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Fig.3 Time series of two stock indexes (left) and their linear segment representations (right)
3 () ()
1. S{S.S,- St C={Cy,Cy,....Cp}. PM=(§,C;,Ts,Te), SeS
,CjeC T Te
2. P=(V,s T4 Te. \% PM < \Y, ,
) VX, yeV X2 Y, X<y , P ; ,
vx,yeV, X<y Y X P Ts Te P \Y
[V], P .
3. Ps (V' ' T4,T¢) P (Vi ,TsTo) , PP, VeV,
( € '=<),Te<Td, T =<Te.
4. P (Vi ,TsTo) [t,t] , [t,t'] V=V,
<, <TG t>=T,.
5. P [t,t] , [uu]c[t,t], P
S(P) P
S(P)={[t,t]I[t.t] P }.
P S , S(P) [S(P)I,
fmin (t’_t) T
Ck k 1Lk k ’
1. Find_Freq_Pattern(ST, frin)
S T, fmin-
T Ly {S(P)|PeLy}.
(1) C= 1 = /i ,C
(2) For dl PeC;y, SP); 1/ ,S(P)

(3) Li={ PeCy| length(S(P))>= frin};
(4 k=1,
(5) while |L>=2

(a) k =k +1;
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(b) Cx=C_generator(Ly_1); // Lk k Cy,
Ly 1.
(c) For al PeCydo // S(P), 2 ;
(d) Pr Py S(P1) S(P) S(P);
(e) Li={PeCy length(S(P))>= fmin};
(6) Ly(k=1,2,...) S(P).
C« ( C_generator ) (o, ,
( ) :
, (k-2) , Agrawal
: K (k=2) (k-1) ;
k-1 S(P) : k Cko
S(px-1)
2.join(Ly_1,5,Cy)
k-1 Ly 1 {S(P)|Pe L1}, Cy.
{S(P)|PeCy}.
(2) for @l PeCy do
(a) find PieLy_y,where P1(1)=P(1), P1(2)=P(2),...,and Py(k-1)=P(k-1); //P(i) P i
(b) find PyeLy_g,where Py(1)=P(2),P,(2)=P(3),...,and P,(k-1)=P(k);
(o) S(P)={[t,t']] [ttl]eS(Py) [t2,t]eS(Py), t<t2,tl<t' t'—t=<T, [t,t'] I
(2) end.
, Piely: Prely: PeCy
, S(P) :
SP=HL]  [tut'TeSI(P) [t ]1€SI(Py),  t=min{ty,t} t'=max{t,",t'} ,t'~t=<T, |S(P1)[+|Si(P)|
|3
IS(P)I+IS(P)| [S(P)I+IS(P)
, , [SI(P1)[+ISI(P2) P ® P; . PeCy
[tt], Py ] Py [tt1t>=t  t'=<t), [t,t/TeS(Py),
[ta,t1 1€ S(Py), ti>=t; ty'=<ty". ) P2 [tatr] €
S(P)(t>=t  t'=<t)).  |S(P)[HS(P) , :
1 frmin T Li( fmine T),k=1,2,...,m,
S(P),PeLy.
1. fmin=fminz ~ T=T1 Fi , ,
foin2=<fmin1 ~ T2>=Ty F2 ) To=Ty,
; T>=Ty,
Falfmin aTa)  Fa(fiin 8:T8), foin a<fmin 8 Ta<Te.  FanFg=La~s(fmin &
Ta)={P|PeFa&PeFg}, V PeLla~s(fming, Ta),S(P)=Sa(P), ,Sia(P) Fa P
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5
DJI30 Nikkei225 1994 3 10 -~199%6 1 18
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fmin T .1 foin=3 T

2 T=40 fmin

Tablel Number of candidate patterns and frequent patterns of different lengths (K)
discovered when different spans of time (T) are adopted

1 T) (K)
fmin=3 K=1 K=2 K=3 K=4 K=5 K=6
T=10 Candidate pattern set 59 2500 556
Frequent pattern set 50 179 4
T=20 Candidate pattern set 59 2500 5734 66
Frequent pattern set 50 569 266 8
T=30 Candidate pattern set 59 2500 13274 1165 17
Frequent pattern set 50 846 1465 256 9
T=40 Candidate pattern set 59 2500 20 315 8 647 378 8
Freguent pattern set 50 1054 4087 2073 201 7
Table2 Number of candidate patterns and frequent patterns of different lengths (K)
discovered when different frequency thresholds (f.,,) are adopted
2 (fmin) (K)
T=40 K=1 K=2 K=3 K=4 K=5 K=6
Pa— Candidate pattern set 59 2500 20 315 8 647 378 8
mn Frequent pattern set 50 1054 4087 2073 201 7
£ -5 Candidate pattern set 59 1600 2824 82 4
mn Frequent pattern set 40 332 224 8 1
fo=7 Candidate pattern set 59 900 173 6
min Freguent pattern set 30 66 10 1
£ =g Candidate pattern set 59 361 15 2
min Fregquent pattern set 19 13 2
4 fmin T ’ ’ fmin
T ; ; , ;
=y —&— Candidat set *m
30000 - Frequent set 2000 —A— Candidate set
) —- Frequent set
E 25000 - é 25000
T Lo
o o
B0 g
£ £
2 10000 - 2 10000
0 - n . . . 0
5 10 15 20 x 20 » 0 5 2 3 4 5 6 7 8 9 10 u

Span of time Frequency threshold

Fig.4 Relationship of the number 6f patterns With the sp’an of time kleft) and ffequency threshold (right)
4 T( ) fmin( )
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An Algorithm for Discovering Frequent Patterns in Non-Synchronous Multiple
Time Series

LI Bin, TAN Li-xiang, XIE Guang-jun, LI Hai-ying, ZHUANG Zhen-quan

(Department of Electronic Science and Technology, University of Science and Technology of China, Hefei 230026, China)
E-mail: binli@ustc.edu.cn

http://www.ustc.edu.cn

Abstract: Discovering frequent patterns in multiple time series is important in practices. Methods appeared in
literatures assume that the multiple time series are synchronous, but in the real world, that is not always satisfied, in
most cases they are non-synchronous. In this paper, an algorithm for discovering frequent patterns in non-
synchronous multiple time series is proposed. In this algorithm, first, the time series is segmented and symbolized
with the linear segment representation and the vector shape clustering method, so that each symbol can represent a
primitive and independent pattern. Then, the minimal occurrence representation of time series and the association
rule discovery algorithm proposed by Agrawal is combined to extract frequent patterns of various structures from
non-synchronous multiple time series. Compared with the previous methods, the algorithm is more simple and
flexible, and does not require time series to be synchronous. Experimental results show the efficiency of the
algorithm.

Key words:  data mining; time series; frequent pattern; minimal occurrence; symbolization

* Received June 15, 2000; accepted September 26, 2000
Supported by the National Grand Fundamental Research 973 Program of China under Grant No0.G1998030413; the National
Research Foundation for the Doctoral Program of Higher Education of China under Grant N0.1999035808

© R

http:/ www. jos. org. cn




	相关工作
	时间序列的符号化转换
	相关描述
	发现算法
	实验结果
	结  论

