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Abstract For time series classification, the classifier built by Shapelets has high classification
accuracy and, meanwhile, the classification results are easily interpretable. Therefore, the extraction
of discriminative Shapelets has attracted a lot of attention in the field of time series data mining.
Research on Shapelets extraction has obtained promising achievement, but there are still some
problems. The main reason is that the traversal of all time series subsequences to find the
discriminative Shapelets is extraordinarily time consuming. Although some pruning techniques can be
applied to accelerate the extraction process, they usually reduce the classification accuracy. In this
paper, we propose a novel Shapelets extraction method based on similarity join, which abandons the
idea of computing each subsequence’s discriminative power. In the proposed method, each
subsequence is considered as a basic computing unit and the similarity vector of two time series is
obtained by the similarity join calculation of their subsequences. For the time series with different
class label, we compute the difference vector of each time series pair and merge them into a candidate
matrix which represents the differences between different time series class. Thus, we can easily obtain
the eligible Shapelets from the candidate matrix. Extensive experimental results in real time series
datasets show that, compared with the exist Shapelets extraction methods, the proposed method has

high time efficiency while ensuring excellent classification accuracy.
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fid S 5T IEE M D.

D Lprspssorsos J=meanStd(S,T); | = AR L

kO THIR I ME T 2 ¢ |

®@ 8§ =reverse(S); |« ¥4 S Fli% « |

@® T,_append(T,m); [ * KXt TY F5.3H m >0 */

@ S:,:append(s/,Zm*l); | * 5 T, &K =/

© 8, =FFT(S) s [t il LIt Ag 4 = |

® T, =FFT(T,);
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@ ST, =MUL(S/; . T, 5 | * ZILRHMIF * |

® ST=inverseFFT(ST,);

©® D =distance(,STspr»spussorsos). | * 1R IE

A (3) 155 B 5 I AL B 25 i ik ¢ /

HRATQOMEM ST ZTFHS 5T hig—4
T R AR R SR A 1) L B STLi R x S 55
T i 2T o A LR SR TR A4l =0 (3D
TR ) (A7 @) I, FURG 2 rb JBCHE AR F9) 1
AN A RS T3 8 AR i s 1) — MR A T3
IR A2 2% B2 5 7 e B R TS O X Al A A A A
U LS B IR B0 Y 28 S, 3 BN ) T AR AE T
B AR e (OGn Wb ) ) B B 38 47 80R 55
3.2.2 4R UM % e 1h)

T2 SR B T RO A F 5 5 4 44 3
NAB) A DL B 2 R A& T
JPEI5 R R 1 . T AR AL 34 42 1) i
Py 3l PT LA 3 S A P sk 26 R R 1] a1 /) 1 15 3.
FEVT S I A AR SOR A B R T SR I S ) i 2 S
B P B EE TR — %775 &
PRVEHEC Y R 0 7 51, 3 s BE B R 5, HL Ak
X7 U

&% 3. P RBUR W similarity]oinVector.

WA WP EE TR KK JE m TR I K 15

B th P,

@O B=allSubseqSet(R) ;

[ * RIGETINES |

@ initialize Pyy ;

[

Time SW
M%f a/\'\—f\/\d"\/\\/
1

@ index=1; [ * B JFF R AL H
@ for each SEB
® D=distanceVector(T,m,S,0);

[ * BEH 2 %]

©® Pazy=updating(P,y D ,index) ;
| % BEICE R *

@ end for

FERE 3 W Pap 2 LA T FEMETHR I B — K
AR SRR AR T T AR AL B R (. B
Z B HTA T ¥R 58 . X A0 T S 4 Ak
e TT R N A 25 18] B A7 BT A 5 13 B0 22 [ 1 B
B0 T S [ E FE. AR 3 M AP R B
T WBEAF B R T/ B A 4 15 i Pas s
LA 25T 41b PRSP FL DT G S B BE B O 0 f )L AR
SCR A Yeh 88N i b 3807 2 4 Bk AH OG X 48
5 BN ST Py 0 A B b A EL 18] 3 UL
IR T8 3 AR Pas B R, 2 Paa W1 IR AL N Int
Ja RN — & TSNS T B
BPaa R T ITAE R AR SC RIS @ SR 5 2%
TR ME R R BIR T Paa. 135 AL ]S T B
B i (U D RR) Z 5 1 B0 0 3R U/ ME Y R
W ST P X WA B L B (I 3 AR 1 AT FIES 2
1) AT RN G HY Paa. 18 I F PLIC BC 915 &0 )
BIVER S ) 2 L O ARG B0 L R BE P JEOR B .
X ALy 1L B AR ) 5 BT A [) 9 2 AR R B0 R 2 o)
(LA D; 32700 B X R0 BB R 8 Paa (3
T 3 AT ARG 4 47).

Alj]

e

Initialize Py | Inf | Inf | Inf | Inf | Inf | Inf | Inf | Inf | Inf [ Inf [ Inf | Inf | Inf | Inf | Inf | Inf | Inf | Inf | Inf |

min

p|3lz2fols[s3[afs]1]2]o]s]a]a]3]afs]6]2]3]

Trivial Match

Update P44 Based on D;

UpdatedPyy [ 3 [ 2 [mf|[ 5 [ 3 [a[s5[1]2]os]al2]3]afs]6]2]3]

Trivial Match

plzfs|rfafafafe]af[1[s]sfofzf[s]sfo]4f2]2]

Update P4, Based on D;

Updated Py [ 2 [3 [ 1 [a 33 [s5[1J1]s[s[afa]3]afs]a]a]2]

Fig. 3 The process of Py, updating
3 PuHHT R

3.2.3 e AR

B 3. 2.2 15 A H, Pag J2 LA 7 51 o B A6 4 iR
PR 3 8008 0 AR U T LU 3 Pag 5 Paa 1 25
ERAR I, B 22 53 5] &5 Diff ap. SX700 T Shapelets

I HA I AT V) B R BB R G 2 S
I 5 B SRR AR P A R RO 1S B Y 22
S ) A HEAT 2545 S0 T R I AR SRS T A5 21 19 22 5 1]
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— > G Y ) R T AN 2 BT A N R OHE =2 T Y
22 5 1) 0 F I Shapelets AR A 1. W2 2 5%
PP 5t B AT R () 9 2 00 B 3R HG 22 S 1o il R Y
I W 2 TR R s A o AR b i 22 S O R R IR BN TR
J& 0 st e B8 (04 AR S5 X3 PR I AR S A 2 A AR A
PRI 22 5 0] 2 NF o AN [ 28 531 v 328 BRI o 804k i
[7) 2H 3] Bsf P 5 1) AN a6 A7 3 5. 2 B — B e e 4R
a3 AL T I 2R 22 R e Ry 3
Bt N T kil 1 A& 8 T, DL T A3
HERR YT 5 11 2RI 2 v i A I e 80 ) 22 5
] . X T 55— 2 I e 2080 45 3 22 53 1) & 17 28
ORI L 75 38 2 22 5 ) o6 B O B e e AH
Wb, Z J5 % 1 26 v i H A B 4 2R 17 A TR] 4 44 . 9K
J5 P AT 288 v i 500y B v 1+ 50 5 T 26 P it oy
B B 2 22 S ) L AS BT b P 2 S 1) B SR T
B EFRR T T 55— 50 iy dks 8] 59 A [6). e
TR W A i B SR A R AT
Bk 4. MRV A U
A BT EBAE A nDataSer TP AN 1
i Y A R R I ML
@ tempDataSet = partitionByClasses (nDataSet) ;
[ $% 580 o3 S B I KA A |
@ initialize M3/ » Wl A BeRE 1 * |
® for each currClass in tempDataSet
for each T€ currClass
P, =similarity]oinVector(T,T,l) ;
initialize Z; | * W) 4h 10 22 S5 50 [ « |
for each otherclass after currClass
for each R& otherclass
P,y =similarity]oinVector(T,R,1[) ;
Z=[Z;abs(Pyy —Pi1) 1;
end for
end for
M=[M;sum(Z)|Z. rows];
end for
@ end for
A 3 FE B A et A v, 75 0 BoHk B b T A
AR XS TH 5 Pag M Py s B 4 AR B B 5 AR 8K
i o 5 i T A SCTE AL BRI B B R 1 ORORN T
B SR, A Al R G B it e B TR
TESZ 50 th AN 23 I FEAR 22 14 3z 17 I [R]. A 38 46 B v 1
R ATIUERAE 1 RN P BUE 5 55— 28I e BE 1 F

SNENSESNSNENCECNC NSNS

@ http://www. cs. ucr. edu/ ~eamonn/time_series_data/
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0N DU A A5 R B T X431 N B 1) 40 A
A #| Shapelets H . 33X —J5 i 23 3 U5 2L 4b H 55 5
3G AN S o5 — J7 T 23 % 43 28 0 BB T . A SE g
rh L 2R S I 38 I UE A 7 Ok B A A Y B AL B
i 89 Shapelets $#2 B id #2418l 4 fros.
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#) UWaveGesturelibraryAll B} FF 53t 8, H g T
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SIEG RN A B, WHEE 2B Py5
P A A ) fiR. WE 4A(b) ] LB . Py 5
Py Z [ FERESE A B AFTEE W] 00 25 5, X gk 22
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T HIL B Z B FE B /N T 17 S04 B CAn el 4 (o)
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Shapelets, {1& 4(d) ffi7s.
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(d) Shapelets between T and R

Fig. 4 The process of Shapelets extraction between T and R

& 4

&% 5. Shapelets 0 E .

BN AREFEE MR L E b R
B in4E DataSet;

it : Shapelets 24 SL.

@ initialize SL; | = #1451k Shapelets 5 = /

@ for each row in M

@ initialize tempSL;
[ * ZJCH (L E TP * |
@ for i=1:length(row)
@ if rowli]>th
subSequence = DataSet (row,i:i+
[=Ds [ * BT =
@ tempSL = tempSL ;[ i.subSequence] s

end if

i FE 80 T A1 R ) Shapelets 42 Huid 72

©®  end for

@  tSL =mergeSubsequence (tempSL) ;
[« A T TR TS E T+ ]

@ SL=[SL; tSL];

@ end for

Bk 5 HE A4 Il A g R,
— (18 DX 7 T 06 8 R A 4 5 O O AN TR Al
WP REE P S 3 25 1L I, 2%, W 2 20
T 1) Shapelets FEHRGEAR SRR ME 5 Frw. B 5 2
1 i $E By Shapelets, /] DL 1 25 0 7 B8 DAL
P 4 vh XA T R B TS BB K 11 28 R0 NI 28 A B ) 4
P AT DX 435 DR 3 5 2 LA T 2 B 5 B30 Sk i o A
Il 6P $2 L Shapelets, JEAf. T 2890 54 B 7 5086 A
T2 51153 LI b B[] 5 €.
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CandidateMatrix_I,

Threshold
CandidateMatrix. I, ——— Shapelets

(class I)

CandidateMatrix_I; -

CandidateMatrix_II |
Threshold Shapelets
— >

T =
; N\
‘L _____________ d

CandidateMatrix_II
CandidateMatrix_II ; -

(class 1)

The process of shapelets extraction

& 5 Shapelets $}& 3 2

3.4 HiEaW

MIRTE 2~5 iR i BT LA L AR SO EE Y
Shapelets $& B LU [7] 2 50 B 1) 22 5% R R AR
H1 R A5 DS A v B HRCRE 81X 43 AN [R] 2 ) Y
J7 o 0 —Fh i WY )7 . 53 Shapelets 42 U
I [F) A SR AR S 48 DA 910 1 B 4 38 I 454
() (R AR ARLPE » LA FAAE T 5 T BB (8] 22 5 o o
L B 9 AR B A% 0 AE T ] LA 81 A
PR b TSRS [ 28 ) ) O [R] 1 22 S A G i 2 A4S
5 T IR 1A 1) a3 B O B A ok e 2
JG 22 5 B BR85S 5 UE (5. 2 )
ZAE IR A LA R 5 2) 4 B L AR e Pk
56 B[R] 9 AR BL P % 422 1) &2 F0 3 AR R0 1 3 4 1)
HLOART b AR SO O R LG #OR #4  Shapelets
EEM . XHERENE - FFFIELRX KA
ANFEIZETN A 2 2507 B A B R A W AR S AR 4F
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4 BTEFS = ET R
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g3 B BB TR N BE R4 5 IR B S e 2k
. X o B2 Jy ey e . SR D 4
Shapelets 14 # 1% )2 = AR, H 5 28 i 1 %6 32 2] [R
il . 3 HAR £ Shapelets B A AE % AHIT 14325 6E ) .
ANTE Y B BE R 23 T B3 28 v 232 AR T 4n 2R il
JHHY Shapelets KZ . B 0451 5 4% . X2 R BB 17
i) K. Bagnall 25 A5 48 H 8 iy 250808 e S 51
FEAE 5 T B3RS D ) 22 ) 2 figp D B 5040 40 288 () J8 1
— AN D7 AR AR 2 Lines 88 AN (1 5% w L f 1
J75AE W5 £ Shapelets JT A4 B9 28 4] % 18 i 46 B
J7HE B RRE ROR .

Bl 6 4R T 5T B is 5 28 [ 5L 4 i Jr ik

Time Series Dataset Shapelets
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Fig. 6 The space transformation of time series
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R HR I Shapelets % H Ky & xf T8 — Z& I 7 4L
T MW BEHS b 4 Shapelets(SL, ,SL, , *+-,
SL) Z Ia R B (2 (2)) o ik 26 i 25 20 & i ok B
BT AR ] G R R ) i B D B
Shapelets 7 [H] H1 { £ 5. X Fl R ox — 7 mARHF T
Shapelets 7E I F7 £0H 43 28 ) o i) 0L #5 o [ 4
g —ANME#S & DL Shapelets S B A58 0 5 55— 7
AT () 5t v ) A (BT 28 5 o B S8 vh B dE 1
JE R R FR S B 1] 2 W 45 0 R Z B E A AR B ST
PE ] LU A A 1 23 2R 4% R SCIE T SVMD i
174028,

5 XWE5SMH

A SCH 3 %o B R SOHE AT 4 2k Bk BT 4R Y
Shapelets $& 5 vk B A RV A5 5 S8 A A0 ¢
) S 36 15 L B 4 S0 P P A B RN 4R PE AN R
b LR T LA Shapelets $& U 2 )5 45 52
B 55 I HEAT o A kg,

5.1 SLWiRE
5.1.1 $dmsE

A CAH A UCR archives f1 UEA B iR &£
T 26 A EE AR PEAN O s B R E L X SE R i A
H il Shapelets A 3¢ AfF 53 o 3% 3 £ FH A 508 40
Gk B T 240U A4 1% AR R R B 1
BN L UL R SR BE 45 L Bt SR AR R
LUE S WP

Table 1 Datasets Used in the Experiments

R1 RBEPREANBESE

Datasets # Train # Test Length # Classes
Adiac 390 391 176 37
Beef 30 30 470 5
Chlorine. 467 3840 166 3
Coffee 28 28 286 2
Diatom. 16 306 345 4
DP_Little 400 645 250 3
DP_Middle 400 645 250 3
DP_Thumb 400 645 250 3
ECGFiveDays 23 861 136 2
FaceFour 24 88 350 4
Gun_Point 50 150 150 2
ItalyPower. 67 1029 24 2
Lighting? 70 73 319 7

Continued (Table 1)

Datasets £ Train = Test Length # Classes
Medicallmages 381 760 99 10
MoteStrain 20 1252 84 2
MP_little 400 645 250 3
MP_Middle 400 645 250 3
Otoliths 64 64 512 2
PP_little 400 645 250 3
PP_Middle 400 645 250 3
PP_Thumb 400 645 250 3
Sony 20 601 70 2
Symbols 25 995 398 6
SyntheticC 300 300 60 6
Trace 100 100 275 4
TwoLeadECG 23 1139 82 2

MR 1A LU B fdi YA B0ais B2 8 R 24 . I
TRk HEnRMEKZ i Z 0] ik 37
2 (Adiac) s K RN —, & N 24 (TralyPower. ),
K 512 (Otoliths) 5 Yl 25 AN 1 42 (9 % 3 22 57 o
P s PRI , AT DA 4 T Y B B OR i M RE. O T fiE
TR RE LA A SR BRI 31 2 B A0 i 4R )
S A DG 1 2 0 A8 SRR Y U7 SR
5.1.2 JiikRIE

A (similarity join for Shapelets extraction,
SIS)E HEEEHE) 7 4> Shapelets $& POk #4714
HE LLAL

1) fRifEFET Shapelets B 5 504 4326 B3k 48
AN TR B B R bR A5 B 25 (16T  Kruskal-Wallis
K (KWHU F-Z it (FSH

2) FSH (fast-Shapelets)!® & . 3 0 ¥ B3
e A Ry S T AR 4 3 s A I A 5 T) v 0 e R R
53713 LU 3 20 5k

3) LTSTYREgk. i FH RS BE T B vk B rh 2 2]
i F L Shapelets F173 26 P 3 R KAy 0%

4) IGSVMM" Bk # YR i 7 B His 1547 45 1)
A LUE B 25 1F O Shapelets X 4368 77 B2
it 2P SVM AR 43 26 85 58 i 28 TAE.

5) FLAGM 8k, R F 2% > 1 4k 14 S w . £
J SCRRAE 1) S 19 5 ¥ 0 I R R A B 4 L E T 4
AR R 7 9 4E A Shapelets 5 %.

R XS PSR 0 S B e RO B B AR
St S BON B A BB

@ http://www. uea. ac. uk/computing/machine-learning/shapelets/shapelet-data
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5.1.3 PR
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Friedman il 38 J2& 3 F /0 JE e 0 R 50 00 FE 3113 K
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a4k B K ADNROESETHET 2 R i s 1 5
BARIE L7 R E AR IE A <27, LI e, 2 R
R ZE R AEARC K, X Bt v LA 3 N XK 1)
HEFP o b H oo g R 56 1 MR AE 138 5 A5
ARG, RS R A BE R bR id

h; = Z\:h,,/l\].
TEZE AR (null hypothesis) G T . A &1
SESEM Y PR Ay S ARSE L T LAY N RTK R0 K
I (—f% N>10,K>5),Friedman % it .
AUHEAR K—143HEMNRT 2 MmiEL.
Demsar™" @ i 431 57 A B9 TAE4S 3 07 20 A J& 4
MARSF B AL B A
(N — D Xrieamn
ONCK—1) — Xerictmen
VEM BE . 24 52 56 245 TR 40 48 R % I, Demsa 2
BT A BRI F A BIR R A4, A5 W] — 41 i
IR R ET R LA B E 5. XM A FE
TR BE 22 S 0T DG b B Oy G B 25

(6)

) €D

Bk Y oc i 25 7 8 (critical difference diagram)
LR,
5.2 REXENFHENZRERNZI

AT S S R A A A G B I £ 4 I £ Y
Shapelets Xf ForZRgE R m. K 7 R THEER 1
B e BAEAE 1 MOARE A 1 T,
JEHUAY Shapelets H] T 73 28 19 45 R X Ho, Hor, N-
SJS oA ] 4 0 i P A4 i i Bk, SIS Bk R
AR AN FH OGS I B A SRk R Bl 2 D)4y 2R
Bl 2R g B

1.0
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Fig. 7 Classification accuracy comparison of SJS and
N-SJS algorithm for datasets in Table 1
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HiRTESER

M T E 5 B 2R R (K Dl DL
TE4 R Z 5084 1, SIS Fn N-SJS JL-T- %A X 51
B 53 28 45 SR 57 T o 8] % £y 2 BT 3, 08 Y 38 0 ARk 1
s 1 R A TS O A I 55 AR ST 2 4R I o
Shapelets [ RE 7. [A] I}, 7678 20 Bodl 46 b, oE ) 5 0%
AT B E U4 89 Shapelets th 7] 8 § 8 4324
aPERE MR B,
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10*
I SIS
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Qo
g 10
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5
~
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288 2 B8 E T2 R LE5E REESTT L LR
SEEESERERScEEREEREERE S £ ER
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Sogmlzlsﬂggglaaégg‘zam'EH Ué),g -
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Fig. 8 Running time comparison of SJS and N-SJS algorithm

Pl 8 SIS Fyk A N-SJS Hvk i35 17 B 8] %) 1



606

HENMR S KRB 2019, 56(3)

Ty EE 1 EZE R AR 2 5
INF P K40 9 B0 I Shapelets B3I, 151 8 02
B AT I )X L 1 CON Al Ry ok BOAR A . TE 4R 2
ARG S S ST S Wl = | B3 Y T A
fE Adiac BUESE 1 AYIZ 1T ] L 23,6 52626, 1s,
Chlorine. 8(#E4E F 7. 7s:957. 3s. fUAH 4 MR
B WA IR, S 31X T2 TR A 3 S A 4 1 I R A AR
BB E /N BB Z 18] 22 5 LU AR SR 1R BT A I
J7 #RAE S GBS . H 3K T A 5 M A SOk 1R &K
R DA O B A ik S Rl A A A N Bl
i (8] 9 #& dE 5 /N (Coffee: 3. 5 s, ItalyPower: 0. 7 s,
Sony:0.1s,TwoleadECG:0.4s).
5.3 LRI

A NG S HERf RS AT I ] 2 T TR 3 i AR
SCHA SIS BTk fE.

5.3.1 ArZRUERR

2N T AR S A M HE R AE AR
Pa S i JE R R o B R 4 b i
B LI I 03 % Z A2 1GL KWL FS X
3ANITIEAE T o Bl 4R B Ar g KL RIE RS
PR IS AT I () N 45 K G 24 b W ARid ™ = 7. 3 2
B — A7 R A AR TEA R B 2 B HA Ry
SRRORM WL NG5 R EoRE LTS AA
— S WYL e 13 A B 4R b U fi b 19 70 2 HE
GO SIS UK T LTS 1 9 M Eudla 4 B AL
TS AR HE R IG A KW Ay B 4 s 1 Y
Shapelets 55RO i 22.

SR o AU T35 A 25 A B 4 B 3R (9 Bk
PR RA PR RE R AN T Y . I AR SO 5. 1.3
(75 AT A A Fk L LA RN 9 R, %k

Table 2 Testing Accuracy of Different Methods on the Datasets

R2 ARAHEEEITEBEE LR ERE %
Datasets 1G KW FS FSH IGSVM LTS FLAG SIS
Adiac 29.9 26.6 15.6 57.5 23.5 51.9 75.2 72.8
Beef 50 33.3 56.7 50 90 76.7 83.3 93.3
Chlorine. 58.8 52 53.5 58.8 57.1 73 76 87.3
Coffee 96. 4 85.7 100 92.9 100 100 100 100
Diatom. 76.5 62.1 76.5 87.3 93.1 94.2 96. 4 97.7
DP_Little * * * 60. 6 66. 6 73.4 68.3 68.1
DP_Middle * * * 58.8 69.5 74.1 71.3 71.5
DP_Thumb * * * 63. 4 69. 6 75.2 70.5 71.5
ECGFiveDays 77.5 87.2 99 99.8 99 100 92 98.5
FaceFour 84 44.3 75 92 97.7 94.3 90.9 97.7
Gun_Point 89.3 94 95.3 94 100 99.6 96. 7 98
TtalyPower 89.2 91 93.1 91 93.7 95.8 94. 6 95.8
Lighting7 49.3 48 41.1 65.2 63 79 76.7 75.3
Medicallmages 48.8 47.1 50. 8 64.7 52.2 71.3 71.4 74.8
MoteStrain 82.5 84 84 83.8 88.7 90 88.8 89.8
MP_little * * * 56.9 70.7 74.3 69.3 71.8
MP_Middle * * * 60. 3 76.9 77.5 75 75.5
Otoliths 67.1 60. 8 57.9 60. 8 64.1 59.4 64.1 67.1
PP_little * * * 57.6 72.1 71 67.1 69.1
PP_Middle * * * 61.6 75.8 74.9 73.8 74.7
PP_Thumb * * * 55.7 75.5 70.5 67.4 70.7
Sony 85.7 72.7 95.3 68. 6 92.7 91 92.9 91.2
Symbols 78. 4 55.7 80. 1 92.4 84.6 94.5 87.5 92.6
SyntheticC 94. 3 90 95.7 94.7 87.3 97.3 99.7 99.7
Trace 98 94 100 100 98 100 99 98
TwolLeadECG 85.1 76.4 97 92.5 100 100 99 87.6
# Win 0 0 3 1 7 13 3 9

Note: The results highlighted in bold denote that the method gets the highest accuracy for this dataset and the * x ” represents the

corresponding method cannot finish in 24 hours.
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Table 3 Running Time of Different Methods on the Datasets
®3 AEAEEZRNHEE LMEBETHE

Running Time/s(Rank)

Datasets

1G KW FS FSH IGSVM LTS FLAG SIS
Adiac 3287(7) 1349(5) 1513(6) 288(3) 706(4) 80596(8) 2.78(1) 23.6(2)
Beef 471(6) 484(7) 576(8) 154(3) 435(5) 414(4) 1.15(1) 10.5(2)
Chlorine. 9751(8) 3213(7) 3050(6) 617(4) 1181(5) 556(3) 6.88(1) 7.7(2)
Coffee 22.3(7) 21.8(5) 21.906) 16.5(4) 15.9(3) 76(8) 0.13(1) 3.5(2)
Diatom. 9.3(5) 8.99(3) 9.2(4H 13.7(7) 9.3(5) 88(8) 0.41(1) 2.2(2)
DP_Little * (8) * (8) * (8) 401(3) 9516(5) 1608(4) 1.81(1) 4.5(2)
DP_Middle * (8) * (8) * (8) 456(3) 7041(4) 12528(5) 1.78(1) 2.2(2)
DP_Thumb * (8) * (8) * (8) 392(3) 11353(5) 2073(4) 3.14(D) 3.7(2)
ECGFiveDays 19(8) 18.4(6) 18.6(7) 4.6(3) 11.7(5) 9.1(4) 0.08(1) 0.8(2)
FaceFour 1021(8) 1012(7) 1010(6) 75(3) 410(5) 116(4) 0.26(1) 4.9(2)
Gun_Point 116. 4(7) 112(6) 148.9(8) 7.6(3) 74.8(5) 14.1(4) 0.07(1) 3.6(2)
ItalyPower 0. 38(5) 0.22(2) 0.22(2) 0.5(6) 0.22(2) 7.3(8) 0.03(1) 0.7¢7)
Lighting? 3442(7) 3438(6) 3584(8) 307(3) 1473(5) 965(4) 0.31(1) 32.8(2)
Medicallmages 4347(8) 2625(7) 2616(6) 164(3) 1547(4) 2199(5) 1.69(2) 1. 1(D)
MoteStrain 1.41(7) 1.29(4) 1.29(4) 1.4(6) 0.84(3) 6(8) 0.04(1) 0.1(2)
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Continued (Table 3)
Running Time/s(Rank)
Datasets

1G Kw FS FSH IGSVM LTS FLAG SJS
MP_little * (8) * (8) * (8) 460(3) 7394(4) 10779(5) 2.95(2) 0.5(1)
MP_Middle * (8) * (8) * (8) 421(3) 12102(5) 1448(4) 2.23(2) 0.6(1)
Otoliths 17 864(7) 18166(8) 17789(6) 183(3) 8536(5) 264(4) 1.25(D) 2.6(2)
PP_little * (8) * (8) * (8) 393(3) 8142(4) 9899(5) 3.91(2) 2(1)
PP_Middle * (8) * (8) * (8) 403(3) 4753(4) 6819(5) 2.19(2) 1.3(D)
PP_Thumb * (8) * (8) * (8) 416(3) 8209(4) 13675(5) 4,2(1) 7.2(2)
Sony 1.17(7) 1.02(4) 1.02(4) 1. 1(6) 0.75(3) 25.4(8) 0.04(1) 0.1(2)
Symbols 3325(7) 3318(6) 3622(8) 59.4(3) 1263(5) 528(4) 0.85(1) 2.3(2)
SyntheticC 291(6) 164(5) 161(4) 39.4(3) 922(8) 293(7) 0.26(1) 0.7(2)
Trace 11542(7) 11622(8) 11411(6) 98.7(3) 4838(5) 394(4) 0.35(1) 2.5(2)
TwoLeadECG 0.48(6) 0.42(4) 0.42(4) 1. 1(7) 0.26(2) 5.2(8) 0.08(1) 0.4(3)
Average Rank 7.2 6.3 6.4 3.7 4.5 5.3 1.2 2.0

Note: The results highlighted in bold denote that the method gets the highest accuracy for this dataset and the “ % ”

corresponding method cannot finish in 24 hours.
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Fig. 11 Experimental results for varying the number

of training time series
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