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Symbolic Aggregate Approximation Method of Time Series Based on Beginning and End Distance

JI Hai-juan ZHOU Cong-hua LIU Zhi-feng

(School of Computer Science and Telecommunication Engineering,Jiangsu University,Zhenjiang, Jiangsu 212013, China)
Abstract The feature representation method of time series data is the key technology of time series data mining task,
and the symbolic aggregate approximation (SAX) method is most commonly used in feature representation methods. A
symbolic aggregate approximation method based on beginning and end distance (SAX_SM) was proposed because SAX
algorithm can not distinguish the similarity between time series when the symbol is consistent in each sequence segment
of time series. Time series data have a strong morphological trend,so the proposed method uses the beginning point and
the end point to represent the morphological feature of each sequence segment,and then uses the morphological feature
and representation symbol of each sequence segment to approximate the time series data,in order to map it from high-
dimensional space to low-dimensional space. Next,in order to calculate the morphological distance between the two se-
quences this paper constructed beginning and end distance based on the beginning point and the end point. Finally. to
measure the similarity between time series more objectively,a new distance metric approach was defined by combining
the beginning and end distance and the symbol distance. The theoretical analysis shows that the new distance measure
satisfies the lower bound theorem. Experiments on 20 sets of UCR time series data sets show that the proposed SAX_
SM method achieves the highest classification accuracy (including the largest side by side) in 13 data sets,while SAX
only gets the largest classification accuracy in 6 data sets (including the largest side by side). Therefore, SAX_SM has

better classification result than SAX.
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Table 1  Corresponding split points about alphabet size
from 3 to 10
a
b 3 1 5 6 7 8 9 10
B1 0.43 0.67 0. 84 0.97 1.07 1.15 1.22 1.28
B 0.43 0 —0.25 —0.43 —0.57 —0.67 —0.76 —0.84
B - 0.67 0.25 0 —0.18 —0.32 —0.43 —0.52
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B7 — — — - — 1.15 0.76 0.52
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By — — — — - - - 1.28

3 ETHRAEBENMNEFIFSREGEMRTAE

JEAFS I AL 7R O ik SAXE i B T 4% 5 4 BE Y
FRAT 5 AT TR I (6] 7 5 KA . 4 A% 1) e 8 B AT
FA RS CETE T R K L3 i 45 285 ) 2
Z 5 F 1] F7 51 09 4% A 7 51 BEW R AT 4% B R S (R
TR FE KT WA R 2R AR SR
BT 0 R B B ) I ) 81 A5 5 2R 3 B R OR Ok (SAX_SMD
i P 2% A e 91 BE B0 S R R 8 AR D i 7 91 B Y TR SRR AE L L
E AT BB R L G AW 51T 25 )
Hr v A % AR S (R T 25 35 S TR] AR R R R
EIMRSHE GEE EMR T L SE, TRIESHE G EEE
T RUE K SRR B E S A R E AN 2Z R R X

A5 75 I (1] 7 1) 454 7 51 B i 7 TR A R R 3R 4% I 51
BB S RE R A B S k. SAX_SM Jr 45 & & 1y
G B IR 1 R4S R 51 B B9 27 A5 -5 % I8 18] 51 Bodie 9k A
MU A o AR B R A AT

DI A 51 X Y 42 JR) 5 KA e 142 JR) B /NMEL
Tomin » I A D HEAT VA — A AR AF 5 1% 04 — AL S5 89 ) 7 e
FBHE FEAT AR AL L RO AR MEAL D IE 25 20 A6 B {E N 0 B HfE
29 1 (R B 51 X

o = mn )

Lmax ~ Lmin
2% X AT R B 5t X AT LR R .
DEHEREE NS SR/ THEEC XHWIER
B AR
3.1 EBERTR
S8 m HERE R XL A5 B RR AR )P 8 X7 8 b o
[P35 X A543 w A F T 50 Bt (35 R BE % 4, W i g — A~ F

JFIBH n—| | % (o DA . SHAA T I 1

w
R S 1 R () 4% B 1S DL X -
i,
X=t Y i <i<e o)
ﬂ*Z G=Dny,
w

R AT 5 2R 45 30 Bl 7R J5 1 (SAXD Hh 48 E 1Y - B R R
AN @ R B, 45 B B I L X, HEAT 4 5 A6 R

A
BB E DI B RS X (1<i<aw) ,

LA i 91 B B 26 7 1 2 X UL B 4% A I 91 B &
S5 22 B (T LA — A6 4 A0 45 G 160 i D K 3 {0026 7% R ]
3 X Zem a3 iR .

K= (G512 X))o (520 Xoven) aven s (5o X)) (3)
Hrr,s, omH i B A RGIME e, RRHE | BRARBRGI
. ATE i GFo BMASHMRSIERS +1 BRANR
5B B AT — 7 B0 78 3 8L 2R SRR (] P 51 B, BR 2 o AT 51
B AL S R HAE S Hofh )7 5 Be# R A &R
FHA = O FR

—~ A A A —
X=X 1. X, 2, x e e Dy
w w w

A
X, 1) (4)

DU AH B R8O i I AP 31 X AL 37 vk R
T o1 2. X T PRI ] 50 800 105 380 o+ 1 4EHY)
FEfift 25 0] J2 AT A 52 19
3.2 HBEEER

PR 18 )3 B0 K504 A 1 0 T 25 e, IV B A I T 3 ol B
BT BEEE KRR RS R R R 5 ik SAX
rP R 0 B R R S0 S 4 5 B R 0 T A I [ ) B #E AT BE
B, 2 W% T Ry 5 25 5 B R S BE RS . A SO R AT X
53 T B i TR S R AE (B A B Y R R R D L O
TR PR B o SR RELE ST AR R R A 2 AT ) A1 B
IR A5 B B OF 45 & i AR R 5 A 1R B A& A 51 B SRR
FH5 45 B B R e R B A 5

EX VUARERD X F P BE A [ 17 50 B Pl



55 6 3]

FMEUE L 5 - — P L TR R BB A I IR) 5 9 A5 A U R R T ik 219

Q. EMZ M AR B2 (5 5

smd(P,Q)= /(P,—Q)*+(P,—Q,)* (©))
Hh, P, Ml Q, FRPIRTIFFIB P M1 Q WEAMH. P M Q.
FRITRFIFINE P M Q ML ifA.

BT gy i 4 257 51 B B (H — B, 06O ok
IR AR BE B T LAAR B )Y 5 BE o RT3 B o 22 [H] 14 46 2R BR 28 fx
KL R FNBL b FF B d Z [ B IR R BE 2 B 0 X 5 AT 3
FL 2 — B

L
~* b

> c

Bl 1 4 FH B %
Fig. 1 Trend of 4 sequence segments
FFA B PR Q Z Il B AF 5 B ES Al LR
-

it = C6) kAT

A A
, i —QI<<
dmﬂP,Q){O if |P-Ql<l

noa — Aon
Bm;.x(P.mﬂ Bmm(P-Q)’

Horp, P%ﬂQjﬂFﬁ R BRI T . 8 R m T i G A
73K
B A FEPIA B EF 51 XA Y A 303 F iR AR 1 B
SRR R T AN I [ R ) A B R A 5

D(X,Y)= / Z(dz\t(X Y) )+—<2und<x YD)

7
AR B A TR T Al S B R i e, a5 T
T A RFAE  BE A8 B R | S 3 200 3t 00 2 1 i) ) 37 ) 74 A AL 42

4 KBWKRIEBIESH

4.1 THR4EEILIER

BEWAN A F IR, X e DS S (1,20, (2,
29w G, VLY Wl 2 DB A (1.3 (2, y5) 000,
Gy, ) 2HL 8 DU 33X 7 2% 5] P 7 2 ) £ R G 25

D (XY=, /> (2 — v’ (8)
i=1

H1 A5 2R 53 B3R U5 1 (SAXO AT AL :

DX )=, [ I3 (X, ~Y)! <D/ (X,Y) (9
i=0

n N
D;(X.,Y)=,/ ;M{_;( (1‘(171%+2 gt

Hoz o, =2 sy ™y SRR X RNY 5
i BERRJ5 R R A5 I A
) B
D; (X, Y)<D, (X,Y) (1)

WA Q) , 1 LI F]

D; (X.,Y)*=

2
—(x iy, Tff’ﬂ Vo nag =¥ )"t
w w w o

{u

2 2
2[(-7\,—1)&“7y<,—x>171) T =y ) i
i=1 2] 2] w w

12>

Dy (XY =(a; =y (xy—y) iAo+ (a2, —y,)°

Dy (X Y2 =3[y ymiy = Yo pyes VA (2n — 300
i=1 2] w w w

n

—1

+L L (x,, p2; T Y l)n+") ) (13
mﬁumﬁﬂumif %ﬁﬁunmJJAmﬁﬁ:
L(I(i 1)27’\ZNI%—l7y<,—1)f-2N-y,;—’71)2<

n

Pt

58 (e, =Yopn ) (14
P
L A 5 () TT A%
PR P TP P
<(12—y2)2+"'+(1f LTy 1)2+(1‘%+2_y:71+2)2
+ e+ (Zpn = ypny ) e (xgpniy =
y(m,l%H)ZJr'"ﬁL(x,,ﬂ*y,,ﬂ)z
”—1
*121 jE}((z(l D2 y(l,I%Jr,)z) (15

PR A2 20 (L) 7 BT AR 2 (1) iz, BT (7) <

%) AW (DO <K@, JEXN XD A7 T 14k,
otherwise B 455 B B A oA I R I RE LS A0 .
Y~ DD T (Semd (XY ) ao

F(8) , A I 3 T 1R oK BE B (9 A°F & 2R 4 3 B 38 O vk v Y i S
JE R 2 R RUE B
4.2 LIGIREER LI HIE

SEIGFREE G AR 1/ python2. 7. 12, #24E & 48/ Windows
7,CPU/Intel(R) Core(TM) i5-2450M, F 4ii 2. 50 GHz, N F
8GB, W #t A 500GB,

SEHHCHE - N UCR Hod S i 1 20 H A TR 4R Ll
i UCR $UHs 58 50 43 BT 45 28 B 8] )5 51 AH 26 559 1) 1k g, 9 otk
W 3X 20 ALBCE T 7 07 35 10 S5 50t R A 0 . BOdE A ik
mE 2 Fra,

#2220 AR EM TR
Table 2 Detailed information of twenty data sets

BHEELK Sk LEES WK & % %

Syn_Control 6 300 300 60
Olive Oil 4 30 30 570
Gun_Point 2 50 150 150
CBF 3 30 900 128
FaceAll 14 560 1690 131
OSU Leaf 6 200 242 427
Swedish_Leaf 15 500 625 128
50words 50 450 455 270
Trace 4 100 100 275
Two Patterns 4 1000 4000 128
Wafer 2 1000 6174 152
FaceFour 4 24 88 350
Lighting_2 2 60 61 637
Lighting_7 7 70 73 319
ECG 2 100 100 96
Adiac 37 390 391 176
Yoga 2 300 3000 426
Beef 5 30 30 470
Fish 7 175 175 463
Coffee 2 28 28 286
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Table 3 Classification accuracy of each method in different

data sets

BAEE Euclid SAX SAX_TD SAX_SM
Syn_Control 0. 880 0.977 0.973 0.977
Olive Oil 0.867 0.167 0.867 0.867
Gun_Point 0.910 0. 800 0.907 0.953
CBF 0.852 0.893 0.908 0.910
FaceAll 0.714 0.677 0.708 0.670
OSU Leaf 0.521 0.541 0.537 0.541
Swedish Leaf 0.788 0.515 0. 806 0.789
50words 0.631 0.659 0.651 0.659
Trace 0.760 0.62 0. 750 0.730
Two Patterns 0.907 0.919 0.929 0.931
Wafer 0.995 0.996 0.995 0.996
FaceFour 0.784 0.830 0.830 0.818
Lighting_2 0.754 0.787 0.771 0.787
Lighting_7 0.575 0.603 0.685 0. 644
ECG 0. 880 0. 880 0.900 0. 880
Adiac 0.611 0.105 0. 604 0.634
Yoga 0.830 0.802 0.821 0.827
Beef 0.667 0.500 0.667 0.700
Fish 0.783 0. 486 0.794 0.794
Coffee 1. 000 0.536 1.000 1.000
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