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A Fast Shapelet Extraction Algorithm Based on Trend Distance

ZHANG Miaomiao, QIAO Gangzhu, LI Zeyu
(School of Computer Science and Technology, North University of China, Taiyuan 030051, China)

Abstract: Aiming at the problem that the existing Shapelet extraction method cannot reflect the trend
characteristics and the extraction result deviates slightly from the original data, an improved fast Shapelet
selection algorithm was proposed. A distance calculation method considering the relative trend of time
series was proposed, which could measure the similarity of time series more accurately. Secondly, the
Shapelet features were combined with the ensemble network to enable the classifier to benefit from the
residual linear connection and attention mechanism, which enhanced the generalization ability of the algo-
rithm. Finally, controlled trials were conducted on 12 datasets. Experimental results show that the pro-
posed method can obtain an average accuracy of 88.0%, which is 2.9% higher than the fast Shapelet
algorithm, especially on the ChlorineConcentration dataset, and the accuracy is increased by 13.3%. In
terms of acceleration rate, the method can extract faster than the original algorithm on all 10 datasets, so
it can extract Shapelet in time series data more efficiently.
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Tab.2 Parameter setting

Accuracy =

PGS ZH2 SR,
Adiac 1.0319 1
Beef 1.0319 1
ChlorineConcentration 1.3 1
Coffee 1.0319 1
DiatomSizeReduction 1.1 0.001
ItalyPowerDemand 1.1 0.000 1
Lighting7 1.2 0.000 1
Medicallmages 1.3 1
MoteStrain 1.1 0.01
Symbols 1.5 0.001
Trace 1.0319 0.000 1
TwolLeadECG 1.1 0.000 1
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Tab.3 Comparison of TFSS classification accuracy

HAELE ST LS FS FSS FSSoC TFSS
Adiac 0.783 0.522 0.593 0.780 0.769 0.816
Beef 0.900 0.867 0.567 0.833 0.833  0.833

ChlorineConcentration 0.700 0.592 0.546 0.607 0.655  0.740
Coffee 0.964 1.000 0.929 0.929 1.000 1.000
DiatomSizeReduction 0.925 0.980 0.866 0.912 0.898  0.876
ItalyPowerDemand ~ 0.948 0.960 0.917 0.926 0.956  0.965

Lighting7 0.726 0.795 0.644 0.740 0.767 0.753
Medical 0.670 0.664 0.624 0.721 0.710  0.736
MoteStrain 0.897 0.883 0.777 0.899 0.895 0.900
Symbols 0.882 0.932 0.934 0.895 0.913 0.913

Trace 1.000 1.000 1.000 1.000 1.000 1.000
Twol.eadECG 0.997 0.996 0.924 0.972 0.991  0.998
Average acc 0.866 0.849 0.777 0.851 0.866 0.878
Average rank 3.00 2.83 5.00 3.50 2.92 1.83
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Tab.4 Comparison of NNE classification accuracy
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Tab.5 Comparison of speedup rates

TwoleadECG 0.958 0.951 0.949  0.963 0.969

HlER ST FSS TFSS

B ResNet FCN  Encoder LSTM NNE Adiac 1 520.09 521.07
Adiac 0.737 0.645 0.678 0.678 0.737 Beef 1 298.35 275.15

Beef 0.700 0.800 0.767  0.833 0.833 ChlorineConcentration 1 1679.13 1798.61
ChlorineConcentration  0.647 0.663  0.610  0.612 0.675 Coffee 1 599.90 685.32
Coffee 0.964 0964 1.000 1.000 1.000 DiatomSizeReduction 1 476.50 541.19
DiatomSizeReduction ~ 0.925 0.438 0.974  0.974 0.974 ItalyPowerDemand 1 294.58 458.07
ItalyPowerDemand ~ 0.966 0.970 0.962  0.966 0.970 Lighting7 1 1348.(37 1453.33
Lighting? 0.671 0.685 0.712  0.767 0.795 Medicallmages 1 2920.51 2933.96
Medical 0.728 0.733 0.718  0.728 0.758 MoteStrain 1 172.00 149.09
MoteStrain 0.895 0.891 0.893  0.909 0.903 Symbols 1 614.21 616.64
Symbols 0.938 0.943 0.938  0.936 0.943 Trace 1 638.11 719.45
Trace 0.990 0.990 1.000 1.000 1.000 Twol.eadECG 1 136.44 161.63
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Fig. 3 Effect of parameter A on classification accuracy
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