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KEYWORDS : TIME SERIES DATA / TEMPLATE MATCHING / TEMPLATE
CONSTRUCTION / DYNAMIC TIME WARPING / SHAPE AVERAGING / CUBIC
SPLINE APPROXIMATION
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Time series data classification is an interesting research topic because it can be
applied to varieus fields such as medical, financial, entertainment, and industrial. For
this reason, many researchers around the world research and develop various solutions
for data classification such as decision trees, artificial neural networks, etc. However,
one of the mest pepular and .accurate methods is the One Nearest Neighbor
classification using Dynamic Time Warping (DTW) distance measure, but utilizing DTW
for data classification requires large computation time. In addition, the training data may
require significant amount of storage. Therefore, some applications that have limited
storage may not be suitable. Many researches try to selve this problem through thle use
of data reduction schemes to reduce the size of training data. From the reasons
mentioned above, this research is eriginated on a template construction concept or a
group representative which can represent all other sequences of the same class. The
representative, in this research, is computed using a shape averaging technique with
DTW alignment called Accurate Shape Average (ASA) on the training data of the same
class. This technique reduces the training data storage requirement to only one
sequence per-class. In the experiment, template based data classification can
significantly reduce data storage and computation time several times better than current

metheds without sacrificing classification accuracy.
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2.3 InANNAABLUUEARA (Euclidean Distance Metric)
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2.4 aasIaszazmenuulawidinlnadlas1ils (Dynamic Time Warping Distance

Measure %38 DTW)
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AaA o A A —— A o 4V o o
naNNaNNwUIHNRRIEE a0 (Local — Varlation) SInaansf ldannn1siaainy
ARIUARIAINAT? a):Li‘Ju@h‘s:ﬂ:masz%d']aﬁagamgmuL’smﬁa 2 auN I allarist e el Gl
AMNNTETWIUAIIZIENIRE§aI (Cumulative - Distance) ‘szwmagmﬁagaslumgﬂmnm
g 1 cid % 1 Qs d o A}' ) d‘ I3 a a
AINANNINIIUTURIITLATIIINY DINATUTULBIBHILANDLL HNI1TT0IT LAV THY
{ a { a J £Z s o v o U {
LawwxﬁmaL’Jmﬁm@mu‘lma;&am&mmam WAZE9%i0 LA IA T LA A2 N IRZ RN
ﬁaﬂﬁq@ ﬂﬂ@ﬁashwaa‘ﬁayaﬁﬁmmLLﬂisTumwwzﬁL%anm LT ﬁagaﬁlﬂm?mwﬂ@
Lﬁaamﬂ;jw“@Lwia:ﬂuﬁé’ﬂwmzmsm@ﬁmn@mﬁu maﬂmqm'%'s VIABNAT WIDUNIAY
wafada 9 9 Mdudeanuidsinu Aaziianauandranuluunuvaann vlid
A A A o o =2 A & € |1a 2 o o . v =
Ranlisniaanuaagadnuulawdnlniie sl Fedn13UTuLwITEHINN WAL

81N INTN IR AN RN AT N1 9N ﬂﬁqcﬂvlﬁ

o 3 aa a 6 6 1a a
MIfmI ATz Een1laedTlawdnlndlasuds aunsnaduelu
=) v Qs d‘y o v v 1 =) v
Muazidua ldaii nualilidayaaunsuiig 2 euntu ldud Q fa Tayasaunin uaz
C fia TayanazltlumadSaufisulosfianuga m uazn aud1ay e Q = g, O,

oo, Om UAZ C =€y, C, ..., Cy HIUFAILY U7 2.4

3UN 2.4 aunsuam Q uaz C Nlianusn2 m uaz N guEIaY



11

a € ' & = ' o
LWAINTITLENIENINBUNINNIFESI (D = {d}mxn) FTNVWIQLVIINY
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mxn mmmﬁﬂmmmnaumiﬁ (2.2) 3%
di,j =(q _Cj)2 (2.2)
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laa? g uaz ¢ A VOUNAALIN | 1B | lumagamgmwnm Q uar C ¢uA19U 3D
28971578351 (Warping  Path, . W) m"l,ﬁmnmsmmﬁamq@maoswzmm:amm’j’m

& & aa & A e o .o A . '
aRNINTIFDY 09AUENBUYBINVAINITIBTY (W) Aantvinnuganau (i, jk lae i agl
it iem (L <ism)joguenigg fan@<j<n)kagrnint T K (L<k<
K) uaz K ag3z1ing Aigegaizindng m AU N wae m+=n-=1 (max(m, n) < K < m+n-1)3n

AdAA

& 4 a & o T A
maamﬁaiﬂwmm:mmqm:mu’mm@unuﬂ’maiﬂm’mq@ AMURINIIN (2.3)

DTW (Q,C) = EK; D(w,) (2.3)

3D (Path) g 8T balasnaslaass1Buwan1Inada (Dynamic
Programming) VN AU RRANTE LN REF N (Cumulative Distance, 7ij) ﬁaﬂﬁq@]ﬁ]’m
sudndasNUseBann @iy, = dij+ mindyisja, Yisgy Vijad lovddeulydadalus

e Jaulvwey (Boundary Condition)

MLABITNARIINAWMAS W1 = (1, 1) WasFUFANGIUALI Wy =
(m, n)

e Sauluntizsalilas (Continuity Condition)
e A . . PN A \ & & aa
faad i uaz j sansauinla linin 1 lwudazauaaaanaii

A a . ",

e Saulan9ifisn (Monotonic Condition)
ad 6 A v v ] &
AvasmmasUsmuntaiaaen lania LA RIA YN

{ a a a s 1 ] & 1 ﬁ
WasamaT lawdn ndie iUt Wunsduduunlaiduniiadeniis s

o i o & = ) o y J - o
USuumNiiad wandunisUsuumanuy mdaesutls (Time-Warping Alignment) #9u.a@4
lusun 2.5
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2.4.1 WenTw2aUIYAa19Da935 lan1dnInsia1a519 (Lower Bounding

Function of DTW)

n:l' 1 £ £Z ) U ada a 6 6 1A g; U L%
ANNNENMNITIIGH NI AT Lauin InaaasUtsvwaaslaiian

° AAd o @ A @ o . @ 2 < oA o
lumimmmga wziifadnadssgnssiludwaainy O(n?) wudaldiianlwns
ﬁwmmﬂuﬁaﬁ%’qummﬁ’umwm'maﬁa;&amnh é’aﬁfuﬁavlﬁﬁQmuaﬂaﬁ%’maum
1 aa a 6 6 1A n‘ L% ) a J dl'
81920475 lawnfin Indhafddenldmadwastunugafatv (3, 4, 9, 10] 1aldluns
ﬂs:mmﬂ"ﬁ:m:masmdﬁﬁagaau‘,ﬂmnm 2 m&muamaﬁﬂsz%w%mw Aawnazyrinnng
o 1 a v ad Aa 6 6 1A dl' & a % d' %
FUI IANANIZHINIITTIA A kAU AN a3 UT Watdunmsaadiunadayandas
o £ ad a 6 6 1A 1 dl £ o 6
AW HIZHENIIAIDAD lawrintnd105U D989 d13zuen 1IN laa NNITA W IR T 1
YBULUAFY 22l A LA A1 728 N19939A Laa AN I ma 1895 lauin Indas
Ut aunsznslnudsuangauas Keogh [9] IatanaanisuaauaasdnIvlawdinlng
03UTidonTiaszasmMauYyade 3un1) LB _Keogh dauaailuylil 2.7

7)

31 2.7 e nnadnwaniileiTuyauigadsve sszazmanuy lasdnndasuds
LB_Keogh n) Wanuueuwaansaialdnmeminnuaiion ladearulassanwuuan ln-tus )
Waﬁ%’maumma’wmUlﬁmiﬁwu@Lﬁauvlmﬂ'aﬁ'ﬂmlsmamq‘:z (AN : Keogh Waz

Ratanamahatana [9])
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ludaumaagﬂﬁ 2.7 n) WWunsimuadeunlutiaulassin (Global
Constraint) lugtuuvvasmln-guz [16] LLaxgﬂﬁ 2.7 9) andumsrnuaionluiay
lasvwluzdunuresdangsz [17] lasnmdinuazeuizatiiuwsaudaziauudays
aunINIE1 U LLazmaumem’mmaaLwia:a;@uuiagaagmmam L annanlunsdnwam

fnunanmInatanieldiFawluisaule pNdmILTayarauny

A o o & o ; a & & 1a o

1T I NI NHWIATUYLIUPR IV Lo TN IndasUTetn &1u13n
ﬁwvléﬂ:@]ya%ﬁaLéfmauqumtazmamwémmmﬁauvlmﬂ'aﬁﬂﬂm’swaaﬁagaaaumu
LﬁaLﬂuéffaLmumaaﬁas&aaaumulumsﬁ’]mmmﬂ'ﬁ:mmamauLm@dwaﬁuiagaagﬂm

A = ~ o aa a o A A o '
nmﬂﬂumnﬂmumwmuaﬁqﬂa@ muamlugﬂw 2.8 TILRAINITATBITUAIAN
£ ad a 1 £ £ 1 s L4

TUENNANYITYAIATTAINLENVBUL VAV Y (UX) wastewaaulueand (LX) NUBYA
BUNINLIAN C

C = Candidate sequence
Q = Query sequence

UX = Upper envelope
LX = Lower envelope

U7 2.8 nMagnwindszuznMvaIuai eIt lawniin indqesutls (nan

Euachongprasit 82 Ratanamahatana [18] )

o o

fnsuNItTu eI As9893 5 e InIndafuTetu sunsaetule
wandoaldmai dnuadoysaynsuiasetaunsy ldundaysaynsuin Q 9
ilhenavlidaugaton qi, gz, Gs, ..., On uBzTENAELNTNLIAT C %oﬂi:nauﬁwg@ﬁaya
d, co,b:9 8 ¢, I@ﬂ‘ﬁ'ﬁagam&mmam Q'usz C $0793873 m ez na1us1ey Jagfl m
= n kar UX = UXg, UXy, ..., UXp Lflul,ﬁumamwuumadﬁayjamgmmam Q &u LX =
IXy, IX2, ..., IXm L‘ﬂw,f?fumaumm’mmaﬁayaagmmam Q lagau1sndIwIeen LX

uaz UX °11aaLwia:ﬁ;@uuﬁagaamgﬂsm’m’lvl,@?ﬁnnawﬂ’mﬁ (2.4)
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UXi = maX(qmin(l,i—r) 1 qmax(i+r,m))
(2.4)

LX,; = max(qmin(l,i—r) peeey qmax(i+r,m))

fruald LBX(Q,C) « uwsnsurauiwaasnaddd lamiinlniiesuis

szrinvdayaaynInaa Q uaz C Taggunindwnlaauaunin (2.5)

- [UX; =) ife > UX,
LBX(QCY=0" 1 (X, — e Xl casX, (2.5)
5 0 otherwise

2.5 1ﬂ%ﬁﬁﬂlﬂ3§'}a§ﬂﬂdtmum§ﬁ%ﬁg(Derivative Dynamic Time Warping #30
DDTW)

dalawfinlndaesUdelaisnisdivunaszndrateyaayniauian 2
aunIUNIANUARBAR I NI BALT WAL TILAZA TN AU ILANIEA LA TLIAN
Tuaawishaziidgnuleaynsunamigasiianuuandluinu Y droiguin ey

\ i a & LA A A
wAN@9lasTIN (Global Differences) UHANIENUARANYALNTNLIA LT1 Aeadsd
. o A / A , o A A o 1B o A o o
LANAIINY FNIATIRIWALANGANINH mauLLqumLmLauﬂQﬂmwvlmw [19,  20]
. <A & @ a . b .
amﬂsnwau}munmmaaammaum’]mmnmomwwzﬂ (Local Differences) luunu Y

a v
PRI

2 aa A & i S ° ' & a o
F9A5 law1in ninasUTetin lumsmmmma:mwwLawwwa;&asl‘u,
WA Y L‘ﬁm@g@Lamwhﬁfuﬁgﬂmmﬁmsmﬂ ADENILTU Lﬁaﬁmsmﬂﬁ;@ﬁa;&a 239 Ao
A a @ 0 ' 9 Aa & o o PN ' '
gi uaz ¢ Talianrinuniaznns u g; aglumuﬂmmﬂuumamuwuLLa: ¢ agludn
aid v o o aA a 6 6 1A a g |g: a? 1o R K
AduwIltutinasanad aﬁvl,@munvlmmaiﬂﬂw:wmﬁmmmugm 2 ag]@u‘[mj"l,ummm
v all 1 o ﬁ dlad a 6 6 14 o 1 U dl 1 1 g:
wldufiuandranyu 3n13nitleminlnieivlkugrateyan ldmnanzauitunueia
ﬁdwalﬁﬁﬂizﬂzﬂ’ldﬁvLMﬂgﬂﬁad Lﬁaﬂaaﬁ’uﬂmvmﬁmsﬂ%'uﬂgﬁ%‘"l,@mﬁﬂvlmﬁaa%ﬂ’ﬂaﬁ
lailgenlunm Y Lwiaﬂ“ﬁ@mawﬁ'alwﬂ'ugan'jwaagﬂmo I@ﬁﬁﬁﬁ'ngﬂma RN P RIR
- 6 @ % & R 3; = = 3; Adn?: a 6 6 1A
auNUTaRAUnAIV2IUNINIAT AINUTITENTUAuITHIN lawndnindrafduny

mgﬁuﬁ{ (Derivative Dynamic Time Warping)

lawainlniiresUtsautnGazldiuaIndszoznng (Distance  Metrix) #
| o v A a ) w Aa 6 6 1A o €
dunsdunmlaslditniszoenmituugada wddwivlewninlniesutuueaynus
MIINTELeNIU I TNAAINA T8989 i U2 C; Lﬂuﬁﬂﬂizwﬁmmaamgﬁuﬁmmaumi

7 (2.6) 695
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D, [q] = (G —Giy) + ((qu -0,)/2)

(2.6)

MUz LT UNNTU TN IAIANNT Y LAUNIIEIALaAEURIANN
fmzwj’mLéfumaﬁmuﬁ;@ﬁﬁaamsﬁug@Lﬁauﬂmmosﬁwﬁa LRTANTUYAILTUATI
d' % % A =S d' v A c.l' £ c:lvd 1
nnuiautudslianaNaniiuplarasaendesnns  madssnaBilianunumuge
L% . o o %Y Aaa . % [ |
FoyauLanuen (Outlier) MusunantdaysAIFLIMILNIL (Noise) analinslsuisau
(Y o [ Ao @ . . ' ' o &
MELFULAILRVTHN 89 (Exponential Smoothing) neumM LI UANDUNUD
a 6 6 1A % 6l s 2 ] %] 2 d! =1 1

"L@mm"l'ﬂmasﬂﬂaLmumgwuﬁwmmsﬁwnammﬂu O(n®) TaneuLYi
v ad a 6 6 1A o c?; A % [
nuaTlawdin indaasdils WEMIdImIaINdganiautunndzns sntiums

AW IZHENILYT

2.6 mmzﬁ:ﬂgﬂ%ﬁa (Shape Averaging)

@hmﬁmgﬁin ﬁamimﬁhmﬁm:ﬂdwam&mmamaaamgmu lagluudas
' o A o A o W o & & 1a = o A
dvasradayanihutady mmsmm@vlmnnmsﬂmumLLuuVL‘nmasaJﬂo LI GRION
gﬂ‘iwﬁﬁwmmﬂﬁﬂ'@mﬁé’nwmﬂmmunmmaoﬁa;&aﬁmmuﬁaaaaag@hsl NIRIALARL
gﬂiwﬁfummma%msmﬂauﬁﬂ@vlﬁé'aﬁ ﬁmmlﬁﬁﬁayaaqmmam 2 aynIu laur Q
=[264567534 U3z C=[624354324] anaundingae Avestaynounsa
Al Y #23a7 llnwiaad (N X) DILIANEAY LT% aunIN Q Tuduniann
A A > A - r A A e = o o
a1 3 SAwrinnu 4 wie aynIn C Tuduntawn e N 7 Javinnu 3 10uwew a9
LLa@ﬂugﬂﬁ 2.9

8

By ,
6- C :
5l A
Ak |
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2l 42 .
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3in1se5Untensusuumfldannnissrwialawfinlngqe fUtls
smdwm&mu QuazC ﬁﬂ'ﬁé’dftw ={(1,1), (1,2), (2,3), (3,3), (3,4), (4,5), (5,5), (6,5),
(7,5), (8,6), (8,7), (8,8), (9,9)} éTaLLamlugﬂﬁ 2.10

Dij Qi I
36 |28 24 [25 |26 |26-127 /31 |28 ||l4a |9
32 |24 |25 |25 |20 |2tf2reh2s | 20 |3
2381 | 32186 |26 427 |31 |40 141 [|5 |7
22146 |34\ 41 \ 31 {21 (56 |41 |[7 |6
21 37 25 |30 Q 25 3142 |32 |6 |5
21 |29 |21/ |24 a{ 221263228 |[[5 |4
20 |20 21 122 |22 (23 |27 |27 |4 |3
16 32 (200 |29 |22 |26 |35 |51 |39 [[6 |2
16 l 20 |21 |30 |34 |35 [35 |39 [|2 |1

ci |6 |2 fla 3 |5 |ar|3 |2 |4

i 1 2F JESEEsTaaa s 9

U7 2.10 szozneEzaw uazdin1seiUniamadiuuml (uaaslusasniduiin szning
aunIuIa Q uax C

NITETWI AL ﬂgﬂi’ﬂ@éﬁ%%’ﬂﬁagaagmun AEINIINAIUI DA LA AN

gUMIN (2.7)

’

s Wy W, QW)+ C(W,,)
- 5 1

2.7)

I W1 BRE Wio uasrziiuandunid k ?ladﬂ’lill%’iuLL%’JiZ%’i’Nﬂ“IIE]OQ@’ffS%Ia
aunal I@mmm?{ﬂgﬂiw,l,amlugﬂﬁ 2.10 Naé'wﬁﬁvl,ﬁmnmiﬁﬁmmmLaﬁggﬂiﬂoLﬂu
99l {(1,4), (1.5,2), (2.5,3),'(3,4), (35,35, (4.5,5), (5,5.5).(5.5,6), (6,5), (7,3.5), (7.5,3)
(8,2.5), (9,4)}
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0 1 2 3 4 5 6 7 8 9 10

A @ Y ] a . v Ao da A
gﬂﬂ 2.11 °]Ja%ﬂaa%ﬂiuL’Ja’]‘ﬂvl@qnﬂﬂ’]?ﬁ’]ﬂqLﬂaﬂzﬂi’]ﬂ (Laua@’]'ﬂmLﬂiadﬂN’]ﬂ X)

izmnmgmmam DG

o Qd

JN1AI&13 (Cubic Spline Approximation)

u

1 v aa
2.7 mIdszarmaing ﬂ‘)ﬁﬂiz@ﬂ

WendunIzgny (Spline Function)  tuWarituningnlgluniviinis
Uszanmdnlugag (Interpolation) [21, 22] W38 mM3liuisEy (Smoothing) Taya [23, 24]
mmmlﬂﬁﬁ'@ﬁ’uﬁa;&a 1 NaNIanan8AG mﬂ‘*ﬁﬁoﬁ%’uﬂs:gﬂgLﬁamsﬂi:mm@hluma
wzdunyuadmaylunsdwmailnsessyyi niialidayanuiianuiadiiaua

=1 v dl v dl g ] dl L=
wazlnnuenivesdoyanfle lasngdnsswesdyanlignidfonudasanniin

a 6 o o« a ¥ v 1 v I
'Y]f]‘if}g‘]]E]dﬁﬁﬂ“ﬁ%ﬂiz?]ﬂgﬂ’]ﬂ\‘]ﬁ’m Limumﬂmmmma;&a S(X) aantdw
n -1 875 NARANIDUNUNAIBENNTT Si(X) $1uw N -1 FUN13 nmgl,@i”ﬁ;@ﬁa;&amaalﬁau"lm

POU N 90 AUFNNNIN (2.8)

S,(X) i At B
S,(X If x, <IX'< X

S(x) = 2_( ) 3 2 (2.8)
S, 4(X) ifx,, <X <X,

I@] EJﬁﬂJﬂ']iLL(ﬂ'ﬂ$ﬁﬁJﬂ’lia’lﬂJ’]§ﬂ{]’@1ﬁa%l;l%?ll]?.l aamlmiW‘Qmuﬁwéﬁa’mvléfmuaumiﬁ
(2.9)

s;(X)=a,(x—x)°> +b (x—x)* +¢,(x— %) +d, (2.9)
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3.3.5 AnAaWIdD ASA (Accurate Shape Averaging ED) ASA)
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LLa@alugﬂﬁ 3.15

Algorithm 3 : TEMPLATE = ASA(S)

1: While count(S) > 1 do

(a, b) = Min.Dist_Pair(S)

(distyp, pthap) = hybrid_dtw ddtw(s., Sb);

x; <= {1, 2, .., size(sa)}

x; <= {1, 2, ., size(sp)}

New_x <= (Wa*X1(p€ha (1)) + Wp™Xa(Ptha 5(2)))/(Wa + Wp)
New_y <= (W.*sa(Pthas(1)) + Wp*sp(Ptha,n(2)))/(Wa + Wp)
Resampled S <= Cubic_Spline(New_x, New.y, X;)

© 00 N O 0o A WN

S, <= Resampled_S
Wa <= Wy + W
Remove s, from S

B e
N B O

Remove W, from W
13: EndwWhile
14: TEMPLATE <= S
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N9 4.1 Qmé’nwmzm aaqmﬁaym‘%&ﬁlﬁumimaaa

TAYIYA TIMIBAAIT | 9IMINTDYA | IIMINTENS | AIINYD
?uz’fﬂﬁ‘aga daUnIy (W)
50Words 50 450 455 270
Adiac 87 390 391 176
Beef 5 30 30 470
CBF 3 30 900 128
Coffee 2 28 28 286
ECG 2 100 100 96
Face (all) 14 560 1690 131
Face (four) 4 24 88 350
Gun-Point 2 50 150 150
Lightning2 2 60 61 637
Lightning7 7 70 73 319
Oliveaoll 4 30 30 570
OSU Leaf 6 200 242 427
Swedish Leaf 15 500 625 128
Synthetic Control 6 300 300 60
Trace 4 100 100 275
Two Patterns 4 1000 4000 128
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ldun aananszuan (Cylinder) é’mamgﬂ‘ﬁ' 4.1 n) aaxIzed (Bell) é’uLLaﬂolugﬂﬁ 4.1 %)
WRZARNENIY (Funnel) é’mamlugﬂ‘ﬁ' 4.1 0) lagdoyadiiannnarnziianuruviiny
128 9@Uaya 5'1yaztﬁm@lumsﬁame:ﬁﬁaga%ﬁLaWﬁf'uﬁé'o@ia"Lﬂf':



45

80 100 120

px o ' o Aa & o
El]‘ﬂ 41 G]’JEIEJ’I\‘I?J?J;‘\JIMIULE]WYIG 3 AR ﬂ) ANIRNIZUaN aﬂ) ANTRITH ﬂ) ANIRNIEY

o 6 v A A a =) L s 1 t:gl 3
lunsmanevidoyadtion murnaTunamoazioaldasdalld wdaz
aunINATAININIFUAIN UL o ez B lauhn o ﬁuﬁ@hagiwﬁ’m 16 014 32 UAZAN
f—a azaglutag 32 81 96 ansuimualidaygasunsuiianluaaianszuan C Taya

amgmmaaﬂuﬂmm:ﬁa B ﬁagaagﬂsunaﬂuﬂmamw F enusun1an (4.1)

C={CyCy ..., Cizs}

B={B1, By, ..., Biss} (4.1)
F={F1, Fy, ..., Fi2s}
LLa:a’m’ﬁna%’m"iTa%magnmnmﬁg\i 3 asaldangunIn (4.2)
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N3N 4.2 HanINaaadLlIBUNEUTEHEN1IN ﬂl%ﬂﬂ’]ﬁ“ﬂ 29ALAR mgﬂiﬁa*’ﬁagam&nsw
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min(dtw(Q, A), dtw(C, A))

(4.5)
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OSU Leaf 58.26 el 16.53 59.10
Swedish Leaf 88.96 37.60 8.00 79.00
Synthetic Control 97.33 95.67 43133 99.30
Trace 100.00 100.00 39.00 100.00
Two Patterns 99.40 93.00 32.20 100.00
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requires both averaging sequences to be of the same
length, 1t cannot be apphed directly 1n such case.

Arthmetic Aversgmg

TR o Sy . S

Shape Averagng
1 eeererrereeseeeerd Sreserserrrenenes

Figure 1. Time Series Averaging between
sequences Q (a) and € (b) using arithmetic
averaging (c) and the shape averaging (d).

Sequence averaging based on Dynamic Time

Warping (DTW) alignment is one of ‘the potential
solutions, but with some limitation. This sequence
alignment technigue can only process wo sequences at
a time. Therefore, for a large number of sequences, this
must be done iteratively. Gupta et al. [7] have proposed
Non-Linear Alignment and Averaging Filters
algorithm (NLAATF), but the length of the averaging
results is inevitably longer in every averaging
computation. The original sequences are sampled
uniformly, but the NLAAF average no longer reflects a
uniform sampling, Therefore, the shape of the NLAAF
average will be somewhat distorted.

In an effort to obtain an undistorted shape averaging
using DTW, one of the challenges is that the averaged
result may not align with the original time grid. This is
from the fact that some averaging algorithms do not
only average the values, but also the time. As a result,
the time average may no longer align with the original
time grid. A Continuous Dynamic Time Warping
(CDTW)[8] may be used to overcome this problem,
but it would introduge much greater computational
complexity.

To resolve these problems, we propose a novel
shape averaging algorithm that utilizes DTW to
determine the corresponding alignment, along with a
re-sampling technique to ‘find the template or the
average sequences both accurately and efficiently.

2. Background
2.1. Dynamic Time Warping
Dynamic Time . Warping - «((DTW)  distance

measure|9, 10] isan algorithm that provides similarity
measure between two time series. Suppose there are

93

two times series ¢ and C of length m and
respectively. An m » n distance matnx, D = {d}, . .,
can be constructed using the following equation,

d;. i (g; ¢ ,—J‘ 2
where 4 and ¢, are i and j™ elements in O and C,
rc&peclwc)r A warping path, W, through the matrix
that minimizes the cumulative distance provides an
optimal-alighment between the two sequences. The
warping path’s element, wy, equals to (i, /) where 1 <
smelsj<n l<k<K and max(m, n) <K <m+n-1.
The optimal path, }, is the path that minimizes the
warping cosl,

T

HZ D(w;.) (3)

This path s dlSC:O\’uI’Ld by using dynamic
programming to cvaluate the minimum cumulative
distance, gy, from three adjacent elements, y; , = d, ; -+
min{¥a, 10 Ye1, 5 ¥ ga) with additional conditions as
follows.

Boundary conditions: The path must start on w; =
(1, 1) and end on wg = (m, ).

Continuity condition: The / and j indices can only
increase by 0 or 1 on each step along the path.

Monotonic condition: The warping path can only
move forward in time (7 and j monotonically increase).
Given w, = (g, Syand wy, =(g', ¢'). Theg — ¢’ and ¢
¢"must be greater than zero.

DTW(0,C)

(a)

Figure 2. (a) Two time series signals; @ and
€. (b) The corresponding DTW alignment
between the two signals; Qand C.

In general, the results of DTW composes of the path
and cost between the two time series. The path
contans an array ol data point pairs while the cost
provides the similarity measure. For example, iwo
given time series, O and C.. are shown in Figure 2(a).
After the DTW computation, the resulting path
provides the data point pairs between them as shown in
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Figure (k). The DTW cost, which is a summation of averaging based on DTW has recently been introduced
all differences in the data point pairs along the path, to determine an optimal alignment. Given two time

provides the similanty measure herween the twaytme sees O = [2045367534]oand C=[62435432
oF /4 cumilative distance, D, and the warping path, ¥

series. The smaller the cost implies the
\ ) (1.2). (23). (3.4). (4.5), (3.5). (6.3). (7.6).

similarity between them,
[8.8). (9.9)}, are shown in Figure 4. The shape

y computed by using the following

=
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rage result, 8, is a zequence §(1.4),
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amount of computational cost without showing
superior performance over the original DTW.

We propose a method that uses cubic spline
approximation to shift those off-the-grid samples back
to the original integer grid while the original shape of
both signals can be well preserved. This re-sampling
technique also helps fix the length of the signal to a
designated size. Therefore, the length of the signal can
be bounded.

Let S be a set of signals of similar class: In Figure 5,
the algorithm starts from the construction of a cost
matrix, D, from all possible pairs of signals in § (line
1) and a weight vector, @, Which gives equal weight to
all signals i 8§ The cost, Qﬁ;'is' computed from 1:.he
cumulative distance of the DTW gomputation between
S;and §; where i # j (lines 2-10). The minimum cost
location (x,) is located inside the costmatrix, D. This
implies that S, and Sy are the most similar signal pair.
Therefore, they are the best eandidates to be averaged
(lines 13-14). The next step is to compute the shape
average signal, 4, using the following equation,
sl Oy Wy, + O, Wiy ,

a, +a, ’ g, Hiy,
where @, and a, are the corresponding weights of 8,
and S,, respectively. The w;, and wy, are £ warping
pair inside the warping path, #,,, between S, and S,
(lines 17-18). The averaged sequence, 4, is re-sampled
to the designated size (umiform space between two
adjacent data points) by using a cubic: spline
approximation (hne 21). The next step 1s to replace S,
with A4 and remove S, from 5. The weight vector, a, is
updated by @, = @, + @, and set o = 0 (lines 22-29).
The DTW cost matrix, D(x, * and D(* x) where *
indicates all the signals inside S, is also updated (lines
31-36). The process repeats [rom the mimimum cost
location, averaging, re-sampling, and update until there
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17 // compute the average using (&)
18 ave £ o= (oW, + o4 Wz /o + o)
19 ave value = (o -Sp(W. 1) + o SplWe 2) )/ (o
20 + Oyl
21
22 f/ resample with spline into N& samples
23 Snew = Spline(ave t, ave value, [1:N5])
=1 g 4/ update 8, «, and D
25 E = remove (8, &)
= S =¥fremove (5, sy)
2 = 2dd (5, &pew)
et Cngwi =000 + oy
29 & =_ramove (o, &) ;
30 a=oxemove (o o) ;
31 a.= add (o apew);
] Boa. 7 =03 I 2 countls); i++)
33 if"9SESasew then Dy ; = 0;
a4 @lse Dy now = DTW_cost (s, Spew!
35 Booy : = DTW_cost (Spew, 1)
36 end
37 =nd
and
return S

a8, (0 ) '-'fz::%%)_], ©)

Figure 5. Pseudocode of our proposed DTW
shape averaging algorithm.

5. Experiments
We conduct two experiments to test the

accuracy/effectiveness of the re-sampled shape
averaging on  various datasets from the UCR

«lassification/clustering archive [16] (shown in Table
1). The first experiment is to observe the accuracy,

execution time, and memory requirement of the
proposed method on the UCR datasets against NLAAF
and T-1NN algorithms. The second experiment 1s to
observe the accuracy and execution time on a larger
synthetic dataset (> 3,000 sequences) among the RSA,
NEAAF and T-1NN classification algorithms.

Table 1. Characteristics of the datasets used
in our experiments

is only one signal left inside S. This signal becomes the NumbBer §| Size of _ Time
shape average for the given set of sequences. Dataset of | training tilszf sg‘ft series
-’ classes | Tset Length

Function RSA(NS JE) Beef 5 k430 30 470
NE: Mumber ©f data points Coffee 2 28 28 286
&: Training seedénces |8i, 82, 53, —. g} ECG 5 100 100 o6

1 // compute D for all possible pairs inside Face(fou[} 4 24 88 350

[ TRE, . Oliveoil 4 30 30 570

3 or 1 = §oa myp 14+ m

4 @ = 1; Symthetic 8 300 300 60

g for {7 = 1; 8 S iMg++) control

6 if i == j thém™Dry = 0 Trace 4 100 100 275

7 elte i)y = DIN-Se=t (&), ey

& end "

9 end 5.1. Experiment 1

10 end

11

1z [P ehile (count(s) > 1) We conduct an experiment to compare the accuracy

13 // locate the miuimumID‘fW cost in D of our proposed RSA method, against NLAATF and T-

i e~ uopnn Ay Al ol INN classification algorithms. The RSA and NEAAF

= . ] - S £ o
26 classification are performed in a similar manner, by




measuring the DTW distances between a test sequence
against all class representatives. The predicted class
belongs to the representative with the smallest
distance. The only difference between RSA and
NLAFF is the way the class representatives are created.
The T-INN classification takes a slightly different
approach in the clasgsification. This traditional 1NN
method uses the entire training set as individual class
representatives. Therefore, each test sequence 1s simply
compared against every single time series sequenace in
the database using DTW. The class of the nearest
training data becomes the predicted elass. The
accuracy Is determined by the percentage of the
number of positive (correet) predigtion divided by a
total number of the test sequences. The execution time
measures the time in second that cach algorithm takes
to perform classification for the entire test dataset. The
results are shown in Tables 2'and 3. In addition, the
comparison of memory requirement, the amount of
memory resource needed to store  all ~class
representatives, is shown in Table 4.

Table 2. The classification accuracy
comparison among RSA, NLAAF, and DTW
based T-1NN

Accuracy (%

Dataset RSA NLAAE | T-1NN
Beef 50 | 4833 . 50
Coffee 60.71 64.29 8214
ECG 69 W 70 80
Face(four) 7841 W 7.3 84.09
Oliveoil 83.33 30 86.67
i 88 72.33 98.67
control e =
Trace 93 93 29

Table 3. The performance comparison among
RSA, NLAAF, and DTW based T-1NN
Execution Time (sec)

Dataset | | "RSA | NLAAF | T-INN
Beef 1,369 7,367 8,140
Coffee 135 1,645 1,738
ECG 32 508 1517
Face(four) 1,343 3,242 7.048
Oliveoil 1,497 2,850 9,711
Synthetic 99 700 4,736
control
Trace 884 18,134 18,413

Table 4. The storage requirement comparison
among RSA, NLAAF, and DTW based T-1NN
Memory Requirement (KB)

Dataset

RSA NLAAF TANN

(Beef | 367 | 5266 | 110.16_
Coffee 2.23 2291 1. 6256
ECG 0.75 10.33 75.00

96

Face(four) 2.73 19.89 65.63
Oliveoil 2.45 26.79 | 13359
S¥nthatic 0.47 12.84 | 140.63
control

¥ oo 215 5045 | 21484

This experiment shows the accuracy, execution
fime, and memory requirement for classification
problem among RSA, NLAAF, and T-1NN algorithms.
Table 2 shows the accuracy achievable for the three
algorithms on each dataset. Note that the T-1NN
algorithm is our gold standard on the accuracy
assessment; it is from the fact that the T-1NN
classifieation simply uses all training samples during
the elassifieation, which undoubtedly will give the
highest achievable for each dataset. On the other hand,
the RSA and NLAAF algorithms have only one
representative per class. Hence, their accuracies are
expectedly inferior to those of T-INN. On Beef
dataset, the proposed RSA classification is able to
attain similar accuracy as T-1NN, while only two
datasets, Coffee and ECG, are outperformed by
NLAAF.  This could come from the spline
approximation that causes the shape average to lose
some accuracy.

The execution time. in Table 3, shows the time it
takes to execute the same datasels among the three
algorithms. The results show that RSA classification
outperforms. both NLAAF and 1-TNN classifications
in all cases. This 1s contributed from the smaller
number of data points when compared with NLAAF,
and the smaller number of class representatives when
compared with 1-TNN algorithm. The larger the
number of data points results in the longer the DTW
computation. The more class representatives results in
the larger number of DTW computations.

In Table 4, we compare the memory requirement of
each algorithm. The memory requirement shows the
amount of memory (in. K13 or 1,024 Byles unit) each
algorithm needs to store the class representatives for
classification. The results show that our proposed RSA
algorithm uses the leastamount of memory in all cases
(shown m bold) while the NLAAF and T-INN
classification uses more memory, on average, 14.73
and 87.43 times, respectively. The amount of RSA
samples 1s bounded to a designated value while the
NLAAF is unbounded and becomes longer in every
averaging operation. The T-1NN method, on the other
hand, is also bounded, but contains too many
representatives (all training sequences), which would
be quickly untenable for massive datasets.

5.2. Experiment 2

In this experiment, we perform the proposed RSA,
NLAAF, and T-INN algorithm on a large synthetic
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dataset 1o ohserve sccuracy and execution time A desirable espectally when there are shght vaney of
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Efficient Time Series Classification under

Template Matching using Time Warping Alignment

Dararat Snsal
Dept. of Computer Engineering
Chulalongkorn University
Bangkok, Thailand
S1dst@ep.eng chula.aeth

Abstract—One of the most widely used time series classification
is the 1-Nerest Neighbor (1-NN) l:la%si.ﬂfatiqn algorithm which
utilizes Dynamic Time Wﬁrpmg (DTW) as a similarity
measure, On large (raining data, lhollﬂl DIW is
demonstrated to be highly accurate, its 1-NN classification
typically takes significant amount of time to elassify a given
test sequence. The hotspot for thlsi'_tpe of computation lies in
the repeated DTW oumpuia’l'ltms In limited storage
applications such as some reaktime embedded systems, there
might not be sufficient amount of resources for such
computation, In this paper, we propose a novel femplate
construction algorithm  based on the Accurate Shape
Averaging (ASA) technique. Each training class is represented
simply by only one sequence, Our experiments show that the 1-
NN classification with our proposed template construction
algorithm can gain significant performance improvement while
maintaining its high accuracy.

Keywords-component;  Time Series; I-NN eclassification;
Template Marching; Shape Averaging Ma, Dynamic Time
Warping

E: INTRODUCTION

Time series classification [l;-2] ‘has  become  an
interesting research, because it can be applied to a variety of
applications in many fields such as medical, financial,
entertainment, -and_other industries. Therefore, researchers
around the world have used many algorithms to tackle the
time series classification prablems such as Decision Tree [3],
Artificial Neural Networks [4], Support Vector Machine
(SVM) [5]. etc. IHMowever, the most popular and highly
accurate method is the DTW-hased 1-NN eclassification
technique.

The DTW-based 1-NN classification matches the query
sequence (Q) to the candidate sequences (C). The matching
involves computing similarity computation between the @
sequence and eagh € sequences using DTW distance: The
classification outcome is determined by the class  that
belongs to the mearest candidate. It is obvious that each
classification would invelve multiple DTW computations.
For example, il a given training data contains three classes
and each class has 100,000 sequences. There will be 300,000
DTW distance computations for each 1-NN classification.
There is also the storage issue for such a huge training data.

Chotirat Ann Ratanamahatana
Dept. of Computer Engineering
Chulalongkorn University
Bangkok. Thailand
ann(@ep.eng.chula.ac.th

The tiny real-time embedded system platforms may not have
sufficient storage to accommodate all the data. Therefore,
numerosity reduction [6-8] is the key to relieve the large
training data problem.

As. another  alternative, template construction is an
approach to reduce the number of training sequences by
selegting some sequences as class representatives which can
be implemented in various ways such as random sampling
[9]. ranking [10], etc. Recently, DTW based 1-NN
classification 1s frequently used in template construction for
time series data.

In 2006. Keogh et al. [11] have proposed a sequence
reduction algorithm called Adaptive WARping winDow

(AWARD) algorithm which relies on numerosity reduction

technique. Its main concept is to find optimal candidate
sequences among the training sequences within the same
class. Though this algorithm can reduce the classification
time, .the aceuracy becomes deteriorated However, the
authors state that their algorithm mainly focuses on
determining the correct sequences instead of discovering
appropriate norms for each class.

™

P???ﬁ

Figure L. The PSA construction algorithm using hierachical clustering.
In 2009. Niennattrakul et al. [ 12] introduced a time series
template construction algorithm called Prioritized Shape
Averaging (PSA). This work constructs ‘elass templates
based on a shape averaging technique, which uses
hierarchical clustering to create an order of averaging. The
purpose of the elastering is to prioritize the averaging pairs
which can poSsib__ly perform on two sequences at a time
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{shown m Fig. 1. The averaged tme series sequenees may (g chand wiy = (g, ') The values g —g' and ¢ — ¢ must be
suffer [rom aditional dutn points and non-uraformly  greater than or equal o sero.

distributed data points. Therefore, some of the data points a

discarded which leads w the loss of chape ¥
result, the template accuracy is suffered
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; A !

“'1.'1.‘\'!‘1
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eloe, the first order denvative will
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an e % i distance . .' \ \
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- - n [16h: imique numerical differentiation method is

a ") accuracy where fi is step size or the

@ interval. The estimated first order derivative cun be
d as follows,

g ). 5

where g ond ¢ are m

respectively. A warping puth, ¥, throth
minimizes the cumulatve distance
alignment between & and C (shown in.
path’s element, ul:.,,nqualsm{'

l=k=K and mn
I, is the path il

i)+ Wty =43 2) (6)

pack: of this method is that it is only attentive 1o

e
| .
: . ' ; slope of the data, fore, it can only capture some
'I'hu:pmﬁnsﬂ%'m dynamic programming to . : A
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value and the slope of the data points. Our implementation of 2) Time Warping Alignment
the first order derivative uses the five-point stencil method The DTW technique is used to find the most similar time
which provides a better O(h") accuracy instead of O(ff) series sequences and also the alignment between the two
provided by the original DDTW where /4 is the step s sequences. In traditional DTW operation, the distance is
the sampling interval. The estimated first order de stermined by the value of the data points within the
i as follows s. This can capture some similarity, but completely
e rate of change of all the data points. A DDTW
the first order derivative of the data points in the
d can capture different types of similarity.
work, a I-lybnd DTW (HDTW) which
the data points value and the first order
ata points in the distance calculation, can
stm:lanly There are two outputs from any

data points of flx). Since (He*valdEs
points are of diﬂ‘eren_t norms and

calculation will req 4 o1 alignment. The cost represents the
of both parameters. The nonmalia two input sequences while the
proposed as, - alig “the corresponding data points between
ﬂae qui s alignment provides the key to
\ l & r . ; 1 o erage. 3

d.=2 W casequence O =[122332211]anda
T \ 112233 2 1], the cumulative distance, D,
d % LCRWarp r th, (11])! (1)2): (133)) (2)4): (335))

where & and & are the di G706, , (8,9), (9,9)}, are shown in Fig, 3.

of the data points and fi \

-

respectively. The uq
standard deviations

The HDTW uses both the dats poi ﬁlmm‘&d' ; 41‘ 289 233,228, 228 280,207 128
slopes of the data points structi _ 8[25.8]20.4/20426.2|12.8| 6.8
distance matrix. Therefg e simila > captured. 26|219/26 150177 60 46
As a result, it provides greater ageuracy in similarity n ! ] [
and shape averagi.ng. wdh ‘."- l.‘,' "]- 1 06[20.1 121)121]131]| 43 46

= s 209275 4.3 |10.0
IV. TEMPLATE CONSTRUCTION ALGORIH ] ,:.1 o 116 9. 930 67 1169256

A. Accurate Shape Averaging (AS4, ey e 48 3|24 a2 | 91 |16.3]202
1) Locate a Minimum Distange Pairs == = 33|35 24 |42 |91 |163|202
Shape averaging algorithms can “be used for 44 | 6.4 |132)237|336|368

template construction. Most shape ave -algorithr :

only compute the average between two sequ If there. . 1 1 2 2 3 3 2 | I

are more than two time series sequences, the first averaging 3 4 5 6 7 8 9

pair must be determined e 8\ e . DA -

i " : ive di matrix, D, and the warping

;p;i?;ﬁe?n mﬂ 7 ions) between two time series ¢ and C.

sequence leﬂ.

between the s at mi

determine the c 1 the two

DTW as the simi ] e

technique can be in into

reduce the amount of computation require

pairs.

In each averaging ion, the most similar pair of the
sequences 1s replaced n&a\rerag& The operation
es until L’m:re 15 o sequence left. In the

I.—unwumma—.—lp
T - T BRI V- - R -]

-sequence alignment can be

ent  ope:
stance pa
pr riously e
el T indlhe
upda ecord of the nearest nelghbor and the distance
betwe em. Figure 4. The corresponding HDTW ali t between the two time

series, Qand .
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3)  Shupe dveragmg
The truhbional shape wveraging wing unlhmebic meun
cannol provide acowrate resull beeause the two soquences wre
not properly aligned (as dlustrated 1n Fig. 3). &l i
To resolve the problem, HOTW -based sha

proceeding with the averaging  cal,
average, 5, ik computed by the folle

Wy o oW
5, _[ k.1 .ir.z' ;
2 —_ —

where iy ind Wiz are#SEmdes. par
The averuge resull, 5, 13 1 seqy |
(3,2, (4,23 (5,3, (6,3), (T2RAT-5,2), (95, 109
The HOTW computation prowidcs
the comesponding samples baween th
identified Therefore, shapdiverag ing
hetter accuracy .
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The results in Table [1 show that the ASA Intra-class

. Thistanoe is smoller than that of the FEA method. The smolles
gultoe | L S BT (e, ) distances mphies that our proposed ASA method produce a
= = @ (e ore compact group than the PSA method This desirable

N -
cac 74 2 i due to the we of cubic spline resampling 1o

mate the shape averaging resulis hack to align with

where A 15 the number of classes in th grid. [n PSA method, the averaging results are
set of all classes. M, refers to th By ;mmmmmummamﬁmh
belong ta class ¢ and (0. is the satgl tgtemplate = a rougher shape average than our
class ¢ We compare thess dis

of our proposed ASA and the &
8. Experiment [1
We conduct an
each algorithm. For thy with
computed using J'uara.rclm:al hiaps
set Ench test sequel ‘
distamce. The elissi ol
the nearest neighbor. The reg
ongnal class of each 4

—

{¢)

computed az follows,
—-//

where m, and n, are the n
classifications. For the AW -
sorted by using the M
being m{jmd by 12 ; of (allb) ccanigle sequances fron Trace dataser.
templates that r.anlnfm ﬂnry 'lﬂﬂi afies fiim ouir pojased ASA
are used to classify the test sequ ‘ : ! -

VI RESUETS ANDHBES AL AL The 5 storage requirement results listed in

i 1_, lbla['ﬁ'xinwﬁntuurplmadﬁ.m

upenior 1o other algonthms in most cases The
shown in bold The results are alzo
" wuthmeI}mﬂlgnnﬂmwiﬂdm i considered 10
pper hound of achievable accurncy. In this case, it s

t A proper shape averaging algorithm could vield

A Results of Experinnent [

The results of the expenments arc
intra-class distances represent the averag
class’ shape average to all its members,
implies that this template is cloger to
mmplﬂemplmas nre shown in Figed

i ¥ URACY COMPARISON AMONG
CARLN AND T-1HN.

| Accuiacy (%)

Awann | rraw

| s

4350 8,00 .30

I B100 .67

104 46,00 £2.14

76,00 77,00
Emeh |

.67

5509

T8,
.33
100 60




TABLEIV.  THE $TORAGE REQUIRMENT COMPARISON AMONG ASA,
PSA, AWARD, AnD T-1NN.
Storage Requirement (Number of Sequences)
Datasets T r
A5 Psa AWARD T-INN
S0Words 50 50 NN BT
Adiac 37 37 TR0 WL TR 3OF
CBF 3 3 4 300 J
Coffee 2 ¥ 2 28
ECG 2 = 2 100
Face (ally 14 14 43 560
Face(four) 4 1 5 & E
Gun-Point 2 o — — 50
OSU Leal 6 F— 200
Swedish Leaf 15 dEm— 61 300
Synthetic Control — 6 o 300
Trace 4 il Fak 100
Two Pattems i__—l_-."‘- 4_:_, ’ _;6___ 7 1800 ]

This experiment qhows ﬂfc acetlrasy .ﬁrxﬁ memory
requirement for 1-NN Dj.w classificat ablem amgng
our proposed ASA, PSA. AWARﬁ anden -1 algorithms,
Table IIT shows ﬂnﬁccuracy t'esuits,.oi t];{e four algorlthms
on each dataset, 1t 1s obﬁoua [ffﬂi our gﬁroﬁosed ASAT
algorithm can outperform  bath PSA and Awm
algorithms for the 1 NH‘T)[ W @la%lfﬁfﬂtlm I-Emh_ASA and.
PSA algorithms are s e bas computation, but
ASA uses the Hybrid DT instead the conventi
DTW used by PSA. In addition, thi ASA is more a_gcl.u'ateﬁm
the shape averaging opexﬁt:on i.hxpug,h th
approximation. To eompare with AWARD which is a
template reduction method, there exists only one case
(50Words dataset) that its accuracy isiabout one percent
better than that of ASA, This coum’ come from the fact that
the ASA algorithm has oﬂfy one template per class.

The storage requirement in :Eéble IV shows the an:ount
of storage rcquucd for each algorithm 1o, stone the templates
for classification. The results shows M,our proposed ASA
and the PSA algorithms use the least amount of storage
(shown in bold) because both methods use only 6ne ten'lp]ate
per class while the AWARD and T-INN algorithms require
much more storage. Because AWARD algorithm uses parts
of the training set as its templates. multiple templates are
often required to accurately represent a class. For example, it
requires 7.74 times-larger : storage ‘comparing to ASA while
the T-INN which tses all the ‘training set as its templates
requires as largeas 2488 times the storage of ASA.

“VIL. CONCLUSION

The proposed ASA algorithm has been shown to achieve
better 1-NN DTW Classification accuracy than the PSA and
AWARD algorithms. The template based method can be
more accurate than the T-1NN"which is believed to be the
upper bound for its classification accuracy, Furthermore, the
computational complexity for the template based methods is
much lower,

'REFERENCES

[1] "E8 ngh and M. 1. Pazzani, "An enhanced representation of time
series which allows fast and accurate classification, clustering and
relevance feedback,” in Proceedings of 4® Intemationgl Conference

e use of cubic sphm |

[11] X. Xi, E. Keogh, C. Shelton, L. Wei, and C. A. Ratanamahatana,

104

of Knowledge Discovery and Data Mining MNew York, NY USA,
1998, pp. 239-243,

[2] ©. A. Ratanamahatana and E. Keogh, "Making Time-Serics
Classification More Accurate Using Leamed Constraints,” in
Proceedings of SIAM Intemational Conference on Data Mining
(SDM), Lake Buena Vista, FL, USA, 2004, pp. 11-22.

ES’I JJJ Rodriguez and C. J. Alonso, "Interval and dynamic time wsrpmg-

udgmmml trees," in Proceedings of the 2004 ACM symposium

’ on | Applied Lumpum:g (SAC), ACM New York, NY, USA, 2004, pp.

#EU5-552.0

.A.,m:opolllos, R. Alcock, and Y Mm(:]u[mufm "Feature-based

Classification of Time-series Data,” International  Joumal of

Computer Research, vol. 10, pp. 49-61. 2001.

(31 Y. Wu and E. Y. Chang, "Distance-fundion design and fusion for
e data," in Proceedings of the thirteenth ACM intermational
conference on Information and knowledge management, ACM New
York, NY, USA, 2004, pp. 324-333,

6] H. Brighton and C. Mellish, "Advances in instance selection for
instance-based 5mmg algorithms," Data mining and knowledge
discovery, vol. 6, pp. 153=172, 2002.

[7]1 D.R.Wilsonand T. R.. Martinez, "Reduction techniques for instance-
based leamning algorithms,” Machine Leaming, vol. 38, pp. 257-286,
2000. .

)

. [8] E. Pekalska, R..P. W. Duin, and P. Paclik, "Prototype selection for
dissimilarity-based classifiers,” Pattern Recognition, vol. 39, pp. 189-
208, 2006.

[9] D. B. skalak, "Prototype and feature selection by sampling and
random mutation hill climbing algorithms.,"” in Proceedings of the
Bi:veﬂﬂl Intemational Conference on Machine Learning (M1.94),

1984, pp-293 301,

[10] D. R Wilson and T. R. Martinez, "Instance pruning techniques,” in
Pmowimgs of the Fourteenth Intemational Conference (ICML'97),
Sun Francisco, CA, 1997, pp. 403-411.

"Fast Time Series Classification Using Numerosity Reduction,” in
Proceedings of 23™ International Conference on Machine Leaming,
_ Pittshurgh, P, USA. 2006, pp. 1033-1040.
[12] V. Miennattrakul and C. Ratanamahatana, "Shape Averaging under
‘Time Warping," in 6" Intemational Conference on Electrical
ineering/Electronics, Computer, Telecommunications, and
ation Technology (ECTI-CON 2009) Pattaya, Thailand, 2009.

131 D, Snsm and C. A. Ratanamahatana, "Time Series Shape A\cragmg
- Using Time-Warping Alignment with Re-sampling.” in

“Intemational Joint Conference on Computer Science and Snf‘lwa:e
El@ﬂﬁng (JCSSE2009), Phuket, Thailand, 2009, pp. 286-291.

" [14] D. Bemdt and 3 Clifford, “Using Dynamic Time Warping to Find
Pattems in Time Series," in Proceedings of AAAI Workshop on
Knowledge Discovery in Dﬁiﬂbﬂhﬂ'{. 1994, pp. 359-370.

uﬂ_mmmmmua‘a ogh, "Three Myths about Dynamic

= Time Warping," in. Prﬁfeeﬁg of SIAM Intemational Conference on
Data Mining Newport Beach, CA, USA, 2005, pp. 506-510.

[16] E. KeushmdM J. Pazzani, "Derivative Dynamic Time Warping,” in
Proceeding of the First SIAM International Conference on Data
Mining (SDM'2001), Chicago, USA, 2001, pp. 3-7.

[17] E. Keogh and C. A. Ratanamahatana, "Exact Indexing of Dynamic
Time Warping," Knowledge and Information Systems (K AIS), vol. 7,
pp. 358-386, March 2005,

[18] E. Keogh, X, Xi, L. Wei, and €. A, Ratanamahatana, “The UCR Time
'ﬂm:a Classification/Clust mn; Homepage,” 2008;
WWW\WIIG' ed.'l.l"*ﬂl‘lll)fl.[ﬂlmc series_data/;



105

Use G dawIneRAnns

v & A A o A a 0 & = o
WHRNMANI5aU A3 la LAaIuN 30 Auay w.a. 2528 FUSaINIANBITTAL
ﬁ'ﬁuuﬁnwwﬁisaL’%ﬂw,ﬁma:mumsw IMNUUINTIANEIA o NAULIAINTINANTAS

ﬂumwﬂmwmm
ammmmumwmaﬂ



	ปกภาษาไทย 
	ปกภาษาอังกฤษ 
	หน้าอนุมัติ 
	บทคัดย่อภาษาไทย 
	บทคัดย่อภาษาอังกฤษ 
	กิตติกรรมประกาศ 
	สารบัญ
	บทที่ 1 บทนำ
	1.1 ที่มาและความสำคัญของปัญหา
	1.2 วัตถุประสงค์ของการวิจัย
	1.3 ขอบเขตของการวิจัย
	1.4 ประโยชน์ที่ได้รับ
	1.5 วิธีดำเนินการวิจัย
	1.6 ผลงานตีพิมพ์จากงานวิจัย

	บทที่ 2 ทฤษฎีและงานวิจัยที่เกี่ยวข้อง
	2.1 ทฤษฎีที่เกี่ยวข้อง
	2.2 ข้อมูลอนุกรมเวลา (Time Series Data)
	2.3 ตัววัดความคล้ายแบบยุคลิด (Euclidean Distance Metric)
	2.4 มาตรวัดระยะทางแบบไดนามิกไทม์วอร์ปปิง (Dynamic Time WarpingDistance Measure หรือ DTW)
	2.5 ไดนามิกไทม์วอร์ปปิงแบบอนุพันธ์ (Derivative Dynamic Time Warping หรือDDTW)
	2.6 ค่าเฉลี่ยรูปร่าง (Shape Averaging)
	2.7 การประมาณค่าด้วยวิธีกระดูกงูกำลังสาม (Cubic Spline Approximation)
	2.8 งานวิจัยที่เกี่ยวข้อง

	บทที่ 3 การสร้างแผ่นแบบเพื่อแทนกลุ่มข้อมูลด้วยการหาค่าเฉลี่ยรูปร่าง
	3.1 การสกัดลักษณะสำคัญของข้อมูล
	3.2 การแปลงข้อมูลอนุกรมเวลาให้เป็นบรรทัดฐาน
	3.3 ขั้นตอนในการสร้างแผ่นแบบสำหรับกลุ่มข้อมูลอนุกรมเวลา

	บทที่ 4 การทดลองและวิเคราะห์ผล
	4.1 รูปแบบของข้อมูลที่ใช้ทดลองในงานวิจัย
	4.2 การทดลองเพื่อวิเคราะห์คุณภาพการหาค่าเฉลี่ยรูปร่างของข้อมูลอนุกรมเวลา
	4.3 ทดลองเพื่อวิเคราะห์คุณภาพของแผ่นแบบที่ได้จากการหาค่าเฉลี่ยรูปร่างของวิธีที่นำเสนอเมื่อเปรียบเทียบกับวิธีอื่น ๆ
	4.4 การทดลองเพื่อวิเคราะห์ประสิทธิภาพในด้านความเร็วและความแม่นยำของวิธีที่นำเสนอเมื่อเปรียบเทียบกับวิธีอื่น ๆ
	4.5 การทดลองเพื่อวิเคราะห์ประสิทธิภาพด้านเวลาในการสร้างแผ่นแบบด้วยวิธีที่นำเสนอเปรียบเทียบกับวิธีอื่น ๆ
	4.6 การวิเคราะห์ข้อมูลเพื่อแบ่งคลาสก่อนทำการสร้างแผ่นแบบ

	บทที่ 5 สรุปผลการวิจัย อภิปรายผล และข้อเสนอแนะ
	5.1 สรุปผลการวิจัย
	5.2 ข้อเสนอแนะ

	รายการอ้างอิง
	ภาคผนวก
	ประวัติผู้เขียน



