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Abstract

According to the 2003 Nobel Economic Prize, some behaviors and rules exist in time
series at financial market. However, these behavior and rules can be found not only by

traditional statistic or mathematical tools but by pattern recognition methodologies.

The problem of pattern recognition includes image processing, speech recognition, time
series data analysis and so on. Image processing and speech recognition have been widely
applied to business and entertainment According to the progress of information technology,
the methodologies of pattern recognition are enhanced with high-speed computation and

high-volume storage devices.

The distance measures in image and speech processing of pattern recognition are
necessary and important tools. Distance measures can be applied to clustering and similarity
search. Dynamic time warping is one of distance measures, which is used and well-performed
at speech recognition. In 1994, DTW was introduced in data mining domain by Berndt and
Clifford. Although it performs well; than traditional distance measure, such as Euclidean
distance, cost of computation cdan be large because of the algorithm of DTW. This cost can

limit the performance while using DTW on real-time analysis.

An improved DTW, trie-structure - DTW"1s proposed in this research. By using
hierarchical clustering, trie-structure DTW will be applied to analysis of time series of
minute-data in TAIEX(Taiwan Stock Exchange Corporation Capitalization Weighted Stock
Index). The classic DTW and Euclidean distance will be compared with trie-structure DTW in

this research.
After experiments, using trie-structure DTW would get better performance than E
Euclidean distance measure. Furthermore, the time cost of trie-structure DTW is less than the

classic DTW and it’s possible to use the improved DTW on real-time financial prediction.

Keyword: Pattern Recognition, Distance Measures, TAIEX, Cluster Analysis, Dynamic
Time Warping Method
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DTW distance Algorithm C(i,j)=DTW(R , T)

//count the Euclidean distance

for i=1to length(R)
forj=1tot
A(i,j) = distance(R(i),T(j));
endfor
endfor

for i=1to length(R)
forj=1tor
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C(ij) =A@j)+ m
endfor
endfor

FENAMERELS > TV RG A FIEHEE I E N BT - BE Bk
SR GEEFRY o3 BeE S RP=(24,4,62) TP=(1,2,2,4,1)» R & & 8Lepe
v &

% 3-2. DTW jEgtseid

2 1 0 0 2 1

6 5 4 4 2 5

4 3 2 2 0 3

4 3 2 2 0 3

2 1 0 0 2 1

RP 1 2 2 4 1
P
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&d 4 3-1 %= ® For-Loop ei% & > 7 3| % ff pedtse 4o 3-3 -

% 3-3. Rl

2 13 9 9 5 4
6 12 9 9 3 6
4 7 5 5 1 4
4 4 3 3 1 4
2 1 1 1 3 4

1 2 2 4 1

TP
d R RIEMELT & N BT o B BT A B E BT A o

1.:8 5 (Continuity)'
Bk 4= B FEORES(G ) Bl - B E;(llj) G, j-D (-1, j-1)
Tap’u?d’ 43_6 F"‘#B&k“m%pﬁ’l‘?** & Jp H AR R e
2.8 % it {4 (Monotonicity):
FRYREEP AEAZRDRELLS LG ) GL)) M i-i>=00j5>=0" iz
Pl RS P Bl R RS PR

3.} & i% i* (Boundary Conditions)
FAARABEFNR RSN G mE no Pl BT AR R (1)@ g

A3 BRG] £ 33 DAFIEPELT ARG Db BT ok 34

F 3-4. f=d BST X B

2 13 9 9 5 |
6 12 9 9 [ | 6
4 7 5 5 [ 4
4 4 3 3 [ | 4
2 | | | 3 4

1 2 2 4 1

TP
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b BT A 5 (1,0, (2 1), 3, 1), (4, 2), (4, 3), (4, 4), (5,5)° @ 4. W jEd WD e3> &
AR A IR

WD:@? (3-5)

CD 5 ALy bt b BT 1N R B4 > @ K S B2 Bk

$°i9ﬂéﬁzﬁﬁ$AW)qa%§=%
WA PRERE RS GAITTE A
B RS LR kG B IS LRERDEL AL A ASL AR
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3.3 Trie Fi#L »;H#

Triesr3f 5 & try(Gf i2 Bpiesn™ 4 f) » B30 40F fif+h— 8 (Binary Search Tree) ©
N FRBHAFTR R —FTRENTREAIL GG % > 2 xS Bapy £& D
BALo A G REAPT - 5 R L B R G ET L T h2 H H (Tradeof) - 2
# % 1 (Direct addressing)sh= 3% » £ § FEeMGIpFRE > Lirg &8 X Bk G 2B 4p
FHEO T - B SRS AR 2 5 FHOF DR S0 DI & Oflogn) HALE PER -
o rb o B eha i 30 F (Linear search) R § O(m)shdd & B o fe it = 02 » U3 & 6 ¥ 3§t

WP RS 2 R g

Trie RS HkE 3 BIOF F R b G BIHE Y B o 24— B trie B &
BT R AT BER D RE T RS E P SR 2 Sk o a BB EHOR
IEL}% RREERESLE - TS - BER A dtrie B o A f1T B trie B R
Brlenfi® gl o v g s i H e E o

Trie 0]+ 4 @] 3-1 #7571 o

B 3-1. Trie % Jfﬁ T & B
Bl3-1¢ > Triechigdpes 77 3BA7 > A4 5(@bd(abe-(aag:-

SIREEY RS SR %E%Fé“f%frjﬁﬂ% CRGYE RV T T ok i o T
Rz @ o Fl5 trie B o SRR FRGE A7 e 8 o @ U trie chE R BEP-E
REFH@Es s ol v s g B 45 0 38 v JE e o e
B 3-17 > d > trie BHP 7 (a, b )2 (a b, e) F LIEH L (a, b, d)Ap 1R 7
FRRFH b EZUT L o
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3.4 Trie ‘456 i pr Bz o' 2

Trie,f‘%f#‘ﬁ%ﬁéﬂf@#ﬁ W e RIZ AT TR R L B IR T B LGRS
Pl R L BRI B A BAAR L RDOER RIS, ETS, > ARV E
SRR 2w AFTSE TS, B F 7|kt i (Normalization) » 14 Vb §id B 71|50 24 4P

o 2R A o

FRLAR R T A IR NS PR R FLE D R TR o B -
BRERY B SNT (T = {trts..tp) > BRANAT a5 £ L S0 8(3-5)¢ > sH 2T imepiE
FRade o hi < tsihddie o AAITY PBREE RS i SN -

0 t,>u+so
N(t,) = { ,u+s0' H—SOStL S u+so (3_5)
1 t,<u-—-so

Flut o PR T g @ (-8) i B R & 0

| o i 39(3-5)
SN P R T R gl - B S 8cinterval > 3 H FHL o

FRERTAERT G oM A BT, =(57,4,6,4,3,9) 5d ;8(3-5) 18
% 39(3-6) ° Fintervali™ 0.2 » PIT, 23%37) e
=(0.49, 0.62, 0.56, 0.28, 0.42, 0.35, 0.77) (3-6)
T, =(0.4,0.6,0.4,02,0.4,0.2,0.6) (3-7)

—

M R AEARS > AEFERE TR AT ERP BT S BERE S
T]-f’iiTg.gi_ P#%*‘%ml@ﬁi& PP]—"EPZ

P;={02,04,1,0,0.6,0.8,0,0,0,...} (3-8)

P,=1{02,04,1,0,0.6,0.8,1,1,0,... } (3-9)

Pz Pyctran 2 i TR BEAR A AR e ch Bl DTWenpe i@ b 3 & d 5 7 B TS
FARRAEL om widip e TR OB EER 35 FuF 82 ¢ ¢ TR G match_points  §
match_points A% % > {85 F R EFY GDTWiz o e AT F B?*Fé"fj%fi&fa P HTIL gV g
SaDTWi b JEHEauE 5 KT -0 B RIEP > B2 B 3-2 BlY » S APFFRd jF

SPE AT SR L O() > e Ltrie B B 2 pF AT RRR AP A B A A o B -
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I EEER AT IR S OMm) o FIUt o B - I AT bt AR B B R g o

Methodology

A

DTW \ -/
O@P)
Trie-structurg B Part one Part two —~
orw Fieeennn. YT
O(n) | O(P)
|
|
|
| | :
8 |
The length of
patterns

® 3-2. DTW £ trie sz DTW - i

% 3-5.Trie S8 & P* P 42 0 2 & 35 4p 02 )7 e & 02
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finding match patterns algorithm

FMP(R, T, n_days, interval, threshold)

/*trie table is a data structure to store the match patterns. R, T are
long-period time-series, interval is used at normalization. threshold is about
match_day to modify the trie-strucutre table

R;is a n_days subset of R

Tjis a n_days subset of T */

foreach R ;in R
foreach T;in T
/*both patterns stored in Data attribute for normalized R;T; and
Source attribute for R;, T;*/
compare normalized R; and T; to find the “match_day”
if match_day of normalized R; and T; =1
/*the condition is defined as “match_points” between two patterns™/
do the two DTW measures between R and T excluding their first x days
save result into trie structure
/*stored in Link attribute™/
endif
if two DTW measures >= thresholds about DTW
remove the match pattern from the Link attribute
endif
endfor
endfor
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3.5 Fi A A A

RFTG TR AN EE LR AR o A MR AEENRIET YA L BIA o W
- MA LB EFLE AR Fé‘*év’ﬂﬁﬁ;ﬁmﬂ P E A I 2B aNE B R0 A Bl
Pz - BADRIEA 1 % = 3% BabR GG BIe A 7 2l - ¥ -

FoRPIEFS LA Z FAPEREA T c LT n BHRAR P n BHRABE
n*(n-1)2 BEIEMEE £ o

FOI L IER A FIE AR A G A BREZ (Agglomerative Methods) £ & A i
(Divisive Methods) » 3 R &.d T @ + > j&F B AL L - BHEEL > RAZRSLE
GREAHE A A MR T AT A R B B Y - R [ IR XS
qAo@] 3-30 ZEIRE ERGE 0 LIRS A HE

. OO OO © C

Cluster

cluster cluster

Y

cluster cluster cluster cluster cluster cluster

D e

B 3-3. & E "%A’\’J

FHEEF A £77% BT 4p 4872 (the Nearest Neighbor)fr# ¢ « & 47 (Centroid Cluster

analysis) °

BOTARARE AR R P SR B F AR R B Bk IR E R LR R
Edg o - iEEEAE AL D 5 (3-10)777F o
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0 2 6 10 9
2 05 9 8

Di=|6 50 4 5 (3-10)
10 9 4 0 3
(9 8 5 3 0]

D G- et o B & - R - R ARABSR S 3-10)7 £ T HE AP
£ (2-3)endE et s D@, j)? Bl i D(IL2)FERE L 20 Tl 7n % — B % - Bk~ B3

£ - F oo PIBEBIFFEAEL G G

da2ys = min{d3, dy3} =dp3 =5 (3-11)
d(12)4 = min{d14, d24} = d24 =9 (3-12)
d2)s = min{ds, dys} = dps = 8 (3-13)

PIEEER BB 5

D;= (3-14)

o wn O
wn A~ O W
S b~ O
S W W 0

8 5 3
H(3-14) ¥ rLg D4, S)EERE T EC] o AT B AR AR R T R A B

> FH oo QEEEHE A FHF IR S

da2ys = min{d3, dy3} =dp3 =5 (3-15)
da2ya,5 = min{dis, dis, da,dos} = dos =8 (3-16)
d3(45) = min{d34, d35} = d34 =4 (3-17)

RIFEYLR £ B %5 -

D;= (3-18)

o W O
B O O
S bk~

RIFy & % 1 Bl (Dendrogram) & ] 3-4 #777 e
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OO0

B 3-4. BiTApaRiE & FAGR A B
(FH %R [22])
B AE R S - BB B E L - HenEeE s FEAEY o a e

o g ol 455 03 SEa (LD, (L3654, 6,0, 0, 1) - MEde s

0 2 5 7 8 |
2 0 412 7285825

D=5 412 0 424 5 (3-19)
7 728 424 0 1

8 825 5 1 0

4 (3-19) ¥ w BEE, DE ¥ T BEO, DFFT S| SUERAEE > T Fr ¥
IR - F R e Bed T BART IS S (85,1)  Flut A HORAES (L ])
(1,3) > (5,4) > (8.5, 1)w B4 3 o JEREL S 5

0 2 5 175
2 0 4.12 7.76

P (3-20)
5 412 0 461

75 17.776 461 O
d(3-20)7 fvo ¥ - B2 R C ML Bl BEHRE 20 T K - BT Y mEA -

PE -y ,ﬂt-é’f‘l—'l’iijfé(l, 2). o F AR RE S (1, 2) 0 (5,4) 0 (8.5, 1)= BA
o JEAAEL R L

24



0 447 7.57
D= |447 0 46l (3-21)
757 461 0

PR E R B e B Bets T M E A SRR 3-5 -

(1,1) 1, 3) (5, 4) ® 1) @1
@3-5 %SFF‘ nu&*%léjﬁ—%rgb%} ?‘Iﬁ’f#-
EAKESE 0 BRT T RFREL I IERAE R EE MY 12 (3-22)

0 10 7 30 29 38 42]
10 0 7 23 25 34 36
7 7 0 21 22 31 36
MX=l30 23 21 0 7 10 13 (3-22)
29 25 22 7 0 11 17
38 34 31 10 11

42 36 36 13 17
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MX(ij)% 7 5 % i BT %) Bpegto & 52 s - # ZTRBELL 24 3 T
IR T BBEY P - Bhmy = ¥ - ¥ fL 5 A ¥ (splinter group) » @ KPR - FHAL L
3 ¥ (main group) ° @ Bm ¢ & F T 38 (3-23)CiE PlEB <

C, = > MX(m,i) (3-23)

i#=m
BEBOIFY 0 R F 1B ARRES S HCS156 5 Bt B
(Y SRR S o L e RIS

036 3 A H RS 2 -

Ry T W BT N TR
LR m;ﬂx . &:&&Q(A)F mﬂ:l iiﬁ&%’g_(Bp; BHA)
2 10 25 15
3 7 23.4 16.4
4 30 14.8 152
5 29 16.4 12,6
6 38 19 19
7 42 22 19.8

(FHRISET: [22)
E S et ’EL&(B)-(A)ﬁ”fET poi-H 2t grang & B
RAR A=
3o

o 51640 Fpt % 3 Bh4c
LEE R 2B B AR RSB B OB B Tm AHEEE I B

A BHI REE L 3T

F 3-7. A FE LS BHIER L 2 -

, ER S g U RS SRR
AR gk o E‘;\ s ﬁ&@;( A)F mg;\ P ,%,’g_(BP) (B)-(A)
2 8.5 29.5 21
4 25.5 13.2 -12.3
5 25.5 15 -10.5
6 34.5 16 -18.5
7 39 18.7 -20.3
(?%—'Mﬁl s [22])
E B¢ (B)-(A) % 2 f chBo X B2 B % CFMAHELF AR5 FH 6% T B

AABELE 1S F 35 28 ;i_z‘;’e%b&;?: 3 F(B)-(A)SE f B A Ak v drdk 3-8
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2038 1 HAHHERL2 2

AFPN BT WP

B2 T IAFER(A)

E=3 M= g). 13

|

AP BT A HR

k2. T E5EAE(B)

(B)-(A)

4 243 10 -14.3
5 253 11.7 -13.6
6 343 10 -24.3
7 38 13 -25

(F 4 %o+ [22])
IR RAn T BEAAL ZAE (1,3,2) 2#4,5,6,7) nied HLERU LA B
HAIEA > LA F S AFEERL N(B)(A)EE f S0 e

EAFETP Y B RHEY oA S R A A%

EE S T
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e~ FERER AR BEEHB

4.1 FA kR FAL D EIT

\\Q;E_
Rid

BREIGTRARARZELALEEHF P& odiho Bl TR AR
90 £ 1 % 2853|393 £ 47 5. £ 804 % o

MR A T o F P F 271 BEAAE (5 ORI TEIR30A ) FNED G
- BERFAEADE > PERFEFRIDER S 271 o iotheak B € @ FEEA £ 9t
PR E o ¥ b B R R SRR AR 0 TR RS - e T

DRGNS TRy Ly

EAFT Y FABOERLE R 1025 - B P E P 28 B 2 R
Wo MAE - AR BB AR RS 28 Bl 41 F @ 271 BN A - i H
18 gLk 4 — X chR]A5 v i o

EENE1 FE RS E EENE 1 FE RS E
4930 . . . 4930 . . .
4960 - 4 4gE0r
4940 4 4md0p
4520 + 4 4520
Am Jm
4900 - i 4900
i L
= =
= =
4880 4 480
4860 - 4 4860
4840+ 4 sdnp
AEQD 1 1 1 1 1 AEQD 1 1 1 1 1
0 5 10 1 20 % 30 0 &0 100 150 200 20 300
B 05 Hivigne

B 4-1. & X BLgcen] =) ot 28 B BR4F 271 B g
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v

T AT o 5T A LR ERERP Y 0 B - AT AEE AR
Polcifdplict et 5o B H 2 4e(d-1)

BEAR ST ORI ARG A 2 - U R R TR ENLZ R Y L o
== )l 4
R
ﬁ#;;ﬁ

T,= (T, -T,o) T)e (4-1)
T, 7 pApdicidiz (s chig
T,: 5 P dpdk

3

et PF R

?'ﬁ’?{imgja@vf TR G A (B]4e 800 % 42500 * ;;;'HﬁF ) & p e 9 gL
12 8L60 19 BEEZ - X TR hEL

Poerkpx iE o j12 Bhen 1 2 30

P
=N
mJ'_‘;B_’;";vi\:o

PR 20 ARz g (ks T8 B ) T&
A EBEAR R G R DE R R o .ugl4-2 4o FRE B

»
-

ERES

Y

12 : 00 13 : 00 .

a1 %

Eg] 4-2. Rk

B »
o
=
feay
=
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MRk E G (a-b)ra A 12 8RF] 1 B30 A 2 [ ek § 3 dc 12 Bhdp Hodp sk iy (
BE A P FED 5 1220 1 230 A 2 B B iy Bodr 12 B ek 5 (H = Ao

FREE B 3 0 R & & 7§ X RGBS A Nk B A R 0] 20 0 hE A RAP
Foo Mgtk o M RA B b0 gie? o R % 33 B 4 e R 67T B A
e *ipd BE A TEKG FREES ARG THEBREORIEE

* - BhF REP B o FPIRAHE 500 2 0 Pz 500 % 4R h- B (a-b)ed
BRI BELT AL j=12.3,...,500° Pfiz 500 X ¢ 0% 33 BF A e i Pid
¥ 67 B A i Py o (RUFT FMRP A

F Pyl Psy o RIRSTRF ARG S BRAE

FPA Py o MR S R o RN S T 4
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42 F s

RS 0 Fd b

\_.

AETE R BB B 42 2 43 408 o RASTREET A
& fe s G P UF B (Training Data) 22 @] 3& F 42 (Testing Data) °

2 B ? Fl ey 4g

Yol 420 DURFRIGEA S 0 A S 3 H 0 RS EHE - FRURRE B o A
Foew b 65 3 eI R R o FRER SRR TELE 0 F %R B LE A HD
PR o SRR TR AR § A2 B IRREL S GO0 ¥ 4 R 2 BEDR IR B
GHEY PR AR ARAL DK -

FHAA N REH O PEEE- BT ILc FERBORERS DR AR
f@ﬁ%ﬁmﬁﬂgﬁfdmﬁr&o”Wﬁﬁwmﬁﬁﬂﬁl’W$ﬂﬁﬁw’“$
MEY CHEFE P B S RS FL T B P LT € A PREIARY (T R R
2| %7 o

AONET Y R RS R B BT RS R B PR 0 BEAE - trie B
PR R o @ F e At PRt - BRI T B hA FH A AT o

PRI TR A ¢
Yol 430 REE e AT AR TR EATE RO SRR - B R PR
TR 3R Flpt o] éﬁ@_ﬁ 3 % * Dy > Dautr > Diown ° B 4-4 5 ZIET3" AL

AR éﬁﬁﬂ/i—g\*ﬁ” g] 4-4 ¢ > Rdull; Rdown; Rupéh /F'J;é:ﬁ(#'l‘ E%g%ilj%iiii;‘ & e 7";‘ ToE ﬁ +
B % BB R A RBR D, 5 B B .
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PR R

Dup N Ddull t anwn

Dup > Rup

/ \\
/ \

'\\ D,y /'
\ /

Daun < Raun

v

FRB )
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\
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L
A KA E
(33 )

& Eﬁ’? X5

Dauir > Rauu

34

Ddown S Rdown Ddown > Rdown
/ \\ / \\
/ \ / \
\ None ] ‘ Ddown |
\ / \ /
S S - ’/ S S - //
Ddown S Rdown Ddown > Rdown Ddull S Rdull Ddull > Rdull
5 AU T T A
/ \\ / \\ / \\ / \\
/ \ / \ \ \
I Daown 1 Il None | | None | None |
\ / \ / \ / \ /
\ / \ / \ / \ /
\\_’, \\_’, \\_’, \\_’,
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4.3 B
B L RIRBEME R A S 3 E AN A WS LRI - PP IR R trie

e
R
S R T R A R R G RE IR A G 5 AT 3R 15 BT
Foo drd 41~ £ 42~ £ 43~ £ 4484 45

Z4-1 R E AN FHTH LTS

Euclidean DTW Trie-structure DTW
HIETER(F)) 1.17 195 156.39
= 7 TP i 47 186 169
% PR R B 167 152 155
ETRENE S 214 338 214
= 7 5 (%) 21.9 55.02 52.16
PR 300 300 300
Bl R 503 503 503

%42 JERER EE R AT R AT RS

Euclidean DTW Trie-structure DTW
HEREF ) 1.4 240.6 198.9
= 74 3R] 1B K 34 141 139
X PR R B dc 115 113 123
ETRENE S 149 254 262
= 7 5 (%) 22.8 55.5 53.05
PR 400 400 400
AR 403 403 403

35



£ 43 BERR BB AEBTH A TR R

Euclidean DTW Trie-structure DTW

HIETER(F)) 2.03 290.34 250.4

2 74 TE P B e 32 111 104

% PR R B B 100 82 84

AR P fic 132 193 188

=+ 7 F (%) 242 57.51 55.3

PR I 500 500 500

Bl R 303 303 303

%44 FERERESRT SEBTRATES
Euclidean DTW Trie-structure DTW

HEREFF) 3.03 405.3 332.5

& 7% TR B e 29 90 65

W EETRINE 3 59 68 51

RIRIINE S 88 158 116

* F 5 (%) 329 56.9 56.03

PR K 600 600 600

PR 203 203 203

%45 FERREEUG ABT RS TS S
Euclidean DTW Trie-structure DTW

HiEFREF) 4.79 507.1 424 4

R RN 1S 20 41 40
% pAE R B #e 35 27 26
G R NE S 55 68 66
= 7 5 (%) 36.3 60.2 60.6
R X B 700 700 700
PR R 103 103 103
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4.4 3 it

AFEFTHWIEREE 2 gtk KA B e A FEH o - BARFE > - B EIER
FD FEM o 35 B oo U 4-4 BB 4-5 £ o

Run timelsec.)

= (%)

TEHBEHE

600

500

400

300

2005

100

—o— trie-structure OTW
—— DTWY
Euclidean Lk

D 1
300 350

400 450 500 550 BO0 B50 700
Training days

Bldd gEgp i g 2 T

B5

B0

—— Trie DTV
—o— DT

Euclidean

55

30

s

20

300

1
340

1 1 1 1 1 1
400 450 500 550 GO0 FAl 700
Training Days

Bl 4-5. pEHLR 8 & B
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