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Study on Time Series Shapelets Extraction Based on Optimization and Two-phase Filtering

LI Chen and WAN Yuan

School of Science, Wuhan University of Technology, Wuhan 430070, China
Abstract Compared with the time series classification methods based on global features, the shapelet-based methods have more
advantages in interpretability,efficiency and accuracy. In order to solve the problems of insufficient discrimination of shapelets ob-
tained from existing sparse models and the large scale of shapelets candidates,this paper proposes a shapelets extraction method
based on optimization and two-phase filtering. First, the time series are sampled,and the sampled time series are grouped by com-
bining the extreme points and the trend,then the weight of each item in the sparse group lasso regularizer are assigned according
to the grouping results. The fused penalty regularization is used in each group of the weighted sparse group lasso to ensure that
the adjacent positions of the solution change smoothly. Those sparse regularization terms are combined as constraints to construct
the objective function together with the local fisher discriminant analysis. Then,a two-phase filtering framework is established to
measure the sparsity of groups.so as to quickly locate the key group that plays a decisive role in classification. Finally. this key
group is retained to extract shapelets for time series classification, which reduces the candidates of shapelets. Extensive experi-
ments are carried out on 28 datasets,and the experimental results show that,compared with the existing shapelets-based extrac-
tion methods,the proposed method significantly improves the classification accuracy with a good efficiency,and reduces the scale

of shapelets to a certain extent.
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Fig. 4 Two-phase filtering framework
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Table 2 Datasets used in our experiments

HEE %% WRH kKE O RA% HEE %% WK kKE O kA%
Adiac 390 391 176 37 Lighting7 70 73 319 7
Beef 30 30 470 5 Medical 381 760 99 10
BeetleFly 20 20 512 2 MoteStrain 20 1252 84 2
BirdChicken 20 20 512 2 MP_Little 400 645 250 3
Chlorine 467 3840 166 3 MP_Middle 400 645 250 3
Coffee 28 28 286 2 Otoliths 64 64 512 2
Diatom 16 306 345 4 PP_Little 400 645 250 3
DP_Little 400 645 250 3 PP_Middle 400 645 250 3
DP_Middle 400 645 250 3 PP_Thumb 400 645 250 3
DP_Thumb 400 645 250 3 Sony 20 601 70 2
ECGFive 23 861 136 2 Symbols 25 995 398 6
FaceFour 24 88 350 4 Synthetic 300 300 60 6
Gun_Point 50 150 150 2 Trace 100 100 275 4
TtalyPower 67 1029 24 2 Twolead 23 1139 82 2
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Table 3 Group information and parameter information of each dataset

AU ER S8R
B A& £k d AWK E a B 7 I3
Adiac 3 41/96/39 0. 700 0.25000 0.0900 5
Beel 6 74/75/53/52/15/201 0.200 0.07500 0.0015 2
BeetleFly 5 64/33/61/78/276 0. 200 0.00350 0.0200 3
BirdChicken 5 31/54/119/248/60 0. 450 0.00800  0.1000 2
Chlorine 2 151/15 0.100 0.08000 0.4500 4
Coffee 4 104/32/45/105 0. 150 0.00705 0.1500 3
Diatom 2 332/13 0. 350 0.90000 0.1500 3
DP_Little 2 22/228 0. 080 0.01500  0.0200 9
DP_Middle 2 241/9 0. 040 0.80000 0.1500 9
DP_Thumb 2 211/39 0. 800 0.70000 0.1000 9
ECGFive 3 13/113/10 0. 650 0.00350 0.0150 3
FaceFour 4 42/32/137/139 0. 450 0.95000 0.0550 3
Gun_Point 4 64/24/34/28 0. 400 0.15000  0.0050 3
TtalyPower 2 6/18 0. 900 0.00200 0.1500 7
Lighting7 5 61/52/87/63/56 0. 250 0.85000  0.1000 5
Medical 3 21/18/60 0. 700 0.80000 0.1000 10
MoteStrain 2 81/3 0.030 0.00250 0.0025 6
MP_Little 3 14/210/26 0. 040 0.40000 0.3000 9
MP_Middle 3 10/220/20 0. 090 0.50000 0.0020 13
Otoliths 3 118/321/73 0. 750 0.01500 0.0100 3
PP_Little 3 157/38/55 0. 500 0.60000 0.0400 9
PP_Middle 2 220/30 0. 800 0.30000  0.0200 9
PP_Thumb 2 239/11 0. 009 0. 00500 0.3000 11
Sony 3 8/58/4 0. 850 0.00300 0.0025 5
Symbols 3 16/351/31 0.100 0.50000  0.1000 2
Synthetic 4 10/7/24/19 0.015 0.001 50 0.0150 3
Trace 3 97/128/50 0. 350 0.00200 0.0010 5
TwolLead 2 65/17 0. 060 0.35000  0.5500 3
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Table 4 Two phase filtering information of each dataset
\ e = .
A% prymym N 5 ; ; . . K4
Adiac(3) 0.220 0.135 0. 359 1
Beel(6) — 0.378 0. 400 0.679 0. 346 0.067 0.309 6
BeetleFly(5) 2 0.781 / 0. 689 0.782 0. 457 3
BirdChicken(5) 1,2 / / 0. 656 0.432 0. 300 4
Chlorine(2) — * * 1
Coffee(4) 1,2 / / * x 4
Diatom(2) 2 =3 / 1
DP_Little(2) — * * 2
DP_Middle(2) * * 1
DP_Thumb(2) — * * 1
ECGFive(3) 1.3 / # / 2
FaceFour(4) — 0.119 0.219 0.672 0.187 4
Gun_Point(4) 3.4 * * / / 1
TtalyPower(2) 1 / = 2
Lighting7(5) 0.246 0. 404 0.230 0.079 0. 286 3
Medical(3) - 0. 048 0. 056 0. 000 1
MoteStrain(2) 2 = / 1
MP_Little(3) — 0. 485 0.454 0.458 2
MP_Middle(3) - 0.242 0.212 0. 256 2
Otoliths(3) 3 0.822 0.561 / 1
PP_Little(3) — 0.213 0. 445 0.224 1
PP_Middle(2) - * * 1
PP_Thumb(2) — * * 1
Sony(3) 3 0. 000 0.224 / 2
Symbols(3) - 0. 000 0.530 0.645 2
Synthetic(4) - 0. 000 0. 000 0. 000 0. 000 3
Trace(3) — 0.041 0.000 0.040 2
TwolLead(2) 2 =3 / 1
4.5 EIGZERITEE SRS HES BT 1 ROR AR UET R AR . SRR,
4.5.1 A E SE2PF & 55 55 B {1 1 28 A~ Bdle S b ity 15 S Hdls 4k LY
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B 2R R . P — PSRRI Y 3 28 07 YA TR TE A Y
I fia] oy CRDBE S 24 h) 3R A% X SE R AR Y 2r 2R 45 2R . BBl
A 1 e o E R R R L AR T P R BT R R B A B 4R

375k SE2PF 72 5y KNG B E AL F BT A1 26 F shapelets #9777
B, Wik W] SE2PF $2 U 1Y shapelets 15 H Al 43 28 J7 1 345
i shapelets A HLHAT S GF B9 20500 07 0 DT BB 1 RO R A
B ARSE B0 Y 28 A IEHCHE 4R L 23 JN BE A B I HE 4
Kk SE2PF,SEDS, LTS, FLAG,IGSVM,FSH. FS,1G,KW,
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Table 5 Accuracy comparison

CRLA 2 96)
Wk G FS KW FSH _ IGSVM LTS FLAG  SEDS  SEZPF
Adiac 29.9(6)  15.6(9)  26.2(7)  57.5(4)  23.5(8) 51.9G5) 75.2(2) 77.2(1)  66.5(3)
Beel 50.0(7)  56.7(6)  33.3(8) 50.0(7) 90.0(2) 76.7(5) 83.3(4) 86.7(3)  93.3(1)
BeetleFly 77.5(4)  90.0(3)  70.0(5)  65.0(6) 97.5(1)  95.0(2)  90.0(3)  90.0(3)  95.0(2)
BirdChicken  85.0(5)  90.0(3) 87.5(4)  90.0(3)  95.0(2) 100.0(1) 85.0(5) 100.0(1)  95.0(2)
Chlorine 58.8(5)  53.5(7)  52.0(8)  58.8(5) 57.1(6)  73.0(4)  76.0(3) 77.9(2)  78.0(1)
Coffee 96.4(2) 100.0(1D  85.7(4)  92.9(3) 100.0(1) 100.0(1) 100.0(1) 100.0¢1) 100.0(1)
Diatom 76.5(6)  76.5(6)  62.1(7)  87.3(5)  93.1(4)  94.2(3)  96.4(2) 98.7(1)  98.7(D)
DP_Little - - - 60.6(6)  66.6(3)  73.4C1)  68.3(2) 64.5(5)  65.9(4)
DP_Middle - - - 58.8(6)  69.5(5) 74.1(2)  71.3(4)  73.6(3) 75.7(D)
DP_Thumb — — - 63.4(6)  69.6(5) 75.2(1)  70.5(4)  73.3(3)  74.1(2)
ECGFive 77.5(6)  99.0(3)  §7.2(5)  99.8(2)  99.0(3) 100.0(1) 92.0(4> 100.0(1) 100.0(1)
FaceFour 84.0(7)  75.0(8)  44.3(9)  92.0(5)  97.7(2)  94.3(1)  90.9(6)  96.6(3)  98.9(1)
Gun_Point 89.3(7)  95.3(5)  94.0(6)  94.0(6) 100.0(1) 99.6(2)  96.7(4) 100.0(1)  98.7(3)
LalyPower  89.2(8)  93.1(6) 91.0(7)  91.0(7)  93.7(5) 95.8(3)  94.6(4) 96.1(2)  96.6(1)
Lighting? 49.3(7)  41.1(9)  48.0(8)  65.2(5)  63.0(6) 79.0(2) 76.7(3) 79.5(1)  71.2(4)
Medical 18.8(8)  50.8(7)  47.1(9)  64.7(5) 52.2(6) 71.3(2) 714D  71.1(3)  69.7(1)
MoteStrain  82.5(8)  84.0(6)  84.0(6)  83.8(7) 88.7(5)  90.0(2) 88.8(4) 89.5(3)  90.3(D
MP_Little — - — 56.9(6)  70.7C4)  74.3(2)  69.3(5)  73.2(3)  75.7(D)
MP_Middle - - - 60.3(6)  76.9(2) 77.5(1)  75.0(4)  74.4(5)  75.5(3)
Otoliths 67.2(3)  57.8(7)  60.9(5)  60.9(5) 64.1(4) 59.4(6) 64.1(4) 75.0(2)  78.1(1)
PP_Little - — - 57.6(6)  72.1(1)  71.0(3)  67.1(5)  69.3(4)  71.2(2)
PP_Middle — — - 61.6(6) 75.9(2) 74.9(4)  73.8(5)  75.2(3)  76.9(D)
PP_Thumb — — — 55.8(6)  75.5(1)  70.5(3)  67.4(5)  69.5(4)  70.7(2)
Sony 85.7(7)  95.3(3)  72.7(8)  68.6(9)  92.7(5)  91.0(6)  92.9(4)  96.2(2)  97.2(1)
Symbols 78.4(8)  90.1(5)  55.7(9)  92.4(2) 84.6(7) 94.5(1) 87.5(6) 91.3(4)  92.0(3)
Synthetic 94.3(7)  95.7(5)  90.0(8)  94.7(6)  87.3(9) 97.3(4) 99.7(1)  97.7(3)  99.0(2)
Trace 98.0(3) 100.0(1D  94.0(4) 100.0C1) 98.0(3) 100.0(1) 99.0(2> 100.0¢1) 100.0(1)
TwolLead 85.1(6)  97.0(4)  76.4(7)  92.5(5) 100.0(1) 100.0(1) 99.0(3)  99.8(2) 100.0(1)
F 3 # 6.0 5.2 6.7 5.2 3.7 2.6 3.6 2.5 1.8
4.5.2 Ba‘rx—ﬂ/ueﬁ bad SRR . BT A, A SCHR Y SE2PF £ R 3 R AR 4 2
B A B BESE A 50, FLAG F1 SEDS J2& H A 23 1A 1y % T AT T B o o NG BT R T A SO TR A Rk
2 I\ g s .
:‘F‘% jﬁ‘—tﬁﬁ Shapelets ]:}' jj‘{ﬁrh ’TTLJ__@L ;%E’Jﬁ{%v /& 6 EfT H«“ﬂx«fﬂ:
AR TS L IRl Hofth 6 R OT IR IR Z . B, A SR Table 6 Running time comparison
H 1) SE2PF {53 Wi ik AT 1 b A A I 38 IE AR SC 5 ¥ LAY :s)
BT LA, Xt 3 oy ka4 8. | B R FLAG SEDS SE2PF
N " " . Adiac 1.50(1) 6.08(2)  10.61(3)
I B (8] 7 0 B 2 L T SR A B S X N AL, T & 38 Beel ‘ aon
ce 111D 1.39(2) 7.32(3)
B 7 1) 3 T AR B IR B, o 2 B TE) A BT AT S 0 i R BeetleFly 0.43(1) 1.27(2) 1.52(3)
e s , ‘ BirdChick 0.51(1) 1.09(3) 0.93(2)
X T REBR S FLAG BB E AR OCCWP+TE) . e
Chlorine 0.17(1)  24.36(3)  16.02(2)
SEDS B E & E & OC* +T1*)) . A Ik SE2PF it Coffee 0.11(1 0.18(2) 0.36(3)
Dic 0.31(1 1.04¢2 2.39
Y A B ) 2B Ol A8 B 7 1 T Tk 1% faom s * 99
DP_Little 0.24(1 5.62(2) 7.61(3)
R R 22 2 OC P + T UA-TJI+TD?)) , 5 i, DP_Middle 0.19(1) 6.67(2)  27.15(3)
M C<5 it nl? < CGh + T (I JI+TD?) B i SE2PF (9 it DP_Thumb 0. 271 9.45(2) 517769
ECGFive 0.04(1 0.32(3) 0.29(2)
B Z AR E R OCG+T U+TI+TD?)) . 5 FLAG fil SEDS FaceFour 0.23(1) 0.90(2) 2.59(3)
M H A SO SE2PF ﬁ&ﬁZﬁmﬁﬁlﬂE%fg*ﬁﬁ‘ﬁ%o Gun_Point 0.04(1D) 0.19(3) 0.15(2)
, ItalyPower 0.01(1 0.14(3) 0.11(2)
LA b3 Bl o3 28 7 3 2 A6 AR R A9 3 SIS A PR R Lighting? 0.26(1) 1.73(2) 5.31(3)
W, HARME T R 45 3 an 3k 6 g, Mk 6 E‘J’ﬁﬂlﬁ%’&%ﬁj Medical 0.20(1 9.55(3) 2.66(2)
MoteStrain 0.02(1) 0.25(3) 0.21(2)
oy . ~ T Fi ¥ WA =N
BROGBOE R A - FLAG A5 LT B A7 09 RO 4R 1 or 2 e e MP_Little 0.22(1) 9.12(2) 22.48(3)
SE2PF 5 SEDS W42z 170t el K BCAH R . 5 4b, 454 Bt a) MP_Middle 0.20(1) 5.92(2) 24.77(3)
o Otoliths 1.18(2) 0.48(1) 1.40(3)
6 Y1z 47 I 1R LA 5 /)4 UL 2
ARPBEANR 6 193z f7 I LA R AR 5 Y 73 JORTEL AT AS 0 LR s PP_Little 0.27(1) 9.03(2)  17.53(3)
1>%'IJ\I3T FH T R B Y 4 2 4 A, AT e R PP_Middle 0.21(1) 6.23(3) 5.54(2)
SE2PF:2)SE2PFE 7 — 48 % ] 51 32 F7-85 e, 6 254 52 B B 4 PP_Thumb 0.25(1) 9.12(2)  20.31(3)
Sony 0.02(1) 0.13(3) 0.10(2)
2 ) 1S — Ay 2, T DA S f FH SE2PF; 3) SE2PF 7 4% J8% Symbols 0.71(1)  4.20(2)  8.99(3)
PERCIRAE AL R E R E BT E N, 5 FLAG fl SEDS Synthetic 0.07(D 0.88(3) 0.85(2)
e e o . Trace 0.28(1) 1.25(2) 2.49(3)
Hﬁ%ﬁmjﬁ’ﬁtﬂﬂ%Tﬂﬁé&ﬁ%%ﬁﬁﬂﬁﬁé‘%ﬂ s‘f’fjl:jt;% TwoLead 0.05(1) 0.18(3) 0.15(2)
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Fig. 5 Sensitivity analysis graph of three parameters on “Medical” dataset
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Table 7 Parameter sensitivity analysis results

HiEE a B ] HEE a B
Adiac 65.4540.50 62.714+£1.51 63.85+1.61 Lighting7 69.84+3.23 65.3044.23 65.95+2.88
Beef 91.36=+1.65 87.50+5.95 92.73+2.16 Medical 67.93+0.25 67.69+0.54 68.17+0.58
BeetleFly 87.14+5.25 85.00+38. 66 82.00+7.48 MoteStrain 88.67+1.48 84.86+4.50 86.09+1.69
BirdChicken 90.8344.49 90.00+4.08 86.88+3.00 MP_Little 73.29+2.84 71.37+£3.81 69.71+4. 64
Chlorine 77.75+0.43 70.70+5.07 73.85+2.91 MP_Middle 69.95+4, 38 71.84+3.15 72.88+3.02
Coffee 92.46+4.74 95.24+4.12 93.07+1.22 Otoliths 74.40+4,48 71.56+3.48 71.13+4.19
Diatom 98.4440. 14 93.34+2.72 94.35£2.00 PP_Little 69.54+2.52 67.63£4.15 70.26+1.53
DP_Little 62.24+3.57 60.55+4. 21 61.32+3.26 PP_Middle 72.82+3.94 69.88+4.81 74.04+1.45
DP_Middle 72.30+2.95 73.54+2.11 70.15+5, 54 PP_Thumb 68.21+3.25 66.82+5.07 68.61+2.38
DP_Thumb 72.114£2.18 69.85+3.15 71.18+£3.08 Sony 92.85+2.43 89.18+4.30 90.45+4.08
ECGFive 94, 84+8.29 91.75+5.39 92.55+4.,46 Symbols 91.54+1.11 88.09+1.29 91.96+0.43
FaceFour 97.62+0.80 94.55+3.16 94.23+2.26 Synthetic 98.38+0. 34 98.32+0.25 98.48+0. 44
Gun_Point 97.6340.88 94.31+1.80 94.49+2.79 Trace 98.07+0.67 96.26+3.21 97.9840.42
ItalyPower 94.19+1. 84 90.76+4.75 93.47+0. 84 TwolLead 97.73+2.24 93.17+2.79 96.81+1.63
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