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ARz, AAL Eﬂ"]ﬂJ FAMS A =S UEtd= 4101tk LubAQl 214 dlolE et th=A,
AAE HlolEl& d&/dolete 540] ot 2B g, 7 719 AAE HolHE g = A4
AAES Hlwg AQA], &2 AA AALNA St dFET 2 AR A4 sfjof et AA
AAEE v e A9, 7F S35t 7P © 2 = Discrete Fourier Transform, 2-2 Discrete Wavelet

= oD
F3to] vlwske Aoltt. ([, [B]) 1:}1_ zq "o

Transform®] #|4=7Fe] Euclidean 7]2]&
AlAE Hlo]HE ‘time warping’ A|#H A ©

2, NAE9< time warping= AlAA,
Dynamic Time Warping®| 1t}. [6]

A=, AAE HlolHE ougt Ao r et =tke] ZA|71 Ut H 8] Al AE To]E
2 He] Holg RJIET A& 05 tAE o] ool QlojA Zp¢lo] & Eut ofya}, duh4
2 AZtol wEbA] S4o] 7| wiwol, ol Aol S0 7HsAde] A BB R, o|E Het
7] flsiA ot FEie] B W] itk 7MY Al AEY WHEEH 1), AAES
segmentationstil 71 segment ] B3t o = tiE L2 LEtYlof, h5H AA 9 Zdsks U
Piecewise Aggregate Approximation(PAA) [8], A|7F =H|Qlo] otd o2 T u|olo] e HlY
ZF+ Discrete Fourier Transform [4], Discrete Wavelet Transform [9%= Qc}. &2 Aol A 221
SAXE AAE 2 WY T stHE, AAE HlolEHE +2F HolgoA 7o FE o] HolHz
HAAA FHSH= W ol [10].

mim
o
El
_OH
rr

olist 5 7o) 2 BAEo] AeolE BFeh, AAD dolHE o & BRt wol o
TFEOISTE AAEE Wavelet AT &, T A42 Hlwsh= W4 [11), DTWE |83 2R/t
uhd [12], SVME o]835lo] E251= upd [13], Shapelet-2 shsalo] 25t upd [[4)%5 of ]
1A W o AFvt Aol 1 A%, W AAY BREAAL AAY 44 AES
DTWZ=E AR5, 2 7] & 1-nearest neighbor=2 k= DTW-INNHIH 2 0o Ao o] £ =S

weltka orel 9lrt. [I5]

2.2 Dynamic Time Warping(DTW)

AA L gloTE 7] FAME& UEtW 7] YsiAE A<l dlelEf oA &5 20l f2Het
1Al AAE o] FAMS Atz S45HA] Rokedl, I ol AAIE tlele7t
wfZolct. 1 [ipll A = 7Ho] AIAIE dlolel= vl fAbslet. Z2ju, & 7] 9] HlolH
NAe Fi vt fdo] SeHE A W th2t}. jEeF o] FAJstal, 7 i
o] T3] At ER R Yt A=E
Lt Hl=et dlolE o= 2+5tal, 153k
5 2As5t7] SlelA, 19 [0 @ 8&3t Zo] Azt o] 8l
17 Al Aok 3tt. o] & AIA|D HloE —‘S— time warping?tehil Qtet. ofmf, o] warping 71 2|&
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time time

3% 1: AAD "HolH A Hn (9%): f2eldsh (L8%): DTW

T 09 o)zt 2+ [, mQ1 A AIE Hlolel A, B(A = a1, a2, ...,ap, B = b1,ba, ..., byy) 7} AJTHAL
Sk2t. o] W, 35 % warping pathE T57] #I5t9, p — by —mo| P& T=tt. o] AH9 (i, )
AR dae AJ AR AAaet, Bo| jHA AAazte] AglE UEPATE(d(A;, B)) = (a; — bj)?) ©
714 Warping path W= A9t BO| Q1342 WEl= mapping® patho|tt. =, Warping path=
W = wy,wa, ..., Wk, ..., Wi, W, = (1, J)g, maz(m,p) < K <m+p— 10|t} o] off, Wt & 7}%]
TR 2L THEA|AF gt

e Boundary Condition: w; = (1,1), wxg = (p, m)
e Continuity: wy = (a,b)4 @, wk — 1) = (a’,b'), where a —a’ <1 and b—b' < 1
e Monotonicity: wy = (a,b)d ™|, wk — 1) = (a’,b'), where a —a’ > 0 and b — " > 0

181, o]& TEste 4uke paths &, warping cost (DTW (A, B) = min{> K | w;}) & 3
43} SH= path7h 58517] gf2ef, WE pathE oF FoH=A] ok 1, warping costS 43} 5l
pathE 52 mz2 g og J5h= HHHS Aositt (Berndt and Clifford(1996)) @A) (i, )
WA o] Aekal star, FATRR ] =4 AT y(i, j)olaL, @A d(i,j)9 AHE FR2 ),
O U8l 14 Aze] Aage ofg A4S ookl 7 4 Uk 1T 5 m2adYeR
AA| warping pathE ot A= ths 19 i} 2ot

o W, DTWE] 5=+ O(pm)oltt. 91714, F71o] AAE HolEl Ato]o] f-2| ¢t A=
warping path W) KA} 929 wy = (i.))ii = j = k2 AGEL, 5 AA D] Dol7h 22 v
T = Qo
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1% 2 DTWE Foht 13

2.3 k-FZF o] BEH €39 E(k-NN classification)

k-nearest neighbord1g]Z&& Hiz 3.0 3|7 EAoA Aol 7iddhsh v 4] HiHo]
o [16]. EFAlClA =, of" ZHAINA 7 77k kA9 o252 Sl sig Al S aE
RS "ot o] o, s AiAIS] 24 kAl ol JiAIY] SHAEe] v E FREE AA
A ALk 7% SET AR kE 12 Aot A9t Y, okt 112 ol PH(I-NN)
oz, 8 HAY SHae M TR ol SEAE 2 "o o] k-FZH ol W2
o< 715t v @ slx] o] thA o] ZAsit AR e, @5k ko] AR A] erorrhe Aol
o|= "ol o] FEof ui-¢- ofEAQ1 FA wzolH, kgtol whet S B et o] it U Ee}
elgre] A Aolol trade-oft7} A7) BTk, Eah, of nEFe] Hee dlols BEo
upeh mi-g- 2po]7h db= ©go] it whef HiolH It b o 7 HFE o] = A%, 2 /hAle] k
Q0 olo] hre 1 ek dolelo]A e 7k ol 97l tolct [I7]. ol u] St
Ao BH|Esl= 7RIS FolA o FRE Fohs WS ARSI R bt [18]. 14,
A o]% B WHS TANNAE Aede] A% ol she uzteleh. olF Har] 8, Lt
Hoz B el nAUN AAU0 2 TGN Fol LRE ARSHE Aol LukHo| T, o2
A7) hapolet Gk [19]. Wrapper Approachzhe W4 HEH-S o] gobAL} U], FA4% 24
(Principal Component Analysis, PCA)4} 4§ H E4(Linear Discriminant Analysis) [21]72-2

B4 F2o] gt

2.4 Symbolic aggregate approximation(SAX)

SAXE whlg AAD dlolElo] HallH, o] A4 HolE ZAIESO] ERE Gaussian dis-
o] delEe

tributed & 7}F45tal, o|& 1wslote dare|Eoltt [10]. DFT(Discrete Fourier



ol A| A2

Gt
=0
B
=5

H

o2 AAE HlolH 2

L=
[e)

Transform), DWT (Discrete Wavelet Transform )

3

pzS
)

Al9]l, lower bounding 7 2]

Gt
T

indexing

240 300

200

271710] S A% LHeth. BRo] o

FA
Alo) B e e HEQ] IAH o

Il
¢}

o

1480
= O

A B

Alo] A5 Rot

Al

100
719 3: Symbolic aggregate approximation

50

DTW-1NN classifier 2]

373

A3
il

=

o|J

—~
__OO

T

=
e
h

=

validation

fl, z-7 7=}

S}

-

O

I %7 9)
AAG dol8 o §A A AL

A
tt. o] uf, glo|y 4 ZA|7F dut gl= AR, Leave-one-out Cross Validationg %

warp® 72|



& @FolAE A F Al doleE &8t AAlE, A Alx gl AdE AR At
dlojgfeltt. o] HlolE = A2 ] =g FASHAL, vl AIZF vit} 1] L5 RISHA|ATE
A, oA EAYskE Hi7Ie, 2k, B T
I AA g HoAEH

4, £3 Gt

4
i : e i

el =20 e WOV T S| oo
gtof :

rgl
2
rr

(0]
)
>

(]
in}
o
a
:c&

ox ™

Y,
)
o
\.QD
= 2
[\
(@)}
A
(o]
e, Mt
Ll
[
o
i)
e
ro
N
J
)
o
[\]
N o
lo,
A
ox
o
o
° O
o
o
i)
lo
o

4>

%0,
Lo of
SO

32
e
r

ﬂl{ﬂl i
>
ré
o
i)
S
o,
g,
o
Auk
o

2

Mo

o

>,

=

=

oX

02

N
o ¥

rr ©
ox dm ¢

ox

o

ool

o0 i oY of

lo e

=
X
me
o
ol
oL
2
Jo
Ry
i
Ir
-
)
2
rr
jin)
o
>

)
lo,
|~
)
|o
tl
-
A
ek
lz 4>
I oo
o 3=
> Kor
g
I rr
i
1o,
e
ol
o
Bul
N
ol
ko
ek
s
|
ku

4N
=
18
9|_|4
+
MN
o
O
i~
[>
ol
=2
fu}

N ol
)
HT
rlr
o
>
jin}
o N
1, ol

ol
kl

=2

o
)
I~
o
=
L
olt
-0l
ok
oo
ol
2

Mo >

rr

N

N

°
rr
1P
k1
L 5
o Iy
do
2
g ¢
k)

segmentation 2k
o

do oo 2

rO Fﬁ’.ll

2 1o oo

o]
2]Z0] symbolic aggregate approximation (SAX)o]|t}. o] &
+ HolH ZIESE stH=E Je & A 28-S Use Aotk

tlole o] MAY}F -2 b2 Ak WA, o] &7 7} 9] HlolH & A2 thE 2|Ato|A Tl E]
U7 dfZel, 141431 A& Fall o] =9 HolHE 2 ﬂ/\}oﬂ/ﬂ %31’3}3’— %1?1 J—TrJ A=

J



o) mh =T
i T
A_wa%wt
ﬂﬂmoﬂ__o
Mﬂvﬂm&xm
%&HEH
wﬂﬂwo_a +
si2E 522l
BF T R (e
Tk o o — A a
MWEAS 5 - P
Q]ﬁoﬁum__w - oguﬂaa.z
iy 2 0 Evﬁkﬂo o l
ﬂﬂ%ﬂ%% ggiaoﬁ oaﬂ%
mﬁ]wr__% i ! 0| S <} ol e |
q~/1_|‘q ~ o = aﬁE
% T RO W A =5 =% o i Jo & I
oEE 1 ,._.oE1_I1L_1_ T ,mﬂe
Ny o 4qr ol i ol ot % ok X W ma — 70 w% o Jlo
_zTWAHHE () W[ S o_:y%ﬁa ™| o o X
T 9o b= X o8 ]anm
X - 2 m A — Jﬂl_. of & T T pU )] < o/
ﬁ%ﬂt]ﬂﬂl = mﬁ@? Mﬂ%ldldh » | & X o ay
XE._du_rvﬂ w © — - &l e ]ﬂhﬂl
__}aﬂ_dmﬂ iy wﬂLwﬂw %oﬂq_b_/mA@ m_wmo\ ©| = = DN e
mgg_oza < s Em_m%oglor L CI= mwE X
A S w PE H}m__oﬂ ik )
kqut iy T =l ﬂ,_onuLI B " W=
il o T =) TR S A=A 0 Ay O o3
on o —_— = ! © Nfo ol g oW o | = o —_
A_ﬂmaauqo. = . i 2 wﬁhNuil 2 E no_E#ﬂ
- ~ TR — oF B M| S N o= HX o | 20 B ol
ERED © Y 2k £ W
) _ — < r <} I ,m_l,._ﬂ_l -~ /.\% A A o o
o_ﬁmm_o_a x M 2 am_mojﬁ g | & R | ] Hmm_mow
$ET A ol = | & = S L & T E W
ﬂlv_%ﬁ_mﬂ < | g of H © T < U 2
S Pe T 5o B e = Cw s E - o X
m}wo__ o | = 1§,_@4% = . 5 %%W
q_,ln_lwﬂol}_w 7o M ﬂﬁamﬂmu!‘q ﬁﬂ%omlbtﬁ - E._XEE.*ZL
o3 i Jo 0 < K ER —~ r ol T | <Y o0 (T e 2y 5 = 0y s -
1]12_21 X = - T W 5 = aTmoaeg 3 of
OMAH N ~ OA_DE g TmaTgm 1 o] T NV
= o = nE 2 4= T
OB ! O_l 03 = ‘Iul it OE .= b I ©} = g < = ,A_ ~ 9
< M B T= T/ 1 o ° o S o Z 8| H & . 2 X
N g o N ) s - AN v B
__mg_ﬂwl%ﬂ# o T MHm i = Z Eé}ﬂ
i1 zn O T 5 oG o H & = aa — S 2 ey
o ,1oo_a NG 5 = w | w = )9 o
Ceppean ey Yoz 2o 3 B = T W
= O RO st H_._ : _HL ) ol o8 N o_ " ~ 50
o a7 e Wom g F Ly 5| o = E X o
ﬁ G o < o N
10 ],.ro oa Qo -
FEEoC - o b3
XA I O_E o) 1~_/| _nﬁ ,A_ E_E .A_I
J o B N NG g8
<A oo
g @AT%M
_,A‘._m_u._._w_én
5717
Yok
ml%p_e
o__wnﬂo
,_on_i



ek ofyzt, A S 20 HiolH: o

6

ok sH= 71l

| HE

jo
=Y
B!

]

P
<
T
B

AtgoTE oA of

a|

al
o|]
8o
o

al7]

Al

A ZAFNAl A

—_—

o

~
,_01_

o] Asole =7

3

S}t
=

=
=

insight

5

o

B

sfel,
5t

235

g ohel, BRI} a4 Ses0] BRE 2

=
—

oju
X
<

ol
L

_,AO
o

Acknowledgement

This work was supported by the BK21 Plus Program(Center for Sustainable and Innovative

Industrial Systems, Dept. of Industrial Engineering, Seoul National University) funded by the
Ministry of Education, Korea (No. 21A20130012638), the National Research Foundation(NRF)

grant funded by the Korea government(MSIP) (No. 2011-0030814), and the Institute for Indus-

trial Systems Innovation of SNU.

[1] X.Z. Wang and C. McGreavy. Automatic classification for mining process operational data.

Industrial €& Engineering Chemistry Research, 37(6):2215-2222, 1998.

[2] Seokho Kang, Sungzoon Cho, Daewoong An, and Jaeyoung Rim. Using wafer map fea-

tures to better predict die-level failures in final test. Semiconductor Manufacturing, IEEE

Transactions on, 28(3):431-437, 2015.
[3] Yongwon Park, Seokho Kang, and Sungzoon Cho. Memory die clustering and matching for

optimal voltage window in semiconductor. Semiconductor Manufacturing, IEEE Transac-

tions on, 28(2):180-187, 2015.



[4]

[14]

Rakesh Agrawal, Christos Faloutsos, and Arun Swami. Efficient similarity search in se-
quence databases. In Foundations of Data Organization and Algorithms, volume 730 of

Lecture Notes in Computer Science, pages 69-84. Springer Berlin Heidelberg, 1993.

Kin-Pong Chan and A.W.-C. Fu. Efficient time series matching by wavelets. In Data
Engineering, 1999. Proceedings., 15th International Conference on, pages 126-133, 1999.

Donald J. Berndt and James Clifford. Advances in knowledge discovery and data mining.
chapter Finding Patterns in Time Series: A Dynamic Programming Approach, pages 229-
248. American Association for Artificial Intelligence, 1996.

K.J. Astrom. On the choice of sampling rates in parametric identification of time series.

Information Sciences, 1(3):273-278, 1969.

Eamonn Keogh, Kaushik Chakrabarti, Michael Pazzani, and Sharad Mehrotra. Dimen-
sionality reduction for fast similarity search in large time series databases. Knowledge and

Information Systems, 3(3):263-286, 2000.

ZbigniewR. Struzik and Arno Siebes. Wavelet transform in similarity paradigm. In Research
and Development in Knowledge Discovery and Data Mining, volume 1394 of Lecture Notes

in Computer Science, pages 295-309. Springer Berlin Heidelberg, 1998.

Tae Yano, Noah A Smith, and John D Wilkerson. Lin, jessica and keogh, eamonn and
lonardi, stefano and chiu, bill. In Proceedings of the §th ACM SIGMOD Workshop on
Research Issues in Data Mining and Knowledge Discovery, pages 2—11. ACM, 2003.

Hui Zhang, TuBao Ho, and MaoSong Lin. A non-parametric wavelet feature extractor for
time series classification. In Advances in Knowledge Discovery and Data Mining, volume
3056 of Lecture Notes in Computer Science, pages 595-603. Springer Berlin Heidelberg,
2004.

Young-Seon Jeong, Myong K. Jeong, and Olufemi A. Omitaomu. Weighted dynamic time
warping for time series classification. Pattern Recognition, 44(9):2231-2240, 2011.

Damian R. Eads, Daniel Hill, Sean Davis, Simon J. Perkins, Junshui Ma, Reid B. Porter,
and James P. Theiler. Genetic algorithms and support vector machines for time series

classification. In Proc. SPIFE, pages 74-85. International Society for Optics and Photonics,
2002.

Lexiang Ye and Eamonn Keogh. Time series shapelets: A new primitive for data mining. In
Proceedings of the 15th ACM SIGKDD International Conference on Knowledge Discovery
and Data Mining, KDD ’09, pages 947-956. ACM, 2009.

10



[15]

[20]

[21]

Xiaopeng Xi, Eamonn Keogh, Christian Shelton, Li Wei, and Chotirat Ann Ratanama-
hatana. Fast time series classification using numerosity reduction. In Proceedings of the
23rd International Conference on Machine Learning, ICML ’06, pages 1033-1040. ACM,
2006.

N. S. Altman. An introduction to kernel and nearest-neighbor nonparametric regression.

The American Statistician, 46(3):175-185, 1992.

D. Coomans and D.L. Massart. Alternative k-nearest neighbour rules in supervised pattern

recognition. Analytica Chimica Acta, 136:15-27, 1982.

Micheline Kamber Han, Jiawei and Jian Pei. Data mining: concepts and techniques: concepts

and techniques. Elsevier, 2011.

Blake Shaw and Tony Jebara. Structure preserving embedding. In Proceedings of the 26th
Annual International Conference on Machine Learning, ICML ’09, pages 937-944. ACM,
20009.

Ron Kohavi and George H. John. Wrappers for feature subset selection. Artificial Intelli-
gence, 97(1-2):273-324, 1997.

Aleix M. Martinez and A.C. Kak. Pca versus lda. Pattern Analysis and Machine Intelli-
gence, IEEE Transactions on, 23(2):228-233, 2001.

11



	..
	....
	... ..
	Dynamic Time Warping(DTW)
	k-... .. .. ....(k-NN classification)
	Symbolic aggregate approximation(SAX)

	....
	...
	....
	..

