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A u-shapelet time series clustering algorithm based on key points
guidance

CHEN Mei', WANG Yu
(School of Electronic and Information Engineering, Lanzhou Jiaotong University, Lanzhou 730070, China)

Abstract: Focusing on the problem that most existing time series clustering algorithms based on u-shapelet
(unsupervised-shapelet) fail to simultaneously balance the efficiency and quality of u-shapelet extraction, a u-shapelet
time series clustering algorithm based on key points guidance named UKey is proposed. Firstly, a subset of time series
is selected by random sampling from the time series dataset. A two-step method is proposed to identify the key points in
the sampling time series. Then, these key points are utilized to extract subsequences to obtain the u-shapelet candidate
set. This strategy not only ensures that the extracted candidate subsequences capture the key fluctuation regions but also
effectively reduces the number of candidate subsequences. Subsequently, the Davies-Bouldin (DB) index is introduced
as a new quality evaluation method, aiming to ensure that the obtained u-shapelet set exhibits high quality by
comprehensively considering inter-class separability and intra-class compactness. Finally, the k-Means is used to
cluster the distance matrix constructed based on the u-shapelet set. Experimental results on 10 different datasets
demonstrate that the UKey outperforms 14 comparison algorithms, achieving higher accuracy and better
interpretability.
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TS2  0.9187 0.5020 0.7981 0.6778 0.4800  0.6780 0.5257 0.5968 0.5968 0.5826 0.4976  0.5257 0.5257  0.6780  0.6795
GUN 0.7298 0.6278 0.5773 0.5363 0.6382  0.4975 0.5029 0.5102 0.6498 0.4994 0.4975 0.4975 0.6278  0.6218  0.4975
WDS 0.8775 0.8230  0.8479 0.8540 0.8658 0.7918 0.8697 0.8760 0.8861 0.8817 0.8900  0.8775 0.7844 0.8984 0.8536
SWL 0.9005 0.6154 0.3451 0.8547 0.8727  0.8986 0.4923 0.5500 0.5192 0.5038 0.8858 0.8761 0.5333 09355  0.8573

Average 0.8026 0.6294 0.6170 0.6913 0.7090 0.664 6 0.5994 0.6466 0.6568 0.6070 0.6888  0.6666 0.6209 0.7552 0.6794

MEHEEE I 1 5 &, UKey 76 10 NS B
RI. NMI #1 ARI [ ~F ¥J {8 4 0.802 6. 0.478 1 Al
0.397 0, 43 A LLZE 2 4451 0.047 4. 0.073 5 F1 0.068 8.
X UKey 1E IV 8] Fp 51) 58 28 o B AT v P 0 12
M HE L. BRI 5, UKey £ MEA. TS2 #l GUN
SRR AR TN B RRAE 23 B 4R AR
Jo . 7R IX Le E 48 45 I, UKey 19 RI {5 235 Eb
2 4 EH 0.130 34 0.1206 11 0.080 0, 7870 78 T
HoA R B B2 R AR R RE ). X — R HAE
NMI F1 ARI a5 E[RIFEFS 2 TR 751X 4080 4
I, UKey ) NMI 1 ART {HIIA0510 56 1, BT

fixf B 59%. 78 FAL b, B4R UKey i) RI. NMI Al
ARI {f It BruteForce X 0.0006. 0.0305 F1 0.0913,
{HZE PR/, IR R 0T B8 U5 X T BruteForce 51418
1 55 28954 B T B HEHR FE (P u-shapelets #1753,
M AE FAL | HU A5 B 43 1 R 3. 1 /£ SWL |,
UKey 113 B i F R-Clustering 5 7% . 1X 7] B8 & [A]
9 SWL J& T~ MG 5 £, HUE SR 1R = 80K, T R-
Clustering 5% 18 4 4b PHX K0 5 . R 10, UKey 7£
CAR. OSU 1 WDS ##i £ R DA R 5. X ] fE
F& T UKey S92 38 o B AL AT SR A IR ) 18] 5 7104
BIRD I R R BE I R BB AR AR X8, AT I AR 1K 2E 5
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#3 UKey 5 14 NTHCEAAE 10 MRS EBRERNEXITMN NMI

i u-shapelet /77 HSEEFR Ty i 7%

His UKey BruteForce SUSH USSL FOTS SE-Shapelets UDFS NDFS RUFS RSFS RUSLP k-Means k-shape R-Clustering Time-C
BEE 03802 02185 0.2612 0.2001 0.1597 0.3211 0.2718 0.3647 0.3799 0.3597 0.2406  0.2499 0.0985 0.2954 0.2651
MEA 0.8997 0.6224 0.5486 0.7277 0.6805  0.6807 0.2832 0.2416 0.1943 0.3016 0.5456  0.6375 0.3290  0.6337  0.5067
WIN 0.0586 0.0498 0.0529 0.0014 0.0465  0.0008 0.0045 0.0259 0.0065 0.0096 0.0010 0.0035 0.0038  0.0183  0.0025
CAR 0.3430 0.2044 0.3228 0.3491 0.2509 0.2174 0.2319 0.2361 0.2511 0.2920 0.1783  0.1732 0.1953 0.4975 0.2622
FAL 05133 0.5438 0.5114 0.4303 04719  0.2196 - - - - 02383 0.1111 0.1452 05063  0.4750
OSU 04238 0.2657 0.2143 0.0983 0.4314 0.1035 0.0200 0.0352 0.0246 0.0463 0.1188 0.1701 0.3574 0.4359 0.2534
TS2  0.7043 04559 0.5560 0.6241 0.4173  0.2039 0.0727 0.1713 0.1713 0.1625 0.0003  0.0197 0.2848  0.1379  0.2298
GUN 0.4623 03038 0.1816 0.2595 0.0406  0.3585 0.0220 0.0334 0.2405 0.0152 0.0000  0.0020 0.0010  0.3437  0.0001
WDS 04715 0.1693 0.1368 0.1188 0.1663 0.2644 0.4745 0.5396 0.5623 0.5462 0.3737  0.1377 0.0786 0.4101 0.3260
SWL 0.5240 02917 02108 0.3248 0.3961  0.4520 0.0082 0.0934 0.0457 0.0269 0.3737 03358 0.3358  0.6584  0.4791

Average 0.4781 03219 0.3039 0.3260 0.3224 0.2882 0.1543 0.1935 0.2085 0.2667 0.2033  0.1767 0.1923 0.4046 0.2816

#+4  UKey 5 10 NEEEATE 10 MRS L BARERNEHITN ARI

. u-shapelet /772 L2 WIRFS FHIELL 715
HE UKey BruteForce SUSH  USSL  FOTS  SE-Shapelets k-Means  k-shape  R-Clustering ~ Time-C RUSLP
BEE 0.3419 0.2198 0.2258 0.2005 0.3333 0.2353 0.0831  0.0314 0.0833 0.0773 0.0667
MEA 0.9035 0.6030 0.5827 0.6499 0.2945 0.6239 0.5967 0.276 0.6191 0.4197 0.4928
WIN 0.0696 0.0529 0.0335 0.0511 0.0498 -0.0059 —-0.0082 —0.003 0.0147 -0.0036 0.0052
CAR 0.2969 0.1426 0.2549 0.3929 03531 0.2628 0.1095 0.1287 0.3565 0.1755 0.096 8
FAL 0.3524 0.4437 0.4078 03041 0.2839 0.3392 0.0555  0.0597 0.3188 0.2934 0.1034
OSuU 0.3815 0.3138 02917 0.2698 0.2778 0.2396 0.0979 0.3023 0.3447 0.1605 0.0744
TS2 0.8259 0.6632 0.7623 0.7047 0.7613 0.7276 —-0.0035 0.3433 0.2551 0.342 —0.0061
GUN  0.4599 0.4013 0.3045 0.4525 0.3900 —-0.0051 —-0.0047  0.004 0.2472 —-0.0049 —-0.0051
WDS 0.1629 0.1092 0.1210 0.0092 0.0101 0.098 6 0.0916 0.0356 0.1719 0.1582 0.1391
SWL 03152 0.3327 0.1433  0.1938 0.2734 0.2496 0.0843  0.0843 0.4324 0.2434 0.1483

Average 0.3970 0.3282 0.3128 0.3229 0.3008 0.2765 0.1102 0.1262 0.2844 0.1862 0.1116

Ptk ERTEREA IR, iy BRL FR) TR S 5 ¥k M AAT 20O xe e 1] P 51 1 52 2% A

MR LE SR VE 1 B, UKey 2 4L T u-shapelet
JEH ) 4 Bl EEEE. DL MEA 308 48 9191, UKey
] RIME N 0.957 4, 5 BruteForce. SUSH. USS Al
FOTS AH Lt 7 5l #& /& 7 0.2832. 0.4215. 0.2134 Al
0.3074. iX K B UKey A& 50t I (8] 77 51 HR 4248
KB R EBRAAE. 5 5 Bl T ReAEIE 5 7 AR L,
UKey 7&K 2 B804 48 b 1) 3 DL #8 58 4F . 5 S 78
SWL %4 45 I, UKey fJ RI{E X F] T 0.9005, 5
UDFS. NDFS. RUFS. RSFS fil RUSLP #f tt., 43742
B 1 0.4082. 0.3505. 0.3813. 0.3967 F1 0.0147. #&
i, £ WDS %4 £ I, UKey H RI{& 1 T RUFS.
RSFS Fl RUSLP. X 7 fig & K WDS 4 5 R 1E
FEX 48—, UKey BE9F 5 Jm #RFAE, T REAE 5 35 7 2
B TR e R RE W, UKey £ H 4R 94
HH A R AR A R I L Ve e AEAR ST, R-
Clustering [1] RT “F¥ME R 0.7552, R AE, (HAK
T UKey i) RI “F341H 0.8026. H A% 4t J5 7% ) RI
3B B B 2K T UKey [ RICFH1H. 45 R R0,

1M UKey i i i 2 J #0RFE 1047 JE 36, fE AR B B 7%
() B 8] 271 B8040 I 5 A B I A 35 b Ak, AL NMIT
M ARI KR E, UKey [FRIFER I (. 7R 2 B8 4
F, UKey ) NMI #1 ARI 18 ¥ 52 & T HoAt s be 5
W, X B IRAIE 7 AR (8] 5 51 58 2 ) R 1
&, 0, 78 MEA Il TS2 $0¥5 48 I, UKey
(] NMI A1 ART A28 56 1, i 240 T HoAd 5%, X
W] UKey AMUAE RT _ERIAL 7, 7217 5 53K — 5
P ANV PR ) NMIT AT ARIT Fe b5 0 B B2 AR
#.
3.3 t-SNE A4k

FH T S 50 Hh A PR S B R 4 AR T
Yk, Toik EOULH DL DY SR, B, AT 51N -SNE
(¢-distributed stochastic neighbor embedding) [# 4
AR, 7R AT REOR B RRAEAS SIS DL, s v 4 250 i
S 3 4R 1A), T SEILEHE S I T AL R . FE IR
3 H, ¥ UKey- BruteForce il SUSH %% /E MEA %{
P B ER R A v WAL, I 5 5 S 1 T S iR 45
AT X EE, LB RS RE 2 R I JRR 2 5, A
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o, BRI 3 MR 5, IR SR 2 R A B
RIS, A S X R B S A B I 45 1 L
TE I, 25 2R EE S A B LR EE . TR 3(b)
UKey 53k 1) B 45 R 15 B B8 (1) 30 S e 45 4 i R
— 3, I B 3 MR, RA WD EERE S R
A 28 B W5 R L IX SR B, 7E A 3% BOIE SR R
UKey HIE BRI A 250 HEH00E 16 9 PE 2540, R I H 4
3SR J5RE /7. ML 2R, BruteForce 5.5 1 SUSH
HIER RBERE B REMAAER R ES. B
711, SUSH Bk B K45 R BoR i A 1R K
TR BE E B, AN BR VA 47 42 B0 10 45 /R AE. e 4,
P 3 A o B2 R R AR IR R B s SR 1R AT R 4y, IF
A F e R E, ARG RPMEA

B J SR N BOE A

23 I, UKey L% MEA B3 K50 B &% 1T, Bt
AR I Hb 3 5 50 1) B SE AR A A, S H AR ) 3R 2K
PERE.
34 BUEHUERR
P, UKey 533 H I BRME o 3047 558
) VK i ide. BEARLFA) o S 1% B % ek S BE B ik 3l HLAR fk
W8 3o /0 F) O B Al RD I I %, I 7R AR AR R T
SR PR 2 B A5 28 R SR U 3 B s TR, TR T ot
2 [ BUE X 5 85 % u-shapelet IR E B2 A
3 HE 43 B SR AT UE o BB AR 5T, o HUE
T BB N [0, 0.05], 25K 0.000 5. HA, o I H
KAE W B E N 0.05 2 KN 24 0 3k 1 it £ R,
UKey TG0 3815 2 F£ % % 3% u-shapelet, M T 5 1
AR EE

4 7R T UKey BiEH NMI 48 bx B BE o 22
LR 2. B 4 7T DU Y, WIN 045 48 () NMI
FEARIT L PR AR A0 IR HH A 1 AU, VR AE AR [
oft R M REAI X AR, IX B UKey HIALE 1Z 5
% BRI &Y. Mtk T, TS2 il BEE %
PEHER) NMI FRARTE o fE A I R HLH — & & B
PN B s, X Rl sh M B T UKey HETEARF
O oA R 1 R P A L 38 I X AN R B HE
£ Eseie g BT UR I, M afE7E 0.001 Ui,
UKey 5L 7E X S H0 3 45 35 R B H BT 10 T 2K 3%
Rk, AR SO ot [ 52 N 0.001. 1% — i # B A X
HARH: BEIRD TUAR ARSI N DR T B &,
TR % u-shapelet #5402 FEME ISR 1, 88 Gt
TR E BN R E .
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Z LA T A Ly
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B
El4 FEHEXT NMI IEFRBE S
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%5 DB 0 gap LLE

el <Len rand index
gap DB
BEE 24 0.5825 0.7531
MEA 70 0.7772 0.9574
WIN 5 0.5135 0.5348
CAR 74 0.6094 0.7197
FAL 32 0.8843 0.9005
OSU 10 0.7178 0.7341
TS2 58 0.6258 09187
GUN 22 0.5138 0.7289
WDS 10 0.8743 0.8775
SWL 12 0.8979 0.9005

s poR, 76 10 AN EdE 45 -, DB e £y ik
T gap BR %, HF 5 JE £ TS2. GUN Al MEA % ¥ %
I, DB $8 % 1) RUAH 4 5 Lt gap o6 30 1% RIME =
0.292 9. 0.215 1 A1 0.180 2. iX % B DB 5 % 7 ¥4t
F A & 7 1450 24 DB 18 807E 7 51 i =T
fiti o AT R AE T gap BABUA E B TR 5
FE, 2% T 75 U (4 3 A, i DB FR S RE T
THENME SN, XHEET THEZIMN 5 E.

2% b, S22k BIGHE T DB 8 EUE N T 5 51 R
BVPAG 7R 14T Rk, i R S R T I
PR 4R 10 9 20 B9 B, DB FR 3R S 47 b4 & u-
shapelet FIIEFE. XA 9IS (8] 77 71 S 4g it 1 51 A
PR RE I R SR ARAE, BN 5 SR 2845 AR T AT
FEMICFRE.

3.6 BATHREISMT

TESEIGH, A HE T UKey 5 BruteForce 75

10 MR E L Ris 4TI ), 45 A& 6 AT,

<6 BITETEFNANIREL

EEiTES BruteForce/min UKey/min I
BEE 11.57 4.39 2.64
MEA 22.68 7.01 3.24
WIN 12.57 5.65 2.22
CAR 59.01 6.45 9.15
FAL 3534.14 1041.68 3.39
OSU 471.7 159.37 2.96
TS2 10.80 5.04 2.14
GUN 12.20 1.05 11.62
WDS 4463.02 180.28 24.76
SWL 635.57 530.65 1.20

3 6 RI %N, 78 A 204 £ b, UKey #BAE W%
YT ERT A, PN, UKey IHMR T 6.33%. e K
Fil e /INTH FEE 90 A 24.76% 1 1.20%. BRI 5 2 2
i 2 BT PR ER AR B UL T R A
AN el . BruteForce 572 75 B M EHE 48 b (1) BT

(6] 7 7 S BT A AT RE )7 81, X S8 T B R
TFEITES. FEEE 2T, UKey S35 13 51358 43 B[]
FE A0 ) S R, RERECE B 17 41, A RK
> ARG T P B, W RAC TR, 2R
b, TRV AR J5 T, Morph B 5548 T BruteForce.

4 4 #®

ARSCHRM T — R T OB A 5] S 1 u-shapelet
B 1) 3% ) 32K 35 UK ey, 1285033 5t 1 7 492
R 51 37 90 e £ 5 6 5, E G RO 3% T 81
FORE 0 RN, WA (R T 1035 T R 51 LA i AR e
BEAb, I A FE I 4 B B 2 B, BIA
DB $5 5 3 17 5 5 IR 7 12, AT ARAE T
FI7 3R X ) u-shapeletf & 1 75 B ik 75 10 /> $dE 42
S 4 S W, UKey 76 58 35k R PR AT e vt
FEAR T 14 Fhok LS. 75 KSR 10 AR, R
FA AT, 5 Ak u-shapelet 325U 5 &A1
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