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Abstract: One of most important parts of time series data analysis is to choose the appropriate similarity
measurement. Among all similarity measurements, the longest common subsequence is a commonly used
and effective method. However, the original method only measures the numerical differences of point-to-
point sequences, which neglects the trend of the changing sequence. Therefore, a time series discretization
method based on the trend information is proposed and the longest common subsequence is employed to
carry out similarity measurements. This method can measure time series trend information well. In
addition, it is linearly combined with the point-to-point comparison function. In contrast to well-known
measures {rom the literature, the proposed method can take both the trend information of time series and
point-to-point comparison function into consideration. The new similarity measurement is used in
classification with the nearest neighbor rule. In order to provide a comprehensive comparison, a set of

experiments have been conducted, testing its effectiveness on 42 real time series. The experimental results
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show that our method can effectively improve the accuracy rate of time series classification.

Key words: Time series; trend information; time series discretization; similarity measure
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Tab.1 Summary of dataset

DataSet Train Size Test Size Length No. of Class Type
Adiac 390 391 176 37 IMAGE
ArrowHead 36 175 251 3 IMAGE
Beef 30 30 470 5 SPECTRO
BeetleFly 20 20 512 2 IMAGE
BirdChicken 20 20 512 2 IMAGE
Car 60 60 577 4 SENSOR
Coffee 28 28 286 2 SPECTRO
CricketX 390 390 300 12 MOTION
CricketY 390 390 300 12 MOTION
CricketZ 390 390 300 12 MOTION
DiatomSizeReduction 16 306 345 4 IMAGE
DistalPhalanxOutlineAgeGroup 400 139 80 3 IMAGE
DistalPhalanxOutlineCorrect 600 276 80 2 IMAGE
DistalPhalanxTW 400 139 80 6 IMAGE
ECG200 100 100 96 2 ECG
ECGFiveDays 23 861 136 2 ECG
FaceFour 24 88 350 4 IMAGE
Fish 175 175 463 7 IMAGE
GunPoint 50 150 150 2 MOTION
Ham 109 105 421 2 SPECTRO
Haptics 155 308 1092 5 MOTION
Herring 64 64 512 2 IMAGE
InlineSkate 100 550 1882 7 MOTION
TtalyPowerDemand 67 1029 24 2 SENSOR
MiddlePhalanxOutline AgeGroup 400 154 80 3 IMAGE
MiddlePhalanxOutlineCorrect 600 291 80 2 IMAGE
MiddlePhalanxTW 399 154 80 6 IMAGE
MoteStrain 20 1252 84 2 SENSOR
OliveOil 30 30 570 4 SPECTRO
OSULeaf 200 242 427 6 IMAGE
Plane 105 105 144 7 SENSOR
ProximalPhalanxOutlineAgeGroup 400 205 80 3 IMAGE
ProximalPhalanxOutlineCorrect 600 291 80 2 IMAGE
ProximalPhalanxTW 400 205 80 6 IMAGE
SonyAIBORobotSurfacel 20 601 70 2 SENSOR
SonyAIBORobotSurface2 27 953 65 2 SENSOR
SwedishLeaf 500 625 128 15 IMAGE
Symbols 25 995 398 6 IMAGE
ToeSegmentationl 40 228 277 2 MOTION
ToeSegmentation2 36 130 342 2 MOTION
Trace 100 100 275 4 SENSOR
Twol.eadECG 23 1139 82 2 ECG
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F2 MXAEFHZE(%)Tab. 2  Testing accuracy rate( %)

DataSet LCS DTW MSM TWE TLCS LTLCS DTLCS MTLCS TTLCS
Adiac 49. 10 60. 36 61. 38 60. 27.88 49, 87(1.0) 59. 34(0. 4) 62.15(0. 2) 61.13(0. 2)
ArrowHead 77.71 70. 29 72.57 80. 5 79.43  82.29(0.1) 79. 43(0.0) 79. 43(0.0) 81.71€0. 1D
Beef 26. 67 63. 33 53. 33 66. 90.00  90. 00C0. 0) 90. 00€0. 0> 90. 000. 0> 90. 00€0. 0)
BeetleFly 60. 00 70. 00 70. 00 60. 00 85.00  80.00(1.0) 85.00€0.0) 80.0¢0.01)65.00€0. 01)
BirdChicken 55. 00 75. 00 75.00 65. 00 85.00 85.00(0.5) 85.00C0. 0> 80.00€0. 1) 80.00€0. 0)
Car 71. 67 73.33 90. 00 73. 83.33  83.33(0. 1) 68.33(0. 1)91. 67(0. 04)73. 33(0. 4)
Coffee 96. 43 100. 00 92. 86 100. 00 96.48  92. 86(0. 2)100. 00€0. 1>92. 86(0. 1)100. 00€0. 1)
CricketX 59. 74 75. 38 72.56 66. 67 41.79  74.36(0.4) 77.44(0. 1) 73, 08(0. 1) 66. 67(0. 1)
CricketY 61.03 74. 36 72.05 62. 31 48.21  77.95(0.4) 76.15(0. 1) 72.56(0. 2) 62.05(0. 1)
CricketZ 56. 15 75. 38 74. 87 65. 90 47.69  75.13(0.6) 77.44(0. 1) 73.33(0. 2) 66.15(0. 1)

DiatomSizeReduction  92. 81
DistalPhalanxOutline
AgeGroup

69. 78 76. 98 70. 50 61. 87

96.73 95. 42 93. 46

86.27  86.60€0. 1) 95.42(0. 1) 95.10€0. 1) 93. 79€0. D

61.87  61.87(0.0) 73.38(0. 2) 74. 82(0. 5) 64. 03(0. D
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DataSet LCS DTW MSM TWE TLCS  LTLCS  DTLCS  MTLCS  TTLCS
DistalPhalanx 71. 01 71.74 73.91 71.74 62.68  75.0000.5) 70.65(0. 6) 73.19¢0. 1) 72.10€0. 1)
OutlineCorrect
DistalPhalanxTW 60, 43 58. 98 63. 31 61. 87 53.96  60.43(1.0) 58.99(1.0) 65.47(0. 1) 61. 87(0. 3)
ECG200 90. 00 77.00 84. 00 91. 00 81.00  81.00€0. 1) 81.00€0. 0)88. 00(0. 01)91. 00(0. 2)
ECGFiveDays 76. 07 76.77 80. 14 86.76 85.48  84.32(0. 1) 85.48(0.0) 85. 48(0. 0)87. 22(0. 01)
FaceFour 89.77 82,95 87. 50 84, 09 80.68  89.77(0.9) 82.95(0. 1) 86.36(0. 1) 86.36(0. 1
Fish 87. 43 82. 29 92.57 78. 29 86.86  89.14(0. 3) 90.86(0. 0)92. 57(0. 01)86. 86(0. 0)
GunPoint 94. 67 90. 67 96. 67 91. 33 94.67  95.33(0.3) 98. 670. 1)98. 67(0. 01)93. 33(0. 01)
Ham 54. 29 46. 67 58. 10 57. 14 61.90  60.95(0.2) 59.06(0. 1) 59. 06(0. 0) 59. 06(0. 0)
Haptics 35. 39 37. 66 41.23 36. 04 45.78  45.78(0.0) 45.78(0.0) 45.78(0. 0) 45.780. 0)
Herring 57. 81 53.13 54. 69 51. 56 60.94  60.94(0.0) 59. 38(0. 1) 59. 38(0. 0) 59. 38(0. 0)
InlineSkate 41,64 38. 36 42,73 34. 55 46.55  45.27(0.3) 46.55(0.0) 42. 36(0. 1) 46. 55(0. 0)
TtalyPowerDemand 88, 14 95. 04 94. 56 95. 43 88.24  91.55(0.4) 95.04(0. 1) 88. 24(0. 0) 95. 72(0. 2)
MiddlePhalanx o) 50. 00 50. 65 52. 60 53.25  51.95(0.0) 53. 25(0.5) 51. 95(0. 3) 53.25(0. 0)
OutlineAgeGroup
MiddlePhalanx 73. 88 69. 76 72. 85 76. 29 62.54  76.29(0.8) 70.450. 7) 72. 16(0. 2) 76. 63(0. 8)
OutlineCorrect
MiddlePhalanxTW 58, 44 50. 65 49. 35 50. 65 49.35  47.40€0. 3) 49. 35(0. 0) 48. 05(0. 1) 50, 65(0. 9
MoteStrain 81.23 83. 47 87. 62 84. 82 90.73  93.37(0.3) 88.66(0. 9) 90. 73(0. 0) 88. 66(0. 0)
OliveOil 46. 67 83.33 83.33 86. 67 50.00  43.33(0.0) 83.33(0.2) 83.33(0. 1) 80. 00(0. 1)
OSULeaf 79.75 59. 09 80.17 53. 31 80.58  81.82(0.2) 80.58(0. 0) 79. 34(0. 1) 80. 58(0. 0)
Plane 98.10 100.00  100.00  96.19 99.05 100 00€0. 6)100. 00(0. 3)99. 05(0. 0) 97. 14(0. 0)
ProximalPhalanx o ) 80. 49 79. 02 78. 54 80.49  84.88(0.1) 79.51(0. 2) 80.49(0. 1) 78.54(0. 1)
OutlineAgeGroup
ProximalPhalanx
et 80. 07 78.35 80. 41 80. 41 75.95  80.07(1.0) 78. 690, 4) 81. 44(0. 1) 79. 04(0. 2)
OutlineCorrect
ProximalPhalanxTW 71, 71 76. 10 74. 63 70. 24 73.17  68.78(0.1) 73. 17(0. 0) 72. 20€0. 1) 69. 76(0. 7)
SonyAIBORobot o 0 72.55 69. 22 68. 72 76.87  74.54(0.3) 63.33(0. 1) 76.87(0. 0) 69. 55(0. 1
Surfacel
SonyAIBORobot 76 g 83. 11 87.09 86. 99 82.69  81.74(0. 1) 82. 690, 0) 82. 69(0. 0) 82. 69(0. 0)
Surface?
Swedishl_eaf 85. 60 79. 20 87. 04 79. 20 77.76  87.68(0.3) 82. 69(0. 2)89. 120, 02)76. 80(0. 0)
Symbols 95. 68 94. 97 96. 98 89. 65 98.19  98.19(0.0) 98. 19(0. 0) 98. 19(0. 0) 98. 190. 0)
ToeSegmentation] 55, 26 77.19 79. 39 70.18 77.19  55.26(1.0) 77. 63(0. 1) 81.58(0. 1) 69. 74(0. 1)
ToeSegmentation2 86, 92 83. 85 89. 23 86. 15 81.54  84.62(0.4) 87.69(0. 1) 92.31(0. 1) 86. 15(0. 1)
Trace 81. 00 100. 00 96. 00 77. 00 74.00  97.00€0. 8)100. 00€0. 1)96. 000, 1) 77.0(0. 1
TwoleadECG 76. 82 90. 42 96. 75 74.71 73.84  94.82(0.8) 87.18(0. 2) 95.79(0. 1) 74. 63(0. 1)

3 SN BALLE T A Bs 4 1 S A X I
g%, TLCS AXTF LCS 78 A B 48 091 40 %
RN 2. 02%, BAR TLCS TR A KL HH
T RIS ATTEIN SRS AT LCS A H Y
PPk, LTLCS X T LCS #9240 X i 6 2R
7. 75% s DTLCS A% T DTW - ¥4 4 X 1E # %

4. 48%. MTLCS HXFF MSM - 25 FH X 1 %
2. 63%; TTLCS M XFF TWE i XF i 5 % K
3.65%. WATE I 44 TLCS 5 LCS M45 A1), fig
T b v LA 2R M . 3k 2 PRl R A 1
T A LT T H HEAT AR AR B o, J 2 119 R 4RI 1 B
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Tab.3 Average relative accuracy(%)

LCSS-TLCS LTLCS-LCSS DTLCS-DTW MTLSC-MSM TLCS-TWE
LCSS LCSS DTW MSM TWE
Mean 2.02 7.75 4. 48 2.63 3. 65
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Fig. 9 Comparison of test accuracy
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