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Linear Representation Method Based on Key Points for Time Series

CHEN Shuai-fei LV Xin QI Rong-zhi WANG Long-bao YU Lin
(College of Computer and Information, Hohai University, Nanjing 211100, China)

Abstract Time series data has the features of large scale and high latitude. It has high computational complexity and is
susceptible to noise if doing data mining on the raw sequence directly, so the original time series pretreatment is essen-
tial, and most methods of commonly used linear representation have low accuracy in selection piecewise points. Based on
the time series variation, we proposed a linear representation method based on key points for time series. The method
takes into account the time span and amplitude changes and can efficiently extract key points in the time series, which

can prevent excessive noise removal and is implemened simply. Experiments show that the method has good universality
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for data from different areas.

Keywords Data mining, Time series, Linear representation, Key points, Excessive noise removal

1 3l§
FERE SR AT | A ] FE B SR B 40 R — S A B 5T
Fit B 3 2 A e FR A 1) IR SR 4 9 — 2 31 ORI 24

35, 3F B R QAT [a] ) B AR 4. BT FSIERE RS,
K& EBIF ST ZAE. EFFISREETES
A B A5 R, 3 BT RA SR AT R 538 Rl 4%
BERD BN BRI SRS HERBRK. B
P ) R B i o DR A st U] P 5 AT TAL TR . AE R
BFEF AL E S E, A TR L B s, flmE 8 n-2r
#0I(DFT) B8N BRI (DWD) BB SRS . &
FEMESVDINIVELE . ) F LR E B B ARTE S5 B L
PR, BROUFENT AR SR rh A e B EUNE
BB REEMFE—TIFE B, BER T HEBRE
A TS BT A 73 BB B B BN B AR B HRB R A
TR KR RS, B R s T2 S A MR 1
RHE B 2R BE HBER, &F3 DL E LRV BRI R , B [ FF

BES H #9:2015-05-15 iK1 B #:2015-10-22

FULMEFRARD IR T dk, R B A R R B e EF
B 09 FERHE , 20 R A RS .

EER, BNIMFEFEMRURR T ERT TIHEAHN
R R THSMAENRERR T L. BEFIILERR
FENEEREEA R ERENRE TR
RIRGRE R P, HOSBTE T Ay Br 813, SRR ik
TERT R PPN R R A I TS, BN SC B 88 R4 R 8, 72
RE R EUF S FEABMEHET YRS T RIBFE, Fatid
RRAK TR BB R T30, AR TR B\ . SOk
(AR T —FMETEE SRR (PLR-IP) Fik, BN
R—A SRR X 8] P9 5 X 8] 3 5 0 BB A I R A REL
R, WK EREE S . #3985 RE R MM, TFEE AR
BB MAEER, SCI12JR N TR FESESNETE
R (PLR-FP) 3% Jr ¥ 09 AR B e (R e (8] 5 51 AR (B
FOREARIEE R S AR R A et (8] B L BRRFS g1, UMk
(148 T —FE T RIRE BN K SN B TR TR R T
¥ (PLR-SEEP), B EER R EH R ERE, AGR

ALZERARMSLESE LB (61272543), B R R X #HHRI (2013BAB06B04) , E &

AARBSESE-TREAW B (U1301252) , ILH4 L BRI 1121 (14010010 ¥ Bf
BRI (1989 —) , B B4R , S ERHFF A 1A BRI B 9% 7 s f ] 9 51 B A 401 4698 %  E-mail: chenshuaifei163@163. com; & #(1983—),

BB, TERRTEIEDE MEEELE.
. 234 -



AR RS B . SCERES, 9% AT shiR sy T4
BREEMPAMKBRIFFREERFTE ZFENEE
SEAER W St B 8] 54 BB AR [R] B e 18] B AT R 4 RG
LLAANBF ] 5 F B S SER 3E Bl R R A B F Bt . Perng
g A USIER s g 3 T AR AZ B (Landmark Model) #4 B 8] ¢ 5
RN O B A FARAE N 43 B R X B ) RS AT R M R
FAR R BUK I8 B/ IE B FE 4 LR (MDPP)Y . B b JLFF
Tk BRI RE AR BR R AR B5F (8] P 3 ) R B ARME , (H R AE S B
HMBEFERREARKFREE . FCAEBRE R
HREATERBRXIAEN R, BHT —FETRER
ALkt RR (PLR-KP) 8 3%, 3F B A4+ ¢ 78 [7) 47 38 A0 5 48 4 o
TR, SREREN, AR BORERE T EHTRA
T B IR B A IR IR AR AL AR S A R RIS B R T RN
FI R, R T AR, R X R RSB 5K
HE BT BT

2 #HxHR
2.1 EXEHER

EX (EFFD BEFFIE—BEFES . EEF
HENTLE B REMBFAREEHRE, B X=((z1,0),
(z25t2) 5y (T s 1)) s TUEE (2 » 2) RANBF A P FITE 2 B 29
REMEN x; , REE . BIHRIGINE, —RFOET , BRI
Pl R A E R 28, ERERIREAEMN . WRE n=
0, ar=1, MEFEIFF X FHER X =(a1 42243247

EX 2(H A FF A BEEERR) BEREF X=(x,
Tz X Y MBURIER R X = (1 vz sz Hn =
X1 Zn = s <,

X MrBRRMERRN:

Xe=(filam sx2) s 2l sx3") sy fut (Tt v D)

D
HAF, fo1 @t s 20 D FRE R L1 5 20 RIS
]

EX 3IWMEGIRE) AE—HIEFF X={(x1,22,*",
za ) I XTE R R X A7 5 BRBUR S B R BB Xk » T
PR MEIEEM T 30 Xpr ST 748 BT 4 A9 505 5 18]
BLie R Xo=(xi 25,2, MBLEFF S5RGBT E
REH:

E=A/ %Gz —a)? @

PEIREEERBASHRIFF S FEiR e A2 R 8 —
NEEEG ERSEAERBAT . A RE8N HUEHE
.

2.2 HENEER

BIRE X 2,53 B g v e ok 2 M BT [ 37 o i ik o —
Ay BE AL RS HE L B AT R AR B N SRR R R
PR IR B3 . 38O 8k AT LA B S X 5 (6] 37 B
Wl K H) i B — e TE 6 BB A%, AT Il FHE JS £ 5%
PHITERBIR IS, RIE LR E T, AT —
AR FFIRT, B 5520 B R P S A i 2 68 2 A ST R
REORBEADPE, L EBE—ERFRES. B—LE

FFRAE AP IBERLBERIA.

EX AGRER WREEFH X=(21, 22,20
HWERBETIIRMGEZ—:

Wz>x B iz, o 2x- B o >a ,
1<i<<n;

Dz <z B 2 <xin1 y W 1 Kzt B o<z, R
1<i<<n,

ENSUEFIBE RS, BERELS  B{E 212
x,+1%:lﬂﬂ‘l‘ﬁ]f?§'l$ﬁé‘l§9@ 3 )\é\_\ ’%
(Ixi—1|+|xi+1')/2_|xi,>P (3)

Nzimi [ = |z [
Wz AEBIIEEBR .

FEAR SR PR (A2 22 8] B B X (6] b S B — RE SR B
B BIHR BE KB R R T IR BRI A iR 2 .

EX 6 BIEFF] X KR8 RIEWE TR

(DE MR 3 FIE N 4 BHREREL RERE
FAE O HATILIE;

(2)INRARHE R AL v (RIFET ] BR A B BE K F 34~ BUME
CURME C i B4 FE) ARG SR KBS, MR LR
FURWR,ARY 2" >z B, o' /2i-s >R B0, B Y
x' <zl xio1 /2 >R oL R AR IR

3 ETXRERMEEFIIRERT

3.1 EIEFEIXESR

BEREBMT,

WA MEF X= (1,22, 2, ) FBEE C.P.R

A EFFIXERES

BELR.

1 & MR IRRS [P 5 HEATHLIE AL AL B, 3 HH P 5 Y
BAME Lo B /ME Zoin» TTH B ENZEWEIE Az, R)E
BERBEFFIFHENSE s 5z HE, BHAEES Ax
FRRAB B —N[0, 1] I B BUE , i ™= A — A AT A 7 51
fERT—HHA.

5 2 5 MBI R SR S AT L, R SR S
ABEXBERKDES,

5835 NE AR TR IRYOE BT A W R R R RUImA
fEERBEES RKIEESL b P RBEFRR, BN
KEPRE, —RERES, S —LRE/EERHIERME
Ao HRRBRESHE CHEEANRRENRESR, MR
B R E X 4, MAZARBES FHIMABREXEAE
B IRZ B AR, AR E X 5, QR R &, B H
MARERERES, B E.

F 45 BBPREWRE CCEEABFNEE )M RGE
88 R AL R IR BE D X b — 2B T % o SR A AT O 22 < R
HE X 6 R R ME L MHEERAESHITLIE, K H
AT 06% 365 O 5 A DR 0 B VL) 8, G SR A O B ) B B K T
STBIECMANZERRES REWA SBEEDNTR
18 C B, FRAR 41 8 00 58 R 5 BT — 9% 48 o 19 U8 30 W S 1
W, MR KX TFEFRE R REHA, FUME.

Bo P MbLBEES.

s 235 o



3.2 HEHH

PLR-KP 8 [8] /5 5] 2 1t R/~ 38 il i X3 B 8] 5 5 3t 47
0 3T 3 R B S B A, 3 LU SR SR O 4 B A S B R R B AT
SBRFR ERERE N O, n FEIFFIWKE, &%t
BRI RRBRLGSF IR T 6 R EARE T, B
BT s OR 8 T BT IR T3 695088 1, 5F BLVT RUA ROt ek i B
BRI,
3.3 WEFIFHTEERT

Fi PLR-KP 38 15t B [8] Fp 5 #E AT S48 s B 0 15 » M T 75
BB H FFRET R P FI 4B A B A K IEE E B R B F
30 4 S R S AR R T AR OR , {8 W 5 B Bt ) R 3 ) 3T A - B
KHER.

BEARBEFS X, HXBEESH X = 25
') ARIERE X 2, WaHE PR T X S IR T

Xe=<fi(m sz Do folxe s23") sorry fn1 (T 5D

4 (FEX®

4.1 XBHKIREKRIFE

HTBAEASURE M E T REB S NE TR R B BRLR
BOR, BT RESUAG 10 KEHRFFIBIEE, UBIERE
AN RS BITE IR & MR M 2o Jr e AT 5t b .
4.2 TWR¥IRE

23 R RTE FE S BLE F www. cs. ucr. edu/~ eamonn/
tutorials. html 237 8 F T 8048 42 98 09 38 F B 18] e 51 BB 4
(A X fEFR KData) , 1% 1 f731.

#1 KbData (i

54 % FrIkE  Fals#  FIKE
Burst 9382 Memory 6875
Chaotic 1800 Ocean 4096
Fluid_dynamics 10000 Powerplant 2400
Earthquake 4096 Speech 1020
Leleccum 4320 Tide 8746
4.3 XWHE

AL F RS Pratt f Fink #2152 TEE & (PLR-
IP) gt R 7 3511 L Yi 1 Keogh 38 H A9 43 Bx B 4238 01
(PAMRMRARTTIES | Xiao £ H i 3 F #1F & (PLR-FP)
I BRMEFRR T IE 3 AN B HTXTH.

AR EFRBRSBERRFTE PLRKP B2 H
A SANBEL SR P For 3 TAERE A5k 0 28 S BT R 2
HIRE T R, S8 C Fon iR 8 5 1 0y 56 5 U R i 2 O IR/ B
B, B8 REFFMESAENRBEESCHEN—EELN
BR/NWAE. TR AR EFFR § ARG, 515t 6 P
S BETE B Z AR K, B T EF X REERR T EHIT
Xt ., 7 B e Xt TR AR B 8] R 3 AT LT AL A , S B [ 37
MBETERIMEARI0, 1 X H, ZEHE#ITRERR . Wi
B ARIT

()= x; —min{X)
ROTIAL: ) ek (X) — min( X)

BERERRSRIREEZBEHMH PLRRATESR

il 3 2 B A ARE . BT RM S RN F B IEN S

ASEAR, A T RIER KA P4, 76 R48 R AR 8 5
+ 236

CY)

T A BIRARE PLR L3R 7 538 5 R 6 51 2 6l
MARE., RARQOBTEDNSRE. A HEL.F
— RIS T, B A R BN, BT,
4.4 RBERSHH

SERAERINE 2 FTF], AP TTLAE 78 10 4N A1)
FERIBR AR A b, A5 SO ) A0 T 3648 AU (PLRKP) 8 4
FRE IR D 6 MRS ORISR E K R/, 5 S
AR L AR ST 3 MY, CRAREY,
TR R T A1) B B RO 0 25 AL AR 45 4 Y B B L 8 S L )
5 » %t T4 et TR R 0 S AT AR B e 0 P ), 7 B T AR
BT, B T R BRI A B BB R fORAE R, B8 SR B T
PR AR A 2 18 B B B BE B K M AR MBS, N T — e B
MRS TN, TR T A 8E,

F2 EHEN 0NN LME MR BRI A IREN I

HREE * o PLR-TP PAA PLR-FP PLR-KP
Burst 0. 89 0.38 0. 90 0. 45
Chaotic 1.63 1.76 1.63 0.85
Earthquake 2.10 3.48 2.22 2.66
Fluid_dynamics 2.30 2,77 2.38 L5l
Leleccum 0. 88 0.64 0. 98 0.71
Memory 0.50 0.56 0. 49 0.39
Ocean 0.38 0,31 0. 31 0.30
Powerplant 2.23 1.07 .11 1.05
Speech 1.52 2.48 3.22 1.20
Tide 2.29 3.22 2.48 3.41

R B S B 5 SRR B« 3 T 4 B Ui P I B A 8 LL B S 2
if )¢5, PLR-KP 7> B R B B ST 45 SR L R AF (LR 1D,
(LR TS5 0 16 P 95 3 3 R R U B i (B PE 5 (L P 2,
ROR— M. B 5 B 4 % R ZU Y e (6] P 5 B AR L U 4R
% FEREARRHEL TRR - E A B RE T,
A IR R ; TXT T SR 8/ M B TP 51 1 (L
BEAR B T EERRESWRE S, R AT — 23
B8 B R B AR AR AR R AR AR 3 » BRI AL R BT

12

1

(b)Memory & P 455 80%6)

A1



1S

=

8§ 8 R 8

| r L }r
CRRERBREBNNRRERERNRRRERRREBERERES

(a) EarthQuake [543

-

8 8 B 8

I | T+t
CSRREgECE AREEEEERNRRREERESRERAERS
(b) EarthQuake 16 F 3 (FE48 % 80%6)

&2

HBRE WEFIEAEENE SRS, EER
Fret ] PRSI BURIE 10 2 BT Bk — R B 18 BT ER X AR
FISEATBUAL B, N T FR R R A B R R RIS A R A
HERRTE . BIALE K EFT BARA DI MR YE TR RS .

FXETEEEBCH B TR B R i B,
R T —Fh 54 B 8] B B IR R AR AL BB R B8 AU BN O 8, O
TR RO E P HAT R MRS . BT REE A
BRHE #0358 0 B s RO PIL R o 7E 4R BB DR A [B) B B A RT3
TRAR T BLERE . 37 Bex T4 [E] A AR AL R B (8] P
FIHIERRBL . T — BT IEE X T 45 A 1] P {52 3 43
B BIRT (E] FRB F RA R E TR

8 £ XMW

[1] Pan Ding,Shen Jun-yi. Similarity Discovery Techniques in Tem-
poral Data Mining[J]. Journal of Software, 2007,18(2) :246-258
(in Chinese)
B2, LB, BT ASRIESEAAUEZEREAR] R4ER,
2007,18(2) :246-258

[2] Keogh E. Fast similarity search in the presence of longitudinal

0

scaling in time series databases[ C]// Proceedings of the Interna-
tional Conference on Tools with Artificial Intelligence, 1997.
Washington: IEEE Computer Society,1997.578-584

[3] Das G,Lin K I,Mannila H, et al. Rule Discovery from Time Se-
ries[ C]//KDD-98. New York;KDD,1998:16-22

[4] Debrégeas A, Hébrail G, Interactive Interpretation of Kohonen
Maps Applied to Curves[ C]// KDD-98, New York: KDD, 1998
179-183

[5] Hellerstein ] M, Koutsoupias E, Papadimitriou C H. On the a-
nalysis of indexing schemes[ C] // Proceedings of the ACM SI-
GACT-SIGMOD-SIGART Symposium on Principles of Data-
base Systems-PODS, 1997. Tucson: ACM, 1997 ;249-256

[6] Agrawal R,Faloutsos C,Swami A. Efficient similarity search in
sequence databases{ C]J // Proceedings of the 4th International
Conference on Foundations of Data Organization and Algo-
rithms, 1993, London: Springer Berlin Heidelberg, 1993:69-84

[7] Chan K P,Fu A W C. Efficient time series matching by wavelets
[C] // Proceedings International Conference on Data Enginee-
ring, 1999. Sydney:IEEE, 1999.126-133

[8] Keogh E,Chakrabarti K,Pazzani M, et al. Dimensionality reduc-
tion for fast similarity search in large time series databases[]].
Knowledge and information Systems,2001,3(3):263-286

[9] Yi B K, Faloutsos C. Fast time sequence indexing for arbitrary
Lp norms [ C] // Proceedings of the 26th VL.DB Conference,
2000. Cairo: VLDB, 2000. 385-394

[10] WuD,Singh A, Agrawal D, et al, Efficient retrieval for browsing
large image databases[ C] // International Conference on Infor-
mation and Knowledge Management, 1996. Rockville; ACM,
1996.:11-18

[11] Pratt K B, Fink E. Search for patterns in compressed time series
[J7. International Journal of Image and Graphics, 2002,2(1):
89-106

[12] Xiao H,Feng X F,Hu Y F. A new segmented time warping dis-
tance for data mining in time series database[ C] // Proceedings
of 2004 International Conference on Machine Learning and Cy-
bernetics, 2004, Shanghai: IEEE, 2004.1277-1281

[13] Liu Shi-yuan,Jiang Hao. A Review on Time Series Representa-
tion for Similarity-based Pattern Search[J]. Computer Engineer-
ing and Applications, 2004,40(27) :53-59(in Chinese)
Xt 5T, L3, T AR LS R A e) 3 s i el . it
BHL TR 5 ,2004,40(27) :53-59

[14] Zhan Yan-yan, Xu Rong-cong, Chen Xiao-yun. Time Series Pie-
cewise Linear Representation Based on Slope Extract Edge Point
[J]. Computer Science,2006,33(11):139-142(in Chinese)
P AR RIE, BRE . BT S SRR LA 4% R A9 B TR R 3 40 B
SRR IR THE LR, 2006,33(11):139-142

[15] Perng C S, Wang H, Zhang S R, et al. Landmarks: a new model
for similarity-based pattern querying in time series databases[C] /
Proceedings International Conference on Data Engineering,

2000. San Diego: IEEE, 2000:33-42

(EH#E222T7)

[9] Candés E J, Tao T. The power of convex relaxation; Near-opti-
mal matrix completion[]J]. IEEE Transaction on information,
2010,56(5) :2053-2080

[10] Candes E J,Recht B. Exact matrix completion via convex opti-
mization[ ] ]. Foundation of Computational Mathematics, 2008,
9.717-772

[11] Chen Cai-hua, He Bing-sheng. Matrix completion via alternating
direction method[J]. IMA Journal of Numerical Analysis, 2012,
32.227-245

[12] Konstan J A, Miller B N, Mahz D, et al. GroupLens; Applying

collaborative filtering to usenet news[ ] . Communications of the

ACM, 1997,40(3);77-87

[13] Toh K C,Yun S. An accelerated proximal gradient algorithm for
nuclear norm regularized least squares problem[J]. Pacific Jour-
nal of Optimization, 2010, 6:615-640

[14] Gang Wu, Swaminathan, Mitra, et al. Online video session pro-
gress prediction using Low-Rank matrix completion[ C] // IEEE
International Conference on Multimedia and Expo Workshops
(ICMEW), 2014:14-18

[15] Anupriya G, Angshul M, SVD free matrix completion with on-
line bias correction for Recommender Systems[ C] // International
Conference on Advances in Pattern Recognition(ICAPR). 2015,
4-7

o 237 .



