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Abstract

Existingtechniquesto mineperiodic patternsin time seriesdataare focusedn discoveringfull-cycle periodic
patternsfroman entiretimeseries.However, manyusefulpartial periodic patternsare hiddenin longandcomple
timeseriesdata. In this paper weaimto discover the partial periodicityin local sggmentof thetime seriesdata.
We introducethe notion of character densityto partition the time seriesinto variable-lengthfragmentsand to
determinethe lower boundof eat character’s period. We proposea novel algorithm, called DPMiner, to find
the denseperiodic patternsin time seriesdata. The algorithm males useof an Apriori-like propertyto prune
the seach space Experimentalresultson both syntheticand real-life datasetsdemonstate that the proposed
algorithmis efectiveand eficientto revealinterestingdense periodic patterns.

1 Intr oduction

Time seriedatabasesontaindatathatevolve overtime. Researclin time seriedatabasefcuseondiscover
ing differenttypesof patternse.g.,periodicassociatiomule [13], sequentiapatterndl, 15,14,4], partialperiodic
patterng8, 17], surprisingperiodicpatterng18, 19], andso on. Many of thesepatternsnvolve periodicity de-
tection. Two kinds of periodicity detectionsxist: full-cycle periodicity and partial periodicity [9]. In full-cycle
periodicity, every pointin the time seriescontritutesto part of the cycle (e.g. the seasortycle of theyear). In
partialperiodicity, only a portion of the time series data are essential to the mining results.

Recentesearchocuseson partial periodicitydetection9, 17,18, 16, 20, 2]. Most of theseworkssuffersfrom
the assumptiorthat the periodis known before. Unfortunately this assumptioris inadequaten mostreal-life
applications.To tacklethis problem,alineardistance-basealgorithm[11] andcorvolution-like formulas[3, 5, 6]
aredevisedfor discoveringpossibleperiods.While they alleviatethe constrainof known periodsassumptionthey
suffer from two drawbacks.

Thefirst dravbackis thatthe periodicpatternanustbe discoveredfrom the entiretime series.This is actually
inadequaten someapplicationswherethe periodicpatternsoccuronly within small segmentsof thetime series.
Considerthe following example: Tom is an employeewho driveshis carto work every day However, his route
maychangdrom timeto time, becausef traffic congestiorproblem.For thefirsttime intenal, say onemonth,he



followstherouteof "Thome—BLOCK A—BLOCK D—compaly”; In thesecondime interval(thesecondnonth),
hefollows therouteof "Thome—~BLOCK B—BLOCK K—compaly”; andin thethird intenal(includingthethird
andfourth months),he changego the route’"home—BLOCK C—BLOCK F—compaly”. EXxisting periodicity
detectionalgorithmsareunableto discover his travelling habitssincethey arepresenin only athird of theentire
threemonths period.

Theseconddravbackis thatthey treatall potentialperiodsasequal.As aresult,they needto spendmuchtime
searchingor patternsof all possibleperiods.For example,the algorithmin [6] validateall the periodsfrom 2 to
n/2 in atime seriesof lengthn. Yetwe obsere thatnotall of periodsareinterestingto the users.In generalthe
usergnaybeinterestedn anarrav rangeof periods,or preferto patternsof shortperiodsthanpatternsof multiple
period.

In this paperwe developa new periodicity detectionalgorithmto efficiently discover shortperiodpatternghat
may exist in only alimited rangeof thetime series. We referto thesepatternsasthe denseperiodic patterns.Our
contributionsare summarized as folls:

1. We introducethe notion of denseperiodic patternswherethe periodicity is focusedon part of time series.
To the best of our kneledge,this is the first wrk that deals with localized gmentsperiodic patterns.

2. We design a pruning stragg to limit the search space to just the feasible periods.

3. We developa denseperiodicpatternmining algorithmcalledDPMiner. The resultsof experimentson both
real-life and synthetic datasets indicate that DPMiner is both scalablefanienef

Therestof the paperis organizedasfollows. Section2 givesa suney of relatedwork. Formal notationsand
definitionsarepresentedn Section3. Section4 describeghe basicideabehindthe proposedalgorithm. Section
5 givesthe detailsof the algorithm DPMiner for mining denseperiodic patterns. In Section6, we study the
performanceof DPMiner Finally, we summarize our findings and contriensin Section 7.

2 Related Work

Hanet.al[9] firstintroducethe conceptof partial periodicpatternsaandproposean efficienttop-davn approach
to minesuchpatterndy utilizing anovel structurecalledmax-subpattertreeto facilitatethecountingof candidate
patternsin [8]. Aref et.al[2] further extendHan'’s work to the problemof incrementalperiodic patternmining.
According to the incrementaltime series,the max-patternis dynamically updated,and accordinglythe max
subpatterrtreeis tunedto guaranteats coherenceo the whole time series. However, both theseworks assume
thatthe periods are kmen in adwance.

Wanget.al[16] proposea meta-patterrodelto extendtherepresentationf partialperiodicpatterndy encap
sulatingpatternsandmeta-patternsgethethrougha hierarchicabrganization.Althoughthis approachs flexible
to capture the hierarchical periodic patterns, itessfrom the &ponentialgrowth of candidate meta-patterns.

Yanget.al[17] addresghe errortoleranceproblemin time series.They find thelongestvalid subsequencor
every 1-patternandemploy a bottom-uplevel-wiseapproacho generatéghe subsequencdsr i-patterns; > 1.
But the bottom-upstrategyy requiresmultiple scansfor mining the long period patterns. To mine patternsfrom
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Figure 1. Example of a Time Series T

spatio-temporatlata,Mamouliset.al[12] proposean algorithmby incorporatingclusteringtechniqguesand max
subpatterrireestructure.They usea grid planeandthe mappingschemeo transformclustersinto thetraditional
string-like 1-patterns.

All theworksabove assumehatthe periodsof the patternsareknown andtheir mining algorithmsaredesigned
to bedirectedby theknown periods.However, in mary real-life applicationsthe periodsareoftennotknown. For
suchsituations thesemining algorithmswill needto iteratethroughall the possibleperiodsin orderto discover
patternsof unknavn periods. This is expensve and more efficient algorithmsto mine patternswith unknovn
periodsis needed.

Maet.al[11] devisealineardistance-basealgorithmfor discoreringpossibleperiods.However, this algorithm
maymisssomevalid periodssinceit consider®only theadjacentntervals. For example suppose@symbols occurs
in atime seriesin positions2, 7,9, 11, 14, 16. Then7 will bea potentialperiodfor the symbols sinceit occursin
positions2, 9, 16. But thealgorithmwill misstheperiod?7 for s becausdt only considergheintenals5s, 2, 2, 3, 2.

Otherworks suchas|[3, 5, 6] employ a convolution-like formulato validateall the periodsfrom 2 to n/2 in
atime seriesof lengthn. This approactcandiscover all the periodicpatternsput it doesnot take advantageof
thefactthatin general shortperiodsarepreferredsincethey aremoreaccurateandinformative comparedo the
longerones.For example,auserwill typically preferpatternsof period5, insteadof patternsof periodswhich are
multiplesof 5, e.g.10 and 15.

3 Background

In this section, we will gie the definitions and notations used

Givena finite alphabe} |, we define @ime seriesT” asa sequence of characteis - - ¢; - - - ¢,, where ¢ € > .

An itemset ] is a setof zeroor more non-repeatedharactersienotedas{c¢*}, wherec € . Examplesof
itemsetsare{a, b} and{a}. For simplicity, we write {a} anda interchangeablyAn emptyitemset,denotedassx,
refersto the itemset with no symbol in’.

A pattern P = (111> ...1I,), is anorderedsequencef itemsets.Thelength of a pattern| P| is the numberof
non-« itemsets in FFor example,(x{b, c} * x) is a pattern of length 1 an{db = x) is a pattern of length 2.

An i-pattern refersto a patternthat containsexactly i charactersn > . For example,({b, c}«) is a 2-pattern
and (abe) is a 3-pattern.

A pattern(IiI; ... 1,) is saidto be a subpattem of the pattern(; 1> ... I,,) if both patternshave the same
lengthandI! C I, forall ¢, 0 < i < p. For example,(a % b x ¢) and (x x {b, ¢, d} = e) aretwo subpatternsf the
pattern @ x {b, c,d} x e).

A time seriesT = ¢; - - - ¢, Of n charactersanbe partitionedinto a setof segmentsS; of lengthk, where
0 <i < |%]andS; = g1 Cijk+k- GivenapatternP = (111 ... I) of periodk anda seggmentS; =
¢i1, - - - Cik, We saythat P matchessS; (or S; supports P) if andonly if, for eachpositionj(1 < j < k), either



Ij = xorgj; e Ij.

A sggmentis calleda frequentsegmentof apatternP if thesegmentsupportsP, otherwisejt is aninfrequent
sgment. The frequencycount of a patternP is the total numberof frequentsegmentsin the time series. The
confidence ofa patternP is defined as the ratio of frequgncountover the total sgmentcount, that is,

confidence(P) _ frequencgh;count(P),

wherem = [ 7].
Giventheminimumconfidencenin_con f, we saythatapatternP is fr equentin thetime seriesf its confidence

is greater than or equal to the minimal confidemog fidence(P) > min_conf.
4 Dense Rriodicity

Density is a familiar conceptin the areaof datamining and hasbeenwidely usedin mary density-based
clusteringmethodsg[7, 10]. The traditional definition of densityrelatesto the spatialdistance. To adaptto the
requiremenbf time series, we define the concept of density of a symbol in the alghabet

4.1 Density in Time Series

Thedistancebetweerary two characterssayc; andc;, in thetime seriesI” = ¢; - - - ¢,,, is definedto be | — j|.
For example,in Figure 1, the distancebetweenz andy is |9 — 6/ = 3, andthe distancebetweeny and z is
|10 — 9] = 1.

DEFINITION 4.1 GivenatimeseriesI’ = cicz - - - ¢, anda maximundistance d,,.., two characters ¢; andc;
are saidto bedirectly density-reabableif ¢; andc; are of thesamesymbolin > andthere is no othercharacter
in thes@mentc;(; - - - ¢;_; thatis of the samesymbol.Furthermoe, the distancebetweern:; andc; is lessthan
or equalto d, 4.

Consideragain Figure 1. Supposei,,..=10. Thenthe two character®f the symbol’a’ in positions2 and5
are directly density-reachableecausédheir distanceis 3, which is lessthand,,,.... On the otherhand,the two
character®f thesymbol’a’ in position13 and25 arenot directly density-reachablbecauseheir distanceis 12,
which exceedsi,, gz

DEFINITION 4.2 For a symbols € >, we extract an ordered sequencef characters of the symbols from
timeseriesT. If anytwo neighboringcharacters in this sequenceare directly density-eadable andthere is no
othercharacterof the samesymbols in T that canbe directly density-eatableto any characterin this ordered
sequencewe say that this dieredsequence is elosuresetfor s, denoted as (.

In Figure 1, the sequenceof characterof the symbola is (a2, as, ag, a13, azs, asp, ass). We obsene that
the distancebetweena,3 and ass is greaterthand,,,,=10 whereashe distancebetweenall otherneighboring
pairsarelessthand,,,,. In otherwords,we canform two closuresetsfor the symbola: {as,as, as,a13} and

{ags, aso, ags }.



DEFINITION 4.3 Letbposandeposbethebeginningandendingpositionsof thefirstandlast charactersin the
closuie setof symbols. A densefragmentof s in thetime seriesT' is the continuoussequencef charactersin T
frompositionbpos to position epos, denotedag,,os,cpos)-

DEFINITION 4.4 Thedensefragment setof s in the time seriesT" is the setof all the densefragmentsof s,
denotedas I'S;.

We calculatethelengthof adensdragmentr’s (405, cpos) 10 D€epos—bpos, denoteds| F (105.epos) |- Similarly,
the |F'S;| is the sumof thelengthof all the densefragments.For example,in Figure 1, the densefragmentset
F'S,, for symbola includestwo densefragments,F, (5 13y and Fy, (o5 35)- [Fo (2,13)] = 11, |Fy (25,35 = 10, and
|F'S,| = 11 4+ 10 = 21. It is obviousthat the length of a dense fragment set gfymbol is less thaf¥’|.

4.2 Lower Bound Period in Fragments

In this section, we daré a lover bound on the periods implied by the symbaldensity

Traditionally, for atime seriesdatawith unknavn periods the mining algorithmneeddo iteratively inspectall
thepossible periods from 2 to half of the length of the time series Haisis \ery expensve.

Here,we shaw thatfor a given d,.... (the maximumallowable distanc®etweerntwo directlydensity-reachable
characterspndmin_con f (the minimum confidence)we candeducea lower boundperiodfor all the possible
1-patterngontaining the symbal € > .

THEOREM 4.1 (Lower Bound Period) For a givensymbols € >, we canobtainthe closue setof s, denoted
as Cls, and a densefragmentof s, denotedas Fi (505, pos)- 1helower boundperiod of all possiblel-patterns

‘F‘s,(bpos,epos) | X min,conf Xdmaz
‘Cls | deaz* ‘FS,(prS,EpOS) | X (17m7;n*conf) '

containingsymbols in Fy 4,05 ¢pos) 1S €qual to

PROOF: Fromthe definition of closureset,we know thatCl, contains|Cl,| occurrence$or symbols in the
fragmentF (3,05 epos)- IN Orderto determinethe minimum period,we requirethatthe patternswithin this period
be frequent.With this in mind, we partition Cl; into two sets. Thefirst set,calledType — I characters¢ontain
charactershatoccurin thefrequentseggmentgwhosecountdeterminavhetherapatternis afrequentpattern).The
secondset,calledType — I1 charactersgontainghe remainingcharactershatoccurin theinfrequentsegments.
Clearly, we hare

|Cls| = Countrype—1 + Countrype—_r1

Sincetheperiodof afrequentpatternis determinedy the characterén thesetType — I, by assigningasmary
charactersaspossibleto T'ype — I, we hopeto increasdahe densityof this symbolwithin the frequentsggments,
thusleading to the minimum periodilore specificallywe hare the count inl'ype — I:

|Fs,(bpos,epos) ‘

pertod | x min_conf,

Countrype—1 = |

where penod,,;, IS the minimal period that weamtto compute.
Oncewe have obtainedthe countof charactersn Type — I, the countof thecharacterén thesetType — I1 is
computedoy spreading the remaining characters as widely as possiblg,i.£.
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case 1 case 3 case 2 case 4 case 1

Figure 2. Fra gments for Symbols 'a’ and 'b’

|F5’(bp05’5p05) |—Countrype— 1 Xperiodmin

dma.r

Countrype—r1 =

Integratingthe formula of Guntry,._r, we hae

|Fs,(bpos,epos) ‘_‘Fs,(bpos,epos) | X min,conf

d’nLtL:L'

Countrype—11 =

Finally, by combiningthe formulaeof C'ountry,.—r andCountry,.—rr, theminimal periodcanbe computed
asfollows:

IFs,(bpos,epos) ‘ xmin_confxXdmax

peT’LOdmin = ‘Cls|deax_‘Fs,(bpos,epos) [ X (1—min_conf)

For example,in Figurel, supposeave let min_con f=0.8 andd,,.,=10, we caneasilycomputethe minimum

periodof fragmentF, (, 13) as follows:

12x0.8x10
4x10—12x0.2 2.55.

The minimum period obtained indicates that it ispadsible to find frequent patterns containing the symbol
within aperiodof 2. A closerlook revealsthatwith aspecifiedperiodof 2, F,, (, 13) containss segmentsjn which
it requires at leagi6 x 0.8] = 5 a in the frequent ggments.However, we only have |Cl,| = 4 a. In other vords,
the 1-patterns of period 2 containing 'a’(i@y*) and (a)) are impossible to be frequentf) (5 3.
Thistheoremallows usto prunethe searchspaceof all the periodsthatarelessthanthelower boundcomputed.

periodin =

4.3 Density-Based Pruning

Having found the lower boundperiodsof the 1-patternghat allow usto prunethe searchspaceof all those
periodsthatarelessthanthe lower boundcomputedwe now needto extendthe pruningto the k-patternsg > 1.
For simplicity, we assumehatthe entiretime seriesis divided into segmentsof periodp. Our goalis to identify
all the promising high density geonsand perform mining only in thesegiens.

Considetthetime seriesn Figure2 with min_con f = 0.7 andd,,q, = 5. Therearetwo overlappingfragments:
Fy,(13,32) is a dense fragment for symhobf lowerbound period 2, and, 35 39 is a dense fragment for symbol
b of lower boundperiod3. Theoverlappedoortion,from 13 to 39, canbedividedinto threeparts: (13,24)which
only belongsto Fj, (13 32), (25,32)belongsto both F,, (13 32y and F;, (25 39y, and (33,39) which only belongsto
Fy (25,30)-

Let us first considerthe caseof period2. Here,the 2-patterns(i.e, (ab) or (ba)) are not likely to exist in
Fy,(25,39), becausehe lower boundperiodfor F, o5 39) is 3. As for(13,24),we needto inspectwhetherthereare
otherbd’s fragmentswith lower boundof 2 thatoverlapwith it. In otherwords,we caneliminate(25, 39) from the
mining of 2-patterns with period 2.

For period 3 or more, we kafour cases.



e Casel. Thepatrtialtime seriesdoesnot belongto the fragmentsof symbola nor the fragmentsof symbol
b. In otherwords,the distancebetweerary two arbitrarya or b is morethand,,,.... Thisimpliesthatbotha
andb occursparselyand can be pruned.

e Case2. Thisis the overlappingregion. Here,it is certainly possibleto find the frequentsegmentsthat
supportpatterns consisting @fand b.

e Case3. In this casethetime seriesbelongto a’s fragmentsbut do not belongto ary of the b’s fragments.
Due to the low densityof b, it is unlikely to include the frequentsegmentswhich supportthe patterns
containingbothsymbolsexceptnearetto the overlappedegion. By extendingthe overlappedegions(Case
2) slightly on bothends(seeFigure 2), we canavoid searchingheremainingregionsasthey arenotlikely
to contain the 2-patterns.

e Cased. In this case thetime seriesbelongto b’s fragmentsbut do not belongto ary of the a’s fragments.
Theanalysis of this case is identical to Case 3.

Theabove casexanbe easilyextendedo threeor moresymbols.In otherwords,to checkwhethera patternP
is frequent, we only need to check theedappingdense rgionsof all the itemsets .
We will now formally define the pruning strapg

DEFINITION 4.5 Givena periodp andanitemset! = {ci,ca, ..., cn}, thedenseregion of I with period p,
DR(I,p), is definedasthe unionof all the densefragmentsof ¢;, 1 < ¢ < m, where thelower boundperiod of
ead dense fagmentis less than or equal to p.

Thedenseregion of the emptyitemsetx is definedto be the entiretime series.Note thatall the meigeddense
fragmentanusthave the lower boundlessthanor equalto p sothatwe make surethesefragmentgso satisfythe
minimal density requirement.

DEFINITION 4.6 For apatternP with periodp, (I1, ..., I,), thedensenterval of P, DI(P, p), is definedo be
theintersectionof all thedenseegionsof its itemsetmembes, namelyDI(P,p) = DR(I1,p)N...N DR(I,,p).

Givenaperiodp, alphabet) |, andthe densefragmentsof all symbolsin >, we detectthe frequentl-patterns
from thesedensdragments.To minethe k-patternsk > 1, we only needto checktheintersectiorregions,namely
thedense interalsof the k-pattern.

5 DPMiner

In this section we shav how the proposediensitybasedpruningstratgy canbeincorporatednto our mining
algorithm DPMiner (DensePeriodicpatternMiner). The outline of DPMineris describedn Algorithm 1. The
algorithmmines dense periodic patterns irotphases.

Thefirst phaseg(Stepsl to 5 in Algorithm 1) scanghetime seriesonceto obtainthe densefragmentgor each
symbols in ). To avoid having too mary shortandtrivial fragmentsa parametey. € (0, 1] is usedsothatonly
thefragments whose lengthgeeed ux lengthof time series are accepted as dense fragments.
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ThesecondhasgStepst to 12 in Algorithm 1) utilizesatop-dovn methodthatis similar to theoneproposed
in [8]. Theworkin [8] definethemax-pattern p,,..., to bethemaximalpatternwhich canbe obtainedoy meming
all frequent 1-patterns;. For example,if the Fy={a***, c***, *p** ***d 1} the max-pattern will bé¢a, ctb*d.

Given the max-patternp,,..., a subpatterrof P,,,. is hit by a sgment.s; if it is the maximal subpatterrof
Pz in S;. Forexample,if P,,.,={a,c}b*d, the subpatternb « d is hit by sgmentS; = cbdd.

A datastructurecalledmax-subpatternreeis designedo facilitatethe registrationof the hit subpatternaind
their counts. The root nodeof the max-subpattertreeis the max-patternr,,.... Eachsubpatterrof P,,,, with
onenon-* letter missingis a directchild nodeof theroot. Thetreeis constructedy therecursve insertionof the
max-subpatternslf the nodeof the correspondingnax-subpatternalreadyexists, the hit countof that nodeis
increasedy 1; otherwise, a menode is created.

The top-davn algorithm canbe summarizedn threesteps. The first stepfinds the setof frequentl-patterns
I by scanninghetime seriesonce,andtherebyforming the max-pattern ... The secondstepconstructghe
max-subpattertreeby scanninghetime seriesonceagain. Thelaststepis the mining procedurdrom which the
frequentpatterns are demdaccording to the constructed max-subpattern tree.

Algorithm 1 DPMiner
Input: A time seriesl” = cica...cp
Alphabet)
Maximal distance of tevcharacters in fragments,d..
Fragment length cofifient
Periodicity threshold mi_conf.
Output: Periodicpatterns fofT'.
{Theperiods of the output patterns are in the rande,af,,.. |}
1: Scan the time series once to find the fragment s&ir®ach symboé € > ;
2: for eachsymbols € > do
Delete the fragments of length less thar [I"| from S;
Compute the hver bound period ofwery fragment in §;
end for
. for period p=2 t0 d,,,, dO
For symbol s,discoverthe frequent 1-patterng;'1;|, from S;;
Mergeall |F'1,|, s € >, to obtain max-pattern,,f2.,;
Let P, With periodp is the root node of max-subpattern tigecompute the dense suppor§{R, p);
10:  Scan I¥(P,p) to constructR;
11:  TraverseR to output the frequent patterns.
12: end for

w

© o NGO

However, insteadof scanningheentiretime seriesasis donein thealgorithmin [8], the proposedilgorithm 1
only scans the union of the densgiomsof the corresponding root nodes’ itemsets.

DEFINITION 5.1 For a max-subpatteritree R taking the max-patternp,,,., with periodp, (I,...,1,), asits
root node the densesupportof tree R, DS(R, p), is definedto be the union of all the denseregionsof its root
nodesitemsets, namely X R, p) = DR(I1,p) U...U DR(I,,p).

The densesupportof tree R thoroughlycoversall segmentssupportingthe max-patterror its subpatternsin

8



otherwords,only thosesegmentsn DS(R) areusefulfor the constructiorof max-subpattertree. This allows us
to prune avay mary unnecessary genents.

We also make modificationsto the structureof the max-subpattertree asfollows. Besidesthe hit countin
eachnode,we alsocalculateandstorethe patterns'densegragments An exampleof themodifiedtreeis shavn in
Figure3.

|(4,20),(1oo,132),(1500, 1600) | |(5o,200) |

Figure 3. Example of a Max-Subpattern T ree

Let us nav discuss hw to build the max-subpatterinee and hev we can mine patterns from the tree.

We first computethe densesupportof a max-subpattertree R accordingio its max-patterrandDefinition 5.1.
Notethatwe only scanthethe densesupportof tree R to build its max-subpattertree,insteadof the time series
(thisis alsoareasorwhy DPMinergivesbetterperformance)For every segmentin densesupportof R, we check
whetherit supportshe max-pattern?,, ... or ary subpatterrof max-patterrit. If yes,this maximalsubpattern”’
will befoundby startingfrom theroot node P, andalongthe brancheslf the nodeof P’ is found, its countis
increasedy 1. Otherwisea new nodeof P’ is createdtogethemwith any non-eistentancestorsandthe dense
interval for P’ is computed accordingly

Considertheexamplein Figure3. Let asggmentcbd bein densesupportof R. Thenit supportshe subpattern

(cbx) sincecbd A Ppar = cbd A ({actbb) = (cbx). This subpatterrwill be found alongthe route ({ac}bb) —
(cbb) — (cbx) or ({actbb) — ({actbx) — (cbx).
Analysis. Phasel in Algorithm 1 scanghetime seriesonce.Step7 in phase scansnin{|T|, |S¢, |+ ..+ |S¢ |+
...+ 15|} characterswhereT is thetime seriesandc; € ). SteplOscangDS(R, p)| charactersyhichis also
lessthan|T’|. Thetotal numberof scannedatharactersor aniterationin phase2 is « x |T'|, wherea < 2 anda is
boundedby thetime series.For arangeof k(= d..) periodvalueswe scank x «a x |T'| charactersThus,the
totalnumber of characters scanned in DPMinétis- £ x «) x |T|, for mining periodic patterns @&fperiods.

6 Experiment Evaluation

In this section,we give the resultsof the experimentsthat are carriedout to evaluatethe performancef DP-
Miner. We implementthe DPMineralgorithmin Java. The experimentsare performedon a Pentium4 3GhzPC
with 1GB of memoryrunning Windows XP. Both synthetic datasets and real-life datasets are used.



Synthetic Datasets: We usethe Elfeky’s program?® to generatehe synthetictime seriesdata. By adjusting
differentparametersuchasdatadistribution (uniform and normal), length of time series,period,and alphabet
size,we obtain tvo synthetic datasets

1. DATA-6-10000is a time series satisfying normal distrilon with 6 symbols and 10000 characters;

2. DATA-21-75000is a time seriessatisfyingnormaldistribution with 21 symbols,andit consistsof 75000
characters.

Real-life Dataset: The PACKET time seriesdataset senesasthe real-life datasein our experimentstudies.
ThisdatasetecordghepaclketRoundTrip Time (RTT) delay Wediscretizehevaluesinto 360K-lengthcharacters
of alphabet 26.

6.1 Sensitivity Experiments

Thedensdragmentsaresignificantto thefinal mining result. If the fragmentsetfor a symbolcovertoo mary
segmentsijt is not easyto satisfythe minimal confidenceequirementThe extremecaseis the entiretime series,
in which the mining performanceand discoveredpatternsare the sameto the previous max-subpatteriree hit
set (MTHS) method[8]. Otherwise,the densefragmentsshouldnot be extremely shortto avoid the patterns
within themto betrivial. We will obsenre the effect of two parameterspamelythe maximumdistanced,,,.,. and
the minimal length of densefragmenty, on the runningtime of DPMiner, andselectthe besty, valueto ensure
adequatelense fragments.

We first vary the value of d,,,., from 10 to 120, andfix the valueof i, at 0.01. Figure4 shavs thetime taken
by DPMineronthe PACKET datasetWe obsere thatd,,,... hasadirecteffect on the runtime,which canexplain
thatd,,.. affectthelengthof densdragmentsasfollows. Accordingto Definition4.1and4.2,thelowerthed, 4.
value,the more characterareincludedin the closureset. This leadsto longerdensefragments,andthe dense
supportof max-subpattern tree wersmore sgments.Hence, we will need more time to search for patterns.

7 Period=3| Period=5| Period=7
0.001 0 0 0
0.005 1 3 2

0.01 1 4 4
0.015 0 1 1
0.02 0 0 0
0.025 0 0 0
0.03 0 0 0

Table 1. Number of P atterns Found f or Varying V alues of u

Next, we setthe valueof d,,,.. to 30,andvary thevalueof x from 0.001to 0.03. . is the parameteto control
the minimal lengthof densefragment,andonly the densefragmentsvhoselengthsexceedu x |T'| areaccepted

We get code from http://wwws.purdue.eduhgelfek/Source
2http://www.cs.ucredu/eamonn/TSDMA/padit.dag
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Figure 5. Experiment to Find Optimal V alue for p (PACKET dataset)

asdensdragmentswhereT is thetime series.Figure5 shaws the runtimeof DPMineron the PACKET dataset.
We obsere thatthe smallerthe value of 1, alot of densefragmentswill be generatedandmoretime is needed
to searchfor patterns.Ontheotherhand,alarge i valuewill leadto limited frequentpatternsasshavn in Table
1. Thisis because large 1+ valuewill causeno fragmentto be acceptedasdenseragment.By consideringooth

runningtime andthe numberof patternsdiscovered,we find the ;=0.01yieldsthe optimal performance For the
restof the experimentswe sety = 0.01.

6.2 Efficiency

Next, we run our algorithmon the threedatasetand compareits runningtime with MTHS method. We set

dmez = 30 @andp = 0.01. Figure6 shavs the experimentakesults.Notethatthe period’0’ ontheaxisy denotes
thetime needed for the initialization phase.

Figure 6(a) shawvs that DPMiner hasnearly the sameperformanceasMTHS methodfor the DATA-6-10000
dataset.Figures6(b) and6(c) shav that DPMiner outperformsMTHS methodfor the dataset®ATA-21-75000
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Period | Pattern| Confidence| Denselnterval
2 be 0.40938404 [9002,12998][21002, 25997]
3 eea 0.3804841 | [8, 2993][9460, 10436]
4 **pe 0.31823775 [2,2174][2216, 2998][9002, 12998][21002, 25997][59193, 60040][60075, 60997]
5
5

d*ebc | 0.38138783 [21004,25995][54004,55010][56939,58454][59193,60040][6060994]
d*ebc | 0.38138783| [21004,25995][54004, 55010][56939,58454][59193, 60040][60075, 60994]

Table 2. Patterns in DATA-21-75000

Period | Pattern| Confidence| Denselnterval
2 aa 0.30474216| [148187,155084][181413, 186097][300522, 304372]
3 *aa 0.3124757 | [148187,155084][181413, 186097][300522, 304372]
4 aa** 0.3103627 | [148187,155084][181413, 186097][300522, 304372]
5 aa*** | 0.3001943 | [148187,155084][181413, 186097][300522, 304372]
5 *aa** | 0.30829015| [148187,155084][181413, 186097][300522, 304372]
5 ***aa | 0.32901555| [148187,155084][181413, 186097][300522, 304372]
5 *a*a* | 0.31606218| [148187,155084][181413, 186097][300522, 304372]
6 a**a** | 0.30120483 [148187,155084][181413, 186097][300522, 304372]
6 ***aa* | 0.31053245| [148187,155084][181413, 186097][300522, 304372]
6 ****ga | 0.34317917| [148187,155084][181413, 186097][300522, 304372]

Table 3. Patterns in PACKET

andPACKET.

It is becausehedensesupportof the max-subpattertreeis greatlyaffectedby the alphabesizeof the dataset.
For time seriesdatawith small alphabetsize, the densesupportof the treeis equivalentto the entiredataset.In
this case DPMinerwill hardlypruneary data.Onthecontrary for time seriesdatacomposeaf alargealphabet,
DPMinercansuccessfullyomit alot of meaninglessatasinceonly afew of charactersf alphabetretheitemsets
of max-patternin otherwords,only theirdensdragmentsareusefulfor building the max-subpattertree.For the
reason DPMiner exhibited betterperformanceon DATA-21-75000(alphabetsizeis 21) and PACKET (alphabet
sizeis 26).

6.3 Effectiveness

We alsocomparethe patternsdiscoreredby DPMinerandMTHS method.Besidesd, ., = 30 andu = 0.01,
we setmin_conf = 0.3. Table2 shawvs the patternfound by DPMinerwith the periodrangefrom 2 to 5 onthe
syntheticdataseDATA-21-75000.Table3 shavs the patterndound by DPMinerwith the periodrangefrom 2 to
6 onrealdataPACKET. We do not provide the patternfoundby MTHS methodbecausdt doesnotdiscover ary
frequentpatterns on these bndatasets.

We obsenre that DPMiner candiscover the denseperiodicpatternsaswell astheir densityrange. The patterns
in DATA-21-75000areexpectedsincewe generatehis datasebnly in theseranges.The patternaminedfrom the
PACKET dataset are meaningfud keeptrack of the netwrk traffic.
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6.4 Scalability

Finally, we studythe scalabilityof DPMiner by varying the lengthof the time seriesdatafrom 20K to 360K.
We alsosetd,,,,, = 30 andp = 0.01. Figure7 shavs thatthe execution timeof DPMineris linearly proportional
to the size of the time series.

7 Conclusion and Future Works

In this paper we have definedthe problemof mining denseperiodic patterns.We introducedthe conceptsof
densityandfragment,anda stratgy for pruningthe searchspace.We have developeda mining algorithmcalled
DPMiner to discover the denseperiodic patterns. The experimentscarried out on both syntheticand real-life
datasetprove the effectivenessandefficiengy of DPMiner Theresultsalsoshov that DPMineroutperformsghe
existing max-subpattertree hit set (MTHS) method, especially on thgédadphabet datasets.

Futureresearchdirectionincludeinvestigatingerrortoleranceproblemswyherebytheinsertionor deletionaffect
the positionsof the charactersn the time series,and extendingDPMiner to handlemore compl datasuchas
spatio-temporadiata.
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