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Abstract In order to discover the characteristics of data and explain the prediction process of
classification model, the study of interpretable model has become increasingly prevalent in recent
years. In reality, we can get massive time series data in many fields, such as weather forecast,
medical monitoring, and anomaly detection. Time series classification is an important research
field of time series data mining. Time series is different from the traditional attribute vector data,
and it has no explicit attributes. Even with the sophisticated feature selection techniques, the
dimensionality of potential feature space is still beyond the acceptable range. This poses a challenge
to learn an accurate classification model with strong interpretability. Since shapelet is a new primitive
that can be used to construct interpretable model, time series classification based on shapelet has
recently attracted considerable interest. Shapelet-based classification algorithm is a typical shape-
based algorithm. Shapelet can help us give a high sight on the local discriminative features of time
series. According to the usage of shapelet, the shapelet-based models can be divided into two
categories. One type method establishes a much smaller yet more discriminative feature set
through the top-% shapelets to transform the origin dataset. Furthermore, traditional classification
algorithms can be applied on the converted low-dimensional dataset. The other employs selected
shapelets to build the classification model directly. However, these global shapelet-based models
have some obvious shortcomings. First, the global model always needs to create a candidate

shapelet set which contains a large number of redundant elements in the process of extracting the
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best shapelet. Due to the impact of redundant instances and intra-class variation, the extracted
shapelets are merely good for the training instances in the average sense. The established shapelet-
based model may not be suitable and efficient for the test cases. Second, the shapelets obtained may
be from different instances or approximate solutions, which cannot indicate the local characteristics
of the test case exactly. Third, since the class value of the local features from the test case is
unknown, the characteristics of test cases are always ignored. In order to solve the above problems,
a data driven local model based on shapelets for each test case is proposed. In our model, instead
of global similarity, local similarity is considered as the basis for classification. The local features
of the test case are evaluated directly to find the most discriminative shapelet. And then the
shapelet is used to reduce the searching space of class attribute value progressively. Since the
shapelets are from the test example, they directly reflect the salient local features of the test case
and can answer the question why the model assigns a certain class value to the instance. Meanwhile,
in the shapelet evaluation progress, instances are selected to reduce the impact of redundant
instances and intra-class variation. The lazy classification model presented in this paper is compared
with two shapelet decision tree models, 1NN models based on different distance functions, and
C4. 5 models based on different top-£ shapelets transformation algorithms. Experimental results
show that the proposed model has higher accuracy and stronger interpretability.

Keywords time series; lazy learning; classification; shapelets; interpretability

2019 4

1 5]

T

AT LEAR I ] 7 51 23 2 [R) 52 BAR R OR 3E. 1 [h]
V¥ VR ARz R AT R AR A I
WP R S P A BT 4 S R A A
22 [ AL UIek ™ A A A I 1) 7 90 Kt — ML I [R] 57
e — A 7 SR R O R 1 RO — R AR
X B — 1 R AE A A B 04 I ()7 R UL AR A5 Y.
IS [ 7 310 R a1 AR A5 07 SR E T Ik 1] e 810 [ 4%
GE 10 Je 1 1o B Kl . i 18] R ) B B 14 e P L R
e T U JaR P T RO L VR A A Y 4 AR AR
19+ 30K 45 I ] 510 43288 i LR o T Bk R

BIRAIF] 2 AR T AR Z )y 8 o 2Kk
ARSI R UE G0 INN 43 2K 3R 7EVF £ )
RS LA A B A PERE R B (LR INN 4y
SR AT AE W A9 Bk e A AT G R R A B
ety o RIS S 10 70 S 4 T BE AN A2 L ININ A2 7
FHARESE Hh [F) 28 52 491] 22 8] A IR L6 K DL 2 A L AN ) 26
S 2 A AR 2 S SEBR AR L BR T R R UMERR LA
[Fi) 246 S 5] B B AT 14 Jep 08 4 I 0 2 AT 5% 3 A R
X SERRAE AT B T FRATER A AR BOHE A B R 43 2
TR ) ] fige AL

HTF shapelets (Y ] J5 5] 73 298 J7 95 J2 — i gt

R TR R 09 73 8580 3 86 48 2 B K OC
P Shapelets J& 1 Ye 1 Keogh #2& H 9 — Ff 1
MR B I A] P 20 v R R o 2K 8 1 IH R Y AR
BF A ST shapelets (] P 41 53 250K
T LA 2. — 28 5 B AL TR I 1Y shapelets
X BOHE B HEAT e 4 L SR JE R B 4 IS I BHE AE E r
PIE N R R > & S B N (N W= I D2 A B S
BT X 5% 40 I 1) R 4R R AT AL B Lines 28 A B 7
FIH top-k shapelets XJ i 8] 7 51 %5 41 46 i 47 5% 46
FAEHE B shapelets 3 2 J i [l F-statistic {QE
S35 JE i shapelets 9 %8 3] PRV Hills 45 A i
— X BRI 55 | F-statistic J5 22 43 7 Fll Mood H1 i
B =PRI B shapelets %0 PE DA O X AT T4
Br o If 38 % shapelets #47 R A IN5R 1T 5% 4 J5 £l
(AT fige R PR BT R B 4 Bk R SR I 1 top-k
shapelets 775 8 K AHRIPE IY ] &, S 1 $2 & F T I
1) ¢ 3] B8l % 45 B9 shapelets #9 B i, Yuan 58 Aff
shapelets 37 & R fl shapelets 7 35 J5 3% N FH 2] B
] 7 51 shapelets $ SRR BF X6 5 4 5o 72 22 1
shapelets Z [H] 32 48 5¢ & (9 [0] &, Yuan 58 A4 T
@ hE shapelets § 4 7 20 1 R A5 ) e o7 0 5
25 1 AT R A 2%

T3 — K05 B B AR R AR B Y shapelets @57
O AR RIS i, Ye 2 AR AR 4GS E



14 T WS . —FpILTF Shapelets {4t =S 8] 77 31 43 28 50 1 31

B RIS HT AR 1Y shapelet #E 7 Yo SR LRI,
B X BN shapelet ] fif BE 4 AN J2 19 (0] 8, Mueen 4§
NP2t T B 5 ] i B 1 2 8] shapelets /Y
WS B X HR U shapelet o 8 vp i 2 17
K5 3% shapelets £ & it 5 & K A 8] A4,
Rakthanmanon % A #2 th — 5 T 45 5 % 5 12
(Symbolic Aggregate approximation, SAX) B # 1k
Fn P Pe#E shapelets & M & 1197 ; Grabocka 48 A
PR T —Fp R A BB FE R B shapelets # R,
IR T 5 3 JA 4R L shapelets £ 37 F 0 A5 A1
RPN T LB T shapelets % BlLad & A4 i) 7] &2
AR HF B 1Y shapelets &R J2& i UL f# . A1 Brute-
Force Bk 2| shapelets A GEAS[A].

HAR R AR REAE AN R FR B AR T
shapelets {5 [a] 7 31 70 28 B 3 shapelets #) & 31
RN FEOR o H I 3K 28 5 12— FROHD o 70 B a4
A B A SRR 5k e 4 Ry R R A R AR B A

(1) 2R BRIE eI TR 28 5 X shapelets
HEAT PEAN R, 151 208 Ff 43 28 52 9] e 28 % 19 15
B R EEAS TR 28 S B B YRR AL 1Y BIF SR A AR
BN A B A

(2) 42 R B B4R 753 HY shapelets ok B AN [A) 26 52
1], I AN BE B3 R ff B AT o S8 2 ol T A
A WP Ay S AR AU 17 5 U e e — 2

(3) B T 52 BN A 5L 1] L 52 0 2 N 78 7 45 1Y)
M, 2 B A9 shapelets XF F s 48 G v i 52 6] KA
B S I IR AS R A M i R B 1 4 2 S
BT A 1 Jay S ARAE . B AT Y shapelets 5
XF T2 2R S 0T IE 2 B A

FEXTE SRR S B4R shapelets £
RULEAE Y ] L, A SORE Al =X 2% 2 SR F shapelets
FRAESR UM ZS & o 55 155 23 28 92 3] At ST — b T 1)
BRI SN shapelets 73 FEREAL, A [R] T 4 57 76 B A
4 B4R shapelets AL, 78 X ff 432 52 5] 43 26
AR FRATTAS A I 2 AR S AR B S
FRAE T 2 B U H AR 20 28 52 1] /Y BT A7 19 Jmy 78 4
fIE 48 2R — A~ R A 1 R AIE O B D B AIR L 2R M 3
J& B AN 5 1 DT 7 3 X T BR A A . B 1 v g
Tk UCR B[R] ) 138 2R © B = 43 2 B 4
ItalyPowerDemand H1 [ = 25 B+ [B] J37 51 St H: shapelets
s B A T 3RR 5 7 ALl Ty M Ty AN [
FSAG) T F Tyt [R 2L STRIRES AL 1Y
%5 i /> shapelet.

1 =4[] 7 41 Je B shapelets

MNIEL T AT B A AU [F) 288 52 49 (] A 22 5[] 36
SEAF (8] 1) Jr) FRERAE A B A [R]. A IR 1 T
A A TR S5 25 Ja e 1 S0 3k R 5 ) Jeg R AR AR
SR EHAR AT B2 AR Y. T 75 B — A FRAE T LA
e K@ v & BRFRAT AT LUK SE 461 T i) — A Jag
TREEAE S oK & AL 415 G 1 AN [R] 28 52 40 I fi
PRI ABER A b HR T A 5 3% Jmy AR AR AR B — 2 SE
FATHEZ BN T ry TR X o AT Y
BEA SR AN WA R 28 S0 10 JR) TR AR AIE 2 2D
I 28 8 M ) ASB a2 . T3 0 B AN Jy B R A A8
HR R WA E PR 0L AL T, IRl 2R 52 ) T
T2 Ja M H 2 — A R AR

A4 R B R L AR SCHR HE A0 R B AT BT 5 Y
O 1A R AT i R AR SO FE S ST R AR AS T R

(D) AR F 25 F 4 5 MU Y INN BERL, A5
BT JR)FRARAL R FEAT 43 2 T . A5 T8 B 1Y a2 A 3
TR TR X6 A~ 1 43 248 S 461 1 T 00 4% SRS — o iz S
161 B 3T 408 11 S 48] 1) 218 Jeg P A ] S 3 TE 2 AE — SRR
A EARTSCBORL ) PERE BFE UL T INN B Ay 2 8L
J5 A

(2) A SCf I 225 46 v 1) 3508 3 AS ) 28 52 451 % i
P& shapelets i) % 5 PR HEATPEAN L BN 2R B2 B A8
AT DA HE B (7] 288 22 5 488 K S5 491 % 6 53] 1 V-t 1 T
P o IO TT LA FE S5 Ul 20 55 TR (1 T B AR i T Y 43
FEUEH .

(3) % % Brute-Force B % # 37 & 1 shapelets

B B A R TUAR shapelets B[], F A7 42
th U SRR 2 2 S ) b 5 U B shapelets (15K
W . 3K ol SR % AT LA ORIIE S HUHR Y shapelets G898 HE i

@ Chen Y P, Keogh E, et al. The UCR time series classification
archive. http://www. cs. ucr. edu/~ eamonn/time_series_
data/, 2015, 10, 8



32 it

Bl

1R’ 2019 4

L
&

b S AR 43 2 S A 1 JR R R ALE

(A4 FRATTHe A SCHRE H 114 B P 2 288 5 780 00 744
shapelets Pe 3 155 Y | 36 T AN W) BE 29 oA 20 INN
BERY DL N e T ANl top-k shapelets %% 6 55 3% 1Y)
CA. 5 BERIHEAT T HL3E , AR SCIA B3 B AT A8 a0 1) o
N i R

AT 2 T B GRS A TR 5 3 Y
IR SRR Sk BT 5 5 4 47 AR SCRT
MRS HE AT T SC 80 3t O R S S k EAT T I
B TR TR 0T 55 5 AR I AR U

4518,

2 BXBWEEEARER

Ye il Keogh fg )44 shapelet 12 I # ik A
F AR N A R Lines 55 K T H 8
IR B 1Y) shapelets X 404 48 28 47 5% 4.
i T4 T shapelets B DL 57 B A 0T A B 19 5 A
AL, B8] 7 31 shapelet #E&— 24 238 7Tz
Kk, FE A AT shapelets (5[] 7751 53 28
H5E Y v (1Y) — S A
2.1 HiEFZ

(8] 3 50 B4 4 28 ) 800 A 556 1) 43 288 [ A A ]
A Ay B R ) — > R EIORE I ) e 1) S 48] e Bp ) — A~
KIEVEME. T AT E S A S b e R 452K
HH I 1) — L7 L.

EX 1. [EF4.

B[] B B m AN F B SEBR A 11 2, 5000
LB SAETF ) T = {t1 sty 5+ st} s, ER.

EX 2. WEFH 7.

W T=A{t1sts 5 o1, ) —FR5E R R F 51,
JPH) T ity | MEA )T E] S={t,0ti015s
LoV FRPERF T T 50 T @)+ 740, Hp 1< <
m—I[+1.

AR m WA 904G m — 1+ 1 DK
BER LT IR A, BE RPN T AR BE R L 7
SIEG N W RPN AR RS D A KER
LTI INES R W,=W, UW,, U---UW,,.

ENX 3. BF[A])FH] shapelet.

— %% shapelet EH —FJF 5] S fl— 1 B {H o
L ICAL (S, ).

BAEEE S D T A ik shapelets 145 nl LA
FRAW=W,., UW o i U UW 0 s Hotht min
e shapelets 7 9 e /MK BE s max IR

shapelets [ R FE, KJF N [ % shapelets £
G W5 O (m®) Mk shapelets, 84> 505 5 &
W & shapelets 265 W HH O (nm®) P %

shapeletst!,

BT shapelets 173 2S5 B 1Y A Joit 2 3 5 J) &6
FRAE 7 > R X 7 A [A) 2R Jm 1. FeAITHs shapelet X 7
AR 2K & VE 1 Pk BT AR/ shapelet (% 55 50 P, 4 4n
LS T f4 shapelet AT LIEE At xRz i 3 28
A AR5 % R AR AR B S R B

T shapelets #4326 5 A o #5522 AR 98
shapelets FJ % 5| ¥ 558 55 %F shapelets #F 17 % #. X
WU 2 shapelets [ %8 5 1 47 3F #r, % Y
shapelets PR 714 {5 2.3 35 R FIKG 56 L F-statistic
J5 22531 A S Mood Hrr 850, iy 3R AT A A R
TELERE AT SR — > 43 2R B X S ) 0 AT
LM LL_EPUFh shapelets (95 50 PR 7 28X A 5
B 4R AT AR RE AR — D R T LR
S T A LA i R T B A JR) A AR %o R A A A
[Fi) S5 481 141X 53 B

shapelet 7 IE 5 2k (Orderline) & 3125 & 14
#E L PR A R T A 4R

TEMX 4. shapelet PB4k,

shapelet 4 F B L &1L 5% T shapelet FIll 2
AR RS S 0 R R B — ZE R B P T R AR
IR 3B MR S H A J0 3 B — A 28 M

Kl 2 7R 7 —> shapelet B A7 P BB 26, &
TR YT I 5 5 Hh 54> SE RN 25 7€ shapelet [8] 1)
PR O ARl B R i/ B ORORE I 2 52 4010 1 26 s
e S 3] 25 5 B b XAE LR B 2 A R
Bk,

wlet
0

B
Kl 2 shapelet f5 7 IF B 4k
EX S5 (5B,
B4 D EfE B H (D) Ry
C
n n
H(D)=—> —log — 1
(D) EN 0g (1

i=1

Horp o N RR e 48 D iy 52 1A% C 2 Kt
5 D Y RIEPEAB n, F7s BHe 4R P 2R s Ak o 3



14 T WS . —FpILTF Shapelets {4t =S 8] 77 31 43 28 50 1 33

IO B S B, 1< < C.
X 6. IR EH 4.

4 E —A shapelet XN THAEE S D WA ¥
PREZ R A P IR B & By R AR B s AT AL
P2 D %53 A IS TG D =T, [d(T,,
shapelet) <<s} Fl Dy = { T, | d (T, shapelet) >s},
N shapelet 7£53 ¢ & s AL A5 B4 25 4

I(shapelet,s) =
‘ Dleft ‘ ‘ Dright ‘
H(D)— D H (D) — D H (D) (2)

Hi HID)FREA DG EN, |« | FREsT
118 S f81) 4K

T AT A anf 5L T shapelet BF R B £k
5 shapelet ({5 B3 45 45 & — 1 shapelet A 7
PR ESER FRATIR UL shapelet 4 3 /E 8§ 4k E AR &8 w5 4>
PR R0 SR S R ASORTHEAE B 4. Bon R
PRS2 J R[5 B 45 7E M 53 shapelet [
f5 Bz, |

IG(shapelet):argmaxl(shapelet,s) (3)

R AR EAF B shapelet 115 B 1 25 1A
T shapelet Xf B A D 28 & M A &8 A 2 M1
D RERE . ARE — A A B A 10 > S,
3L T X 10 L Bl Fe A shapelet (14 F B5 4
B A 7 B R LR o AN A5 R A F 2 R k. i
ANBAREE B H(D) = — (1/2X1og(1/2) +
1/2X1og(1/2))=0. 3010. RGN A s, 0 5E
BN — A 24 55 B 25, 5 — A SS E
B H25 I(shapelet,s;))=H(D)—1/10 X H(D,,) —
9/10 X H (Dy ) = 0. 3010 — 1/10 X 0 — 9/10 X
0.2983=0.0325. [ # 7] 3k 1% I (shapelet, 5,) =
0.0712,+++, I (shapelet, ss) = 0. 1836 %, fx J5 15 3|
= RIE B 25 8 I (shapelet, sg), TR ATH iZ
shapelet 15 B34 25 B Ry 0. 1836 , % 17 114 43 24 5 {8
A ss.

©00A00 AAAA

S

Kl 3  shapelet i B3 $5 114

2.2 HEMHES

JLF- 28l st [8] 7 571 53 A B AR A T 17 51 1) A
DL JBE S AL B8 O 0 R T — A B R R
W0 B LA 2% I TE] e 0 A O AL R (R R Y
A Sy 15 2% B [8] e 1) 0 AR DR 2. 3 76 T 5 1 A% I

(5] )35 5] ) B B8 2 T s e 2 6 PR 2% 5 () 9 a0 AT LY
A AL 3 X R ARCRT LT B BE S B A4 A [ BSR4
T T ) i A% X AR R P 3 Y 52 L TG A 4 AR S feE
R = B 7 355 AT LR B 8 (Euclidean
Distance, ED) g 6l 3547 U4 BH , K BN m B B[]
Fe 9 T S8 FIARTE 22 43 51

R
r1=— >t (4)

(5

trmrm = ( 6 )

o

B2k AT A B ) B AT 220t BT
R A st [6] 7 31

WREL (T, T;) Jy—Fl Bk [8] 77 51 BE 85 B o bR
BLAEWFFERNBEFY T T, . d(T;, T, Al
— A EERE d, XA E BT T f T, 18] A o) F2
. — PR BT S T 2% B R] P 500 ] Y B R N R R
TS A AL I8 e b A T DL R R A R S K
J7 37 ) B AR LR B T T 3R AT A 5 | X | R i [
FAl X .

R ERK I FF) T,S, Hid | S| <
| T|. W s FRuHAN F S T WK N | S| T 551

B T 2% A S5 K i 0] 5 41 i) 7 AR RUFR B35
d(T,S) =min(d(S,,S)),S, €W g (7)

Ding 55 A\ [ BF 5% 3¢ B IF 1% A7 — F 6 8 2 o 7
2L oA Jir A B o s Ar L ED At L, 7B 5K
() PE 2 B e R AR ) Uz T TR E 4 [R] Y B E R
U BRI K S I R R IR AR AR LR R L
PRI 2, AN BT & Y ED A B 4% A
(8] )3 510 A U P 9 2k 2 v S Bkt G R 4% B 1) 7 8] 1) F
- ) S 3R A e S A 15 22 T 2 A e ()
e m] DA RS R GX — ]

BN A B} [A] #1 #% J7 5 (Dynamic Time Warping.,
DTW) J& &b 38 B[] b Jsy 38 41 ity [a) &2 ob 5 A9 5
TR SR B Ry 1 R 1% 2 45 R 4 I ) b ok X
— SIS I) 3 8 v 0 45 A R B I e T R — R
1. — F I AR S — ALE S R B AL A, B R 1
S T 4[] 7 31 22 [ ) — Fp e 4 56 &R sh S H
YRR TR — A5 B A I AL B AR IR B A
() I B A SRy A 25 B[] 7 1) 8] A R 2. DTW (1 B 8] &2
BB OGn™ P — i, i 51 AR BB & ikl




34 02 M S VI A - ! 2019 4
PO DTW g iF 8 #6140, Keogh 48 AR I &%k 1. BuildingDiffClassValuesDataset (T,
T FFH AT R E , Rakthanmanon % A D.k).

B A 2% 5 18] 7 871 A4S e (2% i) [) ) R B £
R R AR ) 2 ED fl DTW Skt
G IRF ] e 47) ] F9 A R

3 #F5r 20 shapelets 2 EUT R

XA 3 A A SCHE 1 i X shapelet 4328
HEE TR 0 AR AU v T 3 1Y) — 26 R SO kL I R R
1 shapelet 4 2% 0 [0] /3 5] 9 BE B9 2 5 4% & I
shapelet 3o 78 H 5 #& B 09 38 4. 4 1 92> -4k B A
shapelet 3 B2 H (19 115 52, AT A J7 101 2E 47 24
HE o, HE ST R 43 28 S B A 3 shapelets 48 G s
FE Sl P AR 20 I 5 52 ) % Ak 1% shapelets #E4T
PEAY. TR T ST 48 AR SO Y A ST T AR A A R
% shapelets 54 1) J7 5.
3.1 552K shapelets &3 EF M LBHIEE

X RS K ) B4l 4 o o AN SR AT S5 5] i L A AR
()35 47 B [A)3E LA A2 . T 2 T 4% 48 Y O SR 48 R A1k
JAE T A S B B G A A 0 2R B AR I D A6 T R
18 3 4B S 5 46 A b 1 S 01 ) T [R] — 2R 1% 20
R IR A Ay BT 4 AR L R )R > 0 4R 5 A A
B 1 ek, BALGR AL INN 28 B A, AN RE A 3K
PRI IR AE. I Ah . T T PF A shapelets %850
5 55 T B B 5 19 2R R M 20 A 2 BB e AR AR 1Y
shapelets i 5T 5. M5 2 19 A1 BE 20 A o T 3%
B 1 S AR A RA — 2852 U B A shapelets 1Y
SRR Ry 0, BRARAE B0 T T IR 09 S B S B
A 28 R R G I S ] AR P 28 R B S B
PEfe K. SEBR B T X shapelets %51 % # 17 3F i
MRS R B — @ W e 1k 58 wT RLR R XF
shapelets (1) % 5| PE 47 PEA

BEXF LA b o) B, FRATT R R 1 43 28 S T A
AR 2 T Pk S0 B 0 AR S AR A X RE AR E T
FRATTAT LAXT 15 43 288 S 491 %) Jay B RR AT 11 25 031 1 6 47 DF
M. R T A SRR A AR SCIY O AR IR B A
FF o3 S BIAE W b 755 A500T L 0 B 4 B oA B R iy
T B2 8 1 H 8 B R R B AN B E P A
I o S A B 3 W] AT AR (] 288 2 S A ORI 2 S A o)
17 43 28 S50 oy ¥ A 0 5 31 1 T A 1 5

T 2 AR SO B ST S 28 S A R AR AL S
B8 6 B SRk

BN RO REH T, & n MINGEHES D=
(Ty 3Ty T ) S R JEFN 57 S LA AR &

it - R o RSB AR LS B4R S D (T

1. FOR i=1to n

2 d(T;,T)<compute the distance between T; and T

3. END FOR

4. sort the instances in the dataset D according to the

distance d(T,;,T) in ascending order
5. double ¢ < the class value of T’s nearest instance
6. Dgme (T) < select the top £ instances with the class
value ¢ {rom the set D

7. D (T) <= select the top k£ instances with the class
values different from the given value ¢ in
the set D

8. Dy (T) < Dy (T) U Dyir ()

9. RETURN D, (T

S 1 s 6 LGS 7 oI kiE kS 51y
& S A fi AT 4 I 2 S 1) 2 T P R T A0 A T £ S5 48]
SR G B IX WA 1465 5 I AU 43 28 S 401 1 3 48 52
WIS X IR A S B vh 13 23 2 S0 114 30T 4B 46 4
B2 Xk AL,

3.2 KEREFSELHBIRIRIE shapelets £ &

TE Ye 58 A4 (%) 8 57 shapelets P58 By 7%
HrE L A A 1 shapelets B 5 o B b 20 7 I
GRS A9 B G v A 2 I ] 8 o s s K BE Y LN Y
AT IRH] . X 2 80U A K5 1Y TUAR A ARL i
shapelets. 25 Ty 2> #E B BE B shapelets 13 2 /7 4931
R WO T AR SR U Y shapelets BEA8 B 4F 1)
S WA o RS2 BT BAT BRI FRATHR T — ol R ol
Y shapelets # R E L T B A shapelet,
TR R 23 28 52 1) )7 91 b - 4R B AL Y shapelet,
XFEPEHCH Y shapelets e A s B T 45 AR5 43 28
S A ) Jeg R RFAE

T4 AR SO S A o 2R S B i shapelets
EE M.

&% 2. GenerateAllCandidates(T ymin,max).

BN R 5E ) T, shapelets [ /MG min, shapelets

B R K max
itk WY B T Az BN BT A % 3% shapelets £ &
Candidates_Set

1. Candidates_Set<

2. FOR i=0 to | T|

3. FOR j=min to max

4. S<Candidate(T,i,j) N T FRGENE ]y KIF

TR



14 T WS . —FpILTF Shapelets {4t =S 8] 77 31 43 28 50 1 35

5. Candidates_Set.add(S)

6. END FOR

7. END FOR

8. RETURN Candidates_Set

Ye 4 N7 shapelets PSR o 72 o 454> 45 4%
XF I (4 45 & shapelet £ & 1 H O Gam®) > i i
shapelets, Hor n 7R B [6] F7 51 19 4~ 85 m - e 1] (]
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OGm® ) Mgk shapelets A SORF B A Y i 75 ZETFAE
ik shapelets 224 B MBLRE T — 20

FEATHIAE 1S 25 X5 2k shapelet (1% 58 51 ¥ 47
VA 5 W S BAR L shapelet FISEHI 5 G 4
AL BE B X — i R OGO AR E K75
(i) 7 B B8 5 LU T — ki shapelet Fil— & 58 %
B[] 41 22 1) %) B 1 B JR) 52 2% BE O O Gm®) 5 B
Jei s FATT AT LAAR A T 58 45 30 09 3 41 R B R0 X Nz 1 28
J& PR IR 5 > e ik shapelet i d5 R £ B 1S 45 L 31X
AT 5 & W] 208 AN T £5 1 TR L shapelets # 5
i ] Brute-Force B F 4k £ 1Y shapelet 75
BEAT OG®m" ) YCHF B S T A SR B A 15 43 288 52 49
FHREMA shapelet HF AT OUm) W5, H
LSR5 4 28 S0 I AR 4 A R I SE BB 5
2 L0 /N AR ST E 20 shapelets 43 RS AE S
BT IR shapelet 3 f b iy 155 2 W35 T D, Ye
A5 N T LR SR AR RS TR 50 T AR A KA I 5 B L A Y
YINZR B (8] 3 DA 2R SZ 3 T ER T AR SR B X B A S ] -
WA shapelet BIL MG RERE T — % 15
FRATTAT DAAE B E K A YN R4 b i 43 S S i e 7.
AR SCEE R R RO A A A SCH T S R
shapelet [y 574 B4R,
3.3 FHEFFEIZHFIH R shapelet

FHR A shapelet (9 H 92 A5 22 1) R F0 RRAE
I R AR FE B 15 40 2 S 26 8 v H s i AN 1
JE M X BN E PR I AE B R T shapelet %1 43
Ja BB G v S 2K )8 MR Y g A 1 AL Bl X T
TR In] R FRAR A DL AR 5 L — shapelet S
G 24 AE AT R AL G 2K M S 1 S 4 A oy
KA TR AR RAA KB SLhrrh,
A~ shapelet ) % 51 P 7] BB A J2 o TC V5B AN [] 26 119 52
WG RE B DA TF. St FRATTHE T8 6 bk 1 32 U
B shapelet, 3 F FH £& B 1) shapelet X £ 4f £
HEAT HE— 20404 H B R 43 )5 AR AL B R 28 5
i) 5 IXAFARAT 19— 2H T DLA RO I 2R 4 B 0 15 1B
KR 0 1) shapelet AT LA Sk A 5E 175 4328 S5 4 Jg T

HE— 2 TR AR SUBE AR 1 AR AL A SCIRATTAE 4R
T3 RSB B A ) shapelet i #2155, k€ — 4
WEARFLBEERIESES  REEXDES BT
B 3 A LI A 5 e shapelets HEATPEMY « e J5 #1516
1 25 B KW shapelet /E R #{f shapelet.

TEFHE AL shapelet By #rp A SCHE T 1 9
v FH 42 5 shapelet $8 R AR M L

(1) B 75w LA 3 A pL A T e 1 A
shapelet 158 #& i 8] )37 51) [6] BE 5 0 7 A i 3 50 1

(2) shapelet % 89 8. %07 2 R WA T3 A
B shapelet 13 F2 H 1118 &
3.4 1153 shapelets 4 2 {&E &Y

AR SR R BT 3 S I ST B T shapelets
(1) 53 S B AR AR SCRBE AR 5 482 0 157 40 28 S0 1 B )
FRAFAEHEAT PP A o A AL P SR I shapelets &k B £
I3 S IX TR R A T AT JR R AR A 3 2K S B Y
FEES RN 0. N7 43 2 [ A% b R v FRATTRE Y 6T
() 08 £ AT shapelet (1B 85 T 45 24 30 1) 52 451
HEBR S BE /N T4 T 43 4 B 09 Y11 25 55 491 20 58T 1
THA. HTHEA T EHE TR —28 WK% 288
1R O, 75 W 4k Z2 7 1% & B X IE shapelets
FEAT PR 38 U A Y shapelet, I X5 35 546 & iF —
Aoy BB A HOALE R 2R S i FRATHE
ISR JE AR S SOAE. R TR E e gy
A AR T B R R o BE AR I Bk

Hik 3.
D,T).

BN TR 5048 4 1) shapelet, B} [A] 77 51 3038 42 &

D, 54y 5: 4 T
B D A subD

Generating NodeDataset ( shapelet ,

1. d<ComputeDistance(T,shapelet)
2. &< shapelet X 1 (1 3 %4 18 &
3. n<5¥E4E D H RS2 BB
4. FOR i=1 to n
5. d; <= ComputeDistance(T;, shapelet)
6 if d; <<8, then add the instance T; into subD
7. END FOR
8. RETURN subD

L 3 g T T R shapelet XA B vy g1
X L8 SCHE A v Y S ) R AT e L FRATT L AR B IR s
I shapelet BB A KT shapelet 70 2B {H o @l
ZRa . AR 3 X553k 3 SEAT 3. 309 3 8
S O 4 o 55 B shapelet F B 2 7T L4
FE 3P AFIEEL B A FEE. RE A
P PENL T shapelet 170 28 180 8 72 301 1Y S 1) 20 1808 1Y
R4 . 73 2L 1 A 30 8 5 4510 T I
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T2 A SR S S 2C shapelet 43 2R BE. ®1 ZHHBEENE
x4, LSCR(D,T,k). S S
% I£ Dataset ( In’sAtal/'lceé) Length Classes MinNum
A BRI A DMK T, 51540 K% R o et
e g 11 3K 1 0 S (11 R (] A BeetleFly 20/20 512 2 10
ﬁ"JD&@UHﬁ}H#KH"J%@H | ﬁ k Coffee 28/28 286 2 14
i 28] T W4y 25142 . CRouteFor T ECGFiveDays 23/861 136 2 9
1. D, (T) < BuildingDiffClassValuesDataset (T, D) ; Gun_Point 50/150 150 2 24
TtalyPowerDemand 67/1029 24 2 33
2. AT SRR D (T v BT 1 5200 AT A8 ] A 255 MoteStrain 20/1252 84 2 10
JEMEE C, 3 &2 3R [\ 4322 1% 4% CRouteFor T, Sony AIBORobotSurface 20/601 70 2 6
. Sony AIBORobotSurfacell 27/953 66 2 11
Wi CoAE Sy 2 @ Pk 1 T 000 {65 < 76 0]«
I CoVE 2 P 1 T30 000 15 75 ) Wafer 1000/6164 152 ) 97
3. best_shapelet<—FindingShapletBF(T, D, ('T) ymin,max) CBF 30/900 128 3 8
4. D’ < GeneratingNodeDataset(best_shapelet, D, (T) ,T) ProximalPhalanxOLAG 400/205 80 3 72
) o S OliveOil 30/30 570 4 4
5. BT ML E D FHEE 2~5F , HELK Beef 30/30 470 5 6
6. RETURN #5430 285261 T 044> 25 8% 4% : CRouteForT DistalPhalanx TW 400/139 80 6 18
5 N N N Synthetic-control 300/300 60 6 50
R Jep N2 AN e e A = Sk
Bk A 1 DO R A AN 2R Lighting? 7073 319 ; -
THESC BI I AR SE B o35 2 BT SO AORE MedialTmages Um0 99 10 s
T e o e FacesUCR 200/2050 131 14 4
0 4R KT I 5 0 2 28 1k ZR PF s A SO 3 RS 25
FIUE T S R & &, 2x3B y Bt " N
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s 55 3 AP BRI R B 5 X I ) B {19 shapelet;
55 4 5 HTEREH 19 shapelet %45 & S 4 4 3 17 %1
VARV A AR EI U DNAITE Y €T R SE PRI o VA S E
IFEE 2~5 0 B AL AR IR 1R oy e sk
Pl B 2T shapelets 1973 2 15,

4 ZBRHH

FATHE 18 A~k A UCR i [8] 5 51 1 3R 4 19
P EXS AR SCHE W Rk BB AT S g o . R 1 R 4
T BRI e MinNum R 94 70
A B3 2 18 288 Jegs A ok O 114 552 491 .
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4GB, 8 E R G Windows 7. ARJCRTA KA IE AR
il Java 7E Weka HEZ 52 BLAY , FATTHE 52 56 H
1) 14 B s £ A0 00 S VN G0 o A0 I 3 o A DI
3 bR A X IO A 3 AR R A b A T
4 73 S AR . THI A 48 RS2 58 A SC Y — L6 AL PR
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(1) shapelets B K S 4. KM 3 S ] /7
B S8 B R U 1 1.

(2) [A) ZE 5 S T A S H ko A SCHRATT A S HY
AT AR S 5 e 7S O S B 2H L B R S AR 2y 6
S 5 3 1) S 451 TR A [ 4 52 481 A B R AN RO
Rt 1T S A T AN [) £ 5 48

HeR oK FATT o A SORE R AR IR /N 1 2 5
BB AT SR AT

3 2ok S A AN SCRT DL HEBR S 26 22 S AR K Y 52
5], 43, P DA HE B ] 288 [R] 22 S 95 KB S 491 XA R T
$& 15 shapelet B4 R R M3 RAOR. AW T
A 2 AR SCREARY o S ) R % S 50 R (E Y U7 5L JF
XPAN AT S AP R4 15 O AT T 5L 5 A A A — A
J5 o WL o 0 TR PN 5 B AR B R Y o A
VST [B] B & 75 Ak 1 8 3ok B o B L0 kL 5
Tt 7 12530 3ok A8 SIS UEAE 46 S 1YY N S R s AR Y &
B T T FRATTXT B — T 5 2 0 S 5 4 R AT 4 A

B4 245 7 3T DTW ) LSCR # A
(DTWLSCROTE 9 4> Z 73 50 4 b i HE i 8Bl &
H AL HLEE. IE R IR ATAT LR Hh 22 80880 22 09
BRAE k=5 B35 B — > i (B 5 48 52 90 e W) e iy
TR D B2 R R A SE IR T FRATT S R A
£ T E DTWLSCR Hr i 4 & {E 3R 5.

1.0p

08 = BeetleFly
——Coffee
——ECGFiveDays

0.6 —v—Gun_Point
—— JtalyPowerDemand
—+MoteStrain

0.4+ ——Sony A IBORobotSurface
—e— Sony A IBORobotSurfacell
—*— Walfer
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00 2 4 é 8 10

Bl 4 R OB AR L R & (AR
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BT Beel Bil s MERG RA WSO BER £ (HIE I
i 8 A4 4R (9 E B A0 12 B i G 4 2 k=6
Ja &R g B HER R B8 TRE NIRRT
KB HE SR FATH DTWLSCR 75 2 28 84 4f
& B R EB 6.

1.0
09¢
= CBF ,
0.8 -e-ProximalPhalanxOLAG
% *%ivfd il
B¢ v Bee
& 0.7 ~+ DistalPhalanx TW
= ~synthetic_control
0.6f > Lighting7
-¢-Medical Images
L + FacesUCR
0.5
04}
00 2 i 6 § 10

k
Bl 5 2Rl de bRk v B A R A AL

2 2 45 T A3 A R g A A 3 TR RN A8 SR
PR & {7 ) DTWLSCR R ) fE i 2%, H
IR T B R S R 10 F1 50 B 28 LB UE
ORI T S LR e N I SR G D VA
WEEIL T %2 — M, Xl TR ET
NN A5 7Y [ 38 SIS UE Ty 3 38 A% 0 Fe I 2 80 ki 1m)
TR AMAREE R NFE 2 PRATA LR 15—
Fp 7 AE 18 A EIRAE TR 16 A L3RS T 8 i i if
B3 18 AN AR A F- 25 WA 3 LU 5 b ik R
R R 10 %, Bk, 45 T R 6 B 52 5 gk
T 28 —Fh o ok e E k(A

F2 ETARE kEIRTHEL DTWLSCR 43 5 i &

DTWLSCR DTWLSCR DTWLSCR

Dataset (k=5/6)/% (CV10)/% (CV50)/%
BeetleFly 80. 00 70. 00 70.00
Coffee 82. 14 64.29 64.29
ECGFiveDays 86. 18 68. 06 68. 06
Gun_Point 88. 00 68. 67 68. 67
TtalyPowerDemand 94. 66 94. 17 94. 17
MoteStrain 90. 34 74. 44 74. 44
Sony AIBORobotSurface 74.71 67.55 67.55
Sony AIBORobotSurfacell 84. 26 84.99 84. 99
Wafer 99. 16 99. 32 99. 32
CBF 99.11 71.00 71.00
ProximalPhalanxOLAG 80. 98 76. 10 66. 34
OliveOil 80. 00 66. 67 66.67
Beef 56. 67 53.33 53.33
DistalPhalanxTW 62.59 57.55 57.55
synthetic_control 88.33 76.33 76.33
Lighting7 46. 58 32. 88 32. 88
Medicallmages 65.00 59. 74 59. 74
FacesUCR 92.44 85. 22 85.22
Average 80. 62 70.57 70.03

K6 mgnih T 18 A Kidla sk 1 DTWLSCR #7!
(32 4T I [ Bl e fF A 28 f i 34

6 \

-a-BeetleFly

51 -o-Coffee.

-4-ECGFiveDays

-v-Gun_Point

n -#-ItalyPowerDemand
~+MoteStrain .
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AN BE R i Bl 4R 5 vh o0 A B b 3 T I Y S A
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6 TR A RL 3B AT I ) AR D R R BN AU
RS 12 47 I 8] T 455 . ) 4, £l 4 OliveOil,
Beef il Lighting7 8 % 4 iz 17 W) (8] 7£ & {H 35 F)
MinNum J5# T E.

R OR L IRATHE 17 DR R EXRII6 T A 2t
A7 929 3 5 0 17 D0 B 4 B 58 R I TR B AT % B )
Br. B1 T Waler B8 8 b A 347 S5 B e 85 551 F
DTWLSCR # B 3z 47 I [8] X DL K 52 5 3% BLIRATT R
AEE T 21T AEEE FIET AR S e BE
(7 LSCR A 1) HE R 52 A [R] A FEIR XS LE &L B 7
TEASBAEARXS BLAAE Hrp b i — 2R RN R AT S A
TEFERY NG B0 B B =5/6; 1 Il — 4% R A #E 47 52 4]
PEFERITE DL BI £=0. & 7 Hh Average U3 17 1%
a4 ERYF Y (E.

M 7O IR ATTRT LU S ) 46 55 AN 47 52
Bl . DTWLSCR i %75 17 5 4
(0 14 A BT R AT 92 0 e 15 1 1 00, P 25 v R
KT 12.46 %. I 7(h) AT LA H R T 76 AR 4 /N 5
W 1E] B 2 K % /N B 38 B 4 BeetleFly, Coffee,
ECGFiveDays, MoteStrain, SonyAIBORobotSurface
IS E AR ST A B R A R B TR] e B4 Y
B8ORS HEAT 2491 4 55 110 B Y 5 AT I 1] A2 75 M LUK
. A, FE AR A R B PR 5E synthetic_control |
B UR T AN FEAT 92401 18 45 1 A B G A N (1] 2 R A 52
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Average Average h
FacesUC FacesU(%?
Medical Images Medical Images
Lighting7 [— nghtmg7
synthetic_control synthetic_control
DistalPhalanx TW DistalPhalanx TW

ProximalPhalanxOLAG
CBF
SonyA IBORobotSurfacell

ProximalPhalanxOLAG
CBF
Sony ATBORobotSurface Il

Sony ATBORobotSurface i —  —— Sony A IBORobotSurface
MoteStrain MoteStrain
TtalyPowerDemand TtalyPowerDemand
Gun_Point sun_Point
ECGFiveDays ECGFiveDays
Coffee Coffee
BeetleFly BeetleFly
0 0.2 0.4 0.6 0.8 1.0 0 5 10 15 20 25 30 35 40
HIZTEES IR /10's
(a) HERfZSTEL (b B EpXT E

B 7

I3 A LB HEAT I G S ] 38 R 0 S 1Y X B AT A4
e A TR ) A 2 o mT LU BRABE TR (1) 32 £ B [
4.2 LSCRRBHERESH

AT FRAT X A SCHE A A YA o R AT
.3 34 H T DTWLSCR 45 78 A1 H A 7 4465 7Y
(R A 2 B HE 25 R L 25 . 3 7 AR 4300 Oy < ik
F R B B A A SO R (EDLSCR) , Ye %5 A 42 H
Bt shapelets P38 # 45 Y (Shapelets Decision Tree,
SDT)MY, Rakthanmanon 2§ A 42 H4 1y 4t 3 shapelets
DL B 7 (Fast Shapelets Decision Tree, FS)M,
HT DTW FRK S BE 2 09 INN A (43 5130 4R
DTWINN I EDINN) P K43 5 5 F Yuan %5 A
fil Lines % A% 42 Y shapelets 5 e 8 % 1
C4. 5 B (4 B0 /E SSC4A. 5 1 STC4. 5). Horfr,
DTWLSCR 7 Z/7r ¥4l 4 Bl & B0 5. 1207
KRR By e (HI R 65 EDLSCR 7E i A 8 5

17 AR B JE T AR S50 DTWLSCR A7 f) o it 52 01 18] FR) %o LE 4]

RIS R BN 55 SDT Bk shapelets i JiE
U G 1, i R AS SCASE RS A ) 1 iy 25 FS
) UERf % F 011 R H Rakthanmanon 48 A $2 {1 19 {H ;
H£F shapelets F#F L C4. 5 AR B R 6 3C
SRR E. 3 PEIBE AT T A AR
£ 18 MR AL B P 2 , 3 3 PR s — 1T 45
T DTWLSCR F1H F % B i) 455 8 1) o i 55 K /1
1 LB GE 45 R o o R AR SORE R E 1 56 T
R B A B, ¢ R AR IR A B SR A8k, L RoOR %
A B3CH A B 36 3 i SRR 45 R W] EDLSCR A5
RITE 5 NEURAE I DTWLSCR #8588 4, 75 Hi 4
13 B 4R L SEIR ROR AR 25 X PR IR UE T K
2UHE B AN BEAR 7 Ak 33 85 05 SR 4 3 B v e 1 1ef [ S8 3R
s SRR IR 22, 1 3 T DTW ) LSCR A 5
AR E . HL, RATER 3 P& T DTW
1 LSCR A5 70 1L At 452 78 37 47 X6F L.

R3 HENEBEMASE

Dataset DTWLSCR EDLSCR SDT FS DTWINN EDINN SSC4. 5 STC4. 5
BeetleFly 80.00%(2)  85.00%(1)  75.00%(4.5) 79.55%(3)  70.00%(6.5) 75.00%(4.5) 70.00%(6.5) 60.00%(8)
Coffee 82.14%(6.5) 89.29%(3)  89.29%(3)  93.21%(1)  82.14%(6.5) 71.43%(8)  89.29%(3) 85.71%(5)
ECGFiveDays 86.18%(6)  89.78%(5)  99.42%(2)  99.59% (1)  76.77%(8)  81.42%(7)  98.95%(3) 95.82% (4)
Gun_Point 88.00%(7)  87.33%(8)  94.67% (1)  93.93%(2)  90.67%(4.5) 90.67%(4.5) 91.33%(3)  89.33%(6)
TtalyPowerDemand 94.66%(6)  95.24%(3.5) 95.82%(1)  90.51%(8)  95.04%(5)  95.24%(3.5) 94.17%(7)  95.43%(2)
MoteStrain 90.34% (1)  88.98%(2)  82.27%(5)  79.28%(7)  83.55%(4)  84.50%(3)  81.79%(6) 75.96 % (8)
SonyAIBORobotSurface  74.71%(3)  72.55%(5.5) 73.54%(4)  68.55%(7)  72.55%(5.5) 68.22%(8)  84.86%(2)  87.69% (1)
SonyAIBORobotSurfacell  84.26%(3)  84.58%(2)  65.90%(8)  78.52%(6)  83.11%(4)  85.31%(1)  79.54%(5) 75.66 % (7)
Wafer 99.16%(6)  99.04%(7)  99.72%(2)  99.64%(3)  97.99%(8)  99.43%(4)  99.33%(5)  100.00% (1)
CBF 99.11%(2)  98.44%(3)  93.89%(6)  94.71%(5)  99.67%(1)  83.56%(8)  97.89%(4)  88.11%(D
ProximalPhalanxOLAG ~ 80.98%(2)  79.51%(5)  78.05%(7)  79.72%(4)  80.49%(3)  78.54%(6)  84.39%(1)  77.07%(8)
OliveOil 80.00%(2.5) 70.00%(6.5) 66.67%(8)  78.67%(4)  86.67% (1)  76.67%(5)  70.00%(6.5) 80.00%(2.5)
Beef 56.67%(3)  53.33%(4.5) 50.00%(6.5) 55.33%(4.5) 50.00%(6.5) 60.00%(1.5) 60.00%(1.5) 30.00%(8)
DistalPhalanxTW 62.59%(5)  53.96%(8)  64.75%(1.5) 62.33%(6)  58.99%(7)  64.03%(3)  63.31%(4) 64.75%(1.5)
synthetic_control 88.33%(6.5) 69.67%(8)  94.00%(2)  91.90%(4)  99.33%(1)  88.33%(6.5) 92.33%(3) 90.00% (5)
Lighting7 46.58%(3.5) 43.84%¢(5.5) 36.99%(8)  59.73% (1)  49.32%(2)  43.84%(5.5) 38.36%(7) 46.58%(3.5)
MedicalImages 65.00%(2)  61.58%(5)  51.58%(7)  56.70%(6)  68.03% (1)  63.42%(4)  63.82%(3)  48.68%(8)
FacesUCR 92.44% (1) 81.12%(3)  64.54%(7)  70.07%(5)  90.49%(2)  75.02%(4)  63.12%(8) 66.20%(6)
Average 80.62% 77.96% 76.45% 79.55% 79.71% 76.92% 79.03% 75.39%
w/t/l 13/0/5 11/0/7 12/0/6 10/1/7 11/1/6 9/0/9 8/2/8
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425 DTWINN
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RS AE R AL S 11 shapelets PSR A

FUAH L i % $2 5 . 7 FacesUCR HEMI R RS A
W1, H SDT Al FS ORI R 1 T 2070 LA E.

MBI EE T A[A] shapelets Fe e 75 ik iy C4. 5 4
TUAH Bb o A SC R H Y B B B BeetleFly ., MoteStrain
Fl FacesUCR $4la 4 b w642 & 7 8% LA I, 3
H1 FacesUCR $U¥E4E FMERRIEm T 250U L.

DTWLSCR # Bl 7 BeetleFly, ECGFiveDays
BRI ER R DTWLINN BRI v i R w5 T
BE 10% , £ MoteStrain, Beel W ™34 4 19
HERR L DTWINN B8 & 7 5% LA B il EDINN
BERUAH L AT RIS 2R, & 4 45 7 DTWLSCR &
AU DTWINN BRI fERf R0 5 1Y 5 D8 4 B
ANE G S gE it 3R 4 PAFS IstNum FRIR
T SE Y F50 00 25 2R AN ] 1 52 ) %, DTWINN_R Al
DTWLSCR_R 73 51| £ 75 75 b 3 30000 25 SR A [m] 1 52
5] v el oy AR AR T 0 O A 1% S 5 5 H v AR S o BB
Feom b WA A 43 L.

x4 AMEBESAHHEELNTRBNE RE it

BeetleFly ECGFiveDays MoteStrain Beef FacesUCR

IstNum 6(30%) 203(23.58%) 249(19. 89%) 17(56. 67 %) 198(9.67%)
DTWLSCR_R 4(20%) 142(16.49%) 167(13.34%) 7(23.33%) 95(4. 63%)
DTWINN_R 2(10%) 61(7.08%) 82(6.55%) 5(16. 67 %) 55(2.68%)

MF 4 a] DUE H DTWLSCR A5 B 7 AN [) %5
HEAE b 0 W0 25 S/ DTWINN % i I 175 50 4% 78
BH 58 AN (). 3 8 B AR SRS D B AR AR AR i T 1 O 4
S B 2 J e X I 2 S R AT B B AR SRR AR
X BEAS RF 43 28 52 ) 1 T 45 SR O R — o RN IR
b f5 35 I R S 0 ) 2 B VEAR TR]. 0K X e T
ASCRBIAESR 4 5 DR A FARTS T B4 1Y 1
fiff 2.

DL b 52 56 235 L 3 B 5L T JR) 3 AH fRU 1 1 AR ST
B 5K 6] shapelet g 544 455 A4 | 5L T 42 Jay ALV 1Y
INN 8 DL & B T top-k shapelets %% 1 B35 1Y
Ca. 5 RAAA L BA — &M 5a 5 ).

4.3 REEHED W

X F A4 B AE UCR I [a] 5 51 0130 % Hh i
TN Z oy JERAG B AR SO Y 1Y) AT i R
FTRA G HT.

4.3.1 MoteStrain $#E 4

MoteStrain Ht i) % J& K 4 55 90 FH R 76 26 4

12 1A W 4 b B9 T 7E 8 & . Eamonn Keogh 4 X 46

B AT LA AL RS A g S8 18] 50 3 2 B B
HERHE . X AN B0H B b0 43 AT 55 2 38 i B I
1)K DX 43 A I s S FH T 5 U o o R T I
AR SCER I R R T I B AR B A R AR L
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Background

Time series classification has received great attention in
recent years. We can get massive time series data in many
fields, such as weather forecast, malware detection, voltage
stability assessment, medical monitoring, and anomaly
detection. Time series is usually composed of a set of ordered
real data, which is usually obtained by observing a certain
process at a certain time interval. Time series is different
from the traditional attribute vector data, and it has no explicit
attributes. Even with the sophisticated feature selection
techniques, the dimensionality of potential features is difficult
to be reduced to a reasonable range. This poses a challenge to
time series classification.

The goal of time series classification is to find a function
to predict the class value of the time series. In the study of
time series classification problem, except the accuracy, we
think highly of the interpretability of model. Since the time
series have no explicit features, it is difficult to conduct an
interpretable time series classification model. Different scholars
have studied this issue. A new concept of time series shapelet

has been put forward. The shapelet is a subsequence of a

times series that can be used to determine the class value.

time warping//Proceedings of the 18th ACM SIGKDD
International Conference on Knowledge Discovery and Data
Mining. Beijing, China, 2012 262-270

[23] Berndt D J, Clifford J. Using dynamic time warping to find
patterns in time series//Proceedings of the KDD Workshop.
Seattle, USA, 1994. 359-370

[24] Ratanamahatana C A, Keogh E. Everything you know about
dynamic time warping is wrong//Proceedings of the 3rd
Workshop on Mining Temporal and Sequential Data. Seattle,
USA, 2004 1-11

[25] Keogh E, Ratanamahatana C A. Exact indexing of dynamic
time warping. Knowledge and Information Systems, 2005,
7(3): 358-386

[26] Cuturi M, Blondel M. Soft-DTW: A differentiable loss func-
tion for time-series//Proceedings of the 34th International
Conference on Machine Learning. Sydney, Australia, 2017
894-903

[27] Demsar J. Statistical comparisons of classifiers over multiple
data sets. Journal of Machine Learning Research, 2006,

7(1): 1-30

ZHANG Wei, born in 1987, Ph.D. candidate. His
research interests include data mining and machine learning.
YUAN Ji-Dong. born in 1989, Ph.D. . lecturer. His
research interests include data mining and pattern recognition.
LIU Hai-Yang. born in 1987, Ph.D. candidate. His

research interests include data mining and pattern recognition,

The shapelet-based model can give us an insight to the data.
So, the time series classification model based on shapelets has
received much attention. In this paper, we emphasize importance
to the local characteristics of the instances to be classified.
The lazy learning strategy is combined with the local feature
extraction technique. On this basis, a data driven model
based on the shapelets for each test case is proposed, which
can improve the classification accuracy whilst the shapelets
obtained in the model can directly reflect the salient local
features of the test case.
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