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Time Series Discriminative Feature Dictionary Construction Algorithm
ZHANG Wei, WANG Zhi-Hai, YUAN Ji-Dong, HAO Shi-Lei

(School of Computer and Information Technology, Beijing Jiaotong University, Beijing 100044, China)

Abstract: Time series data are widely generated in many fields of science, technology and economy. Time series feature generation
algorithm based on Symbolic Fourier Approximation (SFA) and sliding window transformation mechanism is one of the most effective
feature dictionary construction algorithms, but there are some obvious shortcomings in this kind of methods. Firstly, the number of optimal
Fourier values cannot be dynamically selected for different sliding window lengths in the process of transformation. Secondly, there is a
lack of effective algorithm to select discriminant features from the generated massive features. To this end, a new variable length feature
dictionary building algorithm is proposed in this study. First, a variable length word extraction method based on SFA is proposed. The
method dynamically selects the optimal number of Fourier values for different sliding window lengths. Second, a new feature discriminant
evaluation indicator is designed, and the generated features are selected according to its dynamic threshold. Experimental results show that,
based on the proposed time series dictionary, the logistic regression model can achieve high classification accuracy and find the
discriminant features in the prediction process.

Key words: time series classification; feature generation; discriminant feature selection; feature dictionary learning
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Fig.1 Comparison of variable length and fixed length word extraction algorithm
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FERAELE, FE 28 (1 2D B 9] Hh vl g A AT AR IR AIE, X 25 3 B0 1df 2 = tH IR 2.

B ATN I T A SC5E R tf-idf o 528 2075 B0 AR AE % 5 P PP AN .

2, T JRA B E A SRR AL t A9 AL ¢ BT D 1, IR ik R SRR A ) e KB B i 1%
SN B Ay T R 7 T B R BRAT R R S SRR A I B R AIUERCA 1 S B TR I AR AR R 2, 3R AT T A
Ak c) HREAE t, ATECH 5,38 5/100=0.05, KL tf {54 tf(t;,c,)=In(1+0.05)=0.05.

B TR AR S0 (B ey 28,1Z 28 SEBIHCH 100) 1AL 5 28 o BURFAE t I SEBIECh 50,18 e M4k 24 0(9),idf
{43 idf(t;,c;)=In[(200-100+1)/511=0.7. 3 13 7] #3 df(t,,c,)=0.05%0.7=0.035.

GIELIESS

tf (t,,c,) = 0.4; idf (t,,c,) =2.8; df(t,,c,)=0.4x2.8=1.12,
tf (t,,¢,) = 0.6; idf (t,,¢,) =3.5; df (t,,¢,) =0.6x3.5=2.1,
tf (t,,C,) = 0.02; idf (t,,¢,) = 0.1; df (t;,c,) =0.02x0.1=0.002.

M LT 15 45 AT DU 38 A SRS 528 s AE 6 X6 2 ¢ Rl ey B B B 1:8, 5 SERR R AT LE 1:10
AT, TR e S I TR SRR AR S ) — T L RAE € B9S2 ¢ A ¢ 19 df {53530 3.5 0.1 A
A LUE HRRAE t3 X000 ¢y B 5 08 00 S 00 kKRR A AL e T p TR B R 3 R I BT 1 2 AN B AT S )
PEVEAR BT 5 B0 12 22 B, A UE 75 380 1) dlf(,C) R0 5E 2% 5 X [/ — 15 1B 6 AN (7] 25 S0 £ 465 031 491 4, 25T+ Schafer
LN AT t 52850 ¢ 1 ¢y 19 df(te)E LA 3.2: 1, 3 F A 30w L AR LE R 1050:1.45 FATIE,
IR A ST 5 SCIRD 88 i 0 8 o0, 5 A R DX 45 208 00 1 6 1) P AR A
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1.5 HEEFHREIRE

T3 3] S I 1 R AT A A A 5 M T AN R S B B 11 A R R AE 1) 20 2 B 3 2 AR AT A B AE 7 Mt 10
)50 A G, FRATIER L T Tl 3l 25 B A B e ML S AL R B TR B T 1 8 4545 3 () R Ak 7 UK ¥ 11 4
SN R b FE AR RS0 R AL O . B S, BT A IR A B KT B T D R AR B I G AR B R AT 43 2R
I BERATF RGO ag R 5 Bk T 20 J5E TP RORE JE 118) 22 1 oy G AR B A 1A 5 U 956 B 1. 8 8l T 10 %o R 5
v, DU AR A 45 8 1 ) . R () 2 2 A K 5 WIS kg 12 B 0 A SRR A 1) B AR 0 S
0, a,,—-a<0.05
0.1, 0.05<a,, —a<0.15
0.2, 0.15<a,, —a<0.25
f(a)= (11)

0.3, 0.25<a,,, -a<035

04, 035<a,, —a<045

0.5,a, —a>045

HoH A e A3 Bl 1 3RA5 1 B3 KA B e

T BRATT LS AN TR B A 1% R s R AR X

5(1)=0x f(a) (12)

Hodr, G AL (6>0),a) A FE A | IR 80 B 106 18 1R A8 O30 E RS FE

IR ¥ O T 1 B PR 1 A7 26 1R 22 08 3 B 100 B FRIAS LI E K 0 e A AR 22 B bR, U)o 3 2 1
AR SR P 3 955 180 7B R, DT R 0 484 3 2HS P R ARF AU 38R A7 32 45 T A 28048 T 9 s o R R A - B P A sk
2 EiEEt

AT X FRATTHE A AE - SR SR A T R A A 4.
21 BHEORMBRAKEFEIEL

B PR AE £ 77 725 (BOP) [ A [R) 22 AL FE 2 5B 1) 2 48t Sy S ] P 2L A i R A SCBRAT 1A 11 541 51 o
55 SFARA A SR g RN B 10K B A 35 i Y TR P 3 A& 2 STk R S A0 10 B3] K BN T 1SS A A SR
HA I R B T S 2 3T e A B i) 4 B (1) B9,

& 3£ 1. computeBestWindowsF(D,min,max,minF,maxF k).

BN I ZRAE D, fe /N RN e K B 1K imin A1 max, 56 /s A8 KA L IHHE AN BminF, maxF, 38 X360 3IE 5 50k

B H A O B DA L (E AN S0 B4 :bestWindowsF.

1: int[] bestWindowsF=new int[max—min+1];

2: int[][1[] AF<«supervisedSFA(D,min,max,minF,maxF);
3: for i=0 to numWindows-1

4:  int maxCorrect=0;

5 for j=minF to maxF

6 transformedData<«transformedWithSingleWindow(AF.i.j)
7: int correct«—crossVvalidation(transformedData,k)

8 if (correct>maxCorrect){

9 maxCorrect=correct;

10: bestWindowsF[i]=j;

11: }

12: jejt+l;

13: return bestWindowsF
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Hk 1 4T ARSCNTR B X ) AN K S 4 e 0 A B e A BRI, i DA o3 8 ) Iy i o e, 3R
AT FH WS B SFA XU 254 D AT #5343 205041 AFCE 2 47), H R AF 28 1 456 N AN Al BE W 3h 3 IG5 4
J&2 0 max—min+1; 55 2 ZEXE I YIRS B (75, 48 B NG 2R 3 4k A 6 80 1) S0, 4 R kg x2S 4
FIRTF T AU IIAN B, BSE B P A A B O maxFCE BN S /N T max P 53 B ) DK
JEE). E SCHR[22] 0 0 A8 HT B Sl 0 o N AN S A5 3R AT 1l B A B I R A R 8 TR IS ) S 5% O O(JWi|x
wilogw;), F e wy R 55 1A B0 B G BE W R i B i D ZE S 4E D AR IR SR & Wi R R EE A W, T
FAHC T Wi ON<xn) AN 17 41, wissn, DALtk 509 158 2 2B [ BTL 52 2 1 g O(Nxn’logn). 48 i, Bl 14 B 4k
Jo ER AF 124l X TA] [minF, max F]H 2% 33 &1 20 O Y. IR R B S5 A0 0 SR ml G BE GRS 3 47 ~58 12 47).

52 2] &0 B R Fm] K B I o AR b BRATAR o A P B B A B I GRS AT R e (B 6 AT,
X A R I AR 53 P S (AR LDy D) I § A BB AR B 5 R A 1] 3 — el e 0 I ) 5205
JFE T W SR T i e A 30 1 i A R A SRR EAT TN (B8 7 AT), 5 Lt S0 S 401 B0 K R T (1 e
W TR A B0 DR i 5 A SR R [ e O el B (B 8 AT~ 11 A7) 3 Mgl 5 1) % 50 I FR FR AT maxx
maxFxk OB YI 25 AN TN FE . AR SCFRATIASEF B0 Pl O 92 A — i T Ak B O RS it s s RIS AT LR
(193 B 0] 1 9200 LA 00 5 4% o A T R0 B AR B9 PR A S B 3N A A SCHR Y L2 Py BT B
A5 FT 1R 43 R85 0 Ik ) 53 2% 32 8 T(n), U436 1 AR 1) 5 2% 2 24 O(maximum(Nxn’logh, maxxmaxFxkxT(n))).5&
g 1 R rp FRAT A AT I E A S A 10.
2.2 KRMEFHESE AKX

AT AT G U AT X YRR AN MBI o B S0 R AT 75 5 A e 4 X — i R 500 1 rh B AT S A B e
TENE FRS R EE S WD

(1) FIH B SFA Hi ARG I 18] 7 51 BT 3 470 5 48 D — 20 08 B e P 471

(2) I 5 BB A A L A1 2 3 oAy 5 B v R - B

A FEL I 1) 206 5 5C 28 30 N 8] 7 47 B e 77 5 470 2 45 45 DR (10 AR 0E 1 255 0] A 3 59 . S [ 57, 6 £ 8 R P {1 T6) 62 031
PERRSAFLIRATVFIE F G vt & B 5 AN A7 & (0 {8 R v 1) 8 0 88 0 3 38 8 R 43 IS ke e DG P o I 119 418 L
A AN BOE R 12K B B 10 2 o B ] 1) K 2, 5 ) T 2B A B A I T 2 4711 e B0 5 T P % e £ L. 1 2 4
h SRR TP 8 R, I 8 R LR 2 B A AR RIS AE. S 1D A 28 A AT R ) e B i 170 Pkt B

&% 2. SelectFourierCoefficient(w;,W,bestF).

BN TR B AR wi, K wiq BR) R B4R G W B ARG A B (S H:best;

i - s LA B HHE P 5 5 A indexBestF.

1: indexBestF« &
: double[][] A«-supervisedSFA(W)

[\

3: double s«0
4: for int i<-0 to w;—1
5 s<—calculateStatistic(A[i])
6:  tuple<buildTuple(i,s)
7 indexBestF.add(tuple)
8: sorted(indexBestF) according to the statistic in descending order
9: indexBestF<«—selectTopK(indexBestF,bestF)
10: return indexBestF
S 2 BE TR KL R A AR & oF 558 A B L (L AR 48 0 M 5 59 . 2 0 LA 1 e A R AT R L
LA e T AN 0 BRI ) PR AR AT B A LI AR S I ) S 2% B O(nlogn), PRt i — b FE ) I 1)
541y O(Nxn’logn) (58 2 47) JH B A HR AR T 82— 1 510 8 481 380 1 40 L o B8 AL AT s T AT 13 810 1
S5 1AL E A IR P RO (R R A ROER 81 50 2 AR TRV SR AN A L R ) 1 5 59
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Goit i F RN 5K R 8 E (5 F (AL — 0 SO LA N B4 & indexBestF S (5 5 AT~58 7 1T). B,
A F X 4E 4 indexBestF "1 IK T R HEAT B P FF S 8 4T), IF iz [A1 Hovh i bestF AN JT 4L 41 464 (56 9 17~
5510 17). 5595 2 1A 52 2% ) O(Nxn*logn).

ARAF TP HUAE A 0T I () di 0 A8 L P 5 B 4L e 3TN 3 S EAT 755 A e e (3 L R 5 A 9 e e
JEHE real; B imag; WS BT 5 2% ) (KT RE. T T4 H K IR ) 32 470 1 s 27 2 e Pl A0E 1 0%

E % 3(VLWEA). createFeature(indexBestF,S,alphabet).

BN TG o K RE % 0 e 1 (0 B (B T 5 4L indexBestF, F T 41 46 45 2 1 48 BL (B S0 AL S, - B

Z:alphabet;

i HA AR word.

1: word<«S.length

2: for int i=0 to |indexBestF|—1

3: letter<—f(SF[indexBestF[i]],alphabet)

4: word.combined(letter)

5: return word

S 3 g T K I 8] 3 41 1 e A1) e A rS B3] 6 S0 R S R e U AR L v R B R e 4545 B 11
TP AV B (AR S b B A7 A PR FEL I 0 2R FH 2B R B AR B Dy A RER v (W 2 BE BB 3 4T), IR 345 11
FREA U RS KA J— A B3 (55 44T, 8 J5 19 2 (4 B3] P A1 B R —ANRFAE . 3X — 75 A o e 7 A
I 1] H AT O(|S|xloglalphabet]) iz 522,
2.3 FHEREAEEEEF BE

AT TRAT 25 T AR A R A SR SRR T M R, DL T ef-id PR AR R AR 1 L4 R
PRI JRE f) ] el N7 AR AR 5 i 1 SR R

&% 4. createFeatureDictionary(min,max,windowBestF[],D,alphabet).

B NI B B O /N K BE imin, HE B T IR KK tmax, 508 B 1% B 1) f A 8 B (i A 2 windowBestF

[1, 5 18] 1| 2 $ 5 46 : D, 7 £ % -alphabet;
gy YRR AE 7 it
1: dict¢—null

2: for each instance T in D

3:  for int I=min to minimum(|T|,max)

4 subSequenceSet«—generatingSubSequenceSet(T,I)

5: for each subsequence S in subSequenceSet

6 word<«—createFeature(windowBestF[l-min],S,alphabet)

7: dict.add(word,T.classValue)

8: return dict

HE 4 T BT UG AR N R AR M 0 S T R e, 3l T N A R RS SEI B 2 AT) R 5 R
JE M min B max [F)3 3) & DAL RF 51 _EREAT I Bh 345 — R A 1550, R X L8 Fp 4138 AN e 4 ol BRI (G 3
AT~ 6 47,5 i A4 AN 3 S (W SRRl S e A0 D0 N BIRRAE = S rp (55 7 4T). 550025 4 v RRE A gt e R 0 = 0 4 Sl
YRAEIZN 1Y SFA B4 do i, DRI A J20 A 2 sk R 11 F 11D 52 2% 85 2 O(Nixn’log).

L TR AR A P 7 2 A 4 o A v £ A ORISR PR AR AIE 5 L Ay 4 iy 2 S ABE B (10 R 26, T o N iy A A Y
R REAT LB 3 ACSCHR T — PR AR AN [ 2 11 2 J AR A 1) 468 A8 73 218 P T K 230 2 B0 AR 1 i 496 180 1 5 1A 32
SEVE T A AR SCHR R S 1) P AR AT R S B

&% 5(TfIDfDynamicVLWEA). createTfldfFeatureDict(dict,corrects[], 6).

BN RRAE 2 L dict, 598 B0 % Y A8 S AIE 4 2K - corrects[ ], B E A AL 7 6,
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i 4 - 5 59 VR AR AE - L TFIdfDict.
1: TfldfDict«—2
2: threhlodFactors[]«f(corrects)
3: thresholds[]«<—generateThresholdsOfAllWindows(threhlodFactors, §)
4: g; is the ith element in dict
5: for i=0 to |dict|-1
6:  double t«—computeTfldf(e;)
7 int index<—getWindowIndex(e;)
8 double threshold<«threhlods[index]
9: if (t=threshold)

10: TfldfDict.add(e;)

11: return TfldfDict

S 5 8T AR SCAT I PR RR AR % S S B S T ST B B AR R AE R PR B R 2 AT~5R 3 7).
SR G 8 D7 e dict R REANRFAE G 4 47), v SARFAE I d(Le)TE R 6 17). 885 d(t,o) (B K F 25 F 2Lt B (1 &
1B AR AL 00N 210 368 ) PR 218 7 i TIdfDiet AR (36 9 17~%5 10 47).

gi BTl S 1 BB R SIS 4 R P A Jat R AR SCABETRY 1) = A B 4 TR b, A S i 3 75 B
) 8 A KA I 7 SR f) I ) 42 2% B R O(maximum(Nxn®logn, maxxmaxFxkxT(n))), 36 H,T(n) b 2 42 2] i 7
FPATHI IR 23 JEBETY BEV L S R
2.4 ETHHEF AR E FIFERERR

X BATTZ LT SFA (¥) BOP A5 704 rn i - 11 k4 R0 0% 4 vl S 4910 2 80 P B9 241 ok — 3o o 2 00 g 200
T o AR VIR AR R TS B AR 3 10 I A7 N T8 1 P 91 D A T 1K BE IR T I ) 7 41 2 4 ) B 4+ 5 1.
B VT BN S B U SR o B R BER A TR B S & R AR B F (G 2) ] T B
B AT B8 1O 1) 20 8 DX T (CSCRR 23170 A7 VE G 49); 58 5, FH VI 2575 380 10 5 39 %0 5 % IF T3 12 40 04T e 46 4L R
THIFAT 20 H IR 1) 3 271 10 A 8 0%

&% 6. SupervisedSFATransform(TfldfDict, T,min,max,transferObjects[]).

AN 5 S M R AE - S TELIfDi oty 2 5 6 0 SEA9) < T B /N R B K 10K B smin,max; %5 18 80 % 1 )11 2045 21

SFA % #:%F % :transferObjects[];

g - 450 )5 S transformed.

1: transformedT <«

2: for I=min to max

3: for i=0 to |T|-I

4: word«—transferObjects[l-min].sequenceTransform(T(i,l))
5: if (TfldfDict.contain(word))
6: transformedT.add(word)

7: return transformedT

HE 6 gyt T ¥ — 4 I A) 3 B e 4 15 B B0 A I S5 A SRR R v K R i 3 B 11 N4 5 I ]
Fe S0 IR 467 B REAT W SR RAT — R 5 AT B 1)1 P 0 (B 24T ~55 347), AR 5 T 1o x4 32 ) M B 45 o ol 1L
T T AL 80 0F G A5 A1 I TR 7 B AR 2 48 Bl — A B i) B IS 1) 3 90 605 TR RRAE B 4 AT) A e 49 380 1) AP AIE
TE 45 78 1148 59 VAR - I o DULRE 205 A0 00 N 380 8 480 5 11 S48 e A2 A 2 3 J S 49 1) — ANRFAE BB 5 47 ~315 6 4T7).
I 25 B 350 S [ S48 P AT AR I, U0 A 6 380 S 0 N AR AE TR AR U A L R R s g B
B, TUAZ R E X B PR (B N 135 5 35 (B A5 R R AE AR 411, B g % 46 45 380 1) I (1) 7 1)

45 8] )9 (logistic regression) & 4t vl %t I 42 ML 43 S8 5 vk B — A R HUER PSS IR AR SC ATl FH 2 T L2
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T DU, Py 3% 6 ] DL ASE TR 6F 4 485 I £ S5 90 308 A7 9 2820Vt b AR S ) T A [ 1 2% > 3810 7oy AR T Sk 4 FiF 7 g 3k

T3 Hr.
3 KA

ASTATRE A SRR AR OGS R BT VRN A AR 4 AN TT IR S . BB Tk
SN AR BE LU RIS IR (1) n] SRR 2 4 T AS SCHE UEA & UCR A7 81N PE SR AL ) 65 K /T 750
() e ) P 2 5000 4 AR AT 3 0.3 3 45 th T 4% B AR 147 IS, 3L, Train/ Test 2 5% I 2142 A1 R 45 11 95
1K, I ) e 710 B2 |C| 24 28 8 P B S B FRATT ) S 50 P15 CPU 2 3.40GHz, A7 4 16G.

Tabel 3 Introduction to 65 time series datasets
&3 65 NIIH) 3B A 4
A4 Train/Test  n/|C| it 4Pk Train/Test n/|C| Al 45 44 F Train/Test  n/|C|
Adiac 390/391 176/37 FaceFour 24/88 350/4 ProximalPOC 600/291 80/2
ArrowHead 36/175 251/3 FacesUCR 200/2050 131/14| ProximalPTW 400/205 80/6
Beef 30/30 470/5 Fish 175/175  463/7 | RefrigerationD 375/375  720/3
BeetleFly 20/20 51272 GunPoint 50/150 150/2 ScreenType 375/375  720/3
BirdChicken 20/20 512/2 Ham 109/105  431/2 ShapeletSim 20/180  500/2
Car 60/60 577/4 Herring 64/64 512/2 | SmallKitchenA 375/375  720/3
CBF 30/900  128/3 InsectWsS 220/1980 256/11 | SonyAIBORobotS  20/601 70/2
ChlorineC ~ 467/3840 166/3 ItalyPD 67/1029  24/2 | SonyAIBORobotS  27/953 65/2
Coffee 28/28 286/2 LargeKA 375/375  720/3 Strawberry 613/370  235/2
Computers 250/250 72072 Lightning2 60/61 637/2 SwedishLeaf 500/625 128/15
CricketX 390/390 300/12 Lightning7 70/73 319/7 Symbols 25/995 398/6
CricketY 390/390 300/12 Meat 60/60 448/3 | SyntheticControl ~ 300/300 60/6
CricketZ 390/390  300/12 || Medicallmages 381/760  99/10 | ToeSegmentationl  40/228 277/2
DiatomSR 16/306  345/4 | MiddlePOAG  400/154  80/3 | ToeSegmentation2  36/130  343/2
DistalPOAG  400/139  80/3 MiddlePOC 600/291  80/2 Trace 100/100  275/4
DistalPOC 600/276  80/2 MiddlePTW 399/154  80/6 TwoLeadECG 23/1139 82/2
DistalPTW  400/139  80/6 MoteStrain 20/1252  84/2 TwoPatterns 1000/4000 128/4
Earthquakes  322/139  512/2 OliveOil 30/30 570/4 Wafer 1000/6174 152/2
ECG200 100/100  96/2 OSULeaf 200/242  427/6 Wine 57/54 234/2
ECG5000 500/4500 140/5 | PhalangesOC  1800/858  80/2 | WordsSynonyms  267/638 270/25
ECGFiveDays 23/861 136/2 Plane 105/105  144/7 Yoga 300/3000 426/2
FaceAll 560/1690 131/14 | ProximalPOAG 400/205  80/3 - = -

3.1 RESYRWHT
A BATH AR TADfDynamicVLWEA [f)JUA T 22 S 50T 5250 40
(1) VIZRAR FUBERI I 18] P 91 K RE S R 3 AT I T3] 49 5% 180 2 A7
(2) BTN 5 s 445 L (B TRIAE 2 il 128 ok ik 5 R A0 i R AU P e R0 A 800 B ) xe 1 B I A R - 9D 1

T

(3) ASETRRE X d5e I ) 11 AR AR K B4 ] K 11 gk
TG, 7 MR Y (K38 47 I 1] 53 53 55 I ZR R RAASE L I ) 3 B 88 10 O 3R BT ] — A A e iy — 20 R K dl 4

HEAT 9236 N R AR RARSE R 24 100 ASKER 200 F IR 3 47, HLAE S B0 A v 99 28 5240 AN B0HA 7). A 552451
K 58 53 At S 56 v AT E A6 I ZR B AN IR A by JEUBOHE E b 10% 010 S 481 g 8, 98 1 1 3 Rk 4 o sl
AN H LA ZR B S9N BT 10%328 39, 1 4 28 ORFE B0 5 rb 28 Ja 1k 20 A R T 79 51K BE AN AR B AT T 43 i e vk
FOIMAE EaR 10 ZH AR b 032 A7 I (8] 76 IS 1) 3 270 4 320 B8 43 B 502 6 v, FRAV DA% Ik i) ) 0 B DA K BE T 10% 7
U 10%3 184, [7) I ORAE I ZR BRI AR BN AR IXFEHEAT 10 L5230 0T e v BE A IS AT IS [ ] 2 45 1 7 A
TfIDfDynamicVLWEA [¥)3& 17 I [ 1) S 46 45 31

B 2 LA B8 TADfDynamicVLWEA. [F112 47 B 1] 15 Y11 2R 82 S 41 A 450 B2 2k 0% 28,1 5 I i) ) 44
[ER 2 WA RIX G 2 50 A5 MBI R B0 5 R AR

NI FRATTLE 10 A AR Fo B % SR SO EAT 20 b7 T 3 NI 4 b ki ih 26408 10 AR AR F A
A TfIDfDynamicVLWEA [¥)F- 350k 5 A5 40 2, oA 15 H 7 BEAS s 00 B 1 P S50 4
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B0, AT M AU A 7 5 B TFIDfDynamicVLWEA FRE FE RIASAE P2 s 4 L A 52 i B 3(b) P AT L
H LB O R R, s 46 L S 2k, 2 O T 5 ) DR AR 22 (RN N 3(a)h RT LU B O 56 R B SR RS
I AN R AR A A ) s 4 Beef A Ham b (R BEALDRS J32 B 044 K, 2 384 K 5 /N 28 45 BeetleFly .
ShapeletSim %5 (114 & B 048 K, A8 16 AS K B8 4 Herring (10K 2 B 08 K, S BLSE /N 5 B9 K k38 i T4 04 3
I RSS20 1) S 3500 8 g R, H 4 LU, TR L 2 2% 18 T T B PR B2 (¥ 2 K ol 3.

200

i | S L 10918 1096 19
180 180 =
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Fig.2 The running time of model TfIDfDynamicVLWEA
2 FER TIDfDynamicVLWEA iz 17 i 6] 4341

I bk
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Fig.3 Analysis of the influence of the parameter € on model TfIDfDynamicVLWEA
K 3 i TAIDfDynamicVLWEA 2 ¥ 0/ 5% Wi 43 My

Kl 425 H T 10 A $dis 45 AT TADDynamicVLWEA X5 B & - 3400K5 F5 Bl £ K38 3l 1 6 B A 5 K i) K

FE AR R F.

M 4(a) A1 EE 4(b) AT LU H AN ) B8 48 0 AN ) 2 B SO E AN ] AT 4(a) i) LA H, Lightning7 #oda 4E

bR ORS B R R KT B B R RE I B R AR R KB B 204 & ShapeletSim . BeetleFly «  Symbols .
ToeSegmentation] A1 Ham X i K H K B ANGEURK, B3 42 Beef A1 Herring X ¢ K ah 1K B 8¢ ok #50% Bl
P 5 3t 0 e K S AR A 1) 408 ok i 56 45 TR 3 W AR HE ¥ e 0 20 2 10 KR bl T e K 3l i 1 BRI
250 I, ] 4a) T35 0 R A8 55 R, IR IS A1 0 T ORAIE T bl 552 38 (19 A S, AT TR AR 2 TAIDfDynamicVLWEA H 35 K
HACFZ B 250.

M 4(b)yr] LA i Bl 2 Beef F1 Herring i 5z K 501 1 B 45k UK B4 4 ShapeletSim. BeetleFly . Car.
Symbols Fl ToeSegmentation] 7 5 K % 1K A BUK, H 48 &£ Ham. Lightning7 FI ToeSegmentation2 Fifi 5 K
il B R AR AR A R BEAT U ) AR X ] [8, 1817 10 /B 4 b (1 P BKG FE A 15 I dge K, IR e FAT RS 284 b TFIDSE



AR S A B 1A A 1) S R A AR T A E Bk

DynamicVLWEA [1] 55 K FLia K2l 15.
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B4, BT FHTHE T SFA IR 18] 7 51 BEAT RF 5 S ety i g2 293 B 2 RN Bl 4 1 BOP FEZ L

A7 R 5 PR DR A SO 7 BRI 52 4.
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Tabel 4  Accuracies of the feature dictionaries built under eight different conditions (%)

R4 8PN AT TS AL 7 SO0 B B 3 SRS EE (%)

FFAE VA Fa A tf-idf tf-idf tf-idf Chi tf-idf Chi Chi Chi
B Dynamic 0.3 0.3 3 0 3 2 2
H] K Variable Variable Variable Variable Variable  Fixed Fixed Fixed
ng VAR Unigram Unigram Bigrams Unigram Unigram Unigram Unigram Bigrams
Dataset TDVU T0.3VU TO0.3VB C3VU TOVU C3FU C2FU C2FB
Adiac 80.6 80.3 80.9 81.7 81.2 83.3 82.5 83.9
ArrowHead 86.7 86.9 86.8 85.1 87.7 74.3 86.3 85.7
Beef 82.2 .3 83.3 76.7 80 73.3 73.3 81.3
BeetleFly 95 90 95 95 95 95 95 95
BirdChicken 90 90 90 90 90 85 90 85
Car 86.7 86.7 83.3 85 88.3 85 88.3 85
CBF 99.8 99.7 99.6 99.6 99.6 96.8 98.5 99.1
ChlorineC 75 76.1 75.4 74.6 75 73.5 74.2 75.3
Coffee 100 100 100 100 100 96.4 100 100
Computers 70.4 70.5 70.3 69.1 71.8 64 62.7 66.4
CricketX 76 72.6 78.8 71.9 73.5 75.6 76.4 77.1
CricketY 78.2 79 77.2 79.2 81.3 77 76.7 79
CricketZ 77.3 79.2 78.3 77.1 79.5 78 78.1 79.2
DiatomSR 90.6 91.4 89.7 91 90.8 94.4 93.5 94.1
DistalPOAG 75.5 76 76 77.3 75.2 79.1 78.4 77
DistalPOC 78.7 76.1 75.4 77.6 78.5 76.1 75.2 78.3
DistalPTW 67.6 68.3 67.2 67 67.6 62.6 67.6 69.8
Earthquakes 75 74.8 74.8 74.8 74 74.1 74.8 74.1
ECG200 86.7 85 85.8 85.6 84.4 85 85 84
ECG5000 94 94.2 94.2 94.2 9389 94.5 94.4 95
ECGFiveDays 100 99.9 99.9 100 99.9 99.9 99.9 100
FaceAll 78.1 78.8 79.1 78.9 79.6 79.2 77.4 77.2
FaceFour 98.9 100 98.9 100 99.3 100 100 100
FacesUCR 94.4 94.1 93.3 93.9 93.9 94.7 94.9 94.7
Fish 97.7 96.6 96.6 96.8 97.5 94.9 96.4 96.6
GunPoint 100 100 100 100 99.3 100 98.7 100
Ham 65.4 64.8 62.9 65 67 62.9 63.8 64.8
Herring 63 64.7 61.9 59.4 63.8 67.2 68.7 60.9
InsectWsS 62.7 63.1 63.9 63.6 65 61.7 61.9 64.1
ItalyPD 95.9 95.1 94.9 94.1 95.6 94.8 94.4 94.9
LargeKA 67.8 67.8 68.3 70.6 68.5 60.4 58.5 62.9
Lighting2 67.2 62 63.9 54.1 69.2 52.5 63.9 55.7
Lighting7 71.7 70.2 65.8 69 75.1 76.7 75.3 74
Meat 91.7 91 90 91.7 88.3 90 90 90
Medicallmages 75.5 75.1 74.3 74.7 74.9 70 71.1 75.8
MiddlePOAG 58.8 59.6 58.9 57.9 60.5 54.5 53.2 56.5
MiddlePOC 82.4 82.3 83.3 79.9 81.9 79.7 81.4 79.4
MiddlePTW 52.6 51.2 53 53.1 51.4 49.4 49.4 56.5
MoteStrain 934 95.6 93.1 92 95 88.1 74.8 88.2
OliveOil 91.1 90 93.3 86.7 92.6 93.3 93.3 93.3
OSULeaf 98.9 90.1 90.9 90.6 95.9 88.6 88.4 89.5
PhalangesOC 81.3 79 79.7 81.5 82.5 78.7 76.6 80.7

Plane 100 100 100 100 100 99 99 100
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Tabel 4 Accuracies of the feature dictionaries built under eight different conditions (%) (Continued)

F 4 B FIAIRIZAT N A 7 AL T OGS R R R 43 SRS 2 (%) (58)

FRAEVEA b tfidf tfidf tf-idf Chi tfidf Chi Chi Chi
o Dynamic 0.3 0.3 3 0 3 2 2
PR ] K R Variable Variable Variable Variable Variable Fixed Fixed Fixed
no WV Unigram Unigram Bigrams Unigram Unigram Unigram Unigram Bigrams
Dataset TDVU T0.3VU TO0.3VB C3VU TOVU C3FU C2FU C2FB
ProximalPOAG 84.6 85.6 85.8 86 84.4 84.4 83.9 83.9
ProximalPOC 89.9 89.3 88.7 89.6 90.1 86.9 88.3 88
ProximalPTW 80.7 78.2 82.1 80.2 79.4 81 81.5 78
RefrigerationD 57.8 514 53.2 52.5 51.6 51.2 51.6 52.8
ScreenType 52.6 55.1 53.9 53.8 55.8 56.8 58.5 53.3
ShapeletSim 100 100 100 98.8 76.5 100 96.1 100
SmallKitchenA 76.3 77 76.7 76.5 78.7 76.3 75.2 75.7
SonyAIBORobotS 1 84.1 82.7 78.9 82.8 82.7 79.5 85 81.9
SonyAIBORobotS2 95.6 94.6 94.4 91.3 95.6 89.2 93.7 94.8
Strawberry 97.3 97.8 97.6 97.5 97.3 98.1 97.8 97.6
SwedishLeaf 96.4 96.3 96.2 96.3 96.5 95.8 96.3 96.4
Symbols 95.9 98.7 96.7 95.8 96.6 95.5 95.5 96.1
SyntheticControl 98.8 99 98.7 98.8 98.6 99.3 99.3 99
ToeSegmentationl 96.5 94.3 94.8 94.3 94 91.2 89.5 95.2
ToeSegmentation2 89.5 85.9 89.4 83.2 90.2 78.5 81.5 82.3
Trace 100 100 100 100 100 100 100 100
TwoLeadECG 99.9 99.9 99.9 99.9 99.8 92.2 95.6 99.4
TwoPatterns 99.3 99.2 99.3 99.3 99.3 99.1 99.1 98.9
Wafer 100 100 100 100 100 100 100 100
Wine 86.4 89.6 89.3 85.9 87 70.4 75.9 85.6
WordsSynonyms 70.7 71 70.8 71.5 70.3 71.3 70.8 71.6
Yoga 91.6 90.7 92.2 87.2 90.9 84 85.8 90.4
S EIE 84.6 83.9 84.1 83.5 84.3 82.2 82.8 83.7
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Fig.6 Comparison of accuracy between VLWEA and 6 BOP models on 65 datasets
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Fig.7 Comparison of accuracy between VLWEA and 2 1NN models on 65 datasets
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Fig.9 Comparison of accuracy between VLWEA and 3 ensemble models on 65 datasets
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Fig.10 The classification performance analysis and the average ranks of VLWEA and 13 models on 65 datasets
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Fig.11 Optimal word lengths and 9 generation features obtained by VLWEA
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Fig.12 Top-10 discriminant features generated by VLWEA on dataset CBF
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