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Multivariate Time Series Classification Method Based on Shapelets
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[ Abstract |

ries classification is faced with some problems, such as high dimensionality of original data, low accuracy, and lack of interpretability,

Multivariate time series classification is a key problem in many fields, but the current research on multivariate time se-

which limits the performance improvement of models and makes it difficult to meet the actual requirements. Aiming at above problem,
a multivariate time series classification method based on Shapelets was proposed. Firstly, unsupervised Shapelet learning of adaptive
neighbors was used to automatically learn significant multivariate Shapelets by combining Shapelets transform and adaptive weights.
Then, the method was combined with Shapelet similarity and class label constraint to enhance the interpretability and classification ac-
curacy of the model. Finally, the optimization strategy of the model was proposed to obtain the best Shapelets to further improve the

classification accuracy of the model. Three different types of 11 algorithms were compared on 11 public data sets, and the experimental

results show that the proposed algorithm has high classification accuracy.
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(AF) | Basic Motions ( BM) | Epilepsy ( Ep) . Ethanol
Concentration ( EC ) | Finger Movements ( FM ) | Hand
Movement Direction ( HMD ) | Racket Sports ( RS) |
Heartbeat( Hb) | Self Regulation SCP1 ( SRS1) | Stand
Walk Jump (SWJ) . Self Regulation SCP2 (SRS2) , &
ME RN 1 R, BAspdeE 2 ~61, KEA
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%1 UEA #iE&E
Table 1 UEA data set

Haete  UIZkE MR FIM FRIKE I
AF 15 15 2 640 3
BM 40 40 6 100 4
Ep 137 138 3 206 4
EC 261 263 3 1751 4
M 316 100 28 50 2
HMD 160 74 10 400 4
Hb 204 205 61 405 2
RS 151 152 6 30 4
SRSI 268 293 6 896 2
SRS2 200 180 7 1152 2
SWJ 12 15 4 2 500 3
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Table 2 Comparison on accuracy of classification

algorithms based on distance

£ 3 ET Shapelet 5 EKE R EFREITLE
Table 3 Comparison on accuracy of classification
algorithms based on Shapelet

el - - HER /% —_ HEBR % .

I W, DTW,, SMTS ShapeNet ~ gRFS  Shapelet_D-S Multi-Shapelet SMTS

AF 0.167 0.267 0.200 1.000 AF 0.167 0.267 0.550 0.500 1.000
BM 1. 000 1. 000 0.975 1.000 BM 1.000 1.000 1.000 1.000 1.000
Ep 0.564 1.000 0.964 0.920 Ep 0.982 0.979 1.000 0.982 0.920
EC — 0.361 0.323 0.844 EC — 0.346 0.725 — 0.844
FM — 0.489 0.530 0.730 FM — 0.582 0.642 — 0.730
HMD — 0.210 0.206 0.716 HMD — 0.431 0.504 — 0.716
Hb 0.683 0.500 0.604 0.776 Hb 0.756 0.640 0.802 0.781 0.776
RS 0.869 0.891 0.818 0.921 RS 0.875 0.891 0.935 0.918 0.921
SRS1 0.841 0. 806 0.775 0.997 SRS1 0.867 0.823 0.900 0.884 0.997
SRS2 0.447 0.489 0.539 1.000 SRS2 0.789 0.517 0.643 0.868 1.000
SWJ 0.333 0.333 0.200 1.000 SWJ 0.400 0.333 0.450 0.833 1.000

I A K

3.3.2 3 F Shapelet #9 % J ik A 7 F 21k
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Bl e B iR, 7E 4 DEE S 1IAF] 100% 1
WEWR  IE S E R0 MF-Net B35 3547 %) FU A, 32
SR A DU S O SN B | 3 AN 3R B R
DEAEPE , [R5 R A SO A R AR v T
R PP 91 3 G BE

MR AN [R) AU SA e 329 tE e v IR an 8T 2 il
TNo FIEHAGRAE M AP 2R HhOR R SEFE 11 14K
P EEM AR, nIEREER A SCRE TR HE
FEEARS T3 FhEAR RS TR AUR

M2 XEIEHAT T Nemenyi ESHGTTHRGE,
Frezil 17ockEE R AR N 3 FE 4 B, BJ ok,
P RDAE 6 DNATEIREE 3T Nemenyi IE24L
it T2 G 22 S R 45 R R 3 s, AT
B AL PERE 5 AL AR A IR B T e
FIMERR 2, SR G, B 2t F I B 1Y oy Rk AL F
Shapelet FY3P2E537E 11 DA F#- TR 5,
BRI 2 T EWE 4 Fos, B 4R\EE N REN
OYREE A, I T4 B A e AR 7
4 Shapelet-D_S fXf Ll 0. 1 AL

TE IR TR 70 2 die o v 26
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Table 4 Comparison of accuracy of classification

algorithms based on network

W%/ %

TapNet SMATE DA-Net MF-Net SMTS

AF 0.333 0.133 0.414 0.466 1.000
BM 1.000 1.000 0.925 0.950 1.000
HMD 0.365 0.527 0.347 0.445 0.716
Hb 0.727 0.727 0.626 0.692 0.776
SRS2 0.550 0.556 0.561 0.533 1.000
SWJ 0.400 0.200 0.400 0.400 1.000
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Fig.2  Accuracy comparison of different types of algorithms
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