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Improved clustering algorithm for multivariate time series with unequal length

HUO Weigang , CHENG Zhen, CHENG Wenli
(School of Compuier Science and Technology, Civil Aviation University of China, Tianjin 300300, China)

Abstract: Aiming at the problem of slow speed of the existing model-baseth Multivariate Time Series ( MTS) clustering
algorithm when dealing with MTS wtih unequal length, an improved clustering algorithm named MUltivariate Time Series
Clustering Algorithm based on Lift Ratio (LR) Component Extractions( MWTSCA(LRCE)) was proposed. Firstly, the equal
frequency discretization method was used to symbolize MTS.  Then, “the LR vector was calculated to express the temporal
pattern between the dimensions of time series of MTS samples., Bach LR vector was sorted and a fixed number of different key
components were extracted from both ends. All the \exiracted key components were spliced to form a model vector for
representing the MTS samples. The MTS samplé, set with unequal length was transformed into a model vector set with equal
length. Finally, the k-means algorithm was used for the clustering analysis of generated model vector set with equal length.
The experimental results on multiple common data sets show that, compared with the model-based MTS clustering algorithm
named MUltivariate Time Series Clustering Algorithm ( LR) ( MUTSCA (LR ) ), the proposed algorithm can significantly
improve the clustering speed of MTS data sets with unequal length under the premise of guaranteeing clustering effect.
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Time Series, MTS) o MTS J2 2 4720 £ 1% fRH [R]IBUF BT sk 9
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KW MTS AR N B 07 225004 MTS S TR B 7 22
BN IR S T T 23R M, ) i B 07 2R REAT B

ESWE : BF A AR R IIIUE (61301245) 5 b B BRAIHE& PT2EE WA H (U1633110)

EEE N BN (1978—) , B NP A, BIBHZ, {1, CCF 2 i

BTN B RS 2 BR(1991—) B IR

NGB, EERTRDT A BARIEE;  BICH(1992—) 2, R ESEE A LR SEAE , ZEBIF 7 1 R


http://www.joca.cn
http://www.joca.cn

3478

H AR A

T8R4 MTS WAFIEE R, &7 W DS SUERR SR
MTS iR #8  R/MAR M FRIE R PR SR & , AL BEEE R T
FRELSN . X4 RET —HETSEZERRK MTS
RATEL I8 H MTS f it — 4 B A] DI b g B Ar i
EMREHEG TR, B — R RRPAT EEHETE, BE
TROUEAR B (R AR A SR R T LSRR 2, HA B2 AL
TE THRAN TR (] S HE B A B 78 T8 b, to A RE b 3
EHERAR R, O[S ]G —4En 1) F 90 # 4L — g it
FAEUA , MTS A8 & 470 B G THRRE B4 DR AL 1) &
KFR . WHEA DAL B R F7 31, (HEE SR 4% 4 e B
HIGETHRHEL A — 3 S AL IR & B MTS BiE £ &
BREIEME. CERI6] 45X MTS B £ TENFEAZ [ A%
KBRS R S RN S5 0] B, 4R T —Fh B T O 2255 R
L5 Hb 2% H 25 ( geodesic-based distance) [ MTS B2RE 8, %
BEE SOR MTS FEAR AL M T 2250 1 s R S5 K W o7 2 50
AR B2 (R e A 2 K G2 ) s SR X A PR SR AT R 2K, AR
FERETHEEMNRERIE, FRBGHE T DA, 258
e 22 ] 4 B B R o P M R BE S . Zhou %R T
—FpEF BN & YR B 5 T 2B 3 ——MUTSCA (LR )
(Multivariate Time Series Clustering Algorithm { Lift Ratio) ) , 1%
RAF BB BMEURE B — R IR R MR B R G4,
AR RGN A 24 BT 5. Bk s Y
BAEA S0 REERF SR R B LR( Lift Ratio) [6] &
Fo B PR, K A AR B A R R RN MTS HEA iy
MEEIF & B AR A ] REFHTTR R, BEATERENT
AN, R T RAAL B S B E AR A R B IR & A
MTS Bfia 4 o {ELSEBRRL FH i MTS $d 58 , &R A i 4 TR
ARG, ZE BT AL HA 55K £ 4k ) H] 7 51 i) iR
DTW' S8 38T 111! o g sl /) 2 (8] i MR, 3 i 2
LIRS E] FF AR A

%t EARE P AL MTS Sk £ i AR, AR SOIB 7E
MUTSCA(LR) Y EERL - HE7oat, B  — P EF LR &%
BUHY 2 4E /Y (8] B 2 B8 25 B ik ( MUltivariate Time Series
Clustering Algorithm based on LR Component Extraction,
MUTSCA(LRCE) ) . 5 i FH SF SR B B4k I B2 % MTS £
WEIFTRS AL RSG5 MTS B A — 4RI E) /551 2
NP & LR, X LR [ & 77 IR m 2%
i [ E £ H A FIEUE R 43 &, [F — MTS B P 4R oy BB
ER— A ) 2 (Model Vector, MV) , MTS (B4 MV
R G RN ; X EL ) B k-means 55 HE1T
REIM . TIEERII, SR E AT LR B A S K
MTS BiR R R LT,

1 Ak miRH

1.1 HERR5HEXEX

EX 1 ZHEEIFIIR, —MET N S24EREFH
FEARZ R RIFFIERTRR NS = (S8, 8"} EEN
FEAR S % m AN, F— R RFEIHE N n, W S ATERR
K S = {81,880t Ak RETEFESIN S, = { S,
Sias Sl o LR SALIE 2 i) 8] 7 5 £ W KR
S* — {Sl* ,52* ,"',SN* }O

EX2 BFHEX. A LR mERxsHE)FERANITE
TSI

%37 %
. . Pr(Si* | S8i* )
Lifi(S;, ., = S,) = — 2= =
! ’ . P(S;:)
freq(Sii, N S;7) l<r<t (1)

freq(S;3) # freq(S;;,)’
Hep: s 2B FormtRRBR;S, 55, ARERRE
FEAKIEE j BRI F R AE ¢ Al e — 7 B 20 BT X BL 9 AF B8
P(S,) FR S, MABEAMERPr(S); | S5 #RYS,, R4
B S RAERIFMME; freq(S;)) Fm ;| ERIEIFH S th
IBIRIRE 0 R R, 5§ MTS K n B 3%, FIIZ A0
ER—NMEEN n - 7 B &, FRA Lift Ratio( LR) ERBET
BARZ -1 HIS XS BARBRRE, DU R R A S™ Y
AR RIS S PNERAG AT PR

(1) R RF 4855 S AN LR (84
A, 4001) hEy S, R S, (b # ) B, MR A F 4R R
BFE S 558, ZEK LRIFEAR, FA—FRF5 N
B K LR #524 intra-pattern, N [F)72E B0 ] £ 51 2 [ B9 LR #R
N inter-pattern .,

1.2 MUTSCA(IR) &%

MUTSCA ( LR) % # ¥ % f# Ji MDD ( Mode-Driven
Discretization ) g 5 MTS BEAHEIF4 21k, MDD 5 E4k52
AN MDD B phHe MTS 1625 BT 1) A R I, 158
i, B A AR 4 B SERE B MTS Hrdi 37 ST R (Multiple
interdependencé Redundancy, MR) {HE KIAS B 4E/E NIRER
T ARSEEE TR ST I B 2854 AR AL
AN M) B B fk & B OCDD ( Optimal Class-Dependent
Discretization) " Xt EAB BB B AT S b, FERFS1L
JE B MTS Fe4 ERIAR () T3 R LR 3+ R 20 6EE
ME. &5, F A k-means 5 3k X1 R ) & TR AT,
MUTSCA( LR) B AR R ) BB 5 R0 T

mk S* = {Sl*’sz*,"’,SN*[’,ﬁEF‘Si* = {S;* ’S;*’

S0t
s NAMEEL N BH B B finallR,
For 434~ 4kt A 75 S°
For AR S°
MR (1) T intra-pattern;;
For 4358 Si* (k # /)
FIRR(1) & inter-pattern ;

finalLR; + = inter-pattern;

End
finalLR; + = intra-pattern ;
End
finalLR = finalLR U {finalLR,} ;
End

MUTSCA(LR) BIEAFFEPI AN HIRE -

1) MDD H 35+ R F B9 OCDD | Fi 3 25 ML i B AR 15 Bt
D EVRER A LB E R RS K BT S , WZE R
kB mEASEEHILR , S5 0CDD MITH#EE , B
WPATHERMET .

D) HFik e (1,2, m  BMEATEBR m BT
M1 & LR, £ 486 (6] 75 S B 4 A R ) B R AR R
finalLR, i m* 4~ LR [l 5 BACRAEE], IR L 4er R 75
ST PHIA A ST KIEARSE, W MUTSCA(LR) A SR
B & 4L finalLR FHIEA finalLR, (i € {1,2,-- ,N}) K&
WAIEE, BRI T AR R B3, B BBk
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#1219 EHRF - BAFRFRS AR FAGRELE L & 3479
TER LT RIFEN R BRI MV
End
2 MUTSCA(LRCE) & 3 nd
MV = MV UMYV,

2.1 SHEREFINSHMERKL
£+ MDD B35 30 3R 4 A% A [ R, S v SR P 45 00 88 LAk
(Equal Frequency Discretization, EFD) &7/ 51k, EFD
B-MEENERLTER, EREFLEE -SRI E
BERLE RN ERAT S 0K num_bin TEIZAT S8
WHIEOLT , B MEAR num_bin FEAEXELIHE o2 SLRY 593
BRI EFEM R UL L num_bin WEE, S
MTS JRK T BRAFEE onum_bin BIHLEIR] MTS # 4K
AKX, (A MTS B £ & HE A K E2E R RS T num_bin
WEBEE®R . £TU PR, AXETHEAKENER
FRURE — AR NFEA S (i e {1,2,,N}) FEI num_bin
HHTHE S
num_bin = (int) C * Jn; num_bin < n/2 (2)
Her: C e MTS BEAR4E SHE MME— B30 n 2 S BT R R
FIKBEHAREALE S = {8',8°,--,S"] it S g MTS K
FERIIE M FIbRiEZ Ve HTRERREC, = Ve/M,C HER:
FHEMEEL/Coo A (2) AL, 2 MTS AR EARE
B Cy BUERK , 280 C BBERR /D, N TR AR A MTS FEAES
B S HUH 22 7R [R1R 3 AP 1 S5 4 B mfk O s B AR R
wmr,
N FEALES = (8,8, SV HPS = {8),8,,,
Sats
ik FFEREMREARE ST = {817,808
G REASE S PR W ER 22 P H R RS
For RFEARBER— L 4R 751 S
FAR(2)HE S* 1 num_bin;
For B ZERFH] Si(j e 11,2,7+,m}) ;s
MR num_bin WELE , 3 S; BEATEINBTHLAL 158 5i° 5
§* = §USt
END
S* = 8* Us*t,
END
2.2 ERARBEMNERAEREREE
HRTER A ST B —xtAE B IR RS (S, LS, ) (o1,
2 eil,2,,m}) FitRERFEK LR [&8; K5 K LR [
BT T B N 2 i KA RBER o7, 5
HBRW BT TR F 2T, JER DS 2
BT B PR RR S B ST WA IR s 2
BRI ] & MV, A% vl o2 BYEE, B4R S MR (1) 5
Wm A IR &, B4 IR NETRR K448, Hit
MUTSCA(LRCE) AE gL R o f MV, K L (U555 218
K. BEAFm R, L = m® « K, BB B4 4 T kit A
To
WA BEHLERREAE S = {87,887,
5% = 487,88 L A RARK
il ERIMBEE MY = (MV, ,MV,,-- MV},
For f—A~Z4at [/l J5 5] 5°*
For ZAFRFHMIIASE o1 (1 <ol < m)
For ZHERFAMTASH 2(1 <2 s m)
FAR(1)HHE LR &,
X LRGEATHER , AR B K A EUEAR R 4 &, IF

End
R k-means BRI RIM B MV HITREGHT,
B SEREHLIE IR kMR B AR AR O, TR R B
&M RRREER , Rz B o FL 4 B U R, MV
SREREEFES L. EE FRER, BRESESERAE
AL, i RS R I B KM = [Emy kmy oo kmy ], o
km,(km, € {1,2,- k}) RINHEAR S MOHEHRS . RITR
wr,
W EEIRE MV = {MV, MV, MV} 5354
Bk
g EEREE KM = [k, kmy o kmy ],
MMV LA RSB B DA Core = | corey
core, - ,core,} ;
W —AME R RO ES Core’ = {core'| core’y - core’ .} ;
My — 42 Num[ k] ;
A KM = [0,0,+,0];
Do
Higath Core’ R 0 M5, Num[ k] Jy 0 [l &;
For Bify[al@& MV, (1 < i< N)
HARADER 0 &5 Core i) kMR ORI BLE IR B2
BERIRARBIE 0, b 0 e {1,2,-+,k} 5
km; = 0;
core’y,, +=MV;
Num[km; —1] ++;
End
FIF Core’ 5 Num[ k] BRI L, G5HIRIES Core;
Until KM no change

3 EBREHERALN

BIEE A Java TR LI, LITE — B H A& Tntel U
3.80 GHz £: P28 4 GB NTE. 2% F Window 7 &4 PC
7o
3.1 LRAERSHIEENSA

A 4 A3k B UCL 89 MTS % i % . EMGPAD ( EMG
Physical Action Data set)., EMGLL ( EMG dataset in Lower
Limb) ,AReM( Activity Recognition system based on Multisensor
data fusion) ,DSAD( Daily and Sports Activities Data set) , H &
AReM 5 DSAD 2K MTS $iEe ¥R 1,

1)EMGPAD, HA%¥H 80, 614E 3 A8 M 1 [z LSk
B, BASKEE N 20 A3fE20 MER) AHE 10 M
HESIER 10 D —fRBME FER R ERETE 10000 £, LK
A SE R FUPRAS , BNHGE AR deh

2)EMGLL, #A%H 66, 4% 11 BRI EEM 11 £
E#H N BMEREW3 s, sHAKERIRKR, %
A B AR AR EIERIRE, IR EFIER A,

3)AReM, HA%H 87, 604% 7 MR B~ EBEE.S
ANRE "R EREE 1S AR EHES A JEBIE. 15 1k
BE IS DS ENE 15 A E B, B AR A R O 480,
T SRR BIE iR, 3 7 R, SBURER N
T B R ¥ MUTSCA(LRCE) ZE45K MTS 448 Ll L)
4EHF MUTSCA(LR) FRKSCR
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# 37 %

4)DSAD, HEAKH 9120, 8 ki S 5E M 19 #
ik, B ISERE 60 MR, ZEEEEERBRIE
MUTSCA(LRCE) fE RFEA SR T BRI

EH RN RTSERCEWT LR HHE R RHRER 7 F{H R
5, k-means FAERBIHE O E BRE A i 4 1 2850 1
BOERHAFE LR MENERSE MUK 10, BTER
BIEARLE, BOR A F-measure M5 BMEN LB PS4
i 1B P 51 SRR B A I I AR

®1 LHEBENE

Tab. 1 Introduction to experimental data

ROl IR
KEE kg oM

HiRE AEER HERE

EMGPAD 8 80 15000 8000

EMGLL 5 66 40000 5000
AReM 6 87 480 480 7
DSAD 45 9120 125 125 19

T BT B MUTSCA (LR ) 5 MUTSCA ( LRCE) % 1,
ARSI P AN 7 B 4F MUTSCA (LR ) #4716 B i AR g Ak
FRGEK MTS B4 1) 7] DIW ARG RKER &2
P BEES , RASCHK[ 12 ] B B M BT DTW M &)/ 3k #
17 k-means A0 MR 2) BAWSHE A HTEASK
Al B2 B MEER, O S EH TR T R
k-meansIE IR E N AFOES N Core = {core, ,core, ,
-+« ,core, | length(core,) /R0 & core, K JE 1% core, FITTE
BB n, MER L& EE O core, (1 i s k) MEHTE
L BT A KB R length(core;) 1) 0 1] &, 104 Sum
weight KT core, R BUBI B MV,(1 </ < n)o
length(MV,) = length(core,) , AN 31 H O 7E MYADEIER
5 core, BARLEIF 5 BINE Sum . weight 2-4Rat¥ @M 1;
# length(MV,) < length(core,) {EFH¥EZNE O 7E core, I3k
FEMV, BELNFIFIMEBMLE 2, 3§ MV, 23
Suml[ st] ZE Sum[ (st + length(MV;) —1) ], B weighs FAAHR {7
BH oM 1, EFHEE S L core, MITHE AR N
core;'[t] =Sum[t]/weight[t] (0 <t < length(core,)),

3.2 AEXHSIRE L RERS

KA E K MTS AR K $ iR £ EMGPAD fil EMGLL
XA EFD & MDD Bk 71746 . BA e Bk g ab B
HRHER PR ETEE A8 MUTSCA(LR) BILHITR
ot WIBCER[10] M2 E, B 75 MDD Xt & M4 §
W4 E) 5 R % B LR N BUBRE N length(ST) /3, H
length(S") AR S K E . AOMA T %245 MDD
MR R, REREANFEESHAELET
By = 0% length(S) /3 B RMATY LRI A3
TE R EBOT R M X B R 0 KRBk o8 mEN
KN, AR A 1 R, B 1 PR R B B R R
KA 0. HE 1 ATLAE 8, HERE S B S ETR AN EEm,
B MDD BRI S 4k MTS AR E RN RE, (HEH
AT R Rl 2 RIS K .

2 45 THY: EFD 5 MDD [l PEEE R, 3 A S,
MDD fg FH ) e 43 8 s TG R N EURE R/ length(S') /3,
MR ER AT LUE I, B 44 EMGPAD 5 EMGLL
FJ EFD B EAL T IR BN RF S (LA R AT R K1
AFRCR %4, 3L F-measure 4351 0. 896 5 0. 904, [fj MDD

BRI SR 0.870 5 0.742, H o, MDD 7E8 48 &
EMGLL FF SR B EZNAL 5 RES B SERET LR
BEARAX AdE 1RSSRl A, @0 1 gk 55
RETLEMCERB RN R 7 RN E A
BIRULE [B] B f5 R, AR 3C EFD S5 35 i AT I 18] 43 50 O
4065 ms#l 5348 ms, B ZALT MDD B =R ATET[E] .
F2 LHEHRMNS DD FRIFM
Tab. 2 Evaluation of equal frequency discretization and MDD

BT TE]

(=73 Hipe (BHAL) /ms F-measure il
gpp  PMGPAD 4065 0. 896 0.483
EMGLL 5348 0.904 0. 405
vpp  TMGPAD 254899 0.870 0.507
EMGLL 590204 0.742 0.842
700
600 |[----EMGPAD ya
—o—EMGLL | e
2 500
E 400
= 300 5
& 200 /{”’E( e
100 e o
0O b Dl EER

0.0 0.2 0.4 0.6 0.8 1.0 1.2

ST LN SN
(2) BTy
0.90 0
&35 F>-EMGPAD e
o —o—EMGLL | 7Y ¢
£,0.80 -
< Ped )
o 0.75 >
g - ):LD/D/
T 0.70 >
59 <
0.65 &
0.60 . . . .
00 02 04 06 08 10 12
335 B R AN

(b) F—measuredgin
Bl 1 MDD BEEE AL
Fig. 1 Evaluation of MDD algorithm
3.3 MUTSCA{LRCE) & 1M,

i 4 1~ MTS %l &% B Bk MUTSCA(LRCE) i 47
A, A58 3 BN , o MUTSCA(LR) {5 ] MDD #EATHE AR
546, MUTSCA(LRCE ) Wk ekt ity EFD Bk, FE 280} ]
AIEEENHE N A k-means PUATRYE], 3% 3 WAL EARSE
K MTS $(JE £ EMGPAD 5 EMGLL |, ¥ 3 J= ) MUTSCA
(LRCE) Efu & jn BHEF i 8 , o Rl B, X BLUCH B IR
HERTE MAEEL T B RS A BR A — 20, 5 ¥k MUTSCA(LRCE) iy
k-means $FTHHE] 43 B4 35 ms Fil 16 ms, i JEH L k-means B
PATE I B K, & TR MUTSCA(LRCE ) 4 F 9
B ] E 4 BE AR T MTS 80N m LR P EABK, B
Rl KR E , R R R BER N, WA ETHENE
OB MUTSCA (LR ) 7F ${ {2 &£ EMGPAD | $ 17 it [a) 2> F
EMGLL fJRH & EMGPAD 45 ¥ A< BE I s A/, B 8 )
2RI EERA S E DR R
SkF, MUTSCA(LRCE) 5 MUTSCA{LR ) #¥ EMGPAD | g%
KRR AN Y, 076 B 48 EMGLL |58 ¥ MUTSCA (LR) #y
F-measurefH 7E 0.75 M1, 525 3. 2 Wi 04 Al ML I8
HEE FRUHERE T IZBE SR ERKERENNE, B
RSB E TR D, 3 MDD BEUEHURAME, #
W T S SRR

AR AReM ZAFAL HE DMK 4 8]5 51 S
£ B TFHAKERE, RENFMEEZR X 588, S0
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ESHAE . AOFRFRELNEFAGREBET K 3481

HAKR. NRRERMAEE, M E LKA F-measure
ERA—F, BARE DSAD A E HHEE K LY B FFIH
A% EH TSI R LT 4800 MR, B FA L E A AR
R YR SR RA G, AR B4 LR THAKE,
He L = m’ « K, BARKER 125, FLBEIE 4 E R, R
KRB . [FIRT, B 45 B BB ) B0 5 B8 2R, #3R
RKBR M T B ¥k MUTSCA (IR), i U, B ¥ MUTSCA
(LRCE) fE ZA5 8 B4 K MTS $uR&E EARA R
%3 MUTSCA(LRCE) W3R % THEIF 1
Tab. 3 Clustering work evaluation of MUTSCA (LRCE)

BERIHE k-means $4

A7 BiE% I l/ms 5 E]/ms F-measure 195
seTugz; EMGPAD 33922 10044 0.869  0.506
@Oy EMGLL 22887 134217 0.758  0.788
MUTSCA  AReM 462 6  0.655  1.450
(LR) DSAD 335406 254 0.452  1.911
s  EMGPAD 32732 113741 0.860  0.532
DIW [ty EMGLL 23454 275008  0.750  0.809
MUTSCA  AReM 457 47 0.667 1.432
(LR) DSAD 321756 23007 0.457  1.713
EMCPAD 36718 35 0.888  0.451
MUTSCA EMGLL 23196 16 0.889  0.495
(LRCE)  AReM 891 13 0.655  1.452
DSAD 377473 15351 0.822  0.225

N VA RREE Bk X h-means RRZER RN,
ASCAEES DSAD s 4R AR F R e AT S0 50, SEH 45
Rk 4 i, B—AEATRAUSHALHE 240 4, 503
KB 4 MARZEESERFARE, R EEE R 4, 55
AFHRAE 1920 MEA, L5 DR —SifER BN T8
F M 60 DMEEA S —A IR 32 41, T A RS SE
32,

%4 MUTSCA(LRCE) &k k EX RELERHHIT
Tab. 4 Influence of % value in MUTSCA{ LRCE) algorithm

on clustering resulis

FHREATE B_AHATE

k W k W

1 2.000 10 2.314
2 1.001 15 2.021
3 0.992 20 1.213
4 0.495 25 1.210
5 0.470 32 1.014
6 0.285 40 0.674
7 0.308 45 0.671
8 0.271 50 0.729

HR 4 TUEN, 5 b D TRRE M RIS R E,
LSk R TAR R, MR XN b EE
/N AR ERNEA RS EHBIF — R . Xk E%
RFFEFIRERE i, k-means JrREFNE 4, W7 HE A0 R 2
A REH R MARE A

4 #iE

AXFET PR Lift Ratio [ 49 MTS R 7 ¥k H
T MUTSCACLRCE) B3 , % -¥5 1 F et B A5 45 B AL O
Xt MTS #EATRFS1E, 83 LR B2 8RBT EAER

MTS BEARAL H SR B E M &, LRERFUIAEE

A AR A Xt A R MTS Bl Rt AT RK ot Wk [E] 751

R Z B A 4 BT SOR R K — AR R X &R, LR [

TR MTS i P (U B T 6 (a5 2 (B B B P R %R

Jnfar A RS 1E] B 2 (8] PR iR SR R AT MTS 28I 8D i 8]

Bt R SRR R ERAFHE—S IR
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