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Time Series Clustering Based on LLE and Gaussian Mixture Model

YANG Qiu-ying, WENG Xiao—qing
(School of Information Technology ,Hebei University of Economics & Business, Shijiazhuang 050061 , China)

Abstract : Cluster analysis is a common data mining method. Time series data mining can transform massive time series information into
organized knowledge. In view of the high dimensionality,nonlinearity and other characteristics of time series, most clustering algorithms
cannot be directly applied to the original time series data and achieve satisfactory results. It is important to study how to retain as many
inherent features of the data as possible while reducing the dimensionality, and to identify interesting patterns that represent knowledge.
Most of the existing nonlinear dimensionality reduction methods reduce the dimension from the perspective of preserving the global
features and ignore the local linear features of the data set. A time series clustering algorithm based on LLE and GMM is proposed.
Firstly, from the perspective of preserving local features, LLE is used to represent each sample of high—dimensional time series as a linear
combination of its k —nearest neighbors and reconstruct it in the low —dimensional space, and dimension reduction is achieved while
preserving the local geometric structure of data. Then, GMM is used to perform cluster analysis from the perspective of probability distri-
bution. Compared with the existing methods, the proposed algorithm can obtain better clustering effect in univariate time series.
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Step7 :M-step, {l:fk E-step FUIH SHUAS HH I S5 (w,
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Step8 : E & E—step 1 M-step, H 2 S80S sl 2 5 B & K
BERIKEL;

Step9 : FHYIZAAF 1Y) GMM FERIHET TR S
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T & 2 IR R B B[R] &2 2= BE Sy O(NC) , € SR ZEHIA
B, M-step B S w,u FFRIEZRE R OCk) ;1T
BT S BRI 220 O(NCd) iR
WA Z4BE R O(NC(d® + 1) + C) 54 EBCH b
B, B ERRR A B 24 BN O(Nm® + mN° + mNE +
dN* + hNCd)
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3 XBRERSHM

E 36 3K 1 UCR"™ H5Hs 122 Aty st [ 1 37 B340 45 1
JH Rand $8%00 R FEVEREHEATIEAL . Matlab 2019b
5 T A RF, AT IETEAL(NAFE 16 GB,CPU
3.30 GHz,Windows 7 FEYERSE) FSLH,
3.1 HiBRE#HIE

K HIZE A UCR £5040 Pe i sf ] e 9 B 06 4 Bl 4R
HEAAEBENLA M H A B R S IIPR 285 . &
130T 36 A8 4 00 R ZRRE, s )7 5 FEACLE

LR FEA BB REAK RS RIAN R, X EBRAE v
BTl GRS A ARAT R iR | B 2 Ak 2 T
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A1 HBEEWMEHEL
B RER 2
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e HAR T BHOKE K
1 ArrowHead 211 251 3
2 Beef 60 470 5
3 BeetleFly 40 512 2
4 BirdChicken 40 512 2
5 Car 120 577 4
6 ChlorineConcentration 4307 166 3
7 Coffee 56 286 2
8 DiatomSizeReduction 322 345 4
9  DistalPhalanxOutlineAgeGroup 539 80 3
10 DistalPhalanxOutlineCorrect 876 80 2
11 ECG200 200 96 2
12 ECGFiveDays 884 136 2
13 GunPoint 200 150 2
14 Ham 214 431 2
15 Herring 128 512 2
16 Lightning2 121 637 2
17 Meat 120 448 3
18 MiddlePhalanxOutlineAgeGroup 554 80 3
19 MiddlePhalanxOutlineCorrect 891 80 2
20 MiddlePhalanxTW 553 80 6
21 MoteStrain 1272 84 2
22 OSULeaf 442 427 6
23 Plane 210 144 7
24 ProximalPhalanxOutlineAgeGroup 605 80 3
25 ProximalPhalanxTW 605 80 6
26 SonyAIBORobotSurfacel 621 70 2
27 SonyAIBORobotSurface2 980 65 2
28 SwedishLeaf 1125 128 15
29 Symbols 1 020 398 6
30 ToeSegmentation] 268 277 2
31 ToeSegmentation2 166 343 2
32 TwoPatterns 5 000 128 4
33 TwoLeadECG 1162 82 2
34 Wafer 7 164 152 2
35 Wine 111 234 2
36 WordSynonyms 905 270 25
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Ml SO L S B A Bk A X e SR R
BIANE J7 ¥ Rand #5407 (R1) ¥E4 LLE_GMM Ry %

RI TP + TN

TP + TN + FP + FN (9)
U, TP 3R 8 T [RIZE A REAR 0 P AR 25 40 [H] , FN 32
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FEA I TIARZS 0 A [R], Rand $8 80U M 0,17, &
IET R, 2 5 AR 215 B 5 T 45 R 58 4> — 3
RI=1,
3.3 MHEEEEEE

oK% LLE_GMM Hktefe, K H 5 10 fi A
AT Rand F5 80 (RI) LR, 10 FpETE 2 R A2
R FETARGRBE S ) DL S TR B2 2] Horb AR IR B
2 2] (1) 43 S T S A8 R B T AR I T ) RS R AIE 1 2R
FE N R BTSSRI T IR A 7 1

245 T 5 R EETARIREE 2% 2 1 O ik DA
LLE_GMM 7t 36 M4di 4 AT R/ RUAE, /S F
Ty RUEAESR 2 HAHLE R, &2 51 3
B X 1 AR L 56 2 0 255 6 S o3 il
KSC™' NDFS™' RSFS™' kshape'®' USSL™' ) RI
{8 55 —FN 45 1 7 LLE_GMM 1Y RI {5 LA K % 37 19
UTABANE b AR AR d

2 WEIECEE 2 17 Avg 43 Hh & R 17 24 RI
{H, T LAE 1 LLE_GMM 7£ 36 44 4 (19724 RI Ky

0.802 0, 7E/SFPAR R B 5 ) Sk rh U e A4S R, 3R
2 MG —4T Win 25 H 45 B 78 36 A 4iis 4 1 s
ML R A4, T LUE ) LLE_GMM 7£ 23 N5
4R U E R4 R

3 45 TS FhEETUREE 2 ) 1 i LA S LLE
GMM 7£ 36 MG FHFTRISH R, XS Fh 5 %
W fe s RUE RN B /R, 38 3 HEE 1 51055 Xt
N1 R BOEESE 5 2 B B A 6 4143 5k SOM -
VAE™' N2D"™' IDEC'™' DTCR™F1TSC_CNN"'f{y
RI{H ; ftJ5—3 45 H 7 LLE_GMM [ RI {5 LA K X )i
FYIT AR E k AR AZEE d

3 MEIECE 2 17 Avg 45 &Rk iF 1 RI
i ,LLE_GMM 7 36 %45 4E 197 3 RI 7E S R 0E
RS L4 B, % 3 M5 —17 Win 43 i 4%
TTE 36 N 4R E IS iR RL N5, 7T LR
tH LLE_GMM 7 18 /M4 #i 4 L HUS fe L4k

WREE 2 ) BR e T S — e R L2 8B
BRI, LLE_GMM 7 AN 85 14 33 it fr) [+ B m L BRAS:
AN TR 2 2 TR AR

%2 LR EF G kM RI K

F5 KSC NDFS RSFS Kshape USSL LLE_GMM(k, d)
1 0.725 4 0.738 1 0.710 8 0.725 4 0.7159 0.816 3(31, 6)
2 0.705 7 0.703 4 0.697 5 0.540 2 0.696 6 0.811 3(25, 15)
3 0.605 3 0.557 9 0.651 6 0.605 3 0.810 5 0.857 7(17, 38)
4 0.7316 0.7316 0.663 2 0.663 2 0.810 5 0.703 9(29, 9)
5 0.689 8 0.626 0 0.670 8 0.702 8 0.734 5 0.760 1(6, 9)
6 0.525 6 0.5225 0.5316 0.411 1 0.499 7 0.849 0(2, 23)
7 1.000 0 1.000 0 1.000 0 1.000 0 1.000 0 0.929 9(23, 5)
8 1.000 0 0.958 3 0.916 7 1.000 0 1.000 0 1.000 0(10, 4)
9 0.653 5 0.623 9 0.6539 0.602 0 0.665 0 0.7547(30, 1)
10 0.5235 0.538 3 0.5327 0.5252 0.596 2 0.6731(36, 21)
11 0.6315 0.6315 0.691 6 0.701 8 0.728 5 0.787 7(37, 14)
12 0.5257 0.557 3 0.595 3 0.502 0 0.834 0 0.8617(12, 4)
13 0.497 1 0.510 2 0.499 4 0.627 8 0.7257 0.678 4(16, 23)
14 0.536 2 0.536 2 0.5127 0.5311 0.639 3 0.6256(72, 5)
15 0.494 0 0.516 4 0.5151 0.496 5 0.619 0 0.555 6(84, 76)
16 0.626 3 0.5373 0.526 9 0.654 8 0.695 5 0.607 7(6, 3)
17 0.672 3 0.663 5 0.665 7 0.657 5 0.774 0 0.9677(70, 6)
18 0.536 4 0.5350 0.547 3 0.510 5 0.580 7 0.746 3(95, 39)
19 0.501 4 0.504 7 0.514 9 0.511 4 0.663 5 0.577 1(31, 10)
20 0.818 7 0.1919 0. 806 2 0.6213 0.792 0 0.849 3(5, 2)
21 0.663 2 0.605 3 0.616 8 0.605 3 0.810 5 0.820 1(5, 36)
22 0.571 4 0.562 2 0.566 5 0.553 8 0.655 1 0.772 0(8, 16)
23 0.960 3 0.895 4 0.931 4 0.990 1 1.000 0 0.987 3(16, 37)
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F5 KSC NDFS RSFS Kshape USSL LLE_GMM(k, d)
24 0.5305 0.546 3 0.538 4 0.561 7 0.793 9 0.831 3(100, 3)
25 0.605 3 0.605 3 0.5211 0.5211 0.728 2 0.8738(24,9)
26 0.772 6 0.772 1 0.792 8 0.808 4 0.810 5 0.946 7(31,19)
27 0.903 9 0.886 5 0.894 8 0.5617 0.857 5 0.750 5(21, 3)
28 0.492 3 0.550 0 0.503 8 0.5333 0.8547 0.928 4(100, 6)
29 0.898 2 0.856 2 0.906 0 0.837 3 0.9200 0.957 4(20, 8)
30 0.500 0 0.587 3 0.496 8 0.614 3 0.6718 0.651 2(91, 91)
31 0.5257 0.596 8 0.582 6 0.5257 0.677 8 0.686 9(132, 2)
32 0.858 5 0.8530 0.858 8 0.804 6 0.831 8 0.7715(4, 22)
33 0.546 4 0.632 8 0.563 5 0.824 6 0.862 8 0.9779(8,7)
34 0.492 5 0.526 3 0.492 5 0.492 5 0.824 6 0.9226(20, 19)
35 0.500 6 0.5123 0.503 3 0.500 1 0.898 5 0.638 0(70, 14)
36 0.872 7 0.876 0 0.8817 0.784 4 0.854 0 0.9034(6,5)

Avg 0.658 2 0.640 2 0.654 3 0.6419 0.767 6 0.802 0

Win 4 1 1 2 11 23

A3 LIREFT ke RI R

F5 SOM-VAE N2D IDEC DTCR TSC_CNN LLE_GMM(k, d)
1 0.648 7 0.645 2 0.6210 0.686 8 0.7349 0.816 3(31, 6)
2 0.671 1 0.678 5 0.627 6 0.804 6 0.712 6 0.811 3(25, 15)
3 — — 0.605 3 0.900 0 — 0.857 7(17, 38)
4 0.519 2 0.5333 0.478 9 0.810 5 1.000 0 0.7039(29,9)
5 0.648 8 0.706 4 0.687 0 0.750 1 0.794 3 0.760 1(6,9)
6 0.529 6 0.534 2 0.5350 0.5357 0.534 0 0.849 0(2, 23)
7 0.7253 0.864 9 0.576 7 0.926 8 0.928 6 0.9299(23,5)
8 0.863 7 0.943 1 0.734 7 0.968 2 0.979 2 1.000 0(10, 4)
9 0.660 9 0.606 7 0.778 6 0.782 5 0.783 2 0.754 7(30, 1)
10 0.499 5 0.499 8 0.5330 0.607 5 0.603 1 0.6731(36, 21)
11 0.623 1 0.638 6 0.623 3 0.664 8 0.664 8 0.787 7(37, 14)
12 — — 0.5114 0.963 8 — 0.8617(12, 4)
13 0.497 6 0.497 4 0.497 4 0.639 8 0.572 2 0.678 4(16, 23)
14 0.513 4 0.513 4 0.495 6 0.536 2 0.516 0 0.6256(72,5)
15 0.497 1 0.496 0 0.509 9 0.5759 0.514 2 0.5556(84,76)
16 0.503 5 0.495 8 0.5519 0.591 3 0.820 0 0.607 7(6, 3)
17 0.733 4 0.750 7 0.6220 0.976 3 0.797 0 0.967 7(70, 6)
18 0.733 0 0.7310 0.680 0 0.798 2 0.546 3 0.746 3(95, 39)
19 0.499 4 0.501 3 0.542 3 0.561 7 0.856 1 0.577 1(31, 10)
20 0.814 6 0.7579 0.862 6 0.863 8 0.8158 0.849 3(5,2)
21 0.697 5 0.669 8 0.732 4 0.768 6 0.8211 0.820 1(5, 36)
22 0.7323 0.761 4 0.760 7 0.773 9 1.000 0 0.772 0(8, 16)
23 0.948 9 0.977 2 0.944 7 0.954 9 0.817 0 0.987 3(16, 37)
24 0.776 8 0.698 0 0.809 1 0.809 1 0.903 6 0.831 3(100, 3)
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F5 SOM-VAE N2D IDEC DTCR TSC_CNN LLE_GMM(k, d)

25 0.786 7 0.750 8 0.903 0 0.902 3 0.810 5 0.873 8(24,9)

26 0.591 7 0.609 1 0.690 0 0.876 9 0.9259 0.946 7(31,19)

27 0.654 8 0.679 6 0.657 2 0.835 4 0.927 2 0.750 5(21, 3)

28 0.874 2 0.893 4 0.889 3 0.9223 0.5333 0.928 4(100, 6)

29 — — 0.8857 0.916 8 — 0.957 4(20, 8)

30 — — 0.501 7 0.565 9 — 0.6512(91,91)

31 0.498 7 0.505 8 0.499 1 0.828 6 0.8920 0.6869(132,2)

32 0.498 2 0.628 3 0.633 8 0.698 4 0.8715 0.7715(4, 22)

33 0.502 3 0.500 1 0.501 6 0.711 4 0.589 9 0.9779(8,7)

34 0.5355 0.5115 0.559 7 0.733 8 0.824 7 0.9226(20, 19)

35 0.495 4 0.495 8 0.5157 0.627 1 0.547 6 0.638 0(70, 14)

36 0.8957 0.889 0 0.894 7 0.898 4 0.883 5 0.9034(6,5)

Avg 0.646 0 0.6551 0.651 5 0.771 3 0.766 2 0.802 0

Win 0 0 1 6 11 18
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