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Ctra.SanJuan- TomaresKm. 1.3.
SanJuandeAznalfarache.Sevilla

fjcuberos@rtva.es

J.A. Ortega and R.M. Gasca and M. Toro
DepartamentodeLenguajesy SistemasInformáticos.
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Abstract

Therearedifferentapproachesto thetemporalstudyof
time evolving systems.In this paper, this studyis car-
ried outby meansof thecomparisonof time series.
It is proposedasan improvementin thecomparisonof
time serieswith theinclusionof qualitative knowledge.
Taking into accountthe evolution of the valuesof the
series,our approachusesa similarity index definedby
qualitative labels.Every label representsa rankof val-
uesthatwemayconsidersimilar, from aqualitativeper-
spective. Theproposedindex is definedby meansof the
matchingof qualitative labels.
Let beatimeseries,alabelis obtainedwith everytrans-
actionof every two adjacentvalues.This labeldepends
on themagnitudeandthesignof thetransaction.If ev-
ery label is representedby meansof a singlecharacter,
then the evolution of the temporalseriesis translated
into a string. Finally, an index of similarity of the time
seriesis definedaccordingto the similarity of the ob-
tainedstrings.
This proposedindex has beenapplied to the dataset
of Australiansigns(AustralianSingLanguageDataset)
of UCI KDD with a correctidentificationratesuperior
to the 95 per cent. In this paper, it hasbeenapplied
to study the different behaviours of a semiqualitative
modelof logistic growth with a delay.

Intr oduction
The study of temporalevolution of systemsis an incipi-
ent researcharea. It is necessarythe developmentof new
methodologiesto analyzeandto processthetime seriesob-
tainedfrom theevolution of thosesystems.Thesetime se-
riesareusuallystoredin databases.It isnecessaryto develop
new algorithmsfor its study.

A timeseriesis asequenceof realvalues,eachonerepre-
sentsthevalueof amagnitudeat apointof time. A possible
field of applicationis the comparisonof time seriesin nu-
meric databases.We are interestedin databasesobtained
from the evolution of dynamicsystems. It is proposedin
(Ortega et al. 99) a methodologyto simulatesemiqualita-
tive dynamicsystems.Thesesimulationsarestoredinto a
database.This databasemayalsobeobtainedby meansof
the dataacquirefrom sensorsinstalledin the real system.
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Therearea variety of applicationsto produceandto store
timeseries.

Whenwe areworking with time-seriesdatabases,oneof
the biggestproblemsis to calculatethe similarity between
two given time series.The interestof a similarity measure
is multiple. In this paper, this interestis focusedon: find-
ing thedifferentbehaviour patternsof thesystemstoredin a
database,looking for aparticularpattern,reducingthenum-
berof relevanceseriesbeforeapplyinganalysisalgorithms,
etc.

Assumingthat thesimilarity is a distancefunctionof the
timeseries,wecataloguethebasicqueriesto manageatime
seriesdatabasein threegroups:� Rangequery:givenaseries,findingthoseseriesthatare
similar in within a distance.� Nearestneighbor: givenaseries,finding in thedatabase
theserieswhich is thenearestneighborin accordancewith
adefineddistance.� All-pairs query: finding all the pairs of seriesin the
databasethatarewithin a distanceof eachother.

Many approacheshave beenproposedto solve the prob-
lem of an efficient comparison.In this paper, we proposed
to carryout this comparisonfrom a qualitative perspective,
taking into accountthe variationsof the time seriesvalues.
Theideaof our proposalis to abstractthenumericalvalues
of the time seriesandto concentratethe comparisonin the
shapeof thetime series.

In thispaper, wedonot take into accounttimeserieswith
noise,it is postponedfor futurework.

The restof this paperis structuredas follows: first, we
analyzesomerelatedworksthatwe have usedto defineour
index. Next the ShapeDefinition Language is introduced,
which is appropriateto carryout thetranslationof theorig-
inal values,andwe alsoexplain theproblemof theLongest
CommonSubsequence( 	�

� ). Next sectionintroducesour
approach,the QualitativeSimilarity Index. Finally, this in-
dex is appliedto a semiqualitative logistics growth model
with adelay.

RelatedWork
In the literature,differentapproximationshave beendevel-
opedto studytimeseries.In (Agrawaletal. 95b)presentthe
shapedefinitionlanguage( ����	 ). ( ����	 ), which is suitable
for retrieving objectsbasedon shapescontainedin thehis-



toriesassociatedwith theseobjects.An importantfeatureof
thelanguage� is its ability to performblurry matchingwhere
theusercaresonly abouttheoverall shape.Thiswork is the
key to translatethe original datainto a qualitative descrip-
tion of its evolution thatallowsa subsequentcomparison.

On the other hand, thoseworks that study the problem
of the LongestCommonSubsequence( 	�

� ) are also re-
latedto this paper, becausewe use( 	�

� ) algorithmsasthe
baselineto defineour index. (Paterson&Danćık94)collecta
completereview of mostknown solutionsto this problem.

Therehasbeenmany workson comparisonof timeseries
(Faloutsoset al. 94). Most of themproposethe definition
of indexes,which areappliedto a subsetof valuesextracted
from the original data. Theseindexesprovide an efficient
comparisonof time series.They aredefinedtaking into ac-
countonly someof the original values. This improvement
of speedproducesadecreasein theaccuracy of thecompar-
ison.

Theseindexes are obtainedapplying a transformation
from thetime seriesvaluesto a lower dimensionalityspace.
Otherapproachesdiffer in thewayto carryout thismapping
or in theselectedtargetspace.

Oneoption is to selectonly a few coefficientsof a trans-
formation processto representall the information of the
originalseries.In thisapproach,wefind thechangefrom the
time domainto frequency domain.In (Agrawal et al. 95a),
it is usedtheDiscreteFourier Transform( ����� ) to reduce
the seriesto the first Fourier Coefficients. In (Chan&Wai-
chee99),it is proposeda solution basedin the Discrete
WaveletTransform( ����� ) in asimilar way.

Other approachesreducethe original data in the time
series, selecting a subset of the original values. In
(Keogh&Pazzani98),it usesa piece-wiselinear segmenta-
tion of the original curve. In (Keogh&Pazzani99),the Dy-
namicTime Warping( ����� ) algorithmis appliedover the
segmenteddata,andfinally in thework (Keogh&Pazzani00)
it is madea straightdimensionalityreductionwith Piece-
wise ConstantApproximation,selectinga fixed numberof
valuesof theoriginaldata.It is known asPCA-indexing.

Thelastoptionis to generatea 4-tuple-featurevectorex-
tractedfrom every sequence.In (Kim et al. 01), this vector
is proposedand a new distancefunction is definedas the
similarity index.

In thepaper(Cheung&Stephanopoulos90), it is proposed
thestudyof serieswith differenttime scalesfrom a qualita-
tiveperspective.

ShapeDefinition Language(SDL)
This languageproposedin (Agrawal etal. 95b)is verysuit-
ableto createqueriesabouttheevolution of valuesor mag-
nitudesalongthetime.

For any setof valuesstoredfor a time period,the funda-
mentalidea in ����	 is to divide the rangeof the possible
variationsbetweenadjacentvaluesin acollectionof disjoint
rangesandto assigna labelfor eachof them.

Figure1 representsa sampledivision in threeregionsof
thepositiveaxis.Thisdivisiondependsonthepossiblevari-
ationsand the assignedlabels. The behaviour of a series

Label1

Label2

Label3

t t+∆t

Figure1: Possibleassignmentof labels

maybedescribedtakingintoaccountthetransitionsbetween
consecutivevalues.A derivativeseriesis obtainedby means
of the differenceof amplitudeamongthe consecutive val-
uesof thetime series.Thevalueof this differencematchin
oneof thedisjointranges,andthereforethisvaluesodefined
producesa labelof thealphabet.

This translationproducesa transitionssequencebasedon
analphabet.Thesymbolsof thisalphabetdescribethemag-
nitudeof theincrementsof thevaluesof thetimeseries.Ev-
ery symbol is definedby meansof four descriptors. The
firsts two are the lower and upperboundsof the allowed
variationfrom theinitial valueto thefinal valueof thetran-
sition. Thelasttwo specifytheconstraintson theinitial and
final valueof thetransition,respectively.

Thealphabetproposedin (Agrawal et al. 95b)hasonly �
symbols.The sizeof this alphabetis very small compared
with the realvaluesthat theseriesmayachieve alongtime.
Thistranslationprioritizedtheshapeovertheoriginalvalues
of the time series.This affirmation will be later explained.
Figure 2 shows an exampleof translationusing the set of
symbols ����� �"!$#&%'� �"!$#)(+*-,/.10324#)542768�9#;:'<=#1>�<@? .
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Figure2: Exampleof translation

Every stringof symbolsmaydescribean infinite number
of curves.All of themverify theconstraintsimposedfor the
symbolsto therepresentedtransitions.
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Figure3: Translationwith identicalsequence

Figure3 shows threedifferentcurveswith the samese-
quenceof symbols,even thoughthe curveshave different
initial points. In a similar way, we usea languageto trans-
latea timeseriesdescribedby meansof theirnumericalval-
uesinto a string of symbolswhich representthe variations
betweenadjacentvalues.

LongestCommon Subsequence( EGFIH )

Working with differentkinds of sequences,from stringsto
DNA chains,oneof themostusedsimilarity measureis the
LongestCommonSubsequence( 	�

� ) of two or moregiven
sequences.	�

� is the longestcollectionof elementsap-
pearsin both sequencesand in the sameorder. For two
finite sequences(KJ L3(8MN#)(7ON#+PQPRPQ#S(7T�U ,*VJ LW*&MN#;*-ON#+PQPRPR#;*-XYU
over alphabetZ , the 	�

� problemconsistsof finding the
longestsequenceL�: M #;: O #[PRPRPQ#&:@\[U suchthatthereexist indices] M�^ ] O_PQPRP`^ ] \ , with acbd6�bde , and f8MG^gf7O_PRPQP@^hf \ , witha
bg6ibj! , suchthat (7kmlnJo:@p and *rq-lnJo:@p .

The algorithmsto compute	�

� arewell known anda
deeperanalysisis not necessary.Different algorithmsfor	�

� hasbeenanalyzedanda deeperanalysiscomparedin
(Paterson&Danćık94).

Our interestin 	�

� comefrom:� The �$��	 languagegeneratesa stringof symbolsfrom
theoriginal numericvaluesof thetime series,soit is possi-
ble to applythe 	�

� algorithmto find a”distance”between
two time series,abstractingtheshapesof thecurves.� The 	�

� is a specialcaseof theDynamicTime Warp-
ing ( ���n� ) algorithm reducingthe distanceincrementof
eachcomparisonto s or a dependingon the presence,or
not, of thesamesymbols.So 	�

� inheritsall the features
of ���n� .���n� is an algorithmintensively usedin speechrecog-
nition areabecauseit is appropriateto detectsimilar shapes
that are non alignedin the time axis. This lack of align-
mentinducescatastrophicerrorsin thecomparisonof shapes
which usetheEuclideandistance.

The ideaof ���n� is to find a setof orderedmappings
betweenthe valuesof two series,so the global distanceo
warpingcostis minimized.

Qualitati veSimilarity Index ( t�H�u )
Theideaof this index is the inclusionof qualitative knowl-
edgein thecomparisonof time series.It is proposeda mea-
surebasedin the matchingof qualitative labelsthat repre-
senttheevolutionof theseriesvalues.Eachlabelrepresents
a rangeof valuesthat may be assumedas similar from a
qualitativeperspective . Differentserieswith a qualitatively
similarevolutionproducethesamesequenceof labels.

The proposedapproximationperforms better compar-
isonsthanpreviouslyproposedmethods.This improvement
is mainly due to two characteristicsof the index: it maxi-
mizestheexactnessbecauseit is definedusingall theinfor-
mationof the time series;andon theotherhand,it focuses
thecomparisonon theshapeandnot on theoriginal values
becauseit considerstheevolution of groupsassimilar. It is
interestingto notethat we supposethat the time seriesare
noisefreebetweento samplesandwith a linearandmono-
tonicevolution.

Let v J L�wyx'#[PRPQPR#;w{z4U be a time series. Our pro-
posedapproachis appliedin threesteps. First, a normal-
ization of the valuesof v is performed,yielding |v JL |w x #[PRPQPR# |w z U . Usingthis serieswe obtainthedifferencesse-
ries v�}~J�L�% x #+PQPRPR#&% zN� M�U , that it is translatedto a string����J�L3� M #[PRPQPR#&�[z_� M U . Thesimilarity betweentwo timeseries
is calculatedby meansof thecomparisonof thetwo strings
obtainedfrom them, applying the previous transformation
process,and thenusing the 	�

� algorithm. The result is
usedasa similarity measurebetweenthe original time se-
ries.

Normalization
Keepingin mind thequalitative comparisonof theseries,it
is madea normalizationof theoriginal numericalvaluesin
the interval [0,1]. This normalizationis carriedout to al-
low thecomparisonof timeserieswith differentquantitative
scales.

Let v J�LWwyx'#[PRPRPQ#&w@z9U be a time series,and let |v JL |w x #[PRPQPR# |w z U bethenormalizedtemporalseriesobtainedfromv , asfollows:

|w@k�J w k�� e ] !���wyx'#[PRPQPR#;w{z4?e�,'w���wyx'#[PRPQPR#;w{z9? � e ] !��Wwyx'#[PRPRPQ#&w@z'? (1)

where e ] ! and e�,'w are operationsthat return the maxi-
mum a minimum valuesof a numericalsequence,respec-
tively.

Let v�}�JKL3% x #[PRPQPR#&% z_� M+U betheseriesof differencesob-
tainedfrom |v asfollows:% k J |w k�� |w k � M (2)

This differenceserieswill be usedin the labeling stepto
producethe string of characterscorrespondingto v . It is
interestingto notethat every % kc� v } is a valuein the [-
1,1] interval, asaconsequenceof thenormalizationprocess.

Labeling process
The proposednormalizationin the previous sectionis fo-
cusedin theslopeevolutionandnot in theoriginalvalues.A
labelmaybeassignedto every differentslope,sotherange



of all thepossibleslopesis dividedinto groupsanda quali-
tative� labelis assignedto everygroup.

Therangedivision is defineddependingon theparameter�
which is suppliedby theexpertsaccordingto their knowl-

edgeaboutthe system. The valueof this parameterhasa
direct influencein the quality of the results,thereforethis
is anopenresearchareaof this paperthatwe will detail in
futurework.

Label Range Symbol
High increase ��a8� � #1�
��� �

Mediumincrease �Qa � � O #[a8� � � �
Low increase � sY#+a � � O � 	
No variation s s
Low decrease � � a8� � O #)s8� 0

Mediumdecrease � � a8� � # � a � � O � e
High decrease � � �o# � a8� � � �

Wherethe first column representsthe qualitative label for
every rangeof derivatives, which is shown in the second
row. Last columncontainsthe characterassignedto each
label. The proposedalphabetcontainsthreecharactersfor
increasesandthreefor decreasesranges,andoneadditional
characterfor constantrange. It is importantto notethat in
our approachthereis no applicationof the constraintspre-
sentedin �$��	 (Agrawal et al. 95b).

This alphabetis usedto obtain the string of characters����J�L�� M #+PQPRPQ#)�[z_� M U correspondingto the time series v ,
where every ��k representsthe evolution of the curve be-
tweentwo adjacenttime pointsin v andit is obtainedfromv } J�L3%_x'#[PRPRPQ#)%'z_� M U assigningto every % k its characterin
accordancewith theabovetable.

This translationof the time seriesto a sequenceof sym-
bolsletsusabstractfrom therealvaluesandfocusouratten-
tion on the shapeof thecurve. Every sequenceof symbols
describesa completefamily of curveswith a similar evolu-
tion.

Figure4 shows a normalizedcurve with their derivative
valuesandtheassignedlabelto eachtransitionbetweenad-
jacent values. This example has beenobtainedselecting� J�� .
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Figure4: Sampleof translation

Definition of Ë�ÌÎÍ Similarity
Let vÏ#)Ð be time serieswhere v�J�LWw x #+PQPRPR#;w z U and Ð�JLWÑNx4#[PRPQPR#;Ñ4z4U . Let ���c#)�=Ò bethestringsobtainedwhen vÏ#)Ð
arenormalizedandlabelled.

The ÓG��Ô similarity betweenthestrings� � #S� Ò is defined
asfollows

ÓG�$Ô@�3� � #)� Ò ?ÕJKÖ �3	�

�×�r���c#)�ØÒ�?;?e (3)

where Ö � is the counter quantifier applied to string � .
Counterquantifieryieldsthenumberof charactersof � . On
the other hand, e is definedas eÙJÚe�,'w�� Ö ���Û# Ö �ØÒ�? .
Therefore,the ÓG�$Ô similarity may be understoodlike the
numberof orderedsymbolsthatwemayfind in thesameor-
derin bothsequencessimultaneously, andthisvaluedivided
by thelengthof thelongestsequence.

Propertiesof ÓG�$Ô Wearegoingto describedtwo proper-
tiesof ÓG�$Ô .

Let ���c#)�ØÒ"#)�ØÜ be threestringsof charactersobtained
from thetransformationof threetemporalseriesvÝ#&Ð�#SÞ re-
spectively. Thedefinitionof ÓG��Ô similarity verifiesthat:
Property1. ÓG�$Ô@�3���c#)�=ÒÕ? is a numberin theinterval � sy#[a�� .
If v is absolutelydifferentof Ð it is s .

If 	�

�×�3� � #)� Ò ?;?�J�ßà
Ö 	�

�×�r���Û#S�ØÒÕ?&?ÕJdsàÓG�$Ô@�3� � #)� Ò ?ÕJosYP

(4)

The ÓÛ�$Ô`�r� � #S� Ò ? valueincreasesaccordingto thenumber
of coincidentcharacters.Thisnumberis a if � � J�� Ò .

If 	�

�"�3���c#)�ØÒ�?;?ÕJ����à
Ö 	�

�×�3� � #)� Ò ?&?�J�� �àÓG�$Ô@�3�Ø�G#)�=ÒÕ?ÕJ�a_P

(5)

Property2. The lengthof the stringsto comparealsohas
an importantinfluence. In this sense,two stringswith ap-
proximatelengthsandwith anumberof coincidentsymbols
aremoresimilar thantwo stringswith the samenumberof
coincidentsymbolsbut with differentlengths:

Ö ����á Ö �ØÒ"# Ö ����á Ö �ØÜ�#Ö 	�

�×�3� � #)� Ò ?�á Ö 	�

�×�r� � #S� Ü ?àÓG�$Ô@�3�Ø�G#)�=Ò�?�âdÓG�$Ô@�3���Û#)�ØÜã? (6)

Comparisonwith other approach
Whena new approachis introduced,it is interestingto test
its validity and the improvementwith respectto the other
approachesthatappearedin the literature.In this paper, we
aregoingto compareourapproachwith thealgorithmintro-
ducedin (Keogh&Pazzani99),called SegmentedDynamic
TimeWarping( �$����� ). (Keogh&Pazzani99)carriesout a
clusteringprocesswith a setof time series.Every cluster-
ing processjoins setsof datain subsetstrying thesimilarity
amongtheelementsof everysubsetto beminimizedandthe
similarity betweendifferentsubsetsto beminimizedtoo.



The �$���n� algorithm was testedwith the Australian
Signä LanguageDatasetfrom theUCI KDD (Bay99)choos-
ing � samplesfor eachword. Thedatain thedatabasearethe
3-D positionof thehandof fivesigners,recordsby meansof
a dataglove.

In order to carry out the comparisonbetweenboth ap-
proaches,we have chosenthe same a+s words used in
(Keogh&Pazzani99)from the å4� words included in the
database.Next, for everypossiblepairingof differentwords
( æ'� ), we have clusteredthe a7s sequences( � of eachword),
usinga hierarchicalclusteringusingthe average,with two
differentdistancemeasures.First, we usedthedistancede-
fined in theclassic���n� algorithmappliedto theoriginal
numericalvaluesof the series. The result was ç_ç correct
clusteringfrom æ'� . Next, we usedthe similarity ÓÛ�$Ô in-
dex, proposedin this paper, over the string obtainedfrom
thetranslationof theoriginalvaluesof theseries.This time,
theresultwas æ4æ correctclusteringof æ'� .

Thetotalsuccessobtainedwith ����� is exactlythesame
reportedby (Keogh&Pazzani99),but the successobtained
with ÓG�$Ô similarity is better.

Application of t�H�u to a logisticsgrowth model
with a delay

The following genericnames: logistic, sigmoidal, and s-
shapedprocessesare given to thosesystemsin which an
initial phaseof exponentialgrowth is followed by another
phaseof approachingto a saturationvalue asymptotically
(figure 5). This growth is exhibited by thosesystemsfor
which exponentialexpansionis truncatedby the limitation
of theresourcesrequiredfor this growth.

exponential asymtotic behavior

t

growth

Figure5: Logisticsgrowth curve

In literature,thesemodelshave beenprofuselystudied.
They aboundboth in naturalprocesses,and in social and
socio-technicalsystems.Thesemodelsappearin theevolu-
tion of bacteria,in mineralextraction, in world population
growth, economicdevelopment,learningcurves,somedi-
ffusion phenomenawithin a given populationsuchasepi-
demicsor rumors,etc. In all thesecases,their commonbe-
havioursareshown in figure6. Thereis abimodalbehaviour
patternattractor: è standsfor normalgrowth, and é for de-
cay. It canbe observed how it combinesexponentialwith
asymptoticgrowth. Thisphenomenonwasfirst modelledby
theBelgiansociologistVerhulstin relationwith humanpop-
ulationgrowth in (Verhulst50).Nowadays,it hasa wide va-
riety of applications,andsomeof themhave just beenmen-
tioned.

t
O

A

Figure6: Logisticsgrowth model

Let � be the qualitative model. If we adda delayin the
feedbackpathsof � , thenits differentialequationsare

êjë ìíî íïñðw�Jòwó�W!�6 � eô?1#ÑõJd%'2 0�,'Ñ_öY��w@?�#÷wôâjsy#ø6
J�� M �WÑY?1#�@M ë � � � �d# � �g?�#S�c#+�3% x #&s4?�#S�c#7��sY#+a7?�#�c#7��% M #)2+x ?1# � #+�-a4#&s'?1# � �ù�
�d# � �g?1�
being ! the increasingfactor, e the decreasingfactor, and�@M a qualitative continuousfunction definedby meansof
pointsandthederivativesignamongtwo consecutivepoints.
Thesefunctions are explained in detail in (Ortega 2000).
This functionhasa maximumpoint at �Ww M #;Ñ_x7? . The initial
conditionsare

ê x ë ìíî íï wyx � � 	�ú�ûy#)�Vúóû �ù#	ÕúóûY�Weô?1#	Õú û �W!=?�#ü � � �Vú ö #SýGú ö �
where 	�úÎ#)�VúÎ#)ýÛú are the qualitative unary operators
slightly positive, moderately positiveand very positivefor
the w=# ü variables.

The methodologydescribedin (Ortega et al. 99) is ap-
pliedto thismodelto obtainthedatabaseof timeseries.This
methodologytransformsthis semiqualitative model into a
family of quantitativemodels.Stochastictechniquesareap-
plied to choosea quantitativemodelof thefamily. Thesim-
ulationof everyselectedquantitativemodelgeneratesatime
seriesthatis storedinto thedatabase.Wewould like to clas-
sify thedifferentbehavioursof thesystemapplyingthe ÓG��Ô
similarity to theobtaineddatabase.Figure7 containstheta-
ble obtainedwhenthis index is appliedbetweenevery two
timeseriesof thedatabase.In this figuresomeof thesetime
seriesareshown .

Similarity matrix obtained with 
QSI


Figure7: ÓG�$Ô similarity of themodel

Threedifferent behaviours in this table appearsaccord-
ing to theobtainedvalue ÓG��Ô , they have beenremarkedin
figure8.
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Figure8: Logisticsgrowth modelwith adelay

Theresultsobtainedin thisway to discoverthebehaviour
patternsarein accordanceto othersappearedin the biblio-
graphy(Aracil et al. 97)and(Karsky etal. 1992)wherethe
resultsareconcludedby meansof amathematicalreasoning.

Figures9, 10 and 11 show the time seriesgroupedby
thesebehaviours. Figure9 shows the 1x,18xand77x time
serieswhosebehaviour is classifiedas recovered equilib-
rium. In a similar way, figure 10 shows the 17x and 73x
time serieswhosebehaviour is labelledas retardedcatas-
tropheandfinally, in figure 11 is shown the 50x, 54x and
55x time serieswhosebehaviour is labelledas decayand
extinction.

Conclusionsand Further Work
In thispaper, wehave introducedthe ÓG�$Ô index to measure
thesimilarity of timeseriesdependingon its qualitativefea-
tures.Furthermoretheproposedmethodachievesbetterre-
sultsthanpreviousalgorithmswith a similar computational
cost.

In orderto apply the ÓG�$Ô similarity index betweentime
series,it is necessaryanormalizationprocessof thetimese-
ries. Next, thesequenceof differencesis obtainedfrom this
normalizedseries. Finally, this sequenceis translatedinto
a stringusinga qualitatively definedalphabet.The 	�

� al-
gorithmsareusedto calculatethe index ÓG�$Ô . The results
obtainedare in accordancewith other previous works, al-
thoughour approachproducesa betterclassification.

In thefuture,theideais theautomationandtheoptimiza-

Figure9: Recoveredequilibrium

tion of thedivisionin rangesof thepossibleslopesby study-
ing thenumberof regionsandits limits.

Otherfurtherworks aredirectedto studythe application
of this techniqueto time serieswith noise,andto studythe
possibilityto definesimilarity grades,applyingtheindex to
modelswith differenttimescales.
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