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Fast Shapelet Discovery Algorithm Combining Selective Extraction and Subclass Clustering
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Abstract: The time series classification algorithm based on Shapelet has the characteristics of interpretability, high classifica-tion
accuracy and fast classification speed. Among these Shapelet-based algorithms, learning Shapelet algorithm does not rely on a single
classifier, and Shapelet that is not in the original time series can be learned, which can achieve a high classification accuracy and ensure
that Shapelet discovery and classifier construction are completed at the same time. However, if too many Shapelets are generated, it will
increase the dependent parameters, resulting in too long training time, low classification speed, and difficult dynamic updates. And similar
redundancy Shapelets will reduce the interpretability of the classification. This study proposes a new selective extraction algorithm to

select Shapelet candidate set and change the learning method to accelerate the learning process of Shapelet and puts forward two
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optimization strategies. By using time series clustering for the original training set, Shapelets not in the original time series can be
obtained. Meanwhile, a voting mechanism is added into the selective extraction algorithm to solve the problem of excessive Shapelet
generation. Experiments show that the proposed algorithm can improve the training speed while maintaining high accuracy.

Key words: time series; classification; Shapelet; candidates; selective extraction
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Fig.4 An example of shapelets filtering based on important points
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N4 SOINN B2 2 R B B 2K rh i &,Ds,Ds(i) 2 Jm T2 i (4R & BN TR F 90 K JE R m;
D P E T R RS54, IDP;
D " IZAIEES,C;
IS 8] 3 471 1 P A1 L
B S, o
%1 H :shapelet fi% % 42 candidates;
1: candidates=0
2: foreachc,eCdo
3 for each TaeDs(c,) do
4: ISL=&, HashSet=,VOTE=zeros(m—I+1,1)
5: ¥ Ta & HE A IDP S — AN A ST 78 (R 21 P A1) R 5L BTN 1SL
6: ISSVa,a=CalculatelSSV(Ta,Ta,l,ISL)
7 for each c,eC do
8
9

if c,!=c,

: for each TheDs(c,) do
10: ISSVa,b=Calculate ISSV(Ta,Th,l,ISL)
11: DIFF=1SSVa,b—ISSVa,a
12: threshold=mean(DIFF)+a*std(DIFF)
13: for i=0; i<DIFF.length; i++ do
14: if DIFF[i]>threshold then
15: VOTE[ISL(i)]=VOTE[ISL(i)]+1
16: for i=0; i<VOTE.length; i++ do
17: if VOTE[i]>=Ds(c,).length/2 then
18: HashSet.ad(i)
19: for each indexeHashSet do
20: # Ta th index 47 ¢ 5N candidates H

21: return candidates;
BT R RS SR A R AN A B I A, b T8 — 45 i 1) Z1 AL B 1Y Shapelet 3% (7 51) L
kP0G 27 L B 4 3 S T AR BRI shapelet B £ i, T0 R i B R /N SR AN B 4 AR 3 S i DB
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4.3 HEBEEZRE SR
# ES4 HBAMEFH SOINN PR T S4 172 R 4 KA, S E i B SR O A i N T # 52
KU 2 ES4 BRI FEALHE LR 3 N #2250 3:1) SOINN 5834:2) brild B 4;3) I ABEZEHLH )G Bk He k4
.3 ANk s AT 7 AT ARSI ZR A R i T R A0 AN E0CR n B4 I TR R 2 B B R m I Tod it 5 A i
RPN
(1) SOINN FJ.{F ES4 T AL SOINN FARIAEH e T S4 1) 1R 45 R FE%,SOINN AT,
PR R ) A2 2% JEE S O (knm)P221, L vk A% 2 SR 215 31 f) 445 SR v D 254 6 A . 308 3o 2 24 g ¢ S B A1 i 1) 2 41
il O(k);
(2) AR TAEE T T I R R A TR 4 BT 3URR SRR AR — 4% B 0] 4 o R B () 52 2
J& S O(pm)2*26k(p Sy 8 45 (1 K B ). AE SOINN AL R iR ¥ T O(k) 4 I 17 2 47 JH 1 3K X Shapelet
fige 3 DRI, R YR B R (A I (] B2 2% B Ok O(pkm);
(3)  IMAFETEHLGIE B SEUIT VL A T 10 SAMREAT ¢ AN IR) 7 410 4 SR A, W) FH 1442 1 shapelet fi 1%
SRR 1) 35 371 I O(n)iiski 2 1] O(c), He 1A 53 4% 14 4 O(mpclogm)! e Horh p ok .38 55 (R B0 78 BS4 Y,
BATR S SOINN FREIARE T S4 (12 43 KA 15, BRI I 0] 51 450 A O(K). % T ES4 1)
I PEHE By, Hi N IS TR 371 R O (KA, 3 ZEATL I PR o N ] s T A2 2% J3F A A 38 5 i), e 283 P P 4R
W5 2% % ol O(mpklogm).
76 ES4 10X 3 AN RRAE R AT HEAT I, N T ES4 HEAAR R R ARE N 3 A b R b i R) A A RE e KA
O(mpklogm). ik AN i 17 52 2% & B SV AR BRATTRE AL SE 5.4 55 (K I ZRFE I EE Sz 56 op (Gl — 20 B0 AIF .
5 SEINISE
51 HIEEHIR
ARSI AH T UCR B ) J3 31 43 20 2w (0358 43 B30 42 UCR IS I 81 43 2843 AT Ko mT 28 T 1) PR 50308
B W RV L A BT M DR 2 9T 4 W A R AT A b S R R T B B B AR R A B
T IEPX LA LI T DU 280 (1) X SR 45 2 0] A FF U [ 149;(2)  HAd oS L 7 VA X e H B 45 B )
&5 LT DLAEAH G SCHR v 4R 21 52 56 v A8 2101 BT Eos S 98 n] LLE SCRR[ 1710 T 2.
Table 1 Dataset

F1 Btk

LIRS IMERE KB KA
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
ECGFiveDays 23/861 136 2
FaceFour 24/88 350 4
GunPoint 50/150 150 2
ItalyPower. 67/1029 24 2
Lightning7 70/73 319 7
MoteStrain 20/1252 84 2
Sony. 20/601 70 2
Symbols 25/995 398 6
Synthetic. 300/300 60 6
Trace 100/100 275 4
TwoLeadECG 23/1139 80 2

52 RWIXE

ARIAFH LR 6 FiFE T Shapelet [ 5 v5AE Jy o b 7 v, 6 4 H ) 5590 S4 F ES4 JEAT VA
(1) Shapelet & IEE: GG K Shapelet Tree HyE(1G), H i RINGE T FIFTH 75, 30048 5 B8 55
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PG E AT 15K & B Shapelet!"). Fast Shapelets(FS)432: 48 ] SAX i Shapelet % 3 i 72 14;
(2) Shapelet 254t (ST) 5325 F) FH N &) 2 1) 55 4554 Shapelet 2 (] (14 5 55 56 5 4R I Ta) 5 2 964745 i 8 4% 5
ey R0l
(3) HAbKET Shapelet [5I5LTS FLE: M I fr Mk 20 KB K 6 ok 2 2] Shapelets” . UFS i J] B #L
Shapelets 7k Ay {526, %) i 1] 2 51) 3847 28 #U FLAG 48l GEM #1 Fused-Lasso 1 #:2% > 12,
XEEEVE RIS (B T UFS FIl FLAG 2 4Nt SCRR[27,28 132 116 ), 2 Bt o2 42 F 45 430 70k A s D341 WA S
B 384T A IR 2 Java 1.8 043K 35 & — & Intel i5-3470 CPU 3.20GHz Hi1 8GB W £ [ Windows T HL.
53 MEMEILL
BRI IR SR AT 7 KR4 S UE R 2 1 0] L s 06 A 2 W3R 2,30 o 36 5 P (0 B T s A i B 4R
TR WA 2 A AN B AR T MR R v (R B b KL
NF 2 ST VEHE4 T DA L ES4 5TVE S LTS SRR AR AbF 41 [5] (K 20, S4 A VK 3% 1 P v L AAOR iK,
LTS FIHE4 S 1.937 5,ES4 5 2 A% #5300 2.062 5,84 4 2.562 5.5 S4 Lk, ES4 76 7 M Eda4E E Lk S4 #E
WRAIRT A 6 MEIRE EReF 0 3 AN EUE S A TR X TR R4 ES4 AH L S4 A8 B T — S8R 75 S SR I 1]
J¥%1 1) Shapelet.iX iiF B :i# i SOINN 5% ) Hi [ ANTE J5U 4f 204 45 1 (1) Shapelet A2 21 74 A7 248 - T e
HIERTLUE 55 S4 F1 ES4 A LU, UFS 1 FLAG F) 43 2 HERf 2 ] WA AR F X Ui W] 8 T i Shapelet (&2 3
I8, UFS F1 FLAG 4tk T — & I HERf 2.

Table 2 Accuracy comparison

2 EREXS

Bl ik IG FS ST LTS FLAG UFS S4 ES4
Adiac 0.299(7) 0.558(5) 0.783(1) 0.542(6) 0.752(2) 0.698(3) 0.665(4) 0.698(3)
Beef 0.5(7)  0.517(6)  0.9(1) 0.8(4)  0.833(2) 0.667(5) 0.867(2) 0.833(3)
Chlorine. 0.588(7) 0.578(8)  0.7(6)  0.743(4)  0.76(3)  0.738(5) 0.768(2)  0.77(1)
Coffee 0.964(2) 0.925(3) 0.964(2)  1(1) (1) 0.9642)  1(1) 1(1)
Diatom. 0.722(7)  0.869(6) 0.925(5) 0.951(4) 0.964(1) 0.958(2) 0.951(4) 0.954(3)
ECGFiveDays  0.775(5) 0.996(2) 0.984(3)  1(1) 0.92(4) 1(1) 1(1) 1(1)
FaceFour  0.841(5) 0.909(3) 0.852(4)  1(1)  0.9093) 0.932(2)  1(1) 1(1)
GunPoint  0.893(5) 0.932(4)  1(1) (1) 0967(3) 0.987(2) 0.9932)  1(1)

ItalyPower.  0.892(7) 0.921(6) 0.948(3) 0.962(1) 0.946(4) 0.94(5)  0.95(2)  0.948(3)
Lightning7 ~ 0.493(6) 0.601(5) 0.726(3) 0.877(1) 0.767(2) 0.685(4) 0.767(2) 0.767(2)
MoteStrain ~ 0.825(7)  0.785(8)  0.897(3) 0.913(2) 0.888(5) 0.872(6) 0.891(4) 0.919(1)

Sony. 0.845(4)  0.698(7) 0.844(5) 0.952(1) 0.929(3) 0.79(6)  0.94(2)  0.94(2)
Symbols 0.78(7)  0.93(3)  0.882(5) 0.959(1) 0.875(6) 0.888(4)  0.95(2)  0.93(3)
Synthetic.  0.943(5) 0.917(6) 0.983(3)  1(1)  0.997(2) 0.997(2)  0.97(5)  0.973(4)

Trace 0.98(3) 1(1) 1(1) 1(1) 0.99(2)  0.96(4) 1(1) 1(1)
TwoLeadECG  0.851(6)  0.922(5) 0.997(2)  1(1) 0.99(3)  0.836(7) 0.977(4)  0.99(3)

5.4 I g R EE

I TAIB ), AR SO T AE 1 H b 02 0 R B AR AR 5 v o S At 26 1) [R] B 9 20 B9 RIS AT B W)L 36 5.3 W TR B
THER R CEIE BTN, 0 6, IRATE RS BS4 Jiik i R IT U LTS vk, ST Bk T 3K 3 Won T4
i RTINS N TR VAR

I 3 AT LAE 0T R BRI ST A1 LTS £59%:,S4 1 ES4 Eb ST R 100 #5748 K 2 B4 1L LTS R
200 5.3 B A SCHIFIE 3 HE 1R SRVRAE IR T R0 A R K 4R T

Ferp vl LLE BIL5095 ES4 (I ZRIN B K+ S4.3X 2 K A Al SOINN R 47 1 8 SR L Ak FH SRA 1 3
5% I )3 FE AR B 22 S 00 04 e IO T - SIS TR A B 0 &5 R AT & 1R A, R I B M S ) T AR A BT
40 0T LA 3, W9 3 U 2RIk TR) AH 2 B K i B3 4 42 Adiac Al Synthetic_control.3X 42 K 4 763X P AN B s 45 b, 128
TRIL I RAR LI 45 T 2 AR 2 A 43 B R vk SR IO R AH Lo 2 Wi ZEA8 AR 2 i 8 J0Ath ok 2 B8 i 46 |, BS4 2k
PR FFERT S4 SRFEFAS 00 45 BB (H VIR AN 22 204N 2 X JE o ES4 ZE M A BRI 2
J& ,Shapelet fi% 35 % 45 1R 55 25 10 F P&, {4173 Shapelet 28 e F1I 2545 25 2% 1) ) ) 31 REAH I 2 5 /D>
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Table 3 Time consuming comparison

#3 FMRLL
Hiu e 1G FS S4 ES4
Adiac 20106.6 5066.7 2144 250.7
Beef 4951.3 435.8 9.6 9
Chlorine. 23 667.8 96272 150.8 150.1
Coffee 712.9 88.9 0.4 15
Diatom. 438.9 28425 0.4 11
ECGFiveDays 15.7 1261.2 0.4 0.3
FaceFour 1228.4 606.7 1 R
GunPoint 143 160.2 0.4 1
ItalyPower. 0.5 87 0.1 0.1
Lightning7 5995.4 500.6 6 7.4
MoteStrain 1.9 676.6 0.1 0.2
Sony. 1 238.2 0.1 0.1
Symbols 1656.8 77923 2.1 3.2
Synthetic. 153.6 145.5 1 24.9
Trace 6946.4 234.4 6.8 6.2
TwoLeadECG 2.3 443.9 0.1 0.1

55 S HEFEXTLL
TE5r S IR] b ES4 #H B S4 W v a5 A 45 PR 4 ES4 i ik B B2 AL KW 9% 2> T Shapelet %5, £ 13 5% IR 4 %4
AT Shapelet A8 (1) v 5 ok, Ho» 2848 2 BR TR 2 TUAR IRFAE, BT LAIX 8 70l FE ik TR 2.
BT ST IR 1) 22 e B A A 0 22 U 2 DR e % 3 AN DS 42 1) 40 288 I [RIABONT B, T AR 7 (58 b X
AN S TN RNk BT %8 $4 4E “ChlorineConcentration”, “MoteStrain”,“Symbols”, & 411 (#1345 K /N9 51
3840, 1252,995; 4l k 43 2K I 1], 547 Ay s, P v mT LU 31, ES4 [/ 43 21 FE S e 1R 1 S4.

50

40

E1i]
20
) I
Chlorine. Maotestrain Symbols
=51 mESd

Fig.5 Classification time comparison between S4 and ES4

Bl 5 S4 5 ES4 4> 55 At e

5.6 ESABEETEARREER EFFI TRk

B4 AR B2 “Chlorine.” F1“Trace’ B BUAS [ B2 141 B 1] 77 41) FH LA 36 4IE B 1) 5 514 B % ES4 S0Pk g
(RIS FRATT 20 )R T AN SR AR AE K BRI 50%,60%,70%,80%,90%,100% I AR 11 25 IS} e R0 003k I 8], 552 46 4%
R 6. B 7 Fros. Bl rb S, ISt a0 i i () B 2 I R 270 110 1 R e A 5 30 P 1 K ) s 34 DR g
ES4 Sy2 AT LU N 45 K 1 e 1) 3 51 8508 4 (1% A S 36 i A4 34 35 & — & Intel iS5 CPU 2.30GHz F1 8GB A7)
MacBook Pro 4.
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Chlorine 3y S8 Y1 £ ef 510123 S i [ 48 e 2%
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Fig.6 Trainning time and test time with difierent length for Chlorine
Kl 6 Chlorine 4 H AN [ B (K Y IR i) A1 B i)
Trace i 48 VI 2R (810 2> R 17138 e i 2%

10 0.9
9 0.8
8 0.7
7
o 06 =
= . 05 =
= g
= B 04 5
® 3=
= 3 =
2 0.2
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0 0
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INERER 4

e YIRS [11] e 53 S 1]

Fig.7 Trainning time and test time with difierent length for Trace

K7 Trace $d G AN [F] AN 1R Y1 kA T A0 1K i 1]

57 ESAREIT 2 LA HERE MR IE R

Shapelet 1] LLFAE—AN 0] LLIR A RFAE, 2 AT — ANRRAE 7 B, ) DUF A ZRABL IR R 80 A0l i) B2 X 4%
TE; R0 38 22 6, w] LUK AU B 3R 7. 1 118 B () e 80 1 1 0 I 3R 2 45 SR Shapelet 3% 551X Ry 2
2T NKHE AL, Shapelet, T 3 350A] AR PRI BRAC.ESS 500 1 5 B o Y vh () INH 1] S 270 1) - 2 (M A =2 T
Fr AN BEAT 225, LLREAS 28 5015 31 1) 25 1 58 28 s 22 A0 8 M b B, AT BB A% 2 20 1 I 7 B 8 1 (1HL 3 L
fiEFi 17 75 X 1)) Shapelet, fRAIE T 2% 3] 7 LI 3 RIS 7E TP AR I P i F % e 2 S &L T LR X
shapelet #{ 126 B, AT 385 5 T 0 g e k.
5.8 ESAEE5BNET 4 EE LG 8 EEER

ES4 BRI BAE TR UE HERR R AT B R, IR $ 5 U 25 R0 43 238 B X 7 75 2 BB (jusst-in-time) #4385 . 5K
I B ST (10 3% 0 A o) 368 2 S5 I 1) 7 91 4 248 7 R 202900 b TBE S B8 0E A S 530 30 B0 I R 8 1) TT AT 1 3R ATT T ES4
FLASCER291 BT R G FSS SR HEAT T ISR 0] %6 LU B AT 135 488 10 56 L Bl 24 2 A A Bl , EL AR S vk
T T 3R o L 2 256 v 1) 23 288 A 82 A 2 Bz v 1. 55 SCR[29 T I I ) % BE DL 26 4. A2 vh vy LA Y ES4 FTFSS I
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SR AL T TR — B0 2, 0 FUREE 5 UL N ES4 2 R BT FSS. 92 45 B R WA T ES4 Sk n] LU I % e thil it
SN ST R RO ) 18] 32 510 43 28 75 SR (41 92 560 AR 34 5% & — & Intel i5 CPU 2.30GHz F1l 8GB P 171 MacBook
Pro E#L).

Table 4 Time consuming comparison between FSS and ES4

& 4 FSS 1 ES4 Il 215 fa) %) b

P FSS ES4
Chlorine 6.66 22.32
Coffee 0.30 0.23
ECGFiveDays 0.30 0.28
Trace 20.01 9.02
TwoLeadECG 0.09 0.07

6 IE‘ g:élz

AICETXS Shapelet 27 3] SVAAFAE R W] R REPEZE o IR TR) I P A ) JLRE TTFE 5, 32 HH T P S DI AL SR
T AT Ji s VI R SR P I ) 2 8710 SR, T DAAS 2 St i 18] )2 7 R A 1K) Shapelet [R] I, #8356 2 1§12 USRI o
ANBEEERUH, AT LU ™ . Shapelet 3o 2 (10 i) 2. S 56 45 SR W], A SCHR H R 7706 T AAEQRIE. Shapelet 27 > 5%
R v M A AN AR (1 1) I AT 0N 38 Shapelet & Il R A5 S8 B 70, 3RA 190 UE T A SCO7 W A7 300 DR SIE T ES4
AR RE M Wi AL R RE TR 30 5% TR N 1) P 0 0 SR 8 B IR ALY 3 52 IS ST 1) 7 LI ) o 21 508k 24 i AL s 14
PRAEATIR 2, b A1 ES4 S (¥ 3 52 55 Hod 2 b 8 100 HA 0%, 24 2R 1ad 22 Iy B S4 4T3 8 1T I 3k FE2 A 1) i) il A
KBENTH ST SR HPFIEAR Y ES4 455, LU 2 A T I 4 2 28 1 A I 1) 1) 25 B o A i 22
T BB i) 5 (1 g I 0] R0 AR BAT T K% DL ES4 kg B ity K40 3t i 8] 3 41 BRIV B 43 288 il 2%, 14 3L F 1 Tl
SE bR N 3 5
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