamanuallyandcomparethe mostfrequentpatterns
foundby thealgorithm with thedescriptionof thedata.We
assess(i) which subpatternsof theexpectedeventpatterns
were recoveredand(ii) what is their frequency compared
to the frequency of the otherdetectedpatterns.The latter
aspectis quanti�ed in form of a rank: a patternhasrankk
if it is thekth mostfrequent.

Thesyntheticdatawasgeneratedfromtwomanually cre-
atedsamplepatternsof length6. For eachsamplepattern6
testsetswerecreatedasfollows. 5 copiesof eachof these
patternswereperturbedandrandomlypositionedin a time
interval of 15000timeframes.Precisely, thestart/endtimes
wereperturbedwith a gaussiannoisewith varianceequal
to 5 and10 time framesandmean0 andthusresultingin



two setsfor eachsamplepattern.Additionally, noisyevents
wereaddedto eachsetwhoseportion of all events equals
to 0%, 25% or 50%. The resultingsetsand the resultsof
the experimentsfor eachset are displayedin table 1 and
show that in all testrunsat leasta 5-subpatternof the op-
timal 6-patternwasrecovered.This patternwasin 65%of
thecasesthemostfrequentandin the remainingcasesthe
secondfrequent.In thecasewhentheexpectedpatternwas
the secondfrequent,the mostfrequentpatternwascaused
by eventswhich coincidentallyform patterns.The perfor-
manceof thealgorithmwasstableevenin theworstcaseof
highperturbationand50%noise.

In orderto evaluatethe techniquein a real situationwe
applyit in theparkinglot domain.Weprocessappr. 4 hours
of videodatafrom two daysresultingin appr. 200hundred
primitive eventsrepresentingappr. 20 composite eventsdi-
vided into two sets,one set for eachday. Thesesetsare
presentedin �g. 2 together with the results. In both cases
the most frequentcomplex eventsweredetectedand they
had in both casesrank 1. Theseeventscorrespondto the
manoeuvreparkingandthusthemostnatural activity in the
domainwasdetected.

The reasons for not obtaining a patternof full length
arestrongperturbationsin somecasesandimperfecttrack-
ing which splits sometimesone primitive event into sev-
eral due to lost objects. The computational cost reduces
rapidly with each iteration of the APRIORI algorithm: in
eachstepbeyond the 3r d onelessthan1% of all possible
patternswere taken into account. This shows the effec-
tivenessof theWEAK-APRIORI propertyin thecaseof the
attribute-similaritymeasure:the boundbecomesmorere-
strictive with increasingpatternlengthfor which thenum-
berof possiblepatternsincreases.On a machinewith a 3.4
GHzIntel Pentiumr CPUthealgorithmneededbetween30
and90minutesfor eachrun.

8 Conclusionand Futur eWork

In this paperwe presentan approachfor detectingfre-
quentcompositeeventsusingtheAPRIORI algorithmfrom
thedatamining �eld. We wereableto adaptthis algorithm
to handleuncertaintywithout losing its computationalat-
tractiveness.It discoversclearcompositeeventsandstruc-
turesthemhierarchically. Theproposedmethod is built as
a generalframework for which context knowledgein form
of a similarity measureand a genericlibrary of primitive
eventsmustbespeci�ed.

In thefuturewewould liketo investigateothersimilarity
measuresbased,for example,onprobabilities. In asimilar-
ity we canincorporatenot only uncertaintyof thetemporal
attributesbut alsoof theremainingattributessuchaslabels,
for examples.Anothertopic is theanalysisof thedetected
frequentpatterns in orderto createa compact andexpres-

(a) BOREL PARKING 11 03

(b) BOREL PARKING 21 03

Figure 2. Manuall y created description of the
data and results. Each �o w displa ys a se-
quence of primitive events of 'vehic le or per-
son in an zone' with the zone name and ob-
ject type given. The occurrence refers to
data descriptions. The disco vered comple x
events are marked bold with their rank to the
right.

sive modelof the whole data. A different topic is to im-
prove theperformanceof themethod.Thiscanbeachieved
throughbetterimplementationbut probablyalsothroughin-
tegratingthe operationfrom the line 3 in algorithm (1) as
anothermerge stepin the clusteringfrom line 4: we can
createlongerpatternsby combiningclasseswhosepatterns
have large numberof overlappingstates. In this way the
wholealgorithmcanberepresentedasaclustering.
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