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2. IDTW Based k-medoids clustering

FATHFZE[4,5[IC BT IDTW & AW Tl 2 7 —
Vo7& AMO B RRITEE) N Z — U S FRICA 2D
REEETHDL ZEPHEINTWD, RIFETIEE®%
W& DA EBN N Z — L BRERYN T T ALY 72 & -
TEAEMIZHE L, S5 3 TPRKEOR L2 BT,

AMOMMEENIT — X508 A EBIC B 578, Hil
Xy WVEMEO=2—27 ) v NilEEEE W7 T A X
V27 FEWIZE, k-means IE)IFEH TE RV, Lo T
T A PR —ETRWIEEOELEORE, 7T AXY
VT HE BT DY DNERS D,

ARG TIIU EE2EE L, IDTW ZHWTER S
FEFEPLLEITHNC S LT, k —medoids 7 7 A X ) v 7 %47
YT ERBET D, AMDOHMMO LI ESDRRLE
A RFT — 2 Zxt LT, B T AZ ) v TR AHE
ERDZEMARFEORETH D,

2.1 Dynamic Time Warping (DTW)
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Algorithm 1 DTW distance
1: procedure DTW(x,y,w = 5)
/Nnitialize Matrix D

Var D(N, M)
D(1,1) =0
fori=2to N do
forj =2to M do
D(@,j) =1
end for
end for

NSO RN

/[Calculate DTW
distance
9: fori=2toN do
10:  forj = max(1,i —w) tomin(M,i + w) do
11:
D@, j) = d(xi—1')’j—1)

D(,j— 1),
+ min D(i-1,)),
Di-1,j-1)

12: end for

13: end for

14: return D(N, M)
15: end procedure
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2.2 Indexing Dynamic Time Warping (IDTW)
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Algorithm 2 IDTW distance
1: procedure IDTW(x, y)

//Scaling Data
Var I, I,
L,=11, =1
fori=1to N do
I al

X Ixi—1 Xi_1

end for

fori =1toM do

Yi
L L=
y Yi-1y,

end for

D=

© XN gReN

/[Apply DTW
10:
11:

return DTW (1, 1,,)
end procedure

2.3 IDTW Based k-medoids clustering
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Algorithm 3 IDTW Based k-medoids clustering
1: procedure IDTW Based k-clustering({xy, ..., xy }, k)
2: Randomize my, ..., my
3: While stopping criterion has not been met do
[/[Cluster Assignment
4: fori=1tok do
5: ¢; = {x;|IDTW (x;, my;) < IDTW (x;, m;)}
6: end for
/[Update Medoids
7. forj=1tokdo
8: m; = min Y)_; IDTW (x;, x;)
xlEcj
9: end for
10: returnmg, ..., my
11: end procedure
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K 1.7 7 A —EEORMR

TEES EEE

IDTW DTW IDTW DTW

k=2 113 023 58.87 53.23

k=3 0.98 -0.17 57.26 51.61

k=4 148 0.66 61.29 53.23

k=5 162 0.64 63.71 54.03

k=6 151 0.50 64.52 54.03

k=7 131 0.05 61.29 51.61

k=8 132 0.06 62.10 53.23

k=9 147 045 62.90 54.84

k=10 114 041 58.06 55.65

k=11 1.04 0.79 58.87 59.68

k=12 0.90 0.56 59.68 58.06
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