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Abstract

A key issue for the clustering of time-series dataset is not being aware of the appropriate
number of clusters. In particular, the true cluster of most time-series is not known. There are
many interesting properties of time-series data such as scale, shape, structure, model and others.
These features can make the different results in clustering of time-series. Two basic techniques
used to determine the appropriate number of clusters in general are the silhouette and the sum
of squared error, which are not enough for considering clusters of time-series data. In this
research, we present a method for evaluating the suitability of cluster by using the sitlhouette and
the sum of squared error. Furthermore, we integrate evaluation method with the designated
representation using agent of time-series components. The experimentation uses both synthetic
and 2 sets of real time-series data to compare the results of partitioning clustering and
hierarchical clustering with 6 similarity measures. The results of our proposed evaluation method
showed that the number of clusters was in accordance with the silhouette and the sum of

squared error. Moreover the similarity was meaningful.

Keywords : Time-series clustering; Appropriate number of clusters; Representation; Silhouette;

Sum of Squared Error
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1. uni
Tugaiimunnissunisussananateyauas
msfafutoyalidneningatu Suindaifudeyals
Hurhsszernaenuutunuliannisussendld
TunumansuvusiiBuiinisdaiudeyalugunuy
aunsuaT (Time-series) fogadu Joyanns
Y18 (Sale Data) ¥93a8351A1% U (Stock Prices)
JoyaanImeInIa (Weather Data) N1315993AM"4
Fgn15uNNe (Biomedical Measurements) (141
anudulafinuaznisinaduli) deyadanm
(Biometrics Data) (1u YayaguamiAsadunis
andlunin) Wudu (1] dnvazddgyvesdoya
sunsuial Aedudeyavuinlng dfgeuas
Futou Faduanuvimigegedsdmiunisyn
Fumanuiitouegludeyamanisevainuas
35113 19U 35 Subsequence Matching [2], [3]
Anomaly Detection & @ ¢ Motif Discovery [3]
SnwaruiRnYl W Clustering, Classification
(4], (5], (6],
Identifying Patterns, Summarization [7] i & &

Visualization Segmentation
Forecasting Wugiu uenanilfedianddesnunnd
weeUuUseIsnsmeEnilsat 8, [91 Sndhe
n1sdandudeya (Data Clustering) 1T u
madanisiSousvesadesdnsuuvlififasu
(Unsupervised Learning) [10], [11] laafiundnnns
vuilugiuiid feyafignialieglundguiieaiu
szsasiidnunzindendatuinn luvasfideyany
agngudanndeadeiuiosnii [12] TedaneTiiud
Tgldgraraidmneuineu Wunalinudanguy
ToyasynsunarivszfiulgmiinAnyinas
dusheiy UsmsusnAensmanmnsindimnzay
d1vsuiamateads/maanu (Similarty /
Dissimilarity Measure) vetusiazounsy lneaiald
Bn13inszeeing asa@suALAGIEARIYeY
U319 wionsradudnusiduiiAntuve s dudy
FaumsTausazuuugonliinaunnsteiu Usennsi
ansfenslinsruuunguilmnzay (niee k)
dmiuldlumaianisiangu Tnsanzludeyad
gInFaNISLLN iU Foyathvil (Runoff Data) 7
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doifvesiaiileslurisszeznamiailioinde
ns¥andudeyaiisiusulisieinisiasialuls
w3adeayan13nsIainnediznisunng 1y Teya
pdulnitwinla (ECGs) fidesidasdudofiBoany
nnzdsenfenisnsindudyyiaiinaund s
éh‘vﬁ‘uLwﬂﬁﬂﬁugmﬁﬁaﬂ#ﬂumiﬂﬂ”ﬁmﬁmu
ngufmnzandmiunisiangy ldun Jagidn
(Silhouette) [13] LagAmasINANURANAIR (Sum
of Squared Errors: SSE) [12] fla1u3deidnun
walANIATIvmeURANIITIANGUTeYa (Clustering
Validity) it e 1§ 1uaunguitinuizay
(Appropriate Number of Cluster) &115un153a
nautayanigdane3iuuuy k-Means [14] lngld
FagidnuazAmasIALAanaIn Fswuinngud
wianzauarlinaonadosiuisaedis

UsgnisganingAenisdanisiudeyavuin
Tng) Sdgeuazfiaududoudifndnane
Uszansamlunisdangu deilavesanudiie
odhamilsdmivilymiddo nsunuteyaiia (15
tuRensidenldnudnuvasiiiusslov visuva
Yoyaliogluguuvuimunzan Tnswindauny
Foyaiiltlifnesranetymvilinisiangudeya
synsunadinanmeldlagianizlunisinngy
WUUBUSHen (Partitioning Approaches) 9819 k-
Means uag k-Medoids [16] Fsdiaidumaiianis
Jnnquieyaidenldeiuogianinang dwunis
Sanduuuuiduiursisslevdnndmiviangs
foyasynsunailudesesnisuaninavasnisin
ngu 17, [18] wazdnwaziauilidududoq
fvuadungulineudrmin Fededugauds
mENﬂﬁ'«a"’ﬂﬂzjmwﬁwﬁu%u’u uaﬂmﬂﬁmﬁﬂﬂaim
foyasynsuauuudfutusniuisivhaulea
fueynsunafidvuialimiadudndae [1] i
anudululdlunisdangudeyasynsunaiiiil
uraliinrdunindnisidenldisnisiaaiiu
ABI8AT/Ae Mmu1zauWuds Dynamic Time
Warping [19], [20] az@u1savrelinisdangy
BUNTUALAUANALR
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nUsuiulgmfinanundieiu vwided
9 LaueITNITNTIVAOUANUMNILANYDINITIA
nquieyasynsuian lagld Jagudnuazamasy
AuAanaIndugIu SINAUNITUNUBYNTUIAN
wuulnd egldiunuesAusenauvaseynsuan
dlumananosinislivisdeyaduameiuazdoya
e nautinun 3 yadeya lewFouiflounanis

v
U a

Ianquioyaseninateyanusia (Raw Time-series)

adal

fu funueunsual (5Naue) mensly
wmsinAuadtead 6 35 wayldnisdnngueie
wiaflAuuud Uty LAz ILen
2. TanaUnsaluazisniside
nuiildlusudldud nsunueunsuian
N15IAAIUARIEATI/MI9 VBIBYNTULIAN
ganasfindmiuiangutoya laun wa-diud wa-d
noud LeYAdan (Helust) waziiad wazdiugaving
Aoddusmlunanisdnngy laun Jagudn waven
waTImemARNAIn TeanBenesunylii
2.1 nMsunudoyaaynsuian
en1sunudeya (Representation Method)
BUNTULIAT UIBLTENIINTANTA Hudupouund
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dmiunudangudeyasunsuaiuszinn Whole
Time-series Clustering FasfnAiiuniséenane
A0 LU ANABINITAANITIEMUIEANT Y
mMsUsza wWielvnsdnasseslunsinngund
Fu 7], [21] wieiitotostunisinszezuneisi
daulmmnﬁugmwuﬁﬂﬂﬂﬂﬁ [22], [23] 91nAS
numuandfenuinisunueunsunatwiadu 4
Useian [7), [23}25] laud 1) WBuuvuiudeya
(Data Adaptive) 2) F5uuuliiuiudeya (Non-Data
Adaptive) 3) 3uuuldluina (Model-based) Lay
4 BuvuUeAudeya (Data Dictated) §1115u
Usziandl 1 way 2 Sdnideldinauemaianis
unysynsualiuin & (Figure 1) Auansis
wAllAgaednSUNITUNUBUNTULIAY AIETBUUY
Usudeya warisuuuliviudeya

Funueynsunawuuliviudoyaduisi
Wz Aveynsuaifinuewiniu fn1sia
Aundendsetnamsdlunsen JselmAnnisde
nauegellmnumingla

Time Series Representations
—-.'--_ —--_-'-'-—

Data Adaptive
Sorted Coefficients  Plecewise Singular Svmbolic Trees
Polynomial valie.
= Decompasinon
Piecew ise Linear Adaprive Piecewise Natural Strings
Appruximation Constant

Language / \\

Lower

Bounding

Approximation

Interpolation Regression

Nan- Lawer

Bounding

Non Data Adaptive

/ T, T

Wavelets Randam Spectral Piecewise
Mappings Aggregate
/ / \ Approxima tion
Orthonormal  Bi-Orthonormal Discrete Discrete
Fourier Cosine
< hC Transform Transform
Haar  Dawhechies  Coiflets  Symlets

dn n>/

Figure 1. A Hierarchy of the various Time-series Representations in the literature [30].

Wesnmndenldsunmuiliffiesudy
(Subsequence Time-series) 119ANGY wazdain
puAEEARHENnT AT iz anTudae 9z
Junalinisdangueynsuaivinaunuigle
[2], [22] feeizunuaunsunauulivsuteya
1@ wn HAAR, DAUBECHIES, Symlets, Discrete
Wavelet Transform (DWT), Spectral Chebyshev
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Polynomials [26], SpectralDFT [27], Random
Mappings [281],
Approximation (PAA) [21] L &
Piecewise Linear Approximation (IPLA) [29]
TuauAfeddsldinausiBunuoynsua

Piecewise Aggregate

9
b9

Indexable

lagnseyiniudeya Whole Time-series 835013
AAT1ERUENDIAYTENDUDYNTULIAT LB AIN
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Brsunusynsunaniiannsadislidangudeya
aunsunalieg1nruIzay uazdanguedned
AUVNTY 1AgoIREN1TATINAD VAN IZ AL
MeTagidn nasIWAIAINAANAIN LAZKNUAIN
Msdangu

2.2 M33AANUASIEATY/FANY YBDYNTULIAN

N133ANgutayauNIUIA1 e A BLNT IR
sporsEAUge Seilnaneunasindllddmsunisuny
pynsuan Ainefigadmiuinszogszninsass
sunsunarAenslédeyaoynsunandauien
(Univariate) waginszeyseninadoyaounsuiing
nnRaTIRTInuInzay [1] dm3uisnis
voen1sinsverludoyaounsunariuidnifels
Anwiwazdausisnisinszeziunnune (1, [31]
nsdenléiBnistasrozilmunzaniuegiu
ANANYE VWA NTunudeya waringUussasd
nsdangu dufvaastafitanlflunuideil 5
ngu [31] Awualidu Xr waz Y1 1lusynsunan
2 ypiidesnsiamnuadiends Muazdununnsia
wsiazngu Denuldseludsd [31]

1) 105ianna Raw Data laln

11M5InI¥82UUY Euclidean Distance 130
Minkowski Distance (diss.EUCL) %38 Lg-norm
Distance \fle d,, Aeszezsynintoynsuiaan X
waz ¥ figanan t = 1 fa T sheunsin Minkowski
Distance feuldiaannsd 1

T
qu(XT' YT) = <Z(Xt Yt)q>
t=1

Tne#id g = 1 A® Manhattan Distance, g = 2 A®
Euclidean Distance W a Ll ® g = < A ®

1/q

Chebyshev Distance

117577 Dynamic Time Warping Distance
“38 DTW Distance (diss.DTW) Aan1sinniiy
AA8va93UTe T Tusunsua fen1sinseyy
FENINADITNULD8VRUIAT (Xg, Yy,) NVIUALA
= (Xa1, Y1) o Kamo Yom)), M RO LU AUD S
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o
Y o

arauidululévianun m ¢ fsiu dpry, Ao DTW
Distance #ilnafianfieulinaaunisi 2

Z | X Ybi|> )

i=i,..m

dprw (X7, Y7) = TTT}EI‘}}(

2) wasiamuuia laun

UIMITARIUAIULIAY Agdl Integrated
Periodogram Based Dissimilarity (diss.IN.PER)
Hunmsiailimanuadeadaveseynsunand
raulduuvysainisisnsduniiald aula
Tassa¥enuduniug uazliauudsusou e Fy,
W Fy, A Integrated Periodogram 489 X7 Uag
vy faifu anuedeaieweseynsunanisassion
Igigtat

T
dipkr ¥ = [ @ Feldd @
-1

Ty
Feo(4) = Cof Ty b () w8 2 Fy(k) =
CRlEl by () 7 1E Gy = Tily(), Gy, =
Yily,(A) n56l Normalized wayly Cyx, =Cy, =1
A58} non-Normalized Auvian waziile

Ly, () = T‘1|Z{:1Xte‘“kf|2 Lay

Iy, () = T‘1|Z]§:1Yttcz‘“k’f|2 famunan
Y09 Xr Way Yr auau wasd A, = 21k/T 7
k=1,.nloefl n=[(T 1)/2]

3) W nsIAnL Values wag Behavior laun

WasTaiinruAdIendwes amfidunauie
woinssu dslusiildnisTanginssy frenns
UszifiuanAnadeves Temporal Correlation
Coefficient (dissCORT) +3l & f# 79 u o 1%
CORT (X7, Yy) AOAIUARIEAGIVDINGANTIUVD
aunTIIAN X7 uag V7 Sedlonllédsaunisi 4

CORT (Xy, Yy)
it Xerr X)Vewr Yy

\/ZZ;%(Xt+1 Xe)? \/Z?:_:LI(YtH

(@)

Y)?



NITIneEansuazmalulad unnInedeguasventl U 20 atui

108 CORT Xy, Yy) 958A152W379 -1 fi9 1 Yuile
winfiandu 1 wansinoynsufingfinssufianig
Weanu den -1 9singfngsuaiunieiu wazdlan 0
wansINdingAnIsuRIai

4) 119339 Autocorrelations ﬁgULLUU‘ﬁ\‘i
Simple wag Partial oA Autocorrelation-based
Distance (diss. ACF) fenuiléidsannisit 5

dacr(Xr, Yr) = \/(ﬁx-p ﬁYT)TQ(ﬁXT ﬁy-p) (5)

= ~ ~ ~ T .
LA Q) Px, = (P1,XT' ""pL,XT) » Py =
~ N T < s 1
(Pryps - PLyy) ‘UuLINABIAIUTEUIUANS
Autocorrelation 984 Xr wag Yruagi Q 1Ju

WwnsAgAYIn euisANan [31]

5) wIwsInnu Complexity lawn
418 57a Permutation Distribution
Clustering (diss.PDC) Jusnsinfiondeoinis
NS918904a14U3Uuu Y (Permutation
Distribution: PD) fiflvuan m-embedding tag t-

time delay voedayadadu X dsarsliann
X = X = K Xerr, oo Xegm) t = 1, T - m)
NUUInANUAR18AFlng AN NN1TIALUU
Euclidean Distance

11957n Complexity-Invariant Dissimilarity
(diss.CID) WJunnsTafierduainuadiend/any
&hwaaaqmmLaaﬂuizﬁuﬁgﬁuiﬂa@ﬁmm
%’U%awaawmmam G Complexity-Invariant
Dissimilarity fenalassaunisi 6

derp(Xr, Yr) = CF(Xp, Yr) d(Xr,Yr) 6)

oy CE(X7) fip Aiussanunnududousos Xr
CF (X7, Yr) Ao Uadunisdsumnududeou
fagUn1TN 7

max {CE (Xr), CE (Yr)}

CF (X, Yr) = — n{CE (X1), CE(Y;)}

™

131

i o o

2 W uAAY - Faau 2561

2.3 dana3fiuwuy 1a-Hud
n1sdnnquieyasriudanaifiy k-Means (k-Means
Algorithm) 1umadinnisdanguifivdnnisyina
iy Lidudeu Uszananalia [32], [33] dmiu
Sane3fiulun1sdanguuuy k-Means ftumeunis
¥ 5 Sumeu [33] i (Table 1)

Table 1. The Five steps of k-Means Algorithm.

Algorithm k-Means

Decide on a values for k.
2 Initialize k cluster centers (randomly, if
necessary).
3 Decide the class memberships of the N objects
by assigning them to the nearest cluster center.
Re-estimate the k cluster centers, by assuming
the memberships found above are correct.
5 If none of the N object s changed membership

in the last iteration, exit. Otherwise goto 3.

nduneuludanesitu k-Means Tu (Table
1) finrsvhenumdn 5 duneuldun 1) n1sdmund
k iitelddmiuutangu 2) nsivuagagudnans
voenguiuau k 90 Fsluseuusnenalinnnnisgu
seudnlaglannnisarwin 3) Sadeyalvidein
ngulnefionsalideinlunguitteyasglndqa
gudnaseanduiuanniign 4) myagudnanses
uiazngulvaidnads Inglddnadsnaundniign
fvualidafalunguiu q waztunoudl 5) uan
audnlungulsifinisiasuuuas wiegaquinans
lsiwdeu Taunsvinnu vielailiSuindduney
i3

2.4 3and39NwUY 1A-Hnawd

n1sdanguieyasriudane3iiu k-Medoids 1Ju
Bnsdanguilofendnnisadiendaiu k-Means
uAnGeAuf k-Medoids azimungaguinatsves
nauandeyaitilegaidluyadoyaindi uagiins
Tnszeznieinninuadtonislag k-Medoids 14
wdnnsinssezves fuladaniifien e=1 (r=1) 39
AovdnnnsvesnsinsrasmanuuuLugnutiuies
nsdangusedaneifiu k-Medoids fwnzaude
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n1sdanguitsianlddnogms (Total Cost) Anfian
Tngaly k-Medoids fnaz3¥nfuflude PAM
(Partitioning Around Medoids) Algorithm [32],
[34], [35], [36] d1%15UN15V191UVBI8aNDINY
k-Medoids i 6 Sumeu [34] & (Table 2)

Table 2. The Six steps of k-Medoids Algorithm.

Algorithm k-Medoids

Decide on a values for k.

Select k points as the initial representative objects.
Assign each point to the cluster with the nearest
representative object.

Randomly select a non-representative, object X;.
Compute the total cost referencing S of swapping
the representative object C with X;.

If S <0, then swap C with X; to form the new set
of k representative objects and goto 3. Otherwise

exit.

1ndunouludanaifiy k-Medoids lu
(Table 2) fn15i191undn 6 sunauldud 1)
A uAA k iitelddmuntangs 2) n1s
Avualiye k adudunungu 3) Yadoyal
dsangulnefiansanlidsinlunguitfoyaoglng
aguinasveanguiuLniian ) dumdeyalmal

LAY

nlildgagudnans ielfilugngudnaislul 5)

A0l Total Cost uagHan1s Total Cost 5¥1I
yagudnanenaunt uazganigulnl 6) uasing
Total Cost S < 0 liiasugnaudnarndugngu

Tnyd wdrludumaun 3 se vSelifaunisvinay

2.5 Saneumsdianguuuuiiuty

Wumadiansdanguitigaiulunisuansnimeaa
n13dangu [37] Tugduuuvesununmauldl lag
madaisdaruisoudaldifu 2 wuuldun
Agglomerative Hierarchical Clustering (Bottom-
Up) wa g uu Divisive Hierarchical Clustering
(Top-Down) [34] 337ifisufie Agglomerative 1Ty
wedan1sdnngudsdnfuisiuanguliadanu

A Y o

wiugga [38] willdednfnAeimunziuyateya

o o
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yualdlng Tunoun1IIUIIdaneIiunTIn
nauwuUAUTY [33] uaneds (Table 3)

Table 3. The Five of Hierarchical
Clustering Algorithm.

steps

Algorithm Hierarchical Clustering

1 Calculate the distance between all object. Store
the results in a distance matrix.

2 Search through the distance matrix and find the
two most similar clusters/objects.

3 Join the two clusters/objects to produce a
cluster that now has at least 2 objects.

4 Update the matrix by calculating the distances
between this new cluster and all other clusters.

5  Repeat step 2 until all cased are in one cluster

132

91ntunoulu (Table 3) fin1svinarundn 5
Fumeu liun 1) Arutmszezsnineingueiag s
wastiul i duuning 2) asvaeuszazrinesening
ngu Wovnauiilnddnfusniigaiiazy 3) fue
nquitednlsiidunguifisafuiiazg @) Uuugs
wn3ndsyevineszninangalyel uasnguduynngy
5) gRanAtunoud 2 JuUNTEIINGUNNN G
swiudunguifes FJsaunsiny

2.6 NMTAIANGFUAIYIT WAY
n13dnngun1snszatevednisilasuntas
(Permutation Distribution Clustering: PDC) L&@u®
lne(39], [40] {Wu3sn1sdnnqudeyasunsuiian
Uszianerdearududeudugiu (Complexity-
based Approach) funeunsvhauldndnnisves
an0INUNIIIANGUUU U Agglomerative
Hierarchical Clustering 13 u il u §1u [39] lne
YnauenannisaAgydmiuldlunisiangudeya
UNTULIA fail

1) NITUNUBUNTULIAINIY JULUUVBINIT
ns¥919n15tUasuutas (Permutation
Distribution: PD) @1 PD was X’ Howildainisdy
AivestTeIzUlLY (Patterns) filsidnfuves
aundnadugesu x’ fiaun1sil 8
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_ #{x' € X'|INKx") =n}

= (8)

A

o x’ fie ynvoadoyasynsuianiign
Fagunuuaruiiasiduressuhuun1snszaenIs
WasLuUa X’ ud

2) 1AAINAA185E1I19 PD Aae Squared
Hellinger Distance o P uaz Q unu PD GRN
ety Squared Hellinger Distance fig3116 61 g
aun1s 9

1
p(P.Q)=—[VP Jal,

2.7 3agidn (Silhouette)
n1smdmeuIiaskyseyadufingy (A1 k) 39
[ I3 & v ao [ '
WuesdUsgnauiuguvanvesisnisdangu [41],

= V1 a 1o & a £
[42] faudiinluunaneadianlidnlu wazdinsiamn
danasiiuiludesivundn k nouudafany wely
nandldgoudesnisszyinazuialuinguisee
winzaudmiuuistoya 31 Fagidn Wuaesind
p1fanIn1sBamlienniely warnisueniusening
nau lngldrafvesszueinaseningaiungud
aglnddn Wisuivaniegnielunguifeniu [43]
§19 (Figure 2) Wan9FIRYINITInTTaZEINTUNIAN
Silhouette

dufuudaring x L5181U1TOAIUIUNY
Silhouette Coefficient (s) lainaunisn 10 fsil

o ligf[tl () min(x)
Yo {7 (o), (o) }

(10)

Figure 2. The Computation a Silhouette
of i [13].
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1087w ,(x;) ABANRREVDITEYLTENTNNYA
x ffugedunelungu 7, Fadunguvesdatuesds
mlenail

Yxjecy, j=i 0 (X0, X))
1

Hin(xi) - (11)
9

WAy uli (x;) ARARREYRITEEEIENINNTNA
x fiugadulunguiieglng®a mldainaunisi 12

19

ANU

e

Mot () =min

Jj#di n;

{zyec,.soci,y)}
_— (12)

AatuA" Silhouette vosusiaznguienule
PNANALD 5 MNYNToyanslungu feauns
13 flail

SC = (13)

S|

n

Si
i=1

lne#l n fie Suiudeyanvun dsaglainmn
A1 SC fidwnn 9 1ilnd +1 uaneindunisdnngu
N
g
2.8 NATINAMURANAN
HATIUAIIURANAIN AD LATDIUATIAAIY
wingaulunisdangy lnen13Wia1saIa1nAn
NATINAIUAANAIN (Sum of Squared Error: SSE)
Tuntsudsinglveglungu lnsanizlunsdl
N . o & v a1

Unsupervised Learning 31U UABILATAL LUY
vveghaduiminuieussiuinguildauusliiv
Tagudazimtuminzauaudmiely dduniaely
HASIUTDIAIAINAANAIA (Sum of Squared
Errors: SSE) flenulassaunisi 14 [43)]

k

SSE@ =) Dl

i=1xjeC;

(14)

A v o A
Ao Toyaln /a9 j
Y 1

Ao ALAREYDINGY |

a
We  x
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sst WueReaslendsiililunisianunmues
nsdanguitlinafliuifunas faduiiidnedis
n¥199919 lumsfiansanan SSE ldanansing
a¥19n51m9nALENTUSTENI1e SSE AU k 1
Avun o ﬂqmﬂ?iaumm”ﬁu (Significant Local
Change) %%a@ﬂﬁﬁﬁﬂwm WY1 “ knee”
(Significant “knee”) Faudusunisiiamnsayed
Frununguitvsnzan lunisdanguldainnisdn
193 Tippaya warAmy [14] Agafunisld SSE
ilensivasumdunguimnzaudmiunisia
nquioyaasuliiinisiden k Adddnsanis
L‘lJﬁIEJuLLUaQQGEjﬂ Tnednsinisiasundas
(%Change) fienall@saannisii 15 [14]

_ (SSEofK;_, SSEofK;) 100

9 =
%C ange SSEofKi_ys

(15)

fregnanshansn AU USISENIeAk
wagAn SSE  Yavdsuaudy wanwns (Figure 3)
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2.9 yadayadmiunisnaaas
Foyaildluns1deilsl 3 yadoyaldun doya ECG
Foyaivn wazdoyasynsunardaunsie
TeanBeadeil

1) 90 g8 ECG (Electrocardiogram) n39
maulnilaiilaann [a4), [45] Judeyasinnis
Adadundulniinsile Fausazeynsuunainusiaz
i ludrmdsninduresialadiunisifade
Mnfifisrmngy Teyaldlunisiteadaiiivunn 96
9a1a1 i 2 AanaAe Uni (Normal) 911y 133
aunsu uazldunf (Abnormal) 67 aunTHN 31
Famun 200 oynsy

2) ﬂﬁaaﬂaﬂgmwmﬂﬂiuﬂuaﬂiww [46]
(Runoff) ludegameiftouiidaiunaentiadan o
anrfnsiadnluwn 3 Jamda loun uassivdun
9uas1951l wageASwriny senI9U A, 2005-
2014 1gazidenda (Table 4)

Table 4. The Details of Runoff Dataset.

Station  Catchment District Province
M2A wihya wiunsiiesd  uAsTdEn
M43A AMzADY dm UATIIVAN
M145 AINTZINES Unges UATTIVAN
M69 daun funsang ASdELNY
M5 withya 31dlea FSauiny
M9 Mgdg s FRETINY
M7 LL@j‘ﬁﬁHﬁ g guaTYsll
M127 Mea i asyNIsiYwa guaTIsndl

Figure 3. A Relationship Graph for k value
and SSE.

910 (Figure 3) LAAINITATIVEDYU K i
wingaudmiunisdangulaevnassdnngulay
fsrundn k oSlendaud 2 9 8 udnunadadu
NI MUARIANNANRUSIENIAT k UasAl SSEasy
I mssanguiiastimund k =2 1esann a
=2 1 Judundsiidugaasuainudy (@
%Change ﬁﬁﬂq\‘i‘ﬁ'aﬁ)

134

3) doyaduAs1eni (Synthetic.tseries) 138
TayasynsuIAIdLATIE ten [31] lnedeya

9 ¢ a v a
ANLATITUINN 6 INL@aV]LLWﬂmWQﬂuIﬂJLWaa% 3 7!@ N

v
o a

Frauud
98 wanena (Table 5)

awdukarhi@ady s1eazduaunay
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Table 5. The Details of the models of
Synthetic Dataset. [31]

Name Models

AR X, = 06X, +2

Bilinear X.=(03 0.2& )X, +10+¢

EXPAR X = (09exp( XZ,) 0.6)X,_;+1.0+¢

SETAR X = (03Xey + DIy 202)  (03Xey + DI(Kooy < 02) +4
NLAR  Xe=071X 412+ Xeoq )7+ &

STAR X, =08X_, 08X_,(1+exp( 10X,_) " +&

dsuneanBeavestoyara 3 yadeya
Rerdvrunana Swaueynsy wazdwaueana
uanIRs (Table 6) Uavuanafiiag193UI90UNTY
naveeya ECG deya Runoff uazdeya
Funsedids (Figure 4) 91 (2), (b) waw () auddy

Table 6. The Dataset details for the
Experimental.

Dataset Length Samples Class
ECG200 96 200 2
Runoff 120 9 -
Synthetic 200 18 6

1-
012
L

22

S2-1

01 2 0

S3-2

|

01 22

842

S5-1

20 2 2
Ll

Time

(a) ECG Dataset

135

i o o

2 W uAAY - Faau 2561

0 a0 em w00 o

T
120

Time

(b) Runoff Dataset

23 N e M
Ay AN o
L
e
£ = i e

(c) Synthetic Time-series

Figure 4. An Example for Shape of Time-series.

911 (Figure 4) 71 (a) Wushegregusreeynsy
Yoya ECG Fadudoyaimsrunguilusiade Feil 2
nqulaunngy 1 Avaynsu S2 uar S5 nqu 2 Ae
51, 53 uar sS4 Fanuindeya ECG Aputradu
Yoyaifigusrsfiunnsirsiudaiuseninsansngy
Tu (b) WWusegragusrseynsudoya Runoff 3
Wudoyaiilinsiunguiusiade wivinazfiansan
mawadminfeindenisdandudiegadu aand
Ma3A war M2A Wudayavinanidludania
Weniu uilzusiawnnene wazdtluadnenieiu
011l M69 Fafuaaniludmiavaneiay 3 du
() \Judegseunsunataindeyadauasiz Ju
sunsuiifanududouveszusne udduasigian
Tuwmafiunnsin Sareudneduunldienindloio
fimnududou
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Raw Time-series

with Various Datasets

Time-series Representation

Decomposition

(Trend, Seasonal, Remainder)

Agents of Time-

series Components

Similarity/Dissimilarity w Measurement

Euclidean, Dynamic Time Warping, Integrated

Periodogram, Temporal Corre

lation Coefficient,

Autocorrelation-based, Permutation Distribution

Clusterina. Complexitv-Invariant Dissimilaritv

y Clustering Algorithm

k-Means, k-Medoids, hclust, pdc

Evaluation l\Aeasurement

Silhouette Coefficient, Sum of Squared Error,

Visualization

Appropriate k, Time-

series Representative

Figure 5 The Proposed of the Research Framework.

2.10 Badun15398
Weflunisasisdeunwadaiinaue uATe s e
penuvunseulunsiiunudde Tnedduneuns
vy (Figure 5) Saagusunouldail

1) dndfeyasynsunaidaiy (Raw
Time-series)
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2) %umaum’sl,muagmmam Tngafy
WUIAANITLENDIAUTENBULALIATILRIIF LN
aerUsEneufivnzan (enideiiiuaue)

3) \dleldfunuesiusznaunds fmuslit
Funuesduszneuludunueynsuaidmsu
MIIANGY
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4) TAAIINAAIEAAI/AIIUAIY TENIN
funuaynsuaildanuunAniiiiaus s 6
11053alauA Euclidean Distance, Dynamic Time
Warping, Integrated Periodogram, Temporal
Correlation Coefficient, Autocorrelation-based,
Permutation Distribution Clustering, Complexity-
Invariant Dissimilarity

5 dangudeyasunsuiiaicie 4 inaila
1a u n  kMeans, k-Medoids, Hierarchical
Clustering tag PDC

6) Uszfiuwan1sdangu MeAdagidn A
NATILAIUAANAIN LATATIVAOUANUAAIBAGS
VDIDUNTUIMNUNUNNHATHSVDINTTANGY

7) HadNsVegnveIn1TIangudiniy
yideil Ae daunudoyaoynsunaniilian k 4
wngaudmsuNTIANaY

2.11 MIMAUARIUNUBYNTULIAT
Turuidedlfinaueidnisunueynsunailag
AinszvindunussdUseneusynsunan Wledie
angUuuuiliddny viofiuanulandudaioy
Tifu3Us19ves Raw Data ULagiiAs1esinduny
yespsAUszneufiannsadmumdufumueynsy
nald TnsuurAnveaidnisivnausuanalds
(Figure 5) (neludindsudiv) fidumounsviieu
fawieluil
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1) wonedAUIENauvBIBYNTULIAN
fuellsi X; Aeeynsunaniifvwianan Wy T e
IFasdusznouveseynsunaderoluil

Trend(Xr)
Fadesuldannsmuaniie Moving Average

peAUsEnaudua LTI

Seasonal(Xr) = eswUszneuiiluggnialdain
= Xr- Trend(X7)
Random(Xr) = ssfuszneudruiliviean Xr

wen Trend(Xr) Wag Seasonal(Xr) sonly
= (X7 - Trend(X7)) - Seasonal(Xr)
NFIRENBIAUTENOUTRIEUNTULIAT ToYa
Runoff 1u (Figure 6) Bauanisaduszneuvesdoya
Runoff 1a & wa@m 9 Trend, Seasonal, Random
(Remainder Part) wag Agent Tu), (b), (©) wae
(d) ugsiu
2) AwseRmiuueIflTEnouauNTY
nanfimnzay WelHludunudoyasynsuim
V”quqﬂ Tngn1snadauaNa@INIsalunIsuuuwen
Y9983AUsENOULAAZE? 91nTU BENLUUFILNY
asAUsznau il
Agentl
Agent2
Agent3 = SeasonalAdjust (Seasonal(X7))
Agentd = TrendAdjust(Trend(X7)
3) fvusswnussAUszneuiiolusuny

Trend(X7)

Seasonal(Xy)

aUNTUIAY Banaaesdnngudeyalaslddiunu

29AUTENBUIINTURDUT 2 Fudlafiundiunu
3 v YA o .

asAUsEnavazlanadnsounsuds (Figure 7)
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(a) Trend

/\J\H\HWMWMW\
WMMMJ‘—A
W\/\—\M/Wf
F’\/\/—“\—m’\—/\./jm/\—/\/\rb—‘\

(c) Random (Remainder Part)

|

|
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MMM

(b) Seasonal

AANAANANNN
Mmum
A M ANAAN A A
A A AN AN A A

(d) Agent(SeasonalAdjust)

Figure 6. An Example of the Results for Runoff Representative.

3. HANTAIY
dmsunan1side laelddunueynsunan wag
ps19aoUnsTanguanuLuIAndiiiae lina
Fasteluil
3.1 NANSANAUARIUNUDYNTULIAN
mﬂmswmaaﬁmmjwﬁagaﬁuﬁaLmuayﬂimam‘ﬁa
6 Agents AaunuBYNIUIATIMINgaNTliann
ddeil Aemunueynsunarilinanimaass
aonndeatusis 3 yndeya Aefunussduszneu
Agent3 (U §U Seasonal: SeasonalAdjust) 1 ¢
AaunuaynsuaIteya ECG Yaya Runoff uag
Yoyadaunszit Alduanads(Fisure 7) 71 (b), (d)
uae (f) Auasu

910 (Figure 7) 1Wuni1suanaIesuliieu
HadnsAunuaynsuIatiudayadadu (Raw
Data) dmiudeyausiazyn Fanuindnvuzes
oynsuifinnudaauiudedoua Runoff &
fegsfunuaynsuvesdeya Runoff fiand
M69 waz M34A LTudY drufunuaes ECG waz
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FoyadaasiziiinisiuasunUasuesgusiuiies
dintdey
3.2 uan1siangudaya
dethdunusynsudilsannnisiesgiludnnga
argimAaide 4daneiiiu laun k-Means,
Hierarchical Clustering (Hclust), Permutation
Distribution Clustering (PDC) wag k-Medoids s
eaziBenvenanisdanguuueenidu 2 diu
Swiluil

1) Usziaiuan k ﬁmewauﬁm%msﬁmﬂeju
oynsUIANIARANITNAGeLilaYsEIHuaINANS
finnsmnen k iaonadesfuynyatoya Meained
FagLon wazAINAIINAIINAR Aediuny
93AUTENBU Agent3 (SeasonalAdjust) tiuf e
funussduszneuiildainnisuiuuss Seasonal
Fal¥fuITInAund1eadsuuy PDC Han153Te
uanalsids (Table 7-9) Wofiansanusazyadoyad
TwasBondl
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(a) Raw Data: ECG Dataset (b) Agent (SeasonaIAdJust ECG Dataset
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g;: MMMM =] AA/\AA/\JJ\/&AJ\A/\_/\J\/-/\A/\
3 JUWM/& i /WMM
< 9] Ea
z 5] =
© 8] - B4
g = = 7
o ] .o
g B et

g7 e
o~ m: o %:
I . N N | B R R e R | L O | B N |

(c) Raw Data: Runoff Dataset

ARA-1

7 m MMWMM/ v/

(d) Agent (SeasonalAdjust): Runoff Dataset

AR -1

AR2-1

3LINA-2

EXPAR1-3 BILN3-Z

34

234101 342 07234 42024 420 2
% S
—=

AR2-1

202 44 1 3 520 2 46 2 24 4 024
I R A B A A I A A A B R A |

EXPAR1-3 BILIN3-2 BILIN.1-2

(e) Raw Data: Synthetic Time-series

(f) Agent (SeasonalAdjust): Synthetic Time-series

Figure 7. The Comparison of Raw Data and Time-series Representative.

910 (Table 7) Wunani1snsia@ouny
Wazausg Fagidn waznasiuauianaln
dm¥udoya ECG Famuin Raw Data lsiei k 7
aonadefulunndanesiiunsinngu Weinay
AANYARIAI8IDUUY Periodograms (IN.PER),
Autocorrelation-based (ACF) ha g U 58 1a "N
Complexity-based (1 ¢ w A 35 Complexity-
Invariant Dissimilarity: CID wag PDC)
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310 (Table 9) Wunanisnsivasudmiv
Yoyadauas1zy Fe4nudn Raw Data liAn k i
aonndosiuluyndaneiiunisianguilotamiu
AaeAdIfae Raw Data LUugiu uwazUsviaw
Temporal Correlation Coefficient (CORT) i e
#9151 7eya Runoff 910 (Table 8) Aagunneing
foyaiaansyaiina1aluuds Ao Raw Data wos
foya Runoff Winadenadestuisrdagidn uay
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ATNATINAMURANAIALAUISANDITIN LATUIS
FEmsiamnundrendavintu
2) WHUATNLEAINTTIANAUDUNTULIAN
ileiunussAUszney Agent3 9nteya

v
o

1 3 galudangu neinanuadiends wagdangu

v

TayasunIUnIAIsLUY PDC lngiUSauliisuiy
HAANSiUNI5IANGY Raw Data WAAINANITITEY
vaetoya ECG lads (Figure 8) wams3duvastaya
Runoff /14 (Figure 9) wazran153ded miudaya

fuAs1e9t 99 (Figure 10) muasu
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3.3 MsaiUsena
MnamTIeaunsnefuenalddielud

1) Mnwan1sIdedmivteya ECG ldaynsy
va1 10 sunsulun1sdangu @9 (Figure 8) wudn
\lodideya Raw Time-series lUdnangulne
fvunrn k=2 dnadnéfagy () wazilensioany
NquaTINgU (b) agwuiniinnsdadangy 2
ounsuAe S5 uar S10 warmIniarsanfleynsa
52, 56 waz 59 Aignislreglunguidvaiu sgnuin
sUIvateynsuTsauLand e 1aiulida
lnglanizaunsy S2

Table 7. The Comparison of k values on Silhouette (sc) and SSE: ECG Dataset.

Distance
EUCL DTW IN.PER ACF CORT CID PDC
Measures
Representation
Clustering
Algorithms sC sse sC sse sC sse sC sse sC sse sC sse sC sse
Raw Data k-Means 3 2 3 2 2 2 2 2 3 2 2 2 2 2
Hclust 5 2 2 2 2 2 2 2 5 3 2 2 2 2
PDC 2 2 2 2 2 2 2 2 2 2 2 2 2 2
k-Medoids 3 2 3 2 2 2 2 2 3 2 2 2 2 2
SeasonalAdjust k-Means 4 2 2 2 2 2 2 2 3 3 3 3 2 2
Hclust 5 2 2 2 2 3 2 2 5 3 2 2 2 2
PDC 5 2 2 2 2 2 2 2 2 2 2 2 2 2
k-Medoids 3 2 3 2 2 2 2 2 3 2 2 2 2 2
Table 8. The Comparison of k values on Silhouette (sc) and SSE: Runoff Dataset.
Distance
EUCL DTW IN.PER ACF CORT CID PDC
Measures
Representation
Clustering
Algorithms  sc sse sC sse sC sse sC sse sC sse sC sse  sC sse
Raw Data k-Means 2 3 2 3 2 7 2 8 3 3 3 3 8 7
Hclust 2 3 2 3 2 2 2 8 2 2 2 2 2 2
PDC 8 6 8 6 2 8 2 7 8 6 8 3 2 2
k-Medoids 2 3 2 3 2 2 2 8 2 2 2 2 2 2
SeasonalAdjust k-Means 2 3 2 8 2 7 2 7 3 3 3 3 7 7
Hclust 2 3 2 3 2 2 2 8 2 2 2 2 2 2
PDC 8 8 8 8 2 8 8 8 8 8 8 8 2 2
k-Medoids 2 3 2 3 2 2 2 8 2 2 2 2 2 2
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Table 9. The Comparison of k values on Silhouette (sc) and SSE: Synthetic Dataset.

Distance

EUCL DTW IN.PER ACF CORT CID PDC
Measures
Representation
Clustering
Algorithms  sc sse sC sse sC sse  sC sse sC sse sC sse sC sse
Raw Data k-Means 2 2 2 2 2 2 3 8 2 2 5 2 7 2
Hclust 2 2 2 2 3 3 2 2 2 2 2 2 2 2
pDC 2 2 2 2 2 2 2 2 2 2 2 2 2 2
k-Medoids 2 2 2 2 4 2 2 2 2 2 2 2 2 2
SeasonalAdjust k-Means 2 2 2 2 4 4 7 3 2 2 2 2 2 2
Hclust 2 2 2 2 [ 2 2 2 5 2 2 2 2 2
pDC 2 2 2 2 2 2 2 6 2 2 2 2 2 2
k-Medoids 2 2 2 2 4 2 2 2 5 2 3 2 2 2

510 /\W s10
s9 W s9
s6 W 6
e e N\,

() Ground-truth Vs. PDC Result (Raw Data) (d) Ground-truth Vs. PDC Result (Agent3)

Figure 8. The Comparison of the Clustering Results for ECG Dataset and Representative.
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(@) Runoff Raw Time-series with PDC
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M127

—
= M2A
M6E9

-

M43A

M145

EM42
M9

(b) Runoff Agent3 with PDC

Figure 9. The Comparison of the Clustering Results for Runoff Dataset and Representative.
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2) Mnuan1sITedmiudeya Runoff lunis
Jnnga #s (Figure 9) wuinidledangs Raw Data 71
A1 k=2 leinadnsiegy (@) awnudneynsuiignia
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UNBUNTY LU M7 1130 MA2 udRa1sanngulng
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3) dmFunan1sidelunisinndudeya
Fuaswd 6 (Figure 10) wudniledanduiy Raw
Data LA@ILNUBYNTY Agent3 Aidn k=2 ¢
Hadwsaagy (a) way () wudlvinadnslndldsiu
1n ssfuiisseynsufisdResynsu SETARL &
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(o) Wisuiudunguasslugy (d) Fadueynsudidl
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(b) Ground-truth Vs. PDC Result (Raw Data)

(b) Ground-truth Vs. PDC Result (Agent3)

Figure 10. The Comparison of the Clustering Results for Synthetic Dataset and Representative.
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