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Measurable Shapelets Extraction Based on Symbolic Rrepresentation for Time Series Classification

WANG Liqgins WAN Yuan and LUO Ying
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Abstract In the time series classification problems,shapelets extraction method based on symbol representation has good classifi-
cation accuracy and efficiency,but the quality measurement of symbols,such as calculating TFIDF scores,is time-consuming and
computatively heavy.leading to low classification efficiency. In addition, there are still a large number of shapelets candidates ex-
tracted,and the discriminating power needs to be improved. To solve these problems, this paper proposes a measurable shapelets
extraction method based on symbolic representation, which includes three stages: time series data preprocessing, determining
shapelets candidate set and learning shapelets, so that high-quality shapelets can be obtained quickly. In the data preprocessing
stage,the time series is transformed into a symbolic aggregation approximation(SAX)representation to reduce the dimensions of
the original time series. In the stage of determining the candidate set of shapelets, Bloom filters are used to filter repeated SAX
words,and the filtered SAX words are stored in the hash table for quality measurement. Then,the similarity of SAX words is dis-
criminated,and the final shapelets candidate set is determined based on the concepts of similarity and coverage. In the learning
phase of shapelets,the logistic regression model is used to learn real shapelets for time series classification. In this paper,a large
number of experiments are conducted on 32 datasets,and the experimental results show that the average classification accuracy
and average classification efficiency of the proposed method rank second on 32 datasets. Compared with the existing time series
classification methods based on shapelets, the proposed method can improve the classification efficiency while ensuring the accura-
cysand has good interpretability.

Keywords Time series classification,Shapelet, SAX means,Bloom filters., Logistic regression
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Tabe 1 Datasets used in experiments

AR & WHEH WKHE KH OKE A I
ArrowHead 36 175 3 251 0.10 2500
Beel 30 30 5 470 0.01 2000
Beetle/Fly 20 20 2 512 0.01 500
CBF 30 900 3 128 0.01 500
ChlorineConcentration 467 3840 3 166 0.01 3000
Coffee 28 28 2 286 0.01 500
Computers 250 250 2 72 0.10 1000
DiatomSizeReduction 16 306 4 345 0.01 1000
DistalPhalanxOutlineCorrect 276 600 2 80  0.01 2000
Earthquakes 139 322 2 512 1.00 500
ECG200 100 100 2 96 0.10 2500
ECG5000 500 4500 5 140 0.10 1000
ECGFiveDays 23 861 2 136  0.01 500
FaceAll 560 1690 14 131 0.01 1000
FaceFour 24 88 4 350 1.00 500
FacesUCR 200 205 14 131 1.00 1500
Gunpoint 50 150 2 150 0.10 2500
Ham 109 105 2 431 0.1 500
HandOutlines 370 1000 2 2709 1.00 1000
InsectWingbeatSound 220 1980 11 256 0.01 2000
Mallat 55 2345 8 1024 1.00 1000
Meat 60 60 3 448 0.10 500
ShapeletSim 20 180 2 500 0.10 2000
SonyAIBORobotSurfacel 20 601 2 70 0.01 3500
Sony AIBORobotSurface2 27 953 2 65 0.01 1500
Strawberry 370 613 2 235 0.10 4000
Symbols 25 995 6 398 0.10 500
SyntheticControl 300 300 6 60 0.10 500
ToeSegmentationl 40 228 2 227 0.10 500
TwolLeadECG 23 1139 2 82 0.10 5000
Wafer 1000 6164 2 152 0.10 1000
WormsTwoClass 77 181 2 900 1.00 500
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R A2 A7 s ) G o DA 45 B30k BUAS B9 e 10 20 S 1 SR R ok
F »SR-MSE #4445 = . XK T COTE Hl ResNet, 7£ 8 %8
£ ESII T B A R HERR R L AR 19 DB 4 B e R

Hewi =, HMN— b — 3R M BOk & . SR-MSE 1% £ F Res-

Net, 7€ 16 ™ HH 4 LA T HE @ 4 2l R, LTS A
BSPCOVER 7£ 32 A~ 42 b As due £ 43 288 4 6 28 19 Ik 08B
K 4 ELIS++7E B BG4 B Se 8l TR0 o 2 e i R, 1
SRR 4. 74,8 F FSH F1 SD,

2 UERRARXT L
Table 2 Accuracy comparison
%)
b FSH SD LTS COTE ResNet ELIS++  BSPCOVER SR-MSE
ArrowHead 59.73 65.70 85. 14 81.78 85.27 81.92 80. 64 82.29
Beef 56.67 50. 34 78.50 87.46 75.30 66.70 73.33 70.00
Beetle/Fly 70.00 76.25 85.00 80. 00 86.38 100. 00 90. 00 90. 00
CBF 92. 80 97.00 99. 11 99. 65 99. 50 93. 14 99. 65 99.67
Chlorine 55.60 54. 36 73.02 72.40 84.40 61.95 62.13 64.17
Coffee 93.00 96. 10 100. 00 100. 00 100. 00 96. 40 100. 00 100. 00
Computers 51.74 55.69 58. 40 74.00 80. 50 55.69 66.48 68.00
Diatom 85. 56 83.71 95.10 92.81 35.97 90. 27 87.25 86.00
DistalPhalanx 72.30 71.00 78.35 78.49 79.63 77.20 82.74 84.00
Earthquakes 65.93 63. 60 74.10 76.75 73.62 76.81 81.68 83.17
ECG200 79.57 78.31 88. 00 88. 00 89.76 90. 64 92.00 91.00
ECG5000 92.25 90. 65 93.41 94. 60 93. 40 78.93 94. 44 94. 20
ECGFiveDays 99. 30 96. 48 100. 00 99. 94 96. 70 99. 86 100. 00 100. 00
FaceAll 60.58 70.67 72.92 90. 64 81.92 74.50 76.00 74.81
FaceFour 89.72 80. 30 96. 31 92.10 95.50 95. 46 96. 32 97.80
FacesUCR 67.56 83.25 93.90 94.23 93.37 70.96 78.68 83.27
Gunpoint 95. 82 90. 89 100. 00 100. 00 97.43 99. 30 100. 00 100. 00
Ham 64.74 58.47 66.67 68.95 74.92 62.75 75.84 77.20
HandOutlines 81. 14 76.48 50. 06 92.00 90. 80 - 86. 56 85. 60
InsectWing. 47.43 44.79 61.10 65.58 51.42 53.29 57.26 54.90
Mallat 95.92 89. 85 95.01 96. 40 97.20 78. 64 76.58 75.82
Meat 80. 36 92.75 73.92 91.67 96. 80 63.28 75.00 78.34
ShapeletSim 99.74 69. 34 95.00 96.93 78.53 98. 17 83.69 80. 56
Sony AIBORobot1 67.16 85.00 81.08 86. 27 94.21 90. 26 88. 40 93. 60
Sony AIBORobot2 77.30 77.62 87.90 95.17 95.45 89. 40 92.70 90. 56
Strawberry 88. 36 86. 27 91.08 95.14 91.30 81. 36 93.30 94. 46
Symbols 93.74 92.41 93.17 96. 38 90. 60 93.00 92.82 94.00
SyntheticControl 92.56 95. 47 99.67 100. 00 99.71 96.63 99.58 99.67
ToeSegmentationl 92.82 86. 95 93.42 96. 61 94. 30 97.40 96. 49 95.18
TwolLeadECG 90. 40 88.71 99. 60 99. 33 100. 00 99. 50 99. 65 99. 65
Wafer 95. 86 98.23 99.61 100. 00 99. 84 99.43 99.33 99.79
WormsTwoClass 70.57 65.27 72.13 76.91 73.31 70.50 74.59 72.38
Total best acc 1 0 4 13 9 2 4 8
Ours 1-to-1Wins 29 30 23 11 16 26 16 —
Ours 1-to-1 Draws 0 0 2 2 1 0 6 —
Ours 1-to-1 Losses 3 2 7 19 15 5 10 —
Rank Mean 6.09 6.56 3.91 2.47 3.22 4.74 3.34 3

5 BSPCOVER #H It ,SR-MSE 7£ 16 P44 4 1 Se 7 5
T 0 A R AET 37 6 BB AE L A e i AR ] L 76 10 4>
R AE A4 S HER R . ELISH + B 7648 5 40 0% L 78
26 MEEE 10y o KER R AR T SR-MSE, 7E 5 M &
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Fig. 7 Critical difference diagram ofour algorithm and

comparison algorithms
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B — B R B 8] )5 5 43 26 07 8k L X R 7 12k Lo X AR o
i) COTE #il LTS iR £ . H ik, A/N15#% SR-MSE 5 FSH,
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-30 shapelet | 30 shapalet
0 20 40 60 80 0 20 40 60 80
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Table 3 Running time comparison
(s)
#AE % FSH ELIS++ BSPCOVER  SR-MSE
ArrowHead 7.68 315. 89 55.57 60. 84
Beef 57.23 204. 25 137.27 100. 04
Beetle/Fly 12.61 32.41 41.09 6. 89
CBF 2.15 20. 83 16.43 6.71
Chlorine. 139. 60 10 400 194.62 204.17
Coffee 4.39 10. 95 12. 30 7.78
Computers 405. 26 16 920 1067.41 1319.08
Diatom 4.33 130.67 35.76 21.85
DistalPhalanx. 12. 84 362. 83 58.13 54. 80
Earthquakes 1172.62 1145.37 2957. 36 357.91
ECG200 2.96 339. 25 45.60 82. 44
ECG5000 37.53 2880. 74 540.29 210.07
ECGFiveDays 0.94 6.13 1.38 1.12
FaceAll 119. 86 4345.97 1477.36 577.69
FaceFour 15.47 110. 35 35.75 33.81
FacesUCR 49.13 4 986. 30 1462.67 2532.37
Gunpoint 1. 69 48.68 8. 40 20. 38
Ham 200. 94 264.47 146.71 134. 44
HandOutlines 40 680 — 4 320 12 240
InsectWing. 135.62 8756.38 651. 38 457. 88
Mallat 445.73 3946. 62 2764. 34 1882. 38
Meat 33.52 280. 74 40.73 6.92
ShapeletSim 20. 64 8.73 405. 28 53. 44
SonyAIBORobotl 0. 85 7.74 5.82 6.69
Sony AIBORobot2 0.91 42.96 5.26 4.77
Strawberry 124. 83 3006. 24 260. 94 229.48
Symbols 16.17 135.74 87.56 41.72
SyntheticControl 10. 21 883.50 251.74 95.43
ToeSegmentationl 7.75 175. 48 23.06 18.09
TwoleadECG 0.90 9.27 20. 32 8.06
Wafer 78.31 1013.62 807.37 340.76
WormsTwoClass 2216. 35 2118.45 1135.64 781.77
RankMean 1.34 3.81 2.94 2.19

M 3 Y B RS K OF ¥ BL ok B . SR-MSE 192 17 I 7]
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