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Multivariate Time Series Density Clustering Algorithm Using Shapelet Space
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Abstract: Multivariate time series clustering has become an important research topic in the task of time series analy-
sis. Compared with univariate time series, the research of multivariate time series is more complex-and difficult. Al-
though many clustering algorithms for multivariate time series have been proposed, these algorithms still have diffi-
culties in solving the accuracy and interpretation at the same time. Firstly, most of the current work does not consider
the length redundancy and variable correlation of multivariable time series, resulting in large errors in the final simi-
larity matrix. Secondly, the data are commonly used in the clustering process with the division paradigm, when the
numerical space presents a complex distribution, this idea does not.perform well, and it does not have the explanatory
power of each variable and space. To address the above problems, this paper proposes a multivariate-time series
adaptive weight density clustering algorithm-using Shapelet (high information-rich continuous subsequence) space
(MDCS). This algorithm firstly performs @ Shapelet search for each variable,-and obtains its own Shapelet space
through an adaptive strategy. Then, it weights the numerical distribution generated by each variable to obtain a simi-
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larity matrix that is more consistent with the characteristics of data distribution. Finally, the data are finally allocated
using the shared nearest neighbor density peak clustering algorithm with improved density calculation and second-

ary allocation. Experimental results on several real datasets demonstrate that MDCS has better clustering results

compared with current state-of-the-art clustering algorithms, with an average increase of 0.344 and 0.09 in the nor-

malized mutual information and Rand index, balancing performance and interpretability.
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Table 2 Comparative experiment datasets

IETE S o RN KE I
ArticularyWordRecognition 575 9 144 25
AtrialFibrillation 30 2 640 3
BasicMotions 80 6 100 4
Cricket 180 6 1197 12
ECG 200 2 152 2
Epilepsy 275 3 206 4
ERing 300 4 65 6
FingerMovements 416 28 50 2
HandMovementDirection 234 10 400 4
Handwriting 1000 3 152 26
JapaneseVowels 640 12 29 9
Libras 360 2 45 15
Lpl 88 6 15 4
Lp2 47 6 15 5
Lp3 47 6 15 4
Lp4 117 6 15 3
Lp5 164 6 15 5
Natops 360 24 51 6
RacketSports 303 6 30 4
SelfRegulationSCP1 561 6 896 2
SelfRegulationSCP2 380 7 1152 2
StandWalkJump 27 4 2500 3
UWaveGestureL ibrary 440 3 315 8
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#3 NMIZR

Table 3 NMI results

Datasets SWMDFC MC2PCA BCNC cnNMF cACM MK-Shape MK-SC FCFW RP-VWKM DeTSEC MUSLA MDCS
ArticularyWordRecognition  0.4928 0.527 2 0.5062 0.8896 0.8501 0.8588 0.8243 0.4318 0.7378 0.4290 0.8382 0.9170
AtrialFibrillation 0.1530 0.2042 0.2191 0.0757 0.2890 0.1152 0.0649 0.2109 0.2154 0.1547 0.2085 0.2150
BasicMotions 0.1995 0.5351 0.3493 1.0000 0.3343 0.7547 0.4584 1.0000 0.5620 0.6120 0.8812 1.0000
Cricket 0.4996 0.4713 0.4026 0.9754 0.6618 0.8853 0.5781 0.8714 0.7672 0.7609 0.7609 0.9353
ECG 0.0726 0.1508 0.0533 0.296 3 0.0043 0.0164 0.2435 0.1791 0.2648 0.0013 0.2292 0.259 9
Epilepsy 0.1787 0.5876 0.2881 0.6276 0.4988 0.4290 0.3051 0.3617 0.3314 0.2345 0.6008 0.627 6
ERing 0.7077 0.3423 0.3211 0.9356 0.5936 0.8471 0.5048 0.6817 0.5914 0.5405 0.7223 0.9360
FingerMovements 0.0048 0.0142 0.2032 0.0036 0.0163 0.0114 0.0015 0.0124 0.0004 0.0053 0.0008 0.008 8
HandMovementDirection 0.0342 0.0229 0.3632 0.0304 0.1149 0.0169 0.0197 0.0293 0.0282 0.0118 0.1850 0.3352
Handwriting 0.2072 0.2330 0.4144 0.4764 0.2195 0.4904 0.2438 0.2238 0.2984 0.2832 0.4257 0.5120
JapaneseVowels 0.3232 0.1730 0.4827 0.5738 0.5826 0.4708 0.3832 0.5200 0.3996 0.4021 0.4626 0.7414
Libras 0.3985 0.2316 0.5225 0.6116 0.3057 0.5823 0.5157 0.5059 0.5810 0.4370 0.6609 0.6625
Lpl 0.1202 0.3373 0.3658 0.6481 0.1817 0.2417 0.3047 0.6855 0.4047 0.2132 0.2382 0.6499
Lp2 0.3100 0.4089 0.4866 0.4631 0.1785 0.3655 0.3020 0.1084 0.3774 0.3998 0.3599 0.3005
Lp3 0.2831 0.3467 0.3789 0.3411 0.0670 0.2686 0.3912 0.1985 0.0562 0.4137 0.176 8 0.396 5
Lp4 0.0315 0.3203 0.2182 0.4694 0.2663 0.1520 0.2779 0.3989 0.0513 0.1952 0.2446 0.3622
Lp5 0.1651 0.1601 0.2967 0.4508 0.1501 0.1523 0.3682 0.1250 0.4496 0.2697 0.3151 0.3379
Natops 05648 0.1921 0.3671 0.6921 0.3687 0.6482 0.5294 0.5585 0.2434 0.5827 0.4838 0.760 4
RacketSports 0.0999 0.1175 0.1265 0.5265 0.4506 0.5472 0.0977 0.2267 0.2723 0.1757 0.1803 0.474 4
SelfRegulationSCP1 0.1944 0.0506 0.0713 0.2945 0.1497 0.0213 0.0245 0.3732 0.0122 0.2569 0.256 9 0.203 9
SelfRegulationSCP2 0.0021 0.0194 0.0615 0.0005 0.0156 0.0007 0.0001 0.0045 0.0127 0.0093 0.009 3 0.008 6
StandWalkJump 0.2146 0.2731 0.2682 0.1371 0.0598 0.2127 0.0294 0.2177 0.1060 0.2086 0.3475 0.2682
UWaveGestureLibrary 0.2342 0.3694 0.2766 0.7445 04741 0.7579 0.4875 0.4925 0.5338 0.3919 0.7277 0.797 3
Avg 0.2388 0.2647 0.3062 0.4897 0.2971 0.3846 0.3024 0.3660 0.3173 0.3039 0.4051 0.509 2
Rank 9.04 7.52 6.48 383 7.35 6.26 8.30 6.17 7.00 7.74 548  2.83

4 RIZER
Table 4 Rl results

Datasets SWMDFC MC2PCA BCNC cnNMF cACM MK-Shape MK-SC FCFW RP-VWKM DeTSEC MUSLA MDCS
ArticularyWordRecognition  0.9273 09323 0.7803 0.9829 09756 0.9712 09718 0.8586 0.9474 0.9228 0.976 8 0.983 4
AtrialFibrillation 05747 0.6138 0.5931 0.4322 0.6322 05793 0.5655 0.5701 0.6207 0.4414 0.7234 05747
BasicMotions 0.6870 0.8022 0.6497 1.0000 0.6206 0.8946 0.7642 1.0000 0.7953 0.7737 0.9497 1.0000
Cricket 0.8263 0.8801 0.7634 0.9948 0.9074 09583 0.8984 0.9613 0.9072 0.9136 0.9136 0.983 6
ECG 05861 0.6282 0.5430 0.6969 0.4852 0.5556 0.6608 0.6495 0.6969 0.5397-0.5088 0.6820
Epilepsy 06641 0.8357 0.6499 0.7127 0.7809 0.7712 0.7056 0.7348 0.6759 0.6604 0.7446 0.9318
ERing 0.8653 0.7914 0.7499 0.9809 0.8593 0.9579 0.8386 0.8906 0.8087 0.8453 0.7827 0.9829
FingerMovements 05018 0.5039 0.5013 05011 0.5025 0.5039 0.4997:0.5021 0.4990 0.5008 0.4992 0.507 2
HandMovementDirection 05963 0.6273 0.7323 0.6332 0.7355 0.6258 _0.6272 0.6311 0.6225 0.6106 0.7124 0.7440
Handwriting 0.9190 0.9239 0.7819 0.9391 0.7083 0.937 0. 0:927 3 07449 0.8915 0.9259 0.9378 0.946 9
JapaneseVowels 0.7388 0.8720 0.8819 0.8944 0.8901..0.8536 0.8400 0.8771 0.8413 0.8462 0.8679 0.9192
Libras 0.8604 0.8535 0.9184 0.9180 0.880.1> 0.9139 0.9044 0.9006 0.8983 0.8905 0.9185 0.9193
Lpl 0.6149 0.6641 0.6991 0.8260 0.5914 0.6766 0.6740 0.8359 0.7294 0.4976 0.707 7 0.756 0
Lp2 0.6984 0.7826 0.7354 0.7706 0.6253,0.7549 0.7151 0.5523 0.7438 " 0.7623 0.7225 0.752 8
Lp3 0.6549 0.6707 0.6762 0.7068 0:596 7 0.6809 0.7456 0.6429 0.6984 0.7290 0.5060 0.7151
Lp4 05169 0.6994 0.5922 0:6954 0.6370 05841 0.5987 0.619.5. 0.621'3 0.5417 0.5893 0.7000
Lp5 0.6567 0.6931/0.7591.0.7681 0.7390 0.6882 0.7496 0.6964 0.7239 0.6656 0.7280 0.6925
Natops 0.7952 0.7508 0.8240 0.8874 0.7250 0.8101 0.8047 0.8384 0.6567 0.7543 0.7693 0.8788
RacketSports 0.6434 < 0.6557 0.7020 0.7285 0.7685 0.8003 0.6505 0.6780 0.5940 0.6671 0.5024 0.689 3
SelfRegulationSCP1 0.6248 ~ 05160 0.5032 0.6864 0.5111 05129 0.5160 0.7253 0.5076 0.6652 0.6652 0.6339
SelfRegulationSCP2 05001 0.5120 0.5048 0.4990 0.5013 «0.4992 0.4987 0.5018 0.5054 0.4994 0.4994 0.504 2
StandWalkJump 05926 0.6838 04217 0.6040 0.5641 0.6211 0.5470 0.6211 05584 0.4217 0.6014 0.6695
UWaveGestureLibrary 0.7584 0.8157 0.7822 0.9322:0.8787 0.9293 0.8536 0.8638 0.8465 0.8384 0.9129 0.9410
Avg 0.6871 0.7264 0.6846 0.7735 0.7007 0.7426 0.7199 0.7346 0.7126 0.6919 0.7278 0.787 3
Rank 9.17 6.39 7.65 3.74  6.96 5.78 748  5.83 7.48 8.48 6.39 265
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Fig.6 Statistical indicators of algorithm clustering results
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Fig.7 Critical difference diagram about RI value correction
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Table 5 Ablation experiment results
Ak el vk NMI RI
MDCS 09170 0.9834
. . MDCS-CRI 09079 0.9815
AvrticularyWordRecognition
MDCS-NW 05007 0.916 3
MDCS-KM 05223 0.936 6
MDCS 0.2150 05747
. . MDCS-CRI  0.2350 0.5322
BasicMotions
MDCS-NW  0.2137 0.5724
MDCS-KM  0.4109 0.5805
MDCS 1.0000 1.0000
o MDCS-CRI  1.0000 1.0000
AtrialFibrillation
MDCS-NW 05631 0.8035
MDCS-KM  0.6379 0.8940
MDCS 0.7106 0.8527
MDCS-CRI  0.7143 0.8379
Groupl
MDCS-NW  0.4258 0.7641
MDCS-KM  0.5237 0.8037
MDCS 0.6743 0.8658
MDCS-CRI  0.6743 0.8658
Group2
MDCS-NW 03753 0.717 3
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MDCS 04267 0.7447
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Fig.8 Experimental results of parameter.setting
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