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Dynamic time warping based on
piecewise aggregate approximation and data derivatives

LI Hailin, LIANG Ye

( Department of Information Management, Huaqiao University, Quanzhou 362021, China)

Abstract ;: Dynamic time warping ( DTW) is often used to measure the similarity of time series data; however, it has
efficiency and quality limitations. In this study, a novel DTW method combining piecewise aggregate approximation
(PAA) and derivatives is proposed to measure the similarity of time series. The dimensionality of the time series
data was effectively reduced by PAA, and the feature sequence was transformed into new sequences by combining
the numerical derivatives after the dimensionality reduction. Furthermore, the DTW design corresponded to the sim-
ilarity measurement method of the feature sequence. The experimental results demonstrate that the proposed method
is superior because it has better measurement quality, obtains a better classification effect in time series data min-
ing, and has high efficiency in lower dimensional spaces.
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Fig.2 Dynamic time warping and the best path

DTW 1EAR 225U ) 7 FH A A 6 AR A BSOCR
SR fei Y S T 52 2% B2 B 11277 vk B0 ) AL
FURALAT 8 32738 % AT T etk o B
MEEELRCR . S350, B T DTW A I A7 7E i i - A8
A7 EARDC, B — 25 I 8] F7 51 #Y — AN BN
T3 — ZR P AN A TR 9 R B S A R AN
B IA) RS, 1 XHZ R8T, Keogh il Pazzani $&H TS
HEh A5 25 i (DDTW) A ROh ek T DTW X fif
[F4) B PR A 25 TSP 3 S P 2

DDTW 55 DTW 5k J7 ik ZE A 5k AL, DTW
B R (i) WHEEMER d,)) =

(s; = q;)*; DDTW B 254E P 5T 3R (14 BE 25 (8 R X 13

Bzl es B d(i,)) = (s, - qj')z,ﬂﬁ{ﬁgfﬁ

s's N

_ (s; =) + (500y = 8,24)/2
2

!
s’

(4)

2 BT HEHSHEE ok

A LT P Bl A I 5] 25 D7 32 % i 6] P 37 A
AP E Bt DUk )R AR A, I Lt 2 3 s ) i
JRE 5 ol A5 TR AT, AN T DR RS ) JBE 5 ) i (]
FVEHRAZ IR . Ak, 7 o P 5l 28 ik ) 25 i A A A
P2 Rl 388 5 ST 8] 51 R A T B R A AN
A AR S s 1] e 8 R HR o045 R A0 AR 2 o il
71 , T ELi BEIT AL 7 JEUL6 IRF 7] P 81 A R (A 2L
BRI Z A, FE o 2ead Rerhr | SRR 7] Fr 2] £5ca0s ik
A EA R B AR DL, 5 51 R0 Sy W — 38 i nl
REM T AL AT AR , AN J2 Joy BT 7™ 4 A4 (L L
B, B MBI B A 0 4 RN TR BT T
S B BAREE , W5 SR PSR ARIE S (M )

Fe Gt 5T 1 2 X i 18] P 51 A1 R die e 4 | SR
JE R g A S E TR IR R R i TR
PERELE 2ADFERT (8] 7 81 9 T8 2015 B, SE R RCR o it
AT AR PR B [R]R0R . 4TI R3] B
PRBHEAE A F 2 JE SR RRIRYE | iR P L K
P IBATRCRIN AL ZNE 255 0 B R A i R LU B e
SRR, B — iR T 0 BOR A RN R S R 3
AXE RIS s RO BE R A 5 AR S (piecewise
approximation derivative distance, PADD) , % J7 ik
ERLRG B 7 5 1 BARBUE S B &%
ik, DARATHE L7 1) R AOR 4R s AT R0R il b 5
WO BE R RZNE O F AR [k DS [8] 571 ) o A
Bl VTR RS A MU G O B Dy 58 3 M B B
0] P78 S 2B A A

BIEES S = (s1585,0005,) MQ = (q1,45,,
) IS BRI AU TT i X E T THEA T R b e A
IEHAT R RRAR (AR AE 2 B0 S = PAA(S,w0,) Al

Q =PAA(Q,w,) ,Hrw, Flw, HFEAEJEYERE
SBAECE . AN, T B R B[] A RO 3
FARRAIE , A FHECHE S 80k S e PAA X5 46 B (1] )37 471
R4 I B e B A T AR T SRR 8 . I (4)

Xt S I Q HEATHCHE SR LA W JE i i i) 31
B AT AR B S 1 Q' L ), R Bh ST ]
BT BIRE (S, Q)R( S, Q) HATH B B
B T A BT AT Y 40 S 3 7 i 1 8 g



©252 . B R & ¥ W EAE
PR, B BN AS 5 3) S B0 45 100 5 91 19 S50 %, LA
Dy (S,0Q) = aDTW(S,Q) +BDTW(S',Q") 00 G5 0 5 R 9 (0 T A5 A 0L, B, )
(5y  THSR(6) I IEIERFAE e 5N S HCRFE SR IR
S, o B W 5 e P 70 R 35 S, LLf 35 8 i R
o = cos26 _ B T M 8 Ao A 5 910 =2 4 P 01 28 50 I W

gosmg’ 0107 (6) AR T2 M BRGSO R

KAEFFE], WK 3 PR, 280« B T LGE =M 2
HORAFAFE], iE BUER B 7EL 0, 1], HaX(6) #
TRT P Z A0 1, AR 7 ) 1) 2l 285 1] 251 iy
PHERLNEAL G KRR, NITHEE I, 8 o B Wl
ZH 0 KE
1

sin 6

0 cos O 1
B3 B# o piENRE
Fig.3 The principle of selecting parameters « and 8
g LOREAR ARSGR A 7r BOR & S AUE R
(PADD) RIEL BT .
g WEFEH) S = (s,,s,,0,8,) A Q =(q,,
Gy qy) B w, Flw, LARBHL6
W EEEE D, (S,0) .
1) 73 %t (] e 51 A 5 24 00 B, 44> 1 81
KRRk, =n/w, F k, =m/w, .
2) M4 PAA SRR X A T A AT S H R

ﬁ,ﬁﬁ%PAA?ﬁugZ <‘;l";2’.."‘;ur_v) *”6= ((}M
Qoo sq,,) s E B E B0 TE K 4 30 s, =

k ik
1 i

— 1 q
7 2 3/*”‘],::7 2 q; o

kszkx(i—l)ﬂ k,/j:ks(i—l)ﬂ

3R (4) 43 B PAA J¥ 9 47 509 5 5k
KA, A3 B F FERRIETF A S" = (57,55,
$'u2) MO = (g 119", ) o

4) FIFH DTW 43 515 iR P AR AR 7 51 R4 7 B
R, FL AL AL, B Dyw(S,0Q)
aDTW(S,Q) +BDTW(S’,Q’) .

FEEIRFEL 1) SEEL T I R 5 0 4 B i
FHAER 53 10 5125 SR K] 4 I A RAT AR R 1) 5 ) 571
B 2) RO R A B i B AR AE R i H
KA g 45 G IATT X 4 i ) 5k i3
PAA J735AT DLAR BE 08 0 B 15 8ok I it 7 1)

FIAN , WIETE Bl R A 25 5 40 A B
LRI R RCE ,, KEER n (YR F90 31755
BRG IR, KA E RN 0(n) IHHE %
BRI AW 0(n) o 5340, % PAA FR1EF
SIAIFEFFIHE T DTW I 525 5 i 0T 75 22 1 e (] &2
BN O(wao,) FO((w, =2) (w, =2)) &
PADD # A~ & ok o B2 A9 B fR] & 4% B T L ok
02w, +4n) o HF5BOCH w, B, i % /1
TR [E] PP S A BE BT w, < n Fllw, < n
PADD MBI B O (2ww, + 4n) EAR T 5155
DTW #1 DDTW (i [ &2 24 B 0(n®) o H50l i, 4k
BS54 4 2 45 38 R0 Bsf 8] F B8 &8R4 Ar R
PADD REf5 3 4y b B & B[] 3 1) 0 AFLARL 1, e e 4
PIERZ [ A G 2R, HE 1 4 5 s ) )3 51 £ 40 42
PEFETE W s R I RETE IR E AR 25 6] F A5
T A TR

3 RMEXE

R T SR b PR A AR 55 PADD 5 ik B MERE, S
50388 35 % B[] 7 90 B0 4R AT Ay R0, SR 4
DTW Al DDTW J5 0047 U8 , Woiilsgh 5 2 26 AN [ ek
(i) 5 31 50 A1 v B R IO o R (R0
3.1 HELI

SEYG— LT BB, 1) VIR Ry i« B
—3£7 (leave-one-out ) 3K Hi 538 M S5 0 ¥4 i 1 BE
B952) MR 75 3 40 8RR . R T ) 51 R
{ELYE R 22 R AR 3 B A B 465 SR T g 2t BRAR K
W22, PR AT 0B X6 i A5 1) e 3 B kA7 5 — 1k
VLS S

iU ZRBR N 2R AL i F vy | 25 7 I (8] )3 91 3
BOBOH w L RFEEH [0,m/2] HAEK N 0.01 76,
FIF 43 BOR A AL B — B R 5 43 i A5 28T B RFAE
JP5 . NZRB BEEs A A8 1L WA AE w 15 0L T 55
A0 G B ORI 0 VE % w
ORI S E, — BRI ST RO E 14 el
ANR(S) A 2) FIHEAL AR (1-NN) 4325 Al
LAY/ i =

Kl 4 250 T B8R4 ECG TEAR w BUE T 1
2500 . MR (5) 5K(6) 5%, 0 BUEM K,



52 4

ZRIEAR A5 0 BRI AR AR S K 3 2 i 1) 25 O ik - 253 -

IR [ P 9 REABA P B2 i T A DR BT o P R e 22
WU A5 DL BC A FEF ) o 18] 4 it T (] 4
AR GAE ISR 00T S AT o] TR AR DL RC T AN 2 B
EE BRI,
1.6
1.2

0.8

0.4

) 4 6 8 10
4 FEw FTHRMASHE 0

Fig.4 The best parameter ¢ for different w

AR LKAl ] Keogh ZLEZ 4R (LA B 42127,
FEBEALAMERL 20 B S HEAT o S, ik 1
NS T A BRI ARG B R4
AR FEMAE RSB DA B ] 571
KB, #2457 DTW . DDTW PADD AJ-FH445 1%
RIFHLH T PADD /MR, Hh 55 %
JNBEREHUAS PADD (/N BB R w , B ANY
CBF Bl 9l B 45 ) 7 45 ) 51 BE 1Y) 70% B, AT LHR
1R i/ MR 0,
1 HEFIHEEER

Table 1 Information of time series dataset
Datasets NO.C S.tr S.Tst length
Beef 5 30 30 470
CBF 4 30 900 128
Coffee 2 28 28 286
D.S.Z. 4 16 306 345
ECG200 2 100 100 96
E.F.D. 2 23 861 136
Face Four 4 24 88 350
Fish 7 175 175 463
Gun Point 2 50 150 150
I.P.D. 2 67 1029 24
Lighting7 7 70 73 319
M. L. 10 381 760 99
M.S. 2 20 1252 84
Olive Oil 4 30 30 570
OSU Leaf 6 200 242 427
S.A.R.S. 2 20 601 70
S.A.R.S 1T 2 27 953 65
Symbols 6 25 995 398
S.C. 6 300 300 60
Trace 4 23 1139 82

1. 763k NO.C . S.Tr S.Tst, Length 43 #3278 28 5148 I 2 A%
M PR, B4 D.S.Z. E.F.D. LP.D. M.I. M.S.

S.A.R.S. S.A.R.S II..S.C. %3 5|7~ Diatom Size Reduction ECG Five
Days Italy Power Demand ,Medical Images ,Mote Strain,Sony AIBO Ro-
bot Surface ,Sony AIBO Robot Surface II,Synthetic Control.
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Table 2 Classification error ratesof the experiments %
Datasets ~ DTW  DDTW  PADD(avg) PADD(min)
Beef 50.00 30.00 32.33 23.33(2)
CBF 0.33 27.11 1.14 0.00(7)

Coffee 17.86 14.29 2.86 0.00(3,5,10)
D.S.Z. 3.27 6.21 5.49 3.27(5,10)
ECG200 23.00 19.00 12.90 9.00(2)
E.F.D. 23.23 35.08 26.82 17.65(1)
Face Four  17.05 29.55 20.91 15.91(5,6,7)
fish 16.57 10.29 12.41 10.86(6)
Gun-Point 9.33 1.33 5.40 2.67(5,7)
I.P.D. 4.96 8.75 6.81 4.28(6,8)
Lighting7 ~ 27.40  41.09 28.63 23.29(1)
M.I. 26.32 32.24 29.89 26.45(5)
M.S. 16.53 28.04 16.53 12.70(8)
Olive Oil 13.33 16.67 14.00 13.33(2~9)
OSU Leaf  40.91 7.02 27.89 19.42(2,5)
S.A.R.S. 27.45 25.46 28.40 20.13(9)
S.A.RSII  16.98 16.37 21.49 16.26(9)
Symbols 5.03 2.51 4.31 3.62(2,3)
S.C. 0.67 56.33 6.33 0.67(10)
Trace 0.00 1.00 2.90 0.00(5,10)
MEAN 17.01 20.42 15.37 11.14
SD 13.42 14.74 10.78 8.89

M SZH 25 ok, PADD B KBRS
DTW F1 DDTW A HA &R B H, I H e/ Ny
BRI M Kb 22 _EOR B WS T RS AL
S UETISGAE T PADD A6 s ] 5 370 505 42 3 v i 5
FERAA R, SEIR S R TR 8 S B R A
Je WRRIEF S B R 2800 SR 6 7 5 BE 1 50% ~
100% , Bl w KZBEUE N 5~ 10 B, PADD ¥ 255
FLAC AP AR 3t U B A EA T P 9 e e sl v
5 15 ) J3 91 14 B A A5 5 DA S LA A0 4 U S B A
TR S U B AT RCR

R T BRI R MR R RAEA R ST 1
&0, 45 H T Sony AIBO Robot Surface Fll ECG iX
BRI 2SO, I 5 Bros . KL S Al L
B, R TOR B SR SRS . xR e A
==lil Sony AIBO Robot Surface Ui, TEASTR] w IE M
TFIAEFTA 1 PADD i R AR fe /N, (H 7 i



254 - OB R & ¥ Mt %114
INEERR | HIBERS L T DTW 1 DDTW (08 15 % 0.5
KT, TEAT SRR SR 00 BCG, RS o BT, 97073 D04
P SVES SIS NCETL e 203w
=
0.35, = PADD—=DTW (55 20.2 + W
A —DDTW. [ —— pADD——DTW 2011 4
£0.30 22 SR Vi &
*ﬁ K —— DDTW 0 0102030405 0 0102030405
i \/ " 5z0.15 DTWAE 2 %/% DDTWHSIRH/%
0.25 ¥ " (a)PADDTHIFERF vs  (b)PADDY-HI54HR K vs
& K0.10 DTW i ix % DDTW i ix %
0.5¢ + 0.5
0.2 0.05 y
2 4 6 8 10 2 4 6 8 10 ¥ 0.4 + 3 0.4
w w K oK
(a)Sony AIBO RobotSurface (b)ECG #0.3 44, 203
~ + + =
B5 SEBRENMEAREISEREKENER I 0.2 A ig -2
Fig.5 The relationship of classification and the length 9: 0.1} + + E: 0.1
(=M
of time series piecewise aggregation ol = /
“ . - o e 0 0.102030405 0 0.10.20.30.40.5
MRS ok B, AS Ta) 2508 4 2 80 S ok 19 M RE DTW4ER /% DDTWHER %/%
e, BTN B AT R Y ﬁﬁ%ﬁ%ﬁ (c)PADDIMER A vs  (d)PADDEUMHIR vs
DTW £ % % DDTW 4 i

{8, XA BRI AR D7 vk, N, o B 4 b (9 7
SIS 2 IRIFEOR , SR e 1 i —
AR, JnTEl 6 Fz

4
m 2
&
0
&
@72
4 : . . . . . ,
0 10 20 30 40 50 60 70
I 7] 8K/ s
(a) Sony AIBO Robot Surface
4
= 2ff)
&
S 0
&«
ﬁ72
) 20 40 60 80 100
I T 8/ s
(b) ECG

B o6 LIGHIBRERFFIRG
Fig.6 The example of datasets

K6 43 5 25 i 2 25 48 Sony AIBO Robot
Surface Fll ECG Y 3 Z& i [a] 7 41], W] L) WL %% 3] 5~ 5]
(a) MITHAERIRY Zh LTI (b) 2, Hik,
S TP AN BRI R | 48 )5 22 0 AR (P B 4 3 i
T E R, TS A R S A A T T
— B BYFNR | BRI A 0 G s R - G B R A
8IS BRI IRUR

7 fiiR B & PADD B350 A5 R R DL S
INVY AR A S DTW DDTW [ 8S5% 50 H#e, by
TET B LG BUE Y 285 I3 — 4k J5 BUE S B
[0,0.57 , B ] J7 278 % B 7 VA IR IR R

B7 SEEREMLLE

Fig.7 Comparison of classification error rates

Bl 7 HFE (a)  (b) 7355 PADD 197354
REE DTW DDTW IR FHE, TR (¢) . (d)
SriliiiR PADD /MR 5 DTW DDTW iR
Fei, 25 R R AN MOT- R R 8 2 fe /N
FER R A R FL A, PADD S 5% 5 T X6 I 114 A8 B 9\
SAEART /)N, A H AR 1) F DTW A1 DDTW JUrf{. 3%
YR A K, R 22 B R s ] T+ DTW 11 DDTW
Tt PADD HA /I 4 38R AT B0 IE T
AR A ) ) 50 B vp A R R R
3.2 EEESH

ARSI Ad FH “ B — 7 (leave-one-out ) 3K it 5
B, S0 J5 S B A R e BE g A, R IR A
K RE AR T3 AT B T AR A IR fa) ok, HL R BOR 9
K. i 8 fioR, ik T %85 4 Sony AIBO Robot
Surface fll ECG ZEAN[H] w 2514 F PADD i a5 R 5
DTW .DDTW f9 R R 0CR Fuds

H T DDTW 5 2R 12X (4) 5%t B[R] 75 511 4%
AR S, Rt DDTW B ] 342 08 25 T DTW B
R, Jioh, WA RHAE P FIHK R w B34, PADD
THFEI R P 2 B, Y B H w 3K 3] —
FERRBERT , PADD (TSRS RIVHFE 2R T4 48 DTW
I DDTW Jrik, #LIE 145 & i el &2 2% B /Y 2 #r vl
1, PADD (i [a) S 2 B O(2w® + 4n) ,DTW
M DDTW MBI E 2480 0(n?) , S HALY w <

J@“é>-4wmeWNMﬁ$gﬁ%mw



52 4

ZRIEAR A5 0 BRI AR AR S K 3 2 i 1) 25 O ik - 255 -

- DDTW, A b, 7 4 B b # # d 4

T R ok

e FTRVEBE, n WAE A, L LB 2928 70% , N
i 8 b A 2], DTW . DDTW . PADD = & 7£ 4>
B 2978 70% ()b )5 AH5E . 5381, 75 PADD 3 7
TS MBI — SR B TR WO R T — R R
Z I 4E BN PADD R 23 T #E BT 2 (4 1 B A]
SR, A&l 8 BT, 7 KR4l K 4k J5 m AR 4 2 ] o
PADD A DLEUAS B4 1 B ) 350% , B — 2 I
PEREILH

0.08¢
0.04¢ rw b

£0.03} PDAJDTI\)V =0.06 1 PADD

% //%

B Fo.04}

0021 Ef0~04

= =

=0.01 / =0.02 /

2 4 v9 8 10 2 4 6 8 10
w
(a)Sony AIBO Robot Surface (b)ECG
8 3 M IEARERLE
Fig.8 Time efficiency of the three methods

4 HHRE

b 2l 45 45 il 5 3 %k B ) 3 500 A ARl
JEE R Tt MR Y R R, LA B M ] A A5 R 14 £
JE I8 AR SO — il 3 T o0 BUR & i AN BUE
SR AR Oy 2 A5 A BER A IR
15 UL L RELR 5 6 18] PP 810 0B A7 e e, 45 B4 &
TR A RRIEF 51, F i T AY BE 2 20 R A4 4 AiE
FP AT AR B i, HUE SRR A5 R R, 5 A%
Ge R sl A I 18] 25 i 2 A D7 A A L, AR 2 JERUCR A
WAPERE B BA — RIS il Sk B, Bt
XM B G R AT 12 00, R 23 U S 4
ROR S R, 7R e A e ORI e 25 18] R B
JTEAEPRUE P S IR Y AT AR T, RERE ARG By i i
IR, o, ZROR PR — N B REER LR, A
RIS RO LA R B — E S, R R 2R 2
WOk Pt — S RIS

SE

(15, VFSERE, THNW. 2Tl a] e 41 iy 545 ] [ #O5R
AT T]. LA, 2014, 37(11) : 2268-
2275.

HAN Min, XU Meiling, WANG Xinying. A multivariate
time series prediction model based on subspace echo state

network[ J]. Chinese journal of computers, 2014, 37(11) .

2268-2275.

[2]MARSZA EK A, BURCZY SKI T. Modeling and forecasting
financial time series with ordered fuzzy candlesticks[ J]. In-
formation sciences, 2014, 273, 144-155.

[3]ZAMORA M, LAMBERT A, MONTERO G. Effect of some
meteorological phenomena on the wind potential of Baja Cal-
ifornia[ J]. Energy procedia, 2014, 57 1327-1336.

[4]GRAVIO G D, MANCINI M, PATRIARCA R, et al. Over-
all safety performance of air traffic management system:
forecasting and monitoring [ J]. Safety science, 2015, 72.
351-362.

(512K, S840 JTReEE. i TRRAEHE MR 1) 22 JTIN (8] 73 41 B

ANEEEEETTIE )] BB RS, 2015, 10(3) ; 442-
447.
LI Hailin, GUO Ren, WAN Xiaoji. A minimum distance
measurement method for multivariate time series based on
the feature matrix[ J]. CAAI transactions on intelligent sys-
tems, 2015, 10(3) . 442-447.

[ 6]SAKOE H, CHIBA S. Dynamic programming algorithm opti-
mization for spoken word recognition[ J]. IEEE transactions
on acoustics, speech, and signal processing, 1978, 26
(1) 43-49.

[7]1ZAKIAN H, PEDRYCZ W, JAMAL I. Fuzzy clustering of
time series data using dynamic time warping distance [ J].
Engineering applications of artificial intelligence, 2015, 39.
235-244.

[ 8]ZHANG Zheng, TANG Ping, DUAN Rubing. Dynamic time
warping under pointwise shape context[ J|. Information sci-
ences, 2015, 315, 88-101.

[OTZEIENK, TG, 2 5gik. 25T DTW F 22 TTif [ 7 51 6

APERCT L [ 1] B 5 AT A6, 2011, 24(3) .
425-430.
LI Zhengxin, ZHANG Fengming, LI Kewu. DTW based pat-
tern matching method for multivariate time series[ J]. Pat-
tern recognition and artificial intelligence, 2011, 24 (3) .
425-430.

[ 10]LI Hailin. Asynchronism-based principal component analy-
sis for time series data mining[ J]. Expert systems with ap-
plications, 2014, 41(6) . 2842-2850.

[11]KEOGH E, PAZZANI M J. Derivative dynamic time war-
ping[ C]//Proceedings of the 1st SIAM International Con-
ference on Data Mining. Chicago, IL, USA, 2001. 1-11.

[12]JEONG Y S, JAYARAMAN R. Support vector-based algo-
rithms with weighted dynamic time warping kernel function
for time series classification [ J ]. Knowledge-based sys-
tems, 2015, 75. 184-191.

[ 13]GORECKI T, LUCZAK M. Using derivatives in time series
classification[ J ]. Data mining and knowledge discovery,
2013, 26(2) . 310-331.

(14 ]2k, A . I )7 51 5040 3 4 RRR AE 28 7R 7 1%



. 256 - /O A

ST

LR

[J]. 5Pk, 2013, 28(11) ; 1718-1722.

LI Hailin, YANG Libin. Method of dimensionality reduc-
tion and feature representation for time series| J|. Control
and decision, 2013, 28(11): 1718-1722.

[ 157 BANKO Z, ABONYI J. Mixed dissimilarity measure for
piecewise linear approximation based time series applica-
tions [ J |]. Expert systems with applications, 2015, 42
(21) . 7664-7675.

[16]AGRAWAL R, FALOUTSOS C, SWAMI A. Efficient sim-
ilarity search in sequence databases [ C]//Proceedings of
the 4th International Conference on Foundations of Data
Organization and Algorithms. Berlin Heidelberg: Springer,
1993, 730, 69-84.

[ 17]WANG Hongfa. Clustering of hydrological time series based
on discrete wavelet transform[ J]. Physics procedia, 2012,
25. 1966-1972.

[ 18] WENG Xiaoqging, SHEN Junyi. Classification of multivari-
ate lime series using two-dimensional singular value decom-
position[ J |. Knowledge-based systems, 2008, 21 (7):
535-539.

[19]LIN J, KEOGH E, WEI Li, et al. Experiencing SAX: a
novel symbolic representation of time series[ J]. Data min-
ing and knowledge discovery, 2008, 15(2); 107-144.
[20]KEOGH E, XI X, WEI L, et al. The UCR time series
classification/ clustering homepage [ EB/OL ]. 2007. ht-
tp://www.cs.ucr.edu/ ~ eamonn/time_series_data/.
EE® T
AMEAR, T, 1982 SRR RIHBE, 1
&, FEWFFET 0 B E R S RS
R, ERFE R A AR AL A ARk
B, RFREARWIC 30 R, ek
SCI#: % 11 j ,EI K25 10 R o

B, 4 1992 4F A m A AT A,
FEAGE 7 17 R B A2 48 5 4 alogcE
5T

2016 AR5 11 i TEEE [E B W A vH SO RIS B i 2
2016 IEEE 11th International Symposium on
Applied Computational Intelligence and Informatics ( SACI)

Authors are welcome to submit original and unpublished papers and attend the IEEE 11th International Symposium on

Applied Computational Intelligence and Informatics (SACI 2016) to be held on May 12—14, 2016 in Timisoara, Romania.

TOPICS include but not limited to
Computational Intelligence
Intelligent Mechatronics

Systems Engineering

Intelligent Manufacturing Systems
Intelligent Control

Intelligent Robotics

Informatics

Website; http ://conf.uni-obuda.hu/saci2016/



