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Time Series Trend Feature Extraction Based on Angular Key Points and Inflection Points

LIU Bing-Ke', REN Rui-Bin', WANG Xi*

'(School of Mathematics, Southwest Jiaotong University, Chengdu 611756, China)
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Abstract: The piecewise linear representation algorithm of the time series represents the whole series with fewer points
according to trend changes in the series. However, most of these algorithms focus on the information of local sequence
points and rarely pay attention to global data. Some algorithms only focus on fitting on datasets instead of being applied to
classification. To solve these problems, this study proposes an algorithm for extracting trend features from time series
based on angle key points and inflection points. The algorithm selects angle key points according to the angle change
values of the sequence data and then extracts inflection points based on these key points. It determines whether
interpolation is needed according to segmentation requirements, so as to obtain a segmentation sequence meeting the
requirements. Fitting and classification experiments are conducted on simulated data and 40 public datasets. Experimental
results show that the proposed algorithm exhibits better fitting on the simulated data, compared with other algorithms such
as piecewise aggregate approximation (PAA), the TD algorithm, the BU algorithm, the FFTO algorithm based on
inflection points, the Trend algorithm based on turning points and trend segments, and the ITTP algorithm based on trend
turning points. On the UCR public datasets, the proposed algorithm achieves an average fitting error of 1.165. Its
classification accuracy is 2.8% higher than the DTW-1NN algorithm published by Keogh.
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Dataset Classes Train Test Length Dataset Classes Train Test Length
50words 50 450 455 270 Lighting7 7 70 73 319
ArrowHead 3 36 175 251 Meat 3 60 60 448
Beef 5 30 30 470 MiddlePhalanxOA 3 154 400 80
BeetleFly 2 20 20 512 MiddlePhalanxOC 2 1800 858 80
BirdChicken 2 20 20 512 MiddlePhalanxTW 6 154 399 80
Car 4 60 60 577 OSULeaf 6 200 242 427
CBF 2 30 900 128 PhalangesOC 2 1800 858 80
CinCECGtorso 4 40 1380 1639 Plane 7 105 105 144
Coffee 2 28 28 286 ProximalPhalanxOA 3 400 205 80
DistalPhalanxOC 3 139 400 80 ShapesAll 60 600 600 512
DistalPhalanxTW 3 139 400 80 Strawberry 2 370 613 235
ECG200 2 100 100 96 SwedishLeaf 15 500 625 128
ECGFiveDays 2 23 861 136 syntheticControl 6 300 300 60
FaceFour 14 560 1690 131 ToeSegmentation]l 2 40 228 277
GunPoint 2 50 150 150 ToeSegmentation2 2 36 130 343
Ham 2 109 105 431 Trace 4 100 100 275
Haptics 5 155 308 1092 TwoPatterns 4 1000 4000 128
Herring 2 64 64 512 Wine 2 57 54 234
InlineSkate 7 100 550 1882 WordsSynonyms 25 267 638 270
Lighting2 2 60 61 637 Yoga 2 300 3000 426

FERA A s 2 A LR, e FF R R SR h K 2 MRAE N 5, PPA. TD BU HikE4iR & KT H
1A GREEA BEAT P45 S 58, JUARR S 40L& iR 22 4 BARITER 4 TR A I R R R B AT R R
R4 PR, & 40, RACRIES R, FETO HiE 1R, MERE.

K4 AFEGEFE TSR AT R SRz

Dataset PAA TD BU FFTO Trend ITTP Ours R
S50words 1.154 2.110 5.042 4.009 0.049 2.315 1.385 0.90
ArrowHead 0.721 1.829 6.484 0.932 0.887 5.423 0.682 0.81
Beef 3.030 3.614 3.095 4.000 8.980 5.445 3.250 0.89
BeetleFly 4.540 5.507 13.941 10.899 3.940 18.266 3.021 0.94
BirdChicken 2.122 7.810 16.173 7.595 3.562 9.517 3.494 0.95
Car 1.107 7.626 9.421 1.108 6.558 7.640 0.482 0.89
CBF 1.096 1.643 5.399 4.261 4.596 4.399 1.243 0.53
CinCECGtorso 1.065 4.131 12.693 5.675 0.291 8.092 0.430 0.85
Coffee 0.996 2.953 7.675 1.537 3.289 2.947 1.056 091
DistalPhalanxOC 0.512 1.724 1.772 0.496 2.876 1.689 0.155 0.61
DistalPhalanxTW 0.732 2.239 1.778 1.964 2.184 1.997 0.481 0.76
ECG200 0.745 1.432 3.374 2.814 2.407 2.487 2.137 0.77
ECGFiveDays 1.018 1.791 2.288 2.654 4.067 4.564 2.257 0.74
FaceFour 1.265 6.586 6.930 6.916 8.624 16.416 1.811 0.57
Gun_Point 0.329 2.756 2.557 2.011 0.440 2.427 0.022 0.66
Ham 3.332 2.539 14.810 5.993 12.473 18.603 3.050 0.93
Haptics 0.873 1.704 1.708 1.826 3.831 4.680 0.337 0.83
Herring 1.408 6.925 7.993 2.889 6.189 7.161 1.694 0.92
InlineSkate 0.200 9.700 12.048 1.727 2.286 21.540 1.228 0.85
Lighting2 0.822 1.062 0.409 2.486 2.214 11.846 0.461 0.75
Lighting7 1.281 2.714 6.065 6.174 6.617 10.181 2.742 0.62
Meat 0.279 3.575 5.530 0.263 0.946 4.267 0.033 0.63
MiddlePhalanxOA 0.632 2.498 1.948 0.861 1.466 1.541 0.264 0.67
MiddlePhalanxOC 1.144 2.430 1.925 2.096 1.850 2.151 0.875 0.83
MiddlePhalanxTW 1.117 2.927 1.920 0.518 0.920 1.951 0.260 0.82
OSULeaf 1.560 8.345 6.491 6.756 4.637 15.563 3.215 0.92
PhalangesOC 1.339 1.640 2.477 1.034 3.853 1.916 0.576 0.82
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Dataset PAA TD BU FFTO Trend ITTP Ours R
Plane 0.837 1.689 3.658 0.363 2.552 3.710 0.306 0.80
ProximalPhalanxOA 0.726 2.501 4.561 1.117 1.145 2.123 0.456 0.78
ShapesAll 0.266 8.076 11.517 0.826 5.786 7.362 0.087 0.62
Strawberry 0.296 1.070 5.496 0.723 1.849 0.980 0.173 0.66
SwedishLeaf 0.462 3.097 4.569 1.938 3.262 3.824 0.122 0.60
synthetic_control 2.122 3.030 3.669 4.280 7.698 5.672 0.431 0.54
ToeSegmentationl 1.284 3.436 6.735 4.629 3.047 11.685 1.850 0.89
ToeSegmentation2 1.119 5.280 5.524 3.401 6.046 15.481 1.752 0.75
Trace 2.265 1.733 5.399 3.305 3.793 7.552 2.968 0.81
TwoPatterns 1.550 0.812 7.353 6.955 8.227 7.928 0.036 0.53
Wine 0.590 5.439 6.660 0.688 8.736 4.289 0.439 0.82
WordsSynonyms 1.905 3.490 8.462 1.440 8.373 10.369 0.990 0.91
Yoga 0.818 6.316 7.396 0.972 2.060 7.433 0.362 0.78
Average 1.216 3.644 6.074 3.003 4.065 7.086 1.165 —

AR R 4, vT DOMLEE 3, 7E 40 2B 8] 57 0 204l o,
PAA BHIEAE 13 HER EHUE 7B/ MO G R 2. [FIFE
H, BU 7E 1 ZH I8 (8] Fp 1) 50408 o 4005 B /), TD BRI
Trend 5955 B SAE 2 4L 18] 7 210 5008 HH 0L & /. 1E
3R, AN SR I SREAE 22 2 [R] P 51 s
I T /NP E R 2, X2 Bt — D HE T A
SCRE A U A R

PL ECG200 1 ECGFiveDays ¥#& 4 A, ix HA
IR O BEURE, BT HIFIL R T — kOB
(R LT B, 12 R S v 5 A R RN B UK.
BU. TD. Trend 555552 3 L4 2 15200, W REHEHL
B AR K LT £, 10 PAA S35 ] DLF X ks
FF 80 R AL, AR I BN P81 5 R P SR EE T,
BANEON-2z, Wt a] LS 2 S i ROR, (RS
RS H AR SEVEA L, 7588 W] DA B 40 & R

(3) 7 REER 55

N T VS AR FER I R, N T A SO ) SRE
AT 23 4F 55 Base 5154 Keogh BB A4 ) DTW-
INN 73 25HERI R . A2 FFTO. Trend 1 ITTP %
VR INTE) 7 A s AT G, AR R DTW-1NN 3F
fli 73 R UERR 2R, X R ngk 5 FoR. 38 5 BRERIE
ARG H 4 T &ABHE I 48 A . I R R
FAT 5 FE A 2R 1 B K AH.

TEZR 5, A 12 AU R B R G 5E 15
B 2 e R A B K. FFTO SEAE 2 K
Iy RUERIRIE D] T ik, Trend HEEAVA 1 HEHE 2
FEUER RIL B T Bk, ITTP SLvEAUAE 4 AR 728
TERA IR B T oK. ARSI B SRR 27 H AR sk
BT K MR 2. bk, Base BVEM 2 Sk %

SFIME N 0.756; FFTO 52 3R15 160 70 U ff R ~F 1 (E
4 0.684; Trend FIEARAT I 73 FHERH 21 35{E K 0.702;
ITTP 5L 3RA3 1) 50 KRUER TP IME N 0.649; BIBEAK
T Base. ST, A A SCHE H 1 BVE RS 10 7 ek ff 2
BN 0.784, X & P Sk i e E. IF BAHER
R AR HARE T35 4 R UERA 2 BT T 2.8%, B Bk 4y
FKEM S BTt
£ 5 AREEEATFEARE L iK%

Dataset Base FFTO Trend ITTP  Ours R
S50words 0.690 0.464 0.585 0.310 0.681 0.90
ArrowHead 0.703 0.663 0.646 0.503 0.737 0.81
Beef 0.633 0.633 0.500 0.667 0.733 0.89
BeetleFly 0.700 0.800 0.700 0.700 0.850 0.94
BirdChicken 0.750 0.650 0.600 0.650 0.800 0.95
Car 0.733 0.583 0.517 0.450 0.817 0.89
CBF 0.997 0996 0993 0.794 0.997 0.53
CinCECGtorso 0.651 0.688 0.647 0.571 0.715 0.85
Coffee 1.000 0.643 0.571 0.964 1.000 0.91

DistalPhalanxOC ~ 0.768 0.717 0.730 0.728 0.765 0.61
DistalPhalanxTW ~ 0.710 0.668 0.705 0.648 0.733 0.76

ECG200 0.770 0.760 0.760 0.740 0.820 0.77
ECGFiveDays 0.768 0.698 0.706 0.780 0.736 0.74
FaceFour 0.830 0.784 0.773 0.693 0.841 0.57
Gun_Point 0.907 0927 0900 0.693 0.960 0.66
Ham 0.533  0.638 0.533 0.571 0.629 0.93
Haptics 0377 0328 0312 0.331 0396 0.83
Herring 0.531 0.547 0.563 0.641 0.656 0.92
InlineSkate 0.384 0382 0340 0.253 0.420 0.85
Lighting2 0.869 0.787 0.770 0.885 0.869 0.75
Lighting7 0.726 0.658 0.699 0.644 0.726 0.62
Meat 0933 0.667 0.767 0967 0.817 0.63

MiddlePhalanxOA  0.750  0.730  0.728 0.765 0.760 0.67
MiddlePhalanxOC ~ 0.648 0.558 0.667 0.585 0.712 0.83
MiddlePhalanxTW  0.584 0.536 0.566 0.511 0.622 0.82

OSULeaf 0.591 0384 0.603 0.351 0.707 0.92
PhalangesOC 0.728 0.622 0.706 0.611 0.719 0.82
Plane 1.000 0.971 0.990 0.962 0.990 0.80
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Dataset Base FFTO Trend ITTP Ours R
ProximalPhalanxOA 0.805 0.785 0.785 0.839 0.849 0.78
ShapesAll 0.768 0.703 0.698 0.228 0.762 0.62
Strawberry 0.940 0.900 0.928 0.896 0.940 0.66

SwedishLeaf 0.792 0.805 0.688 0.485 0.776 0.60
synthetic_control ~ 0.993 0987 0970 0.863 0.980 0.54
ToeSegmentationl ~ 0.772  0.671 0.772 0.662 0.816 0.89
ToeSegmentation2  0.838 0.792 0.831 0.715 0.885 0.75

Trace 1.000 0.860 1.000 0.980 1.000 0.81
TwoPatterns 1.000 0.505 0.982 0.892 0.983 0.53
Wine 0.574 0.593 0.537 0.593 0.648 0.82
WordsSynonyms 0.649 0458 0.530 0.215 0.671 091
Yoga 0.836 0.813 0.776 0.623 0.848 0.78
Average 0.756 0.684 0.702 0.649 0.784 —
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