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Time series data clustering is one of the most active tasks in time series mining.
K-means clustering using Euclidean distance as a similarity measure is a popular
clustering algorithm and a representative or a new cluster center is usually calculated
using an amplitude averaging function. However, Euclidean distance metric and
amplitude averaging are not suitable for time series data because time shifting can be
occurred in time series data.

In this research, the Shape-based Clustering for Time Series Data (SCTS) which
incorporates k-means clustering and DTW distance measure, together with our new
averaging method, called Ranking Shape-based Template Matching Framework
(RSTMF) as an averaging function, which can provide a new cluster center that
preserves the overall characteristics of time series data. In the experiment, our
proposed method outperforms the traditional k-means clustering technique in term of

accuracy.
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211 Uayaaynsuiaan (Time series data)
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X ada dl 4 a 4 d‘ 14 dl
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2.1.3  wnsInszazlauifinlndaaiilile (DTW distance measure : Dynamic

Time Warping distance measure)

wnednszaslpundniniesilil [13] Wlunnsdanldlunisdnaanuagng

(Similarity measure) Tnaa1unsnINITAAIINARNA Tz UINNTaYAAYNINIIAIABID YN T

Tnefantiinnldiudeyaaunsninaniiiasainiiaonngangu Asaiunsndfunisanauun
1 ¥ dl [ 2 dl o v o %

seudNABNaYNINIAT HNIZANNgn  (AILARSIUNINT 2.4) inliinnsdamanuasietas

AUNTNIANNANTHILNUE 1NN BT

A1 2.4 nedmszeslaunldntnidaesiile (Mun : Keogh waz Ratanamahatana [17])

o

ANNALH P uar Q ufiayaayunsunailawingna n uag m AMNAIAU 7
[ o o a 'S T A = [ v 1 dl . .
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WA N X M UATATUITUILAIZIENINUAATAAS 03 ATIBYNIN ANANNIGN (2.1) ANt

NINITANUIULLILNATH (Dynamic programming) tneldannisn (2.2) Tunsazanmisees
1 1 v dj 1 a 6 '8 ) @ 1 £ %

seudnusazqndioyarasaynsunan dAszazlaundnlndiaitlaniilurgaiinauay

A1 IERNNANNIN (2.3)

2
D(p;, q) = (qg;- ¢)) (2.1)

dist(p, ;. @)

dist(pl., q/.) = D(p,,, qj.) + min d'St(p/’ q/._1) (2.2)

dist(p,;, 9,4)
DTW(P, Q) = dist(p/, qj) (2.3)

d”v ad o ' { dl o v v
UBNANUENAINIINUID (Path) ﬂﬂﬂﬂW?Qﬂ?ﬂﬁzﬂQ’N@j@wﬂ?N LQ@'WW]'ﬁ‘Miﬁ

¥

! ¥ dl dl b % aa
mmﬁmmwu@ﬂm‘m% JGHER
-
W:(W1,W2,...,Wk,...,WK) Wa max(n, m)sKsn+m-1

aurnm laudaannninisatuniszaslnuniinninesltlanda saunanalu

NN 2.5

1

Vol
Warping Path w Q

A 2.5 30 (Path) NlENNenasaInnsaaiszes lunfininsdae st
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Tusnuwdsaiilfununmnsdnrcazlauninnidasith w19 ifunnsdnaqny
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v dl v o 1 vy :; al 1 o dgl
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214 nsmuuaaulutiaaulnasan (Global constraint)

AN uaRauluisAulagsaNazinun 14 i faan12aipIa L IAIaINg
o a s c A dl acl [ a s & 1A =
Aunnszeslpunfnlniiesiil esannisnisanuinszaslauninlniiasiileanasinig
YFuuuwanldmsnzasfinauld [17] (Fanmn 2.6) anzdieyasunsunaiunsdayaaziiy
o - o A o dll a &£ o & v e e @
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o dl o o ] vy dld 1 v o = dl
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dl | v o/ 1 a o «d‘ 1 dl o v
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A
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(AN : Keogh uaz Ratanamahatana [20])
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Aan19angNdeyaNidunianandauile At N1IIANQNLLLLLNEIY
(Partitional clustering) %qﬁmwLmnﬁmﬁumﬁmﬂ@jume"f]ﬁuﬁu IpeIazfiadin1anInue
o 1 QI v Y o v dl b % [ %3 1 o 1 1 1 dl [~ dlil [ %3 b4 1 adl
AnuunguENduliiuiayanfiesnisdnngy n1sdnnguuuinsaauniilungan 1un 35
NNIAPNGHNULILLANASEA (K-medoids clustering) WAXATNIIAANGNULILLANUE (K-means
Clustering) [12] IngIAANNULANAINTENINNIITANGNAD WULT A8 A3N17 1NN A LN

vesusaznguiiayasa v [22]

Tunne9udas [7] leinnsdszandlidnisdangudeyaaynsunaiuuy

winaed Inginnnmsdaszeylaundnindaesithun iduninsdnauadiaszudnsdayas
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NN 2.9 N) fa3ABYUNTNIAT P WAz Q 1) LHANINITRALLLLLANNAYA

A o = .
A) LN@V]’]ﬂWﬁ‘L@@HLLUUgﬂ?’N

ANy o

Tudaausn AR Re3EN91@AREENT1 Non Linear Alignment and

a
] ]

Averaging Filter (NLAAF) [24] Faifluiadsdiayaaynsuoaniliscaslauninindoaililsun
dogluniaiedy Insaziinisefsdeyanay 2 ayns TBN19RALATENAIMNNITATUIIIEE
lauinndaefltlanenninszndnsdiayaria 2 aunsutiu 1aIRINILAIMINITRALAA LR

v 1
fayausazgausuluiniu Tnaldaunis (2.4)

wpp;+ quj
z, = ———— (2.4)

k
wP+U)Q

aunili Puaz Q ueynsunaiifienisieds taedl p, ua g, \udieya
WFATAAUATHAN wp UAT w,, HUAIUNMINTB9YNTNIAT P UaZ Q ATNAIAL AZANN9D

1 v 1
NnsedtaynIuatisaataynsntaa 1435 NLAAF uazldnanisiaaiiluaynsuigg Z
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z
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=2 L7 a Ly 1 | o dl o Y
naufidnszazlauiinindaeithaziiluunsdianmuizanivdoyaaynas
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faldanunsniinadnininunansaizaasdieyalld aanniwi 2.10 2) aziwiudieynsuian
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o

uananuanAuluniseasdeya1093s NLAAF anfluuuugu Inetuativ
nurnrasiayansiainisieds swanslunnd 2.11 Taanwd 2.11 n) ifluanaulunng
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dl 3 2 1 1 e n d! a dl 4 dld o 1 o ! <3 !
VI’QWHQH‘IJ@?;IJ@»LNWH‘HU 27 TUNNNANITIRRULANANHNANBIUSLLANFAINNUNINNAY NACAIND

a

FOAN YU IBINARNE 16 [14]
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Final

SR
S

Final

F 55 B S 5
PECCIUE B

2

1)

N 2.11 anduTunnsefsdieyafioeat n) NLAAFT 2) NLAAF2

(M1 : Niennattrakul bas Ratanamahatana [14])

1 & aa dl ' o a L T A
agelafimny F5n1aedsuuuglielaenisinssarlauniinlndae st
dszgnaldinaliinunzanfudneuzresdayasunsuioan fdvasninliuinaais
paaARaui et llszansldsaniunisdnnguuuadugd [14] A0 WA 2.12 Teuanlii
N . b~ e o - 4 o gy
winduleninisieasdayaude uanlfainniseagenainaaiuaainpfan vinliie

ANUITUIZEIY Tavndnlndaedithseninsuadnsiudayantnuenausazfaudn

wuduaansillieg ludiumisiaasaziilu (Fannwd 2,12 n) Wemeudustumisaesdieys

LRALTNIANIATAEAIINANTBINGN (AININT 2.12 )

A A
o o
X
- = L X *
8 * % 8 * 9%
! )
n) 5]

1
¥ =

i 2.12 n) X iludieyanlfiainnisiedeaynsuosn A B uay C sunsiiaauaanlil

u

aguanngy 1) X \udeyanlfianniseaseynsunan A B uay C Natunisagnialungu

u Q

(ﬁm : Niennattrakul ae Ratanamahatana [14])
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plaNn HANIIANEITNNIMUNLLLL (Template) Auiudiayaaynsuiaan
(38N Shape-based Template Matching Framework (STMF) [15] @4iiluanudqeiiiaue
3BN199UAUNLILLL (Template matching) tAEN1sUIAAUNUNgRIITayaauNINLIaN 1ie

PN M Tl UL U Ud 1 uTUN199 04U (Classification) 4aNaaunINaf2alud 1935

a Q

o

ananaazdasanszaziaan lun1sAuanszazlawninindaefltlszndndeyaadls uas

doglitn1sanuundaganilisangannau

N1svEBLLLTed ey aeYNIunA69eaE STMF Milunisdfutlyadsnig

all ¥ all 2 a s ) do’j o o
wasfayaaunsunan dsvarlauniinindoeilils nadduneulunisinaudsuandlu
4.4 4y 4 4 4y o d ey
A197 2.1 Teaziaasdeyanarastaynsy InsaasraynInnaInAdnaiunInngeield

wnainszalauniinininasilils

AN9199 2.1 AN NULA AT UABLNIININIULRY STMF

Algorithm STMF(D)

1. | Dis the set of time series data to be averaged
2. | initialize weight w = 1 for every sequences in D
3. | while(size(D) > 1)

4, {P, Q} = the most similar pair of sequences in D
5. Z=CDTW(P, Q, wp, wg)

6. Wz = Wptwq

7. add Zto D

8. remove P, Q from D

9. | end while

10. | return Z

= A ne £ @ da Y o
AMNANTINN 2.1 Lllﬂiﬂﬂiéﬂi&lm@’] Puay Q sﬁqmu@mummﬁmmumn

14 AMNiIURNINTIRAE P Uz Q Aaedd Cubic-Spline Dynamic Time Warping (CDTW)

1A8BNANNNNIUNAD W T4

W= (W1, Wy, ooy Wy o WK>
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Tneusiay w, azdsznausicafdunu (/,, J) TIALANA AL TR T 2N AN H

U
naeiliuluaynsunan P uar Q NFINIITNNIRRLATNAIAL AINTWIINITRALEAYNTH

P 1o o aa dl :: dl [ o 1 k4
LQ@WW@Z@@WWN@@M@UIMQO TAELRALNIIULIILAY X eﬁ\uﬂuml,muwawmg@ LR ELLALENYS

y ufluarnesdayas aeldauntsi (2.5) uaz (2.6) ANaIAL

7,(x) = ——= (2.5)
UJP+UJQ
w’jp/kJr qu/k
z,(y) = (2.6)
wptwg

A wp WAY W HUAMIMEINL99EYNINIEAT P LAz Q AINANAL We1iNN1g

'
=

RRELATALAY BYNINAT Az wINdaya 9 an (AINIA 2,13 N) TININNTIBYNINT

=KX v o

Wneandedl 7 qn asfiasinnisiuauiaveseynsunaiuuumdtiaaliaid (Cubic-Spline

Q

interpolation) Wianuinanasdeyaanasnae 7 4m (AaNIni 2.13 1)

NINA 2.13 aynsnaniiannisiedy n) neunistiuaanenn uay

1) ¥aan1sUFuANenquLuAddagllail (Cubic-Spline interpolation)

1 =3 o dl 1 I 1% as]
‘ﬂil']\ﬂ?ﬂlﬂ’]&l NITATUITULNA TN UL LRI RHAAUNTHNLINTATEIT STMF
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3.2 M5AANaNANSUS1RIUTUTRNADYNTNLIAT (Shape-based Clustering for Time
Series Data (SCTS))
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Matching Framework (RSTMF)
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A1519% 3.1 9NN LA ATUAB UNNTN UL BIS AN E TN SCTS

Algorithm SCTS(D, K)

1. | Dis the set of time series data

2. | Kis the number of clusterin C

3. | Cis the set of cluster centers

4. | Mis the set of data in each cluster

5. | Distis the matrix of the distance between data sequences and all cluster centers
6. | Initialize C as cluster centers of K clusters

7. | do

8. for i = 1:size(D)

9. fork=1:K

10. D/stDl_’ c = DTW(D,, C,)

11. end for

12. If(D/'stDl_’ c, is minimal)

13. assign D; into M,

14. end if

15. end for

16. for k= 1:K

17. C, = RSTMF(M,, Dist)

18. end for

19. | while(the cluster membership changes)

20. | return the cluster members and the cluster centers

3.3 MSUIFILNUNGNURITBYABYNTNIIATAILIE Ranked Shape-based Template
Matching Framework (RSTMF)

Nudasl Hdauedsnisundaununguaesdeyaaynsuinan nzandn
Ranked Shape-based Template Matching Framework (RSTMF) #svinnnsulfutlgaiisfia
a1n Shape-based Template Matching Framework (STMF) [15] THnnsnnanunsamidaaiu

\Hesan STMF flasAuaniszes launiinndaefuthszudneeunsnnansiesniseadayne
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AN9199 3.2 AN NULAAINIIN NI UIRIBANEINN RSTMF

Algorithm RSTMF(M, Dist)

1. | Mis the set of data in each cluster

2. | Distis the matrix of the distance between data sequences and all cluster centers
3. | Sis the matrix of the distance between data sequence in M

4. | Initialize weight w = 1 for every sequences in M

5. | fori= 1:size(M)

6. forj=i+ 1:size(M)

7. SI\/I/, c = Sij c = distapprOX(Disth___ : DistM/’._.)

8. end for

9. | end for

10. | while(size(M) > 1) Disch an= DTW(D;, C,)
11. SM/" c = minimum value in S

12. M, = CDTW(M,, M;, )

13. w,,= Wyt w,

14. add M, to M

15. UPDATE(S, 1/, J, 2)

16. remove M;, M; from M

17. | end while

18. | return M,

AINA13799 3.2 A1819047UTUABUNIININIULBITENITUFIUNUNGH

¥
[ %

RSTMF l8isail
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AN 3.3 1We P uaz Q iuaynsninaefieanisaunAlszinng

ANNNARIE 3D dist, . TUTUABUIINIIAANGNATINITANUINIANANNARIEFIENIAT

approx

Faszazlaundnndoaiithsendng Puar Q fudeyasunungy (Cluster center) C, @919
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distapprox(Distyy,, ... Disty, ) = max; <, <« |Disty,, ¢, - Disty, ¢, | (3.4)
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min(dist, .y (A, C), dist,prox|(B, C))

Min(dlist, oy (A, D), dist

approx (B' D))
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approx

AN9199 3.3 AN NLAAINITNINNUIAIBANEINN UPDATE

Algorithm RSTMF(S, a, b, 2)

1. | Sis the matrix of the distance between data sequences in M

2. | fori= 1:size(S)

S m, = Su,, m, = MiN(Syy . Sw, )

A z z 1

>

end for

5. | remove SMa' oS M SMb’ S M, from S

a
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Intracluster Distance = Y., i, DTW(C,, M) (4.6)
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