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Time Series Classification Algorithm Based on Local Gradient and Binary Pattern

HAO Shi-Lei'?, WANG Zhi-Hai'?, LIU Hai-Yang'?
'(School of Computer and Information Technology, Beijing Jiaotong University, Beijing 100044, China)
*(Beijing Key Lab of Traffic Data Analysis and Mining (Beijing Jiaotong University), Beijing 100044, China)

Abstract: Time series classification is an important task in time series data mining and has attracted significant attention in recent years.
An important part of this problem is the similarity measurement between time series. Among many similarity measurement algorithms,
dynamic time warping (DTW) is very effective, which has been widely used in many fields such as video, audio, handwriting recognition,
and biological information processing. DTW is essentially a point-to-point matching algorithm under the boundary and time consistency
constraints, which is able to provide the global optimal matching between two sequences. However, there is an obvious deficiency in this
algorithm, that is, it does not necessarily achieve reasonable local matching between sequences. Specifically, the time points with
completely different local structure information may be incorrectly matched by DTW algorithm. In order to solve this problem, an
improved DTW algorithm based on local gradient and binary pattern (LGBDTW) is proposed. Although the proposed algorithm is
essentially a dynamic time warping algorithm, it takes into account the local gradient and binary pattern values of sequence points to carry
out similarity weighted measurement, effectively avoiding points matching with different local structures. In order to make a

« JEEIH: th s R SEAEMIR L5 9 % T (2019YIS041); 5K H AR R 5L 45 (61672086, 61702030, 61771058); b3l HARRL 2 5k 4>
(4182052)
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comprehensive comparison, the algorithm is adopted as the similarity measurement of the nearest neighbor classification algorithm, and
tests it on multiple UCR time series datasets. Experimental results show that the proposed method can effectively improve the accuracy of
time series classification. In addition, some examples are provided to verify the interpretability of the proposed algorithm.

Key words: dynamic time warping (DTW); time series similarity; data mining; time series classification

I A] P BB ) I ZAFAE T IS S SNk, B A5 i ] e 210 K 44 DA O I AN . RAEER . 9
B iy S LR S5V 22 AT 2 10y T A U2, I ) 5 90 Bt 2R R g SR R, S o v LA oo e e k.
WEAb, I 1) 41 43 288 el R 1) 470 e e o A 1, XA I B 8 DX T A e I 43 S I L. ST b, S 4 vh i e
T AT FRN TRV HEA T A TG OGS 1, SR A 9 o AT REAEAE AR M P 3 P . IR1 b, B i) 2 4710 43 2 ) A
FAIE ST T~ B F2 4 A e Je A A S

TEF 0] 7 51 43 2 o) J R, BT 4T 5590 (one nearest neighbor, INN) /& H 5T i AT 43 REVEZ —, S5
JafaiH, Hor S R 2 ol A0 SR R A O 23 il AEAA S5 i, 1T ) A5 I (B B3 (dynamic time warping, DTW)
WA — P A A AR ACI I S T R R T I R 0 1 A e A R B 4 (R I B LR DT R B 4. DTW 2
H1 Berndt 25 A P H 4 L R T 31T I 1) 5 40 AR R, T R U2 T AR EE B 1R B, AT 3 30 ), 3¢
FRGICE T, Az shshim ™, A1 B AT PTL K i 18] 51 4324 B 2 A4l .

FF DTW [ INN S35 A2 I 18] 7 90 43 R g U S 22—, ARl A ST 0l P DTW A |
B RURE SR S5 0, eI A VE— AT BB 53— AT H0 I A e P WG v T UG UK 22 ) T R ) — S
M DTW $REXVLAL 5> 52 e, T 5T a2 ) (R R L LA B SR AT R VL. AR, XA 3661 AU (1 R
JUIL AR FE 125 (R AR 5 7 A W SR, HE R P BUL LA, B AR Jo il 25 1) I A AL s it 55 (Wl 1(a)
JiR). AR, BAR DTW SEIL T &R AL UE IS, {H8 A S5 2 1) JR iR 45 05 B Xt BT 4 DTW #H
LI P B R (R BRI AT 4 A I T R ML 22 55 T3 T shapelet (11732588 UM S Kk, DTW (¥4 e g i 2 I
) 370 1) 4 JR e G UE TR, R B A 2% R B 31 () S il 4 A 45 5, SRR FRDRT 5 &5 SRR B 2 3 LI
"— TN\

l\\\\\

N\ W24

sy

K1 DTW 5 LGBDTW X 5% 3 Eh it

H T R 1), AR SO T P R A B R e — kA 3R (local binary pattern, LBP) [1)5)) &I i)
TRV LGBDTW. AZSVEAN I L8 T I 1) P 4] p 1) o e P A B, [l N O et i 1) e i — b =5 R, el
TEF SO R PR R A5 A5 B LA BRI T Rl 386 T DTW. T S, BroeEvkakss 7 S nvEas e
AT AT AR RS B 1(b) & — 35T LGBDTW X554, 11 WA 2 i 18] F 270 I 0 R 8 TR A JE ol i Zh DG .

A SCHITR T IR RISk B T SO AT IR 7 17 86 B 5 18] (histogram of oriented gridients, HOG)!'”,
TRREIEHA 7 LBPU, DA — 4 i ) 2 471 Jo) S R A H3d 7 HOG-1DM. 2 BT 41, IS 1 S K 22 B08cdls vl i 5 7 1
F, IR B K A 2 i, SLARECEE 45 40 25 FRAR 7% 5 52 B Mk 75 (¥ 5 ). R, AR SR S A 308 1t 5l A R 2% i g
SRR R, SRS P T B SR R R R ) I 1) 81 JR R R AR 45 1R 7 LBPT (local binary pattern of
time series), 2 Ji XAEMEIERE EHEH T flA HOG-1D A1 LBPT W Ffkds iEFlid 7 (K0 A Sl A& i (i) MU 493 (LGBDTW),
IR IR 21 T I8 117410 43 24T 55

ARSI EEDTRR AR : (1) 38 H T —BoB 55 T 5350 — 3 R 2 1 i 8] 7 2 S SRR A 5 R - LBPT kil i
TR R W2 B R B g ks . () 32 T —FFEE T HOG-1D HHEHE IR 7M1 LBPT 4 1EHR T 19 InAY h A I ) 31
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B (3) P iR 7 JEE N ] B e i B P WY B v T SRHERA R, I L RAT B I m] AR L.
AT 1A T R P81 232K, BRI a) LRS00 LR R A BRI A G A £ 26 2 1Y AER 3 4
AR S, IRIGAEH 4 4 TSR G R T, dea, AR5 5 TREAT AN i 45 F ] BR T AR I BT ST 7 i

1 HEXMRIE

B 5 15 160 37 47 3 205 ) UL 8-/ B 20 H 2 32 m, AR T V5 2238 & AN IR I F 1) I (8] )8 9 23 500
T LAy = BT L4y kT R KRS TR AR (R B R S A BT K SR T AR 4 S AR S S TR I P A e VAT
&, EB ST (A B L g (TWEY! B 3h-20 F1-45F (MSM)!"1%, J5 4 S A8 JR 46 3 41 SR IR A i P 1
FFE, DA J5U0E 17 70 2 0 B0 K R AE 22 o). BRI L A et ) P 51U AR AR (TS ek i) J2 A0S 4E A (TSBF)!7)
shapelets 444 U0, 2% SPRECAHTLLEE (LPS)™, 255 B AUl (SAX)™ LA (BOP)P4%, Ak, —2ehf 5y
AN LTI AR 25 A 28 I 4% (CNINY) R FH 211 R I 2 910 9 24 il SR R A B2 O . 51040, Le Guennece 25 A B
CNN 4 Ji& 21 7 I 6] J35 51 43 2 0] B, 32 4 7 I ) LeNet (t-LeNet); Cui 25 AN PP H T —Fh 2 R CNN J5 %
(MCNN), ‘&2 THEHU 7P 515K I 2k CNN; Wang %5 A P Z 2 EAHL (MLP). 236 BUZ M4 (FCN) Figk
24 (ResNet) Sl B ] 1IN 8] FE 2. R4, Zhao 25 A PH4R L T IR E) CNN (Time-CNN) 5092, I35 7 iR 22 A%
A SR PR BCRFHEAS I [R] 7 2. R0, IX 5 I NN I 28 IR 77 VAR AR B 29 B ek v, () EL 4 S 2 Bl = T A 2 174

TER A F 53 28 il b, DTW &R & S AR B s, RIBRIBEE &R TR Z e &
e AT %A DT B A% o T30 10 1), ARGk E, T LB L 7R - B2 SRR G2 AR, 51401 Sakoe-Chiba band!”. &
P L SR P BT PR ATL il i A2 A 3 POIA% . Ak, —Stf 5 38 3 PRl ek o AT B P S 30 A R st e 41 4
F R B, Keogh 25 A\ PTHE H T 56T G20 B A1 1) (DDTW); Jeong 25 A PSR H T —Fh 6128 171 (1 AL
A AL (WDTW) 8k, IbAh, —Fh 2 28 1E- R4 DTW (CID) #% Gustavo 28 A PR T Hisk, X Fhoy kil id e
DLE PR IE RT3k A0 T 45 LB 51 2 TN 52 2% . AR, EIX L6 T vk Hp, W) T At PR AR 30 A2 At e — e (0 4
SRHATAE AR B R, IR S iy sC 28 T P81 2 R 3R 45 R 15 .

T fE 1) AR AR B i e A S L O AN 78 43 19 ), — St 5 B S T A R R TR AR
B ARSI Ok, AR5 FEEAT ABLYE B 9101, Deng A1 Baydogan 25 A USR] B4R R ME LA TSI RO RL R
Zhao 2 N\ UM IS ] T SEHLALE AR K HOG 37 8 21 7 I 18] 581 5, 42 ] HOG-1D JR s fEfifiid 1ok %
RIT A IR R 45 4 15 . HOG-1D 47K T HOG /%0 JEVAR, RIVI ot B i) J37 ) A0l i 45 R R AT B )7 eI 3
ke 52 L 371 14 J s 45 K A JEL. I 8] S35 8710 A5 (8 HOG- 1D Jr SRR AR 8 1 0 EAR AL B R 1 2 s, i 26 i AR
JEHI R S BRI S (] 2 g TR, SRR AT TR =41, b, . D (B 2 TR TR AR 2R
HE R 93 X T4 ANAIBG L, Givt 1 v B s B B R 1f), AT LA 30— AN J7 [ P 15 T i 06 A1)
K 1 BT SR e 7 21 S IR AE IR, B HOG-1D RERFFIERGE F 6T HOG-1D S A RGN 15 B 2% 3
Hik [307). J7 0B % B 5 Pl (R G vt PE A 1T HOG-1D L et 73 (1 g ik — 5 BRARG, ) B 27 P11 o 6 S A AR A
AR B ) £ L.

AT HOG-1D 1 S RFAE SR By A2 00 25 1 i (166 88 BURY 28 5 SR g A 16 [ )7 41 R S0 4 A A BV, 2 )5
T A ST T T R R B A 2 () AT AR 5 . X PR AR SRy 5 AE — B FR S R8T I 18] 3 4 1) S 45 4
o L E I L AR, 260 B SR SR AT 517 2 I PR, Sk 0 [ 157 41 4 i 5 2 A B B ). T sl 3(26) s
N4 T, 16 x=4 R0, 3 FIRARGE R A5 HIBERE G #04 0.5, 5500 R 25 52 808 78 0 PRI H k. AR A SC A
VAT AU R B ) B R P A R X 43 T s R ZE S (Wil 3CH) ). mTLAE 3, 78 x=4 4b 3 FEIR
SERR IR I 3R E g A 2 B AN IR K (LBP {40500 3+ 04 1), ARl 55 B2 T B A RS vE I HiR.

2 ETRBHEERR N EIRFHERT

X A o POSARF A A 38 X [ > 31 s 1) o 8 4 R £ SRR AN 76 00 (K0 i R, A SR T b 1 ey it
AR ) 0 1 e AR AE A 1 LBPT. AR VEA A 2 1% I8 1 1) AR O 7R
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ST LBP X Jal #SRF A8 i 1) 56 9 BE T S SUAR S A6, AR SCHR Y 17—l (1 2 T 2B 1) P 371 ) Je B A0
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o, As BRI s, AR s, I ZEAH, N s vHEL S s, T8 A (300 48 5 0 8. 77 B 73 (02, IERS i LBPT ik
TR N 4N, s e, DR, T AR L, A S R R N=1 (UL, 24sk I TR AR B S LBP (2 s, I E
J7 B TEAF LBP A8 UE I s i, & H 5 B Gt 4 R G m JRUG I R))J3 271 s R 45 4415 15, B LBPT 4
AEREIR - (Bl 6 vhise 5 2L U RREREIE 4 {1, 3, 3, 4}).

10
05k R R
@ HEI B
g 5 10 10 11 11 01 00 11 01 01 10 11
B s
ol l AR 2 A
22331031123
03 2 4 6 8 10 12
5% l B E G
6r
4T
LBP J= fiRHIE G 8 T Pa— +=
1334 £ LBP B -
75 B A T g 5

LBP=0 LBP=1 LBP=2 LBP=3
LBP {4

K 6 LBPT JaiBRe iR 1A sl 72
FE 1S T ARSI LBPT R i iR 7 1 A gl R Hor 28 1 AT 230l (A A A 348 4 24 AT 25
BT T R4 s 1) LBP i £ G 5 5-10 1725 LBP {H#HT 2 IN7E B 540 LBPT JREBEFERIR 7. 75 TR A2,
ESRZEE R T O FR IR I ) 5 2% B O(2Y-seqlen), AR L N3 8 H A IURH O 488 /N FRE B W], 461 1 V=1,
B FLIN ) 52 2% S AR SE B O80T rl LAY O(seqlen).
EK 1 LBPT A fE /iR T4 il 2.

Wi, TFea S, AR s x5 N;
Hrtl. LBPT J& ¥ AE ik 7.

1. MIEAL TR seglen, HR 784 DS[4™], LBP {EAE4# 5 4L Ibp[seqglen].
2. for(j=1;j<=seqlen;++)

3. HARX Q) irE&E—AT /75 51 LBP {H ibplj].

4. end for

5. for(j=1;j<=seqlen;j++)

6. for(k=0;k<4":k++)

7. if(k==Ibp[j])

8. DS[k]<—DS[k]+1

9. end for
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10. end for
11. return DS

3 ETRIFFEMREIEMNEEEEX

AT S T B AR G B A I BB, AR JE R A ST Tt 2 = S R A A (R AR DL B BV R AT T
FEAM .
3.1 hESEHEHEE

DTW j&—Fpah A& MRS, feus i JR 28 141 il 4k 2 10] 77 470 18] 1) S5 D UG O B A2 I HEAT T2 40 100 (AR Aok i
. [FF, DTW 3 FH T AR 5 R 22 A0 5 1) R I 1 1. 75 0 T, AR S v 2% H A AR ] 7 41

WIS TT S P={p\, Dos.... P} 1 O=1{q1, @2s- ., G} X P, O Z IR s 0 BE B4R FE DER™™, R AN G
2 d(p;, q), V<<i,j<n, LI p;, q; Z ARV 0SB0 2 140 P52 00 O Ao P R L LA B 28, B d(py, q)=Ipi—q- XI55 P,
O I H IR B MIEIRAE W=((e1, 1), (€2, f2)s---» (e 1)), n<I<(2n—1), ZRAKG A P RGN e; M55 7
Y O HRREIA f s AT UCEL. B 5 R IE R Wi Z;ld(pe,,pﬁ) BN, T I A i A SR i AL T, B
P, HELLE 3 ANAREAE, WA (4) Pios:

{(el’fl) =(LD

(e fi) = (n,n) )
(€1, fir1) — (e, fi) €{(1,0),(1,1),(0, 1)}

XAy, 7) FoRFF P, O A B R, s A FR i A L (5) FIA L (6):
y(i, ) =d(pi,gp) +min { y(i—1,j—1),yG -1, ),y0 j- 1} ®)
DTW(P,Q) = y(n,n) (6)
3.2 —#hETF HOG-1D 71 LBPT MAXAMANEE S5 %
1E—EMAREMTT, DTW IR REN K75 2R M B xt 5%, (28 206 T 510 R 45445 . HOG-1D iXff
BET 0 1 AL KRR ERA 7 BURAE IR TR0 M5 B, AR BAFAEXT SR A6 117 5 G AN 8 K5 1 1 v L (&1 3
IR). STk, AR SO SR LBP A e 1) JR3 3 1 S 53 B 0 R SR A S0 (¥ 560 155 R 256 1) JR3 3 e HE il 7 I
T I Jo B 5 R SRR AN 2845 (4 ) B, 2t T 5 T HOG-1D F1 LBPT MR R ARALI: Fo 2005 4 5 T 4 Ik 1)) 371
P={py, P2re-es P}, PER". T O={q1, q2s--, 4}, QSR P={p{, p§ ..., pO}, pf ER', PPER™, 0%={4f, ¢F ...,
¢, q° €R", Q€ R FKIRk PRI O () HOG-1D Hiiid 77515 F PP={p?, p&,..., pE}, pP € R, PP€ prd", 0=
(%, q5,.... q¢}, ¢ ERY, O° € Rod KoK PRI Q ) LBPT iR T 741, 3 HL 45 HH 361X W R AE Jifi ik 1 1 AR AL
PR (AL ()20 (A1) i)

d(pi.q)) = \/6dHOG—lD (Pi, q]') +(1 - 6)dppr (Pi, ‘1/') M
Y(I’]) = d(Pn‘I;)"'mm { 7(1_ 151_ 1)’7(1_ 1’])’7(l7j_ 1)} (8)
LGBDTW(P,Q) = y(n,n) )

Hi, dyoc1ppis 4) P dygpr(ps, @) 53 MRS THF A i j ¥ HOG-1D A 1 2 [0 B 25 Rl LBPT HAES
T e, LA R A (10) AR (11):
6 ap

dnoc-10(pi»q;) = Za:l 1Pia— 44l 10)
drspr(ping)) = Zil lps —qf«’},l2 )
Horp, b RIRME HOG-1D Ja i AE 3R 1 (1K B, HL R /IRl & B (8] 7241 A BT 6E I 16 137 0 40 ) e 1 T i 5 A=
B AEARX (7)), 0o AP 7, B I WL AR 2 8 5 i 2 o HOG-1D Al LBPT Wil ik 1B iy
LLEE, N R LV 77 51 A s 1) LBP AL FH (193 48 A6 44, k7S 2128 T HOG-1D A1 LBPT Wy FRFAiE i
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BT HIIIAL B A B )R S0 LGBDTW.

VL 2 ST AR SCIRARAUE S S SRR (R O ARG, JErh 38 1 AT 2 AH SCE IR iR Ak 26 2-4 47 /& 6 SR AR I 18] 77
AT B 25 5 £ 10 4T &5 T HOG-1D J¢ LBPT MR IE R I T AR DL 5 . 75 ZVE =02, DTW BT
1) 52 2% 5 Ky O, TAE T ASCHE, 5 RE 30 Ny k 25092 B AR B /N T o, T LATHSL HOG-1D J¢ LBPT
R 0 B A4 FE T AL ABLR 21l O(n), [ LGBDTW MIBIYE B BT A4 Ny O(n?), T AAS SCHVE e R S 2R
AT LAEAE R K O(n?), BT DTW.

E% 2. LGBDTW AR B B4V

I Py O, MR AL KN w, TIPS &, HOG-1D #i3K 7K JE h, SEATR T 6, 4K S5 V;
Kith: LGBDTW(P, Q).

WA SRR PO, 0°, PP OF LLRFEHI P, O K glen.

. for(j=1;j<=glen;j++)

. AR Q) P, O TR IEAT I

1
2

3

4. end for

5. for(j=1;j<=qlen;j++)
6. LUK k$2I0 P, Q M5 j SR T 41 P, O;.

7. WS 135 LBPT ik PP, Ol

8. [N A ALY HOG-1D #iik 7 P[j1, 0.

9. end for

10. HAX (-2 A1) I P, O MEEE LGBDTW(P, Q)
11. return LGBDTW(P, Q)

4 SCIGSTER

A0S B4R SR RAR S S0 A AT A 2, SEIR P BT AR K 73 A B 4R R T UCR I [A) 7 51 s
i B S HL 1 S A 2 — 6 S HOR S0 1A S, AR ISR AR SR H P SR 1 2 8RR S 2 i BT I 2 SR AR AT T
PLAL.

4.1 SHOTTRIER

IR IR IR, ASCHERZ B S8 S5 . (] SR L, 225 30K [11] P R BEE, S R 18] 3 51
SRR PR A & 52 30; HOG-1D HJE A [H5E 0 16; 164, P24 LBPT i 7 A REREUT 48 R0 # N 1
ARSI R, D7 GBI, FATTRE N [ N 1, BIARE— A8 5 K LBPT 38 5~ —> 4 2 . AEfRFFIX
LS BRI T, Ao A T IR B BT 1w DLEAPT I 1 0 000 88 R MM 530 sl o 7 1 240
w IR, H 6 [E%E 2 0.5; HIRFT 1 o I, B w K/ E N 7.

T AEIRATAE 9 NI Ty 51 Eepe A bR T IR AR B RN w A [1, 297 i HE Y AR A IR 0 23 S AERG A 5
WAL Rl 7 fos. K 7 s T REAE w K/MIAE 4 LGBDTW 43 8 HERf 2 11 AR Ak 35 B A n] U H, 78 il
R, B w R, K2 B G I HER R A — NG R 7 SO RS 2 w=1 I, SO R BT
XA IR 1] PP S EAT UGB 2 w AT 11 3 23 Z [A)IN, 70 il 5 A e HARGE, T AE w I 23 25, i 4k
PEARIOVERA A TT U U TR, D, 25 S8 BITE 51 S A6k SR R, AL w=15. T TP 8 o, fl&] 8 f
7, FEFTIRI 9 A Hd Ak b, &P o 107324, K2 BO8n S MHER 5 A 6 € [0, 1] Z AT — ML
Herpe =0 I, FoR B PARAE ] LBPT il 1IN i) 73 JUERE 32 o=1 I, Fox g2 FplfE ] HOG-1D ik 1 I
(7 MR A W OISR, £E 6 4T 0.6 1] 0.9 Z[AIIN, 73 FEHER F AR BEUE TFA B d . DRI, T ke WL, FRA 148
I RIS RE AR AT R 1 6 [15E 2 0.8, LUBBIHUN BEAR I 73 JACR.
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- BirdChicken ~ GunPoint - MiddlePhalanxOC
~ BirdChick -~ Point ~ MiddlePhalanxOC -~ CricketY Herring -~ OliveOil
- ng&g en gglr.lmfén - Ollivegil alanx DistalPhalanxTW Lighting7 Worms
DistalPhalanxTW - Lighting7 - Worms 1.0
e
1.0 1 /—”_/
0.8
0.9 — e e
ﬁ
08 5 0.6F/
& 0.
b o4}
0.6 |
| L
05 [ 0.2
04 1 1 1 1 1 1 1 1 1 1 1 1 1 0 1 1 1 1 1 1 1 1 1
1 3 5 7 9 11131517 19 21 23 2527 29 0 0.1 02 03 04 05 0.6 07 08 09 1.0
w o
Bl 7 o SR BRI A B0 CRD w IR L 3 K8 o3 JuEmf A BT K 1 o AR AL iE

42 EIB[EBES

FEARTT P, AT AR VL LGBDTW 5 INN £5476 73 4> UCR Hedli i LREAT T /0 B8R, JH¥ K
ILAE LEBAAT B2 AR EAT T LA, X B892 1) 45 S350 R FH 1 52 UICR IR (8] 79 51 5080 R B 2 il SO A 5 4 4t
OEZE N
42.1 SHETIREER S RIFEAT LR

AATF LGBDTW 5 HoAth JUAS AT LG AAT 25 T BE RS 10 43 287 vEREAT T Fage. i, P S 28 f - K B
B (ED). K AHLTFFEY] (LCSS). DTW. DDTW. WDTW. HZ4¥-A748 DTW (CID). MSM. TWE LK
shapeDTW. & 1 B/RIZELL 150 2885 DA LGBDTW 7E 73 AN 4 LI a6 b (bl TR RN, I B U
7~ DTW B A7 A SRR kA ). Lo inilR R 6 A4 2888 P BB 45 R I 1) 40 28, 3 1 n L
FH,DTW. DDTW. WDTW. CID. shapeDTW. LGBDTW 47I7E 8. 10. 9. 18. 16 fil 25 N 4L K
Sl A5 PRHERI 2y T, LGBDTW 2 80.2%, WAL T-FLAb K43 4%, b T I S0 R iR Bk 5 FAh 4y R
R RUR, A4 HITT LGBDTW 53t 9 ANFIALE 73 AN ERAE B0 0r JSHERR XS LI (an Bl 9, Forp x, p Ak
FrANBEARR I 7 U 28). B h A 20 SRR — DN AR, VR TERLER T 7 R % Edli4E | LGBDTW
1) 53 B AT

M9 W LLE B, 75 5r FSUERIZE 7 T, LGBDTW 18K 2 B8R 48 AR T J0Ath 1) 2551 BE 19 1% 43 28 5 7. e 4
R 73 N, W] DTW L, LGBDTW 7E 49 A~ (2 AN5T) Sl 4 BT DTW, Hrbag 5 AN 4 1 i
RETHEIL 20%. HLAh, i DDTW. WDTW. CID. LLK shapeDTW iX4& DTW (W74 H:4H L, LGBDTW 435l
1649 (1 NMET) 42 GAET) 43 AT 47 @ MET) MR L LRI, 16 T ED. LCSS. MSM
PLE TWE X JLAN 57 285 ], LGBDTW B4 HI7E 48, 47, 36 (1 AN%T), 42 @ M) Mds&E i Te
11, FEE RN, /£ LGBDTW 5 MSM [ LLE b, B4k MSM ZEHER R L M HE £ 502 - Ik LGBDTW £
24N, fHI15R 1 s, LGBDTW (1 R HER 3 45 i DA RT3 HERf 38 #0215 T MSML

N T ATV IX 10 A3 288878 2 AN B4R BI04 2800, AR SCIE R AT T Demsar JITH H (1) s 5t 2 5 1 )
(&1 10) kX 2 AN HBREAT VS, o PRk N R IR 7 R R . NI 10 AT LUE Y, LGBDTW B 3L >k
7 BRI MSM A BB 72 e, AT 8 T i (1.

BBAb, R T 00 o A R R R I (BB SR 2R ) X A SCEE 0 LGBDTW 23 2RI 7 A 5, AT A
2 1 A AN A R EAR S E N 1 LGBDTW 48 KU R BT T LR A b, ARSI b i K BI04 55 240
F5 8 A, Bl device. audio. ecg. image. motion. sensor. simulated PL K spectro. Xt 3 1 [R 434145 B 2E1H,
LGBDTW 7£ DEVICE. AUDIO %528 Ml 48 T 1) 43 R HEAf 26 K 22 3005 0 T AR JUA 2 R 50 s L. R AAc b,
DEVICE 2R A5 ¥5 45 M MER R K2 KT 0.7, #110 RefrigerationDevices 24 0.496, Computers 4 0.676. # [ 1],
LGBDTW 7 simulated LA X ECG &5 28B4 ##i 4 EMER A 2 HE T 0.9, #1141 ECG 2824 T 1) ECGFiveDays 4
0.998, TwoLeadECG 4 0.970.
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#* 1 LGBDTW LAt 73 SHees 7 SuEmf 5 L 45 R

pAE/TES DTW DDTW WDTW CID shapeDTW LGBDTW
Adiac 0.603 0.583 0.617 0.627 0.731 0.696
ArrowHead 0.720 0.868 0.811 0.829 0.823 0.806
Beef 0.497 0.533 0.524 0.531 0.733 0.767
BeetleFly 0.779 0.812 0.804 0.806 0.800 0.700
BirdChicken 0.835 0.878 0.831 0.849 0.950 1.000
Car 0.666 0.735 0.720 0.714 0.867 0.917
CBF 0.993 0.564 0.993 0.984 0.920 0.991
ChlorineConcentration 0.646 0.681 0.648 0.649 0.645 0.617
CinCECGtorso 0.674 0.717 0.908 0.954 0.651 0.853
Coffee 0.989 0.958 0.986 0.989 0.964 0.964
Computers 0.700 0.700 0.687 0.707 0.644 0.676
CricketX 0.765 0.603 0.779 0.770 0.792 0.787
CricketY 0.738 0.545 0.750 0.725 0.774 0.792
CricketZ 0.772 0.582 0.784 0.776 0.792 0.800
DiatomSizeReduction 0.958 0913 0.958 0.944 0.931 0.938
DistalPhalanxOAG 0.745 0.713 0.734 0.727 0.767 0.798
DistalPhalanxOC 0.761 0.759 0.754 0.753 0.772 0.765
DistalPhalanxTW 0.605 0.612 0.619 0.623 0.710 0.733
Earthquakes 0.703 0.715 0.695 0.694 0.742 0.761
ECG200 0.799 0.812 0.864 0.870 0.900 0.870
ECG5000 0.926 0.918 0.927 0.927 0.929 0.933
ECGFiveDays 0.760 0.667 0.824 0.823 0.943 0.998
FaceAll 0.943 0.917 0.960 0.956 0.762 0.794
FaceFour 0.849 0.719 0.860 0.833 0.909 0.921
FacesUCR 0.899 0.845 0.923 0.909 0.919 0.945
Fiftywords 0.681 0.694 0.765 0.774 0.758 0.798
FISH 0.763 0.891 0.817 0.813 0.949 0.943
GunPoint 0.876 0.982 0.956 0.951 0.993 0.973
Ham 0.692 0.657 0.747 0.715 0.543 0.591
Haptics 0.390 0.308 0.406 0.415 0.377 0.383
Herring 0.566 0.537 0.550 0.544 0.500 0.656
InlineSkate 0.395 0.470 0.404 0.428 0.384 0.418
InsectWingbeatSound 0.349 0.244 0.553 0.554 0.416 0.463
ItalyPowerDemand 0.923 0.886 0.934 0.950 0.897 0.943
LargeKitchenApps 0.797 0.778 0.795 0.783 0.840 0.853
Lighting2 0.823 0.662 0.837 0.826 0.885 0.869
Lighting7 0.698 0.550 0.754 0.719 0.767 0.712
MALLAT 0.942 0.918 0.945 0.954 0.938 0.838
Meat 0.971 0.759 0.971 0.980 0.900 0.850
Medicallmages 0.741 0.664 0.751 0.743 0.736 0.751
MiddlePhalanxOAG 0.569 0.575 0.566 0.572 0.740 0.738
MiddlePhalanxOC 0.714 0.724 0.753 0.777 0.750 0.717
MiddlePhalanxTW 0.505 0.505 0.509 0.499 0.571 0.566
MoteStrain 0.832 0.704 0.848 0.787 0.890 0.896
OliveOil 0.861 0.783 0.868 0.876 0.900 0.933
OSULeaf 0.617 0.869 0.643 0.660 0.868 0.826
PhalangesOC 0.752 0.752 0.763 0.765 0.739 0.754
Plane 1.000 0.999 1.000 0.995 1.000 1.000
ProximalPhalanxOAG 0.775 0.790 0.773 0.766 0.790 0.766
ProximalPhalanxOC 0.812 0.819 0.814 0.817 0.794 0.808
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# 1 LGBDTW SHAL LR AMEH R LU &5 R (4)

RAE/TE S DTW DDTW WDTW CID shapeDTW LGBDTW
ProximalPhalanxTW 0.735 0.722 0.731 0.729 0.725 0.703
RefrigerationDevices 0.573 0.567 0.570 0.587 0.493 0.496

ScreenType 0.469 0.546 0.465 0.506 0.475 0.408
ShapeletSim 0.652 0.562 0.682 0.754 0.972 0.950
ShapesAll 0.764 0.849 0.811 0.818 0.888 0.872
SmallKitchenApps 0.640 0.636 0.679 0.680 0.699 0.757
SonyAIBORSurfacel 0.801 0.769 0.811 0.915 0.807 0.724
SonyAIBORSurface2 0.846 0.862 0.853 0.893 0.826 0.833
Strawberry 0.955 0.960 0.954 0.955 0.949 0.951
Symbols 0.941 0.966 0.942 0.930 0.961 0.972
syntheticcontrol 0.991 0.567 0.989 0.979 0.847 0.980
ToeSegmentation] 0.738 0.739 0.728 0.718 0.899 0.864
ToeSegmentation2 0.818 0.829 0.862 0.844 0.862 0.877
Trace 1.000 1.000 1.000 0.995 1.000 1.000
TwoLeadECG 1.000 0.998 1.000 0.999 0.994 0.970
TwoPatterns 0.918 0.971 0.910 0.885 0.999 1.000
UWaveGestuLibraryY 0.728 0.676 0.775 0.787 0.642 0.647
wafer 0.984 0.975 0.996 0.994 0.990 0.994

Wine 0.884 0.848 0.885 0.891 0.463 0.833
WordsSynonyms 0.649 0.662 0.731 0.738 0.740 0.745
Worms 0.584 0.638 0.579 0.633 0.525 0.564
WormsTwoClass 0.682 0.709 0.677 0.736 0.713 0.696
yoga 0.849 0.831 0.858 0.858 0.883 0.881

Avg 0.761 0.736 0.783 0.787 0.790 0.802

h T Ay RIS A b2 SR L, BATT 43 IR E device LA & ECG MR S o (A $diE 5o e A 45 M EAT T .
DEVICE 2 R $4f A2 42 2 s W 1) & AN [7 ¢ FH R 28— DR I ] P 1 FH PRI SR 22 550 5K FH FLRAE — R[] Py ) FH iR
AUARRBOEIEE A BRI, T A Fp A 7 510k 22 B0 1) Ak 1A IR ECG 287 B 42 2 B I i) )& A1)
LERIG ) 0 L, BAT R S i . B 11 R )& DEVICE 2885 4E * 1) ScreenType £ /7%
UPHIFEREFE 3 25, 53R 3 Bl Fl B as I I fId3Rk) 5 ECG 28B4 45 1 ¥) ECGFiveDays B /741 (/7%
KRBT 2 28, R [A) — A NAN TR 9 R A g0 vl P ) RO 5 & 2R AL, e mh 2 € 37 SR s PP B IR JR) 7 L T i8¢
Bl B 1234 R IR & ECGFiveDays HUHE 4R H1 W 4% R 287 S I 55, 213843 % R 1) /& ScreenType £4E 4
P4 [RIZE P FI 55, B AT LA, ECGFiveDays 335 75140 & A AR M B 3 30, RIS A =5 10 /5 SR 4 1k
1M ScreenType HUHE /741 W A3 > 5 ¥ B, B3 A WD (0= B4 AE. TR AT LA HY ECGFiveDays J37 41 5% 5% 45
R BT ScreenType, HH' ScreenType (X 55 HHL T 0 ™ 1K VA R0 55, IXAE R FBRPIRA 5 5307
B PE R I 22, e Al R A IS, AT AN, M AR A 2RE A A B (R R I (R B A AL I, LGBDTW &3
{14 o 3 % il i 0 ARAT P RE S e 99 AH I, 245 4 28 A0 TR BB SR R R R AE AR IS N, LGBDTW gl 4% th
SEAF [ 4 R
422 HEETHHEMR 3 R2AT LR

FEARTSH, BEX A SC LGBDTW 8355 H R AT I 5E TREAE 4 I 0] 3 41 23 2R 28 EAT LA, 4921, PRGH shapelet
(FS)P™, 23] shapelet (LS)P™, DTW #5E (DTW)P”!, 440 (BOP)Y, #4545 58 A AL 1] - 45 AT K 78 (SAXVSM)™!
S IX BT R REARYE 23 S UE A 3 X X 84 BE AT T 384 (1l 12), Iy U 21, LGBDTW 374 45 55
A b5 DTWe #1 LS AH[H), 3£ H BT FS. BOP Fl SAXVSM X 3 /M2 4.

423 HIT RSN R AT IR

T AR R 2 I R A )2 I 0 I 8] 7 41 4 2 ) b, AT, FRATTE AR SC LGBDTW S0 5 3T 1)

U RAT B TR B 2 ST 2> 28 88 HEAT LRAE, 49 41, MLP. FCN. ResNet™. Encoder™, MCNNP?., t-LeNet™!,
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MCDCNN™ ., Time-CNNPYLL K TWIESNU 45 b g4k & 13 Fros. MK 13 7L £, LGBDTW 15 ResNet
F FCN F7 (197 4 685 AT, IX R EA I 283 % B 22 57, XL 528 88 02 H A ds TV 24 >
[8] 2 3 AR v A3 2R R B 31, Bt 1 B LGBDTW AL T K 22 B0 3 TV B 2 ) B I TR] e 4 40 2780 NI 13

A& =T LGBDTW. Bt4h, LGBDTW 76 W] fif R U Th1 PRI e I 198 B 24 ] (1 4 A A8 Ll b A g AR 34, B8 4
K2 B IAR v] fF PR 59 B0 220 o AN B T R .

1.0 o 1.0 1.0
° Y4 o .o
Y. 131 3 0" ., .
0.8 ° 0.8 F ® 0.8 L/
'0...‘:'3 o'. [ AR .g',.:
5 Ymee | Z et NN
.
m 0.6 ° 0."{0' E 0.6 ° e 8 0.6 o ® ".0'§ )
o o [ ] ° [ ] ) ° [ ]
04 ° o 04 04
.
A .
°
0.2 1 1 1 1 0.2 1 1 1 1 0‘2 1 1 1 1
0.2 0.4 0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0
LGBDTW LGBDTW LGBDTW
(a) LGBDTW vs.ED (b) LGBDTW vs.DTW (¢) LGBDTW vs. DDTW
1.0 .o 1.0 .o
0y : .‘ .
0.8 ® [ 0.8 e 4 ]
° oo . 0
= 0, e = . [
5 0.6 oo %06 o7 %o
a o® P S ° P
3 L] hd Y [}
[} X °
0.4 0.4
0.2 1 1 1 1 0.2 1 1 1 1 . 1 1 1 1
0.2 0.4 0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0
LGBDTW LGBDTW LGBDTW
(d) LGBDTW vs. WDTW (¢) LGBDTW vs.MSM (f) LGBDTW vs. TWE

shapeDTW
(=]
o

04}

. 1 1 1 1 . 1 1 1 1 0.2 1 1 1 1
02 04 06 08 10 02 04 06 08 10 02 04 06 08 10
LGBDTW LGBDTW LGBDTW
(2) LGBDTW vs.CID (h) LGBDTW vs.LCSS (i) LGBDTW vs. shapeDTW

Kl 9 LGBDTW 5IHABIE T-BRES (140 AR /0 SR IE M R LR 45 R

cD ECGFiveDays
—
109 8 7 65 4321

7.2123 4.3699

Euclidean MSM
DDTW 6.6438 4.5411 LGBDTW
6.4658 4.8973
DTW shapeDTW
5.4658 5.0342
LCSS 35153 | 5.1575 CID
WDTW = - TWE
10 FETHER I RARP g5 R Je BRI B
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D
| |
10987654321
CcD AR N
| TT
6 5 4 3 2 1 Kuay
t-LeNet % 1%(3)42&{? ResNet
Fg 48493 26027 | o MCNN 75755 ¢ FCN
4.2055 2.6575 MCDCNN 705 45479 LGBDTW
P 39726 27123 LOBDTW TWIESN 57753 5.4384 Lhcoder
SAXVSM = 7123 prw, Time-CNN 2 4389 MLp
Bl 12 FETRFAE (K32 35 P23 45 21 13 JE TR 25 AP 21

424 H5IFERIN RS IT IR

RN, AR AR LGBDTW 5315 241 LU AT A8 7 K 88 HEA T F A . B oy i S il il Al —
FINEREAL T I 454, LA B SEAF K40 S5k 8. 70 BT )P ZI400k, LB ss IR B e A 1R 22, i, B i) %)
AR (TSE!', I ia] 3RS (TSBR)!'T, 2% ) BAR L (LPS)!'Y, ZhZ5 45 (EE) LUK COTEPM&E, i B[]k LA
I 5 7 e LR 7 26 E 4115 LGBDTW HEAT T Lui, &5l 14 firzs. MBI T LAA H, LGBDTW 4 EE #1433
WOREA BEMZES, (H48F TSF. TSBF Ml LPS. t4h, 4% LGBDTW Lt COTE FI EE L\ & BOSS FHf 5y —4k,
IS AT BT Bk, & Lk BOSS, EE 8{# COTE X A4 i )L EL 28 JL i P A Rl B (K 7 K2 2T 2. IR,
LGBDTW i 1] DA i 1] 1 S 575 rp ok — D3R e AT TR 2 2R A 2.

CD

—
7 % S5 4 3 2 1
LPS 5.2877 1.3904 COTE
4.8493 3.2671
TSBF BOSS
4.6918 4.0548
'3 4.4589 EE
- LGBDTW

14 FETAERIN 7 LBRVT I 25
4.3 B1THIE]

T o i D A BRI R LA AT LLE H LGBDTW IR T K2 5oy 258, BURSE R 1 LUAN B4y 28 s B gy — ok,
X IHAFERE LGBDTW USR5 T X L7324, Nk, FAl 150 5% LGBDTW LUK JUANTE I 25 S 1] v R HC T
532 K 23 AT T 1247 I AR, X 284 S8 88 G 8 i 43 28 4% BOSS, EE Fil COTE. X T3 TR ST
SyRE%, T M KBS HOH %, XA A EIATINR. FA15 BI7E 18 AN RN BB X 3 K88 134T
I REAT T 0, e SR B 15 s, AT EAE SN IR BRI AT RIAEEAT T L. A ]
L% 1, 5 EE 1 COTE MLk, LGBDTW #EiE 17 i) L /0 (5 — M Hm g it %, Mt T BOSS 43254%,
LGBDTW .75 Z 3R 4L LI AT I i) b-Fe.

4.4 B

BirdChicken #&7E 3CHk [10] "/ H& 4 1 B 42, B A2 1457 518 23 AR B 19 /N 5 RN 38 B R 3 1)
BAC . SRS 528 H I 5 B0 AR R 7 510 53 S R 43 /N B RN RS . B AT SR e 3 P 9 1 23
FRE R L UER R LRSS 1K 2 shapeDTW AL, 403K 1 iR, I HEMRIA R T 95%. X1, LGBDTW
TEXAE 4R L IHES R IA ] T 100%. & 16 H1J@/x T BirdChicken 4l 4 H AN R 2K ¥ 51 43 5E H DTW.
shapeDTW LK LGBDTW S 5 [K1 25 . L A6 43 (4 7 A1 X Sl R 1R 2 5 4% 7 471 b B AT ARABLIK) S 3 T bR &5 A 1
oy, MR ATLLE Y, DTW. shapeDTW LA LGBDTW 7E5 51 {3 3 IR U e 280 A7 48 ] B 2 5. (RS- (6
JiHER R 1) SRR 4 A DE L 5 H, DTW R shapeDTW H 3L T S AR5 FE 1¥) R 3000 55445 1%, 1) LGBDTW WIS B T 4%
S ERSG 00 R S A 55, X SR A AE RIAR B BEHER r 21T 32 T, AHLE T DTW Rl shapeDTW, LGBDTW A7 47 (1 7]
FERENE, JLor s TR I n] 5.
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107
- COTE
s
’g 106 —— LGBDTW
2
E 105 -
=
=
1M 10 .
103 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
QA RN QI FEFSLSIIFTE ST & OF DI
S STTE FIT LIS ES & TS
\ny Y*Qo ~Q%\ﬂzrqbo Vgg \)\Qo ¥ <b° 3@ < 60 é‘\ F
T L X O ¥ (OPES
FS L S & "
N AP o
> >
\Q}Q‘Q b\8‘0

Bl 15 or KRBT I A bR
LMK, FacesUCR R AR LT F UCR B[R] 7> 41 350408 2, 12 8508 527 41042 S IR AS [F) A IR e s LG e i, 3607
F153 28 H I XA AN AR, 3 52 1R U LB P A B T 2R B B g, RS B
Fu X BIAFEAE ] ZE A HEXT DTW. shapeDTW 1 LGBDTW KISR0 S BE4T T 90, B 17 o i 2 %5
R B R NP4 I T4 307 4R PR IX 3 AR N (R 55 45 1. B v i, (6 Sk (0 7 HEARTE KT 51 Jy 3 45
Frh, TG 2, 8 DTW Fl shapeDTW )7 510 553 #2 A7 78 BE B 06 5548 3. A0 (1), 2848LT BirdChicken %4
P4, LGBDTW SEIL T 130 43 = i 45 M IRIVE R N 55, R R I T C U (K T it B Pk, X35 99 LGBDTW 7EiZ34R
8 BRI LASEILTE I n] SE 1 4328,

oy

(b) shapeDTW

N
T |!j""/{I/’"q1|\|!u||\|rl"“|!m|m||\
(c) LGBDTW (c) LGBDTW
16 BirdChicken $(#i5 4 ] DTW. shapeDTW 1 ¥ 17 FacesUCR #(4li 5214 H DTW. shapeDTW #1
LGBDTW 5415+ 55 Eh g LGBDTW [{75%} 5 b

5 B 4

ARSCHEH T — P T RIS G R SRR REA F LBPT, FE/E b 3EAl 1% il 72T LBPT #1 HOG-
1D PRI 1] P FUARABL I AR B #5092 LGBDTW. AR LU T~ 4 (1 355 T 5 39 RREAE IR ARBL: B2 5 75 7%, LGBDTW 7EA
B N S AR IR AR R, SEI T S ORE VL I ) A1 R A AE RVC L. b, 2 AR EsEg el R
HH, A SC TR H PR ARACL: 5 B R T T ST 1) 3 270 1) 20 SR Aff 28, 23 2RSSR LAt P 555 T B 020 R AR AT
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