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[1], a more flexible and accurate dis-
time series data that exhibit some

As time series has become one e aXIS However, DTW distance has a
lent types of data in this di S il its large complexity of O(n’),
larity search for these applicati untless, inc is of each time series data, giving
ing multimedia data retri 51 " b signifieant amount of research in an attempt to
Query-by-Humming mighTima' b speet . aleulati
(DTW) is one of the most oach to speed up DTW computation
exploited in the sear ing, with a capability to prune out
known to suffer 1 ] y ge 2 ate sequences with a relatively
raising great amount of iy % mal ] I cost. Much research [2-6] has
up. Recently, Fast Seargh Method fi ! posed we ex time series, making time series

tance much more feasible in
the most efficient simil ¢ ‘ 2 hu et al. [3] proposed a me-
per, we will point out its drav ; tial se b i culates lower bounding distance by re-
exploited within, and pri 2 \ imensi of the data from length » to m
¢ y ar 1 ch could reduce the time complexity

performance, including the i FFI. exy «down by a fe orders of magnitude. However, tight-
mental results demonstrate ; S wer bounding function is not optimal
¢ a]:ty reduction is S|mp]y an approx-

candidares seqaencesfor the se L — ’ gliib ' ation of the time series ulamuu:, which
coulc ar off the real DTW distance.
Key Words: Similarity Sea AT > Warp ~Wei et al. [7] proposed a method to reduce the

ing, Time Series Data ~—amount of data being considered during the search by

1. Introductic "

main around us, 3l
forms of data segue
such as statistical datagmultimedia
accurate and efﬁcwdfl milarity
necessary.
Particularly, in time series domains, distance-based
similarity search metho have been largely demon-
ell both in terms of

mance of similarity Search algorithms. Since the long
proposed multidimensional index structure such as R-
e [8 ] and R*- Tree [9] could lead to a large 1/O

strated to work exce tlona

effici resolve this problem

distan s e nts cl sequential | search, proposing a Fast

distan 1s ot u for e Warping (FTW) [6]
s all t

the data vanatlon wIthln time axis, apart from the that store he data Erom the database within only
constraint that both query and candidate tinte series one single file. However, its major drawback obviously

must have the same length. An allernative distance is the factthat sequential search methdd has to retrieve
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base, lower bounding would not help much, giving 2.1 Dynamic Time Warping Distance
very low pruning power , and we have to access every Measure
single data sequence until result is found at the very

end. Dynamic Time Warping (DTW) distance measure

In this work, we propose a similarity matching me- [1], a shape-based similarity measure for time series
thod using Fast Index Structure (FIS) Whlch ligi data, well-known for its high accuracy in similarity
1 tching problems. Unlike Euclidean distance, DTW
least /O overhead. It outperforms other search me ¢ allows warping in time axis. Consider DTW
thods, especially, FTW which is to our kn d calculation between two time series data. Let

Y A eries of length N, where C = {¢}, c3, ..., ¢},
be a time series of length M, where 0=

. , ¢yt. DTW distance DTW(C,Q) is

data accesses. The |dea of 0ur m
data sequences in a database

only ﬁ-a;(t:;ms of the ._. e 2 «caleulated-according to Equation 1 below.
our met can prune oft most of { |r—
in the database that are % 7

Sia-1j-1

match, while consuming only

overhead. Note that our app fi-Lp)

used with any sequeniial sea £, j-1) M
The rest of the paper i ’

Section 2, we describg =/(0,))=»

search work‘ We d

in Section 3, and in Sectio : ythe p distance between data points ¢; and

formance of our method . . i i d Q, respectively. The distance

and number of data aeee: i i following Lp-norm.

cludes our work with »

cearch. L) ==y @

2. Background and K jmpr o ethod for Dynamic Time

As similarity search is
tasks in data mining, v
proposed to improve perfo

ned carlier, Sakurai et al. have recently
similarity search method called FTW
retrieval. The most straightfo ] ethod for Dynamic Time Warping) [6].
a sequential search, which computes the :dlﬂance be- their work, they utilized three important ideas, i.e.,
tween a query and a candidate sequen oRe ~ LBS (Lower Bounding distance measure with Segmen-
and consecutively scans through the syh .l#l_,tqb . EarlyStopping, and Refinement, which can
order. Agrawal et al. [10] first : \ ove the overall search performance.

search using the R*tree that largely reduces the num- bognding distance measure which
ber of data accesses. However, this method is ineffi-  calculates lower bou il‘!: distance between time series
cient on high-dimensiGhaldata; which s an underlying T TR T Fwe Jimensions than the original
characteristic of ti ies data. Moreover, VI fivides' a data sequence into seg-
al. [11] propose a method that uses R . thesmaximum and minimum of data
Minimum Bounding tangles (MB within eachmzem are used as a representa-
imated multidimensi time series, for the use of fast tion. This dimensionality reduction technique helps
retrieval for the appropriate candidate with similar speed up the lower bounding function.
attributes. Unfortunately hls method uses longest EarlyStoppmg approach is used to early abandon
common s uence (L he distance measure, W distance calculation. It prunes off some elements
which tible staiice e distances are larg-
SRRt T
search method ev is ce between the query
drawbac issue that will be extensively discussed in and the candidate sequences during the search.
Section 2. & Ref‘ ent technique is appli the lower
Before movmg on to explain our proposed work, ctlon LBS for DTW di e in a multi-
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resolution scheme as needed. This can greatly reduce right portion of Figure 2, we index cach data group

the lower bounding computation cost. accordingly. As a result, we obtain an envelope for
Despite the efficiency of FTW, its worst case is each group of data.
impractical; the essence of the method is to come Env, ={e,,e,,....€,,....€, }

across similar matches as fast as possible since it needs
the good-quality best-so-far distance to prune out e
rest of the database. In the following section

Uy =maxp,,; 3
describe our proposed method that could o N ! !
downside of FTW. K‘ = ..;“}';Er Pij
s i, and /; are the maximum and minimum of the

3. Proposed Method nt from all data sequences, respectively.
ustrates an envelope of a group of clus-
In this section, we intiod C cred-time series data. The upper profile illustrates the
search method under Fast Index bound of the envelope, and the lower profile
guarantees no false dispissale [ bound of the envelape.
muethod consists of two mamn
ing phase and querying phast
processing method caBe Comg
search. The architecture of W@ind
in Figure 2 and describzgiin Seciy
The querying pealess is s
we have obtained all eny
indexing phase, we calc
for clustered time scpgs be
and a query sequenc B
deseribed in Section 3.2, Hilally
1o select appropriate dataigro
which is described in gfeater |

8 _{“., ;}

3.1 Indexing Phase

In our preprocessing phase, all data scGuu
the dataset are clustered into groups. RO
ments, we use k-means clustering [12-]
tering method. Note that various cluste
exist [15], including k-medoids clu:
CURE [18], and DBSCA 9
nique can be use
at hands. Somen
proach, and som

Bounding Distance for Clus-
ime Series Data (LBC)

\§ described in Section 3.1, an envelope for each
aroup of time series data has been con-

g thayrthere are k clustered groups.
ed LB(' between a query Q and a
ere Q {‘Ih G2s coos s oenn
outliers. Howeve iy, by, oo g, {,-}, vy fttag
does not affect the ed as [ollows.
of the clustering %. ches W 0,Env,) = f(IN, M)

groups of data that our approach can benefit from. Ac- fli-1,j-1)
cording to Figure 2, we first cluster the data within the .
database in advance (ofﬂ#e) As a result, we obtain k& f .7y =d(g, .l ) +miny fi-1,)) )
oups of data, whete m:d number of data S, j-1)
ﬁles T
acces ld o n X <
by compos g for j<
ically, le e a group of N time series data where P = where dlsmﬂce between a data point g; from the query
(P, p2, P, ... Pyl and let Py = {p;, p; o Pip O and an envelope element {u;, [;} from the envelope
- We construct an enve]ope Envp of a oup of  Env, areidSfined in Equation 5.
o
e
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(QJ _“_.r)z > 4 )“1
(g; _Ij)z g, <1,

0
Simply, this lower bounding distance is the dis-

tance between the envelope and the portion
query that does not fall within the envelop \

d(g,u;,13) = (5)

; otherwise

1 Algorithm FIS(Q, C[], Em[]
2 fori=1tokdo
3 LBCdistances[i] = LBC
4  endfor
5 sort(LBCdistances),
6 globalBestSoFar = Positi
7 globalBestMatch
8 fori=1tokdo
9 if pop(LBCdista
10
11
12
13 [bestMatch,
14 if globalBestSoFar.
15 globalBestSol
16 globalBestMatch =
17 endif B
18 endfor
19  return globalBestMarch:

Figure 4. Pseudo code of
Structure in query phase,

hm Fach: Time
i

3.3 Sequential Search
Series Group

After we have completed LBC calculation
a query and all the envelopes fromreact
these groups of e
then perform a sequent

'i-:l-“'" i’.l" o

i

700 Ul
e ST =y

90

prune out and ignore the rest of the data groups, which
are known to have DTW distance larger than the global
best-so-far distance since LBC values of these data will
also be larger.

Figure 4 shows the pseudo code of our method in
the query phase. The inputs are Q, C[], and Env[],
where Q is a query data sequence, C[] is an array of

ters to each data group, and Env[] is an array of
i each envelope. Lines 2-4 calculate the LBC
between query @ and each envelope, and
sult in a priority queue. Line 12 pops the

pinter 1o sroup with minimum LBC distance. Line

13 scarches the guery within that group. Line 14 up-
"-""!?l ¢ globa best-so-far distance of the search. In
BC distance in the priority queue is
the global best-so-far distance, it terminates
k""“ﬁ“ of the search.

‘%\

SO nc l!

I_LI

. ._‘

()

onstrate the efficiency of our
by comparing with FTW [6], the
method, both in terms of computa-
ber of data accesses. Both imple-
‘TW are done in Java, running
4 ® CPU 3.06GHz platform with

"l. sumption

We compared the performance of the nearest
ghbor search by using our method with the variation
ota mber of data groups. Performance is eva-
both in terms of CPU time and wall clock time,
ing with the best existing method, FTW. A da-
s generated by a random-walk model with the
D000 sequences, each with 512 data points
ditighal sequences with the same

mpa

cneln arc also eCcner:

the smallest L
replace any existin
as LB_Keogh [20]7FTW, ete. In

is used in the comparison sinct

method to date. Afier the search in the chos
has been completed, We obtain both the best matched
time series and the best-s

far distance. We then com-
pare whether this best-so~far diStance (from the current

1" 2roup

group) is'sma el is

S0, we he -so-far aj e

match sc so-fiir| di e be
matche ence. If the LBC value of the next group
is less th e global best-so-far distance, we proceed
with the sequential search in the next group; dtherwise,

! ;Po be used as queries.

FTW(143)

Figure 5. Wall clock time, comparing FTW with
our proposed FIS with a variation in the number of
grou 8
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As shown in Figure 5, we compared the wall clock 1009900 FTW{1,000,000)
. . 91 a
time of FTW with our method, FIS, where the number .

00000
600000
500000

400000
300000 .
200000 m B

of data groups varies from 100 to 7,500. The experi-
mental results show that FIS gives the best perfor-
mance when the total data groups are around 1,000,
doubling the performance of FTW. Note that to ‘

numbcr of data groups would lead to an inere

Total Data Aceass

200 500 1090 2000 3000 5000 7500

cesses. If the number of data groups is tonatof data grous

tal number of data accesses, comparing

in selecting a good candidate {0 ur proposed FIS with a variation in the
In an extreme case ofone total-data g i PS

ber of data groups is essc
mance of the method.
determine an optimal
eroups through paramet

al- or d Application

he utlllty of our algorithm in real-

H\‘ mix real-world dataset,
that could be done ¢ . ! - Bfiom UE time series data archive [21],
Figure 6, we can see that t g g \ "ﬁ renc ated random-walk dataset together. Since
groups does not 51gmﬁ d P J"'; i\ : Lightning-2 dataset are 637 data
terms of CPU time s ved, 4 Woicilh Ichgt, WMo generate random-walk data
- - i L"t ength. In addition, forty data sequences

Y ightning- 'ning dataset are randomly se-
; _1.‘i| for our.datat and another three sequences

) 15cd ‘ eries for our experimental evaluation.

b q ‘
il red % \
: in Flgure 9. Another obvious advan-

tage of ‘; 1| ed method is that the number of data
GCess is ected as the dataset size increases, whe-
hat -'_ [W linearly increases,

apparcnt that FIS can significantly
iber of data accesses, which also
utational cost reduction for the

CPU Tirne {sec)
g & 8 g

4.2 Total Number of Data A¢
Our experingents ——Fw |
data accesses =
same database a T
for evaluation. The resulls

can sec thai the toial diin accesse
high since it needs I_! quentially searct wigh all
the data, n:-quiring 1OERL000  accesses for scarching of

10 the dat b {100,000
T;::I ::;:"mm?r ;3 that F nﬁﬁ:n:;m - ure 8 Total numhber of data accesses, comparing

the nu i ) h a variation in the
search. ot fda in i 5
HectiaE. o " ig arison of the overall

effectivelf feducing /0 cost As shown in Figure 7, . we'give
the total dAta access is reduced by 87%, gwl a spee- wall clock hmc among the classm DTW, FTW, and our

dup of as high as 8 times when the databa is clus- ropose S. Generallyi FITW can up ﬂ;‘; ;;r;

-,
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give 4 times speedup over normal DTW. This also illu- support the dataset with different-length time series
strates a drawback of FTW when large amount of se- data.

quential search is needed. Since the 40 data sequences
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Speeding up Similarity Search on a Large Time Series
Dataset under Time Warping Distance

Pone=sakom Ruenaronshmonya, Vit S ennaiistkul aml Chatirn Soon Ratanamahating

Dol ol Comngpuler Enemusenme . Ohindalonezhom iyl
250 Plvathan BeaddePatamson, Bangkods Clalaned 13330
(s e sdenn o} opang el oc th

Mbstract, Toncgseric:s adlilpans a ulagqualous data v appeanne in nwmy
clommns sl as staiishcs, e, atinedia, aie Samilanty scarch anel
TSl EERTT o e Aens ditivare Bsweally cbfBerent from v orhar data opes
smice e sonds doldd et Ihe sssocbions amneme aeleenl cimnonsions
Avcerchgby il clogsic e lean dismnes metne 12 not o ace iste sanmlantys
misur: far tmegsenes, Thereloe Pemmmic Tooe AWorgame (WY has
Fezcomz G featlerehorce Tog stnbnly TS ienl on e S2m2s ime vinos
apcations regarilass of s Bishe comparational eost o speed up the
culculalion iy rgszorche weorks atlemnga fespoed up BT colcalation vsime
iclesang methocl whichabyayvs hos o tradeall ey een imlexing ctferency awd
FE) coal, In thus e s s pragress o rovel milngl o Balanee this trodeol
urecler inelesa seeamilial acowss vsime Sty edessd Sroclue: (5150 un
aproach too fme sefres ez vodh e eamputatiomnal cost and sl
cvethzads on 1O FrmallveSaecconducl aspeninenls o demonstale our
suparionly in =posl e lompanc ancgr e et arasime ne o,

keywords: Samilanly Scarclc Crommie Toe Winggane. Tine Serezs Dt
Iredexing, Laovwer Botelimg Pt

1 Imteoduct ion

Hehind the scenes of many mnovative apphicatoms, the infomaiem i these
appheations smelimes appears na complex fomal such as muolimedia daa To
extrael knowledee rom this complex mlomation, da are wsoally represented as
ume seres Tor the @aseenl dat mining asks smeg Gme series are Just 8 sedquence of
realpumber o wmahillewnlbaspeelsa multdimensional varable.

Companng with vlher Bypes of mulo-dimensional data, tme series daahaveither
uwnigue praypeny thal thet have shiting infbme demamn. in apsther aspectl. gachivalue
i af@limensin can e related o omother value from ditferent dimensions An
approsich for the distamce measurenient an eeneral multi-dmensional data sty
directhy caloulate the distance Trom cach par of values onthesame dimension, well-
ki ad Jmclidearns distance “metnic. A mare Nexible’ distance | measuremeant’ j=
B “Lime “Warpang (LW distance, measure 1] T3 distance Caloulatin
alloras shithing in ome domain which can puessibly match related data prants irim
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contizueus dimenswons. Therelore, simalariy search on ume seres data with tome
shillme wsang 171 disanee Bor the sinularity messuremenl wives more aceurale
resull than wsing Whe Duchdean distance © However. 1DTW distance has a major
drawback on specd pertomeance. The tine complexiy of the calculation for TITW
distance s {001 where # s a lotal numbaer of the dimeasioens or Tenpth of Lime series
data. which is too Tar we be acceplable in practec Pherefere. many research works
atempt Lo specd up T distance calculation

A popular appreachciaspeed up DTW salculatwin s e tuher compute the vwer
bound of IITW distance Thedwrver bounding Tunctione awhich can approeamate the
T distamce withoa relat clyrsmall com putational cost. helps the similarity search
mothl emore some aisthe L0 ealoulavoms . Sany research warks [2-d] have
proquecd  vanoust loweg boandieey [anetwms. For esample, . Keouh  and
Katanamahatana | 3] poageecda lower boundime function wsing the constrainl on e
warpnne. This fuoetion wses Hoelilean destimee 1o caleulation which reguires only
0ia) e complesaty Evenhauah loger bounding wehmigues can specd up the
distance ealeulion gthe dhstanee ealeulnum s gusl o small e of the sontlanty
search Some othepdasks S0l need o be considered.

Indexing time senesdlaln seems 1o be cumbersome sinee cach ume sencs consists
al'a laree number of dimendgions: This leads e sréal complesane Tor many tree-hased
index structures sueh as B™-Tree |2} Eurhemmore. the tree-based structure has a
majur drawback that the order of thetree raversine s nol seyuential. I the search
scans throueh the tree @nd etrieyes afdexed data tram a Teal node. this can lead
larze overheads on LEF Lo eineve a data seyuenee using random access vn the disk
However. an wdesad sequential acgess can sdlve these prblems that incur in tree-
Dased iindex structure

In this wawrk. we propise sunds simslarile seareh method on time series data vsing
Sequenually Indexed Structufe CEIE1an ande strugture under indesed sequential
access which can dircetly indes wothe spproprste part ol the datsset and retrieve the
indexed dain wsany sequential atetss on disk Funhermgres 515 can al=o wnore most
parls ol the dtaserwhich are pruncd ofC by our new lower lounding luaetion. L1306,
o the searcheSmee 515 = under mdesed sequential aceess, this leads"wy gnly small
overhends  onodskneesssinnldmon S S Errenermlved wrberwaed with any
sequentil searéh methods such ns FIW (Fas Search Method lor By manee e
Warpnna) |G, the Fnstesd exasting sinularity search method on time serics data under
[71% dhstanee, s a resoll. oor methol can samlieamils speed up the smilaey
search comprcdavith the orginal FTW.

The rest of the, paper is orgamzed as tellows. In Sccuon 20 we descnbe
backerund and relatedsresearch work. We des¢énbe our proposed method. 515 an
Sectivn 3rand iwSdctiond. werdeniprstratethe per fimance ol vurmethid pfter ms
of pring pawerand ume conswmpten. Finally. Sectin 3 cencludes gur wwork with
somie stpeestnn lur turther research
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2. Background and Related Work

There are several s lanly messurementss lor Ve serics data sueh as Hochdean
distance messure. Dwnamic Tine Soarume O Y dhstanee measure [1], lonoest
commin subsequenee (LS5 el Howvever, me gonelo=ion has been drawn Tor the
best sinularin messurement since the secures fopench =inularin: messuremoent
depends on the type of data For cxampley Query-bvsHomming svstem 4] apphes
(715 distanee Lor the similarty messurcment becsuse the oreal ment Tor 1X0W
distance 15 that s Desabbeand aceupue Tor data thal cxhibivsmne shilung o the ume
axis which 15 o tvpieal chasgetcpstie of the humming veice. However, [DTW has a
larze time compileslp@l a8 Therelore. many researchers foous on specdmg up the
T3 caleulation

Smce 143 Awcuwal el gl [F]has proqrecd an approach w speedup 1775 on
similarny search dfhey prmeed an mdes sroeture ssine B Uree [5] Adthoosh ths
mcthinl does ol perfoem well hecanse of he curse ol dimen=tomny problem [§] n
has Treen the tirst imspiratgin (o many researchers to (acus on ndexaing time senes
clata

keovh and Batanamahatana | 3] propescd an improved mcdes structure using 1%-
Tree 3] and a new lower Bognding (uneton for TFIY distance. vany Preeewtse
Agaresaw Apprecamation (18 U] Sorcoven Aho aml Shasher (4] developed the
lwer  bwownding lonction Cosing o 25 which s fishier than Reouh  amd
Hatamamahatana s method Sn cither wonds Zhu and Shasha’s hwver hounding
(unetion wives resuligwhich are olosee the real 1XYW distanec, Althoush thes mades
structure can siemlieanty reduce themom ber ol daneeded @ be scarched, each data
retrieval causes laree overheadsoondisk fromn ramdom saecess on cach node moree-
based nde s s rocture

Sakurai vt oal 6] proposcil aEessammeach asspecd up 13T

L '\L'\.ILl.Llll.l-rl.l
access o disk. They propuescd an e lheient lower boundime Mfunclion w hmh Lan prunc
ollf most ol the candidate segatneds belore 1T distinee. Thar experiments show
that thetr methad 1 much fster than Ahu and Shasha’s caleulavon | 4] owever il an
elhieent mdessstroctore ean be sdapied o vse wath- therr oweer-bownehing function,
FIW will alsolute v e able o speed up the search since s abvious tha there i no
reason to retrieteall data in the datasel for the search

Betore muwing vn o explamn our proposed work. we first provide backyrwnd
kwenledee necessany fur understanding cur methodiopy

2.1 Dyvmannic Time Warping Distunce Mezsure

Pvrpane [Time Warping (YW distance mesnsure [1] s a0 Cexalde (and aceorate
distance messure [T time series 'data™Simee tine senes data s hizh-dinvensional data
with Treltionships amony  olher dimensions. Buchdean distanee messure, o
stranuhtforwand distanee measure wsine comperison of dma fom each dimensiond
independently . 1vnolauileseeurte s aresuly BN disianee s devclapedddor tone
series” | damaum i IFIW distanes measure allows jcompsreons  amamz acaloes | (im
adjacent dimensaons] onsicder TR detanee ealeulation Lelween nio e seties
data Lene” he tine series ol ength 3owhere €8 fopoea e L coch and P be Time
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series of length AL where & {1 g - g o DTW distance DYTHTO. i3
caloulated according W g (1) below

oo RN 30
P

L AR PR R L 1T B B (11
AT

AR L ST T

where 1= ¢ AT = 7 Akand @@ g e a distance beiwezn daa poants ¢ and . from
ume senwes O o grespogiively The dlistance 1s calonlaled D usine the follvwaing
Lp-norm equativn (25

T Y ()

Since TFIW distamce allows comparisons smone values from ditferent dimensions.
T caleulatins simetimes vives anenacourale result because of undesirable or
sometinmes mapproprate alignment | Thatetore, elabal constrainl is azsivned o limn
the scope on the camparistnss it dees not allve ane comparsens of ane pairs of
values which havedaree distange m the Lime domain

3. Proposed Metlol

In this seeuon. we miroduce wiocis simalany senrch method on tme serics dat under
Scquenually Indexed Struewre EEE n ourwork e propose a new lower boundimse
(unetwn on 171W distanee for oo arou ol ume seres idata ealled Lower Boundimg
Funetwm lor s Group of TideaScries LG Fathermere: our new mdex structore,
515 ean sipmiligany specd up the search under 177 distamee measure.

815 conssts ol vra pans which are indesane phocie and gquens phasie Tnsp indexana
phase. S15 ¢lusiers alldatain the dataset inw groups and sencrates aorepresentaine
lor cach wroupd ot thal we ean complewe the indexane phase inadvanee belore the
sestrch (ofllime ) =bnl o query prscess, we use these representabives 1o cofeulaw the lower
boundime distanees vsame our mew lower bounding Tonction Finally, we use these
lvwwer boundimgrdiztnees 1o ouile the search

31 Indexing Pl

Imitially. we'clusterall the data sequences Trom a'dataset wsimgany existing clusiering
methinls. using Buclidean distance as a distance measure In aur experiments. we use
-means clustering [ 10] in order o pfimmize the maxamum distance between each
panir 4 time senes within the same s, Ateraards wegenerate an index lor 2ach
clata proupsThe, ingdexing methoddis described a5 Tl dws)

Adter we abtain croups of datsy segquences frim the clustering methal. we assivimg
baunad tor each data wroup Tiach hound consists of the upper Dound £ and the Toaver
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bound L. which are the maximum and the mimmum of the valves from cach
dimension among the data sequences inca group, respectively. Fig Ta illustrates an
example of the Twand of 2 data proup The wpper solid prdile is e wpper Twund and
the lower solwd prdile s the awer Tuiind ot Uie gronp

Alterwards. we Tormulate an index af o cronp cltine senes Jata using its bounel.
as mentivned alwace, Ty ranstorming Dot upperamd Brser Tuwnds mlo an envelope
wsing the algonthm extenced from LE Keowh [ 3] clhesasrds . we transtonm each
upprer wwind - and livessbownd - inte B Keogh'souppercand baver  envelope
respectivels In Fip 1 the upperand leaer dashes represent the upper envelope and
the lower envelopeat the eroups respectv el

Once we obtain & greups oltime series and &k envelopes generated for SIS in this
phase, we will utilize 1t in the query phase.

4 wy ¥ 3

}
Fig. 1. (a) Mlustration of a group of tims serics. (b) Ilustration of the profile of the group of
time series from (a), shownin solid,.and (he LB Keogh's Venvgh_ljpe, shown in dash.

3.2 Lower Bounding Function for s Garoup of 'I‘i_mr_zf_i-;n;iqs

Lower Bounding Functien tur Group o Tune Series {LEG) s a nver bown of the
IITW distimeestor_all time_senes datain o rronp In-otherworths U8 distance
between a querysequence and a group of sequences is a veaver bownd tir the distance
between the qiery sequence aml the nearest candidate sequUence AmMung s24uences in
that group We can simple wse the LB Keonh tunction | 3] 1w caleulate the Tower
bounding distance. The detal of the caleulation is Jescribved as (ol

Let £ e a queny sequence of length s where 8 g g g 0 ot and Tel 2
be the envelope of thie wroup of ume series which cantains £ and £ as the upper and
the bnger envelopes, réspectively, where L Iwprfs o on. owband L B f
Lo Pand 3 5The DG distance B T caloulitnmn isshowibin eq (30

[

En’.!’{q:.ff}

LBGIC B

'I;'c,r; I e
dlgak ¥ g A Al o
i s uthervise
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3.3 Query Phase

Accorhing o the desang phase (e Seetion 3 1. the dataset has Deen clusterad and
a represeriative (113 Keouh's upper envelope and doncer eoveloped 15 uenerated from
cach cluster. In this gqueny phase, we use the I EGE distsnes 10 indicae the order ol the
search. Specifieally, the search will sequentallyfsean mench olwter ordered 1noan
ascenime order ol theshd3i dissnce Smee LG =1 [owesboundma distanee, the
sesrch oan also prone el L dala sequences am clustersowhich bas laraer 110G distance
than the Best-so-Far desene:

4. Experiment

In this seetiwon,_we demoansirate the elleieney of our prgseed wethol 10 terms ol
specd  perfomiance wilth the st existing sumilarity  search methodd. FTW |6
Implementations arg dongiin Javas running on an Intel Pentivom 48 CPU 306401 12
platvrm with LEE of memary. A e conduet xpeniments 0 vne nearest neivhbor
search usmg vh svpthetic datasets and realiworld datasels We emphasize on the
search wwer a larae datasel which makes FTW perlorm at ils Dest elficiency
Accordingly. the eXpenment i Jemansiraie oo superionty

light real-world rammee datasets trom the TR Thme Serics Classificatinon
Clustering Page |11 which cover various charagteristic of ime serics Jdata. are wsed
in our expeniment. Tae bodd 2 laree datasel cachidataset 1 z-narmalized and tilled
with additional randomw alk sequences of the same Jeneth 1 create A total of T 000-
sequence dataset. The propertics ol the real-world datasets are shown in Table |
According to the UCR Time Seres Classificalisn Clustenng. Fage, we assipn me
warping s plabal constraints that freethe muost aceurate results. In e indexing phase.
we cluster each dataset into L OOCLgrotps usine f-mean-clustering method Finally. we
evaluale theglficieney of S05 var proposed index sthuclure, an lerms-of prwming
power and Limgicensumpiien e concduct the sne-nearest-ngighbor seach wsing each
real-wrld testebilasclisgquebicsticachgenctatl daliza.

Talde 1. The detls of wamame dulusas

Nute Seof diving set Seze of tegtsed Teagth Gl constreird
Ll Poant A 158 153 o
Fuew tall} Sl I eeadd 31 3y
Trace 11000 104 A Fa
Walar 1 CIEHE w171 15 1%
Firw [ Lo 2 i 350 2%
| Az ltning-2 ol 0] nAT viq
Lighlming-~ o A EILY W
Bl a0 o A7 L
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2 . m gl . X _' L I 5 - 3 )
epnemidii I : . ; CAN ; Upprapri:
the datitliage. S15 gan: I il B couelidite . w luch

4.1 Pruning Power

he efficiency of anv indexing
wiethads [3]. Wote that prunin candidme sequences which
e discarded before the searel Specifically. ienl. pruning power is the
fraction of the otal seqt i il arded by 515 method.
Fig. 2{a) demonstrnes e Lightning2 dataset
gives the best pruni [ it training data

are preally distingnished  fra mdow-walk d: uenth . the cluslering
wethad can efliciently d istthe Lig min HENCE o random-walk

SCOUETICES,

O

, —
a9 9 r — |'
L ﬁfﬂ s
I -i? LR L
S = B P S F R o
el ’ ] I - BETW
ol - f - - | Wiule Fome
<N R
o L
(4 -
Fig. 2. (u) Pruning power ol 815 on ot 153 ttsels A clock e, companng FTW with

our proposed 515 on varousid mﬁ.’

4.2 Time Consumption L !,:'.-i'Jfff"I“ 2/ A -
= YN -

o

We evaluate tine conswnption on similarit

e e

almparing with
FTW. 1he st onslne 5 voscarch omethiod s the byt .'.;:.“ e hiod.
sequential sz b deinonstriles
the comparnison a ‘ safmerige wall
clock time per qQuen: seq aur mel outperfarns
FTW inevery dﬁl set. particularly in datasels wlich Tone high prw power. by oan
order of magnitude. Note that both FTW und hade force method wse sequential access

on disk. As 3 resufi: i!i:.x do pol achicye am pRuune power since accesses (o all

FHEINENINGING

5. Cﬂflusiun

are distinpuishable from e quen serquence withoul accessing most of the
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candidate sequenecs 1 the datalwse. Morcover. data reneval apphied 1o our method
wies The sequential aceess on disk Comscguently. this con siam leantly reduce the | ()
cost which can ereaths speed up the search. Oup experimental resulls show the
superionts of vur method. 5150 ever the rival mathods FTW O] m tenms ol speed
performance up o 26 times faster  Faw furtheptwaeks. we will locus on owr
preprocessmge steps. clustening methl smce the € clisicmad the clustered data leads
wr the otiiciency vn prunmg peser of 315
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