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Fuzzy Classification for Time Series Data Based on K-Shape
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Abstract Time series classification is an important topic in data mining. Most existing time series
classification methods do not consider the influence of the shape of the time series on the classification results. The
paper proposes a fuzzy classification method for time series based on k-shape. The method utilizes the k-shape
clustering algorithm to cluster each category of the time series training datasets and obtains the cluster centers
group of each class. After utilizing the cluster center group of each class as the initial clustering center of the fuzzy
classification, class labels of the test datasets are determined according to the principle of maximum membership
degree. Experimental results on 30 time series public datasets show that the proposed method has better
classification performance than the traditional methods, including support vector machine (SVM), Bayes, ensemble
algorithm of interval weightsc (EAIW), and trend information based on longest common subsequence (TLCS),
with more excellent usability for time series with distortion and displacement characteristics.
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if dist < mindist then
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DataSet No. of Class TrainSize TestSize Length
Cricket_Z 12 390 390 300
Cricket X 12 390 390 300

ToeSegmentationl 40 228 277
ToeSegmentation2 36 130 343

DistalPhalanxTW
Ham
ProximalPhalanx-TW
ECGFiveDays
DistalPhalanxOutlineAgeGroup

139 400 80
109 105 431
205 400 80
23 861 136
139 400 80
155 308 1092
1800 858 80
16 306 345
600 291 80

Haptics
PhalangesOutlinesCorrect
DiatomSizeReduction

ProximalPhalanxOutlineCorrect

TwoLeadECG 23 1139 82
SonyAIBORobotSurfacel 20 601 70
FacesFOUR 24 88 350
InlineSkate 100 550 1882
MiddlePhalanxTW 154 399 80
BeetleFly 20 20 512
ShapeletSim 20 180 500
WormsClass 77 181 900
MoteStrain 20 1252 84
Oliveioil 30 30 570
trace 100 100 275
beef 30 30 470
ECG200 100 100 96
Symbols 25 995 398
Coffee 28 28 286
Car 60 60 577
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DataSet KFCM KMFCM SVM Bayes EAIW TLCS
Cricket_Z 031 034 0.50 0.60 0.22 0.52
Cricket X 039 040 048 0.61 022 0.58
ToeSegmentationl 0.15 022 038 044 0.16 0.23
ToeSegmentation2 0.16 0.18 026 036 0.09 0.18
DistalPhalanxTW 024 0.18 022 024 035 046
Ham 028 030 0.25 0.26 043 0.38
ProximalPhalanxTW 0.19 0.19 020 021 020 0.27
ECGFiveDays 0.18 0.17 0.16 022 0.11 0.15
DistalPhalanxOutlineAgeGroup  0.21 022 0.18 0.17 026 038
Haptics 049 051 0.54 0.56 0.61 0.54
PhalangesOutlinesCorrect 034 036 0.21 034 0.25 0.31
DiatomSizeReduction 0.09 0.11 0.10 021 031 0.14
ProximalPhalanxOutlineCorrect 0.24  0.21  0.14 035 0.19 0.24
TwoLeadECG 025 024 028 030 0.19 0.26
SonyAIBORobotSurfacel 0.09 0.11 022 0.06 030 0.23
FacesFour 022 025 036 010 0.20 0.19
InlineSkate 040 044 0.75 051 0.51 0.53
MiddlePhalanxTW 035 035 037 040 045 0.51
BeetleFly 021 022 0.15 020 025 0.15
ShapeletSim 0.14 020 0.53 0.15 031 0.27
WormsClass 034 037 059 042 040 0.38
MoteStrain 009 0.16 0.15 0.17 0.13 0.09
Oliveioil 0.19 022 0.17 0.07 039 0.50
Trace 030 0.28 0.29 0.20 021 0.26
Beef 026 031 0.27 037 0.19 0.10
ECG200 0.18  0.19 0.16 0.33 027 0.19
Symbols 032 030 0.4 0.36 0.08 0.02
Coffee 0.08 0.07 0.05 0.07 0.18 0.04
Car 023 023 030 042 027 0.17

MiddlePhalanxOutlineCorrect ~ 0.38 0.44 045 046 0.26 0.37
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25 KFCM  KMFCM SVM Bayes EAIW TLCS

mean 0.25 0.26 0.30 0.31 0.27 0.29
variance 0.01 0.01 0.03 0.02 0.02 0.03
win rate 0.30 0.10 0.17 0.17 0.20 0.20
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