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Abstract

Therearedifferentapproacheto the temporalstudyof
time evolving systems.In this papey this studyis car
ried outby meansf the comparisorof time series.

It is proposedasanimprovementin the comparisorof
time serieswith theinclusionof qualitative knowvledge.
Taking into accountthe evolution of the valuesof the
series,our approachusesa similarity index definedby
qualitative labels. Every label represents rank of val-
uesthatwe mayconsidessimilar, from aqualitative per
spectve. Theproposedndex is definedoy meanof the
matchingof qualitative labels.

Letbeatime seriesalabelis obtainedwith everytrans-
actionof every two adjacentalues.This labeldepends
on the magnitudeandthe sign of thetransactionlIf ev-
ery labelis representethy meansof a singlecharacter
then the evolution of the temporalseriesis translated
into a string. Finally, anindex of similarity of thetime
seriesis definedaccordingto the similarity of the ob-
tainedstrings.

This proposedindex hasbeenappliedto the dataset
of Australiansigns(AustralianSingLanguageDataset)
of UCI KDD with a correctidentificationrate superior
to the 95 per cent. In this paper it hasbeenapplied
to study the different behaiours of a semiqualitatie
modelof logistic growth with a delay

Intr oduction

The study of temporalevolution of systemsis an incipi-
entresearcharea. It is necessaryhe developmentof new
methodologieso analyzeandto procesghetime seriesob-
tainedfrom the evolution of thosesystems.Thesetime se-
riesareusuallystoredn databasedt is necessarto develop
new algorithmsfor its study

A time seriess asequencef realvalues,eachonerepre-
sentghevalueof amagnitudeat a point of time. A possible
field of applicationis the comparisorof time seriesin nu-
meric databases.We are interestedin databasesbtained
from the evolution of dynamicsystems. It is proposedn
(Ortegaet al. 99) a methodologyto simulatesemiqualita-
tive dynamicsystems. Thesesimulationsare storedinto a
databaseThis databasenay alsobe obtainedby meansof
the dataacquirefrom sensordnstalledin the real system.
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Therearea variety of applicationsto produceandto store
time series.

Whenwe areworking with time-seriedatabasesneof
the biggestproblemsis to calculatethe similarity between
two giventime series. The interestof a similarity measure
is multiple. In this paper this interestis focusedon: find-
ing the differentbehaiour patternsof the systemstoredin a
databasdpoking for a particularpattern reducingthe num-
berof relevanceseriesbeforeapplyinganalysisalgorithms,
etc.

Assumingthatthe similarity is a distancefunction of the
time serieswe catalogughebasicquerieso manageatime
seriegdatabasén threegroups:

e Rang query: givenaseriesfindingthoseserieghatare
similar in within a distance.

¢ Neaestneighbor givenaseriesfindingin the database
the serieswhich is the nearesheighborin accordancavith
adefineddistance.

e All-pairs query. finding all the pairs of seriesin the
databas¢hatarewithin a distanceof eachother

Many approachesave beenproposedo solve the prob-
lem of an efficient comparison.In this paper we proposed
to carry out this comparisorfrom a qualitative perspectie,
taking into accountthe variationsof the time seriesvalues.
Theideaof our proposals to abstracthe numericalvalues
of the time seriesandto concentratehe comparisonn the
shapeof thetime series.

In this paperwe do not take into accountime serieswith
noise,it is postponedor futurework.

The restof this paperis structuredas follows: first, we
analyzesomerelatedworksthatwe have usedto defineour
index. Next the ShapeDefinition Language is introduced,
whichis appropriateo carry out thetranslationof the orig-
inal values,andwe alsoexplain the problemof the Longest
CommonSubsequencd.C'S). Next sectionintroducesour
approachthe Qualitative Similarity Index. Finally, this in-
dex is appliedto a semiqualitatie logistics growth model
with adelay

RelatedWork

In the literature,differentapproximationshave beendevel-
opedto studytime series.In (Agrawal etal. 95b)presenthe
shapalefinitionlanguag&€SDL). (SDL), whichis suitable
for retrieving objectsbasedon shapesontainedn the his-



toriesassociateavith theseobjects.An importantfeatureof
thelanguages its ability to performblurry matchingwhere
theusercaresonly aboutthe overall shape Thiswork is the
key to translatethe original datainto a qualitatve descrip-
tion of its evolution thatallows a subsequentomparison.

On the other hand, thoseworks that study the problem
of the LongestCommonSubsequenc€l.C'S) arealsore-
latedto this paper becausave use(LC'S) algorithmsasthe
baselingo defineourindex. (Paterson&Dantk94) collecta
completereview of mostknown solutionsto this problem.

Therehasbeenmary workson comparisorof time series
(Faloutsoset al. 94). Most of them proposethe definition
of indexes,which areappliedto a subsebf valuesextracted
from the original data. Theseindexesprovide an efficient
comparisorof time series.They aredefinedtakinginto ac-
countonly someof the original values. This improvement
of speedproducesa decreasén theaccurag of thecompar
ison.

Theseindexes are obtainedapplying a transformation
from thetime seriesvaluesto alower dimensionalityspace.
Otherapproachediffer in theway to carryoutthis mapping
orin theselectedamgetspace.

Oneoptionis to selectonly a few coeficientsof atrans-
formation processto representall the information of the
originalseries.In thisapproachye find thechangdrom the
time domainto frequeng domain.In (Agrawal etal. 95a),
it is usedthe DiscreteFourier Transform(DF'T') to reduce
the seriesto the first Fourier Coeficients. In (Chan&Wai-
chee99),it is proposeda solution basedin the Discrete
Wavelet Transform(DWT) in asimilar way.

Other approacheseducethe original datain the time
series, selecting a subsetof the original values. In
(Keogh&Razzani98),t usesa piece-wiselinear sgmenta-
tion of the original curve. In (Keogh&Razzani99)the Dy-
namicTime Warping(DT W) algorithmis appliedover the
segmentediata,andfinally in thework (Keogh&Razzani00)
it is madea straightdimensionalityreductionwith Piece-
wise ConstantApproximation,selectinga fixed numberof
valuesof theoriginal data.lt is known asPCA-inding.

Thelastoptionis to generate 4-tuple-featurevectorex-
tractedfrom every sequenceln (Kim etal. 01), this vector
is proposedand a new distancefunction is definedasthe
similarity index.

In the paper(Cheung&Stephanopous80, it is proposed
the studyof serieswith differenttime scalefrom a qualita-
tive perspectie.

ShapeDefinition Language(SDL)

Thislanguageproposedn (Agrawal etal. 95b)is very suit-
ableto createqueriesaboutthe evolution of valuesor mag-
nitudesalongthetime.

For ary setof valuesstoredfor a time period,the funda-
mentalideain SDL is to divide the rangeof the possible
variationsbetweeradjacentwaluesin acollectionof disjoint
rangesandto assignalabelfor eachof them.

Figure 1 represents sampledivision in threeregionsof
thepositive axis. This divisiondepend®nthe possiblevari-
ationsand the assignedabels. The behaiour of a series
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Figurel: Possibleassignmentf labels

maybedescribedakinginto accounthetransitionsbetween
consecuiievalues.A derivative seriess obtainedoy means
of the differenceof amplitudeamongthe consecutie val-
uesof thetime series.Thevalueof this differencematchin
oneof thedisjointrangesandthereforehisvaluesodefined
produces labelof thealphabet.

Thistranslationproduces transitionssequencdasedn
analphabet.The symbolsof this alphabetiescribehemag-
nitudeof theincrementof thevaluesof thetime series Ev-
ery symbolis definedby meansof four descriptors. The
firsts two are the lower and upperboundsof the allowed
variationfrom theinitial valueto thefinal valueof thetran-
sition. Thelasttwo specifythe constraintson theinitial and
final valueof thetransition,respectiely.

Thealphabeproposedn (Agrawal etal. 95b)hasonly 8
symbols. The size of this alphabets very small compared
with thereal valuesthatthe seriesmay achieve alongtime.
Thistranslatiorprioritizedtheshapeovertheoriginal values
of the time series. This affirmationwill be later explained.
Figure 2 shavs an example of translationusing the set of
symbols(Down, down, stable, zero, up, Up).

0,6

05 down
stable

up own
03 up
0,2

down

stable stable

Figure2: Exampleof translation

Every string of symbolsmay describeaninfinite number
of curves.All of themverify the constraintsmposedfor the
symbolsto the representetransitions.
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Figure3: Translatiorwith identicalsequence

Figure 3 shaws threedifferentcurveswith the samese-
guenceof symbols,even thoughthe curves have different
initial points. In a similar way, we usea languageo trans-
lateatime seriesdescribedy meanwof theirnumericalval-
uesinto a string of symbolswhich representhe variations
betweeradjacentvalues.

LongestCommon SubsequencdLC'S)

Working with differentkinds of sequencedrom stringsto
DNA chains,oneof the mostusedsimilarity measuras the
LongestCommorSubsequenad.C'S) of two or moregiven
sequences.LCS is the longestcollection of elementsap-
pearsin both sequencesind in the sameorder For two
finite sequences = (s1,82,...,8m)t = (t1,t2, ., tpn)
over alphabety ", the LC'S problemconsistsof finding the
longestsequencéu; , us, ..., u,) suchthatthereexistindices
i1 < ig... < iy, Withl <r <m,andj; < ja... < j, With
1 <r < n,suchthats;, = u, andt;, = u,.

The algorithmsto computeLC'S are well known anda
deeperanalysisis not necessary.Differentalgorithmsfor
LC'S hasbeenanalyzedanda deeperanalysiscomparedn
(Paterson&Danik94).

Ourinterestin LC'S comefrom:

e The SDL languagegenerates string of symbolsfrom
the original numericvaluesof thetime seriessoit is possi-
bleto applythe LC'S algorithmto find a”distance”between
two time seriesabstractinghe shapeof the curves.

e The LC'S is aspecialcaseof the DynamicTime Warp-
ing (DTW) algorithm reducingthe distanceincrementof
eachcomparisonto 0 or 1 dependingon the presencepr
not, of the samesymbols.So LC'S inheritsall the features
of DTW.

DTW is analgorithmintensiely usedin speechrecog-
nition areabecausét is appropriatdo detectsimilar shapes
that are non alignedin the time axis. This lack of align-
mentinducescatastrophierrorsin thecomparisorof shapes
which usethe Euclideandistance.

Theideaof DTW is to find a setof orderedmappings
betweenthe valuesof two series,so the global distanceo
warpingcostis minimized.

Qualitati ve Similarity Index (QSI)

Theideaof this index is the inclusionof qualitative knowl-
edgein the comparisorof time series.lt is proposech mea-
surebasedin the matchingof qualitative labelsthat repre-
senttheevolution of the seriesvalues.Eachlabelrepresents
a rangeof valuesthat may be assumeds similar from a
qualitative perspectie . Differentserieswith a qualitatively
similar evolution producethe samesequencef labels.

The proposedapproximationperforms better compar
isonsthanpreviously proposednethods.Thisimprovement
is mainly dueto two characteristic®f the index: it maxi-
mizesthe exactnesdecausét is definedusingall theinfor-
mationof thetime series;andon the otherhand,it focuses
the comparisoron the shapeandnot on the original values
becausét considerghe evolution of groupsassimilar. It is
interestingto note that we supposethat the time seriesare
noisefree betweernto samplesandwith alinearandmono-
tonic evolution.

Let X = ({(zg,...,xz5) be a time series. Our pro-
posedapproachis appliedin threesteps. First, a normal-
ization of the valuesof X is performed,yielding X =
(@0, -, €¢). Usingthis serieswe obtainthe differencesse-
riesXp = (do,...,ds_1), thatit is translatedto a string
Sx = {c1,...,cs—1). Thesimilarity betweertwo timeseries
is calculatedby meansof the comparisorof the two strings
obtainedfrom them, applying the previous transformation
processandthenusingthe LCS algorithm. The resultis
usedasa similarity measureébetweenthe original time se-
ries.

Normalization

Keepingin mind the qualitatve comparisorof the seriest
is madea normalizationof the original numericalvaluesin
the interval [0,1]. This normalizationis carriedout to al-
low the comparisorof time serieswith differentquantitatve
scales. B

Let X = (xg,...,25) be atime series,andlet X =
(@0, ..., £5) bethenormalizedemporalseriesobtainedrom
X, asfollows:

~ x; — min(zg, ..., Ts)

T = 8
" max (T, ..y Tp) — MIN(Tg, .y Ty)

1)

wheremin andmax are operationsthat returnthe maxi-
mum a minimum valuesof a numericalsequencerespec-
tively.

Let Xp = (do, ...,ds_1) bethe seriesof differencesb-
tainedfrom X asfollows:

di = T — %1 2

This differenceserieswill be usedin the labeling stepto
producethe string of charactersorrespondingo X. It is
interestingto notethatevery d; € Xp is avaluein the[-
1,1]interval, asa consequencef thenormalizatiorprocess.

Labeling process

The proposednormalizationin the previous sectionis fo-
cusedn theslopeevolutionandnotin theoriginal values.A
labelmay be assignedo every differentslope,sotherange



of all the possibleslopesis dividedinto groupsanda quali-
tative labelis assignedo every group.
Therangedivision is defineddependingn the parameter

& whichis suppliedby the expertsaccordingto their knowl-
edgeaboutthe system. The value of this parametethasa
directinfluencein the quality of the results,thereforethis
is an openresearchareaof this paperthatwe will detailin
futurework.

Label Range Symbol
Highincrease [1/4, 4] H
Mediumincrease| [1/42,1/4] M
Low increase [0,1/6?] L
No variation 0 0
Low decrease | [-1/4%,0] !
Mediumdecrease [—1/§, —1/4?] m
High decrease | [—o0,—1/0] h

Wherethe first column representshe qualitative label for
every rangeof derivatives, which is shavn in the second
row. Lastcolumncontainsthe characterassignedo each
label. The proposedalphabetcontainsthreecharacterdor
increasesndthreefor decreasesngesandoneadditional
characteffor constantrange. It is importantto notethatin
our approachthereis no applicationof the constraintspre-
sentedn SDL (Agrawal etal. 95b).

This alphabetis usedto obtain the string of characters
Sx = (c1,...,cr—1) correspondingo the time seriesX,
where every ¢; representghe evolution of the curve be-
tweentwo adjacentime pointsin X andit is obtainedfrom
Xp = (dy,...,ds_1) assigningto every d; its charactefin
accordancevith theabovetable.

This translationof the time seriesto a sequencef sym-
bolsletsusabstractrom therealvaluesandfocusour atten-
tion on the shapeof the curve. Every sequencef symbols
describes completefamily of curveswith a similar evolu-
tion.

Figure4 shows a normalizedcurve with their derivative
valuesandthe assignedabelto eachtransitionbetweerad-
jacentvalues. This example has beenobtainedselecting
6 =5.
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Figure4: Sampleof translation

Definition of QST Similarity
Let X,Y betime serieswhereX = (xo,...,zf) andY =
(yo,...,yy). Let Sx, Sy bethestringsobtainedwhenX,Y
arenormalizedandlabelled.

The@ S similarity betweerthestringsSx, Sy is defined
asfollows
V(LCS(Sx, Sy))

m

QSI(Sx,Sy) = 3
where VS is the counter quantifier applied to string S.
Counterquantifieryieldsthe numberof charactersf S. On
the otherhand,m is definedasm = maz(VSx,VSy).
Therefore,the QSI similarity may be understoodike the
numberof orderedsymbolsthatwe mayfind in thesameor-
derin bothsequencesimultaneouslyandthis valuedivided
by thelengthof thelongestsequence.

Propertiesof QSI We aregoingto describedwo proper
tiesof QSI.

Let Sx, Sy, Sz be threestringsof characterobtained
from thetransformatiorof threetemporalseriesX, Y, Z re-
spectvely. Thedefinitionof QST similarity verifiesthat:
Propertyl. QSI(Sx, Sy) isanumberin theinterval [0, 1].
If X is absolutelydifferentof Y it is 0.

If LCS(Sx,Sy)) =0
VLCS(Sx,Sy)) =0 (4)
J
QSI(Sx,Sy) =0.

The@SI(Sx, Sy) valueincreasesiccordingto thenumber
of coincidentcharactersThisnumberis 1 if Sx = Sy.

If LCS(Sx,Sy)) = Sx
|}

VLCS(Sx,Sy)) = Sx %)
|}

QSI(Sx,Sy) =1.

Property 2. The length of the stringsto comparealso has
animportantinfluence. In this sensetwo stringswith ap-
proximatelengthsandwith a numberof coincidentsymbols
aremore similar thantwo stringswith the samenumberof
coincidentsymbolsbut with differentlengths:

VSX ~ VSY,VSX ~ VSZ,
VLCS(Sx,Sy) ~ VLCS(Sx,Sz) (6)

0
QSI(Sx,Sy) > QSI(Sx,Sz)

Comparisonwith other approach

Whena new approachs introduced,t is interestingto test
its validity and the improvementwith respectto the other
approachethatappearedn the literature. In this paperwe
aregoingto compareour approactwith thealgorithmintro-
ducedin (Keogh&Razzani99),called SegmentedDynamic
Time Warping(SDTW). (Keogh&PRazzani99)arriesouta
clusteringprocesswith a setof time series. Every cluster
ing procesgoins setsof datain subsetgrying the similarity
amongtheelementf every subseto beminimizedandthe
similarity betweerdifferentsubsetso be minimizedtoo.



The SDTW algorithm was testedwith the Australian
Sigm LanguageDatasefrom the UCI KDD (Bay99)choos-
ing 5 sampledor eachword. Thedatain thedatabasarethe
3-D positionof thehandof five signersrecordsby meansof
adataglove.

In orderto carry out the comparisonbetweenboth ap-
proaches,we have chosenthe same 10 words used in
(Keogh&Razzani99)from the 95 words included in the
databaseNext, for every possiblepairingof differentwords
(45), we have clusteredthe 10 sequences$s of eachword),
usinga hierarchicalclusteringusingthe average,with two
differentdistancemeasuresFirst, we usedthe distancede-
finedin the classicDTW algorithmappliedto the original
numericalvaluesof the series. The resultwas 22 correct
clusteringfrom 45. Next, we usedthe similarity QST in-
dex, proposedn this paper over the string obtainedfrom
thetranslationof theoriginal valuesof the series.Thistime,
theresultwas44 correctclusteringof 45.

Thetotalsuccessbtainedvith DWT is exactlythesame
reportedby (Keogh&Razzani99),but the succesobtained
with QST similarity is better

Application of QST to alogisticsgrowth model
with a delay

The following genericnames: logistic, sigmoidal, and s-

shapedprocessesre given to thosesystemsin which an
initial phaseof exponentialgrowth is followed by another
phaseof approachingo a saturationvalue asymptotically
(figure 5). This growth is exhibited by thosesystemsfor

which exponentialexpansionis truncatedby the limitation

of theresourcesequiredfor this growth.

exponential  asymotic behavior
growth |

t

Figure5: Logisticsgrowth curve

In literature, thesemodelshave beenprofusely studied.
They aboundboth in naturalprocessesandin social and
socio-technicasystems.Thesemodelsappeaiin the evolu-
tion of bacteria,in mineralextraction,in world population
growth, economicdewelopment,learning curves, somedi-
ffusion phenomenavithin a given populationsuchas epi-
demicsor rumors,etc. In all thesecasestheir commonbe-
havioursareshowvnin figure6. Thereis abimodalbehaiour
patternattractor: A standsor normalgrowth, andO for de-
cay It canbe obsenedhow it combinesexponentialwith
asymptotiqgrowth. This phenomenomvasfirst modelledoy
theBelgiansociologistVerhulstin relationwith humanpop-
ulationgrowth in (Verhulst50) Nowadaysjt hasawide va-
riety of applicationsandsomeof themhave just beenmen-
tioned.

@]
t

Figure6: Logisticsgrowth model

Let S be the qualitatve model. If we adda delayin the
feedbackpathsof S, thenits differentialequationsare

z=z(nr—m),
p=d Y= delay.(z), >0, r=hi(y),
- hl = (_007_00)7+7(d070)7+7(07 1)7
+, (dla 60), ] (]-a O)a —(+OO, —OO)}
beingn theincreasingfactor m the decreasingactor and
h; a qualitative continuousfunction definedby meansof
pointsandthederivative signamongtwo consecutie points.
Thesefunctions are explainedin detail in (Ortega 2000).
This function hasa maximumpoint at (1, yo). Theinitial
conditionsare
xg € [LP,, M P,],
LP,(m),
LP;(n),
T E€[MP,,VP,]

where LP, M P,V P are the qualitatve unary operators
slightly positive modeately positiveand very positivefor
thex, T variables.

The methodologydescribedn (Ortegaetal. 99)is ap-
pliedto thismodelto obtainthedatabasef time series.This
methodologytransformsthis semiqualitatre modelinto a
family of quantitatve models.Stochastidechniquesareap-
plied to choosea quantitatve modelof the family. The sim-
ulationof every selectedjuantitatve modelgenerateatime
serieghatis storedinto the databaseWe would like to clas-
sify thedifferentbehaioursof thesystemapplyingthe Q ST
similarity to the obtaineddatabaseFigure7 containgheta-
ble obtainedwhenthis index is appliedbetweenevery two
time seriesof the databaseln this figure someof thesetime
seriesareshown .

(poE

Similarity matrix obtained with QSI

B4X  BBX  1X 18X 77X 17X 73K Senes
087 0872 041 044 0494 043 0376] 50X

i 09941 0292 0314 0388 0384 035 54X
------------------ 0294 0316039 0384 035 55X
| 0758 0792, 0598 0588 1X

; 0754! 058 0552 18X

””””””””” oeaz___ o2 77X

,,,,,,,,

093] 17X

Figure7: QST similarity of themodel

Threedifferentbehaiours in this table appearsaccord-
ing to the obtainedvalue @SI, they have beenremarledin
figure8.
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Figure8: Logisticsgrowth modelwith adelay

Theresultsobtainedn this way to discoverthe behaiour
patternsarein accordancéo othersappearedn the biblio-
graphy(Aracil etal. 97) and(Karsky etal. 1992)wherethe
resultsareconcludedy meanf amathematicaleasoning.

Figures9, 10 and 11 shaw the time seriesgroupedby
thesebehaiours. Figure9 shavs the 1x,18xand 77x time
serieswhosebehaiour is classifiedas recovered equilib-
rium. In a similar way, figure 10 shows the 17x and 73x
time serieswhosebehaiour is labelledasretarded catas-
tropheandfinally, in figure 11 is showvn the 50x, 54x and
55x time serieswhosebehaiour is labelledas decayand
extinction

Conclusionsand Further Work

In this paperwe have introducedthe Q.S I index to measure
thesimilarity of time seriesdependingn its qualitative fea-
tures. Furthermorehe proposednethodachievesbetterre-
sultsthanprevious algorithmswith a similar computational
cost.

In orderto applythe QST similarity index betweertime
seriesjt is necessargnormalizationproces®f thetime se-
ries. Next, the sequencef differencess obtainedfrom this
normalizedseries. Finally, this sequencds translatednto
astringusinga qualitatively definedalphabet.The LC'S al-
gorithmsareusedto calculatetheindex QSI. Theresults
obtainedare in accordancevith other previous works, al-
thoughour approactproduces betterclassification.

In thefuture, theideais theautomatiorandthe optimiza-

TIX

0.5 /\J

/

Figure9: Recweredequilibrium

tion of thedivisionin rangeof thepossibleslopesy study-
ing the numberof regionsandits limits.

Otherfurther works are directedto studythe application
of this techniqueto time serieswith noise,andto studythe
possibilityto definesimilarity gradesapplyingtheindex to
modelswith differenttime scales.
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